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1 Introduction sions about configurations, components, and dimensions. If the
Product development firms constantly struggle with decreasilit rSthars]ge'jeZStsourgf?éjétex&gfizle E?aﬁts ]gari?ucr(;ssse_?ﬁignciﬁz?tr_ols

product costs while simultaneously improving quality. One ap-. Y - . P d y e : 9
fécantly increase unit cost. If the best case is assumed, the design

proach being used by a variety of companies is to decrease eam can use lower cost parts and processes. However, this ap-
quality-failure costs—scrap, rework, extra labor, customer dissat- p P . ' P

isfaction, and product returns. Companies are achieving these m[loach can result in high quality-failure costs. When faced with

provements by employing methods to reduce manufacturi%%'S dilemma, a designer must answeow much are you willing
variation and methods to reduce design variation sensitivity.

increase unit cost to reduce the chance of a quality fature
Two methods can be used to decrease quality-failure costs-”.le author h.as. observclad.tvyo appro.ach.es to this dlle.mpt&:.
without increasing product cost. Designers can use parameter stic and peSS|m|st|cOp_t|m|s_t|c organizations base their design
sfgn(1, o calld rbustdesign,  change adesign o 15 1S D6 095, T Tk P enor eose o o e e
sensitive to variation. Alternatively, manufacturers can use varig-". product. P gan. .
tion reduction methods—e.g., statistical process corfpland el d_eS|gns on _the worst case. They f_orgo_ POte“t'f?" unit cost
Six Sigma methods$3 4]_,[0' r.e’duce manufacturing and proces gduct[ons to avoid any dpwnstream quality failure. This observa-
variation ' ion raised several questions.

However, there are circumstances where teams must |ncreas\éVhat is the rlght decision? This Paper proves that both behav

product unit cost to decrease a potential quality-failure cost. FOY> &€ rational. Differences in cost competitiveness and volumes
example, a design team may be faced with the questwrit are used to explain why organizations take different approaches to

worth putting more expensive bearings into a machine to redugé?ic()eV\S/sCl;.rr:Certlalc?ti/i.rT]istiC aporoach ever be profitabl® The
the chance of a field failufe Taguchi[1] calls this process toler- L P approac bep
g&tlmlstlc approach to design, while creating a low-cost product,

ance design. To make this decision, designers must quantify b inherently very risky. Despite the risk, companies are success-
the unit costs and the expected quality-failure costs. Next, desi ik y Very risky. Uesp . » cOomp
ully employing optimistic strategies. It will be showthat the

ers must quantify the failure probabilif—7]. However, the va- pccess of an optimistic approach is a function of two factors:

lidity of the failure mode prediction depends on the existence 3 K d effectively reducing both variati d taintv. |
perfect information about process standard deviations and m CKly and etectively reducing both variation and uncertainty. in
addition, it will be shown, using information value theory, that

shifts (also termed process capability . 4 . A
Perfect information about process capability is rarely, if eveprocess capablll_ty .da_lta has a higher value in the optimistic case
' fhan in the pessimistic case.

available[8]. In most cases, process capability can only be acc A . S
How can an organization transition from a pessimistic to an

rately expressed as a range and a confidence (evg| there is a L -
95 percent confidence the standard deviation will fall between CPtimistic approach? For example, producers of military systems
pave traditionally taken a pessimistic approach to design. How-

and o). Given this uncertainty, designers must still make dec f by L oF :
ever, cost pressures in military acquisitions are forcing them to
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2 Existing Work

Works relating to variation and process capability uncertainty
fall into three categories: robust design, uncertainty methods, and
process capability uncertainty methods.

Robust designis used to optimize product and process param-
eters to reduce sensitivity to internal and external nplgeThis
can be done experimentall{] or using computational models
[6].

