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ABSTRACT

High quality input data is necessity for successfiscrete Event Simulation (DES) applicatipmand
there areavailablemethodologies fodatacollectionin DES projecs. However,in contrast tastandalone
projecs, using DES a a dayto-day engineering tootequires hig quality production data tde
constantly availableUnfortunately,there areno detailedguidelinesthat describesiow to achievehis.
Therefore, thigpaperpresents such a methodologpgsed on three concurrent engineering projects within
the automotive industry. The methodology explathe necessaryoles, responsibilities, meetingand
documentgo achievea continuous quality assurance obguction data. It alsepecifiesan approach to
input data management for DES using the Generic BMat@agement ToolGDM-Tool). The expected
effects are increased availability of high quality productiata and reduced lead time ioput data
management, especially valuable in manufacturing companies having advanced automated data collection
methods ad using DES on a daily basis.

1 INTRODUCTION

There is no doubt that todaysisiness environment within the automotive industry puts huge pressure on
car manufacturers. In order to gain a competitive advantagendeelo meethigh and rapidly changing
customer demandsyhich in turn requiresfast development offlexible, high performance, and cost-
effectiveproductionsystemsinterestinglyhowever the average Overall Equipment Effectivene3EE)

in Swedish manufacturintndustry have formore than two decades been consistently reported to be
around 50-60% (Bokrantz et al. 2018)early, reduced lead times in product realization projects and
increased efficiency in both exisirand future production are immense challengesthigatutomotive
industry isfacing To meet these challengespmpanies havéocused on utilizingvirtual tools and
methods fomproduct and production developmeRbr example, Volvo Car Group (VC@®aveincluded
DiscreteEvent Simulation (DES) as an importariool in their concurrenengineering pcesses (Jagstam
and Klingstam2002).In order to reap the benefits of DESImerousauthors have stressed the need to
adopt asystematicsimulation methodolog There is in fact a general agreement on the appropriate
structure for such methodologies (Robinson 20@4gree.g.Banks et al(2004) is onesome of the most
informative sources.Within simulation projects, the data collection phdsere been argued to be
particularly timeconsuming (Uben et al 1994, Robertson and Pex€002),andempirical studiehiave
shown that it constitutes on average 31% of the total project Skmogh and Johansson 200Phor

data availabilityis amajor reason for long data collection &@rfPerera and Lyanage 2000), and authors
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have therefore ppposedboth data collection methodologigehtonen and Seppald 199ereraand
Lyanage2000; Skoogh and Johansson 20G@&) well assoftwaresolutionsto reduce the lead time for
input data management, e.g. Beneric Data Management Tool (GBMol) (Skoogh, Johansson, and
Stahre 2012). Howeves,common denominator afl theproposed methodologies, both regarding overall
simulation methodologies andiata collection methodologies, is that the&em from a projedbased
approach to simulation.

Standalone simulation projects are often run over the course of several nirwitiess¢n 2004)in
which lengthy data collection phasese often acceptable.n contrast, liere has been ashift towards
increased use of DES dayto-day engineering tool in manufacturing compar(i®andell 2002), and
there is an emerging neéat purely datadriven production analysem a close to redime basise.g.
tracking system losses and identifying bottlenecks without requiring simulation. Ctaarlgituation is
vastly different from the typical standalosemulation project. Irparticular,it completely changes the
demands on data collectigmoceduresincehigh quality productiordataideally should be available and
ready to use at any given time. Thisingpossible to achieve by purely relying on projeateddata
collection methodologies, meaning that there is an obvious gap in available research.

Therefore, the aim of this paper is to propose a structured methodology for continuous quality
assuranceof production dataThis is achieved through a case study within VCG. The proposed
methodology willcontribute towards increased availability of higbality production data, which will
improve inputdata management to DES, redunerall lead time in development projects, andiaid
improving both existing and future production systems.

1.1 Case description VCG Torslanda

This case study is performed\&CG in Torslanda (VCT)an automotive indstry manufacturing plant in
SwedenBy 2020,VCG aims to sell 800,000ars worldvide, a 45% increase in annualesain 10 years.

