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Abstract. To maximize product quality, a product design remove excess variation. During production, it is
team selects concepts and dimensions to minimize a product'snecessary to continually monitor processes to ensure
sensitivity to variation. However, even for the most robust ip4¢ processes don't degrade. However, it is not
products, it is rarely possible to transition a product into economically or logistically feasible to control and/or

production without encountering any variation-related pro- . e
blems. In a complex product, it is not economically or monitor all of the thousands of tolerances specified in

logistically feasible to control and/or monitor the thousands of @& drawing set.
tolerances specified in a product’s drawing set. To address this To address the problem of what tolerances to

problem, many organizations are using Key Characteristic verify, improve, and control, many organizations are
(KCs) methods to identify where excess variation will most ysing special designations called Key Characteristics
significantly affect product quality, and what product features (KC), critical parameters and special characteristics.

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 definiton 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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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
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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
companiesWhat 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
guantitative 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 weaknessegSection2). Secondly,it
developsa quantitativeeffectivenessneasuraisedto
prioritize where verification, variation reductionand
ongoing monitoring should be implemented. The
effectivenessmeasurds basedon the physicsof the
product,the costof control,the benefitof control,and
the expectecchangen processapability (Section4).

2. Current Practice

Variation in parts and processesncreasecost and
decreaseproductquality (Deming1986; Taguchiand
Clausing1990). However,it is impossibleto reduce
variation to zero — the cost would be prohibitive.
Consequentlythe designteammustbalancevariation
cost against the cost to increase quality (termed
‘tolerancedesign’ by Taguchi(1993)). The result of
the cost/quality trade-off is the allowable variation
(alsotermedlatitude). Latitude is expressedhrough
tolerancesplaced on specificationsand drawings.
Manufacturingis subsequentlyesponsibldor ensur-
ing conformanceo thesetolerances.
Becausemanufacturingcan not monitor and track
all tolerances,companiesuse KC designationsto
focus manufacturingattention on the critical few.
Mostlargedesignandmanufacturingirms havea KC
methodology KC processesare outlinedin company
specificguides,which describethe stepsto createand
reactto a KC designation.All guideshave similar
contentandformat. The following sectiondescribesa
generic KC methodologyincluding definitions, KC

flowdowns,andmethodsto reactto KC designations.

2.1. Example Definitions

Through interviews and work with a variety of
companiesa large list of definitionswas collected.
The following aretypical examples.

Key Characteristicsare designatedto identify
thosepart or assemblyfeatures/interfacesvhere
variation from nominal results in the greatest
loss, StatisticalProcessControl (SPC)measure-
ments are focusedon these characteristicsto
minimize variation, ensure capable processes,
andreduceunnecessarinspectiorrequirements.

A feature becomesa Key Characteristicif the
variation from its nominal value has significant
effecton fit, performanceor servicelife of the
product.
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Key Characteristicsare the measurabledesign
variablesthat directly affectthe performanceof
a system/subsystem.

Key Characteristicsare thosefeaturesthat are
important to customersatisfactionand require
specialcontrol.

Identifyingfeaturesasimportantor critical does
not make them good Key Characteristics. If
manufacturing can not economically measure
and chart suchfeatures,thenthe basicrequire-
mentof a Key Characteristic— statisticalcontrol
and processcapability cannot be demonstrated.

The definitions have several common themes. Al
definitionsrelate KCs to variationfrom nominal and
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
impactis greatestshouldbe designatedas KCs. We
proposea hybrid definition:

Key Characteristics are the product, sub-
assembly, part, and process features that

significantlyimpact the final cost, performance,
or safetyof a productwhenthe KCs vary from

nominal. Special control should be applied to

thoseKCswherethe costof variation justifiesthe

costof control.

2.2.KC Flowdown

Most KC methodsare basedon the conceptof a KC
flowdown. The KC flowdown providesa systenview
of potential variation risk factors and capturesthe
designteam’s collective knowledgeabout variation
andits contributors A KC flowdown s the hierarchy
of variation-sensitiveproduct requirementsand part
andprocesdeaturesthat contributeto their variation.
The term KC has been applied to both variation
sensitive product requirementsand individual part
dimensionghatintroducevariation.Figure 1 showsa
KC flowdown for a car door.

