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Abstract. To maximize product quality, a product design
team selects concepts and dimensions to minimize a product’s
sensitivity to variation. However, even for the most robust
products, it is rarely possible to transition a product into
production without encountering any variation-related pro-
blems. In a complex product, it is not economically or
logistically feasible to control and/or monitor the thousands of
tolerances specified in a product’s drawing set. To address this
problem, many organizations are using Key Characteristic
(KCs) methods to identify where excess variation will most
significantly affect product quality, and what product features
and tolerances require special attention from manufacturing.
As simple as this principle seems, most companies struggle to
effectively implement KC methods because no quantitative
methods to prioritize KCs exist. This paper develops a
mathematical definition of a KC based on a variation
propagation model. In addition, it develops a quantitative
effectiveness measure used to prioritize where verification,
variation reduction, and on-going monitoring should be
applied. The effectiveness measure incorporates the cost of
control, the benefit of control, and the expected change in
process capability. The methods are illustrated using an
automotive door assembly.
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Quality monitoring; Variation modeling

1. Introduction

To maximize product quality, a product design team
selects concepts and dimensions to minimize a
product’s sensitivity to variation. However, even for
the most robust products, it is rarely possible to
transition a product into production without encoun-
tering any variation-related problems. It is still
necessary during transition to production to verify
that processes conform to requirements and to

remove excess variation. During production, it is
necessary to continually monitor processes to ensure
that processes don’t degrade. However, it is not
economically or logistically feasible to control and/or
monitor all of the thousands of tolerances specified in
a drawing set.

To address the problem of what tolerances to
verify, improve, and control, many organizations are
using special designations called Key Characteristics
(KC), critical parameters and special characteristics.
Key Characteristics drawing designations are used to
indicate where excess variation will affect product
quality and what product features and tolerances
require special attention from manufacturing (Lee and
Thornton 1996).

As simple as this principle seems, most companies
struggle to effectively implement KC methods. We
have heard the same questions being asked at many
companies.What does ‘critical’ mean? What are the
criteria for designating a KC? What does it mean
when something is designated a KC? Is measurement
required? How much variation do we need to
remove?

Despite the ongoing debate, no clear answer has
emerged. We believe the continued confusion about
KCs is rooted in the debate format, which has focused
on semantics and terminology, rather than on
quantitative engineering analysis. This paper answers
these questions using a quantitative engineering-based
framework. The quantitative model is based on four
assumptions. First, quality is evaluated after a product
or subsystem is assembled but variation is controlled
when the part is manufactured and/or when the part is
installed. Secondly, resources for variation control are
limited. Thirdly, limited resources necessitate ranking
the individual part and process characteristics.
Fourthly, the ranking is a function of how sensitive
a product is to a change in process capability, the
expected change in process capability, and the
variation control costs.
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This paperfirst reviewsthe currentKC methodol-
ogiesand their weaknesses(Section2). Secondly,it
developsa quantitativeeffectivenessmeasureusedto
prioritize whereverification, variation reductionand
ongoing monitoring should be implemented. The
effectivenessmeasureis basedon the physicsof the
product,thecostof control,thebenefitof control,and
theexpectedchangein processcapability(Section4).

2. Current Practice

Variation in parts and processesincreasecost and
decreasesproductquality (Deming1986;Taguchiand
Clausing1990).However,it is impossibleto reduce
variation to zero – the cost would be prohibitive.
Consequently,thedesignteammustbalancevariation
cost against the cost to increase quality (termed
‘tolerancedesign’ by Taguchi(1993)).The result of
the cost/quality trade-off is the allowable variation
(also termedlatitude). Latitude is expressedthrough
tolerancesplaced on specificationsand drawings.
Manufacturingis subsequentlyresponsiblefor ensur-
ing conformanceto thesetolerances.

Becausemanufacturingcan not monitor and track
all tolerances,companiesuse KC designationsto
focus manufacturingattention on the critical few.
Most largedesignandmanufacturingfirmshaveaKC
methodology.KC processesareoutlined in company
specificguides,which describethestepsto createand
react to a KC designation.All guideshave similar
contentandformat.Thefollowing sectiondescribesa
generic KC methodologyincluding definitions, KC
flowdowns,andmethodsto reactto KC designations.

2.1. Example Definitions

Through interviews and work with a variety of
companies,a large list of definitions was collected.
The following aretypical examples.

Key Characteristicsare designatedto identify
thosepart or assemblyfeatures/interfaceswhere
variation from nominal results in the greatest
loss,StatisticalProcessControl (SPC)measure-
ments are focusedon these characteristics to
minimize variation, ensure capable processes,
andreduceunnecessaryinspectionrequirements.
A feature becomesa Key Characteristic if the
variation from its nominal value has significant
effect on fit, performance,or servicelife of the
product.