Until then, theyalso striveto achieve a development lead time of 20 months froogram start to
production of the fist saleable vehicldn parallel,VCG aspiresto reach at least 85%EE in running
production.In regard to simulationyCG have integrated DES in their concurrent engineering projects
through continuously improved long lifgicle models (Jagstam and Klingstam 2002). Within these
development projects, rapid evaluations of design concepts are expected, and detailed simulation
experiments related to production improvements are often requested to be answered within 24 hours.
Hence, &ey factor for reducing development lead time and increasing production effitsetacgnable

a better use of production datBherefore,a newproduction disturbancéollow-up system hasecently

been implemented fall new production lines. In addition, a recent study mappirtgedvailability of

input datafor DES within VCT identifiednanyissueswith data quality (Carter and Ludvigsson 2014).

this study, he current state of input data management for DES and general data collection promedures
mapped based on three previously completed ¢asamcurrent engineering projscteferred to as E1,

E2, E3; see further details in section 3.1.

2  QUALITY, VALIDITY, AND CREDIBILITY IN PRODUCTION DATA

Important factorso achieve a collection dfigh quality production data apgesentedn this section, with
a particular focus otheory coveringlata validatiorand data quality indators toachievecredibility in
input data.Clearly, akey factor for any simulation application is to work in an organized manner
However, even the most waglerformed simulation studies could be rejected if one fails to achieve
acceptabilityof the results. Eriksson (2005) studibds topic, and argues thaé¢cision makers’ ignorance
of simulation results relates to that that simulation holds no special place amongst other decision support
methodsBalci (1990) howevehighlights that eceptabilitycanbe irfluenced by striving to achieve high
credibility of thesimulaion results, antherefore presents a hierarchy of credibility assessment sitages,
which data validation is included.

Sargent (2005) defines data validity from a simulation perspectivasigiieg that the data necessary
for model building, model evaluation and testing, and conducting the model experiments to solve the
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problem,are adequate and correcEherefore,any validation activityrequiresa structured methodology
(Balci et al.2000), and several authors have suggested ways to perform orgdaizaedlidationBalci
1990; Rabe, Spieckermann, and Wenzel 20@9)practical example is e.go utilize face validation by
collaboration with process expertSkooghand Johansson 2008Yalidation and verification of input
data can alsoebpartlyautomated Rerera and Lyianag2000), e.g. by using theDM-Tool (Skoogh,
Johansson, and Stai2812).However,Sargent (2005) argues that unfortunately, there is not much that
can be done tdetermine whether the data are corréinethelessBalci et al. (2000) explains tha

order to achieve credibility of datiais critical to assess the followirdata Quality hdicators

Data Quality Indicators Accessibility, Accuracy, Clarity, Completeness, Consistency, Currency,
Precision, Relevance, Resolution, Reputation, and Traceability.

These indicators can be seergagling criteriato ensurehigh quality production datddowever,not
all datarequirehigh accuracy and validity (Skoogh and Johansson 2008), meaning that quality, validity,
and credibility always need to be assedselation to the objective@alci 1990, Williams and Ulgen
2012).However, n the case of longdife cycle modelsdata integrity neesito be checked continuously
(Ulgenet al.1994), and Rabe, Spieckermann, and Wenzel (28@f)estshat if regular updates afata
are needed suitable process needs to be in place or prepared.

2.1 Roles, Responsibilities, And Data Requirements Within An Organization

Knowledge and experience is essential in simulation, and suanlationproject team should include
designatedoles and responsibilitie® avoid project failure, e.deadership, client, modelingystem
experts, dat providers etc. (Balci 1990; Randell 2002; Robinson 2004). However, in contrast to literature
regarding overall simulation projects, none of the articles proposing data collection methodologies
deliberately suggests aspecific roles or responsibilitieFhis is very unfortunate sindgéis evident that
data requirements can largefgry between oganizational functiondzor example, using data tolcalate
energy consumptionf machines (Dettmaat al. 2013) differ from using it for predictive maintengnce
and minorstoppages should be calculated as a lump sum to be manageable for operators (Ljungberg
1998). Furthermore simulation are ofte ignored in the specification of the collection system and
databases, resulting in that learning and understaralingata sources can be very time-consuming
(Skoogh and Johanss@007).To tackle this issue, Randell (2002) argtredt data should be collected in
such a way that it is usdffor a variety of ativities, and hethereforeproposes a generic framewdHhat
describes the appropriate data structure.