Onekey customerequirements the perceptionof
the car door. Several physical characteristicg(pro-
duct-KCs) of the car door influencethe customer’s
perceptionof quality. Among theseare the evenness
of the seamsstepsbetweenthe panels,andthe door
closingforce. Eachproduct-KChasseveralcontribut-
ing subsystem-KCge.g. outer perimeterof the door,
body aperture etc.). These,in turn, are a function of
the part-KCs(the door panelshape)andprocess-KCs
(the fixtures and stampingprocesses).
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Figure 1. KC flowdown.
Traceability between part- and product-KCs Identification

through subsystem-KCsis necessaryto identify
what featuresshould be controlled, identify where
changesn processesnay impactthe productquality,
andidentify root causesof quality problems.

2.3.KC Process

Figure 2 showsa diagramof a typical KC process.
This processis a generalizationof many company
processesMost KC processesan be broken down
into two sections.During design, the design team
identifiesthe KCs, setsthe 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 contributorsto variation are
identified, the productdevelopmenteammustdecide
how to react to the KCs. Thesedecisionsare made
when the product is transitioned from design to
production.Theteammustidentify the sub-sebf KCs
requiring verification, reduction, and/or monitoring.
Two data setsare usedto selectthe reaction plan:
processcapability dataand the variation model.

Identify Product-KCs

¥

Set Product-KC Latitudes

!}

Create KC Flowdown
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need to be venﬂed

Chart process
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Figure 2. Typical KC processes.
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2.3.1.Identification

Thefirst stepis the identificationof the product-KCs

(the variation-sensitive product requirements). In

addition,designteamsshouldquantify the acceptable
latitude and cost incurred when variation exceeds

allowablevariation. Manufacturingusesthe latitudes
as benchmarksagainst which product quality is
measured.Once product-KCshave beenidentified,
sub-system-part-andprocess-KCareidentifiedand
capturedin a KC flowdown. A variety of tools have
been used to capture KC flowdowns including
drawings,databaseand spreadsheets.

2.3.2.Reaction

Most variationmanagementethodsdescribethe use
of threemethodsverify variation,reducevariation,or
monitor variation.

e Verification. Tolerancesare specifiedsuchthat, if

they areachievedthe productwill haveacceptable

quality. However, when ramping up a new
productionprocessit is uncertainwhetherproduc-
tion equipmentwill achievethe toleranceswvithout
tuning or adjustmentlf the standarddeviation or
bias is too high and processcapability is not
measuredjt may be hard to find root causesof
guality problems.To verify productquality, early
production runs may be subjectedto stringent
measuremenprocessesHowever, even if all of
part-KC processesire on target, product-KCsmay
still exhibit unacceptabldevels of variation. This
may occur when either the model is incorrect, or
thereare unexpectedourcef variation.In either
case, tolerances and/or processesmay require
adjustment.

e Variation reduction. Once processcapability has
been assessedsome part and process-KCsmay
require variation reduction. Variation Reduction
(VR) appliesto a broadset of tasksperformedby
processimprovementteams.After the VR teams
targeta part, processor sub-systenthey perform
root causeanalyseso understandnajor contribu-

tors to the variation problem.Processadjustment,
machineupgradesmachinemaintenancestandard

processesmplementation,and/or employeetrain-
ing arethenusedto reducevariation.

e On-going monitoring. Processdegradationis a
fact in production: tools wear, operators take

shortcuts and supplierschange StatisticalProcess

Control (SPC)and inspectionare commonly used
to detectdegradatiorbeforeit impactsfinal product
quality. Because SPC and inspection can be
resourceintensive, manufacturingcannot monitor
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all tolerances.Therefore,SPC and inspectionare
typically placedwhereboththe costandprobability
of degradatiorare high.

2.3.3.Processcapability databasesand variation
models

Designteamsuse two setsof information to select
KCs: variation modelsand processcapability data.

e Variation models. Manufacturing processesin-
evitably introduce variation into individual part
dimensionsAs a productis assembledindividual
errorscombineandthetotal effect of errorsis seen
whenassemblyis complete.lt is necessaryo have
amodelof variationto predictfinal productquality.
Several papers discuss using product variation
modelsto calculateoptimal tolerancegDong and
Shi 1997; Sudarsanet al. 1998), predict yields
(Kazmer et al. 1996; Zemel and Otto 1996), or
modelthe effectsof processcapability uncertainty
(Thornton1999).Wherea quantitativemodelis not
availableor deemedoo difficult to develop,Design
of Experiments (DOE) provides a systematic
method to identify the relative contribution of
input parameters using a physical prototype
(Phadkel1989).

e Processcapability data. The planningfor varia-
tion control alsorequiresprocesscapability knowl-
edge.Most companiesuse one of two methodsto
predict process capability: process capability
databasesnd manufacturingknowledge.Process
capability databasesstore data collected while
monitoring productionof similar products(Lucca
et al. 1995;Naish1996; Tataand Thornton1999).
Manufacturingknowledgeis the processinforma-
tion informally maintainedby the manufacturing,
processand productionengineers.