Key Characteristicsare the measurabledesign
variablesthat directly affect the performanceof
a system/subsystem.
Key Characteristicsare thosefeaturesthat are
important to customersatisfactionand require
specialcontrol.
Identifyingfeaturesas importantor critical does
not make them good Key Characteristics. If
manufacturing can not economically measure
and chart suchfeatures,then the basic require-
mentof a KeyCharacteristic– statisticalcontrol
andprocesscapability cannot bedemonstrated.

The definitions have several common themes.All
definitionsrelateKCs to variation from nominaland
specify that variation must create a loss. Some
definitions state that a KC designation implies
additional resourcesare neededto control variation.
In addition, accordingto some definitions, features
should be ranked: those features whose variation
impact is greatestshouldbe designatedas KCs. We
proposea hybrid definition:

Key Characteristics are the product, sub-
assembly, part, and process features that
significantly impact the final cost, performance,
or safetyof a product whenthe KCs vary from
nominal. Special control should be applied to
thoseKCswherethecostof variation justifiesthe
costof control.

2.2. KC Flowdown

Most KC methodsarebasedon the conceptof a KC
flowdown.TheKC flowdownprovidesa systemview
of potential variation risk factors and capturesthe
design team’s collective knowledgeabout variation
andits contributors.A KC flowdownis the hierarchy
of variation-sensitiveproduct requirementsand part
andprocessfeaturesthat contributeto their variation.
The term KC has been applied to both variation
sensitive product requirementsand individual part
dimensionsthat introducevariation.Figure1 showsa
KC flowdown for a car door.

Onekey customerrequirementis theperceptionof
the car door. Severalphysical characteristics(pro-
duct-KCs) of the car door influencethe customer’s
perceptionof quality. Among theseare the evenness
of the seams,stepsbetweenthe panels,andthe door
closingforce.Eachproduct-KChasseveralcontribut-
ing subsystem-KCs(e.g.outerperimeterof the door,
body aperture,etc.).These,in turn, area function of
thepart-KCs(the doorpanelshape)andprocess-KCs
(the fixturesandstampingprocesses).
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Traceability between part- and product-KCs
through subsystem-KCsis necessaryto identify
what featuresshould be controlled, identify where
changesin processesmay impacttheproductquality,
andidentify root causesof quality problems.

2.3. KC Process

Figure 2 showsa diagramof a typical KC process.
This processis a generalizationof many company
processes.Most KC processescan be broken down
into two sections.During design, the design team
identifies the KCs, sets the allowable latitudes,and
createsthe KC flowdown (top threeboxes).The KC
flowdown is based on engineering requirements,
engineering knowledge, product architecture, and
assemblyprocessand is typically developedby the
entire design team using a QFD(Quality Function
Deployment)-likeprocess.

After the potential contributors to variation are
identified,theproductdevelopmentteammustdecide
how to react to the KCs. Thesedecisionsare made
when the product is transitioned from design to
production.Theteammustidentify thesub-setof KCs
requiring verification, reduction,and/or monitoring.
Two data setsare usedto select the reactionplan:
processcapabilitydataandthe variationmodel.

Figure 1. KC flowdown.

Figure 2. Typical KC processes.
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2.3.1.Identification
The first stepis the identificationof the product-KCs
(the variation-sensitive product requirements). In
addition,designteamsshouldquantify theacceptable
latitude and cost incurred when variation exceeds
allowablevariation.Manufacturingusesthe latitudes
as benchmarksagainst which product quality is
measured.Once product-KCshave been identified,
sub-system-,part-andprocess-KCsareidentifiedand
capturedin a KC flowdown. A variety of tools have
been used to capture KC flowdowns including
drawings,databasesandspreadsheets.

2.3.2.Reaction
Most variationmanagementmethodsdescribetheuse
of threemethods:verify variation,reducevariation,or
monitor variation.

. Verification. Tolerancesarespecifiedsuchthat, if
theyareachieved,theproductwill haveacceptable
quality. However, when ramping up a new
productionprocess,it is uncertainwhetherproduc-
tion equipmentwill achievethe toleranceswithout
tuning or adjustment.If the standarddeviationor
bias is too high and processcapability is not
measured,it may be hard to find root causesof
quality problems.To verify productquality, early
production runs may be subjected to stringent
measurementprocesses.However, even if all of
part-KC processesareon target,product-KCsmay
still exhibit unacceptablelevels of variation. This
may occur when either the model is incorrect,or
thereareunexpectedsourcesof variation.In either
case, tolerances and/or processesmay require
adjustment.