Theessence of collecting data for variqueposess to be able tgrovidethe right information to
the right user with the right quality at the right tinddis idea of a pull flow of information have been
utilized in information and knowledge management systems for product developmentewh&ang
and Cai (2009kxplains dean supermarkehinking aimed towardfulfilling 4 criteria: (1)information
and knowledge aralways fresh and up to dat@) information and knowledge asafficient to serve all
the needs, (3) we know where each information and knowledge are stodgd) the information is
ready to be pulled at the right time, the right kind, and right amount.

2.2 Succes$-actors And Pitfalls In Data Collection For Simulation

There are plenty of available literature highlighting success factors taldspn simulation In Table 1,
descriptions of success factors and pitfalls related to the data collection phase are presented, based on
Sadowski (1989), Law and McComas (1991), Musselman (1994), $)&gead. (1994), and Williams and

Ulgen (2012). Note howevehat Ulgers et al.(1994)alreadycompiledprevious pitfall papersaind Table

1 therefore serves as a general overview of potential difficulties.
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Table 1: Pitfalls and success factors in daga collectbn phase in simulation projects (summary from
referencesbove).

e Poor data availability is a major problem, especially due to inaccurate information and |
formalized operation procedureStrive to collect all possible data from various sourtes, be
cautious for optimistic data, amdake a sensitivity analysis if needed

e Make assumptions about data, but document them. Alert the client about data weaknesses, k
and validate assumptions before presenting them, and make sure to reach agreement

e Variation, e.g. machine breakdowns, habve most effect on the system, sever replace ¢
distribution by its mean. Instead, use a distribution fitting softicarepresent any variability with an
appropriatestatstical distribution. In fact, fied distributions of bad data ass bad as usliable
estimations, and wrong conclusions can be drawn frontllatappears to be good.

o Data collection should stadarly, and the data structure should be definefbile model building
starts. However, data d¢ettion should not start if no macro date available, if experts disagree on
estimations, or if the data are noucial. Ask questions about the systerollaborate with date
collection people to make data collectiplans, andstrive to exploit concurrencyidata collection
Examine all data and learn when it was collected, detect early if datm@sable, and questiail
data.For long lifecycle models, continuously check the integrity of input dagularly test time
sensitive input dajand set up long term data collectfmocedures for revalidating input data.

3 METHODOLOGY OF THE S TUDY

Theaim of this study was tpropose a methodology for continuous quality assurance of production data.
To achievethis, an embedded representative singkse study approach was adopféch 2003).Based

on three ases from completed concurrent engineeprgects(E1l, E2, E3), the currentate of input

data management f&DES and general data collection procedusere mapped within/CT. The 20
largest problems in the current state widentifiedandused as inpub the proposed methodology.

3.1  Gathering of Empirical Data

Three sources of empirical evidence were usetinistructuredinterviews, direct observations, and
reviews of archival records. Direct observations consisted of walltjitrewith the simulation analyst,
focusing on explaininghe use of DES andurrent input data managemeptoceduresReviews of
archival records were conducted by studying production data in the follow-up systddata collection
guideline documenté g. cycletime definitions) (Yin2003).First, direct observations and an interview
was performedwith a simulation analystfocusing on mappinghe current approach to input data
managementThe interview template was constructealsed on literature review and observations, and
covered a firsgeneralpart regardingsimulationmethodologyand data collectiomethodology, and a
second part aimekgarding thehree casekl, E2, and E3The cases revolved around assignmehgg

the simulation analyst had faced in previcogacurrent engineering projects, namely:

E1 Determine the standalone throughput of a specific production line by verifying its availability

E2 Determine the performance af new laser station by estirtiag technical availability on all
components that affettiroughput.

E3 Determine the buffer size betwethie new laser station and th&eubsequent arc weld station to
ensure sufficient throughput.

