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ABSTRACT

Discrete-event simulation has become one of the minely used analysis tools
for large-scale, complex and dynamic systems swlsugpply chains as it can take
randomness into account and address very detaitetelsy However, there are major
challenges that are faced in simulating such systaspecially when they are used to
support short-term decisions.g, operational decisions or maintenance and schegluli
decisions considered in this research). Firstetilkd simulation requires significant
amounts of computation time. Second, given therraoos amount of dynamically-
changing data that exists in the system, informmatieeds to be updated wisely in the
model in order to prevent unnecessary usage of gongpand networking resources.
Third, there is a lack of methods allowing dynamata updates during the simulation
execution. Overall, in a simulation-based plannamgd control framework, timely
monitoring, analysis, and control is important notdisrupt a dynamically changing
system. To meet this temporal requirement andesddihe above mentioned challenges,
a Dynamic-Data-Driven Adaptive Multi-Scale Simudati (DDDAMS) paradigm is
proposed to adaptively adjust the fidelity of a gi@ion model against available
computational resources by incorporating dynamia dao the executing model, which
then steers the measurement process for selectitee update. To the best of our
knowledge, the proposed DDDAMS methodology is ohéhe first efforts to present a
coherent integrated decision making framework famety planning and control of

distributed manufacturing enterprises.
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To this end, comprehensive system architecture methodologies are first
proposed, where the components include 1) real WDOAM-Simulation, 2) grid
computing modules, 3) Web Service communicatiorveser4) database, 5) various
sensors, and 6) real system. Four algorithmshame tleveloped and embedded into a
real-time simulator for enabling its DDDAMS capdtiéls such as abnormality detection,
fidelity selection, fidelity assignment, and predia and task generation. As part of the
developed algorithms, improvements are made to régsampling techniques for
sequential Bayesian inferencing, and their perforceas benchmarked in terms of their
resampling qualities and computational efficienci€xid computing and Web Services
are used for computational resources managemenindéadoperable communications
among distributed software components, respectivelA prototype of proposed
DDDAM-Simulation was successfully implemented foreyentive maintenance
scheduling and part routing scheduling in a sendoctor manufacturing supply chain,

where the results look quite promising.
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CHAPTER 1

INTRODUCTION

In today’s global and competitive market, differe@mpanies €.g, suppliers,
manufacturers, retailers, distributors, and trarsps) form a supply chain to transform
raw materials into finished goods and distribute finished goods to the customers in a
supportive manner. For success in a supply cleaimerent planning and control across
as well as within each of strategic, tactical, avmkrational issues are of critical
importance (Disney et al., 2008; Dreyer et al.,2000ngo and Mirabelli, 2008; Rupp
and Ristic, 2000; and Towill, 1991). In the demrsmaking process of coherent planning
and control, the latest information reflecting indiae supply chain status has to be used
in the best possible harmony with current systeapabilities. However, the large-scale,
dynamic and complex nature of supply chains makégrent planning and control very
challenging. While it is true for the strategialaactical levels, it becomes even more so
at the operational level as the number of parameigemell as the frequency of update for
each parameter grow significantly.

Most decisions in a supply chain are made througtous departments over a
variety of supply chain echelons which are posgmapart from each other, one at a time
or all at once, including interaction between thenfor instance, when a tool is
unexpectedly broken at a machine shop, the pramtuciycle time of that facility may go
up severely affecting 1) the level of work in preses well as finished goods inside that

facility, 2) choice of shift of the production (tmther facilities or outsourcing), and 3)
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transportation and shipment sizes. Due to thisrd@pendence among supply chain
members, they support, interact or compete withh eather to arrive at an overall

optimum or equilibrium (Venkateswaran and Son, 2005Such segregation and

subsequent cooperation of decisions distributed awange of business units is referred
to as distributed decision making.

Successful implementation of the above mentionsttiduted decision making in
supply chains requires clear understanding of nherent characteristics of them. First,
supply chains are large-scale in nature due tarth@lvement of multiple departments
over geographically dispersed facilities with laggale demand data. Second, such
systems are significantly complex as a consequehdhe interdependencies among
various components. Third, they are highly dynamie to random variations in
demand, equipment status and facility conditioresemtrant flow of products, and
changing sizes of customer orders as well as paeri

To address the above mentioned challenges of daamsaking in supply chains,
various modeling and analysis techniques have pemyosed, where the goal is to avoid
1) delays in production times during every stagepodduction, 2) inability of the
manufacturers to fulfill the demand within due dated 3) failure to deliver the finished
goods on time. The modeling and analysis techsig@wailable in the literature can be
categorized into two main classes: analytical mod@eterministic or stochastic)
(Geoffrion and Graves, 1984 and Tsiakis et al.,1208nd simulation models (Shapiro,

2000; and MirHassani, 2000).
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Between those two classes of approaches, analyncalels are preferred to
obtain decent results on time when the system ssalelatively small and the system
behavior is rather static and predictable. On dtieer hand, when supply chain
components need to respond to highly dynamic clsangelemand or in their system,
analytical models are not ideal. Instead, discestnt simulation models are capable of
handling such dynamicity even in large scale systettings. Also, they allow us to 1)
point out strategic supply chain hassles togethién wertain product-specific supply
chain hassles, 2) manage scalability and complesgyes of gigantic supply chain
systems in modeling, 3) take randomness into a¢c@amd 4) address very detailed
models.

In a simulation-based planning and control framéyaimely monitoring,
simulation analysis, and control is important notdisrupt a dynamically changing
supply chain system. Yet, there are three majatlemges that we face while using
discrete event simulation for this purpose. Fastaccurate and complete representation
of a real supply chain system may end up beingrarably detailed model, especially
when it is aimed to support short-term decisiomsg.( operational decisions or
maintenance and scheduling decisions consideretthisnresearch). Such a detailed
simulation requires significant amounts of compotatand execution time. Second,
given the enormous amount of dynamically-changiatadhat exist in the supply chain
system, data needs to be updated wisely into thelation model in order to prevent
unnecessary usage of computing and networking ressu Third, there is a lack of

methods allowing dynamic data updates during thauksition execution. To illustrate
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the impact of system complex on the execution tfnihe corresponding simulation, the
simulation run times of relatively undemanding medeepresenting 1-day worth
operation of facilities with various numbers of mees are shown in Figure 1.1. The
run time of a simulation model grows exponentialéythe number of machines contained
in the model increases. Considering the fact ghatedium size of a facility is usually
comprised of hundreds of machines and a mediumasiaesupply chain is comprised of
several echelons, the run time of the above meati@mmulation model may take hours

to represent 1-day worth operation.
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Figure 1.1: Simulation run times for supply chaystems with varying number of
machines

To address the above-mentioned challenges and ablestimely monitoring,
simulation-based analysis, and control of theseplsuphains in an economical and

effective way, a distributed adaptive simulatiorhesoe, including architecture and
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applications, is proposed. The proposed schemumicpue for several reasons. First,
simulation adapts its level of detail appropriatedythe dynamically changing system
conditions (e.g. within the facility or in the paeting facilities) without human
intervention via incorporated algorithms (developedthis research). Second, the
simulation model adjusts its level of detail effiotly against varying computational
resource availabilities considering the accuraeyté of the model required for proficient
decision making in the supply chain system. Thighamically-changing data is used to
update the executing supply chain simulation. IKinghe proposed scheme allows for
superior enterprise integration in terms of comroation and information
synchronization. It is noted that the proposedptida scheme above is extensible not
only to other areas of supply chain systems bui @dsa multitude of domains where
there is a need to handle a large volume of higlghamic data.

The components of the proposed comprehensive DDDANMSework and
methodologies include 1) real time DDDAM-Simulatid) grid computing modules, 3)
Web Service communication server, 4) databaseaByws sensors, and 6) real system.
Four algorithms are then developed and embeddedaintal-time simulator for enabling
DDDAMS capabilities such as abnormality detectididelity selection, fidelity
assignment, and prediction and task generatione fifet embedded algorithm is data
filtering algorithm involving control charts. Inhis work, Algorithm 1 has been
implemented in Visual Basic Application (VBA) blocknd plugged into the Arena
simulation model. The Algorithm 1 module is caldh a timestamp and data point,

and then obtains the measurement from the reatrsyahd returns a single filtered data
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value. It also stores past data points in thebdata, which is constantly updated at the
rate of which new stream of measurements are taken.

Second is fidelity selection algorithm which istially proposed and developed
using the Bayesian Belief Network and subsequertipanced using Sequential Monte
Carlo sampling technique in order to make efficiefiérences to determine the sources
of abnormality in the system (shop floor in thisearch). This algorithm which works
on the main principles of Bayesian inferencingrgedded into the simulation to enable
its ideal fidelity selection given massive datasefss part of this algorithm, two new
resampling schemes (one based on the minimizednaiand other one based on the
minimized bias)are first developed theoreticallyd athen benchmarked against the
resampling rules existing in the literature. In DBMS for a large-scale system,
inference may involve hundreds of sensors for @tysaof quantity of interests, which
makes real-time inferencing a challenging task ic@msg limited computational
resources. Computational intensity would go everse when evaluation of integrals for
continuous variables is considered. To resolveehssues, a parallelization path is
developed for the proposed algorithm to reduce rthmber of data accesses while
maintaining the accuracy of parameter estimates.

Third, fidelity assignment algorithm involving maitinatical programming is
developed to opt for the available fidelity levélemch component by taking the system
level computational resource constraint into actounhhis algorithm obtains a matrix
which encapsulates the proper (desirable) fidééitael of each component discussed in

Algorithm 2 as an input as well as the availablepatational resource capacity from the
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grid computing service, and returns a new matrixctvinolds the assigned fidelity level
for each component in the system that was evaluattdtle current time point. This
algorithm is based on the well-known Knapsack pobl

Last of all, multi-linear regression and distribditeliscrete-event simulation
models running on the fast mode and operating uddeision rulesd.g. part selection
rules or machine selection rules) are developel thig purpose of online prediction and
task generation. It provides a real system witmdar optimal preventive maintenance
(PM) schedule and 2) near optimal part routing (R&pmmendations for operational
efficiency of jobs (parts) to be processed. THgordthm is comprised of three main
steps, where Step | predicts mean time betweeuarésil(MTBF), Step Il updates PM
schedules based on the information obtained froep 3t and Step Il updates PR
schedules based on the updated PM schedules.

Grid computing and Web Services are used for coatimmal resources
management and inter-operable communications amahsfributed software
components, respectively. A prototype of propose®DAM-Simulation was
successfully implemented for preventive maintenasscieduling and part routing
scheduling in a semiconductor manufacturing sugblgin (see Chapter 4 for details),

where the results look quite promising.

1.1 Detailed Objectives
As mentioned above, the purpose of this researdo idevelop a distributed

adaptive system structure as an accurate représenté the actual supply chain system
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in the most cost-effective manner in order to bke ab monitor it, to conduct various
what-if analysis over its complex organizationahftguration, and to direct the supply
chain system to reach or to keep its near optimunrequilibrium by controlling the
subsequent distributed decisions over a range sihbss units. The purpose is divided
into the following detailed objectives.

The first objective ido0 develop a robust architecture that monitors aodtrols
different and distributed operations as well asmattions of a supply chain system at
various levels A novel adaptive dynamic data driven simulati@sed architecture and
methodology is proposed, which will allow us to nenthe supply chain operations in
the most accurate manner while enabling 1) efficisage of computational resources,
2) access to the dynamically-changing data in @lgughain, and 3) superior enterprise
integration in terms of communication and inforraatsynchronization.

The second objective te uncover the sources of abnormality in the shogprfas
soon as they occur so that appropriate actions lsartaken in a similar timely manner.
Monitoring and control, hence the determinationtieé sources of abnormality, are
performed using advanced sampling techniques ingjuthe Bayesian Belief Networks
and Sequential Monte Carlo sampling. The latehnique is further enhanced via the
developed stratified resampling rules (one basetheminimized variance and other one
based on the minimized bias) in order to make anfees efficient given massive
datasets. These new resampling schemes, whickirstreleveloped theoretically and

then benchmarked against the resampling rulesimgist the literature. This algorithm
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which works on the main principles of Bayesian iafeing is embedded into the
simulation to enable its ideal fidelity selection.

The third objective id0 determine short term operational/planning dems in
the supply chain via intelligent algorithmsin this study, look-ahead algorithms are
implemented via fast mode simulation to determime lbest possible values of various
system parameters, with a focus on the impacteftitisions made onto the operational
efficiency of the supply chains. Different optiraiion techniques (including meta-
heuristics and multi-linear regressions) are enmgdoyo determine the plans and
schedules depending on the specific need in thglgepain.

The fourth objective i$o identify a parallel and distributed implementatipath
for the proposed methodology due to the diverseireabf computational resources
which are spread across the supply chailn DDDAMS for a large-scale system,
inference may involve hundreds of sensors for @tyaof quantity of interests, which
makes real-time inferencing a challenging task ic@msg limited computational
resources. Computational intensity would go everse when evaluation of integrals for
continuous variables is considered. To resolvesehssues, a parallelization path is
developed for the proposed algorithm to reduce rthmber of data accesses while
maintaining the accuracy of parameter estimates.

The fifth objective isto evaluate the effect of interactions betweendbesion
models in different levels and across different tvend This is performed to better
understand the global consequences of the localiynal decisions determined at each

decision model.
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The sixth objective iso develop an infrastructure to enable distributathlysis
of systems of systemsThe decisions models at different supply chaientbers by
themselves are complex systems, and this reseaantk ¥8 concerned with the
functioning of the systems of systems.

The seventh objective i® implement and demonstrate the proposed Dynamic
Data Driven Adaptive Multi-scale Simulation (DDDAM$aradigm in a simulated
environment (e.g. distributed-computing environmhemMDDAMS is to steer the
measurement process for selective data update rexadporate the real-time dynamic
data into the executing model.

The eighth objective iso demonstrate functioning of the proposed arciitec
for different supply chain configurationdhe proposed DDDAMS architecture and
algorithms are used to find near optimum 1) praveninaintenance schedules and 2)
part routing rules in a semiconductor supply chamn a distributed computing

environment.

1.2 Organization of the Remainder of the Dissertatin

The remainder of the dissertation is organized a@kws keeping in mind
readability and easy understanding of the varioathodologies proposed as parts of this
study. In Chapter 2, an introduction to supply ichaystems including various
configurations in its structure, decision levelstexamanagement and information sharing
methods in its operations is provided. Then literatsurvey is presented focusing on the

decision-making models of the supply chains andiouar Bayesian inferencing
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techniques. In Chapter 3, structural and functi@haracteristics of the supply chain
under study are presented. The assumptions made wdéveloping the proposed
decision-making framework is also discussed in @gstion. Then, details of the
proposed system architecture along with all theralygms developed to realize its sub-
modules as well as their interactions with eachewotare described in Chapter 4.
Integration of the various modules of the proposedision-making framework in a
distributed virtual setting based on Web serviced &rid computing technologies is
explained in Chapter 5. The results and analyssqulures are detailed in Chapter 6.
Methodology developed for partitioning of largedscsimulations as part of the extended
DDDAMS framework is presented in Chapter 7. Chapténcludes a summary of the
findings and the conclusion of the thesis. Thedions of future research are also

discussed in this section.
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CHAPTER 2

BACKGROUND AND LITERATURE REVIEW

In this chapter, we first provide a brief backgrduon supply chain systems
involving configurations of supply chains, decisiemels and information sharing among
its echelons. Next, we review the literature lb@ modeling of supply chains focusing
on simulation modeling. Also, previous researchrfk®pon new venues of simulation
involving simulation-based planning and controlstdbuted simulation, and Bayesian
analysis in simulation motivating part of the resbaquestions of this dissertation, are

discussed in detail.

2.1 Background on Supply Chains
Traditionally, various business units along the pdypchain, such as

suppliers/vendors, distribution centers, manufacturplants, transportation network,
warehouses, and retailers/customers operate indepty. These units have their own,
often conflicting, objectives (Ganeshan and Harmjst993). The critical supply chain
management seeks to integrate performance measueesnultiple firms or processes,
rather than taking the perspective of a single fimnprocess (Lambert at al., 1998). In
this research, against the majority of the literatiming to find ways to enable effective
supply chain management at an aggregate micgleif the strategic level of decision
making), we develop a coherent monitoring and @bntrechanism at detail levels of

decision makingi(e., tactical and operational levels of decision mgkienabling the
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management of these large-scale, dynamic and camsp#ems operate as efficiently as

possible.

2.1.1 Structure and Configuration of Supply Chains

This section discusses a variety of supply chainfigarations and inter-
organizational relationships formulating those ogunfations. Some of these
configurations are used to illustrate and demotestthe proposed approach in this
research.

Configuration wise, supply chain systems can betwd main types: 1)
collaborative supply chain or 2) competitive supphain. Collaborative supply chain
systems are usually comprised of echelons (or @amnwhich belong to the same
company, and therefore significant amount of infation related to operations are shared
among these echelons. On the other hand, the ¢timpesupply chain systems are
composed of echelons which in general belong tieréiit companies or organizations.
Therefore, access to other members’ data is resirito either partially or to the full
extent by the regulations of the corresponding cetitgy partners within the supply
chain. Van de Ven and Ferry (1980) identifies threderlying inter-organizational
relationship patterns forming these configuratiaagollows:

(a) A dyadic network involves the interaction betwdwo firms €.g.1 supplier
and 1 manufacturer).

(b) A multiple dyadic network involves the interact of one firm with several

other firms (1 toN or N to 1). This can take the form of 1 supplier &hdhanufacturers
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or N suppliers and 1 manufacturer. Here Bhparticipants can also be competitors. An
example of the 1 tdN interaction is the relationship between an airlared several
independent travel agencies.

(c) A many to many (or multi-channel) network iseowhere several firms
interact with several other firm$/(to N). Here we could hav® suppliers linked td\

manufacturers with competition possible within Mend theN groups.

Manufacturer1| | Manufacturer 1 | Supplier 1 Manufacturer1|

’ SupplierlH Manufacturerl‘ | Supplier 1 Manufacturer2| | Manufacturer 2 Supplier1| | Supplier 2 Manufacturer2|

Manufacturer3| | Manufacturer 3 | Supplier 3 Manufacturer3|

Many-to-many Dyadic (N to N) Network

Dyadic Network Multiple Dyadic (1 to N) Network Multiple Dyadic (N to 1) Network

Figure 2.1: Configurations of supply chains withryiag inter-organizational relations
(courtesy from Van de Ven and Ferry, 1980)

In the above configurations, we have only considigratterns for a single stage
relationship between two layers of the network.e Flumber of suppliers contributes to
the complexity of the supply network (Beamon, 199BEnce in a single stage
relationship, the dyadic network will experience tleast complexity, and the multi-
channel networks the most (Samaddar et al., 2006).

Typically, simple dyadic supply chains (see thstfgraph in Figure 2.1) become
highly collaborative. Convergently and divergendtyuctured ones (see the second and
third graphs in Figure 2.1), on the other hand,ettlgy into competitive supply chains

where the degree of competitiveness of the suppbincdepends on the number of
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networks included as well as their complexitieg, tbgulations among the firms forming
these networks, and the pressure of overall ingustwhich the considered supply chain

operates.

2.1.2 Decision Levels in Supply Chains

The present literature identifies three key dimensito describe complex supply
chains-vertical structure (within the supply chaihprizontal structure (in between
supply chain echelons), and location in the netwbikrland, 1996; Lambert et al., 1998;
and Spens and Bask, 2002). A clear understandingeyactions occurring in between
network members and within each supply chain echeln be achieved by studying
these factors. As Samaddar et al., (2006) mentifmmsthese interactions, goods and
services flow in one direction; payments flow i thpposite direction; and information
flows in both directions. In this section, verticructure of supply chain partners is
examined whereas next section is concerned witthdhnizontal structure of the overall
supply chain network together with the locationesdf each individual echelon inside
the network.

Decisions in a supply chain partner often belongrte of the three categories or
levels — the strategic, the tactical or the operddi level. The levels of supply chains can
be represented as a pyramid shaped hierarchy (@@eR2.2). The decisions on a higher
level in the pyramid will set the conditions unaérich lower level decisions are made.

Vankateswaran and Son (2005) summarize the chasticteof those levels as

follows. On the strategic level, long-term (anhyklf-yearly) decisions are made.
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These are closely linked with the corporate strate@actical and operational levels are
concerned with medium-term (quarterly/monthly) arsthort-term (weekly/daily)
decisions, respectively. Since there is no cleamatcation between tactical and

operational level, they are frequently combined @idrred to just as operations level.

Strategic Level Ly

(Inter-shop Level) Objectives & Policies

Tactical Level

(Inter-cell Level) Plans & Forecasts

!

Operational Level

(Inter-equipment Level) Schedules & Controls

Equipment Level | |

(Intra-equipment Level) Tool Selection & Machine Parameters

Single Supply Chain Echelon

Figure 2.2: Supply chain decision levels

Decisions such as those concerned with capaciynpig, facility location and
choice of transportation are considered as stratiegel decisions since they involve a
commitment of resources to a long-term plan. Qheesize, number, and location of the
facilities are determined, so are the possiblegphthwhich the product flows through to
the final customer. These decisions are of graptifcance to a firm since they
represent the basic strategy for accessing custoragkets, and will have a considerable
impact on revenue, cost, and level of service. ifdaas related to outsourcing, bidding
and allocation of workload are defined as tactimlel decisions. Furthermore,

replenishment policy, planning, scheduling and st control decisions are
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commonly thought of operational level decisionsquipment level decisions mostly
handles selection of appropriate tools and macpeeific parameters within the facility.
Finally, production decisions, inventory decisionbpice of shipment size and routing
decisions are considered to be on strategic, tdctss well as operational level.
Ganeshan and Harrison (1993) explains that theegiadecisions include what products
to produce, and which plants to produce them iogcation of suppliers to plants, plants
to distribution centers, and distribution centetts customer markets. Operational
decisions focus on detailed production scheduling.hese decisions include the
construction of the master production scheduldsgdualing production on machines, and
equipment maintenance. Other considerations iecludrkload balancing, and quality
control measures at a production facility. Theserrto the means by which inventories
are managed. Inventories exist at every stageeostipply chain as either raw material,
semi-finished or finished goods. Their primary gmse is to buffer against any
uncertainty that might exist in the supply chairheir efficient management is critical in
supply chain operations. Inventory decisions drategic in the sense that the top
management sets goals. However, most researcingsapproached the management of
inventory from an operational perspective. Thesx#ude deployment strategies (push
versus pull), control policies - the determinatmnthe optimal levels of order quantities
and reorder points, and setting safety stock lewatlsach stocking location.

In this thesis work, a three echelon conjoined Buppain is analyzed. Also, the
decisions of interest include the production schaduand preventive maintenance

decisions at the tactical and operational levels.
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Figure 2.3: Scope of advanced planning and schegluévels (courtesy from AMR,

1998)

2.1.3 Information Sharing in Supply Chains

Information sharing in supply chains enables cowtion across its partners and
is known to help allocate inventories efficientlgrass different stages.
sharing has also been found to reduce the bullveffigct (order variability) and add

value to the chain as a result of various studdse( et al., 2000, Gaur et al., 2005, Lee

et al., 1997, and Ouyang, 2007).

Information
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Inter-organizational information sharing involvdsagng across firm boundaries,
and is needed since organizations are unable terggenall of their required resources
internally. Firms must, therefore, interact witth@ér organizations that control these
critical resources so that they can compete effelsgtiin their environment. When
information is shared in inter-organizational netk# it can result in a more efficient
flow of goods and services, reduced inventory leaatl lower costs, which benefits the
overall network. For example, Wal-Mart shares poirsale information with their
suppliers and transmits orders electronically ® rilevant supplier when inventory for
an item falls below a predetermined minimum levfedtock (Lancioni et al., 2000). This
inter-organizational information sharing reducesrydag costs of inventory, facilitates
quick response for inventory replenishment andwalsuppliers to better plan their
production schedules, and reduces lead times (S$ewe1994).

While several research, as detailed above, haverstioat inter-organizational
information sharing leads to improved performantéhe supply network, it is difficult
for firms to reap these benefits unless they habetter grasp of the antecedents of inter-
organizational information sharing that influentge eéffectiveness. This is an area in
which firms need guidance so that they can effegticchannel resources to their
knowledge and information sharing activities. Hingdlity of managers to coordinate the
complex network of business relationships that telketween parties involved in the
supply network is critical to the success of a f{trambert et al., 1998).

The network patterns, which can have one or magest and range from the

simple dyadic to the multi-channel network withisiagle stage, create varying levels of
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complexity, and hence differing environments foformation sharing. Furthermore,

location of the firm(s) within a network create$felient information needs and different
consequences due to the distortion in the flownédrimation. Managing the flow of

information effectively requires close attention the coordination mechanism
established among the member firms in a networtke degree of centralization is likely
to affect the nature and amount of information tgats shared across the network.
Similarly, the degree to which the partner firmggeéve a match in their goals may
impact the nature and amount of information they &illing to share with each other
(Samaddar et al., 2006).

Zhouand Benton (2007) summarize the critical aspecth@®finformation to be
shared in three main categories which are namelgupportive technology used for
information sharing, 2) content of the shared infation, and 3) quality of the shared
information. Supportive technology used for infation sharing includes the hardware
and software needed to support the sharing prodésstent of shared information refers
to the information shared between various membérsupply chain and its end-
customers. Quality of shared information, as tame implies, measures the quality of
information shared between various partners of lsugain and customers.

In this research, in addition to the three aspeetstioned above, one more aspect
of information sharing, which is degree of informatsharing, is considered. The degree
of information shared can be divided into three raggted levels: No information
sharing, partial information sharing and full infetion sharing. Samaddar et al., (2006)

briefly explains these levels in their paper. e ttase of no information sharing, the
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supplier only has information on the orders reagi®®om the manufacturer and must
utilize historical data to augment the order infation when preparing demand forecasts.
With partial information sharing the demand digitibn faced by the retailer and the
retailer’s inventory policy are known. Finally Wwifull information sharing, the supplier
also receives instantaneous information on thelees&ademand. In addition, the focus
on only the amount of information shared (nonetiglarfull) does not provide sufficient
tools to make any assertions on the impact of spatifferent types of information. For
instance, are there scenarios under which the mghaof strategic information is
advantageous to the supplier or the manufacturetp dhe total network? Does this

change when competitive information is shared?
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Figure 2.4: Information sharing among supply chgrtners
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2.2 Models for Supply Chain Decision Making
Decision making in supply chains is a complicateacpss because supply chain
systems are large scale, complex, and inherits rdigity due to various interactions

among its echelons by their nature. The intrigsiciplexity of decision making grounds
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a growing need for efficient modeling techniquesal@mg operations of high
performance supply chains. Because of this contglaxuch of the past research in this
area focused on individual echelons of supply chainlowever, recently placed works
(Wikner et al., 1991; Towill, 1991; Lee and Billitmypn, 1993; Towill and Del Vecchio,
1994; and Venkateswaran and Son, 2004) pay coasigemttention to the design,
analysis and performance of the supply chain ab@evy Beamon (1998) categorizes the
modeling approaches for supply chain systems in follewing main classes: 1)
deterministic analytical models, 2) stochastic ginel models, and 3) simulation.

In the past, significant amount of research has lmesducted to develop linear
programming, mixed integer linear programming apdasnic programming models with
the aim of addressing various decision making @misl that exist in supply chain
networks such as optimal location selection ofrigtion facilities between plants and
customers (Geoffrion and Graves, 1984; Cohen amd 1888), routing in transportation
systems (Camm et al., 1997), and strategic planfomgmulti-echelon supply chain
networks (Tsiakis et al., 2001). Deterministicioptation problems are formulated with
deterministic parameters. Real world problemscontrast, almost invariably include
some uncertain parameters. Hence, deterministideteoare not fully capable of
representing the actual real system. Another itapblissue regarding the deterministic
programming formulations is that of computationaplexity, especially in the context
of scenario planning approaches for the handlinguo€ertainty. Most practical
optimization problems related with supply chainwmks, involve quadratic number of

constraints with huge number of variables leadm@P-hardness. The solving process
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(simplex method for liner programming models andngh-and-bound technique for
mixed integer programming models) becomes veryiigeht as the number of variables
increases. Moreover, these types of modeling aues lack the ability to incorporate
dynamically changing data into the executing made&ning that reached solution of the
model, is already outdated when it is put into -keafld implementation. Hence, it is

only suitable to use these models when the scopbeosystem is relatively small, the
computational resources are not scarce and thedédecision is aggregate.

While deterministic programming models are formedatwith only known
parameters, stochastic programming is a framewarknodeling optimization problems
that involve uncertainty. Stochastic programmingdeds take advantage of the fact that
probability distributions governing the data areowm or can be estimated. The goal
here is to find a policy that is feasible for al @most all) the possible data instances
and maximizes the expectation of functions of teeiglons and the random variables.
Supply chains, in their dynamic and stochastic mmnent, can be studied as stochastic
integer programs (MirHassani et al., 2000; and Véagh995), Markov chains (Choi and
Lee, 2006), stochastic Petri-nets and queuing n&twaodels (Kerbache and Smith,
2003; and Hennet and Arda, 2007).

MirHassani et al., (2000) points out the fact thaked integer programming
structure of supply chain networking problem makespractically intractable for
applications, which usually involves multiple pretk factories, warehouses and
distribution centers. The same problem studieth wiicertainty makes it even more so.

One advantage of the dynamic stochastic programfoeirmgulation is that it allows the
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decision maker to respond to changes in demandoth&n advantage is that it can be
formulated with a broad range of ways of represgnthe demand uncertainty, including
the use of continuous probability distributions.nfattunately, the dynamic stochastic
programming formulation is large and very diffictitt solve. The computer resources

needed to solve such large formulations of stoahastdels are of significant amount.

2.2.1 Simulation Models

Models discussed above are high abstraction mddelarious processes under
serious simplifying assumptions such as Markovignathics. Among the approaches
taken formodeling and analyzing supply chain systermsnulation provides a practical
methodology for representing complex interdepen@snbetween organizations, and
help to realistically analyze the performance todf$e associated with different
organizational decision making assumptions (Biswasd Narahari, 2003; and
Swaminathan et al., 1995).

Bhaskaran (1998) demonstrates the importance oplygughain analysis by
tackling the unstable production scheduling andemery fluctuation problems in an
aggregate level with the usage of a simulation withser-friendly software which is
originally developed to General Motors’s specificai by David Kletter and Steve
Graves of MIT. They study the supply chain as alewith a clear understanding of
how the various parts interact with each other.cdntrast to the previously completed
studies, they include material shortages, prodocttapacity constraints and large

container sizes in their simulation. The changimgentory levels in various buffers
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throughout the supply chain are recorded underawvdrol strategies which are Material
Requirements Planning (MRP) and Kanban. Limitaienist for the lack of adequate
impact analysis on capacity constraints and matehartages. Further analysis can be
conducted on cases where control strategies aradhianban-MRP policies and/or
some tiers are MRP and some tiers are Kanban.

Van der Zee and Van der Vorst (2005) analyze sitimna of supply chains not
from implementation point of view but from desigoimt of view. They discuss the
flaws of current modeling approaches which hindex successful support of decision
making. For instance, decision makers, contr@sw@nd their interactions mostly found
to be hidden within a manufacturing environmenheathan being explicitly visualized.
Hence, not only realism but also modeling flextgiand modularity harmed. To resolve
these issues, a new generic (nonsoftware-speaifojeling framework for supply chain
simulation is proposed. This framework, regardlekshe level of strategy (strategic,
tactical or operational), intends to improve thé&cefncy and effectiveness of supply
chain process on an object oriented format. Mancepts of the approach involve
agents to model supply chain entities and distidousystems as intelligent decision
makers, jobs to define chain activities and flowsléscribe movable objects processed
by agents such as goods, data resources or jalitoefs. Model dynamics is realized by
job execution. Areas of improvement of their studgy include linkage with Petri-nets
for strong mathematical background within the framek and incorporation of artificial

intelligence to help increase modeling efficienag @ffectiveness.
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Another special purpose simulation tool for supghtgin analysis is Supply Chain
Simulation (SCSIM) by presented Petrovic (2001).ncéftainties among customer
demand, external supply of raw material and leatksi to the facilities are modeled
through fuzzy sets within this tool. Fuzzy analgtimodel chooses the optimum order-
up to level for all inventories in a fuzzy enviroant and then simulation model evaluates
the performance results those could be achievedmpjementation of this decision.
Primary results are obtained from small scale nicakexamples however supportive
experimentation needs to be done with the inclusbrtontinuous review inventory
models and other sources of uncertainty in a sugpdyn for validation purposes.