. Variation reduction. Onceprocesscapability has
been assessed,some part and process-KCsmay
require variation reduction. Variation Reduction
(VR) appliesto a broadsetof tasksperformedby
processimprovementteams.After the VR teams
targeta part, process,or sub-systemthey perform
root causeanalysesto understandmajor contribu-
tors to the variation problem.Processadjustment,
machineupgrades,machinemaintenance,standard
processesimplementation,and/or employeetrain-
ing are thenusedto reducevariation.

. On-going monitoring. Processdegradationis a
fact in production: tools wear, operators take
shortcuts,andsupplierschange.StatisticalProcess
Control (SPC)and inspectionare commonlyused
to detectdegradationbeforeit impactsfinal product
quality. Because SPC and inspection can be
resourceintensive,manufacturingcannotmonitor

all tolerances.Therefore,SPC and inspectionare
typically placedwhereboththecostandprobability
of degradationarehigh.

2.3.3.Processcapability databasesand variation
models
Design teamsuse two setsof information to select
KCs: variationmodelsandprocesscapabilitydata.

. Variation models. Manufacturing processesin-
evitably introduce variation into individual part
dimensions.As a productis assembled,individual
errorscombineandthe total effectof errorsis seen
whenassemblyis complete.It is necessaryto have
amodelof variationto predictfinal productquality.
Several papers discuss using product variation
modelsto calculateoptimal tolerances(Dong and
Shi 1997; Sudarsanet al. 1998), predict yields
(Kazmer et al. 1996; Zemel and Otto 1996), or
model the effectsof processcapabilityuncertainty
(Thornton1999).Wherea quantitativemodelis not
availableor deemedtoodifficult to develop,Design
of Experiments (DOE) provides a systematic
method to identify the relative contribution of
input parameters using a physical prototype
(Phadke1989).

. Processcapability data. The planning for varia-
tion controlalsorequiresprocesscapabilityknowl-
edge.Most companiesuseone of two methodsto
predict process capability: process capability
databasesand manufacturingknowledge.Process
capability databasesstore data collected while
monitoring productionof similar products(Lucca
et al. 1995;Naish1996;TataandThornton1999).
Manufacturingknowledgeis the processinforma-
tion informally maintainedby the manufacturing,
processandproductionengineers.

2.4. Summary

In many companies,a KC designationon a drawing
automaticallyrequiresimplementationof verification,
reduction, and on-going monitoring. Consequently,
productionis often overwhelmedwith KCs and will
use their own judgementto selectwhere control is
imposed.Severalproblemscontributeto the inability
to prioritize KCs:nosystematicflowdown,noproduct
variation model, and no standard quantification
model.

In many cases,companiesdo not systematically
flow KCs throughthe product.Rather,they start by
identifying product requirementsthen they identify,
basedon their engineeringjudgement,what indivi-
dual features contribute to product requirements

148 A. C. Thornton



without tracing throughthe subsystem-KCs.When a
designteamfails to createa systematicflowdown,too
manyKCs are identified, it canbe hard to traceroot
causes(Lee and Thornton 1996), and quality plans
canbecometoo cumbersome.

Secondly,most companiesdo not have common
repositoriesfor productmodels.Becausetherelation-
ship between product-KCs and part-KCs are not
easily found, companiesoften strugglewith tracing
variationsources(Ertan1998;Leland1997)andhave
no quantitativemethodfor prioritizing KCs.

Finally, most design teamsuse two heuristicsto
selectKCs.First,mostKC guidelinestell designersto
designatea KC wherethereis a steeploss function.
This approachcan be usedto prioritize the product
requirementsbut can’t be applied to the part and
processfeatures.Secondly, the part-KCs are often
prioritized based on their relative contribution.
However,this is not consistentwith the requirements
for verification and monitoring,which are relatedto
reducing variation and/or the uncertainty about
variation.

3. Quantitative KC Model

As statedabove,KC methodsareusedto identify the
part-KCswherecontrol – verifying, improving, and
monitoring– is mosteffective.The effectivenessis a
functionof thecostandbenefitof control.Themodel
presentedin this paper prioritizes where control is
most effective. The paper derives an effectiveness
measure, Eij – a non-dimensional number that
quantifies the improvement in the product-KC i
enabledby controlling part-KC j. The effectiveness
measureis analogousto the FMEA Risk Priority
Number (RPN). RPN is a function of a potential
failure mode’sseverity,occurrenceand detectablity.
The effectivenessmeasure is a function of the
variation sensitivity, magnitude of variation, and
cost of controlling variation. Both RPN and E are
usedto rank order whereeffort will best reducethe
risk of failure. However,E, unlike RPN, is derived
from engineeringprinciples.