Thereafter, ireeaddiional interviews were conducteftr whichthe interview templates wetlmsed
on the initial interview and observationsiith the simulation analysfThese includedne maintenance
engineerresponsible for implementing the nevstdrbance followup systemone maintenance engineer
working with disturbance data collectiaandone laser equipmeepertwho was largely involved in the
E2 and E3 casd&heequipment expert is the process owner for all laser equipment in the body shop, and
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connected in a worlddde collaboratie network of Volvo plants, universities, and equipment
manufacturers. Thirst interview lasted for 2 hours, the subsequetarviewsfor 45-75 minutesand all
wereaudio recorded and transcribed within 24 hoAtthough a sample size of 4 interviewassather
limited, theparticipants are in fact the k@grsons involved in the collection of production data at VCT.

3.2  Analysis andPresentation ofFindings

The results from the thresourcesveretriangulated by developing converging lines of enquiryich is
suitable for singlesase studiegYin 2003). Astrategy of relying on theoretical propositions was adopted,
which is a way of letting available theory guide the analysis in order to focus attention on certain, relevant
aspectsand ignore other, rielevant,aspects This enables focus onthe most significant partef the
study(Yin 2003) The 20 largest problems witburrent input data managemeatDES andgeneral data
collectionproceduresre presentefirst, followed by a description of thrurrent state at VCTThaeafter,

the proposed methodologgypresented, aimed towards solving the problems in the current state.

4 CURRENT STATE AT VCT

Based on the interviews, direct observations, and rewaéwarchivalrecordsin regard toE1, E2 and E3,
the current state of dataput data management fDES and general data collection procedutegGr
are presented in this sectidn. particular, thelO largest problems ithe current statare highlighted
(Table 2 and Table 3).

Table 2: The 10arges problems with current procedures for input data management for DES.

o Lack of formal methodologies for simulation in general, atada collectiorin particular.

o Lack of time to perform data collection

e Poor data availability (particularly disturbandata, where the complete ralata loghasfull
accessibilityfor only the past 30 days).

o Poor quality of ategory Adaa (particularly disturbancgata, where minor stoppages < 1 minute
and specific stop type categories are automatically remavaatalogs with full accessibility.

¢ Large time requirement for manual collection and transformation of breakdown input data

o Transformation of input dat@quires large involvement of equipment experts, who are difficult
to find and time-consuming to contact.

e Correction and calculation phases are aggravated by pow@r glzality and inconsistent
disturbance classificatigrwhere it isparticularly difficulty to determine what stoppages tt
affects technical availabilitygnd distinguish between stopping vs. non-stopping disturbances.

¢ Input data transformatiois questioned by project leadership due to assumptions, estime
and judgments in correction and calculation phases, a proceatstilatks documentation.

e Input breakdown dattMDT/MTTR with fitted statistical distributios) arerejectedby project
leadership due to diverging view§expected disturbance patterns in equipment.

e The rejection of simulation results causes uncertainties in projectspogtibly large financial
conseguences.

It is obvious that the current approach is not sufficient to reach the high sefaydalst response
time of DES experimentsParticularly problematic is the poadata reputation that has caused
uncertainties irprojects.A benefitof conarrentengineeringvithin VCT is that the simulation analyist
integrated in theproject team,jn which DES experiments are conducted continuously and ewéluate
collaboratively However,the simulationanalysts summarizes tls#uation by sayinglf you pick raw
data, you are questioned. If you present filtered data, you are questioned. Yes, it is a lot of juidigment
unreliable data, and in this particular case (E3), | am not really Isare¢hie data that | have used are
correct. | meanl, don't trust it either.’ Figure 1 shows the current approach to input data management for
DES at VCT.
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Figure 1 Current state of input data management for DES at VCT.

Evidently, amajor challengdor the simulation analyst is to collect and transform disturbance data to
input breakdown data withtfed stéistical distributions, and theskta haveparticularly poor credibility.
Therefore, the subsequent interviews largely revolved ardisturbance dataBased on these interviews
and complementary observations and resiefvarchival recordsthe 10 largest problems with general
data collection procedures are presentéethiple 3.