As examples are provided above, researchers haksisulation models.€.,
discrete-event models or system dynamics model9tudy different aspects of the
supply chain, such as the instability of the ch@haskaran, 1998), the performance
effects of operational factors (Beamon and Che®1p0demand amplification effects
(Wikner et al., 1991), and the impact of modeliitglity on the analysis of supply chain
dynamics (Venkateswaran and Son, 2004). In masgs;aliscrete event simulation is a
natural approach in studying supply chains as tlemplexity restrains analytic
evaluation. During past two decades considerabtearch has been conducted on
discrete event simulation of supply chains attaglanwide range of problems that exist
in these large scale, complex and dynamic systerrs.addition to discrete-event
simulation (DES) modeling, agent-based (AB) modglimas also been employed to
simulate supply chain systems (Van der Zee, 20@Batthe et al., 2007; Chatfield et al.,

2007). Later, researchers have proposed hybridlatan approaches. For example,
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Lee et al. (2002) represented the continuous aspddhe supply chaini.€., ordering
rate, shipping rate and inventory) using mathemhtitodels, which are then integrated
with the discrete aspects of the supply chain aglransportation activity. Similarly,
Rabelo et al. (2003) presented the potential neéribtegrating SD and DES models to
evaluate the impact of local production decisiontbea global enterprise. Similarly,
Venkateswaran and Son (2005) described a two-lgigrarchical Production Planning
(HPP) architecture consisting of SD componentshathigher decision level and DES
components at the lower level. While much of thevpus work served as a basis for
future supply chain research, an adaptive contysitesn that can respond to the
unpredictable changes taking place within a sifigtdity or the whole supply chain in
the most efficient manner in any existing type ohwdation approach has not been
established yet. To the best of our knowledge,studly is unique for being the first to
develop an adaptive control system framework fagdascale supply chains which is able
to dynamically react to system abnormalities inriast cost-effective manner. While in
this research, the studied supply chains and dpedlsimulation models are discrete-
event ones, future extension of this work concésef with realization of the proposed

architecture in continuous simulation environments.

2.2.2 Survey of Dynamic Data Driven Simulations
Dynamic data driven application systems (DDDAS) bagn conceived as a
powerful tool that allows more effective measuretm@nocesses in a variety of

application areas which brings along challengesthe aspects of applications,
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mathematical algorithms, systems software, anchenway data is collected (Darema,
2004). In a study of contaminant tracking, numariprocedures for multi-scale
interpolation are introduced in order to map sersda and allow continuous update of
the simulation (Douglas et al., 2004). Anothedsgtperformed by Mandel et al. (2004)
introduces the use of online data acquisition arfitteaing control to recognize out-of-
order data. Carnahan and Reynolds (2006) drawntette to the challenges of
automatically adapting simulations when experimledtda indicates that a simulation
must change. To this end, a simulation is first to gain insight about a phenomenon.
Then, this insight is used to determine what neweolations should be collected, and
the simulation is adapted to reflect these obsemst Generalizing software to
anticipate all possible ways it could change ididaift, and attempting to do so usually
comes at the expense of performance, as well agsithk code unmanageably complex
(Parnas, 1979). However, software engineers hbsereed that the problem of software
adaptation can be simplified by taking advantagéhefflexibilities and constraints of a
simulation at the same time. Without flexibilitgutomatic adaptation is impossible
because there is no way to know which alternatstesuld be considered. Without
constraints, automatic adaptation is infeasibleabse there are too many alternatives to
consider them all in a timely fashion. Carnahath Beynolds, therefore, propose a semi-
automated adaptation approach that exploits thebfldy and constraints of model
abstraction opportunities to automate simulatioapséation. Although their study does
not involve manual modification of the code or aggtion of optimization methods

which can make the software extremely complex tatrod, it is still in need of human
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intervention to determine the most likely placeshaf code in need to be changed. In our
research, changes in level of detail of data adtpnsand the choice of certain
parameters over others allow the automatic mudelity adaptation in the simulation
model. In addition, the development of interfatephysical devices and the creation of
an infrastructure to support the communication daé requirements are also addressed.
Through a networked sensor-driven control systenh iategrated grid architecture for
distributed computing, a methodology is proposadujp to date data to be transferred,
thereby allowing the models to be updated in rieaé t

Another recent contribution to DDDAS community hdgen made by
Patrikalakis et al. (2004) where they provide aaroiew of a DDDAS for rapid adaptive
interdisciplinary ocean forecasting. Informati@cthnology allows the development of
an Internet-based distributed system that enahlesséamless integration of field and
remote observations, as well as data assimilatioorder to effectively estimate the
uncertainties in oceanic fields. They also presdhistrative examples of
interdisciplinary modeling and forecasting and pesg to date towards an integrated
ocean science DDDAS. In their study, automategimmodeling and sampling, fully
coupled physical-acoustical-biological oceanogrammgd grid computing application
aspects are recommended for further research maghioh comprise the focus of this
dissertation.

Smith et al. (1994) and Son et al. (2002) propa@ssdnulation-based shop floor
planning and control system, where the same simulahodel (executing in the fast

mode) used at the planning stage after some matidit is used as a real-time task
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generator (real-time simulation) during the constige. In their approaches, the real-
time simulation drives the manufacturing systemsleynding and receiving messages
using socket-based communication links. Whileuke of real-time simulation as a task
generator in their approaches is similar to theviptesly proposed DDDAS concepts to
some extent, the adaptive simulation scheme pradpaseour research steering the
measurement process for selective data updatenandobrating the real-time dynamic
data into the executing simulation model is nov8luch adaptivity allows us to save
computational power usage while keeping the modelimate enough by wisely drawing

conclusions via the embedded algorithms which wlekeloped in this research.

2.2.3 Simulation-based Control
Among all of the analysis tools explained so fagsimof the deterministic and

stochastic models seek to prototype the supplyncépstems for strategic and/or tactical
planning purposes since they cannot delve into naathil in these models. When they
do, the payback becomes tremendous in terms ofdhgputational resource usage and
efficiency. Simulation models, on the other haeshecially distributed simulations, are
able to represent the actual real system with tglkeelst detail. Hence, they are widely
used for operational planning and/or shop floortmmpurposes. The models built to
perform what-if analysis to determine values ofigies/ariables, control strategies and
performance estimation are usually discarded #iteinitial plans are finalized. Wu and

Wysk (1989) and Drake and Smith (1996) have preserihe expanded role of
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simulation to include *“real-time” scheduling as tpaf intelligent simulation to
dynamically select scheduling policies based ofitrege shop floor status.

Son et al., (2002) use discrete event simulatidnonty as a traditional analysis
and evaluation tool but also as a task generatirdhves shop floor operations in real
time. Their control simulation reads process pland master production orders from
external databases that are updated by a procassimd system. Multipass scheduling
algorithms created by Wu and Wysk (1989) attem@diwe the scheduling problem by
selecting the best dispatching rule, among itgradtieves. This multipass framework is
applied to the proposed simulation-based contrglrenment and implemented. Their
framework is comprised of two models where onessduprimarily as a real-time task
generator for the shop floor and the other is wesethe look-ahead manager. Once this
manager received a request, it gets several fadersonulations runs stored in a file.
This file is then sent to the real-time simulatfon execution of the best control strategy
on the system. Overall system implementation cotetl with Arena® simulation
software gives promising results. However, thel®f detail between the scheduler and
controller is different since in scheduling dynaatiz-changing data are not considered.
Providing such schedules to real system may caarssus problems such as collisions or
deadlocks in the shop floor. A challenging extensof this study may be determining
which approach should be taken under what circumsta

Further studies on shop floor control have beendaooted by Son and Wysk
(2001) in an extended manner. Simulation modeaisiimp floor control need to be as

detailed as possible since real time action wilaffected if any error occurs. In order to
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build such detailed models in a compact way, kndgderegarding the system to be
modeled and skillful modeler in terms of the sintiola language as well as statistical
methods is needed. Even for the experienced siionlmodeler, the process can be very
time-consuming. To resolve this problem, Son angk\(2001) present a structure and
architecture for automatic simulation model generatof very detailed simulation
models intended to be used for real-time simulaiased shop floor control. Although
many researchers have worked on automatic simolatiodel generation, this study is
novel for being the only one focusing on generatbsimulation models for real-time
shop floor control. Generated simulations can beduboth for traditional system
analysis and manufacturing system control by sendimd receiving messages using an
Ethernet communication link to a high-level taslke@xing system. Models (in Arena®),
are automatically generated from a shop floor resomodel (MS Access 97®) and a
control model (message-based part state graphg. oVérview of the control is shown in
Figure 2.7 where Arena® simulation model obtaing paders and part process plans
using an SQL connection to an interactive databd$e BIgE receives instructions from
the simulation and sends messages to machine d¢evetollers based on the current
system status. Implementation is performed foifférént manufacturing configurations
and promising preliminary results are obtained.wker, the study is limited to address
only discrete part manufacturing systems that dpexéth a single part unit loads. Also,
the movement of parts is assumed to require mateaiadlers. Finally, machine and
robot capacities are also assumed to be one. dfudhearch may focus on relaxing these

strict assumptions.
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Figure 2.5: Architecture for simulation-based sHiopr control (courtesy from Son and
Wysk, 2001)

Madhusudan and Son (2005) perform even furtheriesudhere they develop a
simulation-based approach for dynamic process naameagt at web service platforms.
They first draw attention to the volatile and opeture of the web during execution of
composite services at service platform and howifsigmt is the delivery of reliable and
acceptable performance results. Then, they idenhtié clear analogy between the
discrete manufacturing environment and web servimesess environment (see Table
2.1). Thirdly, they propose to solve the above tioeed problem by using an online
simulation for scheduling service requests at servplatform and a look-ahead
simulation to provide guidelines for service exémuin the volatile system environment.

Their integrated simulation-based control and etieaumodule consists of five

components. Given service plans from the planmogdule and current state information
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from the web services world, look-ahead managereld@e a control policy. The
statistical analyzer analyzes simulation resultenl the decision-maker uses the control
policy to make real-time decisions and calls theisien-planner when the actual
performance deviates substantially from the predigterformance and when significant,
unforeseen events, such as service provider failuretwork failures, and new request
arrivals, occur. The decision-maker sends the ;p@te messages to the executor
dispatch mechanism. Service responses are recaivbd status manager and processed
appropriately. As it is also mentioned in theirroself-criticism, future studies may
involve improving the interface between the simolatand the decision-maker modules
in the service execution component, exploring tbke rof simulation in guiding re-
planning versus re-execution, dynamically updatithg simulation and underlying
distributions (based on change points in the realdy, and performing large-scale real-
world studies (including stress testing the implatagon).

Another simulation based control perspective isiedrby Schwartz at al. (2006)
when they study inventory management in supplyrghaiThey establish simulation-
based optimization framework involving simultaneoyserturbation stochastic
approximation (SPSA) for optimally specifying parters of internal model control
(IMC) and model predictive control (MPC)-based dam policies under supply and
demand uncertainty. SPSA realizes the same lelvelcouracy compared to other
methods with fewer evaluations of the objectivection. The SPSA algorithm is
comprised of 5 main steps: 1) initializing inpucte, 2) generating perturbation factor,

3) evaluating the objective function, 4) approxim@tthe gradient and 5) updating the
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estimate. Their results obtained from case studssving semiconductor supply chain
demonstrate that safety stock levels can be sogmfly reduced while maintaining
satisfactory operating performance in the suppbjirth

Among various supply chain elements, warehouseesydtolds a significant
place as it takes care of fluctuation of demandsfcustomers and provides just in time
delivery of materials. Ito and Abadi (2002) deyebn agent based model for warehouse
system, which is called AWAS (Agent based modeMtarehouse System). It facilitates
the information exchange between a warehouse syatehits customers and suppliers.
In addition, it also arranges AGV assignments & bf materials inside the warehouse
for improved performance of material handling syste AWAS is comprised of three
subsystems where ACS is responsible for communpicdtetween distributed customers
and suppliers, AIPCON is to assign inventories éasbnt to customers and AMATH is
for management of AGV’s. The prototype system baseAWAS is implemented using
Java and the initial results show the validity bé toverall framework. However, a
mechanism for negotiation of AWAS with its suppsieand customers, selection of
appropriate supplier among alternatives, effectjed-allocation to AGV’'s and
scheduling jobs of each AGV is among the futureksaf this study.

In this dissertation, we make use of both tradalofast mode simulations and
recently studied real time simulations. The tiadil fast mode simulation models are
proposed in order to facilitate the analysis of slgstem under investigation once (or if)

the system specific schedules are changed. Oonthise hand, the real time simulation
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model involving decision making units.€., algorithms) is proposed to facilitate the

simulation-based online control of the considenstem.



Table 2.1: Selected works on simulation
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Authors Year Application Problem Assessed Output Solution Methodology Limitations/Areas of Improvement
Industry
Bhaskaran S| 1998 Automobile | Instable Production| Methodology to Simulation with a user- * Lack of adequate impact analysis on
Supply Chains| Schedules and analyze specific real-| friendly software originally capacity constraints and material
Fluctuating world supply chains | developed to GM’s shortages
Inventory for areas of specification, by David  Considered material strategies are
improvement Kletter and Steve Graves of| limited to MRP and Kanban only.
MIT
Van der Zee | 2005 Chilled Salads Flaws of current Generic (high-level | Object-oriented format with | ¢ For strong mathematical background,
D.J. and Van Supply Chain | modeling and software three key elements: agents,| modeling framework proposed can be
der Vorst J. approaches independent) jobs and flows linked with Petri Nets
G.AJ. hindering explicit modeling framework « Artificial Intelligence may help
control rules and for supply chain increasing modeling efficiency and
member interaction| simulation effectiveness
Forget 2008 Lumber Supply chain agility| Multi-behavior Agent-based simulation for | « Multi-behavior agents ability to learn
P.,D’Amours Industry and synchronization planning agent model planning may be improved through experience
S.and using different and incorporated algorithms
Frayret J.M. planning strategies
Petrovic D. 2001 Serially Assessment of Order-up-to levels for| Supply Chain Simulation » Supportive experimentation needs to |be
Linked Supply | Supply Chain all inventories in (SCSIM) tool comprised of done with the inclusion of continuous
Chains Uncertainty supply chain system | fuzzy analytical model and review inventory models and other
simulation model sources of uncertainty in a supply chain
for validation purposes
lannone R., | 2006 General Time and Architecture Models created in Visual  Overload of data exchange requests from
Miranda S. Supply Chains| Information (SYNCHRO) which | Basic 6.0 together enabling| several federates cause considergbly
and Riemma with Several | Exchange is able to synchronizg server communication slow down in model
S. Echelons Synchronization in | distributed simulation| through TCP » The completeness and speed of the
Distributed Supply | models both time- framework should be  concisely
Chain Simulations | wise and information- established in a real supply chain
wise simply and environment
securely
SonY.J,, 2002 Penn State Scheduling Real-time shop floor| Discrete event simulation * Level of detail between the scheduler
Joshi S.B., CIM Lab Shop task generator implemented in Arena® and controller is different since in
Wysk R.A., Floor (real-time simulation for scheduling buffers and material handling
Smith J.A. controller, fast mode are not considered. Providing such

simulation for scheduler)

schedules to real system may cause
serious problems such as collisions or

deadlocks in the shop floor
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Authors Year Application Problem Assessed Output Solution Methodology Limitations/Areas of Improvement
Industry
Son Y.J, and| 2001 Discrete Part | Time consuming An architecture for Discrete event simulation e The study is limited to address only
Wysk R.A Manufacturing | modeling of automatic simulation | implemented in Arena®ith discrete part manufacturing systems that
Systems detailed simulations| model generation of | a resource model (MS operate with a single part unit loads
for real-time shop | detailed simulation | Access 97) and a control » The movement of parts is assumed| to
floor control models for real-time | model (message-based part| require material handlers
shop floor control state graph) * Machine and robot capacities are also
assumed to be one
Further research may focus on relaxing
these strict assumptions
Madhusudan| 2005 Web Service | Dynamic Process | A simulation-based | Service composition is » Improving the interface between the
T. and Son Platforms Management approach for dynamig enabled using the simulation and the decision-maker
Y.J. process management Hierarchical Task Network modules in the service execution
at web service (HTN) planning technique component,
platforms ,the execution module is » Exploring the role of simulation in
implemented as JAVA guiding re-planning versus re-executiop,
servlets and simulation » Dynamically updating the simulation
engine is based on Arena® | and underlying distributions
* Performing large-scale  real-world
studies
Schwartz 2006 Semiconductor Process Control A simulation-based | Derived internal model  Further experimental analysis and their
J.D., Wang Supply Chains| Policies for optimization control (IMC) and model contribution might be performed far
W.L. and Inventory framework involving | predictive control (MPC) various supply chain systems
Rivera D.E. Management simultaneous together with SPSA
perturbation optimization method
stochastic
approximation
(SPSA)
Ito T. and 2001 Warehouse Inventory Planning | Agent-based model | Prototype system based on | « A mechanism for negotiation of AWAS
Abadi systems in Warehouse for warehouse systemy AWAS is implemented using with its suppliers and customers,
S.M.M.J. Java * A mechanism for selection ¢

appropriate supplier among alternative
A mechanism effective job-allocation
AGV’'s and scheduling jobs of eag

AGV may be among the future works p

0 =

= >0

this study




2.2.4 Distributed Simulations and Their Synchronizéion

Recently, constructing distributed simulations éedions) integrating existing
federates is widely discussed in the literaturehlkat al., 1999; Fujimoto, 2000; Riddick
and McLean, 2000; Venkateswaran and Son, 2004; Mu&iet al., 2005). Here, the
utmost benefit (in terms of reduction of simulatiexecution time) can be gained if the
federates (individual simulations) comprising tleeldration are designed or selected to
maximize parallelism. To select the most promisaitgrnatives, McGinnis et al., (2005)
evaluated the design alternatives (generated wsimgrarchical decomposition approach
and a material handling approach) based on vagdatesia prior to implementation. In
the hierarchical decomposition approach, the decsitipn design is based on the
hierarchical structure of 'facility - work area omk station - equipment'. In the material
handling approach, three federates are consider@dding the factory federate, the
material handling federate, and the facility cohtiederate. In their study, designs
generated by the material handling approach cortipntdly outperform designs
generated by the hierarchical decomposition apjpraaa distributed setting.

Another benefit of the distributed simulation teclugy is its ability to allow
each federate to hide any proprietary informathart, still provide enough information to
evaluate the entire federation as a whole. Veskaean and Son (2004) proposed a
prototype distributed simulation system to evaluasbility of a potential supply chain,
which allows potential partners evaluate whethewil be profitable for them to
participate in the proposed supply chain withouarsty much of their proprietary

information.
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However, realizing distributed simulation requires reliable and efficient
computational infrastructure. HLA/RTI (High Level réhitecture/Run Time
Infrastructure, IEEE Standard 1516-2000) is onéhefmost widely known frameworks.
While it is generic and effective, its computatiboaerhead is high, especially for a
small scale federation. Therefore, Lee et al. 8@&dnployed web services technology to
implement a subset of the HLA/RTI functions to oféesimplified set of services in a
platform independent setting. Similarly, Taylor &t (2002) introduced a generic
runtime infrastructure for distributed supply chasimulation that promotes user
transparency and extensible service provision.

Time synchronization, another challenge to be ad#i@ in distributed
simulation, may be enabled in three ways. Fitstan be enabled b€onservative
synchronizationwhere no federate advances its logical time unid guaranteed not to
receive events which are supposed to happen ipag$ (Fujimoto, 2000; Ayani and
Rajaei, 1992; and Nicol, 1993). This type of syodization can be realized in either
centralized or decentralized manner. In the cem#h case, there is a coordinator
recording every partitioned simulations clock ahditt notification of “done” messages
with their current event and letting the whole systmove to the next phase all together
if everybody is done. Whereas, in the decentrdlzase, each simulation has to send its
notification of “done” messages with its curreneevto the other partitions and once
every simulation sends this notification, theyrathve to their next phase. Second, it can
be enabled bYptimistic synchronizatigrwhere a federate may compute into the future,

but may also receive events that cause it to atklstate which is troublesome and can
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cause computationally intense operations (Jeffer885; Fujimoto, 2000; Vardanega
and Maziero, 2001; and Wang et al., 2005). Fipalime synchronization among
partitioned simulations can be realized \Epoch synchronizatignwhere federates
progress through episodes in which they exchangsages at the same time until they
agree to advance together (Rathore et al., 200h)s way, each federate advances its
time independently and only synchronizes at evame tinterval {.e., At). Epoch
synchronization allows for a computationally lightscheme than the conservative
synchronization while enabling accurate resultsthis study, an Epoch synchronization
scheme is employed, where time intervald) (are determined based on off-line
simulation analyses. Further studies availablghm literature regarding these time
synchronizations attempts are summarized in Tal8eir? terms of their applications,
specific problems, contributions to the literatuaed extension opportunities.

While increasing availability of network computimgsources €.9. high-speed
networks and high performance machines) presentspportunity for delivering good
performance on a range of parallel applicationslugiog distributed simulations,
developing applications to run efficiently in suah environment however is another
challenge to be overcome (Weissman and Grimsha94)190mari et al. (2004) discuss
an effective technique for the distribution of fhre@cesses on multi-computers to achieve
several performance goal(s), such as improvingatlegage completion time of a group
of independent tasks or subtasks of a parallel ramog minimizing communication

delays, and/or maximizing resource utilization. their approach, completion time is
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determined by two factors: load balance and contiputgranularity, where load balance

intends that all processors will finish around slaene time. In our work, partitioning is
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Table 2.2: Selected works on time synchronizatiodisiributed simulation

Authors and Year

Application

Problem Assessed

Contribution to Literature

Extension Opportunities

Nicol, 1993

A domain composed of
sites (an atomic simulatabl
unit). i.e., a G/G/k queue is
modeled as a site with k
servers.

Performance of a synchronous
econservative parallel
discrete-event simulation protocol.

A new approach

for the analysis of parallel
discrete-event simulations is
developed.

The analyzed conservative
synchronization protocol is a simple
one and can be extended to more
complex protocols for its robustness
test.

Namekawa et al.,
1999

Road-traffic simulation
using a microscopic
model including both the
discrete-change model ang
continuous-change model.

Lack of a method for decreasing
synchronous processing between
processors as much as possible.

A conservative time window
based algorithm predicting the
simulation clock allowing
synchronization between a
subsystem and the neighboring
subsystems is proposed.

The algorithm can be refined to
reduce the gap between the forecas
event time and the actual one in the
next sub-area, and to carry out

y parallel simulation using more than
two processors.

—

Ayani and Rajaei,
1992

Feedforward networks and
networks with feedback
loops.

Lack of a conservative synchronizatior]
scheme where different windows may
have different sizes if the nodes are
advancing heterogeneously.

Conservative Time Window
(CTW) algorithm for parallel
simulation of discrete event
systems is presented.

CTV-algorithm requires that size of
application is much larger than size
of hardware. Improving its
performance for heterogeneous
applications is an extension item.

Vardanega and
Maziero, 2001

A simple federation
involving several optimistig
federates was developed
and used where the federg
state size was 200 bytes.

Some HLA services are very low-level
and hard to use when building

simulation models that use peculiar timemplement state saving

tsynchronization schema. Also a gene
rollback manager to detect causality
violations is needed by optimistic
simulation entities.

The addition of an extra piece
software, a rollback manager, t

ri@and rollback management for
optimistic federates in the High
Level Architecture (HLA).

bfThe demonstrated impact of the

oproposed mechanism on the system
performance can be extended
involving more extensive
measurements.

Wang et al., 2005

A model based on the
interoperability reference
models proposed by the
HLA Commercial-Off-the-
Shelf Simulation

Package.

Performance of an optimistic
synchronization in
HLA-based distributed simulations.

A rollback controller using a
middleware approach to handlg
the complex rollback procedurg
on behalf of the simulation
model is introduced.

Investigating a mechanism to handlg
> simultaneous events and efficient
2 algorithms to optimize the handling
of state saving, rollback, and fossil
collection is an extension item.




modeled as a group technology configuration probdemsidering both load balancing
and computation granularity.

The load balance problem has received consideratbdmtion in parallel and
distributed applications because good solutionscatial to achieving speedups. To
date, most of the existing graph emulation worksxdbprovide systematic techniques to
achieve load balance (and therefore good scaling)gnd Chien, 2003). A number of
these works use simple hierarchical graph parttisriLiu and Nicol, 2001), while others
use randomized clustering techniques based on dgopiogies (Vahdat et al., 2002)
which have not been demonstrated to give broaddysbresults. Also, most of them
provide no automated solution, requiring users smually partition the graph. Manual
or simple heuristic approaches presented in tleeatiire are unsuitable for large-scale
graph emulations of thousands of graph entities (&hd Chien, 2003). This has
motivated our proposed research on developing &tipaed (distributed) extended
DDDAMS solution which intends to minimize the imdetion events (time
synchronization requirements between the partitio@sher approaches on partitioning
various types of simulations are detailed in TaéhleTo the best of our knowledge this
study is the first attempt to solve the problenpaiftitioning discrete event simulations in
grid computing environment using a polynomial-titneuristics which considers both

load-balancing and computation granularity issges Chapter 7 for details).

Table 2.3: Selected works on methods developeartttipn simulations

Authors and | Main Partitioning Details of Approach Extension Opportunities
Year Approach

Kim et al., Hierarchical Approach is based on the he Thodel used in the experiments
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1998 partitioning assumption that when a system|iss an open queuing network and
algorithm for modeled, a modeler naturally | therefore includes no feedback of
optimistic partitions the system into a set ¢fmessages. Also, proof of the
distributed subsystems while considering | generality of the method can be
simulation of parallelism between them. Thus, extended for other formalisms apart
Discrete Event by utilizing such hierarchical from DEVS.

System structural information of models

Specification the method performs the

(DEVS) models partitioning.
Boukerche, | Simulated annealing This method is derived by Resolving long computation of the
2002 to partitioning mapping the complex simulation simulated annealing in case of

conservative
simulation on
multiprocessor
machines

system into a physical system
and is based upon realistic
estimates of computation and
communication load

large-scale networks is an extension
item.

Bokhari, 1988

A sum-bottleneck
path algorithm for
optimally assigning
the modules of

a parallel program
over the processors

of a multiple- multicomputer system, this problem. Applying the SB path
computer problem can be solved optimally algorithm to other problems (for
system using the proposed algorithm. | generality) is an extension item.

Several variants of the
partitioning problem for parallel
and pipelined programs are
addressed. Under certain
constraints on the structure of th
program and/ or the

An appropriate assignment graph
must first be discovered prior to
application of this algorithm. Each
assignment graph has to be
edesigned very carefully in order tg
capture all information about the

2.2.5 Bayesian Filtering in Simulation

Real world is comprised of systems of systems wide range of scale. These

systems can be classified as either static (tinsariant) or dynamic (time-variant). In a

dynamic system, its behavior changes over time thudts inherent dynamicity,

randomness and complexitye.¢. economics, weather, a moving object, signal

processing); whereas in a static system, its behasibes not change over time

(Niculescu, 2001; Middleton and Goodwin, 1988; atithng and loannou, 1996).

A

dynamic system considered in this study is a lagge and complex supply chain,

where we are interested in analyzing its evolvimpdvior to make critical decisions

when necessary.
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Usually, dynamic systems can be characterized by thput, state and output
(observation) classes, and a state of a dynamiemysan be represented using state
variables, rate variables, and parameters. lai® sif a dynamic system depends on only
its previous state, its state sequence is calletbltow a first order Markov random
process, and can be represented by state spacdsmeieg state and observation
equations (Markov, 1971; and Meyn and Tweedie, 200Ehe state space approach is
convenient for handling multivariate data and nogdir/non-Gaussian processes, and it
provides a significant advantage over traditionshetseries techniques such as
autoregressive moving average (ARMA), autoregressitegrated moving average
(ARIMA) and univariate transfer function models (E)T(West and Harrison, 1997).
Taking the time dependencies between the obsengatiba time series data into account
explicitly results in residuals that are much closeindependent random values than in
classical models such as linear regression or metatic models (Commandeur and Jan
Koopman, 2007). The general state (motion) andsoreaent (observation) equations
in the state space approache( Hidden Markov Model) are given in Eq. (2.1)
(Arulampalam et al., 2002; and Muhlich, 2003), véey is a state vector at time instant
k, f, is a state transition function,_ is a process noise with a known distributigpjs
observations at time instakt f, is an observation function, ang, is an observation

noise with a known distribution.

X, = f (-1, wey), 2z, = f (%, v)) Eq. (2.1)
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The state equation based ¢p(.) and densityu,_, characterizes state transition
probabilitiesp (x| x,—1) for everyk-1 givenp(x,), whereas the measurement equation
based ory,(.) and density, describes measurement probabilii€s; |x;).

Dynamic systems mentioned above can be categoaseeither discrete or
continuous based on their time and state spacethelstate space, the state variables of a
continuous system change continuously over timere@dsein a discrete system, changes
of state variables are limited to a number of ddfe¢ states. The change that occurs in
continuously-changing state variables can be exptevia differential equations, and
continuous-change state processes can be modeld&taivnian motion processes when
the time space is also continuous. When the tipaeesis discrete, the said changes can
be expressed using different formalisms such dslaebutomata and Petri-nets. On the
other hand, continuous time Markov processes argtlynased to model the change in
system parameters when the system is classifielisarete in state space and continuous
in time space. Similarly, many other formalismshsas linear discrete time networks,
cellular automata, Petri-nets, finite state machimkscrete-time Markov chains are used
to model the said change when the system is diedsak discrete both in state and time
spaces. It should be noted that the formalismsetlhomprise the basis of discrete-event
modeling €.g.cellular automata, Petri-nets) can cover bothrdiecand continuous state
space although they always move forward at disdietes. Moreover, as Klingener
(1996) mentions, just like in practice where fewsteyns are completely discrete or
continuous, simulation models can also be a conibmaf both continuous-time and

discrete-event models.
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Xia and Lin (2003) states that in practice, comdifeybrid) models are usually
built through merging continuous-time models intdiscrete-event modeling framework,
where the following four basic interactions occur:
= A continuous variable value may suddenly increasalecrease as a result of a

discrete event.
= An initiation of a discrete event may occur assuleof reaching a threshold value of
a continuous variable.
= The change rate of a continuous variable may leeegltas a result of a discrete event.
= An initiation or interruption of change in a contwus variable may occur as a result
of a discrete event.
Hybrid models entails less computation comparedh ilire continuous models while
providing more accurate system representation cozdpaith pure discrete models. On
the other hand, the complexity and computationtdnisity of the simulation is higher
when compared to that of the pure discrete eventletlso Usually, such cross-
implementations limit the accuracies of models carad to that of pure continuous
models. Therefore, DDDAMS methodology is proposeduild hybrid models carefully
in order to provide necessary details of the carsid system while saving from
computational resources.

The initial realization of DDDAMS in Celik et a(2010) was carried out via
discrete event simulation involving three modeéfities (abstraction levels of the system
model). The later enhanced approach, howeversésgcan hybrid simulations in order to

represent the system under study more accuratelthe proposed hybrid simulation for
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DDDAMS, continuous modeling is implemented in thescdete event simulation
framework leveraging all four interactions mentidnabove. For instance, in a
semiconductor supply chain simulation, manufactusgstems€.g. flow of batches of
wafers) are modeled via discrete event simulatow, the chemical processes for wafer
production are represented via continuous modéfreover, in this approach, high
accuracy of this hybrid representation of the syste enabled via a substantially
increased number of fidelities covering a wide magross macroscopic (purely discrete)
and microscopic (purely continuous) levels. Heredetermining a system fidelity,
continuous time Markov chains are used to modelawerall behavior of the system
componentsife., machine, cell, shop) since the time that theyndpa a state changes
dynamically. The selection of the fidelity sholdd made wisely depending on the need
and the computational resource availability, whi€ra major purpose of the proposed

algorithms in this work.

2.2.5.1 Bayesian Filters

In a dynamic system that we have discussed in guevsection, a Bayesian
approach uses probability distributions to descalbéypes of uncertainties accrued from
various sources, such as 1) randomness from sticha&haviors of simulated systems,
2) input parameters, 3) output performance measnobsding their random errors, and
4) unknown metamodel parameters (Chick, 2006)th&t approach, Bayesian filters are

designed to extract relevant information of a systea investigating the observations.
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They provide a convenient way to represent ungegtaabout performance of systems
and input parameters. In this section, variouseBmn filtering techniques available in
the literature are detailed in terms of their agstions, advantages, and disadvantages
(see Table 2.5 for the comparison of various tequs and Table 2.6 for the assessment
of representative literatures for each filteringteique, respectively).

The Bayesian approach generates more enhancedmpanice analyses compared
to those of classical models.g, linear regression and Markov localization apphes}
as it takes into account what is actually known ahdt is not regarding the system to be
simulated during its execution. It incorporatesoprinformation {.e., available
information before a latest data is collected) itite analysis in a precise and rational
manner by making use of the hidden Markovian mo¢lelsch can be both discrete and
continuous). In addition, it is particularly bergl under the circumstances, where data
is sparse and data collection is costly. Espscialtwo specific simulation cases, where
1) gaining detailed simulation data is extremelgtiyodue to need for large numbers of
data points for numerous parameters and 2) obtpieach data point is costly, a
Bayesian technique allows for obtaining a desimall of precision in knowledge with
the minimal amount of data. Basically, it redu¢ks confidence interval about the
output quantity of interest by using a dependableree of prior information about that
qguantity. Furthermore, one can obtain significeantings in computation time by using
the prior information.

In the Bayesian framework (Chick, 200@yior distributions (i.e., p(x,)) for

unknown quantities (such as unknown outputs, unknoput parameters, or unknown
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metamodel parameters) are defined to specify inmacertainty about unknown
parameterslikelihood modeldp(z,|x))) to relate unknown parameters to observable
data, andnumerical tools(i.e., algorithms or filters) to update beliefs aboukmmown
guantities as data becomes available uBiages’ ruleto obtain posterior distributions for
unknown quantities. The posterior probabilip(£,|z,.,)) of x;, based on all available
measurements up to tilkgabbreviated ag,.;), summarizes uncertainty about via the
likelihood model and prior distribution and perfarmrobabilistic state estimation for a
dynamic system assuming that an initial probabiignsity function (prior distribution,
p(xy)) is known. Since in Bayesian filters, all aval&lnformation is used via the
probability distribution functions, an optimal estite can be found theoretically for any
criterion within the dynamic system.