The following outlines the overall derivation
detailed in Sections 3.1–3.4. First, we model a
quantitativemeasureof benefit. The mostcommonly
usedquality costmetric is the Taguchilossfunction.
Although the Taguchifunction tendsto overestimate
quality costs,it providesa good measureof relative
quality. The loss,Li, for product-KCi is a functionof
its standarddeviation,si, its bias,bi, costconstant,ki,
the cost of failure, Ci, and the upper and lower
specificationlimits, ULi andLLi

Thecostsof failure,Ci, andtheupperandlower limits
ULi andLLi aresetbasedon historicalknowledgeand
understandingof customer needs.The higher the
valueof Ci, the more importantthe product-KC.For
example,a safetyrelatedproduct-KCwould typically
havea highercostof failure thanan aesthetic-related
product-KC.In most cases,it is difficult to measure
theexactcostof quality.Becausethecostsareusedto
createa ranking,it is only necessaryto ensurethatthe
relativevaluesof costareconsistent.

Thepurposeof this paperis to identify which part-
KCs impact the overall productquality the most.To
do this we mustfirst derive the loss-sensitivities:

This measurequantifies the controllability of the
product for each part-KC. The larger the value of
qLi/qsjl, themorebenefitwill accruefrom controlling
part-KC i. The benefitof controlling part-KC i, DLij ,
is a function of the sensitivities, the change in
standarddeviation from sjl to sjl, and the changein
bias from bjl to bjl. DLij is calculatedby integrating
Eq. (3)2:

For each of the three stages of KC reaction –
verification, reduction, and ongoing monitoring –
the values of sjl, sjl and bjl to bjl are different. In
verification, Dsjl is the difference betweendesired
standard deviation and the standard deviation
producedby manufacturing.In variation reduction,
it is theexpectedimprovementin processvariation.In
monitoring,it is the changein processcapabilitydue
to degradation.

Finally, to measureeffectiveness,the benefitmust
be balancedagainstthe cost to control variation,Ij. Ij

is theper-partcostof variationcontrol(includingboth

(1)

(2)

(3)

2The linerizationsimplified thecalculationanddid not changethe
final analysis.The relativevaluesof Eij areusedto prioritize the
part-KCs.Ignoring the non-lineartermsdid not impact the rank
ordering.
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recurringandfixed costs).Theeffectivenessmeasure-
mentis essentiallya measureof returnon investment:

This measureonly requiresthe investmentand loss
valuesto be self-consistent.BecauseDLij and Ij may
not be consistentwith eachother, a value of Eij >1
doesnot guaranteea positive return on investment.
Rather,Eij is usedto rankorderthepart-KCs.Thenext
sectionsdetail thederivationsof Eqs(1)–(4).

3.1. Variation Model

This section derives the quantitative relationship
betweenproduct-KC variation (si and bi) and part-
KC variation (sjl and bjl). This sectionderivestwo
constants,Dij andTij : theproduct-KC,i, to part-KC, j
variationsensitivities.The resultof this derivationis:

Figure3 is a generalizedversionof theKC flowdown
in Fig. 1. The top layer of the flowdown has nf

product-KCs. Each has a nominal value, fi, a
tolerance, [LLi, ULi,], a standarddeviation, si, a
mean, bi, and a failure cost, Ci. Product-KCsare
createdby l layersof subsystem-,part- and process-
KCs, xjk (the jth parameterin the kth level). Each
layer, k, hasnk KCs.

Using Taylor expansions,the expressionrelating
deviationsin a product-KC,Dfi, to thenextKC layer,
Dx2 is representedas a linear equation3. The
linearization assumption does not significantly
impact the predicted values.Dxij is typically very
small, and the value of (Dxij)

2 can be considered
insignificant. In addition, the functions can be
consideredmonotonicaroundthe nominalvalue:

dfi /dxj2 quantifiesthe sensitivity of a product-KC,fi,
to a changein subsystem-KC,Dxj2 (termedvariation-
sensitivity).Thearraysubsystem-KCdeviations,Dx2,
canbe relatedto the product-KCsarray,Df, through
the matrix of partial derivatives, d1. A matrix
approachto variation propagationand modelinghas
beenusedextensivelyby authorssuchasHomannand
Thornton(1998),Slocum(1992),Suh(1990),Freyet
al. (1998)andGaoet al. (1998).

(4)

(5)

Fig. 3. GeneralizedKC flowdown.

(6)

(7)

3Basedon discussionsandwhite paperby Srinivasan(1998).
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For eachsubsequentlayer,Eq. (6) canbegeneralized
to:

The matrix, dk, relatesDxk+1 to Dxk

The correlation betweenvariation in process-and
part-KCs4 (representedby arrayxl) andproduct-KCs
canbe expressedby:

To simplify the representations,matrix D is used.