2.4. Summary

In many companiesa KC designationon a drawing
automaticallyrequiresmplementatiorof 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: no systematidlowdown,no product
variation model, and no standard quantification
model.

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



A MathematicalFrameworkfor the Key CharacteristidProcess

without tracing throughthe subsystem-KCswWhen a
designteamfails to createa systematidlowdown,too
many KCs areidentified,it canbe hardto traceroot
causes(Lee and Thornton 1996), and quality plans
canbecometoo cumbersome.

Secondly,most companiesdo not have common
repositoriedor productmodels.Becausehe relation-
ship between product-KCs and part-KCs are not
easily found, companiesoften strugglewith tracing
variationsourcegErtan1998;Leland1997)andhave
no quantitativemethodfor prioritizing KCs.

Finally, most designteamsuse two heuristicsto
selectKCs. First, mostKC guidelinestell designerdo
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 consistenwith the requirements
for verification and monitoring, which are relatedto
reducing variation and/or the uncertainty about
variation.

3. Quantitative KC Model

As statedabove KC methodsare usedto identify the
part-KCswhere control — verifying, improving, and
monitoring— is mosteffective. The effectivenesss a
function of the costandbenefitof control. The model
presentedin this paper prioritizes where control is
most effective. The paper derives an effectiveness
measure, E; — a non-dimensioal number that
guantifies 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’s severity, occurrenceand detectablity.
The effectivenessmeasureis a function of the
variation sensitivity, magnitude of variation, and
cost of controlling variation. Both RPN and E are
usedto rank order where effort will bestreducethe
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
guantitativemeasureof benefit The mostcommonly
usedquality costmetricis the Taguchilossfunction.
Although the Taguchifunction tendsto overestimate
quality costs,it providesa good measureof relative
quality. Theloss,L;, for product-KCi is a function of
its standarddeviation,s;, its bias,b;, costconstantk;,
the cost of failure, C;, and the upper and lower
specificationlimits, UL; and LL;
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{ UL~ L1, J @)

L; =k; (b} +o?) where k; =

2

Thecostsof failure, C;, andthe upperandlower limits
UL; andLL, aresetbasedn historicalknowledgeand
understandingof customerneeds. The higher the
value of C;, the moreimportantthe product-KC.For
example a safetyrelatedproduct-KCwould typically
havea highercostof failure thanan aesthetic-related
product-KC.In most casesit is difficult to measure
the exactcostof quality. Becausehe costsareusedto
createaranking,it is only necessaryo ensurethatthe
relative valuesof costare consistent.

The purposeof this paperis to identify which part-
KCs impactthe overall productquality the most. To
do this we mustfirst derive the losssensitivities:

)

This measurequantifies the controllability of the
product for each part-KC. The larger the value of
JLi/daj, the morebenefitwill accruefrom controlling
part-KCi. The benefitof controlling part-KCi, AL;,
is a function of the sensitivities, the change in
standarddeviationfrom gj, to ¢, and the changein
bias from by, to bj,. 4L; is calculatedby integrating
Eq. (3%

o b

i dL; it dL;
AL; = | —doj + [ —du; (3)
! U'jl,-.- ao-j{ i b{r ab‘ﬂf Ju"”:

For each of the three stagesof KC reaction —
verification, reduction, and ongoing monitoring —
the valuesof oy, gy, and by, to by, are different. In
verification, 4gj, is the difference betweendesired
standard deviation and the standard deviation
producedby manufacturing.In variation reduction,
it is theexpectedmprovemenin processariation.In
monitoring, it is the changein processcapability due
to degradation.