In our study, we intend to estimate the posteristribution of a dynamic supply
chain system, which will then help us compute vasiestimates for the current state or
for future observations including an expected vaimedian, modes, confidence interval,
and kurtosis. For instance, let the state tramsifinctionf be any arbitrary, integrable
function that can depend on all components of & stéi.e., a set of variables defining a
statex) and on the whole trajectory in the state-spadden knowing the posterior
distribution, an expected value ffcan be computed by Eq. (2.2). However, in order t
estimate the state of a dynamic model, which ewweer time, the Bayesian filtering

should be applied in a recursive manner.

E[f(xO:k)] = ff(xO:k)p(xO:klzl:k) de:k Eq (22)
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Recursive Bayesian filters enable a sequential tepda previous estimates as
new data becomes available. In any update, they dbr batch processing of data
(computation with all readily available data in astep) by which not only the state of a
dynamic system is derived faster, but also rapidptation to changing signal
characteristics are enabled through on-line prangsd data. Recursive Bayesian filters
(Wan and Van der Merwe, 2000; Liu, 1996; Arulampal2002; Doucet et al., 2000; and
Ridgeway and Madigan, 2003) essentially consistvaf steps (see Figure 2.6): 1) the
prediction step where the next state is predictgdgua probability density function (or
probability mass function) by deducting(x;|z,.,—,)from p(xy_1|Z1.,—1) and 2) the
update step where the likelihood of current measarg is combined with the predicted

state by deducting(xy|z,.,) from p(xy|z;.x—,) andz,.

L= L=

Update Predic —» =+ —» Update Predic —»

A 4

p(xolzo) p(x112,) p(xi|zy) P(Xyi112k)

Figure 2.6: Two major steps (update and predictiom@¢cursive Bayesian filtering

The structure of the update equation is given by(E®), where prior is given by
a prediction equation, likelihood is given by a sw@&ment model, and evidence is the

normalizing constant in the denominator.
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likelihood.prior

p(Zrl|x ) (XK Z1:-1)
Eq. (2.
p(Zk|Z1:k-1) a. (2.3)

posterior = => p(Xx|z1:4) =

evidence

wherep(zx|z1.4-1) = [ p(zi|x) (x| 21— 1) dx.

2.2.5.2 Kalman Filters

Bayesian analysis, in principle, can be appliegtanous situations, in particular
for cases, where simple closed-forne.( natural conjugates) results are available. In a
linear state space model, when the posterior digidn of an unknown at time — 1,
p(xr_1]zx—1) and the measurement noise are both Gaussian, tieemetw posterior
p(xx|z,) also becomes Gaussian and can be computed exadlyfinear state space
using Kalman filter. In the literature, Kalmantéits have been effectively applied to
various research areas including economy, radampuater vision, navigating and
tracking a target, robot localization, and audia adeo localizations (Cheung, 1993;
Bahmani and Brown, 2004; and Gehrig et al., 2005).

While Kalman filter presents an exact optimal <Solut for the posterior
distribution, required assumptionse(, Gaussian noise process and linear state space
model) are highly restrictive and not realistic foany real world systems. When the
process to be estimated or the measurement redhtpro the process is non-linear,
Extended Kalman filter (EKF) can be used to appr@ate the exact optimal solution.
The EKF, basically, linearizes the non-linear psscenodel about the current first two
moments of the statei.€, mean and covariance). Unfortunately, the linear

approximators to the nonlinear functiong.( derivation of the Jacobian matrices) can be



Table 2.4: Comparison of Bayesian Filters

71

Kalman Filter
(Weng et al., 2006;
Linsker, 2008)

Extended Kalman Filter
(Julier et al., 1995; Ozbek and
Ozlale, 2005)

Unscented Kalman Filter
(Wan and Van der Merwe,
2000; Kandepu et al., 2008)

Grid Based Filter
(Martinez et al., 2007)

Particle Filter
(Liu, 1996; Arulampalam, 2002
Doucet et al., 2000; Ridgeway
and Madigan, 2003)

Gaussian noise
process

Gaussian noise process and
non-linear state space mode

« Gaussian noise process

state space is discrete

any state-space model

Assumptions . . | * non-linear state space number of different (Gaussian, Non-Gaussian,
» linear state space * all transformations are quasi L . .
. model states is limited linear, non-linear)
model linear
. . » suboptimal, » suboptimal, . : .
Solution * exact, optimal . . exact, optimal » suboptimal, approximate
approximate approximate
as dimensionality of
state space increases,
. : computational cost of
 linear approximators to the .
. . the approach increase
nonlinear functions can be .
complex dramatically » degeneracy problem: after g
. o o . state space must be few iterations, most particleg
. * linearizations can lead to « fails if we have bimodal / . . .
* assumptions too N D . . predefined and, have negligible weight (the
Drawbacks o filter instability if the time multimodal pdfs and/or o
restrictive . . therefore, cannot be weight is concentrated on a
step intervals are not heavily skewed pdfs . .
- partitioned unevenly tg few particlesonly)
sufficiently small ) !
- . give greater resolution
« difficult to implement and N .
in high probability
tune . .
density regions, unless
prior knowledge is
used
Sensor Variety |« low * low » medium high  high
Ease of _ : : :
* medium e low * high medium * high

Implementation
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complex causing implementation difficulties and ¢ea&d to filter instability if time step

intervals are not sufficiently small (Julier et, 41995).

2.2.5.3 Sequential Monte Carlo Methods (Particle Rers)

Sequential Monte Carlo methods update the estinwdtessterior distributions as
new data arrives. Particle filters are definedeguential Monte Carlo methods based on
point mass (or “particle”) representations of pttabty densities, which can be applied to
any state-space model and generalize the traditisdt@man filtering methods
(Arulampalam et al., 2002). Major comparison oégé traditional Kalman filtering
techniques is provided in Table 2.5. Although thlerementioned filters are not
explained in a detail, particle filter is explainida detail in this section as it is a major
technique leveraged in our work.

If a natural conjugate prior does not exist or ¢h&s not a suitable way of
representing the available prior knowledge in dipalar case, the Bayesian analysis can
be carried out by numerical integration, which @nputationally time consuming. In
such cases, Particle filters represent the post@robabilities by a set of randomly
chosen weighted samples, where random selectisaroples is enabled by Monte Carlo
simulations (to approximate integrals). The appration depends on the ability to
sample from the original distribution depicting gstem behavior. Almost sure
convergence to a true probability density functiemssessed as the number of samples

increases (Muhlich, 2003).
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Particle filtering uses importance sampling (segabnto filter out those
“particles” that have the least posterior massraifteorporating the additional data.
Importance sampling is a general Monte Carlo metbod¢domputing integrals. When a
sampling mechanism is not readily available for‘tlaeget density”, but one is available
for another “sampling density”, we can use imporersampling where the relevant
distribution is contained in the pairs of samplad aveights i¢e. particles). It has been
demonstrated in the literature.q, Liu, 1996; Arulampalam et al., 2002; Doucet et al
2000; and Wan and van der Merwe, 2001) that thiecpafilter approach greatly reduces
the number of data accesses while maintaining ateparameter estimates.

During the past two decades, several SequentialtéM@arlo algorithms have
been developed to attack different problems fromious aspects. Some of these
algorithms emphasize solely importance samplingMarkov Chain Monte Carlo
(MCMC) sampling, whereas some others emphasize toenbination to obtain faster
and better results. Practical applications ofeéhs&sidies include target tracking (Gordon
et al., 1993), enhancement of speech and audi@lsigm digital environment (Godsill
and Rayner, 1998) and integrating multi-resolunoetrology data (Xia et al., 2008). As
an example of these studies, Vo et al. (2005) ésshblishes a relationship between finite
set statistics and conventional probability. Thehey build a principled and
computationally tractabl&equential Monte Carlo multi-target filter that neakuse of
data coming from various sensors. Here, the inapgd distributions should be chosen

to minimize the conditional variance of the weight&lthough their initial results look
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promising, the viability of the proposed approaerads to be tested in real and complex
applications (see Table 2.6 for comparison of th&va mentioned studies).

As mentioned earlier, in our work, we are interddte preventive maintenance
and part routing scheduling problems in supply mhai Effective online scheduling
mechanism based on DDDAM-simulations requires egton of the state of a system
that changes over time using a sequence of noisggumements made on the system. In
this study, we attempt to estimate the posteriobability distribution of the states of our
dynamic systemie. manufacturing supply chain) in the best possivky given
measurements. Continuous-time Markov chains (gliscstate space) are leveraged to
model the states of the components of the dynaysiess considered in this study. This
estimation, which is made via Sequential Monte €anlethod, is crucial as it enables

near optimal fidelity selection in the proposed DEND-simulations.
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Authors Year | Application Problem Assessed Output Benefits Limitations/Areas of Improvement
Andradottir | 2000 | Simulation | Application of Bayesian | Bayesian generalization| « Bayesian ideas used in  Results are checked by their
and Bier models ideas to simulation of the confidence verification and validation of conformance to prior
interval approach to be | simulation models (output expectations/distributions, hence
used when data on actual analysis) and input analysis approach is inapplicable to cases
system are not available where they are not known
Ridgeway 2003 | Modeling of| Bayesian analysis of Methodology for making| ¢ Allows to stop when parametere More empirical work needs to
and Madigan web traffic | massive datasets Bayesian analysis of uncertainty drops below a undergo to test its limitations
and robotics massive datasets feasible tolerance limit » Approach might not be applicable to
while using importance | < Parallelization is possible with  high dimensional applications where
sampling and ease throwing data away might be costly
rejuvenation ideas » Convergence of MCMC
sampler
Xia , Ding 2008 | Modeling of| Integrating multi- Bayesian hierarchical | « Enables use of both low and Misalignment between data points
and Mallick multilevel resolution metrology data model for integrating high resolution data of different resolutions should be
or relational multi-resolution « Saves from computational accessed in detail
data metrology data resources while predictinge Study can be extended to involve
accurate results (efficient) various resolution levels (low,
medium, high etc.)
Doucet, 2005 | Multi- Establishing the SMC implementation of | « Demanding task of computinge Viability of the proposed approagh
Godsill, and sensor relationship between the probability probability densities of random needs to be tested in real
Andrieu Multi-target | finite set statistics hypothesis density filter | finite sets is achieved via applications
Filtering (FISST) and FISST  Importance distributions should be
conventional probability « A principled and| chosen so as to minimize the
that leads to SMC multi- computationally tractable SMC (conditional) variance of the
target filter implementation of the Bayes weights
multi-target filter is developed
Linsker 2008 | Neural Learning via Kalman Artificial neural circuit | « Circuit is built to enablg « The computational tasks considered
Networks prediction or control in | and algorithm that comparison with aspects of are in primitive stage
(NN) recurrent Neural Network operates in parallel biological neural networks, ¢« Association between certain types
algorithm systems consisting of particularly in cerebral cortex of computational tasks and specific
simple processors and (CO) architectural features in NN’s can be

has learning capability
via Kalman prediction
and control

effect of
computational tasks on th
resulting NN architecture

restrictive

Design enables analyzing the

.
e

circuitry and signal flows

studied in broader context

CC signal flows and thei
sequencing used in the study as W
as CC connectivity are incomplete

!
ell
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CHAPTER 3

SEMICONDUCTOR MANUFACTURING SUPPLY CHAINS

In this section, we first discuss two differeppes of supply chain configurations
(collaborative and competitive) and explain how greposed DDDAMS methodology
can be applied to them. Next, we provide an oesvvbn semiconductor industry,
manufacturing processes, and semiconductor supgiyns, which have been selected as
a specific application to illustrate and demonsttae proposed work in this dissertation.

Supply chain systems, in general can be of twaegy 1) collaborative or 2)
competitive. Collaborative supply chain systems asually comprised of echelons,
which belong to the same company, and thereforeinghaof information is not
constrained by security issues and/or confidetyialiandards among the echelons. On
the other hand, competitive supply chain systemescamposed of echelons, which in
general belong to many different vendors or comgmniConstruction of dynamic data
driven simulations (using grid computing) for thodiferent types of supply chains
involves two major differences. First, in simutets of collaborative supply chain
systems, as the level of the fidelity increases, sansor data accessed from the other
echelons of the supply chain increases as wellouttlany limitation on access to data
(see Figure 3.1(a)). However, in simulations & tompetitive supply chain systems,
access to the required sensor data is restrictethdyegulations and confidentiality
policies of the other competitors (see Figure J)1(bSecond, in collaborative supply

chain systems the computational resources fronpdnmers are pooled and then by help
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of grid computing, these resources are distribuaeabng the elements as needed;

whereas in the competitive supply chains, compunati resources are being shared only

among particular parties who are registered folabokration to some extent. Hence, in

terms of managing the computational resourcesnglesiresource manager is adequate

for all of the partners of the collaborative supphain while distinct resource managers

are needed for each group of parties that shareegmirces in the competitive supply

chain systems.

In this dissertation researchalbotiative semiconductor supply chain

systems are used to illustrate the proposed approdowever, the proposed framework

can be applicable to both configurations (and torengeneral cases) when the

distinctions explained above are taken into comaiuten.

Supplier 1 (Product 1) Supplier 2 (Product 2) Manufacturer (Product 1&2)

Grid Aware Grid Aware Grid Aware
Senvice Service Service
CR1 R2 CR3
CR2
CR1
CR3
Resource Pool Legend
; i < Grid information messages|

Resource Manager — » Production flow

Web Services CR Computational Resource
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-
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~~.
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~~.
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Service
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Figure 3.1 (a): Collaborative supply chain;

3.1

(b) Competitive supply chain

Semiconductor Manufacturing and Supply Chains

Semiconductor industry is formed based on the aijmars related to the design

and fabrication of semiconductor devices.

Semiootat devices have become a
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significant part of our lives and their use hasr@ased dramatically during the last 15
years. Today, semiconductor devices are used mpoaters, phones, automobiles,
military applications, and manufacturing industyiead their further use is predicted to
grow larger in next several years, and most probabldecades. The semiconductor
industry was formed around 1960’s, and outgrowiartmund $300 billion market as of
2009 according to the KPMG report. Intel Corpamathas dominated the worldwide
market with around 13% of the market share follolwgdamsung electronics with a 7%
market share, Toshiba Semiconductors with 4%, Texasruments with 4% and

STMicroelectronics with 4%.

Overall, the semiconductor industry stands outmfr@ther manufacturing
industries due to its strong affect in the Unitadt& as well as world economy. It
constitutes the backbone of technological progfesthe whole electronics value chain.
However, this requires a rapid change and constamrovement in production
performance in the market€., short life cycle of products). For instance, #iee of a
wafer has increased from 50mm to 300mm in diamieten 1965 to 2000, where the
number of circuits (also known as die or chip) gneged on a wafer has increased from 2

to more than 1,000,000 in about the same timesre Figure 3.2 and Table 3.1).

Table 3.1: Circuit integration of semiconductorsytesy from Quirk and Serda, 2001)

Semiconductor Number of

Circuit Integration Industry Time Period Components per Chip

No integration (discrete components) Prior to 1960 1

Small scale integration (SSI) Early 1960s 210 50

Medium scale integration (MSI) 1960s to Early 1970s 50 to 5,000
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Large scale integration (LSI) Early 1970s to La®& s 5,000 to 100,000
Very large scale integration (VLSI) Late 1970s tie 1980s 100,000 to 1,000,000
Ultra large scale integration (ULSI) 1990s to prese > 1,000,000

asm le die (chip ¢
circui ) on a wafe

nte =1
: : Q pen““‘“"“\ 2

50mm  100mm 150mm 200mm 300mm
(1965) (1975) (1987) (1992 (2000)

Figure 3.2: Microprocessor chips (courtesy fronelimtorporation and Advanced Micro
Devices)

A brief overview of the considered semiconductqomy chain components are
depicted in Figure 3.3 (a). The first echelon isader fab, where the raw silicon wafers
are formed. The wafers are then sent to the semimior die fabs, where multiple
layers of circuits are developed on the siliconexadnd they are cut into individual chips
called dies. The dies are transferred to an adyesnb packaging fab to be packed into
integrated circuits. In the considered supply chave aim to find best possible
preventive maintenance schedules and part routihgdsiles within a die manufacturing
fab in particular while its extended informationvl network covers both the downstream
and upstream members of the same supply chainurd=§}3 (b) depicts the highly re-
entrant flow (a major cause for dynamicity in therkvarea) among the following major

areas in this die manufacturing fab:
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» Diffusion — injection of ions/atoms into the silicavafer

* Photo — use a mask to embed a circuit onto theriengilicon wafer
» Etch — dissolve unexposed silicon layers to craatecuit

* Metals — deposit metals to enable contacts andumtivé paths

* Probe — test area to check quality of die on wafer

‘_ - . e Re-entrant
Wafer Fab Semiconductor Die Assembly & *
Manufacturing Fab Packaging Fab @
Q ?"': } pont # = Flows
L Qs Y yb{ o |

Figure 3.3: (a) Semiconductor supply chain; (b) Re-entrant flow in a die fab

\'}

The die manufacturing fab considered in this stomlysists of ten production cells
each with ten machines (100 machines in total), resbeach machine utilizes nine
measurement sensors of various types. The faal@nufactures six product families
(see Table 3.2). Each family is assumed to haffereint process flow. It should be
noted that the processes mentioned above can bategpup to 20 times when producing
a single wafer depending on the complexity of thieuits involved. The process plan
itself varies across each of the product types.feW§aare transported between machines
in lot boxes with capacity of 24 wafers. Each gsxcis carried out in one of the ten

areas and is served by a central maintenance t@aere are specific area experts within
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the team who cater to specific areas such as aiffus Each area is responsible for

avoiding possible accumulations or rapid increasegs own work-in-process (WIP).

These experts are also responsible to reduce bVéralin the facility, which reinforces

the importance of the communication within the nemance team in order to prevent

avoidable delays due to machine break-downs thrpog¥entive maintenance (PM).

Table 3.2: Different product families with re-emttdlows

Process 3] 4] 5] 6] 7] 8 9 10 11 12 13 14 15 16 017 |18 |19
Product M|M|Ph| E| M| D| E| Pr
Family 1
Product Ph| E| D| M| E| Prl PI
Family 2
Product Ph| D| M| M| E| Pl PH D E
Family 3
Product E|lph| M| D| Pnl E| M M El Pt D M Ph M Ph M
Family 4
Product M|M|Ph| E| M| D| Ph| E| Pf P
Family 5
Product E|lpPh| M| Pl PH D E M M D H Pr
Family 6
Diffusion (D); Metals (M); Photo(Ph); Etch (ERrobe (Pr)
3.2 Specific Problems of Our Interest in Semiconduor Supply Chain

Preventive maintenance (PM) schedules establigtifgp time frames for

machine repairs in order to avoid unscheduled eaks. Such scheduled downtimes

have lower costs associated with them comparekoset of the unscheduled downtimes.

An effective PM schedule can therefore greatly cedoperational costs of a facility

since it impacts the occurrence of machine breairdo deadlocks, setup costs, and

associated WIP costs.

This way, PM is scheduldl thie objective of minimizing

20
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maintenance and associated costs for all equipmesit time. This interdependence
between maintenance policy and costs leads to @xmpteractions between the other
components in the supply chain and the machinesstat

In this dissertation work, the DDDAMS-based preuwanmaintenance scheme is
built for a die manufacturing fab in the semiconduananufacturing supply chain (see
Chapter 3.1). Afterwards, part routing schedules developed based on the updated
preventive maintenance schedule and machine ailayjlabCurrent PM schedules are
built from historic data and followed over presedbperiods of time. However in a
dynamically changing environment, static operatiamsli PM schedules derived from
historical data are not efficient and flexible. faynically changing equipment status and
facility conditions, varying priorities and size$ @istomer orders result in exposing a
number of deficiencies in this system. This jussifthe need for dynamic generations of
a near optimum preventive maintenance schedulesdbas the most updated data. To
meet certain performance criteria under a particsjygtem configuration such as better
utilization of facility machinery and fulfillmentfacustomer orders with lesser amount of
lead times, it is necessary to create PM schedi#tsise the most current data and direct
job orders to right locations at right times in @lep floor by generating and adapting
their routing plans depending on the dynamic mastufang environment. Exemplary
pictures of the technicians (who also constitugerttaintenance team) monitoring wafers
in an automated wet etch tool and monitoring théevega progress through the fab using
automated measurement tools are provided in Figurdy the photo courtesy of Intel

Corporation.
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Figure 3.4: Technicians monitor wafers in an auti@thavet etch tooI and monitor the
wafers' progress through the Fab using automatessumement tools (photo courtesy
from Intel Corporation)

3.3  Considered Supply Chain Performance Measures

The past literature presents many metrics of supphain performance each of
which helps us identify and understand differemnictioning or processes of complex
supply chains. These metrics can be mainly classihto two classes of metrics which
are namely, 1) functional performance measures2artocess performance measures.
Functional performance metrics are the ones whrehsalely specific to functions of
different units in a supply chain such as purch@ismachining, distribution, and sales
and marketing without any cross-functional consatlens. Process performance
measures on the other hand, maps the performanite @ntire process of servicing or
manufacturing to key metrics. To this end, funcélomeasures provide only a partial

picture; hence functional excellence does not inyigcess excellence. In addition,
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function-based optimization can be disastrous imyneases. Process performance
measures are also composed of two sets of metietigding financial process measures
and operational, non-financial process. Finangiadsures such as market share, stock,
valuation, profits, return of income, and inventaost status are lagging metrics as their
values are determined as a result of past decisittence, the earliest update of such
measures takes at least months. Operational, inaneial measures are on the other
hand, excellent indicators of process health bexdhsir values are determined as a
result of latest decisions made within the suppigiic and their updates can be obtained
as short as weeks, days, and even hours. Ther¢fosedissertation study focuses on
operational, non-financial supply chain processfquarance measures rather than
functional performance measures. Table 3.3 depicts the most practically used

operational, non-financial measures.

Table 3.3: Operational, non-financial performanaasures of supply chains

Operational, Non-financial Measures

=  Cycle time
= Customer service level

«» order fill rate

+» stock-out rate

+ backorder level

¢ probability of on-time delivery
= Inventory levels
= Resource utilization
= Capacity/Throughput

= Quality

» Reliability

= Dependability/Performability
= Flexibility

< volume
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+« product mix
< routing
« delivery time

Selection of the most appropriate operational -firmancial measures is subject to
the specific supply chain considered. In this aede, cycle time is chosen as a supply
chain process performance measure for four reasoRsst, cycle time is an all-
encompassing measure as it denotes either supaity ehd-to-end lead time or order-to-
delivery lead time. Second, minimized cycle timeads to increased customer
satisfaction together with reduced inventory, regliobsolescence and increased quality.
Third, it involves procurement lead time, manufaiciy lead time, distribution lead time,
logistics lead time, setup times for machines, wgitimes, decision-making times and
synchronization times. Inventory reduction andiropt utilization of resources through
accurate forecasting and intelligent use of infdramais the key to lead time reduction.
In addition, load balancing, optimal resource alomn and strict control of processing
times reduce lead times considerably. In thisedtaton work, in order to minimize the
cycle time throughout the supply chain, the proddd®DAMS methodology is applied
to operations scheduling via online part routingd amaintenance via preventive
maintenance scheduling. Equation 3.1 depicts theratl system objective in a

mathematical form.

min Yie; X jem(Wi; + Pij + Tjj) Eqg. (3.1)
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where J: Set of jobs those need to be processed
M: Set of machines in which jobs need to be processed
W;;: Waiting time of jobi waiting to be processed in machijne
P;;: Processing time of jobin maching

T;;: Transfer time of job to maching

3.4 Concluding Remarks

In this section, we have first introduced two majgpes of supply chain
configurations (collaborative and competitive) ahscussed the differences on applying
the proposed simulation based control for themenTkve have presented an overview on
the semiconductor industry, semiconductor manufaruyprocesses, and semiconductor
supply chains, which have been selected as a tadgte illustrate and demonstrate the
proposed methodology in this dissertation. Nex,have discussed significance of two
major problems of our interest (preventive mainteeascheduling and part routing
scheduling problem) arising in the semiconductoppdy chains. Finally, we have
explained the supply chain performance metrics tbpn this work. In the next
chapter, we discuss the details of the proposemyarchitecture in the greatest detail,
which will be used to resolve the preventive maiatece and part routing scheduling

problems discussed in this chapter.
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CHAPTER 4

PROPOSED DDDAMS ARCHITECTURE AND COMPONENTS

4.1 Measurements in Sensor Network

Effective control of large scale and complex mantifang systems necessitates
all-embracing acquisition of information about nrajoomponents pertaining to a
manufacturing system, such as the environmentpetgnt, processes, and products. By
acquiring considerable quantities of sensor dastai@ of the system under consideration
can be estimated. While receiving an update faingle sensor data is relatively
straightforward and computationally undemandingcendng updates for various
parameters over hundreds of sensors generatesdargent of data and realization of
these updates becomes computationally intensiverrthérmore, each sensor has a
sampling period based on the dynamics of the phlysigstem. Therefore, if concurrent
access to data which can be obtained from diffesmmsors having diverse timing
constraints is needed, it turns out to require iooous real-time monitoring, which is
even more demanding computationally. To lightem ¢cbmputational burden, while at
the same time to lighten the burden in correspandnodeling and analysis, dynamic
fidelities are proposed in this dissertation resiearThe notion of dynamic fidelity allows
for monitoring specific parts of the manufactursygstem in detail while monitoring the
rest in an aggregated manner. Various sensor typgsther with their numbers,

measurement units, and range of possible valueshaken in Table 4.1.

Table 4.1: Details of sensor types/performanceiosetrsed in this study
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ﬁ:ﬂ%cr)r:*l;mZ/Metric Description Range Unit Abbreviation
Temp Temperature [ 60-85] Fahrenheit °F

Press Pressure [190810006] Pressure per square inch Psi

Snd Sound [0-140] Desibel dB
AirQuality Air quality [0-500] Air quality index AQ

Hmd Humidity [0-30] Gram per cubic meter gfm

Vib Vibration [0-10] Desibel dB

PR Production rate [0-1] - -
RawMatSt Raw material status [0-100] Unit -

CT Mean cycle time [ 130-150]] Minute Min

Most of the sensor types that are used in the syset-up of this research as well
as their associated measurement units are comrkoalyn, wherea#irQuality andSnd
might be an exception. The unit of measurementhvts used to scale the data obtained
from the AirQuality sensors is called Air Quality Index (AQI). AQI & standardized
indicator of the air quality in a given locatioit. measures mainly ozone and particulates,
but may also include sulfur dioxide, and nitrogeoxdie. Various agencies around the
world measure such indices, though definitions nchgnge between places. AQI
structure used by the United States EnvironmentateBtion Agency (EPA) is as given
in Table 4.2. Sound sensors are also known asticaensors. Although there are other
measurement units suchtdz (1frequency anddB, the most widely used unit is the unit

that works on a basis of quantifying the sound Ievelative to a predetermined dB

reference.

Table 4.2: AQI structure used by the United St&egronmental Protection Agency

Range for Air Quality Inde
0-50

Definition of Range

Good
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51-100 Moderate
101-150 Unhealthy
151-200 Unhealthy
201-300 Very unhealthy
301-500 Hazardous

4.2 Overview of DDDAMS Architecture and Embedded Adjorithms

The goal of the dynamic data driven adaptive nmadtle system (DDDAMS)
developed in this dissertation research is to aehike effective synchronization of time
and information between the real-system and itsilsitad counterpart (which is used to
perform timely evaluation of alternative controllipes). This synchronization then
leads the simulation to run with the most up-tcedand necessary data while utilizing
computational resources efficiently. In this studg enable such synchronization,
DDDAM-simulations are implemented as real-time dations. The interactions
between DDDAMS (decision evaluator and task gepeifat a real system) and the real
system is depicted in Figure 4.1, where they ingalynamic switching between multiple
fidelities for efficient usage of computational @esces and synchronized monitoring in a
sensor network within a pre-determined time inteifgge 6t in Figure 4.1). At the
beginning of each intervaldf), new measurements are requested from the negessar
machines to be updated within the very next measené interval. To this end,
DDDAMS is realized by changing the number of datairses and data acquisition
frequencies among the supply chain echelons andh@marious departments (and
equipment pertaining to the departments) withinheachelon. Here, a considerable

amount of computational resource is consumed bylaiion due to its execution as well
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as sensor data update to reach such an accurgmethrenized system. Therefore,
DDDAM- simulations should dynamically adjust thdavels of fidelities to assure
synchronization of important information (withouissing any significant measurement)
under limited availabilities of computational resoces. It is noted that a level of fidelity
affects both the simulation execution time as wasllthe time taken to collect required

sensory updates.

Task generation
— Dataflow | ] Operator be---- oo oo (Interrupttask) _ _
-—>
Control flow Detected Available computational
catastrophica| resource
abnormality

Predetermined Assigned fidelity

__________________________________________ IR St A

Real System

1
1
1
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i . i S L--&vElY .
Sensory A|gOIiIthrT1 1 Algorithm 2 Algorithm 3 : :
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abnormality, . Assigned fidelity ¥
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Figure 4.1: Overview and embedded algorithms of DDDAM-Simulatio

As part of the framework proposed in this dissetatfour algorithms have been
developed and embedded into the simulation to enabl DDDAMS capability (see
Figure 4.1). Here, the purpose of Algorithm 1 s filter noise and detect any

abnormalities that may appear in the status ofsirstem based on the measurement of
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the current sensory data (such as temperaturerasdyse). The purpose of Algorithm 2
is to select the proper fidelity level of each cament in the system via Bayesian
inferencing. The purpose of Algorithm 3 is to &gt the available fidelity level of each
component by taking the system level computatioeaburce constraint into account.
This algorithm obtains a matrix which encapsulaétesproper (desirable) fidelity level of
each component discussed in Algorithm 2 as an imgmitwell as the available
computational resource capacity from the grid cotimguservice, and returns a new
matrix which contains the assigned fidelity levet €ach component in the system that
was evaluated at the current time as an outpuge pLinpose of Algorithm 4 is to obtain
optimal control tasks based on prediction (via-fastde simulation or meta-models such
as regression models) of future system performanEer the considered preventive
maintenance scheduling, Algorithm 4 provides recemdations on when the next
maintenance operation should take place. For peations scheduling, it generates
control tasks based on the optimal sequence oatipes. Detailed explanations for each

of these algorithms are provided in the followirgtsons.

4.3  Algorithm 1 — Data Filtering and Abnormality Detection Algorithm

The purpose of Algorithm 1 is to detect an abndstetus of the system based on
the measurement of the current sensory data (sutdngperature and pressure) as well as
the performance data (such as the cell throughgta)).r The generic strength of the
proposed method for this algorithm lies in its @pito spot abnormal data by using the

combination of the X chart for Individuals (Shewheontrol chart, Xie et al., 2002 and
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Cassady et al., 2000) and the Moving Range chahe@/ér and Chambers, 1992). This
combination is often called an X ang,Rr X, ,R Chart (see Figure 4.2). The algorithm
establishes control limits by constantly calculgtia moving average of the recent
measurements that are taken from each data souszla time interval, and is able to
adapt to changing system conditions. The sampke & each measuremenmg(N;) is
determined as part of the operation of AlgorithmvBich is detailed in Section 4.4.

The XmR Chart was proven to be a successful teaeniogr monitoring process
measurements for those situations where successasurements can be assumed to be
independently distributed. Although several ‘rif@-examples showing violation of the
independence assumption can be discussed, inrghetiige of the study the sensor data
is assumed to be either totally independent oretated up to some small extent which
the Moving Range chart is able to handle. Thiwieatstrong assumption has been
relaxed when we revised Algorithms 1 and 2 into single algorithm during the second
stage of this study (see Section 4.5). The auteladion of the current measurement data
used in this study tends to be low since systetustdynamically changes due to the
effect of various factors and does not show anydtreuch as repetitive patterns or non-
random behavior. Yet, as mentioned, this algorihaiuty is placed on a particle
filtering algorithm in later sections in order taridle serially-correlated and/or auto-

correlated data.
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Figure 4.2: Operation of Algorithm 1

Algorithm 1 detects two types of abnormalities,medy abnormality, and
catastrophic abnormality. If a single measurementhe newly updated dataset goes
beyond the warning limits but is within the conthohits, it is called abnormal. In this
case, the abnormality condition is notified to Aigfam 2, which then takes an action to
investigate the situation further (see Sectionfdrddetails). If the measurement goes
beyond the control limits, it is flagged as catagshically abnormal and when this
happens, Algorithm 1 alerts an operator/managearofincident requiring immediate
attention. This can be considered as an intertagk as opposed to the regular tasks
generated by Algorithm 4 (see Section 4.5 for ¢®tailn our work, the control limits
used to assess incoming data are not calculatddatiteast one hundred data points are

received i e., initial sample size is set fé, = 100). Therefore, a short training period is



94

required to establish proper control limits. Dgrithe training period, only basic checks
against out-of-range values are performed on thetidata.

In this work, Algorithm 1 has been implemented Vasual Basic (VB)
Application and plugged into the Arena® simulatiomdel using a Visual Basic
Application (VBA) block. The Algorithm 1 module alled with a timestamp and latest
data points, and returns filtered data value.lslb atores past data points in the database,
which is constantly updated at the rate of whictv sgstem measurements are taken. In
the preventive maintenance and part routing apicaconsidered in this work, during
data collection, three text files (as a form ofadh@tse) keep data from each sensor on each
machine. They are (1) parameter_history file.txtwhich stores the latest valid
timestamps and data points of sig (2) parameter_last_valid.txt — which stores the
very last valid timestamp and data point; (3) patan consecutive bad_data.txt —
which counts the consecutive bad data points redeivlhey are located in the system
hard drive, are accessible by any other part ofsysem, and are updated each time
Algorithm 1 is called. These text files are geadn any given sensor for any given

application.