The analysisin Eqs (6)–(11) modelsthe errors in a
singleproduct.In addition,thestatisticalbehaviorcan
be modeledusing the sameequations.The standard
deviation,sjk andbiasbjk, for any KC, xjk is:

Equations(12) and(13) canalsobe representedin a
matrix form, but a secondmatrix, tk, is neededto
calculatestandarddeviation.

T is the resultof l-1ti matricesbeingmultiplied:

When Eqs (12), (13) and (15) are combined, the
productvariationcanbe predicted:

sf andbf aretheproduct-KCarraysandsl andbl are
the part-KCsarrays.In most casesD2

ij = Tij , except
whenapart-or process-KCcontributesmultiple times
to the same product-KC. This may happen, for
example, if a single worn tool is used to make
multiple partsfor an assemblyand,consequently,all
partsin the assemblyareundersized.

To usethis matrix, it is necessaryto calculatethe
individual sensitivities. While the numbers of
sensitivitiesmay initially appearlarge, the sensitiv-
ities are relatively straightforward to estimate.First,
the matrices are relatively sparse.If there is no
relationship between feature i and feature j, the
sensitivity is zero. Secondly,for geometricassem-
blies,mostsensitivitieswill havea valueof 1 except
wherean angleis involved. This methodcanalsobe
used with a black box model such as Variation
SystemsAnalysis.In this case,thesensitivitiescanbe
estimatedby makingsmallchangesin thedimensions
of the part recordingtheir effects.

Referringback to Fig. 2, therewere two datasets
usedthroughoutthe KC process:processcapability
databasesand productmodels.Thesetwo databases
correspondto valuesin Eq. (16) T andD matricesare
derived from the variation model and the sl and bl
arraysarederivedfrom processcapabilitydatabases.

3.2. Loss Function

The loss function, Li, definedin Eq. (1) is combined
with Eq. (5) to calculatethe product loss from the
variationmodelandpart-KC processcapability:

In most cases,a product will have more than one
product-KC (nf > 1) eachof which hasa unique ki

value. In addition,part-KCsmay contributeto more
thanoneproduct-KC(Tij>0 for morethanonej). The

(8)

(9)

(10)

(11)

(12)

(13)

(14)

(15)

(16)

(17)

4For simplicity, the lowest level on the KC flowdown will be
referredto as part-KCs.However, they may include dimensions,
tools or processes.
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total productloss,LT, is thesumof theindividual loss
functions,Li:

3.3. Loss-sensitivity

The loss-sensitivity for a single product-KC is
calculatedby taking the partial derivative of loss
with respectto sjl andbjl.

If a part-KC contributesto more than one product-
KC, the total loss-sensitivityis:

3.4. EffectivenessMeasure

As statedabove, there are three steps in variation
control: verification, reductionand monitoring. This
sectionderivesthe effectivenessmeasuresEj andEij

for eachprocess:Eij is the impactof controllingpart-
KC j on product-KC i and Ej is the effectivenessof
controlling part-KC j on the total productquality.

3.4.1.Verification
KC verification is used in the first stages of
productionto ensurea productionprocessmeetsthe
requiredtargets.This informationis usedin latersteps
to prioritize where variation reduction efforts are
allocated.

The design is defined assuming a standard
deviation of sjl and bias of bjl can be achieved.
However, in many cases,processesare likely to
introduce more variation than expected.The worst
casevariation is defined by sjl(uc) and bjl(uc). The
upperlimit andlower valuesof thestandarddeviation
and mean shifts can often be found in process
capability databases(Tata and Thornton 1999), or
throughfocusedprocessknowledge.Total costdueto
unforeseenvariation,DLj(uc), is calculatedby:

AssumingTij is constantand doesnot vary with a
changein standarddeviation:

To calculateverificationeffectiveness,the lossin Eq.
(22) is divided by the verificationcost,Ij(ver).

The total effectivenessis:

3.4.2.Reduction
As statedabove,variationreductionis the systematic
processof diagnosingandremovingsourcesof excess
variation. The following analysisassumesthat the
cost of reducing the bias is small compared to
reducing standarddeviation. Therefore, biases are
not includedin this analysis.

One of two methodscan be used to derive the
effectivenessmeasurefor variation reductionefforts:
continuousanddiscrete.Thefirst assumesa teamcan
choose the desired improvement level and the
variation reduction cost increasesexponentially as
the desiredstandarddeviationdecreases.The second
assumesthe available variation reduction,Dsj, and
the cost Ij(vr) are constant.Both were found to have
similar resultant equations. For simplicity, the
discretecaseis used.