Finally, to measureeffectivenessthe benefitmust
be balancedagainstthe costto control variation,|;. |;
is the per-partcostof variationcontrol (includingboth

2The linerization simplified the calculationanddid not changethe
final analysis.The relative valuesof E; are usedto prioritize the
part-KCs. Ignoring the non-lineartermsdid not impact the rank
ordering.
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Fig. 3. GeneralizedKC flowdown.

recurringandfixed costs).The effectivenessneasure-
mentis essentiallya measuref returnon investment:

By =— @

This measureonly requiresthe investmentand loss
valuesto be self-consistentBecausedL;; andl; may
not be consistentwith eachother, a value of E; >1
doesnot guaranteea positive return on investment.
Rather E; is usedto rankorderthepart-KCs.Thenext
sectiongdetail the derivationsof Eqs(1)—(4).

3.1. Variation Model

This section derives the quantitative relationship
betweenproduct-KC variation (o; and b;) and part-
KC variation (gj, and bj). This sectionderivestwo
constantsp; andT;;: the product-KCii, to part-KC,
variationsensitivities.The resultof this derivationis:

bj =3 Dby, and o} = XT;0 ®)

Figure3 is ageneralizedrersionof the KC flowdown
in Fig. 1. The top layer of the flowdown has n¢
product-KCs. Each has a nominal value, f;, a
tolerance, [LL;, UL;,], a standarddeviation, o, a
mean, b;, and a failure cost, C;. Product-KCsare
createdby ¢ layersof subsystem-part- and process-
KCs, xj (the jth parameterin the kth level). Each
layer, k, hasny KCs.

Using Taylor expansionsthe expressionrelating
deviationsin a product-KC,Af;, to the nextKC layer,
Ax, is representedas a linear equatiod. The
linearization assumption does not significantly
impact the predicted values. 4x; is typically very
small, and the value of (Axij)2 can be considered
insignificant. In addition, the functions can be
consideredmonotonicaroundthe nominal value:

I pe L (6)

1y

i Axis +a‘im32 +...+

0x X122 X, 2

&f; =

ofi [6x;> quantifiesthe sensitivity of a product-KC,f;,
to a changein subsystem-KC/x;, (termedvariation-
sensitivity). The array subsystem-KGleviations Ax,
can be relatedto the product-KCsarray, Af, through
the matrix of partial derivatives, 6;. A matrix
approachto variation propagationand modeling has
beenusedextensivelyby authorssuchasHomannand
Thornton(1998),Slocum(1992),Suh(1990),Frey et
al. (1998)and Gaoet al. (1998).

[n o |
B.rl ) a)\'gg o a-\-u_- 2
of 5 Jf 2 9 2
Af =90,Ax, where &, = dx;, dxp, 9, (7)
a-“:‘u, a\f:‘u, a'f:-""l
| a.\-| 2 a-\'gg o a'\-u: 2

3Basedon discussionsnd white paperby Srinivasan(1998).
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For eachsubsequentyer, Eq. (6) canbe generalized
to:

axjk a/\j/\ 8)(//\
Avy =7 A%y + 3 Ay o0 Av, e
Xi(k+1) X2 (k+1) Ly (k41)
(8)
The matrix, ok, relatesAxy.1 to Axy
dxiy Xy Oxyy
axl(kﬂ) axz(kﬂ) aX:x“,(k+1)
aka Bka Dka

Axg =g AX(k41)> Where 8x =|dxjgeyy  Otpgery

Wity | (9)

Bx,,kk axnkk ax,,kk

axl(kﬂ) axz(kﬂ) axnm(kﬂ)

The correlation betweenvariation in process-and
part-KC¢ (representedy arrayx,) and product-KCs
canbe expressedy:

Af=616263 ...GZ_IAXZ (10)

To simplify the representationsnatrix D is used.

Af =DAx,,whereD=8,8,853...8 (11)

The analysisin Egs (6)—(11) modelsthe errorsin a
singleproduct.In addition,the statisticalbehaviorcan
be modeledusing the sameequations.The standard
deviation,gjc andbiasby, for any KC, X is:

2
ax]'k 0'2
ey (K1)

e (k41)
(12)
ox; ox; ox;
Jk Jk Jk
by = by + bty oot by, (k41)
0 0 ox k)
(k+1) X2(k+1) Mgy (k+])
(13)

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

2 2

(=]

oxy, oxyy oxy,
a'\Ilr.(—lj ax.?tk+|| ()IrJ“ll-(HJ
2 2 2
dxy X 0x 7
TK = 5 o e
" Oy (441 X441 OX,,, | (k+1) (14)
: ; : i - ;
a‘ru‘k a/\-”‘k a"‘:lik
OX(k41) 041y axu“,[ﬁ'HJ

“For simplicity, the lowest level on the KC flowdown will be
referredto as part-KCs.Howe\er, they may include dimensions,
tools or processes.
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T is the resultof ¢-1t; matricesbeing multiplied:

T=77,7...7,

(15)

When Egs (12), (13) and (15) are combined, the
productvariation can be predicted:

b =Db, and sz-' = To?g (16)

os andbs arethe product-KCarraysand s, andb, are
the part-KCsarrays.In most casesDZij = T, except
whena part-or process-KQontributeamultiple times
to the same product-KC. This may happen, for

example, if a single worn tool is used to make
multiple partsfor an assemblyand, consequentlyall

partsin the assemblyare undersized.