There are a wide variety of approaches to robust design. For
example, Parkinsoft] describes a methodology for selecting op-
timal design solutions where parameters are subject to variation
and the design space is bounded by a hard constraint. According Fig. 1 Specified gap
to Parkinson, a designer should pick a point, away from the
constraint. However, this analysis does not include the cost of
being away from the optimal. be given where this scenario appears. At the end of the paper,

On the other hand, Yu and Ishiil0] developed methods to more general examples will be given to demonstrate how the re-
match designs with process variability introduced by machinirgjlts translate to other scenarios.
processes. Similar work was done by the same research groupwo parts, A and B, are located relative to each other using
[6,11] on injection molding. Soderbefd 2] uses the Taguchi loss either locating features or a fixtu(€ig. 1). The gapg, between
functions to optimize tolerance design. the two parts is ideally zero, because, as the gap increases, part

All of the above methods focus on reducing the sensitivity of @0sts increasé.e., manufacturing time may increase or warranty
design to variation. However, they all rely on the existence @¢eturns may increayeHowever, an impact condition—where the
perfect information about process capability to determine the oap is less than zero—will necessitate scrap, rework, or repair.
timal design. Because there is inherent variability in the paighown by the

Uncertainty models Uncertainty in decision making is a well- Gaussian probability density functiprihe design team’s task is to
acknowledged problem. There is a variety of literature on decisi®lance the impact condition probabilitye., quality-failure cost
trees and Bayesian networks. These methods are used to mag@inst the increased labor contéine., increased unit cost
decisions where there are multiple actions and the outcome isThis design scenario appears frequently in a variety of
uncertain[13]. Utility theory provides a framework to describeindustries.
why groups make different decisions under the same uncertainty, Aircraft . Aircraft structures cannot be significantly deflected

According to Arrow{14], decision-making is the process SEIeCtIn%Iuring assembly because built-in stresses can reduce aircraft fa-

between actions to maximize the utility of the resulting conse- - : : : ;
. . . . > Tigue life (usually a maximum pull-up force is specifiedo avoid
guences. This method has been applied to a wide variety of fle(? essing parts, a combination of designed-in gaps and shims are

including desigr{15,18. used to mate parts. When an impact condition occurs, parts may

There are many methods to model imprecise information {it, . 1, pe reworked, trimmed, or, in the worst case, scrapped.
design. For example, Kim et 4l17] model imprecision by propa- ™, Automotive body panels Gaps between automotive body

gating intervals through a constraint set. Firfdi8] proposes a . o1care 5 key quality characterigte]. Gaps around the door
method to model imprecise constraints using predicate logic. Oﬁgod and trunk are highly visible to thé customer: the larger ’the
and Antonssorﬁlg] anq Law gnd Antonsso[QO] propose math- a (c,)r worse, the more uneven the gaihe lower th.e perceived
ematics to propagate imprecise constraints in a design space. %ﬁglity. Howe’ver, there are two problems with a small gap. When

dley and Agoglnp[Zl] use |nformat|qn theory and uncertainty ody panels overlap, significant rework is required. Second, varia-
models to assist in component selection. Their system focuses { &in a narrow seam is more visible than in a wide seam

designer’s attention on thoge factorg that are critical and identifies, Automotive components One key quality characteristic of
where further information will benefit the search.

Process capability uncertainty Most process capability un- ManY automotive drive train components is durability. Durability

certaint mett?ods ?/el on buffgrs saf(gt factors pand )r/ules isfoften a function of how closely parts fit togetfjeb]. However,
Y y on ' Y : iL'the gap is too small, parts may bind and not function.

thumb. For example, Six Sigma methods account for process un-

; . . o . » Ships In the ship building industry, welding is used to fill
\?gta'[g% bé'?glclédsm?h: lsil%(;?g S;Tg:i;?iégf %T:rlgrs]'csihAnﬁ;Zergaps between structural elements. Larger gaps take longer to fill
Y . p ) 9 ' and increase both the labor content and the cycle time. In some
=\Xof with 0=(1+ 7) yZoi wherey s the safety factor. specialized applications, additional filler material also adds cost.