In thediscretecase,it is assumedthat thevariation
reduction (sj – sj(vr)) and costsIj(vr) are fixed. The
effectivenessof a discrete change in variation is
therefore

The total effectivenessmeasureis:

(18)

(19)

(20)

(21)

(22)

(23)

(24)

(25)

(26)
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3.4.3.Monitoring
Once processeshave been qualified and variation
reduction efforts completed, some processesmay
requireongoingmonitoringandcontrol to ensurethat
thequalityof theproductdoesnotdegrade.Inspection
or SPC are required where the expectedprocess
degradationwill significantlyimpacta product’sfinal
quality; for example,control may be requiredwhere
tools wear,settingsdrift, or input materialschange.

First, the team must determine the potential
degradation,sjl(d) andbjl(d). Monitoredprocessesare
prioritized basedon the lossincurredby degradation.
Using the samederivation:

Thetotal effectivenessmeasurefor monitoringcanbe
expressedby:

3.4.4.Summary
All three effectiveness measures have similar
structures. The effectivenessof control increases
with the costof failure, the sensitivityof the product
to part-KC j, the magnitudeof the processvariation,
and the magnitude of the change in the process
variation enabled by the control strategy. The
effectiveness decreasesas the cost to control
increases.

4. Car Door CaseStudy

A cardoor,basedonLeland’s(1997)casestudy5, will
be usedto illustrate the applicationof the effective-
ness measures.Geometry and numbershave been
significantly modified to maskany proprietarydata.
First, theexamplewill beintroduced.Secondly,theD
and T matriceswill be derived.Thirdly, the relative
rankingswill begenerated.Finally, a methodto select
the KCs to verify, improve,andmonitor is proposed.

4.1. Introduction

Cardoorsarecomplexsub-systemsthatarecritical to
thecar’stotal quality.Togetherwith othersubsystems
such as the fender, roof, and B-pillar-doors-create
manyKCs importantto bodyquality. Figure4 shows
a generic door and a detail of the door/roof
interaction. The door/roof interaction is a critical
areaas it containsat least three separateKCs: seal
gap,stepsandgaps.Sealgapis the distancebetween
thedoorandbodywhenthedoor is closed.If theseal
gapis too small, door-closingforce will be too high.
If sealgapis too large,wind noisein the car interior
becomesa problem.Secondly,the gap betweenthe
roof anddoorouter(termedtheaperture)is important
to thecustomer,asexcessor unevengapsareviewed
asan indicator of low quality. Thirdly, the flushness
(steps)betweenthe roof and door outer and roof is
also critical to quality. In Leland (1997), the case
study subject spent significant time and resources
tracing and fixing problemsassociatedwith excess
variation in all threeKCs.

(27)

(28)

Fig. 4. Genericautomotivedoor andupper.

5Supervisedby the author.
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4.2. Variation Model

Figure5 showsadimensionedview of theupperdoor.
Three KCs – seal gap, gs, step, st, and gap, gt –
betweenthe door androof are indicatedin bold. All
three are affected by a combination of the roof
location(xr andyr), body location(ya), door location
(yd anda) anddoorgeometry(lod, ld, td, andhd). The
figure also shows the quantitative relationship
betweenpart-KCsto product-KCs.

4.3. D and T Matrices

The f andx2 arraysare:

The D matrix is derivedby applying Eq. (7) to the
equationsin Fig. 5.

By squaringthe D matrix elements,the T matrix is
generated(this is valid becausethereis only onelayer
in the KC flowdown):

4.4. Example Values

To populatethe example,illustrative samplevalues
will be used (these values do not reflect actual
capability).Nominalvaluesusedfor this exampleare
lod = 10, ld = 8, anda = 90̊. Tables1 and2 containthe
raw datausedfor the analysis.

Location parameterswere assumedto have a
standarddeviationof 0.02; door thicknessto havea
standarddeviationof 0.005;anddoor lengthsto have
a standarddeviationof 0.01. It is also assumedthat
everypart-KC variationcanbe reducedby 10%.The
costto reducefixture variationis higherthanthecost
to reducepart variations.The processescan degrade
by either 5% or 10%, and a maximum mean shift
degradationof 1.5sj

6 is assumed.A summaryof the
samplevaluesis given in Table2.

4.5. Results

Throughout this analysis, the three processes–
verification, reductionand monitoring were treated
separately. However, in reality they are highly
coupled.Thosefeaturesneedingongoingmonitoring
first require the processes to be verified and
improved. If a part-KC hasa high Ei value for any
process,it will most likely be subjectedto all three.
The decision not to reduce or monitor a verified
part-KC is madeafter verificationis completedanda
better understandingof the actual processvariation
is developed.