To usethis matrix, it is necessaryo calculatethe
individual sensitivities. While the numbers of
sensitivitiesmay initially appearlarge, the sensitiv-
ities are relatively straightforwad 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 value of 1 except
wherean angleis involved. This methodcanalsobe
used with a black box model such as Variation
SystemdAnalysis.In this case the sensitivitiescanbe
estimatedoy makingsmallchangesn the dimensions
of the partrecordingtheir effects.

Referringbackto Fig. 2, therewere two datasets
usedthroughoutthe KC process:processcapability
databasesnd productmodels. Thesetwo databases
correspondo valuesin Eq. (16) T andD matricesare
derived from the variation model and the o, and b,
arraysare derivedfrom processcapability databases.

3.2.Loss Function

The lossfunction, L;, definedin Eq. (1) is combined
with Eq. (5) to calculatethe productloss from the
variation model and part-KC processcapability:

Mg ny 7
L=k [ _Z] D:;e"”t}'} + 2 Tjjoi; (37
I=

In most cases,a product will have more than one
product-KC (ry > 1) eachof which hasa unique k;
value. In addition, part-KCsmay contributeto more
thanoneproduct-KC(T;>0 for morethanonej). The
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total productloss,Lr, is the sumof theindividual loss
functions,L;:

2
ng

Ly =Xk
i=0

iy

- 2
+ _ZIT:_';J jt (18)
J:

[ZDU it
J

3.3. Loss-sensitivity

The loss-sensitivity for a single product-KC is
calculated by taking the partial derivative of loss
with respectto g;, and by,.

dL;
do

=2k;T;;0 ;, and ol =2k;D;;b; (19)
it 9bji :

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

L
e £ [b,k Dy +byky Dy +...c4b, k, D J
(]],ﬂ, =J U Y | (20)
oL

T —2¢ [kT+AT++AT.J
ao-ﬂ_ f nmet

3.4. EffectivenessMeasure

As stated above, there are three stepsin variation
control: verification, reductionand monitoring. This
sectionderivesthe effectivenessmeasuredss; and E;;
for eachprocessE; is theimpactof controlling part-
KC j on product-KCi andE; is the effectivenessof
controlling part-KCj 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 ¢j, and bias of b, can be achieved.
However, in many cases,processesare likely to
introduce more variation than expected.The worst
casevariation is defined by gj,ucy and by The
upperlimit andlower valuesof the standardieviation
and mean shifts can often be found in process
capability databaseqTata and Thornton 1999), or
throughfocusedprocessknowledge.Total costdueto
unforeseervariation, AL, is calculatedby:

A. C. Thornton

U_a'r‘r nc) b_.l'-"‘t we')
j aido'jf + J aLT LH)J{ (21)
o, 90 b, Obje

AL

jluc) =

Assuming T is constantand doesnot vary with a
changein standarddeviation:

ALJ[HL} HZI"( ( O ittuc) — ]+D Qﬂtm! )) (22)

To calculateverificationeffectivenessthe lossin Eq.
(22) is divided by the verification cost, ljer).

E

- 2
if(ver) = [‘lrj(gﬂm'?
Jlver)

o})+D? (bm,—b})](zg)

The total effectivenesss:

”n’
E_,r'h':'r} =X

[T @) =07+ D2 by —b_?-}] (24)
i=14 j(ver) L

3.4.2.Reduction

As statedabove,variationreductionis the systematic
procesof diagnosingandremovingsourcef excess
variation. The following analysis assumeshat the

cost of reducing the bias is small comparedto

reducing standarddeviation. Therefore, biases are

not includedin this analysis.