4.3.1 X Chart for Individuals and Limits

X charts for individuals are used for testing stabibf the mean operation by
calculating averages at regular intervals in tinoenf samples of sizN, which are taken
at each time step. I charts for individuals, a center line is deterrdirieom either a

target or specification value to monitor whether are “on-specification”. Reference
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data set is average of sample averages for datalgstted when a process was operating

normally (see Eq. (4.1)).

X = z_v_s g.64.1)

Control limits forX charts for individuals are determined using therage range
during normal operation, which is a reflection afual process variability. Steps to
compute these limits according to Shewhart’'s pregageneral model for control charts

are as follows:

R = | Xpmax — Xmin| forrangeR) Eqg. (4.2)

UCL=pu+ \/31% =X + djv_s for upper control limitJCL) Eq. (4.3)
CL=p =X for center lineCL) Eq. (4.4)

LCL =u— jz% =X — ;—jN_S for lower control limit LCL) Eq. (4.5)

4.3.2 Abnormality Detection Rules

Control limits are used to determine if the serdata is under statistical control
(i.e., is having consistent output). The Western Elec@ompany (WECO) rules, which
are summarized below, are employed as part of ¢geesidn rules for detecting "out-of-

control" or non-random conditions on the contrchts.
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Rule 1:If one data point lays more than three standawiatens from center line, then

signal “abnormal”.

Rule 2:If two out of three consecutive data points lietbe same side of the center line

and are more than two standard deviations away &@mter line, then signal “abnormal”.

100.0 - @ 100.0 -

ucL ucL
75.0!—-<TT—/—- 75.0-—<—P ———————
50.0 \/ cL 50.0 CcL

2550 === —————— 250 m = —————————

0.0 T T T 0-0 T T T

0 40 80 120 0 40 80 120
Measurement Measurement

Figure 4.3: Graphical representation for WECO Rdlesd 2
Rule 3:If four out of five consecutive data points lie the same side of the center line

and are more than one standard deviation away ¢emter line, then signal “abnormal”.

Rule 4:If eight consecutive data points lie on the sarde of the center line, then signal

“abnormal”.
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Figure 4.4: Graphical representation for WECO RGlesid 4

4.3.3 Moving Range Charts

In this study, moving range charts are employeobtain a measure of dispersion
for X chart limits and monitor consistency of variationthe process. The step by step
computation of this chart is shown below in Eqs6)4hrough (4.9). Each time a new
data point becomes available, it is checked wheithes within the upper and lower

limits. If itis not, it is detected as abnormal.

MR = |X; — X;_4| for moving range (MR) Eq.q%

AMR = MR = ﬁzyiz |X; — X;_,| for average moving range (AMR)  Eq. (4.7)

UL=u+30c=X+ % for upper limit (UL) Eq. (4.8)
= 3MR -
LL=pu—-30=X— T8 for lower limit (LL) Eq.(4.9)

4.4  Algorithm 2 - Fidelity Selection Algorithm
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Among the algorithms developed as part of thisedtasion, the fidelity selection
algorithm intends to determine a proper fidelitydeof a simulation model (and the
entire DDDAMS system) and plays a crucial role e tDDDAMS architecture for
several reasons. First, it enables the simulgtoadapt to changing system conditions
considering the timely available computational teses. Second, it determines how
much information is necessary to appropriately novrand control the system while the
conditions evolve over time. Depending on a spetifidelity, the simulation retrieves
corresponding data from various types of sensasepl throughout the shop floor and its
partners at corresponding frequencies. Third{ asa main decision-making module in
the DDDAMS architecture, its accuracy affects perfance of the overall system
(governed by the DDDAMS-based planning and congtalicture) most significantly.
Fourth, a successive and rigorous computation ch sdecision-making algorithms,
which are developed for large-scale, dynamic andnptex systems, consumes
considerable amount of computational resourcesyevite efficiency and parallelization
become of primary importance for realization of gineposed architecture in a real-world
distributed computing setting. During the init@d¢velopment stage of the DDDAMS
framework, the fidelity selection algorithm was lreed via Bayesian Belief Networks
(BBN). However, during the later stages it hasnbee-developed by incorporating
particle filters along with newly proposed resamglirules. The reasoning behind the
development and revision of both algorithms areitket in the following subsections

(see especially Sections 4.4.1 and 4.4.2).
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4.4.1 Stage 1: Fidelity Selection via Bayesian Belief Ngbrks

As mentioned before, the goal of Algorithm 2 iss@dect a proper fidelity level of
each component in the system via a Bayesian BN#fvork (Jensen, 2001; Pourret et
al., 2008). It takes the filtered data as inpwatrfrAlgorithm 1 and outputs a matrix,
which captures the proper fidelity level of eachmponent €.g, machines). For the
preventive maintenance and part routing selectigpli@ation; considering a specific
machine, if the status of a parameter that comem fAlgorithm 1 is abnormal,
Algorithm 2 determines the most likely interactipmgich might have caused this result
and accordingly selects the parameters (sensoy whtaeh are needed to be measured in
more detail.

A Bayesian Belief Network (BBN) has been emploj@dseveral reasons. First,
the BBN is an increasingly used model to embody @dheve mentioned cause/effect
interactions via a directed acyclic graph whose esodepresent variables and arcs
represent statistical dependence relations (camgditi distributions) among local
probability distributions and these variables, githe values of their parents. Second,
BBN provides valuable analysis even if some infdfarais uncertain. Third, via the
usage of BBN, the possible parental causes forbgerged event (result) can be traced,

which results in an increasingly intelligent BBNyatithm.



100

O Normal State

O Abnormal State

Praiore=0.7
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Figure 4.5: BBN for fidelity selection

In a BBN, the absence of an arc between two viesamdicates conditional
independence, that is, there are no situations hittwthe probability of one of the
variables depends directly upon the state of therot In a BBN, all variables that are
important in modeling of the system should be idellt Causal knowledge and prior
knowledge should be used to guide the connectiaatenn the graph and to specify the
conditional distributions, respectively. Causabwtedge in this context means linking
variables in the model in such a way that arcs fe@ad causes to effects.

In a general probability modet.g.BBN), a random variable can take on a set of
different values that are mutually exclusive anaastive. While probability theory as a

whole can handle both discrete and continuous mandariables, in this study only
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discrete random variables with a limited numbepadsible values are considered due to
excessive data required for constructing a BBN.

Before an inference is performed, the conditigorabability for every node given
its parents should be knowrn the first stage of our research, all the comeidenodes
are discrete (as mentioned in the previously) arwbraditional distribution between a
node and its parents is modeled as an empirictlbditon.

In a BBN, nodes can represent any kind of varighlgh as a measured parameter,
a latent variable or a hypothesis (for any genapglication). In our work, nodes
represent the dynamically updated sensor datadohn enachine. Construction of the
BBN for a specific system should be performed byoaain expert who is capable of
determining the relationship and its degree betwéenparent and child nodes. Even
though the BBN used in a running application cannbmdified both in terms of the
relationships between the nodes and the degrettesé relationships depending on the
offline analysis of results and expertise opinithe, BBN considered in our work is static
in the sense that its structure does not changandigally. The BBN and sensors used
for each fidelity level in our model are depictedrigure 4.6 and Table 4.3, respectively.
In Fidelity 1, data coming from six sensors areduskn Fidelity 2, six additional sensors
are activated and the number of sensors used sesda 12; and in Fidelity 3, a total of
15 sensors are used to determine the current systos by computing the mean time
between failures and current cycle times of machin&Vhile three specific levels of
fidelity are considered in this work, the numberefels can be numerous in a generic

sense.
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Figure 4.6: BBN for fidelity selection

Table 4.3: Sensc used for each fidelity level

Sensor nan Description Fidelity
Temp! Temperature sensor|l 1
Vibl Vibration sensor 1 1

Presl Pressure sensor 1 1
Sndl Sound sensor 1 1
Humd1 Humidity sensor 1 1
AirQuall | Air quality sensor 1 1
Temp: Temperature sensor|2 2
Vib2 Vibration sensor 2 2
Pres:. Pressure sensor 2 2
Snd2 Sound sensor 2 2
Humdz Humidity sensor 2 2
AirQual2 | Air quality sensor 2 2
Temp: Temperature sensor|3 3
Vib3 Vibration sensor 3 3
Pres3 Pressure sensor 3 3

Table 4.4 depicts theéhierarchical structure of a BBNor the conditiona
probabilities of a specific parameter (sot. In Table 4.4, thaitial values are based «
the historical data and, as new measurements kea,tthese values are updated. F
specific machine, if the status of arameter that comes from Algorithm 1 changes f

normal to abnormal, the probability of the abnormsi@te of the parent node is alte
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based on Bayes’ theorem and vice versa. By danganditional probabilities related to
the parent/child nodes are updated and the maosly likteractions which might have
caused abnormalities are determined. If a conwitigrobability is beyond its upper
threshold value, then the fidelity level is incredsy one, which causes the model to be
more detailed. Similarly, if a conditional probltlyi happens to be lower than its lower
threshold value, then the fidelity level is decezhby one, and the model is switched to a
more aggregated one. Selection of both the upper@wver threshold values for each
fidelity level should be made by the experts argteay analysts. While this selection can
change dynamically as mentioned earlier, in oucifpecase study, the upper and lower
threshold probability values were set to 0.4 arid fespectively, in an arbitrary manner

for all levels of fidelity.

Table 4.4: Hierarchical structure for the condiibprobabilities of “sound”
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Parent Hode(s) Sndl
=nd2 Pres3 Pres2 Vib3 Vib2 _M bar charts
Nomnal |oomal |l 093 ool |
Marmal Abnarmal || 0.7 03 |__
Abnormal Marmal 0.8 02 |__
Marmal BSbnormal || 0.7 0.3 |__
Momal Marmal 07 03 |__
Abniornal Abnaormal || 0B 0.4 |
Abnaormal Narmal 0.6 0.4 |__
Mormal Abnormal|] 06 0.4 |__
Marmal Mormal 0e 0z |__
Marmal Abnormal || 0.7 03 |__
Abnormal Narmal 0.7 0.3 |__
A —— Abnaormal || 0.7 0.3 |__
Marmal Mormal 0e 02 |__
Abnarmal Abnormal || 0.7 0.3 I Il
Abnormal Narmal 0.7 0.3 |__
Shnommal || 07 02 |__
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Abnarmal
Abriarmal Nomal || 04 0.6 |
Abnorrnal bbnormal || 0.4 0.6 . |
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Marrmal Abnormal | 0.5 0.5 [
Abnormal Marmal 04 06 |-—
Abnormal Abnarmal | 0.4 0E |-—
Momal Marmal (1] 05 |-—
Abnorml Abnomal|| 0.4 06 T
Abnormal Narmal 0.4 LB |-—
$

In our implementation for PM, data for fidelity kvl is collected from six
sensors namelylemplVibl, Presl, Sndl, Humdl, AirQualee Figure 4.6). If any of
the sensors has a probability greater than 0.4ofafad), then the node is decided to be
critical and hence needs more detailed observatitinthe mentioned sensor is not
included in the current fidelity level, then thédiity level is increased. Let us consider
an example derived from Figure 4.6 where we comnsadsingle machine whose initial
fidelity level is 1. In this example we assumedcsfie probability values for the sake of

illustration. Here, let us assume the conditiqgprabability that Pres2is abnormal when
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the sensor data forempl Presl Sndlare normal’ is 0.0li.e., p(Presz=Abnormal |
Templ= Normal,Presl1= Normal,Snd1= Normal) = 0.01. However, the conditional
probability increases to 0.2 when the sensor datRreslis abnormal whil&dempland
Sndlare normalj.e., p (Pres2=Abnormal [Templ= Normal,Pres1= Abnormal,Snd1=
Normal) = 0.20. In this case, the fidelity level this machine does not change because
0.2 is within the upper (0.4) and lower (0.1) tin@sl probability values. The conditional
probability further increases to 0.78 when the sergata forPresl and Sndl are
abnormal whileTemplare normalj.e., p(Pres2=Abnormal |[Templ= Normal,Presl=
Abnormal, Snd1= Abnormal) = 0.78. In this case, the fidelity é&for this machine
increases to 2 because the conditional probabaity).78 is greater than our upper
threshold value (0.4) indicating that an increasthe fidelity level is necessary. Similar
conditioning applies to switches between fideligydls 2 and 3 (see Figure 4.7 for a
complete BBN developed in this work). As such,BN\Band rule-based system can be
developed for any application by modifying the ahtes and parameters appropriately.
This algorithm is hence extensible with certain ricdtions to any generic application

of DDDAMS.
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Figure 4.7: Complete BBN developed for fidelityesglon in DDDAMS framewor

As mentioned before, ithe first stage obur research, all noddnvolve discrete
random variablesand a conditional distribution between a node atsd parents i
modeled as an empirical distribution. Using enggiridistribution is advantageous a
is calculated directly from the actual data andadsy to manipulate. However, thare
also some critical issues related with it. Fitege data used might not be represente
enough to capture aystem behavii in the event of insufficient traini. Second,
sensitivity analysis becomes considerably difficulthird, results cann be generalized
to other systems. Fourth, modeling dependent bateames difficult. Last, problen

occur while capturing rare but important d
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One way to resolve the above-mentioned issues atiteasame time to handle
both discrete as well as continuous variables isnmploy continuous-discrete filtering
methods (continuous parameters measured at disostémces of time). The advantage
of continuous-discrete filtering model formulatiofi®., Markov chains, particle filters,
differential equations etc.) over a discrete timedel formulation i(e., difference
equations) is that the case of non-uniform sampfireg varying sampling interval) is
naturally included in the model. Non-uniform samglarises in practice, for example,
when processing data from multiple sensors thahatesynchronized. This is common,
for example, in multiple target tracking applicaso The continuous-discrete
formulation is also more realistic than a pure twdus time model, because sensor
measurements are often processed with digital ceenmthich only allows processing of
discrete time measurements.

In the continuous-discrete time models explaineavapproblem can be stated in
a state space form as follows. A transition equatlescribes the prior distribution of a
hidden Markov proces&,, k € N}, so-called hidden state process, and an obsemvatio
equation describes the likelihood of the observat{y,, k € N}, k being a discrete time
index. Within a Bayesian framework, all relevarformation aboufx,, x4, ..., Xx}, given
observations up to and including time k can be iobthfrom the posterior distribution
p(Xo, X1, -, Xk|Y¥0, V1, -, Vx)- In many applications we are interested in ediitga
recursively in time this distribution, and partiatly one of its marginal’s, so-called
filtering distribution p(Xx|yo, V1, -, ¥x). Given the filtering distribution, one can then

routinely proceed to filtered point estimates sashthe posterior mode or mean of the
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state. This problem is known as the Bayesianrifiitgeproblem or the optimal filtering
problem. Practical applications include target kiag, blind deconvolution of digital
communications channels and digital enhancemespeéch and audio signals. Except
for a few special cases, including linear Gausstate space models (Kalman filter) and
hidden finite-state space Markov chains, it is isgible to evaluate these distributions
analytically. From the mid 1960’s, a great deal atfention has been devoted to
approximating these filtering distributions; see #xample Jazwinski (1970). More
recent research has focused on Markov chain inttegrenethods for Bayesian filtering,
which have the great advantage of not being sultige¢he assumption of linearity or
Gaussianity in the model (Doucet et al., 2000). r @axt attempt in resolving the
aforementioned challenges in fidelity selectiore(&hapter 4.4.2) as well as improving
the performance of DDDAMS framework involves thigel of research as detailed in the

next subsection.

4.4.2 Stage 2: Fidelity Selection via Particle Filtering

In Section 4.4.1, we have proposed a skeletomefitelity selection algorithm
using a BBN. As mentioned before, in BBN all thedes are restricted to discrete
variables, and conditional probabilities betweedasoand their parents were represented
via empirical distributions only where the use reyious data may not represent the
entire spectrum of possible system behaviors, barteimportant events may not be

captured and training of each node may lead tosacoEmassive datasets which in turn
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presents quite a computational challenge in a shordunt of time for large-scale
systems.

In this study, to address the above-mentioned sssneghe empirical distributions
and to employ both discrete as well as continucusabkles directly to formulate the
dynamics of systems under uncertainties, we proogeneric, modified Sequential
Monte Carlo algorithm (also known as patrticle filbg algorithm) leveraging Bayesian
inference. It is a continuous-discrete filteringthod (continuous parameters measured
at discrete instances of time) that performs figedielection in a rigorous but efficient
manner. The specific goal of this algorithm isethifold: 1) to extend the structure of
DDDAM-Simulations in such a way to involve numerdigkelities (as opposed to a fixed
number (3) as in Section 4.4.1), 2) to be ableraaligt a system status accurately using
selective, massive sensor data coming from a Iscgke, dynamic manufacturing
environment and hence, to trace back the possdrenml causes for an observed event
in the most effective way, and 3) to perform a pak8ayesian computation for different
portions of a network in order to monitor speciarts of the manufacturing system in
detail while monitoring the rest in an aggregatezhner.

The goal of this algorithm is to develop an enhdn@ategrated) algorithm,
which will replace Algorithms 1 and 2 of our earlfeamework (see Figure 4.1). In this
proposed algorithm, Algorithm 1 of the originalfrawork is not explicitly necessary as
the proposed particle filtering method is able @lofv the system status on time.
Algorithm 1 of the original framework could be keptfilter the measurement data from

noise; however, it would contribute to additionalhoutational burden. On the other
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hand, Algorithm 2 proposed in this work is ablehndle noisy data via its Bayesian
filtering capability. While the Algorithm 2 is btito enable highest computational
efficiency, it is still based on the assumptiont ttesources are always available for data
retrieval and process whenever there occurs a teabtain more measurements in
higher frequencies. Hence, Algorithm 3 (which via# discussed in Chapter 4.5) is still
required to deal with this assumption under thesesly DDDAMS framework. From the
control perspective, the goal of Algorithm 4 (whiefll be discussed in Chapter 4.6) of
the original framework remains unchanged to deneeessary control tasks for the

system.

4.4.2.1 Definition of Fidelities and States

In this study, a fidelity is defined as a measufeaccuracy of a modeli.¢.,
simulation) when compared to a real system. Adithedity increases, the similarity (in
terms of physical and functional aspects) betwédensimulation and the real system
increases. This is enabled via more frequent datiates. While frequent data updates
in simulation is advantageous in terms of accuratgimulation results, it results in
higher computational resource usage and responseefsing) time. Particularly, when
the simulation is used as part of a real-time aiietr for a large-scale, supply chain
(considered in this dissertation), timely collentiof data becomes critical, but harder due
to the sensors spread throughout the distributesmats and high processing
requirements for massive information loads. Inhsc&ses, an appropriate fidelity should

be selected for each subset of the system foritf@agtion efficacy.
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In this study, we intend to obtain an optimal omameptimal fidelity of the
DDDAM-Simulation for each cell in the shop by eftieely using the measurement data.
The measurement data used in this study are otypas: sensory data or performance
metric data (which involves additional processimagda on the sensory data). Table 4.4
depicts various sensor types and performance radthe last three rows of Table 4.4 in
a separate box) considered in this study, togetftartheir numbers, measurement units,
and range of possible values. While the sensoty staows the instantaneous change in
the system component, the performance metric dades the cumulative effect of the
successive changes in the system state or senatay dhe sensory data is only used
when the model fidelity increases as a result okad of a more detailed information
regarding the system behavior. The performanceiendata, on the other hand, is
collected from system componenes.d, machines) and used regardless of the model
fidelity. However, the way the performance mettata is used changes depending on
the model fidelity. For instance, in an aggregdieelity (lower fidelity), we still collect
CT (mean cycle time) data from machines. Howetles, data collection is in a random
manner and we only use an average of them. Thetefee do not necessarily know
from where exactly the data comes frogrg( which machine). Here each data point can
be visualized as a single particle capturing soata tegarding the system. On the other
hand, the sensory data is only requested in hifyjtielities where their origin is known
exactly. In lower fidelities, the sensory datanist requested in order to save from

computational resources.
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Figure 4.8: Definition of simulation fidelity witttevels of decision hierarchy and data
retrieval frequency

In this work, the fidelity of a DDDAM-simulation izpresented by two numbers
separated by a doe.g, 2.3) (see Figure 4.8). The first number indisatee level of
decision hierarchy. At each level, types of theasugements those need to be collected
from various portions of the facility.€., shops, cells or machines) are determined. For
example, “1” denotes the shop level, meaning damaireg from each performance metric
is collected randomly from machines located thraugtthe entire shop. While the data
still have a tag regarding which machine it is asged with, simulation is not

necessarily interested in this information as & kkvel all the machines in the shop are
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assumed to operate under similar conditiores Game room temperature). If it is “2” for
a cell in the shop, the selected fidelity of thewation is in the cell level for this specific
cell, but aggregated for the rest (still in Fidelit). For a cell with simulation fidelity
“2”, data coming from each performance metric idembed randomly from machines
located only in this cell. Similarly, if it is “3for a cell in the shop, the selected fidelity
of the simulation is in the machine level for tisigecific cell, but can be different for
different portions of the shop (either Fidelity2lor 3). For a cell with simulation fidelity
“3”, data coming from each sensor type as well agdopmance metric is separately
collected for each machine located in this celhc©these levels of decision hierarchies
are determined, levels of data retrieval frequesr@ydetermined by the second number.
Although levels for the first selection are predet®ed, levels for the second selection
can change from “1” to infinite, meaning one sindéta or infinite amount of data can be

collected during the simulation execution from eadchine (see Figure 4.8).

Cell/Shop Machine
P(xs[X1)
P (XalX1) p(Xslx2)

P(Xalx2)
0 a e States

P(xalxs)
1: Cell/shop is operating under normal conditions 1: Machine got [0~19] % degraded (Brand New)
2: Cell/shop is operating under abnormal conditions 2: Machine got [20~39] % degraded (Good)
3: Cell/shop is operating under serious conditions 3: Machine got [40~59] % degraded (Normal)

4: Machine got [60~79] % degraded (Abnormal)
5: Machine got [80~100] % degraded (Failed)




114

Figure 4.9: Markov chain property defined in terwmf aggregated states for each
machine, cell and shop

Once appropriate (optimal or near optimal) fidebtiare chosen for each and
every cell in the shop, measurements are performeedrdingly. These measurements
are then used to determine the very next fidelitighich in turn affect very next
measurements in the considered DDDAMS frameworkis process repeats during the
simulation run. Given new measurements, simulatiees them to derive new Bayesian
inferences through the patrticle filter algorithmveleped in this study. In this work,
Bayesian inferences are derived to reflect theesysttatus in terms of machine status,
cell conditions and/or shop statuses based oretigosy data. Figure 4.9 depicts the five
states for each machine and the three states ¢bra and shop as well as transitions
among them. In the considered system, each machmbe only at one of the five states
and similarly, each cell/shop can be only at onehef three states. Once the system
status is determined as such at the end of eadegsing of Algorithm 2, Algorithm 4 is
invoked in order to re-schedule (change the cursehedule) preventive maintenance

and generate operational tasks.

4.4.2.2 Adaptive Sequential Fidelity Selection Algorithm
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Figure 4.10: Operations of particle filter Figdrd1: Acquiring measurement at tirke

Figure 4.10 depicts an overview of the adaptivekbacd sequential fidelity
selection algorithm (core of Algorithm 2 mentionadhe previous section) developed in
this work. At the beginning, the historical dataused to obtain enough number of
samples to generate a prior distribution of theiakdes of our interest. Later, the
algorithm is tuned in a sequential manner as mens@y data arrives. Aggregated state
definitions for the machine level, cell level, asidop level particle filters are shown in
Figure 4.9. In this work, each machine, cell, shdp has its dedicated particle filter.
The switch between these filters is dependent am imoich accuracy is needed in what
frequency during the abnormality detection procesBhere are no jumps allowed
between hierarchical levels of fidelitiese(, a model has to go from fidelity 1.X to 2.X
and then 3.X; immediate jumps from 1.X to 3.X arma @allowed). The posterior
distribution sought here is th¥x|z), wherex stands for the state variables reflecting the
machine’s status in terms of how close it is toadufe, cell's status in terms of

normality/abnormality, and shop’s status in terrhthe same. In additiorz reflects the
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measurement data involving both sensory da& (emperature, sound, vibration, air
quality, humidity, pressure) and performance mettata {(.e., production rate, raw
material status and cycle time) for machine leidlities {.e., fidelity 3.X’s) and only
performance metric data for cell level and shopldidelities {.e., fidelities 2.X’s and

1.X’s).

Table 4.5: Specifications of various fidelitiesluaed in DDDAMS

Fidelity 1.X Fidelity 2.X Fidelity 3.X Ns
Sampling Horizon (T) T=300 time steps T.=200 time steps T,,=100 time steps --
Sampling Frequency (4T) AT=30 time steps AT =20 time steps | 4T,,=10 time steps --
Timefor retrieving single ) ) )
measurement update (3t 3 <ot< Btime steps| 2<Jt<4time steps | 1 <ot < 2 time steps| --
Data type collected Performance metric Performance metric Sensory --
when RMSE <0.1 1.1 21 3.1 5(
when 0.X¥ RMSE < 0.2 1.2 2.2 3.2 60
when 0.Z RMSE < 0.3 1.3 2.3 3.3 70
when 0.3% RMSE <0.4 14 2.4 3.4 80
when 0.4 RMSE < 0.5 15 25 35 90
when 0.5 RMSE 1.6 2.6 3.6 10d

RMSE: Root Mean Square Error of State Estimalion

The sample size of a particle sat)and time for retrieving single measurement
update §t) are determined by the previous level of dataeedét frequency. As the level
of data retrieval frequency increasfs,increases where@s$ decreases in order to obtain
more accurate results in terms of the current syss&atus. Here, regardless of the

computation time of the algorithm, measurement dake. N’ time units to complete

(see Figure 4.11). Computational resources are nstihree separate places. First, they
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are used to retrieve the measurement data frometiletime machinery to the fidelity
selection algorithm (Algorithm 2) (hence the reald simulation). Second, they are used
for the prediction step of the particle filteringgarithm in order to derive the estimated
states of the machines. Lastly, they are useth®update step of the algorithm where
the current model is restored with the usage of mata in order to have better
predictions in the future. Therefore, althoughréasedN, allows us to better estimate
the posterior, it is costly in terms of time andnputational resource usage. As a result,
N, should be kept as minimum as possible while obitgira desired accuracy in
estimating posterior. The time to re-iterate thgoathm from iterationk to k + 1
(sampling frequencyT) is determined by the previous level of decisicgrdrchy. The
specifications of the fidelity levels included iniroDDDAMS work are summarized in
Table 4.5, and details of the algorithm are disedgselow.

In realizing any particle filter algorithm, carefidelection of a proposal
(importance) density is crucial as it determinesimber of particles generated and the
computational expense needed for each of the [e&ticIn importance sampling, a
heavy-tailed density is preferred for the propodatribution. From a Bayesian
perspective, the proposal distributipfx|z) is assumed to approximate the posterior

p(x|z) andq(x|z) 0 p(z|x)p(x). Although it does not take measurements into augou

for its ease of implementation, we accept the pistribution as the proposal density in
this study (e, q(.) = p(Xk|Xr-1)). A sequence of steps of the algorithm is describ

below.
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Step 1: Initialization

The initialization step is held assuming that thare adequate historical measurements
obtained for each of the sensor types as well arpgance measures in order to
generate a prior distribution.
» Setk = 0, wherek stands for the iteration number. Since initidl@a occurs only
once while setting the fidelity selection algorithttbecomes equal to zero.
 Fori=1,..,N,, samplexi~p(x,) Wheren, denotes the sample size atjddenotes
each individual sample drawn at iteration O.

e Setk=1

Step 2: Importance Sampling

 For i=1,..,N,, sampleg~q(x,[xk_1,2z,) where q(x,|xi_,,z,) is the proposal
denSIty a'r]dzé)k = (Xé):k—l'x;.()

Pzl ) (xklxic—1)

* Fori=1,..,N,, evaluate the importance weights= w}_, ——=
a(xilxh 121

* Normalize importance weighs. = w;;/zj.vglw,{ wherez;x are the measurements

from time 1 tok

Step 3: Diffusion (Resampling)

This step is to avoid potential degeneracy probMhere only one particle has a
normalized weight of “1” whereas all the rest haaast zero weight. In this step, the

particles with low weights are eliminated whereasrenparticles in more probable



regions are selected.

given thresholdV,,; =

1

%15, (W2

Figure 4.12.

119

The decision of resampliauy lse made based on different
reasoning (rules). In this work, we have developed stratified sampling rules which
are proved to be exact optimal in terms of minirdiz@riance and minimized bias in
order to improve the performance of this step. ail®bf these new resampling rules are

provided in the next subsection. Here, if the @ffee number of particles is less than a

< Ninreshota, then we perform resampling. Resampling

steps of the algorithms are shown below and a sporeding example is provided in

 Resamplen, particles randomly with replacemery,i=1,..,N,) from the

current particle setxi,i=1,..,N;)

normalized importance weights;

with probabilities proportional to their

* For each particlex i = 1,...,Ny), Setw. = 1/N;

Time k
Xl=2 W,=013
X2 =10 W/ =021
X2=9 W, =023
X'=3 W, =009

—_—

p(X! =10) = 021
p(X! =9) = 023
p(X! =3) = 009

Xe=7 W =031 '

%0 =5 w=o003 Px=7)=03l
~——— P(X =5)= 003
> W, =1
i=1

Set 0OW, = 1

Ne
Time k+1 . ..

State

L] y 5 time
* * * *

*  Particles sampled
* Particles resampled

I Weights

Figure 4.12: Exemplary diffusion (resampling) prese
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Step 4: Sek=> k +1

Proceed to the Step 2 as the next measuremergsrriv

Step 5: Estimate posterior

A discrete weighted approximation to the true pastés computed as(x|z1.x) =

¥ Wi 8(Xoux — Xb.i), wheres are the Dirac peaks.

In this work, the proposed algorithm has been emgnted in MATLAB 7.6.0
(R2008a), where particle filters are embodied ijects. There are separated particle
filters built for each level of decision hierarcfiye., Fidelity 1.X for shop, 2.X for each
cell and Fidelity 3.X for each machine). The depeld particle filter for Fidelity 1.X,
2.X and 3.X determines the optimal fidelity levetlze shop level, cell level and machine
level, respectively. When a particle filter objestcalled from the main simulation, it
runs until it reaches a decision. In order to heaalecision, the algorithm filter part has
to determine an optimum level of data retrievafjfrency first given a desired accuracy
level. It should be noted here that the samplimgizons (e, T) and sampling
frequenciesi(e., AT) are different for each patrticle filter developasi the used sensory
data as well as how fast they are needed are dlifferThe patrticle filter for Fidelity 1.X
samples data from the past 300 time steps, wheite sampling is 30 time steps apart
and time for retrieving single measurement updétg ¢hanges from 6 time steps to as

low as 3 time steps. In addition, the data is @alynpled from the specified performance
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data. However, the particle filter for FidelityX3samples data from the past 100 time
steps, where each sampling is 10 time steps apulttiane for retrieving single
measurement updatét) changes from 2 time steps to as low as 1 timgsstdesides,

the data is only sampled from the specified sendats.

4.4.2.3 Improved Resampling Techniques

As mentioned in Chapter 1, in the decision makinacess of coherent planning
and control of supply chains, effective monitoriagd hence obtaining the latest
information reflecting current supply chain stataisd capabilities becomes critically
important, while not disrupting its ongoing opeoas. However, supply chains generate
massive datasets at each measurement point dukeito large-scale, dynamic and
complex nature, where both the collection and theyais become quite challenging and
computationally intensive. Even though this siwatholds true for the strategic and
tactical levels, it becomes even more obvious ataperational level where the number
of parameters as well as the frequency of updatedoh parameter grow significantly.
In order to enable timely monitoring, simulationsbd analysis, and control of these
supply chains at the operational level in an ecanahand effective way, Celik and Son
(2010) proposed a data-driven adaptive simulatioheme incorporating Bayesian
inferencing by means of particle filters. As mengd in Chapter 2.2.7.3, Particle
filtering defines a class of simulation-based eation techniques, which have been used
to solve various types of sequential Bayesian arfee problems that are encountered in

wide range of areas such as econometrics (Casadn Sartore, 2008; Flury and
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Shephard, 2008), signal and image processing (Btiashal., 2007; Xu and Li, 2007),
robotics (Schulz and Burgard, 2001), and recentpply chain management (Celik and
Son, 2010). In this study, the particle filteriagorithm intends to estimate the actual
fidelity status of the simulations of supply chamembers, which is further used in
preventive maintenance and part routing schedyioglems in the supply chain control.
As mentioned earlier in this section, the idea belthe particle filtering resides
in effective sampling from a sequence of probabiliistributions, and the algorithm is
structurally composed of two major steps includmgortance sampling and resampling.
Resampling, by definition is drawing repeated samgditom subsets of available data
based on a given criteria. It plays a criticakrol the performance of the particle filter as
it may resolve the potential issues of weight degation where after a few iterations, all
but one particle will have negligible weight (Restiet al., 2004) and waste of
computational resources by replicating particlegpiioportion to their weights. In this
work, we enhance the efficiency of the genericiplarfiltering algorithms by presenting
improvements in their resampling techniques, namelgance-based resampling and
bias-based resampling efficiency rules, respedgtivélhen, we revisit a half width-based
resampling rule for benchmarking purposes. Hdtdhase three resampling rules arise
from three distinct statistical standpoints. Theoposed rules are first derived
theoretically and their performances are benchntadgainst the performances of the
resampling rule developed by Kong et al. (1994) half width-based resampling rule
revisited in this work in terms of their resampliggalities and computational efficiencies

using a simulation study.
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4.4.2.3.1 Proposed Stratified Resampling Rules for Particle lRering Algorithms

In this section, our focus is to develop efficieeéampling rules to be used as part
of Steps 2 and 3 of the algorithm given in Chapgtdr2.2. Following the same notation
that is provided before in Chapter 4.4.2.2, we wmwrsa random vectox;, =
[xi,x2, x3,...,xL], i=1,..,N; with new samples of sizeV, for each iterationk.
However, throughout this section, by hiding theexd, we use only the random vector
x = [x},x2,x53, ..., x'] to represent the sample of any iteratioto facilitate explanation.
Here, random variablg is assumed to have the probability density funcpgr) (or
probability mass function) and a functib(x) (which is described below). In Step 3 of
the particle filtering algorithm, our goal is totiesate the expected value of a functibn
of x (e.g., p), where u=E,[h(x)] = [ h(x)p(x)dx, using the Monte Carlo
approximation provided in Eq. (4.10). Hem@, is an unbiased estimate of (see

Appendix A for the proof of unbiasednessigj.