To considerthis fact, it is necessaryto combinethe
threeeffectivenessmeasures.To identify the set that
is verified, two valuesarecalculated.The first is the
sum of all three effectivenessmeasuresand the
secondis the total ranking for the three processes.
These rankings are used to assessthe relative
importanceof the part-KCs.

The total effectivenessmeasure,Ej, andrankorder
for each processwere calculatedfor each part-KC
usingEqs(25), (27) and(29) andthe valuesin Table
2. Thehigh priority KCs werefoundby rankordering
the sumof all threeeffectivenessmeasures.

ExaminingTable 3, ld, the door inner length, has
the lowest total effectivenessmeasure.This makes
sensebecauseld doesnot contributesignificantly to
anyof theproduct-KCs.yd hasthehighestvalue.This
alsomakessensebecauseit contributesto bothof the
most critical product-KCsand its initial variation is

Fig. 5. Upperdoor detail.

(29)

(30)

(31)

Table 1. Product-KCvalues

ULi LLi Ci

gt Aperturegap 0.1 –0.1 100
st Aperturestep 0.09 –0.09 300
gs Sealgap 0.11 –0.11 500

6Theassumptionof a meanshift of 1.5s is the typical assumption
usedin the Six Sigmamethodologies.
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large. However,not all of the rankingsare a priori
obvious.For example,it is not obviousthat a should
havea low effectivenessasit contributesto two of the
threeproduct-KCs.

The analysis grouped the part-KCs into three
groups.

1. High values: yd, ya andyr.
2. Mid values: xr, hd, td, and lod.
3. Low values: ld anda.

Becauseof resourceavailability, more than just the
highly effectivepart-KCscanbe controlled,however
limited resourcespreventthe team from controlling
all mid-value part-KCs. To select among the mid-
valueKCs, two commonlyusedheuristicconstraints
areapplied:

1. Everyproduct-KCshouldbemonitoredby at least
onepart-KC.

2. Every part should have eachof its characteristic
dimensionsmeasured.

To optimize the measurementplan, a matrix can be
employedto ensurecoverageof the two guidelines
(Table4). Product-KCsarelisted in the rowsandthe
characteristicdimensionsin thecolumns.If yd, ya and
yr aretheonly KCsselected(shownin bold),product-
KC gt is not tracked, nor are the door lengths or
thickness.To satisfy the guidelines, lod and hd are
added(shownunderlined).Theremainderof thepart-
KCsareignored(shownin regulartext).This analysis
should be repeatedafter verification to re-evaluate
what KCs shouldbe subjectedto variation reduction
andongoingmonitoring.

5. Conclusions

While a design team can maximize robustnessto
existing variation, it is still necessaryto measure,
reduce,and control variation in production.Current
methodsto identify the critical tolerancesare based
on heuristicsand,consequently,arenot guaranteedto

Table 2. Part-KCvalues

Target Actual Variation Reduction
Capability

Degradation
bj(uc)=1.5*sj

sj bj sj(uc) bj(uc) Ij(ver) sj(vr) Ij(vr) sj(d) Ij(m)

ld Inner Door Length 0.01 0 0.02 0 10 10% 30 5% 10
lod OuterDoor Length 0.01 0 0.02 0 10 10% 30 5% 10
hd StopHeight 0.005 0 0.007 0.001 5 10% 30 10% 5
td Door Thickness 0.005 0 0.007 0.001 5 10% 30 10% 5
yd Door Location 0.02 0 0.03 0.005 20 10% 40 10% 20
ya StopLocation 0.02 0 0.03 0.005 20 10% 40 10% 20
yi;r Roof Location 0.02 0 0.03 0.005 20 10% 40 10% 20
xr Roof Location 0.02 0 0.03 0.005 20 10% 40 10% 20
a Door Location 1E-04 0 0.0002 0.00005 50 10% 60 10% 50

Table 3. Effectivenessmatricies

Verification Variation Reduction Monitoring Ej(ver) + Ej(vr) + Ej(m) Total Rank

Ej(ver) Rank Ej(vr) Rank Ej(m) Rank

ld Inner Door Length 0.00 9 0.00 9 0.00 9 0.00 27
lod OuterDoor Length 0.30 4 0.01 6 0.16 7 0.47 17
hd StopHeight 0.21 6 0.01 5 0.35 4 0.57 15
td Door Thickness 0.19 7 0.01 7 0.32 6 0.51 20
yd Door Location 2.06 1 0.15 1 2.68 1 4.89 3
ya StopLocation 1.08 2 0.08 2 1.41 2 2.58 6
yr Roof Location 0.97 3 0.07 3 1.27 3 2.31 9
xr Roof Location 0.26 5 0.02 4 0.34 5 0.62 14
a Door Location 0.00 8 0.00 8 0.00 8 0.01 24
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most effectively use limited variation control re-
sources.To addressthisproblem,thispaperpresentsa
quantitativemethodto maximizethebenefitof quality
control.Themethodleveragesknowledgeof both the
productandthe processes.