One of two methodscan be usedto derive the
effectivenessneasurdor variation reductionefforts:
continuousanddiscrete.Thefirst assumes teamcan
choose the desired improvement level and the
variation reduction cost increasesexponentially as
the desiredstandarddeviationdecreasesThe second
assumedhe available variation reduction, 4¢;, and
the cost I are constant.Both were found to have
similar resultant equations. For simplicity, the
discretecaseis used.

In the discretecase,it is assumedhatthe variation
reduction (¢j — ojwn) and costsl;, arefixed. The
effectivenessof a discrete changein variation is
therefore

ki 2 .2
Eijon =7~ —Tj(05 =0 jan) (23)
Jlvr)
The total effectivenessneasurds:
1 l'lv/' 2 2
Ejorny=7—— X kil(0]-05,,)  (26)
jvr) =0



A MathematicalFrameworkfor the Key CharacteristidProcess

Sel roof

el B-pillar
hood P
1
hinges striker
fender

floor

153

— roof

/:!

aperture

daor outer

% seal gap

door inner

Fig. 4. Genericautomotivedoor and upper.

3.4.3.Monitoring
Once processeshave been qualified and variation
reduction efforts completed, some processesmay
requireongoingmonitoringandcontrolto ensurethat
the quality of the productdoesnot degradelnspection
or SPC are required where the expected process
degradatiorwill significantlyimpacta product’sfinal
quality; for example,control may be requiredwhere
tools wear, settingsdrift, or input materialschange.
First, the team must determine the potential
degradationgj,q) andbj,q). Monitored processesire
prioritized basedon the lossincurredby degradation.
Using the samederivation:

. ki (.., 2 2 202 2
L{i{m: = _{’ (lr}' (O',f(d} —0; )+ D,., U’j{f!} _bj )J (27)
Jlim) 4

Thetotal effectivenessneasurdor monitoringcanbe
expressedy:

: kT y) 2 2 .9 2
hﬂm} = _z] 'i“ : (!f}'{o—,}id} —0’;)+ D;(b.f-'““ _bf)} (28)
i=11j(m :

3.4.4.Summary

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

4. Car Door Case Study

A cardoor,basecbn Leland’s(1997)casestudy’, will

be usedto illustrate the applicationof the effective-
ness measures.Geometry and numbershave been
significantly modified to mask any proprietarydata.
First, theexamplewill beintroduced Secondlythe D

and T matriceswill be derived.Thirdly, the relative
rankingswill be generatedFinally, amethodto select
the KCs to verify, improve,andmonitor is proposed.

4 .1. Introduction

Cardoorsarecomplexsub-systemshatarecritical to
the car’'stotal quality. Togethemwith othersubsystems
such as the fender, roof, and B-pillar-doorsereate
manyKCs importantto body quality. Figure4 shows
a generic door and a detail of the door/roof
interaction. The door/roof interaction is a critical
areaasit containsat leastthree separateKCs: seal
gap,stepsandgaps.Sealgapis the distancebetween
the doorandbodywhenthe dooris closed.If the seal
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 anddoor outer (termedthe aperture)s important
to the customerasexcessor 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
variationin all threeKCs.

SSupervisedby the author.
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s,=y, —t,—y,—l cosx
" |g, =x -1, sina

8, =y, +l,cosa—h, —y

a

Fig. 5. Upperdoor detail.
4.2. Variation Model

Figure5 showsa dimensioned/iew of theupperdoor.
Three KCs — seal gap, g, step, s, and gap, g —
betweenthe door and roof are indicatedin bold. All

three are affected by a combination of the roof
location (x, andy,), body location (y,), door location
(Vg anda) anddoorgeometry(log, 1g, te, andhg). The
figure also shows the quantitative relationship
betweenpart-KCsto product-KCs.

4.3.D and T Matrices

Thef andx, arraysare:

Yi Ya ¥r X n’){]al

a Xy r

(29)

f=[e, s, g f andxs=ll; 1Ly hy 1

The D matrix is derived by applying Eq. (7) to the
equationsn Fig. 5.

0 —sing 0 0 0 0 0 1 [, cosex
D= 0 =-—cose¢ 0O -1 =1 0 1 0 [ysin| (30)

cosa 0 -1 0 1 =1 0 0 =i;sine

By squaringthe D matrix elementsthe T matrix is
generatedthisis valid becausehereis only onelayer
in the KC flowdown):

0 (sing) 0 0 0 0 0 1 (,,cosa)
T=[ 0 (cose) 0 1 1.0 1 0 (,sina) | (31)
(cosax} 0 1 01 100 (-1sina)

4.4, Example Values

To populatethe example,illustrative samplevalues
will be used (these values do not reflect actual
capability). Nominal valuesusedfor this exampleare
log= 10,14 =8, anda = 90. Tablesl and?2 containthe
raw datausedfor the analysis.