Table 3:The 10 largest problems with current procedures for general collection of production data.

e Lack of communication between central maintenance department and daiaasétisg inlow
involvement from data users afelv collected and implemented data requirements.

e Lack of roles, responsibilities, and faamwork procedures tacollect and implement data
requirementsaggravated byack of time and resources fdeveloping data collection systems.

e Large variety in data requirements between organizational functiesidting in a big challenge
fulfill all the different needs, especially due to the lack of formal data requirement specifications.

e Large problems in developmeahd implementation of disturbance classifications and cause codes
for operatorrommenting, aggravated by conflicting views onléwel of detail of the comments.

e Operatorsand maintenance technicians, responsibledonmenting disturbances, dahekey roles in
identifying failure root cause$ut they lack education and influence in how data are collected.

e Lack of documentatiorof changes in equipment, processes or data structure that affec
representativeness of production data (i.e. data currency)

o Very few people are using production datesulting in lowvalue in collecting high quality data
aggmavated by that some data files are not designed ¢adily interpretable.

e Minor stoppagesare automatically excludeih the reportsused by production and maintenar
personnelresultirg in that up to 60% of atlisturbances remain unnoticed and unresolved

e Equipment experts perceitbe collecteddisturbancedata as rather unusable, wih have bettel
support and higher data qualitwant to be inwlved in how data are collected, and have
knowledge to decide how data should be collected for their specific equipment.

o Large opportunities irtollecting valuable data are wasted dudaitk of roles and responsibilities for
implemerning data requirements, resulting in tleat). equipment with advanced condition monitoring
sensors have never been connected to the ovgstdiss

The problems imable 3clearly illustratethe need for a more structured egachto data collection
In particular, all intervieweesention the lack ofommunication and important roles and responsibilities.
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One ofthe maintenance engineesadks aboutimplementing the new disturbance follow-up system, and
explain: The central maintenance department is responsible for collecting requests from different sources
within the organization. We had some discussions about data requirements, but not really that concrete.
We took some things into account, but since the new system irsaaof allowing for changes, it was
not worth going to the bottom with this.The othermaintenanceengineeralso talks aboutdata
requirementsand says'Actually, our only responsibility is to ensure that the system can receive data, not
that anyone sends it to us. But there have been no requirements sent to us, not from production or
anywhere els&. Interestingly the equipment expert mentioriWe dan’t have any possibility to sep the
systems so that we can get the data that we want and need. Maybe thar@éntesdance department
can but they have not asked us’. Remarkably, when all thresséesl what people should be involved in
developing dat collection proceduresthey all referto each other and explaithat a much better
communication and clalboration would be very useful.

In this current state map, a number of vitales and respoiislities can be identified(1) the
simulation analyst, (2) the equipment expert, (3) the central maintenance depggtingre PLC expert,
(5) the project leadership, and (6) the shop floor personnel.

5 PROPOSED METHODOLOGY

Through the use of interviews, direct observations, and wevid archival recordsthe 20 largest
problems with the current procedures for input data managemeDE®m@nd general data collest are
identified from three cases: E1l, E2 and3.EBased on the current state mappinige proposed
methodology for continuous quality assurance of production data is presenigurenZd:

It is noteworthy how many of the problenmsregard to input data management for DESble 2)
directly relateto the data quality indicatof8alci et al. 2000), e.g. poor clarity, completeness, reputation
etc. Moreover, poor data availability, lack of documented assumptics®jes with distribution fitting
and lack ofprocedures for validatinigput datadirectly relatego the pitfallsand success factors irale
1. In particular, validatiorof the laser breakdown data (E2,) BEBasextremely difficult due to poor data
guality, despite applying face validation by collaborating with an equipment expert (Skoogh and
Johansson 2008Moreover, as many of thaentified problemsan be attributed to poor communication
anda lack of necessargxpertise, it is not strange thae establishment ofolesand responsibilitiegn
simulationprojectsare emphasizedR@ndell 2002Robinson 2004). Alsadhe current data structures are
not designed fosimulation(Skoogh and Johansson 2007), amellack of roles and responsibilitiefor
updating production data and documenting changes stresses the need to prepare jprecésdbte this
(Rabe, Spieckermann, and Wenzel 2009).
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Figure 2: Proposed methodology for continuous quality assurance of production data.
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The proposed methodology descriesk procedures for continuogsiality assunace ofproduction
data by collectingand inplementing d&a requirements fromarious data usergs well as a structured
approach tdnput data management forEI3. The methodology enables a much better communication
between the cerdl maintenance department asita users. The central maintenance department should
beresponsible for callingegulardata requirement meetings,which data requiremergpecificationsare
filled out by interesteddata userse.g. simulation, productiorand maintenance personrefc. These
documents specifigbe users’ dateequirements based on ttata quality indicators proposed Bgici et
al. (2000). Thereafter, the data collection implementation team is responsible for reviewing and
implementing the data requiremengpecifications The roles within this team shallcorsist of
representatives fro the (1)central maintenance department, €2uipment expertisge.g. laser, robot)