This researchcontributesthreenewconcepts.First,
a linearmodelis derivedwhich predictsfinal product
variation from part andprocessvariations.Secondly,
the relative importanceof a part-KC is dependenton
the sensitivity of loss to a change in its process
capability.Thirdly, resourceallocationis basedon an
effectivenessmeasure,which is a functionof theloss-
sensitivity, the magnitudeof the processcapability
change,and the variation control costs.Futurework
will includereplacingthe heuristicselectionmethods
with a quantitativemethod.Methodsto identify what
subsystem-KCsneedto be verified and methodsto
accountfor uncertaintiesin theTij andDij valueswill
alsobe developed.

References

Craig M (1996) Using dimensionalmanagement.Mech Eng.
September:86–89

DemingWE (1986)Out of thecrisis:quality, productivityand
competitive position. CambridgeUniversity Press,Cam-
bridge

Dong J and Shi Y (1997)Tolerancesensitivity analysisin a
variational design environment. Int J Vehicle Design
18(5):474–485

Ertan B (1998) Analysis of Key CharacteristicMethodsand
EnablersUsedin Variation Risk Management.MSc, MIT,
Cambridge

Frey D, Otto K and Wysocki J (1998) Evaluating process
capability given multiple acceptancecriteria. J Manuf Sci
andEng (to appear)

Gao J, ChaseKW and Magleby SP (1998) Generalized3-D
tolerance analysis of mechanicalassemblieswith small
kinematicadjustments.IIE Trans30:367–377

Homann BS, and Thornton AC (1998) Precision machine
designassistant:A constraint-basedtool for the designand
evaluationof precisionmachinetool concepts.AI EDAM
12:419–429

Kazmer D, BarkanP and Ishii K (1996) Quantifying design
andmanufacturingrobustnessthroughstochasticoptimiza-
tion techniques.Design Automation Conference,ASME
DesignTechnicalConferences.Irvine, CA

Lee D and ThorntonA (1996) The identificationand useof
key characteristicsin the product developmentprocess.
Design Theory and Methodology Conference, ASME
DesignTechnicalConferences.Irvine, CA

Leland C. (1997) A Cultural Analysis of Key Characteristic
SelectionandTeamProblemSolvingDuringanAutomobile
Launch.S.M., MIT, Boston

Lucca AM, Berti KN and Cerveny DC (1995) Statistical
toleranceallocation in design utilizing historical supplier
Pprocessdata.Advancesin Electronic Packaging,ASME,
pp 229–235

NaishJC (1996)Processcapability modelingin an integrated
concurrent engineering system – the feature-oriented
capabilitymodule.J MaterialsProcessTech61

PhadkeMS (1989)Quality EngineeringUsingRobustDesign.
PTR Prentice-HallInc, EnglewoodCliffs, NJ

SchmitzB (1997)Practicingtolerance.CAE 16(9):12
SlocumAH (1992)PrecisionMachineDesign;.Prentice-Hall,

EnglewoodCliffs, NJ
SrinivasanV (1998)On interpretingkey characteristics.IBM

ResearchJuly 29 1998(white paper)
SudarsanR, NarahariY, Lyons KW, SriramRD and Duffey

MR (1998) Design for tolerance of electro-mechanical
assemblies.Pro 1998 IEEE International Conferenceon
RoboticsandAutomation

Suh NP (1990) The Principlesof Design.Oxford University
Press,New York

Taguchi G (1993) Taguchi on RobustTechnologyDevelop-
ment: Bringing Quality Engineering Upstream. ASME
Press,New York

Taguchi G and Clausing D (1990) Robustquality. Harvard
BusinessReview68:65–75

Tata M and Thornton A (1999) Processcapability database
usagein industry:myth vs. reality. Designfor Manufactur-
ing Conference,ASME DesignTechnicalConferences,Las
Vegas,NV

Thornton AC (1999) Variation Risk Management using
modeling and simulation. J Mech Design, Trans ASME,
121:297–304

Zemel MI and Otto KN (1996) Use of injection molding
simulation to assess critical dimensions and assign
tolerances.Design for ManufacturingConference,ASME
DesignTechnicalConferences,Irvine, CA

Table 4. Measurementselection

Door Roof Frame

Length Thickness Location Location Location

gt ApertureGap lod (0.47) xr (0.62)

st ApertureStep td (0.51) yd (4.89)
a(0.01)

yr (2.31)

gs SealGap ld (0.0) hd (0.57) yd (4.89)
a(0.01)

ya (2.58)
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