A. C. Thornton

Table 1. Product-KCvalues

UL LL; G
O Aperturegap 0.1 -0.1 100
S Aperturestep 0.09 -0.09 300
Os Sealgap 0.11 -0.11 500

Location parameterswere assumedto have a
standarddeviation of 0.02; door thicknessto havea
standarddeviationof 0.005;anddoorlengthsto have
a standarddeviationof 0.01. 1t is also assumedhat
every part-KC variationcanbe reducedby 10%. The
costto reducefixture variationis higherthanthe cost
to reducepart variations.The processegan degrade
by either 5% or 10%, and a maximum mean shift
degradatiorof 1.50,—6 is assumedA summaryof the
samplevaluesis givenin Table 2.

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 processesto be verified and
improved. If a part-KC hasa high E; value for any
processjt will mostlikely 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 necessaryo combinethe
three effectivenessneasuresTo identify the setthat
is verified, two valuesare calculated.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.

Thetotal effectivenessneasureF;, andrank order
for each processwere calculatedfor each part-KC
usingEqgs(25), (27) and (29) andthe valuesin Table
2. Thehigh priority KCs werefound by rankordering
the sumof all threeeffectivenessneasures.

Examining Table 3, |4, the door inner length, has
the lowest total effectivenessmeasure.This makes
sensebecausdy doesnot contribute significantly to
any of the product-KCsyy hasthe highestvalue.This
alsomakessensebecausét contributesto both of the
most critical product-KCsand its initial variation is

%The assumptiorof a meanshift of 1.5 is the typical assumption
usedin the Six Sigmamethodologies.
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Table 2. Part-KCvalues
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Target Actual Variation Reduction  Degradation
Capability Bjug=1.5*C;

o] by Oj(ug) Bj(uey ljven Sjwn ) Sj(a) lim
lg Inner Door Length 0.01 0 0.02 0 10 10% 30 5% 10
log  OuterDoor Length 0.01 0 0.02 0 10 10% 30 5% 10
hy  StopHeight 0.005 0 0.007 0.001 5 10% 30 10% 5
tg Door Thickness 0.005 0 0.007 0.001 5 10% 30 10% 5
Vd 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
yir  Roof Location 0.02 0 0.03 0.005 20 10% 40 10% 20
X Roof Location 0.02 0 0.03 0.005 20 10% 40 10% 20
o Door Location 1E-04 0 0.0002 0.00005 50 10% 60 10% 50
Table 3. Effectivenessnatricies

Verification Variation Reduction Monitoring Ejwen * Ejwn + Eimy  Total Rank
Ej(ver) Rank Ej(vr) Rank Ej(m) Rank

lq Inner Door Length 0.00 9 0.00 9 0.00 9 0.00 27
log  OuterDoor Length 0.30 4 0.01 6 0.16 7 0.47 17
hy  StopHeight 0.21 6 0.01 5 0.35 4 0.57 15
ty 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 3 231 9
X Roof Location 0.26 5 0.02 4 0.34 5 0.62 14
o Door Location 0.00 8 0.00 8 0.00 8 0.01 24

large. However, not all of the rankingsare a priori
obvious.For example,it is not obviousthat« should
havealow effectivenesssit contributego two of the
threeproduct-KCs.

The analysis grouped the part-KCs into three
groups.

1. High values:yy, ya andy,.
2. Mid values: x;, hy, tg, andlyg.
3. Low values: |y anda.

Becauseof resourceavailability, more than just the

highly effective part-KCscanbe controlled,however
limited resourcespreventthe teamfrom controlling

all mid-value part-KCs. To selectamongthe mid-

value KCs, two commonlyusedheuristicconstraints
areapplied:

1. Everyproduct-KCshouldbe monitoredby at least
onepart-KC.

2. Every part should have eachof its characteristic
dimensionsmeasured.

To optimize the measuremenplan, a matrix can be

employedto ensurecoverageof the two guidelines
(Table4). Product-KCsarelisted in the rows andthe

characteristidimensionsn the columns.If yg, y, and

y, arethe only KCs selectedshownin bold), product-
KC g, is not tracked, nor are the door lengths or

thickness.To satisfy the guidelines,l,q and hy are

added(shownunderlined).The remainderof the part-

KCsareignored(shownin regulartext). This analysis
should be repeatedafter verification to re-evaluate
what KCs shouldbe subjectedo variationreduction
and ongoingmonitoring.