(3) PLC programming(4) manufacturingengineeringle.g. robot and layout desigrgnd(5) shop floor
operatorsWithin this team, th@perators should play a leading role since they are the only ones who can
truly ensure that representativata are collectede.g. commenting disturbancedn fact, it would be
ideal if data requirements are not implemented unless it brings value opdregors, and the primary
focus should be on implementing their requiremehite implementatiorteam should meet onragular
basis, where the focus on translating data requirement specificatiorie data implementatioplans,
specified indata requirement implementation checkligthereafterthe central maintenance department
is responsible for ordering the changes fromlithdepartmentExamples of potential changes could be
redesigning the raw data disturbance loge@pplicable for simulation, artegratingavailablecondition
monitoring data. The implementation team holds the responsibility fovdidation consisting of initial
face validation ofmplemented data requiremsnandcontinuoudace valdationof the collected data in
the case othanges iproduction equipment, processdata structure etc.

The second part (right part of Figure 2) of the proposed methodology descriliegutirdda
management procedure for DESNsistingof extracting data, perforimg face validation with equipment
expertin relation to the implementedhta requirement specificatioand creating a configuration file for
data transformation in th@DM-Tool. Famal documentation of all assumptions should be madeglur
the GDM-Tool configuration, which serves to reduce the potentiakdgction of input data by project
leaderkip (Table 3. The GDM-Tool generates the desired input data, e.g. MDT/MTTR with fitted
statistical distributionwhich is stored in aPLM systemand pulled to be used in simulation on short
notice.This configuration is only required onéar a specific data typeand the GDMT ool can be set to
continuously perform updates to always ensure that the information is fresh and up to date.
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The lean supermarket thinking (Yan and Cai 2009) have beeneddopthe methodology in the
following ways: (1)Keeping the data fresh and up to date u&mM-Tool updates(2) Ensuringthat the
information is sufficient to serve all the needs by implementing spetafi@ requirementg3) Know
where each information is storég keepingtrarsformed data from GDM ool in the PLM system(4)
Informationready to be pulled at the right time, the right kind, and right amioymollecting data in
accordance to thasers’ data requirements. This thinking is also adopted innthEementationteam
constellation since itolds all the requiredexpertise and enablesa pull flow of information and
knowledge from within the organization

6  DISCUSSION

This paper presents a methodology for continuous quality assurance of production data based on a case
study at VCT, in which 20 major problems with the curreatesof input data management for DES and
general data collection procedures are identified. The proposed methodology suggests the tase of da
requirement specificationbased on data quality indicators (Balci et al. 2000). In the context of
brealdown input data for simulation, thi®ulde.g.includethe followingdemandsData need to have an
accessibilityso that a 12-monthistory s directly retrievableData need to have a claritigat enables a
distinctionbetweenstopping and nostopping disturbances. Data need to hagerapletenesso thatall
stoppages are loggenhcluding minor stoppageBata should have esolutionso downtimeis traceable

to a component level, e.g. a specifabot gripper Note that the intention is to only specify treerant
indicators, and unimportant indicators arecided appropriatelyby the implementation team. The
indicators were chosento support e fundamental idea ofpecifying data quality requirementsfor

specific users, and thuenabledata to becollected in accordance to specific objectiyBslci 1990:

Skoogh and Johansson 2008@jlliams and Ulgen2012). Therefore, it is suggested to utilize previous
researctor the basidatastructure(Randell2002) and then adajt to the submitteddatarequirements
specifications.