In both methods, where there are a large number of contributqqgwever’ if there is an impact condition between components,

to _variati_on, final _qualit)_/ may be significantly underestimatedpartS must be separated and trimmed, resulting in large rework
This can inappropriately increase cost. A method to model procggssts.

uncertainty has been described by the aufl®®. This method
propagates uncertainty through a design using a Monte Cafl of these cases are characterized by an uneven cost/loss func-
simulation. tion: i.e., the gapg, is subject to both darger is betterand a
Summary. There are a variety of articles and methods tha&maller is bettercondition[1]. The larger the gap, the less likely
individually address robust design, decision making under uncé&n impact condition will occur; however, the smaller the gap, the
tainty, and uncertainty in design decisions. However, there islewer the production costs. A nominal gap,is specified to bal-
distinct lack of research on decision making when there is unc@nce the unit costsmaller is bettgragainst a quality-failure cost
tainty about process capability. (larger is better If the gap is too small, higher than acceptable
quality failures may occur. If the gap is too large, the product unit
cost will be too high. The problem of selecting the optimal mean
3 Case Study has been described by a number of authas.

In order to illustrate optimistic versus pessimistic approaches L
uncertainty, a single example will be used throughout the papé?. Variation Cost
The scenario, positioning two parts in close proximity without Quantification of variation cost begins with a definition of a
touching, appears in a variety of industries. First, the general ecast/loss function. This function describes the cost incurred when
ample will be described, and then a set of industrial examples wilie gap, as produced, has a valueggf(Fig. 2). In this case, the
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left-hand sidgian impact conditionis modeled as a step function _
(C=C,). When a part is trimmed there is no cost difference b%—'g- 3 Cey Vs. g for four values of o (0.0, 0.010, 0.020, and
tween trimming one inch or two inches. The right hand sjulzsi- 030)
tive gap is modeled using a linear function. For example, weld
time and volume increases linearly with an increase in the gaps
between ship panels. A single characteristic point anchors tfis Uncertainty Model

curve @up.Cup).~ Equation 1 describes the cost/loss function. Equation 3 enables a design team to calculate the optimal gap.

C if g,<0 However organizations are rightly wary of such analyses because
P “the process capability may be worse than we expected.” This is
C(gp)=1Cuwp . (1) a valid concern because processes degrade over time, suppliers
Qup gp if 9p>0 change, and unexpected problems occur. As a result, the true op-

timal value forg is not known a priori. However, designers are
Assuming no variation, the optimal gap is zero. However, the gapquired to set the gap in the design stage before the final process
will vary according to a probability density functiofp.d.f), capability is known. This section addresses the question posed at
p(gp). Variation ing, can be modeled as a Gaussian distribiftiorthe beginning of the papewhat is the right decisich
with a mean ofy, and a standard deviation of The expected cost

is a function ofP(g,) andC(g,). 5.1 Sources of Uncertainty. There are two methods used to

predict process capability data for internal parts: process capabil-

o ity databases and manufacturing knowledge. Process capability
Cex9,0)=E[C]= | C(gp)p(gp)dy, (2) databases provide surrogate data for similar p@%s28. How-
[pg] - ever, surrogate data is not always an accurate performance indi-

cator for a new design. Differences in material, geometry, and
brocess parameters can result in different standard deviations and
mean shifts. Where there are multiple surrogate parts there may be

After integrating and removing terms whose contribution is min
mal, the expression fdC.,(g,0) is derived where erf itheerror

function. multiple standard deviation values. In addition, inaccuracies arise
because process capability measures are often based on short-term
Coud _ E -9 ~up § 9 process performance and may not include process degradation due
exd 9,0) = erf +1|+ 1+erf h .
2 V2 Qup 2 oV2 to tool wear, lack of machine maintenance, or operator effects.

(3) Where process capability databases do not exist, manufacturing
functions are required to make educated guesses about variation.
The optimal gapgmin(c), satisfies minCe.{g,0)). Equation 3 is Guesses are based on experience and are often communicated as a
graphed in Fig. 3 for four values af (0.00, 0.01, 0.02, and 0.03 range rather than a specific value.