1

=g Xt ) Eq. (4.10)

wherex?!, x?, x3, ..., xNs are independent samples drawn fro(x).

Importance sampling (Kong, 1992; Ristic 2004) sstgestimating properties of
a desired distribution (e.g., the expected valueoim case), while having samples
generated from a different alternative distributrather than the original distribution of

interest when the original distribution is not knowr very hard to generate samples
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from. In this work, we represent that alternatistribution asf(x). Using this
alternative distribution, we can denqteas given in Eg. (4.11), and its unbiased Monte

Carlo estimate,, as given in Eq. (4.12) (see Appendix A for thegdrof unbiasedness

A

of f13).

u=[HEEL F(x)dx = [ hOw(f ()dx = E[h(GOw()]  Eq. (4.11)
i, = M Eq. (H12
w=25Pw) and w(x)= v Eq. (4.13

wherew(x) = p(x)/f(x), andw(x") andw’(x") are the importance sampling weight of

sample and its normalized version, respectively.

The reason behind the introduction of temri(x!) is the fact that while
Efflw(x)] =1, the sample mearw might not necessarily be equal #[w(x)].
Therefore, the termw’(x) is introduced by having a sample mean of one by it
normalized definition, to resolve this bias issaed force w to be an unbiased estimate

of Er[w(x)]. Our estimate of can be represented as in Eq. (4.14).

M) Niszll"s R(xHw(xd) B
Hs3 Ny Niszllvsw(xi)

where z = h(x)w(x) Eq. (4.14)

SN
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In this work, we have developed an improved sietifesampling rule based on
the efficiency of/i; using the ratio ofVars[fi;]/Var,[/;] as a measure of relative
efficiency between sampling from(x) and f(x). In the prior literature (Kitagawa,
1996; Kong, 1992), in several cases, the estimatiothe ratioVarg[fi;]/Var,[i,] is
made via the Delta method which is a generalizedbioation form of central limit
theorem and Slutskytheorem. In some other particular cases, the appation of the
aforementioned ratio highly relies on the first erd’aylor series expansion assuming
that the higher order terms are negligible. Irs thiudy, we relax this quite strong
assumption given the fact that the current sammicguracy has a significant impact on
determining the future sampling steps. In particulve use the second order Taylor
series expansion of ratio of variables in ordeohitain a closed form solution that can be

practically useful and efficient when employedhe particle filtering algorithms.

4.4.2.3.2 Closed Form Representation of the Variance of Ratiof Variables using

Theorem of Taylor Series Expansion

In this section, we provide the proof to obtainlased form formula of the
variance of ratio of variables using the theorenTa§lor series expansion. The widely
known Taylor series expansion of any functgrmf two variables (i.e.g(x,y)) can be
found in earlier derivations shown by Guterman hitécki (2006), and Randall (2006).
In this work, however, we are interested in theliappon of the Taylor expansion in a
variance function of ratio of variables where wekmase of the second order expansion

in particular while the derivation of closed fororinula is provided for any ordar
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Let us consider a function of two variablgéx, y), whose total change of the
function can be due to changes either in varialde variabley. Therefore, ifdx anddy
are assumed to be constant, the direction of th@iamed change in thex, y) plane can

be shown by Eq. (4.15).
dg = dx 22 + dy 22 Eq. (4.15
Next, the chain of equations which derives the sdcmtal differential of the

function g(x,y) by taking the differential of the first total déffential of g(x,y), is

shown in Egs. (4.16).

ag ag g 99
2 _ 5 0(dg) adg) . 2 _ o(axglrayy?) o(axg+ays])
d°g = dx F dy oy d°g = dx o + dy 3y Eq. (4.16)
a(dxa—g+dya—g) a(dxa—g+dya—g) 92 92 92
2 ax dy dx ay) . 32 . __ 20°g g 20°g
d“g = dx — T dy—ay ;d*g = (dx) 2T 2dxdy 329y +(dy) Ees

g 2g\°
d? =(d -~ d—) )
g xo-t yay gx,y)

Here, the generalization of the derivation given Bqg. (4.16) to the total

differential of ordem yields to Eq. (4.17).

n d a\"
dg = (dx5-+dy5) 9(x,) Eq. (417

By using the closed form shown in Eq. (4.17), theyl®r series expansion of

g(x,y) for the neighborhood of the poi(tt, b) can be written as in Eq. (4.18).
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s =g +[c- 2+ G -0 g+i[a-0 2+ o-b2| g+ Eq. (4.18)

At this point, by using the closed form formula simoin Eq. (4.18) for the second
order Taylor series expansion, our function ofaraif variableg(x,y) = y/x can be

approximated via the series of Egs. (4.19)-(4.28uad the neighborhood of the point

(a,b).
gla,y) =y/x q.K4.19)
dg = dxag+dya =[-Z(x—a) +(y = b)] Eq. (4.20
heredx 22 = — % (x — a) and dy 22 = = (y — b)
wheredx 2° = — 5 (x —a)and dy 5= - (y

d?g = dx T2+ dy L = [k —)(Z+ D+ -D(ED]  Eq. (4.2)

6(dg) (_Zay _) and a(dg) (i)

where——= —+ >
dy X

gy =2+ [~ L -+ (- b +5[(x—a) (2 + =) + v = b) (5)] Eq. (4.23

Next, using the closed form formula derived in E422), we first estimate the
variance ofg(x,y) = y/x using the second order Taylor approximation asvshia Eqgs.

(4.23)-(4.24) considering = E[x] andb = E[y].
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—2ab
a3

gy =2+ [-m@ - += (- b+ —a) (S + )+ - b)(5)] Eq. (4.23)

=24 [ —a) + (- b)]

Var(g(x,y)) ~ Var (g + [—%(x —a)+ %(y - b)]) Eq. (4.24)

=Var (g) + Var(—%(x —a) +%(y — b))

9p? 9 3b 3
=0+ mVar(x) + EVar(y) + 2 (——) (z) Cov(x,y)

2a2

9p? 9 9b
= mVar(x) + mVar(y) + gCov(x, y)

Utilizing the estimate of the variance of the fuantg(x,y) = y/x shown in Eq.
(4.24), we then derive the variance estimatgg@f,y) = y/x as shown in Eq. (4.25)

whereN; is the sample size.

__ 9b*Vvar(x) 9 Var(y) 9b Cov(x,y)
Var(ge ) ~ Gy "V, T

Eq. (4.25)

=2 Evarx) + Var(y) - 2 cov(x, y)
_4aZN5(aZ ar(x ar(y —Cov(x,y

4.4.2.3.3 Resampling Rule 1: Variance-based Relative Samplingfficiency Rule

In the resampling step, the goal is to eliminate particles with low weights
while distributing more particles in more probabégions. The decision of resampling

can be made based on different reasoning (ruleshur first contribution of this study,
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we develop a stratified resampling rule, which @imum in terms of minimized
variance, by following the footsteps of a well-knowtratified resampling rule, which
was first proposed by Kong et al., (1994). In théxtion, by using the Taylor series
approximation for variance of the ratio estimate®, develop an improved stratified
resampling rule which focuses on the ratid’afs[/i;]/Var,[{i;] as a measure of relative
efficiency between sampling frop(x) andf(x). To this end, following the explanation
given in EQs.(4.10)-(4.15), we obtain a closed fadan relationship between

Varg[fis] andVar,[f1,] as derived in Egs. (4.26)-(4.29).

Varg[fis] = Varf(%) = ZNS (u*Varg(w) + Vary(z) — 2uCovs(w,z))  Eq. (4.26)

4a

= 4%5 (u*Varg(w) + Varg(z) — 2uCovs(w, 2))

wherea = E¢[w] = 1.
Covp(w, z) = Ef[wz] — Ef[w]Ef[z] = Ef[hw?] —u = E,[Aw] —u  Eq. (4.27)
= Covy,(w, h) + pE,[w] — u
whereh = h(x).

Vars(z) = Ef[w?h?] — E;*[wh] = E,[wh?] — u? Eq. (4.28)

E,[wh?] ~ E,[w]E,*[h] + %Varp(h)(ZEp [w]) + Cov,(w,R)(2E,[h])  Eq. (4.29)
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= u?E,[w] + Var,(R)E,[w] + 2uCov,(w, h)

Then, in our estimate of the variaricery[/i;], the resultant equation becomes as

in Eq. (21).
Var[fis] = % (Var, (h)Ey[w] + u2(1 + Vary(w) — E,[w]) Eq. (4.30)
= %(Varp (,123)(1 + Varf(w))
where”2®™ — yar (4,)], andE, [w] = Ef[w?] = Vary(w) + 1.

Finally, the proposed estimate of the ratio of aatesVare[/i3], andVar,[i;]

reduces to the following.

Varf[ﬁ3] - 2
Varyfa] - 4 (1+Vary(w)) Eq. (4.31)

Similar to the stratified resampling rule develog®d Kong et al., (1994), the
proposed improved stratified resampling rule doesinvolve h(x). This makes the
proposed estimation particularly useful as a measir the relative efficiency of
importance sampling. During importance sampling.(evithin Sequential Monte Carlo
algorithms), the effective sample size in the rgdang stage is defined as below with

Varg(w) being estimated by the sample variance of the ataimbd weights.
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Ny Ny 4N

Varglnz] = 2(1+Varf(w)) - 9(1+Varf(w))
varp[p]  *

Eq. (4.32)

4.4.2.3.4 Resampling Rule 2: Bias-based Relative Sampling Egfency Rule

From the second order Taylor series expansiory(@f y) for a point in the

neighborhood of the poirftz, b), we obtain the approximation given in Eqg. (4.33).
2
9@ =g@bh+|x-a) =+ -bo|g+5[x-a=+ G -b5] g+ Eq. (4.33)

Given our function,g(z,w) = z.w, we determine the first and second order

derivates as shown below.

agzw) ag(zw) _ _ 0%g(zw) _ , 9%g(zw) _ 92g(zw)
az w, aw 7 9zz T " awz T ' awdz 1 Eq (434)

Furthermore, the approximation of our functigr(z, w) = z.w, can be denoted

as follows.

g(z,w) = g(a,b) + b(z—a) +a(w —b) + % [2(z—a)(w—Db)] EQq. (4.35)

=a.b+b(z—a)+alw->b)+(z—a)(w—D>b)

Now, if we take the expectation of this functionolnng thata = E;[z] and

b = E,4[w], we obtain the general open form for the covaganc
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[zw] = E4lab + b(z —a) + a(w — b) + (z —a)(w — b)] Eqg. (4.36)

Eq
=ab + bEy[z — a] + aE4[w — b] + E4[(z — a)(w — b)]
= ab + bEy[z] — ab + aE4[w] — ab + E4[(z — a)(w — b)]

= EglzlEg[w] + EglwlEg[z] — Eglz]Eg[w] + Eglz]Eg[w] — Eglz]Eglw] + Eg[(z — a)(w — b)]

= E4[z]Eg[w] + E4[(z — a)(w — b)]

= E4lz]E4[w] + Covy(z,w)

Now, we switch to the notation used to determineresampling rule as part of

importance sampling. As mentioned earlier in E414), and repeated below is our

variable of interest as the ratio of mean estinsator

where z = h(x)w(x) Eq. (4.37)

. YN/ ad) | mgtat hGDweD
Us N NLSZ;VSW(XL')

ST

The bias of the ratio estimator above can be détexdnas follows using the

proofs from Koop (1951) and Koop (1976), respedyivet should be noted here that we

used the lettef for our particular function of interest rather nhg, which was used

earlier to represent the more general derivations.

Bias(z,w) = Ey[z(- — Ef}W])] Eqg. (4.38)
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1

1 1 z
Ef[Z(;—m)] = —WCOUJC(;,W) Eq (439)

Now, sinceEr[w] = 1, the equation becomes as given in Eq. (4.40).

1 1

Erlz(G — 5w

)] = —Covp (5, w) Eq. (4.40)

Providedz = hw, andEf[w] = 1, our approximation of bias becomes as follows.

—Covy (2, w) = =B [2w]| + E; [Z] Eplw] = —E;[hw] + E; [*2] = —E¢[hw] + E;[n]E;[w] Eq. (4.41)

= —Cov¢(h,w)

Therefore, the square of the bias, which is usuailysidered as part of the mean

square error becomes as the following.

[Bias(z,w)]?* = [Covs(h,w)]? Eq. (4.42)

Finally, given a sample wher& can be evaluated up to a constant, and
Covg(h,w) can be estimated by the sample covariance bettheestandardized weights

and the distributiork, the bias based rule of effective sample sizestadnsidered in the

resampling stage of importance sampling becomésea®llowing.
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N
[Covy(h,w)]?

E4.43)

4.4.2.3.5 Resampling Rule 3: Half Width-based Sampling Efficgncy Rule

Assuming that the initial sample size during thepamance sampling i,
(1 — a) is the confidence level oru where0 < a < 1, g, is the desired half width,
th-1,1-a/2 IS the value of a-score in a two-tailed test witi-value,n — 1 degrees of
freedom using studentsdistribution, ands is our current sample standard deviation, the
probability of obtained values being in between tipper and lower control limits is
given in Eq. (4.44).

N

p <_tn—1,1—a/2 \/LN—S SU—XSTho11-a/2 \/T—S) =l-«a Eqg. (4.44)

The half widthay, is then defined as;, = t,_11-4/25/y/Ns When we replace
Z1_q/2 With t,_; 1_4/, based on the fact that-gistribution with infinitely-many degrees
of freedom is a normal distribution. Now if we w®lthe half width formula given above

for Ny, we obtain Eq. (4.45).

52

N = tr21—1,1—a/2 o2 Eq. (4.45)

To this end, ifN; < Ng, then no further action is required since we cstimate

the mearu with a (1 — a) confidence level using the current sample si@therwise if
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N > Ng, then we will need to increase the sample siz&by N; samples in order to
reach the effective sample size. By the definibbialf width, N, — co with probability
1 aso, = 0. Assuming that the measurement errors are indigomerand identically
distributed, if o, > 0, then P(N; < o) =1 and lim,, ,o P(u+ o, <X < pu+oy) =
1 — a (for details of the proof, see Appendix A). Henttee confidence interval formed

is asymptotically valid as;, reaches to zero.

4.4.2.4 Almost Sure Convergence of Particle Filters

Almost sure convergence of particle filters hashbieeal point to many studies in
the literature while it is not for this dissertatioHowever, in this section we provide the
proof of asymptotical convergence of particle fitebased on general stratified
resampling rules regardless of its speed of comrerg from Crisan and Doucet (2002).
Here, we considew(x{) which is the weight measure associated with thefsparticles
obtained at the end of the resampling step in dréigbe filter described earlier in this
section. If we let(E,d) be a metric space and on this space(dg);~, and(b;):=,be
two sequences of continuous functioagb;:E — E; and k; and k be two other
sequences of functions defines igs2 a;(b;) and kq.; £ k;(k;—_;1 ... (k1)) After the

resampling stepu(is the initial distribution of the function of ietest),

W(Xivs) = cls <at (ch <btW (Xévi1|t—1))>> = kl1vst <W (Xévfnt_l)) Eq. (4.46)

w(x;®) = ks (e () = ks (us)
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whereu™s = ¢Vs(u) andw (i?ﬁ_l):c"’s(bt(w(xiv_sllt_l))).

The theorem of almost sure convergence and itsf gsoterived by Crisan and
Doucet as follows. The analysis on the detailgangsotical properties of particle filters
can be conducted as part of the future work of shugly where we can include the speed

of convergence as well.

Theorem: Assuming that the transition kerkels Feller and that the likelihood function
is bounded, continuous, and strictly positive, thany ., w(x;®) = limy_e, w(x;)
almost surely.

Proof: Sincdimy,__q g™ = i (from XX), thenlimy_ e, w(x;?*) = limy_ e kys (us) =

ki..(w) = w. The proof is complete.

4.4.2.5 Parallelization Scheme

As mentioned in Chapter 4.4.2, for the current expentation, three separate
particle filters have been built for each of thdeerent fidelities (Fidelities 1.X, 2.X and
3.X). Although these three objects can be callethfeach other in the main model, they
are all located at one central computer. Wherptbposed fidelity selection algorithm is
embodied in a DDDAM-simulation for a real distribdf{ large-scale system, this fidelity
selection algorithm can be further split in ordeiatiow process parallelization using the

distributed computing resources. This paralleimaschema can be implemented in two
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ways. First, a separate particle filter can bét lboii each level of data retrieval frequency
instead of the level of decision hierarchy. Thieese filters can be called from the main
model when the situation indicates that it is neags Since each filter has a different
sampling frequency and sample size, the necessay can be selected based on the
need and distributed resource availabilities. Hewein this case, some of the sampling
regions (a shop, a specific cell or a specific nmaghfor sensor data can overlap. For
instance, particle filter for Fidelity 2.4 and 2:&n try to access the same data of the same
cell or machine, which may lead to either over-eagating some specific signals or
repetitive consideration of the same informatiorhe second and more concise way of
parallelization requires keeping the particle fatas they are for each level of decision
hierarchy whereas splitting the data regions ameach fidelity of the data retrieval
frequency. For instance, Fidelity 2.4 samples dadan machines 1, 2, 3 whereas
Fidelity 2.5 samples data from machines 4, 5, Iegofaivhich are located in the same cell
(e.g. Cell #3). This way, no overlap occurs in termstloé sensory data used. In
addition, some of the computational resources sisdine ones closely located to specific
machines can be dedicated to them. Thereforeddibi@nal control system for resource
allocation would be needed. While our work in thissertation focuses on the
realization of the actual sequential Monte Carledsh fidelity selection algorithm
(particle filter for each fidelity), the future worwill include parallelization of the

proposed algorithm based on the implementationmselsiscussed in this section.

4.5  Algorithm 3 - Fidelity Assignment Algorithm
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The purpose of Algorithm 3 is to opt for the avilé fidelity level of each
component by taking the system level computatioeaburce constraint into account.
This algorithm decides the proper fidelity levelezch component based on the desired
fidelity obtained from Algorithm 2 and the currgnthvailable computational resource
capacity obtained from the grid computing servidéerefore, the desired fidelity cannot
be satisfied if the available resource is not sigfit. This algorithm is based on the well-
known Knapsack problem (see Eq. (4.46)), whereathalable resources and resource
requirements for each component are measured te ahicomputational power usage

(Ghz*hr).

min ZiES Cl(l - xl-) Eq (446)
s. t. ZiesRixi <TR

where the corresponding parameters are

S : Set of components that require resource

C; : Penalty cost if the resource requirement for congmti is not satisfied
TR : Available resources (in units of Ghz*hr)

R; : Resource requirements for compone(im units of Ghz*hr)

and the decision variable is
X; . Binary variable indicating resource assignment domponenti (1 if

resource assigned, 0 otherwise)
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Here,R is the function of the desired fidelity level olstad from Algorithm 2,
and is defined for each componeant In this work, the range space (values) of this
function was predefined via offline measurementfoigeit was handed to the grid
environment.

As the objective function denotes, the problenends to minimize the penalty
cost resulting from not fulfilling the computatidn@source needs of each component
(each machine in the PM application). Moreoverthis case, we are unable to increase
the computational resource on hand. Thereforerdier to minimize the total cost, we
first assign the resources to the machines haviegter penalty costs compared to others.
To solve this problem, a greedy algorithm (widelyown heuristic method for the
knapsack problem) by Martello and Toth (1990) isdubecause it is efficient in terms of
the execution time. Their algorithm sorts the gema decreasing order of their penalty
costs Ci) and inserts all fitting items into the knapsacdkhe time complexity is defined
as the sum oD(n) andO(nlogn) for this initial sorting. This method guaranteddeast
half of the optimum result. But, since the penalbst C; for each machine does not
change frequently, the sorting process does nat ttebe performed in every step. So in
this case (the greedy algorithm), the time compyaxecome<(n).

In fact, the above mentioned penalty cost can bBned in various ways
depending on the ultimate performance goal of therall system and the relative
contribution of each component toward this goalavidg higher penalty costs for the
bottleneck machines allows the system to give &édrigriority to those machines in

terms of the measurement frequency and the amdudata to be collected in each
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measurement. Thus, the system can adjust to higffiient operating levels rapidly
against the dynamic working conditions. For thessesons, in this work, higher penalty
costs are assigned for the machines that havenategi the bottleneck problem. To do
so, the expected utilization values of the macharesestimated by the Arena® model as
part of Algorithm 3, and then increased penaltytxame assigned in the order of
increased machine utilization values.

As part of the future research, we will considarious methods of allocation of
the computing resources for each component. Fample, Chen et al. (1997) presents a
gradient approach to optimally allocate the commqutbudget for selection of the best
among the simulated designs. Their method is ogatit upon the selection of the
incremental computing budget where large incremerayg result in waste of resources,
and in contrast very small increments may causeallbeation problem to be re-solved
many times. Another related study has been coaduxy Chen et al. (2008), where they
developed an easy-to-implement heuristic sequealt@iation procedure. This approach
also reveals increased relative efficiency for éargroblems and shares similar goals
with our efforts in Algorithm 3 such as maximizitige probability of correctly selecting
the designsif., machines in our case) and enhancing computatiefieiency for
simulation optimization. Therefore, we will exteadr algorithm considering concept of
optimal computing budget allocation in ranking aselection as part of our future

research.

4.6  Algorithm 4 — Prediction and Task Generation Agorithm
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The purpose of Algorithm 4 is online predictiordaask generation where its aim
is twofold. It provides a real system with 1) neatimal preventive maintenance (PM)
scheduling recommendations for reliability of mas and 2) near optimal part routing
(PR) recommendations for operational efficiencyjaifs (parts) to be processed. This
algorithm is comprised of three main steps, wheep 3 predicts mean time between
failures (MTBF), Step Il updates PM schedules basedhe information obtained from
Step I, and Step Il updates PR schedules basé#ueampdated PM schedules (see Figure

4.14). Details of each of these steps are explaméhis subsection.

Measurement data| Xij Updatechj
from Algorithm 1
rom Algonthm ) _’ Step I: MTBF Prediction using

Fidelity data array Multiple Linear Regressions
from Algorithm 3 =3
1

Vi

y
Step II: Updating
Preventive Maintenance
Schedules

Real System

A

Updated PM
Schedule

Figure 4.13: Operation of Algorithm 4

Step I: MTBF Prediction using Multiple Linear Regs®ns

Mean time between failures is defined as the mamrage) time between
failures of a system, and is often attributed t® ‘thseful life" of the device. Device in
our study refers to machines in a shop floor. @atons of MTBF assume that a system
is "renewed"j.e. fixed, after each failure, and then returned twise immediately after

repair. MTBF is a measure of reliability of a poatl In this work, MTBF is computed
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in units of days for easy elaboration. The higherMTBF, the more reliable the product
is. It should be noted that MTBF in this studynska for PM interval as well since

maintenance is scheduled before an actual break dowours.

Machine Condition
(binary)

Uptime (after repair) Uptime (after repair) Uptime (after repair)

A i

Downtime Downtime|

0 .

Time t (day)

Legend:
1: Machine is down
0: Machine is up

Figure 4.14: Mean time between failures (Sourcg: #Mintbf.polimore.com)

Y.(downtime—uptime)

MTBF = Eq. (4.47)

number of failures

Algorithm 4 in DDDAMS uses a formula (see Eq. 8))4to calculate the PM
interval from a linear combination of the sensguts with variable weights assigned to
each input. In Eq. (4.483,is the error term. Multiple linear regressions setup withp
coefficients, the regression intercgfgtandn data points (sample size) for each machine
under consideration.Parameter value of;,, is then estimated for near optimal PM

interval (MTBF) for period + 1.
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vi] [T i X2 v Xaprp, &
Iyzl = |1 Y Xz Y|P z Eq. (4.48)
In ll Xn1 Xn2 xan BP €n

Y, = o+ X0 XijBj + & Eq. (4.49)

Eq. (4.49) depicts a vector-matrix notation vensiof Eq. (4.48), where the

corresponding parameters are:

Y; : PM interval (MTBF) for period

Xij : Sensof measurement for maintenance petriod

Bi : Weight assigned to senganeasurement at period
€ : Error term

The estimated values of the parameigrsn every periodi are given in Eq.

(4.50).

g =XTX)"1(XTY) Eq. (4.50)

The residuals (error terms), representing theeifice between the observations
and the model's predictions, are required to aeallge regression and are given by Eq.

(4.51).

m>
Il
~
I
>
=

Eq. (A51
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Step | accepts two inputs: 1) the mean valuesdoh sensor parameter during the
specific period for the computation of updated &g and 2) actually realized
preventive maintenance interval by the maintenaeam to tune up the model for better
future results. The algorithm uses multiple lineagressions to fit the formula to the
given data set, and returns the weights of thegamthe PM scheduling formula that
provide the best fit. Initially, the formula useights derived as best estimates from
historical data. As the simulation evolves, moagadneasurements and PM feedback is
used to produce a formula that provides predictminthe best possible PM interval for
the current maintenance period. Using multipledinregressions, the weights in the
desired formula can be estimated by solving the(E&Q),where X is a matrix of the
sensor measurements,is the near optimal interval estimates, ghds the vector of
formula weights. Once these weights are knowny ttem be used along with current
sensor measurement data to predict the near opfiMahterval for the next period. The
predictions using this method of estimation aréarelon the accuracy of the feedback
(actually realized preventive maintenance intervadming from the maintenance

personnel.

Step Il: Updating Preventive Maintenance Schedules

In this step, the result obtained in Step | (thitmested MTBF of PM interval) for
periodi + 1 is added up to the time since the last machinenteraance, in order to
provide recommendations on when the next maintenaperation should take place

while updating preventive maintenance schedule awhemachine. The intention of
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updating the preventive maintenance schedules saite as much as possible from the
maintenance expenses and at the same time to secneachine availability. Increased
machine availability becomes crucial especiallytfa bottleneck machines. In this case,

as the machine availability increases, productiariectime decreases.

Step lll: Updating Part Routing Schedules using Fasde Simulation

Following the update of PM schedules of machinest pouting problem is
assessed to even decrease the cycle time. TheaedpB& schedule forces the PR
schedule to prohibit any potential part transferspecific machines which are under
maintenance in the current time period or will Ineler maintenance soon.

Step Il of Algorithm 4 is implemented via Arena®st mode simulation of the
real system. The updated preventive maintenanbedstes obtained in Step Il is
combined with previous part routing schedules teoito update part routing schedules.
The resultant updated part routing schedules ane $ent to real system as a task to be
executed. Real system keeps executing this soheddl the next update where time to
next update is determined by the current fidelftthe DDDAMS model.

In a die fFacility, 3 different types of jobs caa processed at a time. The process
plans of these jobs are known and shown in Takie 3n this system, there is 1
dedicated cell for each operation which is comprise2 machines. In total, there are 5
work cells, namely, diffusion, etch, metals, phatw probe and 1 inspection cell. Once
the customer submits a demand to the system, systews its process plan but does not

know what route (machines) parts should follow.e Hequence of each machine to be
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visited during the process of a job is called as pauting and determined dynamically

using fast simulation of the actual system.
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Figure 4.15: Updating part routing schedules u&isg mode simulation
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The fast mode simulation evaluates alternative gartings, and the best one is
obtained via using OptQuest®. OptQuest® is basedcatter search, tabu search, and
neural network, and is available as an add-on op&imin most of the major discrete
event simulation software. In this work, OptQuest®Arena® is used to find optimal
part routings based on the simulation-based evahst

In our case, a decision is to determine specifichimes to be used in each cell
for the upcoming orders in order to minimize megale time. To this end, OptQuest®
runs another fast-running simulation (as opposeétlddDDAM real-time simulation) of
the system. After finding the near optimum solnfig records the machines to be used
in a .txt file from which the DDDAMS model can read The DDDAMS model then,
updates the part routing for each up-coming orgeadsigning the machines to perform
the specific processes specified in the process(skee Table 3.2). The frequency of the
update of the part routing here depends on therdiaitg of the system (order arriving

behaviors; system fluctuations).
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4.7

Concluding Remarks

Determining machines to be used toimae mean cycle time by

In this chapter, we have described a novel framkwmenable dynamic data driven

adaptive simulations for monitoring and control aflarge scale and complex supply
chain. Incorporation of up-to-date data to theiglen-evaluation and control system is
significant to capture the dynamically changingteys status. In this study, the
measurement process is driven by Algorithms 1,n2, 3 which determine the most

appropriate fidelity level (the level of detail simulation as well as control system) as
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well as the level of data that needs to be inc@faar given the available computational
resources. While these three algorithms work imckywith each other in order to assign
the current fidelity of simulation model, Algorithhinvolving Bayesian inferencing via
particle filtering is a major module as it deteresrhow much information is necessary to
appropriately monitor and control the system wthiile conditions evolve over time. In
this work, we have enhanced the efficiency of teeayic particle filtering algorithms via
improvements made in the resampling techniqueseghawariance-based resampling and
bias-based resampling efficiency rules, respegtivelThen, we have revisited a half
width-based resampling rule for the benchmarkingppses. Here, the proposed rules
are first derived theoretically and their performesm are benchmarked against the
performances of the resampling rule developed bgdKet al. (1994) and half width-
based resampling rule revisited in this work inmerof their resampling qualities and
computational efficiencies using a simulation studg this section, we have explained
the details of measurement process together watlléicision mechanism of the proposed
methodology, which involves four separate algorghimcusing on different venues of
this research. In the following section, we dsx the realization of the proposed

framework in the virtual computing setting involgigrid computing and Web Services.
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CHAPTER 5

REALIZATION OF DDDAMS IN VIRTUAL SETTING

In this section, we first explain the details oé tteal time DDDAM-Simulation
developed as the backbone of this study. Secbedyrid computing framework which is
employed to provide parallel computing setting the proposed DDDAMS system.
Lastly, the issues regarding the time synchroremaglgorithms and communications

among DDDAMS components are discussed.

5.1 DDDAM-Simulation Model in Arena®

This section discusses modeling details for the BBBESimulation which has
been developed for the preventive maintenance amndrputing applications. In this
work, Arena® 12.0 is used to build the DDDAM-Simtid& as well as to mimic a real
system (a test shop floor). While Arena® 12.0 sedi for the illustration and
demonstration purposes, the methodologies and msystehitecture proposed in this
dissertation are independent of the simulationwso#. The real-time feature and
messaging capability of Arena® allow it to effeeliy interact with other software and
computational components (e.g. fast mode simulaficeal-time simulation mimicking a
real system). Also, they will allow for the futuexpansion of the current prototype
model to include sensors and hardware componentsdétime shop floor control.

The DDDAM-Simulation is split into two distinct matés: the algorithms sub-

model (ASM) which runs in real-time and the procegb-model (PSM) which is called
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by the ASM and runs in a fast mode. The ASM ishieir subdivided into each of the
four algorithms (see Chapter 4). The ASM is a |tingt reads in sensory data from the
real system, where the update frequency is detexdny the fidelity of each component
of the real system. The PSM is used to model tfierent levels of fidelities of each
component in the simulation while essentially mikmg the output of the real system.
In PSM, each process is simulated based on thetsél&delity from the ASM. If the
ASM concludes that the system is operating undemabconditions assuming that for
instance the current fidelity level of decisionraiehy is 1, this would have two affects.
First, the amount and type of data pulled from téal system become minimal and
second, the level of detail of the fast mode sitnutais set to the most aggregated level.
Here, we lose some degree of information intentlgres we do not want to utilize our
computational resources unnecessarily. On the btidned, if the algorithms in the ASM
conclude that the system’s conditions have charggsiming that for instance the
fidelity level of decision hierarchy is currentlyad should be 3, the amount and type of
data pulled from the real system becomes maxinthtlam level of detail of the fast mode
simulation is set to the most detailed level.