Articles highlighting pitfalls and success factgmovidegeneral, but valuabl@racticaltips for how
to avoid common simulation problenfFable 1). Althoughtie proposed methodologddresses data
quality issueon a more detailed levet will still help to avoidpitfalls and graspthe opportunitiesn
success factors. For exampleniproves overall datavailability, and ensures appropriate representations
of variationthanks to high quality data and usetloé GDM-Tool to fit distributions.It also mitigates
general data collection problems by establishing a structured approach to data collection throughout the
organiation, as well as enable continuous contbldata-integrity and tests of tinsensitive data
through regulaGDM-Tool updats.

A critical aspect that has been identified in this study is the abilityattk changeshat influences
data currency(Table 2), e.g.replacementf equpment. This is bothrelevant forsimulation and
operationssince data analyticgan supportfollow-up of improvements.tlis thereforevital that
procedures, roles and responsibilitiesdocumering such changes are in pla¢¢owever, this doesot
hold a pecfic solution at the moment, but will be tackleduture research.

Another issue to address is the probleith low acceptabilityof simulation resultslue to poor data
credibility (Table 2). Athough the proposed methodology does specifically address threquirements
for project leadership to trust the input data, an awareneasasmal approach to ensure high data
guality, in combination with documentation of assumptiamn#l, most likely contribute towards improved
credibility and reduced risk of project uncertainti€3f course,development projects cadirectly
influence the data collection by subtinyy data requirement specifications.

Numerous previous studies have propodeidiled methodologider data collection and rapid input
data managemefur simulation project¢§Lehtonen and Seppald 199&rBra and Lyanage 2008koogh
and Johansson 2008)ehkte,this studydoesnot intend to specificallsupportstandalone simulation
projecs, and instead focus ocontinuous data collectiorAlso, the 20 identified problems primarily
revolve aroundcategory Adata,andthis study therefore focason improving the management of such
data. However, the intention is to includategory Band Cdatain the methodologyhrough further
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studies.Of course, thiswork is still primarily on a conceptual level, and much effort is required to
operationalize the methodology before implementation.

Moreover,without a better use of informatiaand knowledge, most manufacturing companies will
struggleto achievesufficiently high production efficiency. Within/CT, the current use géroduction
datato support production improvemenisll likely be insufficient to reach 85% OEHE.ooking ahead,
the emerging trends within the manufacturing industry, e.g. industryptafeeven highedemands on
collecting, storing, and analyzingroduction dataNonethelessstoring transformed and updatagput
data fromGDM-Tool in the PLM system enables a rapid use of data in simulation, which contributes
towards the possibility tpresent detailedimulationresultswithin 24 hours. Note however that ifngw
GDM-Tool configuration is required for the needed data, 24 hours witidgficient.

7  CONCLUSIONS

The aim of this study is to propose a structured methodology for continuous quality assurance of
production data, with the intention of increasing #wailability of high qualitydatafor various data
users.Based on a case study at VCT, poor communication and a clear lack of roles, responsibilities, and
formal work procedures foratia collection were identified, in combination with inefficient manual DES
input data management procedures. By identif@igmajor problemsn the current statdt is evident

that a more structured approach cowdderate drastic improvements.

The poposed methodology describastearmbasedapproach tamplementation of data collection
procedures based on submitatarequirement specifications from various data users, and it specifies
the necessary roles, responsibilities, meetings, and formal docufkistsitendsto enable data to be
collectedaccording taspecific, but diverging, objectivegithin an organizationin addition, an approach
for input data management fB¥eS based on a collaboratibetween simulation analysts and equipment
expertsis also presented, includirgxtraction, validation, transformatipand storagef DES input data
using the GDMTool. This work primarily supports the use of productiolata on a continuousasis,
especily valuable tomanufacturing companiegho have reached far in the implementatbadvanced
computer applications forcollection and storage of production datand use DES & a dayto-day
engineering tool. In addition, the proposed methodologguitable for enablingourely datadriven
production analyse® be used as a daily tool for production improvements.

8 FURTHER RESEARCH

A limitation of singlecase studies is the lack of generalizability of the re¢¥its 2003) Therefore, the
results fromthis study will serve as the basis for an extended muitigde- studyvithin the StreaMod
project This will be aimed atevaluaing the proposed methodologgnsuring a generic applicability
within the manufacturing industry, and quantifying the effects of adopting it in its entirety.
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