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,consequentlyarenot guaranteedo
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Table 4. Measuremenselection

A. C. Thornton

Door Roof Frame
Length Thickness Location Location Location
O ApertureGap log (0.47) X (0.62)
S Aperture Step ty (0.51) Yq (4.89) Yy (2.31)
2(0.01)
Os SealGap l4 (0.0) hg (0.57) Ya (4.89) Ya (2.58)
2(0.01)

most effectively use limited variation control re-
sourcesTo addresshis problem this papempresentsa
guantitativemethodto maximizethe benefitof quality
control. The methodleveragesknowledgeof boththe
productandthe processes.

This researctcontributeghreenew conceptsFirst,
alinear modelis derivedwhich predictsfinal product
variation from part and processvariations.Secondly,
the relativeimportanceof a part-KC is dependenbn
the sensitivity of loss to a changein its process
capability. Thirdly, resourceallocationis basedon an
effectivenessneasurewhichis a functionof theloss-
sensitivity, the magnitudeof the processcapability
change,and the variation control costs.Future work
will includereplacingthe heuristicselectionmethods
with a quantitativemethod.Methodsto identify what
subsystem-KCseedto be verified and methodsto
accountfor uncertaintiesn the T; andD;; valueswill
alsobe developed.
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Appendix: Nomenclature
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Q. Door angle Iy Length of door inner
G Cost of exceeding tolerance L; Loss function for product-KC i
N Matrix of partial derivates which relates LL; Lower limit in product-KC i
product requirements to second level of Ly Length of door outer
the KC flowdown Lr Total product loss
S« Matrix of partial derivatives which relates b’y Maximum value of bias in part-KC j
the k™ level of the KC flowdown to the be Array of product-KC biases
(k+1)" level b; Bias of product-KC i
Af Array of deviations in product-KCs b Mean of KC j in the k™ layer of the KC
AL Loss in product-KC i caused by part-KC j flowdown
AL, | Expected loss due to uncertainty by Mean of part-KC j
Ax; Array of deviations in the second layer in | biey | Expected degradation in part-KC j bias
KC flowdown biweg | Uncertainty in the bias in part-KC j
Axy Array of deviations in k™ layer of the KC b, Array of part-KC biases
flowdown ns Number of product-KCs
Ax, Array of deviations in part- and process- Ry Number of KCs in layer k
KCs 5 Aperture step
D Product of (£-1) & matrices C'ie Maximum value of standard deviation in
Dj; Element of Matrix D relating variation in part-KC
part-KC j to product-KC i O¢ Array of product-KC standard deviations
E; Effectiveness of controlling KC j on KC i o; Standard deviation of product-KC i
Eijm) Effectiveness of monitoring part-KC j on Oivr) Standard deviation after variation
product-KC i reduction
Eijwer) | Effectiveness of verifying part-KC j on O Standard deviation of KC j in the k™ layer
product-KC { of the KC flowdown
Eijr) Effectiveness of reducing variation in Oy Standard deviation of part-KC j
part-KC j on product-KC i Opw | Expected degradation in part-KC j
Ejim) Total effectiveness of monitoring part-KC standard deviation
J Oiwg | Uncertainty in the standard deviation
Ejver) | Total effect?veness of vcrify.ing part-KC j Oe Array of part-KC standard deviations
Ey,, Tot.al effectlveness of. reducing % Square of matrix o,
verification part-KC j T Square of matrix 5
fi Nominal value of product-KC i = 4 :
. Seal gap T Pr(?duct of (£-1) T, matrices
ty Thickness of door
& Aperture gap - - —
h Thickness of upper door T; Element gf matrix T rclagng variation in
d pp
Iy Cost to reduce variation from o, to o part-KC, to product KC &
J Jt 4 UL; Upper tolerance limit of product-KC {
I Cost of controlling part-KC j Xk Nominal value of KC j in layer k
| Lim) Cost of monitoring part-KC j X, X Roof location
| Liver) Cost of verifying part-KC j Ve Body location
Ii(vr) Cost of variation reduction Y Y location of door
K; Cost constant for variation reduction cost V, Y Roof location
curve
ki Taguchi loss function constant for
product-KC i
£ Number of layers in the KC flowdown