The ASM of the DDDAM-Simulation dynamically adjusits level of fidelity
based on the sensory data updates received fromrehle system and available
computational power while running in real time ttrol the actual system. Hence, the
actual data that drives the real time simulatiomes from the real system. Once the
model fidelity is determined by the algorithms ehbed in to the ASM, this real-time

simulation activates a fast mode simulation of gigaar level of fidelity (hierarchical
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level of fidelities 1, 2, or 3 in the current case)predict/evaluate the future behavior of
the system. Therefore, during the run of this fastde simulation, the fidelity (and
generated sample path) does not change. Thimfad¢ simulation mimicking a network
(“Job Shop”) of machines with queues in front oérthis the PSM of the DDDAM-
Simulation model. It is noted that the PSM modtda be implemented via a monolithic
simulation model (which has been employed by ouretu approach) or multiple
simulation models that are federated in the digted computing environment. The
model incorporates routing rules which are distincteach part type. Each part holds an
index (or step) number and a part type as attréyuted the simulation model uses them
to route parts to appropriate machines. Movemeitparts between machines are
performed manually by committed personnel usingscamtra-machine movements are
handled by dedicated robots. Once parts arrivbenmachine queue, a dedicated robot
selects parts waiting in the queue for processuoegraing to rule of first come first serve
(FIFO). While lot prioritization has not been caesed in the current simulation model,
it is a possible extension of the model.

Processes in PSM can be modeled via different nmagééchniques, such as
different statistical distributions, differentialqeations, regression models, neural
networks, or process simulators for each fidelinsidering the modeling accuracy and
computing power. For instance, if we need an agajesl insight of a process parameter,
we may sample a value from an appropriate disiohutin contrast, in a higher fidelity,
if we want to obtain more accurate estimates aadnling to pay for its computational

expense, we may employ neural networks or detgifedess simulators. Equation (5.1)
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depicts a generic formula (functidpto mimic a process, and the Integrated DEFinition
(IDEFO) functional diagram in Figure 5.1 depictguts, outputs and controls for the
diffusion operation in a given fidelity. Among maoutput parameters, cycle times (in
PSM) and MTBF (via Algorithm 4 in ASM) are considdrin this work. f can have
different inputs and outputs for different fidedi$i €.g, shop level, cell level, or process
level). Equations (5.2) and (5.3) depfcin fidelity 1 and fidelity 2 (hierarchical levefo
fidelity), respectively. The predicted machineleytme is used to keep the loops in the
real time DDDAM-Simulation in sync with the actuaachine cycle times in the real
system. The cycle time of a machine is affecteddnous factors in the shop floor. For
instance, if the temperature of a machine becont@soranally high or low, its
functioning diverges from its ideal behavior cagsen increase in the machine cycle
time. In Equation (5.2NormalCycleTime and GoalTemp denote the ideal machine

cycle time and temperature under normal conditiorespectively. The term

T —GoalT . .- .
(l emg;alT‘:npempl)a denotes the normalized affect of deviation frone thptimum

temperature multiplied with an effect (proportidhgl constanta. Effect constants
represent how much their corresponding terms affexActualCycleTime, and they are
either given by the system experts or estimateoutfir experiments. When there is no
deviation in any of the sensor types, thenualCycleTime is estimated as being equal
to NormalCycleTime. Also, in Equation (5.2), since the sensor daien&s from
multiple sensors (two for each sensor type in thise), the average of these values are
considered in the approximating functions. In gtisdy, the effect constants through

g) used in these functions have been developed lmastte best of our knowledge. As a
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future research, we plan to conduct extensive @xeeits to develop a more accurate

function f (coefficients for each factor) in various fidedsi In addition, we will also

investigate the accuracy and corresponding computguirements for each level of

fidelity; in this dissertation, the computing reggments for models with different fidelity

have been reasonably assumed.
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Output; = f (Inputl, Input,, ..., Input;, Control,, Control,, ...,Controlk) Eq. (5.1)

wherei, j, andk are the number of outputs, inputs and controleesypely
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) ) |Temp, — GoalTemp)| |Pres; — GoalPres|
ActualCycleTime = NormalCycleTime + .a
GoalTemp GoalPres
|Vib1—GoalVib| |Snd1—GoalSnd| |AirQual,—GoalAirQual| |Hmd,—GoalHmd| E (5 2)
Goalvib ' GoalSnd ’ GoalAirQual ' GoalHmd Q. '

|AvgTemp — GoalTemp)| |AvgPres — GoalPres|
ActualCycleTime = NormalCycleTime + .a+

GoalTemp GoalPres

|AvgVib—GoalVib| |AvgSnd—GoalSnd)| |AvgQual—GoalAirQual| |AvgHmd—GoalHmd|
: c+ d+ : e + g Egq.(5.3)
GoalVib GoalSnd GoalAirQual GoalHmd

wherea, b, ¢, d, d, andg are the number of outputs, inputs and controleesypely

The ASM uses a timing entity (agent) to executéhesdgorithm once in a cycle
of length 6t. Onceét has elapsed, the agent repeats its operation aviterent
parameters for a different component (machine).e Titeractions between the real
system and DDDAS simulation is modeled in the ASMp. The communication is
implemented through the web services explainedhap@r 5.4. The algorithms in the
ASM loop are executed in sequence: Algorithm 1 petes the sensor machine-id array,
which is used by Algorithms 2 and 3. These in tpapulate the fidelity machine-id
array and also machine-id array. Téiee machine-id array is essentially an array that
stores thedt value for each machine in the system. As discusseglier, thedt value
indicates the next point of data collection for admne based on the fidelity that it is
running at. Algorithm 4 then uses these arraysiddate the preventive maintenance
schedule (in the generic case this will be anyaslét control action). Algorithm 4 also
requests the data from the real system’s data esdioc the next loop of the ASM. Once

the new data is received, the loop is re-executisd adt time period. Figure 5.2 is a



sn

157

apshot of the DDDAMS system monitoring tool (ta¢ have developed), which

displays the sensory data, requested fidelity soshemachine (result of Algorithm 2),

assigned fidelity for each machine (result of Algon 3), and MTBF (output of

Algorithm 4).
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model
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As mentioned earlier, due to the unavailabilityaof actual shop floor for the
testing, a real-time simulation model (which wid beplaced with a real shop floor in the
future) was used to mimic the real system. Thetmeee simulation model has been built
in a way that allows it to be directly connecteddal sensors in hardware components in
a shop floor and still run with fair ease. An exd®n of the current DDDAMS system
would be to incorporate this hardware structurglace of the real system simulation
which will be quite challenging for two main reasonFirst, developing a simulation
model for shop floor control in an appropriate levedetail is a complex and costly task,
which requires dedicated expertise. Second, bbo#h time and communication
synchronizations in-between the real shop floor aisd executing simulation are
challenging. However, real-time shop floor contrah be facilitated by using a real time
-RT feature of the Arena® simulation package, whia@ simulation model interacts
directly with a shop floor execution system by sagdand receiving messages. Son et
al. (2003) presents more details about simulatived shop floor control based on the
research conducted at The University of Arizonag Plennsylvania State University, and
Texas A&M University. This future research progpeas taken into account in every
aspect of the proposed study including developroémihe web service, message based
communication structure, so that added federatgstiardware components) can be fully

incorporated into the simulation.
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52 Distributed Simulations over Grid Environment

Grid Computing is the automated sharing and coatdin of the collective
processing power of many widely scattered, robushputers (Cottenier and Elrad,
2004), and is used in our research for four reasdfisst, it allows for loose coupling
between both heterogeneous and geographicallyrdegphgrids (computational resources
participating in Grid Computing). Many previous ke have demonstrated how grid
computing assists achieving loose couplirgg{ Cottenier and Elrad (2004) have
demonstrated it using the Globus Toolkit). Secondnnecting a new grid or
disconnecting an existing one is considerably easiepared to that of other ways of
distributed computing such as Cluster Computing.main reason is that resources are
managed by a centralized resource manager in Cl@ienputing whereas in Grid
Computing, every node is a self-governing entigyihg its own resource manager and
behaving independently (Walter, 2004). Third, ielgs us build an adaptive
infrastructure especially when the computationailability changes dynamically in the
environment. Ongoing researches and studies peogifferent techniques to provide
adaptive infrastructure in grid computing enviromte Forth, a distributed
computational grid provides us with the ability aofionitoring and utilizing the
computational resources as necessary (Lee eDaB; Zakeuchi et al., 2004).

To set up a grid computing framework, we have eygaoAlchemi Grid toolkit
(an open source software) for several reasonst, Fistributed simulations in this study
are built in Arena® simulation package which is aive Microsoft (MS) Windows

application. However, most commonly used grid kitselas well as their components are



160

UNIX based, therefore not suitable for running Aa@nsimulations. Alchemi, on the
other hand, is a MS Windows (.NET) based applicati®&econd, it uses Web Services
technology for interoperability with other grid ndieware. Third, as opposed to many
other toolkits offering many services such as aughtion, resource discovery,
monitoring, and management, which lead to an iceffit Grid framework involving a
complex setup and overhead, Alchemi offers a smaéie of major services with a light
weighted and efficient setup. Here, computers lmn drid may be part of the local
network or spread out over the Internet thus engldetup of geographically distributed
grids. This platform is comprised of one or morardger and Executor nodes. The
Manager (controller) is responsible for resourcgcaolery, job scheduling, dispatching
and monitoring. The Executor is a worker agent thas on every grid node. The user
of the grid submits tasks to the Manager througibasubmitting interface.

In this study, a distributed computational grid l&en established and used to
facilitate monitoring and utilizing the computatanresources as necessary in a
distributed computing environment (federation oé tpartitions) for Algorithm 3 and
Algorithm 4. As we have mentioned earlier, thiseach involves analysis of large
number of machines in a supply chain system. \Wtlesf the machine’s optimal fidelity
level is selected to be 1 (the most aggregated ihageAlgorithm 2, the DDDAM-
Simulation needs to collect sensory data for eaabhine within ast time interval as
shown earlier in Chapter 4. Collecting, processargl analyzing data from the sensors
in a dynamic, multi-institutional environment derdactonsiderable computing resources.

As the scope of the model in the supply chain iases or the time intervét decreases,
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the required computational resources increasesen,TAlgorithm 3 determines and
assigns an adequate fidelity level for each ofrttazhines in the system by monitoring
the resource availability via the Grid Computing ridger (which is responsible for
resource discovery, job scheduling, dispatchingaoditoring). Later, once the fidelity
level is assigned in the DDDAM-Simulation and detaollected from the real system,
Algorithm 4 uses the Grid Computing to fire up andh the necessary fast mode
simulations in the computers which are declaredet@ worker agent that runs on every

grid node. The user of the grid submits tasksheoManager through a job submitting

interface.
i T,
|_." Grd A
Arenz 1
Arena | I
| Arenz I
‘ Job submission mterface : Afenz l
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» 4“ ]l » Input files & _‘; R :
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Figure 5.3: System setup with Arena® and Alcherd gr

In this study, grid interface is used from inside Arena® model to submit tasks
(Algorithm 4). The task is defined in an XML fil@eforming to the XML schema used

by Alchemi. It lists all the input, executable aadtput files required for a simulation
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model to be run on the grid. As part of a taskea&acutable that automates invoking
Arena® on the grid node, an Arena® model, Arenat@rperability components and
other initial setup scripts which are required &mtomation, are submitted. This job is
then processed by the Manager through the job sgioni interface. The Executor then
gathers all the files related to the task and iegkhe automation executable which
spawns the simulation model using Arena® interdpéta components. In this study,

we constructed an Alchemi based grid with five odeving identical technical

specifications, three of which are used for thgahexperiments of this study (see Figure
5.3). The number of nodes included in Grid mayim&eased as the scale of the
experiment is enlarged in the future. Figure %epicds the system setup with Arena®

and Alchemi grid.

5.3  Communication using Web Services and Time Synidnization

For the execution of RT simulation, there is a needommunication between
heterogeneous and distributed system simulationShis communication in this
dissertation is facilitated by the communicatiorvee that has been developed in Lee et
al. (2008) using web services technology (statthefart distributed computing
technology) that overcomes barriers of standardneonication via the usage of W3C

(http://www.w3c.org standard protocols including XML, WSDL, and SOAPThe

essential function of the communication sergetio facilitate time and data management.
It provides a communication backbone which complaséhe computation backbone

provided by grid-based computing. Web Servicewvigem an elegant mechanism for
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communicating among distributed components with@éping much state information,
as is required in conventional means such as sbelsed interaction.

When the simulations take their place on the gnmdl atart running, the
communications between these partitions should yehsonized to minimize any
delayed information between these partitions ane llaeir simulation clocks as close as
possible for statistical accuracy while they mowvewdth their own simulated part of the
system. Delayed information in this study is cdesed as delay of notification of any
external interaction event between partitions.

As discussed earlier in Chapter 2, synchronizabetween the partitions in a
distributed environment can be enabled in threeswangluding conservative, optimistic,
and epoch. In this study, Epoch synchronizatiomeste with time intervalsAt) is
employed, where appropriate time intervals are rdeteed based on the off-line
simulation analyses. During the execution of epbelsed synchronization, the next
epoch Qt) is fired at unison when all activities in all tpartitions are completed for the
previous epoch time interval. When the next epashfired, the necessary
communications as well as previously scheduledyemuting steps take place. In the
partitioned model, the routing of entities to the@xt partition after they are processed in
a partition is enabled using a predefined map. is Tiredefined map includes the
information of which station belongs to which paot. Therefore, when an entity is to
be routed to a next station, the predefined mapfesred to distinguish whether it is an
intra-partition routing (when the destination siatis within the current partition) or an

inter-partition routing (when the destination siatis within the other partitions). While
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intra-partition entity routings are done simply bgnding the entity to its destination
station within the same model, inter-partition gntioutings are done via the Web
Services and are accompanied by a communicatiosagedo inform the next partition

regarding the attributes of incoming entity.

5.4  Sources of Computational Requirements in Simuteon Execution

As discussed in Section 4.5, execution of Algoriti3n needs to have
computational requirements of simulation with vagyilevels of details and the current
computational availabilities. The same sourcesarfiputational requirements become
also of critical importance when we discuss thetifi@ming methods in extended
DDDAMS framework in Chapter 7. In order to investie various sources of
computational requirements during simulation exeoyt we collected running
(execution) times before and after individual amdugs of blocks in the Arena® model.
For better accuracy, we collected the average safae a set of entities instead of
individual entity times. This was done by readithg internal “Timer” variable at
different points and using “Tally” block for aveiag the collected data.

As mentioned in Section 5.1, the PSM module canirbplemented via a
monolithic simulation model or multiple simulatianodels that are federated in the
distributed computing environment. For the casdistiributed simulation, it is observed
that considerable running time is spent either floe synchronization and other
interaction messaging between various partitionsfoorthe internal computation of

process modules. The simulation running time sgentsynchronization and other
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interaction messaging can be determined by measand comparing the running times
of the original model and the partitioned model vehthe models do not include high
intensity computational modules.§, conveyors, material handlers, processes involving
differential equations). Here, the simulation ningntimes are comprised of their internal
computation, times spent for synchronization antefi spent other types of interaction
messaging. However, in the case where simulatiadets are comprised of high
intensity computational modules in a greater sctile,time spent for communication
becomes relatively less significant compared td tha internal computation of these
modules.

Another source of computational resource usagéeascburse of data retrieval.
During its run time, depending on the specifiecklity, the simulation retrieves data
from various types of sensors placed throughoutsti@p floor at various frequencies.
Once a current status of the sole shop floor andleveupply chain is observed on the
desired detail level, analysis of data and germmadf tasks is carried out via algorithms
embedded in DDDAM-Simulation using VBA blocks.

Data retrieval in this setup is substantially obadling for a number of reasons.
First, system under consideration is wide-scopethaghly dynamic where data needs to
be acquired in a multi-institutional environmentaatconsiderably fast pace. A viable
solution needs to provide a readily available pafotomputing resources, which is built
to meet the total computational demand. Secormdetihesources need to be provided in
a transparent, distributed manner among requestepending on the priority of

requirement. If the necessary computational poeemnot be met from available
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resources at the local site, a request is senhdontanager of the resource pool for
permission to use collaborators’ excess resourédisof these requirements can be met
using a distributed computational grid which pre@sdcomputational resources that can

be monitored and utilized as necessary.

5.5  Concluding Remarks

This chapter discussed modeling details for the BDESimulation. While in
this work, Arena® 12.0 has been used to build thBDBM-Simulation for the
illustration and demonstration purposes, the meailugies and system architecture
proposed in this dissertation are independent ef dimulation software, and can be
applicable to other simulation packages.

Next, the sources of computational resource usaye been pointed. These
sources include the computation of internal blcakd efforts needed for synchronization
as well as communications. In order to facilitdte usage of distributed computing
resources we have set up a grid computing framewsnkg Alchemi Grid toolkit (an
open source native Microsoft (MS) Windows applieaji Furthermore, the
communications between distributed simulations gidiieb Services have also been

discussed.
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CHAPTER 6

EXPERIMENTS AND RESULTS

In this chapter, the benefits of the proposed DDIRMramework are
demonstrated for the considered supply chain (skapt@r 3), where preventive
maintenance and part routing schedules are dyndynatztained based on the real-time
sensor data while saving computational power usdgethis end, the dynamic selection
of fidelity in the simulation model is first demdrated. Second, the results obtained
regarding the performances of the fidelity selectadgorithm (Algorithm 2) and the
prediction and task generation algorithm (Algoritdnare provided. In addition, the
performance of the fidelity selection algorithmasmpared when different resampling
rules (those developed as part of this dissertatmmhothers available in the literature) are
employed. Third, the performance of the systemeutiode monitoring and control of the
proposed DDDAMS framework (in terms of productiogcle time and machine
utilization) is compared against that obtained fribv most aggregated (computationally
light) and the most detailed (computationally hgampodels of the same system. As
mentioned in Chapter 4, in the proposed DDDAMS aystmachine maintenance is
scheduled only when the sensors indicate a potdatiare. As a result, we can avoid
unexpected machine breakdowns, unnecessary manctsnand downtime for problem
identification, which allow us to achieve improvathchine utilization and mean cycle

time.
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The DDDAM-Simulation model aims to simulate a sesnductor die
manufacturing fab with demand information receivé@dm its upstream wafer
manufacturing fab and throughput rate informatientgo its downstream assembly and
packaging fab (see Chapter 3 for details of theicmmductor manufacturing supply
chain). The considered semiconductor die manufiactuiab is comprised of ten cells
each having ten machines (a total of 100 machimesthis echelon). In this
semiconductor die manufacturing fab, six differeyges of die families are produced,
where die production may need re-entrant flow afcpsses up to 20 times (see Table
3.2). As such, the considered semiconductor diaufiagturing fab as well as its
corresponding simulation model are quite compl&kerefore, it is crucial to make the
selection of the most appropriate fidelity and &wes computational resources while not
loosing model accuracy. The DDDAM-Simulation instlwork has been built using
Arena® 12 software package, and the developeditiidsélection, fidelity assignment
and task generation algorithms enabling its DDDAdpability have been embedded into
the simulation using Visual Basic for ApplicatiodBA) modules. A screenshot of the

constructed DDDAM-Simulation is shown in Figure .6.1
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Figure 6.1: Partial snapshot of a DDDAMS simulatrandel (PSM) of semiconductor
die manufacturing fab with 100 machines and reagntprocess flow
6.1 Demonstration of Dynamic Fidelity Selection

In this work, a system status is determined by keciton of statuses of the
machines in terms of their mean time between fedyMTBF). This estimate of MTBF
of the machines can be made in an aggregated maminere all machines belonging to
same cell can be estimated to have the same MTiBR,adisaggregated manner, where
the MTBF of each single machine can be estimatgaragely. This aggregation vs.

disaggregation depends on the level of model tilels explained in Chapter 4. Figure
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6.2 depicts dynamic changes of fidelity (in ternfsheerarchy) in each cell of the

semiconductor die manufacturing fab. These resutsobtained from five replications,

where each replication lasts for 6 months (180 dafysperation of the fab.
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Figure 6.2: Dynamic change of fidelity (level oferarchy) in different cells of a
semiconductor die manufacturing fab model

When an abnormality is detected, the model does@wtssarily have to simulate

the entire system (all ten cells with a total 00 Xfachines) in a most detailed manner by

increasing the fidelity level of the simulation nebabver all the cells.

Instead, we can

simulate a specific portion of the manufacturingriebnment in detail (via increased

fidelity levels) while aggregating the rest (by deasing the fidelity level) based on the
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results of the algorithms. The circles in Figur@ 6epresent this notion, where some
cells are simulated at Level 3 in terms of thewelenierarchy, while the others are kept in
Levels 1 and 2 during the same period of the sapkcation leading to computational
savings. Overall, the dynamic change of fidelitygiovarious cells can be seen from the
same figure. For instance, during the first regilan, Cell #10’s fidelity level has started
with a hierarchical level of 2, and around time @QG@creased to 3 (which means
algorithms have detected some abnormality at this in this cell and requested to go
one level deeper). After the abnormality is resdharound time 8000, the fidelity level
decreased to Levels 2 and 1 subsequently.

Figure 6.3 depicts the dynamic fidelity changelote sample machines in the
die fab during execution of the DDDAS-Simulatiorr fne replication which lasts 500
hours in addition to 95 hours of warm-up periodhisTfigure is provided in order to be
considered in line with Figure 6.4 which depicts)@wnic changes of the computational
resource (CR) availability in the grid environmesmd its usage by the DDDAM-
Simulation for these sample machines as well asdfiethat they all belong to. As a
collaborative supply chain system is of our conderthis study, each fab competes for
the available CR that is collected in one pool amahaged by the resource manager

component of the Alchemi toolkit.
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Figure 6.3: Dynamic change of fidelity level on leacachine of die fab
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6.2 Latency in Data Collection

In addition to the computational burden, anotheaallenge faced in models with

higher fidelities is latency in data collectionatency, denoted by in this dissertation, is
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the time taken for updated information to be caéddrom the requested portions of the
manufacturing environment (simulated real systend) sent to the DDDAM-simulation
(or in other words time to update sensor data ahddules). Even though the sampling
frequency is purposely decreased in this study fflweaAlgorithm 2 that is built using
particle filtering technique), the latency in datdlection increases as the level of fidelity
becomes higher (assuming that greater amount afislaeeded more frequently when an
abnormality occurs). Figure 6.5 shows an exemptasge of this latency (as update time
in vertical axis), where the simulation first ssamwith the most aggregated level of
fidelity (Level 1) and increases to Levels 2 anals3he update number increases. As the
model fidelity increases, the confidence intervialh@ latency increases since more data
is requested from different places of the realaystand it takes the real system to obtain
all these data and send it back to the DDDAM-siithota  Here, the latency data is
collected using a built-in Matlab function via cemt system time between where
communications are real and computations are Vigsighe real system is emulated by a
detailed simulation model.

In Figure 6.5, there is a major jump in the updatee when the 7 update
request arrives to the real system; this is dudedact that majority of the cells request
data from multiple machines more frequenilg.( hierarchical level of fidelity is 3 for
most of the cells) than that of th& 8pdate. During the”Bupdate, majority of the cells
request data at a relatively low pace.( hierarchical level of fidelity is 3 for most dié

cells) when compared to that of the Gpdate. Because of this increase in the confilenc
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interval of the latency, DDDAM-simulation intends keep its fidelity as aggregated as

possible, and increases its fidelity only wheneittbimes necessary.
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Figure 6.5: Update time§) in data collection with varying fidelities

In this dissertation work, another set of experitadrave been conducted in order
to be able to provide more details with the latemcthe data collection process. In this
additional set, the real-time DDDAMS model for tlike fab has been run in
synchronization with a simulation mimicking the Iregstem for five replications each of
which is 500 hours length. During these repliaadiathe update time of sensor data and
schedules is recorded when the most aggregatddyfjdilelity being equal to 1 for each
cell, is detected. Corresponding observations sanmmarized in Table 6.1. The
confidence interval for thé of the most aggregated fidelity case is computedirist
finding the half width,h whose formula is given in Eq. (6.1). In Eg. (64 is the

replication number(1 — ) is the confidence leve}, is the sample standard deviation,
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andt,_;1_4/2 IS the t-value witm — 1 degrees of freedom. In this cases 5 as we

have five replicationsy is selected to be 0.05 asds computed to be 1.6179. Hence,

1.6179

V5

ty0975 = 2.776 andh = 2.776 =2.009. Overall, mean of th& observations is

X = 3.7809. A 95% confidence interval @f, time to update sensor data and schedules

when the model Fidelity is 1 for each cellxig h = 3.7809 + 2.009. In the same way,

a 95% confidence interval éf, time to update sensor data and schedules whendbel

Fidelity is either 2 or 3 for each cell, is compltelIn this casey =22.4781,n =5,

a =0.05,s =11.6369 and, (4,5 =2.776. Hence, 95% confidence intervalsaf found

to bex + h =22.478114.4468.

Table 6.1:, time to update sensor data and schedules (mideéty is 1 for each cell)

Observation\Replication Replication 1| Replication 2| Replication 3| Replication 4 | Replication 5
Observation 1 2.3185 3.2351 6.0148 5.0102 1.8214
Observation 2 5.1923 2.1968 5.8461 3.7622 3.558¢
Observation 3 2.1101 4.1891 6.8690 4.6953 3.429
Observation 4 1423 | - 2.5535

Mean 3.2070 3.2070 5.0508 4.4892 2.8409
Standard Deviation 1.7225 0.9964 2.4267 0.6490 3281
h=trt1-ap2 Eq. (6.1)

The above comparison of the confidence interviadsvs that as fidelity increases,
the mean time to update sensor data and schedoiiegably increases. As discussed
earlier, this is due to the fact as fidelity inges, the detail and information included in

the model as well as their process times increade.§ increases, the computational
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resource usage associated with it increases as Well goal in this study is to keep the
model as aggregated as possible to obtain thesfagtet accurate results while saving
from computational resource usage. Figure 6.6attiepin overall plot ob over dynamic

fidelity changes by time (one single replicatiorthw00 hours) for five specific cells of

the semiconductor die manufacturing fab.
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Figure 6.6:6 changes over dynamic fidelities

6.3 Performance of Proposed Fidelity Selection Algihm with Synthetic
Experiments

The goal of this section is to demonstrate thecéffeness of the proposed
particle filter algorithm (fidelity selection algthim) in reflecting the status of the
considered supply chain system. First, performanicéhe developed particle filter
algorithm is tested against various nonlinear (ama-Gaussian) systems whose posterior

status information capturing their dynamicity isokm. This synthetic stage of our
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experiment is conducted involving fidelity selectialgorithm only before it is combined
with the DDDAM-system. Then, the developed fideBelection algorithm is integrated
into the DDDAM simulation, and the entire DDDAM giation is tested with a real-
time simulation mimicking a real system. While ttoemer part of the experiment is
discussed in this section, the latter part of tkgeement is discussed in Chapter 6.6.

In the synthetic stage of our experiment, we intemdemonstrate effectiveness
of the proposed fidelity selection algorithm iniegtting the behavior of a system. As
mentioned previously, the behavior (collection taftgses) of a system is represented by a
posterior distribution.  Therefore, the algorithreeks to determine the posterior
distribution based on the measurements that areirfea the algorithm. In this
experiment, in order to represent our synthetidesys behavior, we have composed
three sets of nonlinear state space equations dfilwe transition function and the
observation function), which are shown in Eqgs. 6(@.3), and (6.4), respectively. Here
it should be noted that the dimensionality of tleetersx, in Eqgs. (6.2), (6.3) and (6.4)
are not necessarily the same. In our experim&misg (1994) resampling rule, which is
exact optimal in terms of minimizing the varianceadapted by setting the resampling
threshold value to 0.8 (number of particles). While the threshold vata® be set to a
constant as well as a dynamically changing numBech as ours), by defining a
threshold value based on the current number of kmnwe enable the filter adapt by
sampling only as much as necessary given the sanggghts. If a very large number is
selected for this value, the resampling processatspindefinitely, and cannot be ended.

In contrast, if the same value is set to a verylsmanber, the particles may cause a
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situation called degeneracy where the re-samplimoggss cannot be initiated since the
conditions for initiation cannot be met with a patel of filter leading to less accurate
results. In addition, 0.6¥; is determined as our own threshold value baset®woffline
analysis that is conducted as part of the experisneim the following equations, andb

are constants that are arbitrarily selected as50a0@ 0.5, respectively and the process

noisesu,’s are generated from the Gaussian function.

4a
1+a?

Xiar=fr (X, ux) = 2 + + sin(ark) + bx;, + uy Eqg. (6.2)

Zsr=fz (X Vi) = bxy + vy

Xpar=fr (X, u) = exp (2.5)ak + 2b%x;, + uy, Eq. (6.3)

Z=f; (X, V) = bxf + 3 + vy

2
Xiear=fr (X, Ug) = % + 10Beta(3,2)x; + uy Eq. (6.4)

Z=f; (X, V) = bxE + 2 + vy,

Figures 6.7 (a), (b), and (c) depict the resultstate estimation obtained from the
fidelity selection algorithm (screen shots of sengkplication for each case) when using
the Egs. (6.2), (6.3) and (6.4), respectively. ureg6.7 (d) depicts a discretized version of
the Eq. (6.2), where its corresponding discretigedes are defined in Figure 4.9. In

Figure 6.7 (a-d), the lines with circles repredbettrue states obtained from the original
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functions whereas the line with dots represent dtete estimates (posterior mean)
generated from the sequential Monte Carlo basedlitiidselection algorithm developed
in this study. Figure 6.7 reveals that the estamaibtained from the algorithm closely
follow the true states of the system. The algamithenerates these close estimates by
automatically adapting the sample size and the Baghfrequency to the need of the

system as shown in Table 4.5.

System State Estimation with Monlinear Mon-Gaussian Posterior Distributions
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System State Estimation with Monlinear Non-Gaussian Posterior Distributions
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Figure 6.7 (a-d): Estimation results obtained frdme sequential Monte Carlo based
fidelity selection algorithm for cases in Eqgs. {6(8.3), (6.4) and a discretized version of
the Eqg. (6.2), where its corresponding dicretiz¢gktes are defined in Figure 4.9,
respectively.

In order to test the consistency of the results, ghme set of experiments have
been repeated for 50 independent replications kestimg 100 time steps (hours in this
case). In the experiment for the case with ER)(Ghe expected value of root mean
square error (RMSE-mean) and its correspondingnee (RMSE-var) were found to be
0.370 and 0.007, respectively. Similarly, the RM8&&an and RMSE-var were found to
be 0.203 and 0.0009 for the case with Eq. (6.25®%.and 0.006 for the case with Eq.
(6.4); and 0.336 and 0.016 for the experiment wwng the discretized form of the
Eq.(6.2), respectively.

An additional set of experiments have been conduatih the same functions
(i.e, cases in Egs. (6.2), (6.3) and (6.4)), wherdehgth of each replication is increased
and the number of total replications is reduced mam@&d to that of the previous set of
experiments. Here, each run is composed of 10p&m#ent replications, each lasting
1000 time steps; rather than 50 independent rdjgitg each lasting 100 time steps

when compared to the previous set. During thisosekperiments; for the case with Eq.

(6.2), the expected value of root mean square éRBISE-mean) and its corresponding
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variance (RMSE-var) were found to be 0.469 and @08espectively. Similarly, the

RMSE-mean and RMSE-var were found to be 0.389 a@d83 for the case with Eq.

(6.3); 0.361 and 0.0135 for the case with Eq. (6ahjd 0.458 and 0.1598 for the
experiment involving the discretized form of the.H§.2), respectively. As can be
realized from these results where the maximum RMfbEState estimation and the
average RMSE were found to be around 0.469 an®8, ¥&spectively (when replicated
10 times), sequential Monte Carlo-based fidelitest®on leads to accurate results while

saving computational resources and time.

6.4 Performance of Proposed Resampling Rules

In Chapter 4.4.2.3, three different resampling suteve been discussed from
three different statistical perspectives, where tveav resampling rules (variance-based
and bias-based relative sampling efficiency rulesje proposed, and one was revisited
(half-width based sampling efficiency rule). Thetacal derivations have been also
provided for the proposed rules as well as thesi®d one. In this section, these three
algorithms are compared against each other asawelfainst a resampling rule proposed
by Kong et al., (1994) which we refer as “Kong fule terms of their resampling
gualities (mean and variance of their root mearasgerrors) and computational effort
(computation time). For this benchmarking, largales supply chain simulations which
have been built to represent a semiconductor meatwrfag supply chain (with three
echelons including wafer manufacturing fab, semicmtor manufacturing fab, and

assembly and packaging fab) have been used. &hgsgbarameters sought in these
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simulations are “mean time between failures (MTBRJr each machine in the
considered shop floor (member) of this supply chainere each shop floor includes at
least hundred machines. These machines perforiougaoperations such as diffusion,
etch, photo, metals, and probe processes. As gdathe DDDAM-framework, by
knowing the current system status (mean time betwaiures in this case), the final
goal of the analysis is then to evaluate varioevg@ntive maintenance and part routing
scheduling policies under various scenarios. Alhe results shown in this section are
obtained out of 30 replications of the same sinnedvith different seed values.

Figures 6.8 and 6.9 show the results obtainethiresampling qualities in terms
of mean and variance root mean square errors (RM&tHeir estimates. The proposed
bias-based relative efficiency sampling rule isvehdo be the least effective among all
of the compared algorithms since the mean RMSEegatecorded for this resampling
rule is greater than that of all the others. Hmatith based sampling efficiency rule,
while performing slightly better than the proposeals-based relative sampling efficiency
rule, is outperformed by both the proposed varidrased relative sampling efficiency
rule as well as the Kong rule. Even though, meMSR decreases as the sample size
increases, regardless of the used resampling theeproposed variance-based relative
sampling efficiency rule produces the smallest RMBEverage. Regarding variance of
the recorded RMSE values, Kong rule produces tlge$t variance in its results up to a
sample size of 1000, and after this sample sizegrded variances of RMSE values
decrease dramatically, and even becomes smallertitf@ of both half-width and bias-

based resampling rules. The proposed variancedbvasampling rule on the other hand,
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depicts the smallest amounts of variances in RMSMast of the cases. However, when
the sample size is 200, half-width based resamplitggenerates slightly lesser amount
of variance in RMSE than that of variance-basedmgsing rule; and when the sample
size is 1400, proposed bias-based resampling madupes slightly lesser variance in

RMSE when compared to the results of the same.
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Figure 6.8: Mean of RMSE values for state estima®sa function of the number of
particles for the supply chain simulation model
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Figure 6.9: Variance of RMSE values for state estés as a function of the number of
particles for the supply chain simulation model
Based on the above results, the proposed bias-bakgive sampling efficiency

rule is not recommended for the cases where rebb@&curacy is necessary with a
particle set size of less than 1000 due to comiouiatresource unavailability. When the
particle set size can be ranged between 1000 ad@d, iBe proposed bias based relative
sampling efficiency rule can be selected over hadfth based resampling rule as the
former one results in smaller variances againsy wdvse mean values. On the other
hand, the use of Kong rule might be risky as wélewthe sample set size is limited with
1000 particles, since the variance of the estimateghe highest among all the methods
compared in this study. Overall, based on theregion results plotted in this work, the
proposed variance-based relative sampling ruleecommended to be employed in
particle filtering algorithms, when the sample séte is upper bounded with 1000

particles, and the best possible accuracies agetet with limited computational
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resources. When this limitation is relaxed up @0@ particles, the difference between
the Kong rule and the proposed variance-basedvelsampling rule becomes minimum,
hence both algorithms are equally recommendedhdtid be noted here that, the results
obtained in this work is based on the simulatiomsidered in this work, and the
performance of the proposed variance-based relaampling efficiency rule may
involve even more significant computational savingsle preserving accuracy in the
system estimates when it is applied to the realevsupply chain control situation, that
is greater in both scale and complexity. In additiwhile the performance of the bias-
based relative sampling rule is shown to be weagnntompared to other methods, the
performance of the methods combining these propogies may still outperform the
individual rules. Future venues of this study wdcus on the performance of these
combined methods. Also, the performance of theggeed resampling rules should be
analyzed focusing on the context of the systemithbeing analyzed. For instance, the
variance-based relative sampling rule can followtlgp system status better with less
number of particles when the system originally hagh variance and low bias.
Similarly, bias-based relative sampling rule mayfqen better when the system

originally has low variance and high bias.
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Figure 6.10: Computational effort required for diffnt resampling rules as a function of
the number of particles

As part of the experiment in this work, the congpiainal effort required for the
algorithms are investigated by measuring the tieguired to perform resampling of
weight sequences. Figure 6.10 shows the measimes each resampling algorithm
requires. As can be seen from the same figure;ahegoutational effort necessary for the
implementation of these algorithms are directhated to the particle set size and not
related to the selection of the resampling methndesall of the rules discussed in this
study have computational complexities @fN2), whereN; is the particle set size as

mentioned earlier.

6.5 Performance of Prediction and Task Generation Worithm



187

The goal of this section is to describe the analymiocedure developed for
Algorithm 4, the prediction and task generationoathpm. Issues such as correlation of
data and obtaining real execution time of preventinaintenance with the facilities are
specified in Chapter 8. In this section, the vaficbf the multiple linear regressions
models for forecasting “maintenance scheduling s¢ihMie discussed for each machine
that exists in our current exemplary system (seap@n 3). The data to the linear
regressions model is fed by the fast mode porticdhe DDDAM-Simulations which are
initiated using the assigned fidelity informatioy Blgorithm 3, the task assignment
algorithm.

The validity of the multiple linear model can beecked using various ways
including the usage of 1) confidence interval facle of the parametetﬁf, 2) Pearson’s
coefficient of regression, 3-value and 4F-statistics. In the first line of attack, which
is not employed in the current regression modeklbged, if the confidence interval of
any parameteﬁj, includes 0, then the parameter can be removexl fine model. After
that, new regression analysis are performed exuojuthat parameter and this loop is
repeated until there is no parameter left to beorasd. The remaining ways of checking
model validity in terms of statistical analysisdzfta fitting, which are also utilized in this

study, are explained in detail below.

* Residuals represent the difference between thendadigms and the model's
predictions, are denoted [@yand computed as in Eq. (6.5).

=Y -Xp Eqg. (6.5)
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Standard deviation for the model is denotedslapd computed as in Eq. (6.6)

(n-p-1)3* _

where the variance in the errors is Chi-squareridiged with -

2
An-p-1-

Eqg. (6.6)

Interval estimates for parameters are computed &si (6.7). In Eq. (6.7), where
the 100(1 -o) % confidence interval for the paramefgris computedt follows
the Student'st -distribution with n —p — 1degrees of freedom and

(XTX);*denotes the value located in tfferow andi™ column of the matrix.

Bit tajom—p-16 XTX)G Eq. (6.7)
Sum of squared residuals is denoted by SSR andwechas in Eq. (6.8), where
y= %Z y; andu is ann by 1 unit vectori(e. each element is 1). Note that the
termsy’u andu”y are both equivalent t8 y;, and so the tern;ql (yTuu'y) is
equivalent to};Z yl-z. Error (or explained) sum of squares is denoted $5 and

computed as in Eg. (6.9). Total sum of squaresemted byT'SS and computed

asin Eq. (6.10).
SSR = X(9:-3)° = fTX"y -~ (T un"y) Eq. (6.8)
ESS = X (yi-9)* = yTu - BTX"y Eq. (6.9)

TSS = SSR+ESS = %.(y,-9)" = yTu — - (37ui’y)  Eq. (6.10)
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« Pearson’s coefficient of regression is denotedrByand is computed as in Eq.
(6.11). It is a measure of strength of regressi®he higher the value, the better
the regression is. This coefficient gives whatfi@n of the observed behavior

can be explained by the given variables.

__SSR _ ESS

Rz =2E =
TSS TSS

Eq. (6.11)
* Variance inflation factor represent the increas&driance caused by correlation
between the explanatory variables and is denoted/By TheVIF for the j&"
explanatory variable is computed as in Eq. (6.1%)one or more variables in a

regression have lardélF’s, the regression is said to be collinear. Cdaliitg is

caused by one or more variables being almost linearbinations of the others

and it results in imprecise estimation of regrassioefficients.

1 1 TSS;

VIF = > = RS = e
1-R? i~ RSS;

TSS

Eqg. (6.12)

e F-Statistics: is a measure of goodness-of-fit andmated as in Eq. (6.13) where
p is the degree of freedom of the model and p — 1 is the degree of freedom of

error in the model.

s wet 25:9)°
mean square mode
- = —E _ Eq. (6.13)
MSE (mean square error) Zi-9)
n-p-1

Analysis of variance (ANOVA) calculations includinthe statistical fitting

parameters explained above of the regression mateldisplayed in an analysis of
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variance table (Table 6.2), for each machine insystem under consideration. Because
the purpose of the proposed methodology is dynatask generation in real-time
environment, ANOVA calculations of the regressiomdals shown below for each
machine are obtained from one cycle of a singléa&{on simulation. Corresponding
-values of the constructed regression models ananieably small for all of the models,
proving that the models are valid for the giventays configuration. In additiord/IF
value of each explanatory variable is considerddole representing that these variables

are not collinear.

Table 6.2: Evaluation of MTBF prediction for a mamh

Regression Analysis of Y (MTBF)
Regression equation: Y =389.22 + 0.17 X1 + 0.29X24 X3 + 0.26 X4 + 0.01 X5 + 0.25 X6 + 4.06 X004 X8 + 0.29 X9
Sum of Degrees of Mean

Source of Variation Squares Freedom Square F Revalu
Regression 19548.14763 9 2172.016404 4.7027 0.0000
Error 41568.36495 90 461.8707217
Total 61116.51258 99

S 21.4912 Determinant 0.123366081

R-sq 71.99% DW 131

R-Sq(adj) 71.99%
Parameter Estimates
Predictor Coef Est Std Error t value P-value VIFs
Constant 389.2241 285.1587 1.3649 0.1757
X1 0.1652 0.1318 1.2531 0.2134 1.1304
X2 0.2932 0.1710 1.7151 0.0898 2.4508
X3 -0.0401 0.0285 -1.4048 0.1635 1.8935
X4 0.2612 0.0933 2.7996 0.0063 1.4593
X5 0.0052 0.0282 0.1843 0.8542 1.6611
X6 0.2482 0.2929 0.8477 0.3989 1.4457
X7 4.0640 1.1342 3.5831 0.0006 1.3613
X8 -0.0361 0.0432 -0.8344 0.4063 1.8176
X9 0.2852 0.1293 2.2059 0.0299 1.3053
100 observations were used in the analysis.
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| Computational time: 0.5 seconds.

6.6  Overall System Performance based on DDDAMS-fraeawork

The goal of this section is to demonstrate theralV system performance of the
proposed DDDAMS-framework. We divide the obtaimedults to two, where the first
results are obtained from the DDDAMS system empigya Bayesian Belief Network
(BBN) for the fidelity selection algorithm, and tlsecond results are obtained from the
DDDAMS system employing particle filtering for thielelity selection algorithm. Both
results are explained in terms of machine utilaatand cycle time in the considered

manufacturing supply chain system.

6.6.1 System Performance based on DDDAMS with BBMNIf Fidelity Selection

Figures 6.11 through 6.15 show the comparisothefresultant utilizations of
each machine within the considered semiconducterfab when simulated with the
proposed DDDAMS system employing a BBN for fidelgglection (when Algorithms 1
and 2 are built separately during the initial sta§¢his work) versus when simulated in
the most detailed manner. For each case, fivécegfuns have been performed to obtain
the results. The obtained utilization values facte machine is quite close, and in some
cases the machine utilizations are even better wPlnschedules and part routing
schedules are made by the DDDAMS-simulation. Th&y be due to the fact that the
DDDAMS-simulation aims to postpone the PM maintareaas late as possible until the

machine breaks down. One slight difference betvikerutilizations obtained as a result
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of DDDAMS-simulation versus the detailed simulatignthat, the minimum utilization

point may be slightly less in DDDAMS case than thiathe detailed simulation case. For
instance, for Machine 2, the minimum utilizationceeded is around 0.1 for the
DDDAMS case whereas the same is recorded arountbiOtBe detailed simulation case.
Hence, we can conclude that by running the detailealilation as controller of the shop
floor with having large amount of computationalaesces dedicated, the facilities may
enable machines to have slightly higher minimurhaation values. However, in case of
using the DDDAMS-simulation instead, they enabley\@milar performance with small

sacrifice in the minimum utilization point with ceiderable less computational efforts.

Utilization of M1 Utilization of M2
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Figure 6.11: Plot of utilization of machines 1 @th proposed DDDAM-Simulation vs.

in high fidelity simulation
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Figure 6.12: Plot of utilization of machines 3 ahth proposed DDDAM-Simulation vs.

in high fidelity simulation
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Figure 6.13: Plot of utilization of machines 5 &t proposed DDDAM-Simulation vs.

in high fidelity simulation
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Figure 6.14: Plot of utilization of machines 7 &t proposed DDDAM-Simulation vs.

in high fidelity simulation
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Figure 6.15: Plot of utilization of machines 9 ab@ in proposed DDDAM-Simulation

vs. in high fidelity simulation

Another set of experiments have been conductedsithe performance of the

DDDAMS in terms of the cycle time.

The DDDAMS mdsldor the supply chain
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members have been executed in sync with the reémsy(implemented in real-time
simulation) for five truncated replications, eadhwich is 500 hours long in addition to
a warm up period of 95 hours. The models areailytat an empty-and-idle state, where
all resources are idle and no entity exists insyggem. The transient phase is captured in
the determined warm up period and is removed fraoh&eplication when the statistical
results are drawn. During these replications, niean cycle time of production is
recorded for each of the supply chain echelon. IeT@B depicts performance statistics
for the proposed DDDAMS system compared againsetad a high fidelity simulation
(involving high computational power but high acaypand an aggregated simulation
(involving low computational power but low accurgcyespectively. During the
experiment, care has been taken to use same skms Yar random number generation
in real system. Table 6.3 shows 95% confidencervais for mean cycle times of
production within the mentioned simulations. Owee entire supply chain, the mean
cycle time was reduced by about 30% due to theausa®M schedules generated by the
proposed DDDAMS system compared to that obtainedh fthe aggregated model with
moderate CR usage. Furthermore, the results (Pidsites) obtained from the proposed
DDDAMS system are very close (9.5% difference)hose obtained from the detailed
model with high CR usage. Cycle times are measheddeen start of production in the
wafer manufacturing fab (echelon 1) and shipmemnhfthe assembly and packaging fab

(echelon 3). This reduction in cycle time transtato significant monetary savings.

Table 6.3: Mean cycle time (CT) comparison of theppsed DDDAMS system
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Echelon Echelon 1 Echelon 2 Echelon 3 Average

DDDAS-Simulation w. _
Dynamic _Fidelity 67.000+5.193 | 36.439 +3.032| 43.494 +2.48Y 48.978 +6.746

Highest Fidelity Simulation | 64.000 + 4.301| 33.710+0.937 37.568+1.485 45983171

Lowest Fidelity Simulation | 69.400 + 3.354| 69.400 +3.354  69.400 + 3.354 6946005

% Increase in CT wirt. 4
Highest Fidelity Simulation 4.688 + 3.468 8.095 +5.20 15.773 £+ 4.5469.519 + 5.939

% Decrease in CT wrt.

6.6.2 System Performance based on DDDAMS with Pacte Filtering for Fidelity
Selection

In this section, the fidelity selection algorithmoposed during the second stage
of this dissertation using particle filtering tediue, which has been successfully
validated against various nonlinear (and non-Gan3ssystems whose posterior status
information is known (see Chapter 4.4.2), is pluhgeo the DDDAM-system in order to
determine the required level of simulation moddkefity (when Algorithms 1 and 2 are
combined via particle filtering technique duringeteecond stage of this work). The
performance results obtained from the DDDAM-simiokatinvolving the proposed
fidelity selection algorithm for a real system amempared with the results obtained from
the most aggregated simulation of the same systameré the model fidelity--level of
decision hierarchy is set to Level 1) and the naesailed simulation of the same system
(where the model fidelity--level of decision hieshy is set to Level 3) (see Figures 6.16
and 6.17). All simulations were run 30 replicaspwhere each replication lasted for six

months (180 days) of operation. Figure 6.16 dep@h average waiting time of
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production batches in different cells of the comsedl semiconductor die manufacturing
fab, where these batches may belong to any of ithereduct families. As shown in
Figure 6.16, the average waiting time obtained fritve DDDAM-simulation with the
fidelity selection algorithm is less than that bétaggregated simulation for all the cells.
Decrease in the average waiting time is more tltapezcent for all the cells except Cell
#6, which may be the bottleneck of the productidfurthermore, the overall average
waiting time (average over all cells) obtained frohe DDDAM-simulation with the
fidelity selection algorithm is slightly higher thahat of the detailed simulation (with an
increase around 7.5 percent). As can be seenFigare 6.17, in some cases (Cell #3, 8
and 9), the proposed DDDAM-simulation resulted eduction in average waiting time
compared to the results of the detailed simulatidiis is believed due to the effect of

the changing levels of the data retrieval frequdpased on the need of each specific cell.

Similarly, Figure 6.16 reveals that the averagdéization of machines obtained
from the DDDAM-simulation with the fidelity seleom algorithm is higher than that of
the aggregated simulation for all the cells. lasein the average utilization of machines
is more than 15 percent for all the cells excemiragell # 6. This increase in the
average utilization may go up to around 50 perdansome cellsi(e., Cell # 8).
Furthermore, the average utilization of machinewioled from the DDDAM-simulation
with the fidelity selection algorithm is slightlgds than that of the detailed simulation for
all the cells. Average decrease in the averadeation of machines is less than 8
percent over all cells. Contrary to what is expddhough, in some specific cells (Cell

#3, and 8), the proposed the DDDAM-simulation witie fidelity selection algorithm
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resulted in slightly higher levels of utilizationhieh may be due to the dynamic change
in the levels of data retrieval frequency.

Based on the results summarized in Figures 6.166ahd it can be concluded
that the DDDAM-simulation with the proposed fidgliselection algorithm is able to
represent the actual manufacturing environment rately while saving from
computations when compared to that of detailed kittmns. Dynamic routing plans and
preventive maintenance schedules based on this DdBimulation enables the real

system operate more efficiently witlecreased waiting time and better resource uiitiaat
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6.7 Concluding Remarks
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In this chapter, we have successfully demonstritedenefits of the DDDAMS-

framework developed in this dissertation based on aonsidered semiconductor die

manufacturing supply chain system. We have statiedchapter by demonstrating the

dynamic fidelity change in the DDDAM-Simulations cardiscussing the latency

associated with the data collection as a resuthigf change in fidelity. Then, we have

demonstrated the performance results obtained Her groposed fidelity selection

algorithm as well as the developed resampling rugsg synthetic experiments before it

is being plugged into the DDDAMS-framework. Newt have demonstrated the overall

system performance based on DDDAMS-framework wite &forementioned fidelity

selection algorithms (both fidelity selection vi®B and fidelity selection via particle

filtering).
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In the next chapter, we discuss the extended DDDAfk& ework involving
simulation partitioning methodology, which is deygéd to save from simulation running
times of fast mode simulations (needed in Algoritdnof the proposed DDDAMS

system).
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CHAPTER 7

EXTENDED DDDAMS FRAMEWORK: SIMULATION PARTITIONING

Simulating large-scale systems in fast mode usualhytails exhaustive
computational powers and lengthy execution timekis situation holds true for the fast
mode simulations which we run as part of Algoritdnfprediction and task generation
algorithm) of the DDDAMS framework when we wanttest the candidate preventive
maintenance and part routing schedules before tgejethe best possible one. In this
chapter, we propose a simulation partitioning methagy (Celik et al., 2010) as a major
extension of our DDDAMS framework, which is design&o be used during the
execution of fast model simulation models assodiatgh Algorithm 4. The validity of
this methodology has been tested via a separatefa@aring simulation apart from the
original DDDAMS simulations and future venues ofstiwork involves testing the
validity and practicality of the proposed methodngsDDDAMS simulations in an
online manner.

A more specific goal of this method is to reducearion time of large-scale
simulations without sacrificing their accuracy baritioning a monolithic model into
multiple pieces automatically and executing them an distributed computing
environment. While this partitioning allows us tstribute required computational
power to multiple computers, it creates a new emgé of synchronizing the partitioned
models. In this work, a partitioning methodologgsbd on a modified Prim’s algorithm

is proposed to minimize the overall simulation exemn time considering 1) internal
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computation in each of the partitioned models antih2e synchronization between them.
In addition, we seek to find the most advantagemwsber of partitioned models from
the monolithic model by evaluating the tradeoffwvstn reduced computations vs.
increased time synchronization requirements. is work, epoch based synchronization
is employed to synchronize logical times of thetianed simulations, where an
appropriate time interval is determined based @ndtfi-line simulation analyses. The
Achemi computational grid framework is specificabynployed for execution of the
simulations partitioned by the proposed methodoltgyfacilitate the transition from

offline experiments to the DDDAMS framework. Theperimental results reveal that
the proposed approach reduces simulation exectitiansignificantly while maintaining

the accuracy as compared with the monolithic sitmarlaexecution approach.

7.1 Simulation Partitioning Problem

Modern society depends upon many interacting lamgde dynamic systems,
such as manufacturing, supply chain, defense, pmatetion, homeland security, and
healthcare (Wysk et al., 2004). Although someheirtconstituent systems are amenable
to mathematical and analytical analyses, the enksmare not, because of scale,
randomness, and complex dynamic response. As ssisduearlier, among various
simulation techniques, discrete-event simulatios lecome more widely used because it
can take randomness into account, address aggregjatell as very detailed models, and
enable a reusable experimentation set-up for asabyssuch complex systems which is

not possible or economical to be held in a reairget While employing discrete-event
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simulations during the design stage of complexesysthas become a common practice,
high execution time and computational power usagenime challenges when they are
used to support short-term decisioagy(operations or maintenance scheduling).

An obvious, alternative approach is to executegargic simulation in multiple
computers in a distributed computing environmeriiowever, it creates three new
challenges. First, in order to execute a largéessianulation in a distributed manner, the
component simulation models must be built in adi#d manner during the development
stage; or, if a large scale simulation alreadytexig should be partitioned into smaller
pieces (focus of this research). Here, it is geiallenging to devise a method to
partition a monolithic model into multiple pieces teduce its execution time without
sacrificing their accuracy (Vardanega and Mazie2601; and Kim et. al., 1998).
Second, simulation clocks of those partitions stiobke synchronized during the
execution. Synchronization of different partitidmess always been a challenging task and
extensive research works have been performed ia #mea. The conservative
synchronization (one of the major approaches) requhe partitioned models to ask for
synchronization request every time an event occurgerefore, no information is lost
when this type of synchronization is used. Howgwmnservative synchronization
approaches can introduce excessive overhead ingxecand result in little parallelism,
which can eliminate the speedup promised by disteitb simulation (Xu, 2006).
Optimistic synchronization (another major approach)the other hand suffers from a
possibility of roll-back, which can cause compuiatlly intense operations (Jefferson,

1985; Fujimoto, 2000). Third, as communicationsoam the partitions during the
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execution may have a high impact on the performanicea distributed simulation,
developing a reliable and efficient computatiomahiework is another challenge (David
et al.,, 1992). It is noted that as the number aftifoons increases, the frequency of
communications required by the partitions increageswell. Therefore, while it is
beneficial to increase the number of partitionstémms of reduction of execution
requirement for each individual simulation, it tstlae same time disadvantageous in term
of time synchronization and communication requiretee Therefore, an appropriate
number of partitions must be determined considebivity requirements.

In the rest of this chapter, we first assess aralyaa the compromise between
reduced computations and increased communicatopirements in detail in partitioning
of large scale simulations. Based on the analysésthen propose a methodology to
enable a near optimal partitioning of large-scatsusations into multiple pieces. Our
methodology is novel for several reasons. Fir$tijavmost of the previous studies have
focused on simulation partitioning using a hierazahtopology of the existing models,
we propose a new approach based on an efficiehthgmial-time heuristic algorithm
(using a combination of modified Prim’s algorithmdsk-way partitioning). Second, to
the best of our knowledge, this study is the fiittempt to develop a partitioning
methodology considering epoch time synchronizagind grid computing (see Chapter 2
and 7.2 for more details). Third, we devise a genmethod (and software converters),
which generates a graphical representation of aulatiton model automatically. By

generic, we mean the method can be applicable yia of discrete event simulation
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models. Lastly, a distinctive method is developetijch allows us to automatically
obtain traffic flow information of arcs in the gtapentioned above.

Part A of the proposed method is founded on a ghbesled algorithm. Here, we
first map a considered simulation model to an ulydey graph. To this end, the physical
and logical processes in a simulation model areresged as node@V), and the
connections between them as gté3 in a graph(G (N, A). These processes are either the
ones which add events into the future event ési,(Delay, Route, or Create processes in
Arena®) or the ones which do not add any event ih&future event calendar yet still
change the system statusq, Seize, Queue, and Release processes in Arena@gh
arc in the graph corresponds with an interactioanferring of information or entities)
between two nodes. The number of interactiomsdxn each pair of nodes in the graph
represents the “traffic” on the corresponding afmd, each node is associated with the
computation time for the corresponding processiensimulation model. Here, cost of an
arc in the graph is defined as a function of bdib traffic on the arc as well as
computation times of two nodes connected by the &mhile an arc can be associated
with only two nodesi(e., a beginning node and an end node) a node mighsdeciated
with multiple arcs. Considering this fact, the posed cost function is devised without
involving the computation times of the nodes mudtitimes (see Eq. (7.2)). In the
proposed approach, a single replication of the riibmo simulation is run for a certain
length (which is much shorter than the originallicgion length) first to identify the
underlying graph. Then, the constructed graphvgled into k partitions according to

our proposed algorithm modifying Prim’s algorithr@armen et al., 2001). In this
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algorithm, the goal is to minimize the overall slation execution time via balancing
distributed computational requirements, minimizingpmmunications among the
partitioned models (“minimum traffic on arcs”), amchinimizing the “maximum
computation time in nodes”.

Part B of our proposed methodology focuses on 8e{edhe most suitable
number of partitions which minimizes the total exi@an time according to the results
obtained from Part A. Upon identifying the mostpagpriate number of partitions,
partitioned models are distributed across a contipumi@ grid. In this dissertation,
partitioned models are manually constructed acogrdp the identified partitioning
policy; however, the process will be automated gisam automatic simulation model
generation methodology (Son and Wysk, 2001) infthere. In this dissertation, both
Parts A and B of the proposed method are illuddrated demonstrated using a generic

job-shop simulation.

7.2 Proposed Partitioning Problem Formulation and Methodology
7.2.1 Formulation of Partitioning Problem

As mentioned earlier, our main objective in thigter is to minimize the total
simulation execution time without compromising thecuracy of simulation results.
Formally, given a monolithic simulation model amdavailable computers, we intend to
find a numberk € [1,2, ..., m] of partitions, whose corresponding simulation exien
time is shortest. To this end, we need to divideoaginal model intdk partitions (see

Figure 7.1).
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Figure 7.1: Monolithic and partitioned simulatiomdels with their underlying graphs

After dividing the original model int& partitions, thesé& simulation partitions
start running at the same time. The overall sithutacompletion time depends on the
completion time of the last partition. Consequgntiur goal (objective function) is to
minimize the maximum of all individual simulatiorommpletion times (see Eq. (7.1)),
which are summations of 1) run time in each pariip € [1,2, ..., k] (RT,) and 2) delay
time (computational waste) in each partitiprn(DT,,) caused by synchronization with

other partitions. Details of Eq. (7.1) are expéaiater in this chapter.
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MinMaxj_, (RT, + DT,) Eq. (7.1)

Therefore in our work, we intend to find, which minimizes the objective
function in Eqg. (7.1). However, in order to findich k, we need to find the best
partitioning (involving the least total running tnamong all possible combinations of
partitioning for a giverk. Thus, we face two different problems here: 1egia number
of partitions(k), how to partition the monolithic model so tha tthotal running time” is
minimized (Part A of our methodology; see Chapt@.2/2.1) and 2) givem different
computers, how many of them should be used to mhte best resulti.e. finding k
whose corresponding “total running time” is minimwwherek € [1,2,...,m] (Part B of
our methodology; see Chapter 7.2.2.2.2).

Figure 7.2 depicts the framework of proposed panibg algorithm including
both Parts A and B, where we first extract a greggresentation (see Figure 7.1) of the
original simulation model, and then seek for thethmartitioning configuration. Each
node in the graph represents a building block & pghocess-oriented simulation model.
Each arc represents a feasible path for entitynforination movement between the
blocks. In the original simulation model, all diese movements as well as logical
processes residing in nodes result in internal tsvéome of which are placed in the
future event calendar and executed at future sitonlaimes, and others are executed at
the current simulation time). However, once thetipaning occurs, some of those

movements result in external (interaction) evelfitshe destination node belongs to
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another partition. As the number of external esentreases, the simulation runtime of
the partitioned models increases as well, duedeeased delay times.

In our proposed method, partitions are created iwag that the number of
interaction events between subsequent partitionedefa as well as the total simulation
run time is minimized. This partitioning methodaivariant ofk-way partitioning, a well
known NP-hard graph theoretic method (Andreev BRédke, 2004). The computation
time required to create the partitions contributeshe overall simulation time, and thus
needs to be reduced as well. Therefore, we emplogilynomial-time heuristic to create
these partitions. This heuristic is also furtheydified to enable load-balancing among
the partitions. This algorithm is applicable t@ tfamily of graphs with costs on arcs
only. Therefore, in this study the very first stigpto transform the underlying graph
generated for the original monolithic model intgraph with cost on arcs only. In other
words, all the costs representing the computatitoad on nodes should be translated to

costs on arcs.
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Figure 7.2: Overview of the proposed partitionimpgp@ach

Legend:

—» :arc
(o) : node
s: start node
e: end node
n: number of intermediary nodes

Figure 7.3:Computational time and traffic flow representatmman underlying graph of
simulation model

(ql'j(ti + tij) if iis astart node
Cij = { qij(tj + tij) if jis astart node Eq. (7.2)
ti+fj )
L4y (T + tij) otherwise

In our partitioning algorithm, cost of each ardirst computed according to Eq.
(7.2). Then, by cutting the arcs involving lowesssts, partitions are created. Here, a
cost for an argi, j), ¢;; is defined as a function @f, ¢;, t;; andgq;; (see Figure 7.3 and
Eq. (7. 2)), whereg; is the computation time needed for execution cirgyle logical
process at nodg t; is the computation time needed for execution airale logical
process at nodg, t;; is the computation time needed for movement of mtityefrom

nodei to nodej, andg;; is traffic flow volume on the arc between nodesdj (e.g, 50
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entities per time unit have traveled from ndd® nodej). If an arc is connected to a
start node, the entire computational burden of stertt node should be added to the cost
of that arc (outgoing arc) since it does not haweiacoming arcs. Similarly, if an arc is
connected to an end node, the entire computatiomalen of that end node should be
added to the cost of that arc (incoming arc) simaboes not have any outgoing arcs.
Otherwise, the total computation cost of each nedbvided into two as an entity enters
a particular node from exactly one entry arc amdds the node from exactly one exit arc
regardless of the total number of arcs associatddthat node.

Running time of each partitiopn (RT,) depends on 1) running time of internal
events in partition p which is define by the summation of all arc cosfthin the
partition p (first term in Eqg. (7.3)) and 2) running time thpartition p spends
communicating with other partitions (second ternktop (7.3)). In Eq. (7.3}, denotes
time to perform one communication (running time ére single communication to be
completed),s;; denotes the number of communications between nodesl j where
nodei belongs to partitiorp and nodej does not, and,, is a set ofindex number of

nodes belonging to partitign

RTy = X jyer, Cij + Lier, jer, teSij Eq. (7.3)

Eq. (7.4) depicts total delay time in partitipr{DT,) caused by synchronization

with other partitions, wheré, ;) is delay time in partitiorp caused by waiting for
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synchronization messages from all the other pantti. This delay time depends on

various factors including the method of synchronares discussed in Chapter 7.2.3.

DTp = Zle[l,...,k],rip D(p,l) Eq. (7.4)

7.2.2 Proposed Partitioning Methodology

7.2.2.1 Definitions, Modeling Assumptions, and Modificatiors

In this section, we discuss definitions, assumptiand modifications made in
our research in order to obtain the traffic and patational usage information from an
Arena® simulation model and to implement our preabpartitioning algorithm.
Although Arena® simulation package is used in #tisdy for the illustration purposes,
our proposed methodology is generic, thereforep@ieable to other process oriented
discrete event simulation packagesgy(ProModel, AutoMod).

The following definitions have been made to ilragt the proposed partitioning
method:

» Original Model (OM): A single, gigantic simulatianodel before partitioning.

* Visible Connectivity Graph: A graph representatioh the blocks and their
connections in the Original Model.

» Server: A “server” is defined as a series of buiddblocks which can be isolated
from the remaining blocks by cutting only two cootiens. In other words, these

building blocks are connected to only a singletstgrblock and a single ending
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block (e.g, starting with a “Station” block and eing with a “Route” block). As a
example, blocks shown in Figure 4 define a senvemi Arena® model

e Traffic Flow Matrix: A matrixQ, where each element is a traffic flow on an ar
between nodes and

« Computational Intensity Matrix: A ntrix T, where each element is a computation
time involved in the movement of an entity fromdR to block .

» Graph Statistics Diagram: A gra|C, where each element is a function of traffic
flow and computational intensity (see (7.2)).

» Partitioned Model: A division of the Original Modiglto  partitions, or federate

s Station W WBA e Asign o Branch Seize }4 Delay P Releas VBA 4 Fouts
Processal_Sm 12 055 13 17
B 1

f Femls Coize 4 Delay  pd Releass

0ss
L] (1]

Figure 7.4: A group of highly related blocks in Ae® which is referred to asserverin
this study

The following list discusses assumptions made auatk considered througho

the development of the proposed methodol
e It is assumed that simulation models are creataedgushodules available in tt
“Blocks” and “Elements” templates of Arena®. Thexee two motivations behir
this assumption. First, “Bcks” and “Elements” are two most generic temple

using which various systems can be modeled in aetkkevel of detail. While th
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proposed methodology is illustrated for a job shuopnufacturing system, it is
believed that key aspects of the proposed methggiatan be directly applicable to
other systems. Second, building blocks pertaitengll the high-level templates such
as “Basic Processes” and “Advanced Basic Procesaesilable in Arena® are
composed of building blocks pertaining to the “Bet and “Elements” templates.
Therefore, our proposed approach can be extendethegosimulation models
developed using other templates in Arena®. Asropihecess oriented discrete event
simulation packages support those building blockalayous to the “Blocks” and
“Elements” templates in Arena®, the proposed meth®dapplicable to other
packages as well.

While an OM may be composed of humerous blocksaans connecting the blocks,
we do not need to tally statistics on all the blocknstead, we combine groups of
highly related blocks in the OM into “servers” terggrate a reduced graph. Here,
while we deal with a reduced graph, the intensitiraffic on the remaining arcs does
not change and any traffic related information & fost. For instance, we can
represent all blocks in a work cell by a singleveeiin a reduced graph.

It is noted that a greatest amount of computatiaisalge occurs when an entity (or
job) is transferred from one server to another.is& because it involves material
handling activities, which are usually modeled incantinuous fashion e(g.
conveyors or automatically-guided-vehicles). Amotmajor source of computational
resource usage is the representation of procesgkm \@ server, especially when

their behavior is modeled in a highest granulaotgepict very small changes in their
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status during simulation. Various approaches aanded to represent the processes,

such as recursive algorithms, process emulatodsddierential equations.

The following modifications have been made to featié implementation of the proposed

methodology:

» All the blocks in an Arena® model are both labeded tagged in a way that they are
easily tractableie. “B1”, “B2"...).

* For each server in the model, two Visual Basic Aggtion (VBA) blocks are inserted
to tally the computational usage between serverbe first one is inserted right
before the first block of the server, and the sdcone is inserted right after the last
block of the server.

* A VBA block with an associated real-time delay tklad at the end of each server to
mimic the computational intensity caused by theraell movements of jobs in a
realistic setting. In reality, these inter-cell vaments of jobs can be performed by

dedicated robots, conveyors and automatic guidaathes.

7.2.2.2 Algorithm and Partitioning Details

This section discusses details of the proposedtipaihg framework together

with the embedded partitioning algorithm which epatted in Figure 7.2.

7.2.2.2.1 Part A: Partitioning a monolithic simulation into k pieces
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Step 1.Create an Original Model (OM).

Step 2:Obtain the Visible Connectivity Graph. The OM has underlying graph
structure, which is automatically extracted frone tsource code of the model in this
work. It is noted that in Arena® simulation packaghe source code is written in
SIMAN language.

Step 3:Run OM for multiple replications for a certain lieption length (which is
considerably shorter than the entire replicatiargth). Then, we save sought statistics
(i.e.,, mean cycle time, machine utilization, average peinof parts waiting in the queue,
and throughput rate) of this shortened replicatioto a database. The number of
replications is to be defined based on the desivediracy (half-width of the confidence
interval) of the simulation.

Step 4:Collect graph information via Traffic Flow Matriand Computational Intensity
Matrix.

* Obtain Traffic Flow Matrix: In order to obtain theaffic information between
different servers, each entity’'s movement is maeio To do so, all the blocks
that a specific entity passes through are detetttedetermine the sequence of
blocks for each entity. Once these servers arerm@ied, “the sequences of
blocks” of entities are modified to reflect “thegseences of servers”. Afterwards,
the number of interactions between servers is eutd obtain the overall traffic
information.

* Obtain Computational Intensity Matrix: In order abtain the computation time

between the servers, the start time and end timeaoh transfer movement is
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recorded and the difference is calculated. Contjmunal intensity matrix depicts
the average of these computed difference valuealftihe entities going through

the same route.

Step 5:Create Graph Statistics Diagram and reduce it &fnichg the servers (see

Chapter 7.2.2). The Graph Statistics Diagram fanation of the Traffic Flow Matrix

and Computational Matrix (see Eq. (7.2)).

Step 6:Execute the proposed partitioning algorithm tcateé federates. The proposed

partitioning algorithm is developed to minimize sfinonization requirements as well as

to balance the computational load among partitiofederates. The steps for this

algorithm are as follows (see Figures 7.5 and 7.6):

Begin with the Graph Statistics Diagram (Figure(@ph

Employ modified Prim’s algorithm to build a maximuspanning tree which
connects arcs in a non-increasing order of cosierathan in a non-decreasing
order of cost (Figure 7.5(b)).

Cut tree intdk-order forest by cutting arcs. The cheapest aedist selected; if

cutting an arc results in a federate which is senathan the minimum size
(maximum (%,2), then the next cheapest arc is selected. Thisepmois
repeated for a total & — 1 arcs cut. (Figures 7.6(a) and 7.6(b)).

The Graph Statistics Diagram has now been paré&toimto k federates. Map

these federates in the Graph Statistics Diagranthéonodes in the Original

Model.

Step 7:Run Partitioned Model (multiple federates) for @aplication.



Step 8:Check the replication number. If simulation hagibrun for the required number

of replications, proceed to Step 9. Otherwisetiooe to Step 7.
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Step 9: Compare simulation results of the Partitioned Bledvith the simulation results

of the Original Model.

Step 10EnNd.
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Figure 7.5(b): Maximum Spanning Tree



220

[Node 1 ]|
1
| Node 2 |
Node 3 —
e ¥ =k-1 cheapest arcg
L
Mode 5
¥ b f
Mode 4 Mode & | Made 11 '
Y .
| Mode & [ Mode 12 |
[Neg= 11 ] [todet4 | [Mocei1e | [Nede1s | [ Neseiz |
[Mode7| | Noded [ Noge 18 | [ Mogeio | l ( | i
l [Megeiz]  [Fes 3] | g | I | [Nesato |
Node 14 | Node 16 | | Node19 | | Node1$ | [Hodes | [wese s | ﬁﬁ [Noge 20 |
. 5 AN e | 1 Hode 22
[node17] [Nasets] [mode20] [nodezt | N
hoida | [
wd P
Node 22
I \
[Hose 23 | | S
Figure 7.6(a): Cuk — 1 arcs Figure 7.6(b)k partitions

7.2.2.2.2 Part B: Finding the most advantageous number of pditions

The aim of Part B of our proposed simulation penting methodology is to find
out the most advantageous number of partitionsdoyparing the results obtained from

Part A for various feasible numbers of partitiohs/alues).

Step 1:Run the algorithm explained in Part A fopartitions, where the initidlk is 2.
This simulation is to be run for multiple repliaatis, where the number of replications is
to be defined based on the desired accuracy (hdthvef the confidence interval) of the

simulation. At the end of the last replicatiorgrstthe average running time.
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Step 2:1If k is less thanm (the number of available computation resourceghim
network), incremenk by 1 and repeat Step 1. Otherwise, go to Step 3.

Step 3:Compare the average running times obtained frap $tfor all thek values.

Step 4:The k, which results in the smallest average running ticenotes the most
advantageous number of partitions.

Step 5:End.

7.2.3 Computational Infrastructure and Grid Computing Fra mework

Among many available ways to facilitate distributamputing (federation of the
partitions), Grid Computing is used in our resedmhfour reasons. For the aspect of
communication (other than Grid Computing operafjom®etween the partitioned
simulations, we use a Web Services based commioncatfrastructure (Lee et al.,
2008). Web Services provide an elegant mechaniem cbmmunicating among
distributed components without keeping much stat®rimation, as is required in
conventional means such as socket based interadietails can be found in Chapter 5.3

and 5.4 for Grid Computing and Web Services teabgiek used in this dissertation.

7.2.4 Case Study: Manufacturing Enterprise Simulation

This section discusses a generic prototype job-qisee Figure 7.8) used to
illustrate the proposed approach. The prototyesjoop is composed of 20 work cells

performing various processes, where each cell amtawo identical machines. In
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addition, there is an inspection cell which corssief two inspection stations. Four
different jobs are processed in this system, watthgob having its own routing sequence
(note that all the jobs need to be inspected befomepletion) (see Table 7.3). The jobs
and their routing sequences in Table 7.3 have bdatrarily selected in this study. The
flow of jobs through the system is driven by a paghtem. When a job is sent to a cell
according to its routing, it is assigned to onetltd machines based on a balanced-
workload machine selection rule. This machine d&a rule receives the machine
utilizations from each machine and directs the vext job to the machine having less
utilization. This way, the workload between thecmaes within a cell is balanced.
There is a dedicated queue, which is called “irgequeue” for each machine in our
system. Once a job is assigned to a particularhimagc it takes its place in the
corresponding internal queue of that machine anchitnot be re-directed to another
internal queue. The processing time of each joka@h work cell is described by a
statistical distribution function embedded in theadation model. It is assumed that
pre-emption is not allowed and processing timesdrious work cells are statistically
independent. After the job processing is complated work cell, it is sent to another
cell based on its routing sequence. The interrnelfements can be performed in various
ways such as conveyors, robots or manual trangmorta In this study, a dedicated
componenti(e., VBA block) is employed in each server to représbae computational
load caused by the corresponding inter-cell moveésm&om the current server to the
very next server based on the pre-defined sequéarceach particular job. This is

enabled via a function embedded into this VBA blackgenerate corresponding real-



223

time delay. The elapsed time of computation iis tomponent depends on the type of

the movementife., conveyor, robot or manual transportation) anddiseance occurred.

Table 7.1: Process routing seque(Rg,) for job i, stepk, “I'= Inspection
k1] 2| 3| 4| 5| 6/ 7 8 8 1011|12|13|14|15 /16|17 |18

11, 3| 2] 3| 4 5 7 6 1p11| 9 |12| 8 | 13|14|15|16| |
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Figure 7.7: Job shop configuration (case study ursdlis study)
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As discussed in Chapter 7.1, running time of eaattitpn depends on running
time of internal events and delay time caused Inglssonization requirements with other
partitions. Here, the delay time is directly reavwith interaction events communicated
among the simulation partitions, which are domgdec#ic. In this section, various
events occurring in the considered manufacturirgjesy are discussed beginning with
the ones mostly related to the manufacturing ensasupply chain) and followed by
those for the individual member facility (focustbfs dissertation).

A supply chain event is “any individual outcome (@n-outcome) of a supply
chain cycle, (sub) process, activity, or task” (@&enga and Schoenthaler, 2003). Some
events have significant consequences and therefmrst be monitored closely, while
others are of lesser importance. The critical f[mwblies in extracting the significant
events and responding to them in real-time. Damgequires an ability to monitor them
proactively, simulate them to help decision-makiagg use them to control and measure
business processes. In general, events in anieneg@m can be of two types: 1) internal

interaction events and 2) external interaction &v¢€see Table 7.2).

Table 7.2: Interaction events in a manufacturingteay

Event Type Example

End of a task
Beginning of a task
Internal Interaction | Event “stock partially available” as a res{lt
Events of the “check availability” task

Event "out of stock" as a result of the
“check availability” task

External Interaction | New order arrival

Events Inbound shipment delay
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Import policy change

Internal interaction events are the events happgeniithin a facility unit.
External interaction events, on the other hand tlaeeones related to other supply chain
partners or an external environment. Although fitegjuency of external interaction
events is in general considerably low compared#b ¢f internal interaction events, the
impact of external event may be as significanthas ¢f the internal events. Because our
current focus is limited to single facility simulats, only internal interaction events are
taken into consideration.¢., the end of a task and the beginning of a taglg.part of
the future work, external interaction events wiiabe considered for the entire supply
chain simulations. Once the partitioning of sintigia into multiple federates takes place,
some of the internal events in the Original Modet &ransformed to external events

because they contain the information that shoulghaged with other partitions.

7.3 Experimental Setup and Results

In this work, we have conducted an experiment toalestrate our proposed
partitioning algorithm and computational infrastwe and to evaluate their efficacy
while not embedding the proposed partitioning atham into the greater DDDAMS
framework. Details of the experiment setup all aits results are discussed below in
two main steps.
Step 1:A gigantic monolithic simulation model €., Original Model) is built to represent
the considered manufacturing system (see Chapf#)7.Then using our proposed

partitioning algorithm, partitions as well as theinderlying graph representations are
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determined. The best number of partitions canobed by repeating the experiment for
different number of partitions based on computatiesources availability. The best
result obtained among all experiments determines dlose to optimal number of
partitions. In this experiment, our Original Modglpartitioned into two, three and four
federates. The simulation models correspondingedoh partition i(e., Partitioned
Model) are created in Arena® simulation package. b& able to compare the results of

above mentioned models, we define two metrics asribed below:

» Simulation Accuracy: To measure the accuracy ofitpared simulation, we
compare the mean cycle times between the OriginadeMand the Partitioned

Model (see Eq. (7.5)).

A=1-1|1-Lom Eq. (7.5)

CTpym

In Eq. (7.5),A is accuracy(T,, is mean cycle time obtained from Original Model,
and CTpy, is the mean cycle time obtained from Partitionedd®l which is always
greater than or equal @,,, due to the extra time which may be added to tlecy
time for synchronization purposes. Herejs a unitless measure where its values
range from zero to one. The greater thethe better the simulation accuracy is.
Under the ideal conditiongl is equal to one. The minimum requirement for déce

simulation accuracy is set to 0.95 in this study.
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Partitioning Performance: This is the ratio of thaning time of the Original Model

to that of the Partitioned Model (see Eq. (7.6)).

p = Xom Eq.QY.

RTpm

In Eq. (7.6),P is Partitioning Performance®T,yis simulation running time of
Original Model, andRTpis the simulation running time of Partitioned Modélere,
P is a nonnegative unitless ratio where the greidteP, the better the partitioning
performance is. WheR is equal to one, it denotes that the Original Madel the

Partitioned Model involve the same running times.
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Figure 7.8: Accuracy of partitioned simulations ¥@aryingAt values
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Step 2:The Original Model as well as the Partitioned Moigerun to completion for
various simulation lengths under changing simutationditions. The results in terms of
the metrics explained above obtained from thesemxgnts are then summarized. We
evaluated the impacts of two different parametemstioe simulation accuracy and
partitioning performance of existing models: 1) ¢inmterval used for synchronization
(At), and 2) simulated inter-server transfer compatatime which is a type of delay to
represent computational intensity. In both Pantiéid Model and Original Model, an
identical seed value is used for random numberrgéioe to ensure identical creation of
entity types.

In order to decrease computational burden withcatriicing the desired
simulation accuracy of the Partitioned Model, wedhe¢o find the most appropriatd
value. Here, adt decreases.€., goes to zero), the simulation accuracy increfises
reaches to one). However, stsdecreases, the computational intensity of théitRered
Model increases as well leading the resultant exeguimes of these simulations to be
larger. Figure 7.8 depicts the simulation accuracpartitioned simulations for varying
At values where other conditions are fixed. An examypcalculation of each instance
(data point) in Figure 7.8 is explained in Tabl8.7Table 7.3 depicts the comparison of
mean cycle times (Simulation Accuracy) obtainedmfrdOriginal Model versus
Partitioned Model for seven replications, whereheatthem has simulation duration of
40 minutes for a fixed value dft (500 miliseconds) and a fixed value of inter-serve

tranfer computation time (700 miliseconds). Thensecalculation is repeated to find
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each data point in Figure 7.8. The maximwtvalue which meets our minimum
accuracy requirement(=0.95) is found to be 500 miliseconds. Whgnvalue is equal

to 500 miliseconds, we obtain a Simulation Accureesult of 0.96.

Table 7.3: Comparison of mean cycle times from i@agModel vs. Partitioned Model

Replication Partitioned Model Original Model Simulation
Number (CTpwm) (CTowm) Accuracy

1 10.86 11.21 0.97

2 12.32 12.02 0.98

3 10.18 11.21 0.90

4 10.92 11.25 0.97

5 11.01 11.97 0.91

6 11.10 10.92 0.98

7 12.14 11.96 0.99

Average Simulation Accuracy 0.96

Second, after finding the maximufit (500 miliseconds) enabling the minimum
required Simulation Accuracy A€0.95), we compared the performances of the
Partitioned Models involving two, three and fourtgeons (built based on the proposed
partitioning methodology) to those of the partigobuilt based on another partitioning
method (Konas, 1994; and Soule, 1992). In theidensd natural partitioning method,
the simulation partitions are built according te tieographic locations of the production
units in the original model. Therefore, the prattut units which are closely located
belong to the same partition. Figures 7.9(a),ad (c) depict the comparison of the
simulation runtimes between partitions built by f®posed partitioning methodology

vs. partitions built by the natural partitioning tihed, wherek is 2, 3, and 4 for (a), (b),
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and (c), respectively. In all the cases, the pars built by proposed partitioning
methodology (Part A of our methodology) outperforie partitions built by the
reference partitioning method. For instance, vathinter server transfer computation
time of 700 milliseconds, the Partitioned Modelgalving two, three and four partitions
ran 16%, 19% and 28% faster than the models byilhe reference partitioning method,
respectively. In addition, the performances of Beatitioned Models involving two,
three and four partitions are compared againstdh#te Original Model with increasing
values of simulated inter-server transfer compatatime (see Figure 7.10(d)). Among
the Partitioned Models, the Partitioned Model witlo partitions k=2) runs considerable
faster than the Partioned Models with higher parig (Part B of our methodology).
With the simulated inter-server computation timgsl¢han 185 milliseconds (0.185 sec),
the Partitioned Models (with two, three and fourtpans) showed no considerable
advantage in running time. At values greater th85 miliseconds (the case with two
partitions) and 235 miliseconds (the case withétpartitions), however, the Partitioned
Models run significantly faster than the Originab®®l. The Partitioned Model with four
partitions outperforms the Original Model at valugeeater than 405 miliseconds
although it still runs slower than the Partitiodddels with two and three partitions. As
depicted in Figures 7.10(a), 10(b), 10(c), and 1L Q¢drtitioning becomes more beneficial
as the inter-server computational intensity incesasFor example, with a delay of 700
milliseconds, the Partitioned Models with two ardee partitions ran 43% and 64%
faster than the Original Model, respectively (seife 7.9(d)). It should be noted that in

a real world setting, where inter-server computatis more intense than what's
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considered in our experiment due to highly congkestaterial handling activities, more

significant reduction of the simulation executioamé can be obtained via the proposed

partitioning.
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Figure 7.9: Simulation runtime comparisons betwdlea proposed approach and a
reference approach (a, b, ¢); and the Original M(i)e

7.4 Concluding Remarks

In this chapter, a novel simulation partitioningthwology was proposed as an
extension to DDDAMS framework to enable a reductiortotal simulation execution
time by partitioning large-scale simulations intailtiple federates which can run in
different computers in a synchronized manner. Thécality of the compromise
between reduced internal computation of each partiand increased synchronization
efforts between the partitions were assessed davdbr realization of the most efficient
partitions. We also presented an approach to tired most advantageous number of
partitioned simulations by comparing partitioningriprmances of the partitioned
models. The synchronization of the logical timéshe created partitioned were enabled
using a novel method based on Epoch synchronizatlere appropriate time intervals
were determined based on the off-line simulatioalyses. The same computational grid
framework which is currently used in implementat@nDDDAMS was employed for
execution of the partitioned simulations createdthy proposed methodology. The
proposed partitioning framework involved a graplsdsh partitioning algorithm which
was used to partition the underlying graph of thenatithic model ((e., Original Model)
into multiple graphs to determine the basic striectaf the Partitioned Model. The
partitioning was performed for a various numberpaftitions and their performances
were compared against that of the models built dase another partitioning method

available in the literature. The experimental hsstevealed that the Partitioned Model
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built by proposed partitioning methodology outpenied the model built by the
reference partitioning method in all the casese &kperimental results also revealed that
the proposed partitioning approach reduced sinaragxecution time significantly while
maintaining accuracy as opposed to the monolitmwkation approach as the inter-
server computational intensity increased. For gamwith an inter-server transfer
computation time of 700 milliseconds, the PartididnModel ran 64% faster than the
Original Model. In a real world setting, whereanserver computation is more intense
than what’s considered in our study due to higliggested material handling activities,
even further reduction of the simulation executiome can be obtained via the proposed
partitioning. The next stage of this research wibincern itself with automatically
generating the partitioned models based on the gsexp partitioning strategy and

demonstrating the proposed method under the prdddB®AMS framework.
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CHAPTER 8

CONCLUSIONS AND FUTURE WORK

In this chapter, the main contributions of thissértation and future research

works are discussed.

8.1 Contributions of Dissertation

A major list of contributions in this dissertatiediscussed below:

* A comprehensive DDDAMS system architecture has bg®posed involving
state-of-the-art information and computational teahgies, including real-time
simulation, grid computing, web services technolagnsor network, and database.

* To enable adaptive fidelity switching of the DDDA&/mulation against available
computational resources and sensory updates fremetll system, four algorithms have
been developed, including a data filtering and alradity detection algorithm
(Algorithm 1), a preliminary fidelity selection agthm (Algorithm 2), a fidelity
assignment algorithm (Algorithm 3), and a predictiand task generation algorithm
(Algorithm 4).

¢ Algorithm 1 has been developed to filter noise detect any abnormalities that
may appear in the status of the system based omélasurement of the current sensory

data (such as temperature and pressure). Theigstrength of the proposed method for
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this algorithm lies in its ability to spot abnorngdta by using the combination of the X
chart for Individuals and the Moving Range chart.

* Algorithm 2 (fidelity selection algorithm) has beanitially proposed and
developed using the Bayesian Belief Network. Latet has been enhanced using
Sequential Monte Carlo sampling technique (alsonknas patrticle filtering) in order to
make efficient inferences to determine the souafeabnormality in the system (shop
floor in this research) given large datasets. piloposed method is built such a way to
reveal cost-efficient inferences for determining gources of abnormality in the system
while saving from computational burden of the ollesemulation system. The proposed
algorithm has been first benchmarked against syiotHanctions, and then further
extended for preventive maintenance and part rguscheduling problems in a
semiconductor supply chain. The experimental tesdve revealed that the developed
sequential Monte Carlo-based fidelity selectionodtym was able to catch the system
status quite closely.

 Two resampling rules have been proposed in orddretaised as part of the
particle filtering algorithms such as our Algorithth of DDDAMS framework from
different perspectives. These two rules, the wagaand bias-based relative efficiency
rules, are the improved version of the rules exgstn the literature. The proposed rules
have been first derived theoretically and then herarked against the half-width based
resampling rule which is revisited in this disseota as well as widely known Kong rule
using a supply chain simulation in terms of thesampling qualities and computational

efficiencies. Results obtained from our simulatexperiment have revealed that the
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proposed variance based resampling rule outperfalinshe other three algorithms
including the proposed bias-based resampling rukerms of the recorded mean RMSE
values. When estimating the states of the largkesdynamic and complex systems such
as supply chains, the utilization of this ruleassmmended compared to the other three
rules discussed in this work as part of particleeriing algorithms. This selection will
enable more accurate results via less number t¢itlgaset sizes, which in turn prevents
the simulations from wasting computational effortsThe proposed variance-based
relative sampling rule may result in even grea@virggs in terms of computational
resources when applied to the real-world complegnados, where both the state
estimation and the measurement are more time-cangurand computationally
challenging. On the other hand, the performancéhefproposed bias-based relative
sampling rule was proven to be weak when comparddet other methods. Appropriate
selection of the resampling rule is also critiaalachieving desired accuracy levels in
estimations when the number of samples those caindven is limited with the nature of
the process.

* Algorithm 3 (fidelity assignment algorithm) invohg mathematical
programming has been developed to opt for the avail fidelity level of each
component by taking the system level computatioraburce constraint into account.
This algorithm obtains a matrix which encapsuldtesproper (desirable) fidelity level of
each component discussed in Algorithm 2 as an immtwell as the available
computational resource capacity from the grid cotimguservice, and returns a new

matrix which holds the assigned fidelity level fach component in the system that was
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evaluated at the current time point. This algonitls based on the well-known Knapsack
problem. The estimate of time that is spent fomgwnication to retrieve the
information of available resourcese(, from the time point when grid manager sends the
status request to each one of the computer resourté the time point when the update
is received) was not considered when formulatirgKhapsack problem. However, the
estimations on the virtual connection speed andcttramunications time among the
nodes in the grid can be included as part of futesearch. These estimations can be
based on an appropriate distribution which is basedhe historical connection data.
This area may also lead another great area oamdsavhich focuses on connection
reliability and its affect on DDDAMS performance.

» Algorithm 4 (prediction and task generation aldum) has been developed either
involving multi-linear regressions or distributedatete-event simulation models running
on fast mode (evaluating different decision ruleshsas part selection rules and machine
selection rules). It provides a real system witméar optimal preventive maintenance
(PM) schedule and 2) near optimal part routing (P&pmmendations for operational
efficiency of jobs (parts) to be processed.

 As part of extended DDDAMS framework, a novel siatign partitioning
methodology was proposed to enable a reductiomtad simulation execution time by
partitioning large-scale simulations into multidiederates which can run in different
computers in a synchronized manner. The criticalitthe compromise between reduced
internal computation of each partition and increlasgnchronization efforts between the

partitions was assessed to enable the most effipaatitions.
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* In addition, an approach to find the most advardgagenumber of partitioned
simulations was proposed by comparing partitionpggformances of the partitioned
models. The synchronization of the logical timéshe created partitioned were enabled
using a novel method based on Epoch synchronizgtRathore at al., 2005) where
appropriate time intervals were determined basedhenoff-line simulation analyses.
The proposed partitioning framework involved a drapased partitioning algorithm
which was used to partition the underlying graphhaf monolithic model (i.e., Original
Model) into multiple graphs to determine the bastiwicture of the Partitioned Model.
The partitioning was performed for a various numdifgpartitions and their performances
were compared against that of the models built dase another partitioning method
available in the literature. The experimental hsstevealed that the Partitioned Model
built by proposed partitioning methodology outperied the model built by the
reference partitioning method in all the casese &kperimental results also revealed that
the proposed partitioning approach reduced sinariagixecution time significantly while
maintaining accuracy as opposed to the monolitiitukation approach as the inter-
server computational intensity increased. For gamwith an inter-server transfer
computation time of 700 milliseconds, the PartiidnModel ran 64% faster than the
Original Model. In a real world setting, wheredanserver computation is more intense
than what’s considered in our study due to higliggested material handling activities,
even further reduction of the simulation executiome can be obtained via the proposed

partitioning.
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* The proposed DDDAMS system has been applied tomime mean cycle times
in a supply chain system by optimizing the PM schesl and part routing schedules of
individual echelons. The processes in a threetenheollaborative, semiconductor
supply chain system have been considered to demategierformance of the proposed
DDDAMS system.

* The automatic fidelity switching in each echelord arearly optimized resource
allocations have been successfully demonstrateche DDDAM-system with the
proposed fidelity selection algorithm has achie2@dpercent reduction in the average
waiting time and 15 percent increase in the averagehine utilization compared with
the aggregated simulation of the considered sugplgin. Similarly, the DDDAM
system with the proposed fidelity selection aldorithas shown slightly higher values in
the average waiting time and less than eight pérdeanrease in the average machine
utilization compared with the detailed simulationtlee considered supply chain. It can
be concluded from these promising results that esatipl Monte Carlo-based fidelity
selection leads to decreased waiting time and mhetsource utilization while saving
computational resources and time when integratedtire DDDAM-simulation.

* In his work, the results are obtained from the DINDAystem when it is
connected to a simulated real system (in the higiheil possible) in a realistic virtual
setting. When the same DDDAMS system is connetdegictual supply chain system
with physical resources, there may occur errordata collection in various layers.
These layers include the datasets which are usegrhraf determining the simulation

fidelities as well as the simulation itself, theg@ithms responsible for automated
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decision-making, the real-time and fast mode sitimiia as they are conceptual and
highly viable to developer perceptions, and the gramework. The quantification of
errors at the various stages as explained abovéhangknsitivity analysis related to these
errors are left as part of the future studies.

* While we focused on the PM for a collaborative symhain, the generality (and
necessary modifications) of the proposed DDDAMSa&ysfor the competitive supply
chain has been discussed as well.

* It is noted that while particular software packages used in this dissertation
work for illustration and demonstration purposd® proposed methodology is generic

and can be realized using any simulation softwakage.

8.2 Future Research
Extensions are possible in the methodological, neldgical, and applications
aspects of the research described in this disgertatWe itemize the future venues of this

work as shown below:

» Technologically, the effect of integrating diffetehigh-speed sensor networks
into the DDDAMS system on the performance can bdist.

o Other future research concerns scalability of theppsed system for larger
systems such as distributed electricity grid, potidun scheduling, and transportation
management, which involves three major challeng&stst, building and managing
highly detailed models (highest fidelity modelstlms case) to represent a real system in

an accurate and efficient way is challenging, eisigovhen the simulation is aimed to
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support short-term decisions. Second, given the&rneous amount of dynamically-
changing data that exist in the system, and coriegl¢he fact that even a medium size
facility is comprised of hundreds of machines anchedium size of a supply chain is
comprised of several echelons, a highly efficieesor network should be employed
throughout the system for timely data update. @hiunning several DDDAMS
simulations (each for a facility or component oé thystem) in geographically different
locations leads to even more complex synchronimapeoblems (both in time and
information) to be handled. Yet, realization oé tBDDAMS system in such a greater
scale will enable significant amounts of savingscomputational power usage while
allowing for significantly improved global performee.

» A parallelization framework has been conceptualiycdssed on how further
reductions and distribution of the computationatdam of algorithms can be enabled
while maintaining the accuracy of parameter estsat Future work of this research
primarily concerns itself with the efficient reation of the sequential Monte Carlo-
based fidelity selection algorithm in a parallehguuting setting under the DDDAMS
framework. The synchronization issues regardinty ke distributed DDDAMS system
and distributed computational resources are alsangrthe challenges to face.

* Regarding the developed resampling rules for gdarfittering, the performance
of the proposed variance-based and bias-based/eet@mpling rules were analyzed and
compared to the other methods on an individualsbakiowever, the performance of the
methods combining two or more of the aforementiondds may still outperform the

individual rules. Our future work in this aspedil\iocus on the performance of these



242

blended resampling schemes. As all four of theudised algorithms have complexities
of O(N2), they are equivalent when selection of the resmmgb based solely on the
computational effort.

» Performances of the proposed resampling rules lame veorth exploring when
employed for the patrticle filtering algorithms thatvolve sampling techniques different
from the importance sampling technique used in thgsk such as Gibbs sampling
(Gentle, 2002), Metropolis-Hastings sampling (Madigan et al., 1999), rejection
sampling, adaptive importance sampling (Oehlert98)9 and smoothed importance
sampling (Bolviken et al., 2001). Rejection samglimethod in which samples are
drawn from the filtering density without evaluatirthe integration is an example
technique worth discussing. Here, the future wards be even extended to develop a
measure of efficiency of the sampling from impodarsampling and rejection sampling
and point out the cases in where each of them doaildspecially useful while adapting
the resampling rules discussed in this dissertation

* The effect of information sharing on the performaud the supply chain is to be
understood thoroughly and should be included indbeision making process with a
right fidelity at a right time. The role of infoation sharing is to be researched (answers
to questions like: what information needs to beratia How much information is to be
shared? How to use the information to optimize gbals of the supply chain? Is the
meaning of the information understood the sameutfiinout the supply chain? need to be

sought after).
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* The analysis and experiments in this dissertatiavehbeen performed with the
objective of minimizing mean cycle time within eaéacility. The consequence of
independent (possibly conflicting) objectives dfelient members of the supply chain on
the overall system performance is another areatefast. The tradeoffs between local
and global optima can be explored. The numbercbEl®ns to be represented in any
model of the supply chain for effective analysialso to be studied.

* The next stage of our research will concern itgélli improving various aspects
of the proposed partitioning methodology and itsndaestration. Enabling a fully
automated partitioning in an online fashion in strdbuted simulation environment such
that an immense simulation can be partitioned mtdtiple federates at any time during
its run (without even completing one single regima) is another line of research
extension. In addition, these partitioned simolagi can be folded back to one single
gigantic simulation depending on diversity and di#ly of the computational resources
available on the grid. Finally, we are interesteadlemonstrating the proposed method

under the proposed DDDAMS framework.

8.3  Concluding Remarks

Knowledge gained from this dissertation is thregfohethodological, theoretical
and practical. Numerous valuable lessons have heeamplished at all levels. My
knowledge in the areas of large scale systems, engupply chains, simulation-based
control, dynamics in supply chain, modeling of dyna large scale systems, fidelity of

models and dynamic decision making has been sigmifiy enhanced by the help of this
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dissertation. This dissertation also has helpedactheance my learning in the use of
simulation techniques such as distributed simutatad simulation based-control and
design of experiments to analyze a system. Sulistaaxperience has been gained in
terms of general research methodologies and repding.

It is worthwhile to note that the Finagle’s Law Dfynamic Negatives which is
stated as “Anything that can go wrong, will—at thwerst possible moment” and a
Anonymous Quote which is stated as “Energy accahpl more than genius” held true

during several phases of the dissertation.
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APPENDIX A
Proof to showfi; is the unbiased estimate oft
Theoremyi, is the unbiased estimate jof

Proof:

1 E (Y™ h(x)]  NE,[h()]

. ._ < X
Eyli] = E, [EZ h(x)] = i ==y
i=1 s s

SinceE,[fd;] = u, f; is an unbiased estimateaf The proof is complete.

Proof to showii, is the unbiased estimate gt
Theorem: Proof to shoyi, is the unbiased estimate jof

Proof:

N;

> A w(x)] /N,

1

LB h)w(x)] N Rew)]
- Ny - N

Ef [42] = Ef =E, [h(x)] = u

SinceE¢[fi,] = u, fi, is an unbiased estimateaf The proof is complete.

Asymptotic properties of gy,

Theorem: Assuming that the measurement errors madependent and identically
distributed, if g, > 0, then P(N; <) =1 andlim,, ,oP(u+ o, <X <pu+oy) =

1-—a.
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Proof: The proof of this theorem is analogous the given in Anscombe (1952) for, and
Bayraksan (2005) in developing accelerated secplgmtocedure for assessing solution

quality of stochastic programs.

Given g, > 0,

P(NSZOO)=P< {(Ns:k)>(Ns:k_1)}>

=P <ﬂ{ti—1,1—a/2? > (Ns =k — 1)}>

k=1

This has a positive probability onlysf — oo ask — oo which is a contradiction.
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