The curveswere calculated usingC,=100, C,,=5, and gy Outsourced parts have an even higher uncertainty. In some
=0.03. The relative values of these numbers reflect examples seg8es, suppliers are unable or unwilling to share their capability.
in industry. _For others, the supplier may not have been selected and the de-

Figure 3 also demonstrates how the cost is locked in by desigiigner must design for a range of potential suppliers.
The minimum unit cost for any gap is defined by the bottom curve » )
(c=0). 5.2 Process Capability Uncertainty. To capture uncer-

tainty, process capability can be expressed as a remgeo,],
Cup where there is a 95 percent probability the standard deviation will
Cexg9.00=9— (4) fall in the range(corresponding to &,). To enable uncertainty
Gup analysis, the range is translated into a probability distribution.
If the standard deviation is assumed to be 0.03, minimifigg, Process capability can be modeled as a Gaussian distribution with
results in a gap of 0.06. In this case, even if the variation & Mean,, and a standard deviatiom,,, where
reduced to zero, the product cost cannot be reduced below 10. oyt o o=
However, if the standard deviation is assumed to be 0.01, mini- g =— . gm——— (5)
mizing Ce,, results in a gap of 0.02. In this case, if the variation 2 4
is reduced to zero, the cost could be theoretically reduced as lowsigure 4 demonstrates why decision making under process ca-
as 5. pability uncertainty is difficult. The bottom curver(=0.010)
represents the minimum unit cost assuming variation cannot be
'This curve can also be modeled as a Taguchi quadratic function. The conclusigmst reduced belovws), . The top curve ¢, =0.020) shows the
of the paper are not altered when the alternative function is used. The quadrigrye for the worst-case scenario and represents the highest pos-

function tends to estimate a higher net cost. : . . .
2Other distributions will alter the equations and the numerical results. Howevesr!ble value OfCeXp' There is an optimal mean corresponding to

the overall conclusions of the paper are not affected by the shape of the probabfCh caseg; andgy,. These two values bound potential values
density functions. for g.
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Fig. 4 Worst and best cases for process capability

If ois assumed to be, , the optimal gapg,, , is 0.025 result- against other organizationg4]. Chip manufacturers continue to
ing in aCey, of approximately 4.8. However, if the turns out to  reduce their line widths below their current capability to reduce
have a value ofr,, the cost will be 14.Ga three-fold increage both unit cost and increase performance. Optimistic organizations
This delta is labeledjuality-failure cost The quality-failure cost also tend to use production prototyping and product ramp cycles
is the amount of additional cost created by the higher than eto identify and remove variatiof29].
pected variation. By increasing unit cost is increased. This in- Pessimistic Approach On the other hand, it has been observed
crease is labelethcrease in unit costHowever increasing si- that companies who produce high-price and/or low-volume prod-
multaneously reduces quality-failure ctstcause larger gaps are ucts tend to take the pessimistic approach. Historically, these
less sensitive to variationThis decrease is labeleéduction in companies have competed on product quality and performance
quality-failure costs rather than on price. For example, many military contractors op-

. erate under cost-plus contracts. Under these contracts, the price is

.5'3 E_xpected COSt U_nc_ier_ Uncertainty. One way to deter- based on the finaﬁ)cost to manufacture plus a percentage. Trr)1ere is

mine optimal gap is to minimize the expected value under uncejs,y jite incentive to reduce unit cost but a high incentive to

tainty. Cye(9,0,,4,) is calculated by design the highest performance product possible. Pessimistic ap-
Cuc9,04,15) = E[Cexf9,0)] proaches are also often used where there are limited production
Py prototypes.
o 1 - 6.2 Utility Theory. Differences between optimistic and
= f Cexd9,0) e (071 205d 5 pessimistic approaches can be ascribed to differences in the utili-
—o ooN2m ties of unit cost and quality-failure costs. As stated above in Sec-

(6) tion 2, utility theory uses a measure of outcome utifitg., value
. o ) ) . ] to rank preferences. The optimal action maximizes the outcome
The optimal gap satisfies the expression @jHg,0,,u,) (in this utility.
case g=~0.037. However, it was observed that designers rarely | this case, selecting is the action. There are two outcomes
choose this value, rather thgy tend Fo desjgn to.(.)ne extreme or fgpevery value ofg: a unit cost,C,(g), and a potential quality-
other. The next section will explain, using utility theory, wWhtajlure cost,C,(g). The unit cost is defined by the lower curve in
designers tend to choose either thg or g . Fig. 4. It represents the lowest possible expected cost for a given

gap,g.
6 Optimism vs. Pessimism

The author has observed organizations taking very different Cul9)=Coxf8.0n) "
strategies when faced with the same uncertainty. Some compamgs, is the difference between maximum unit cost and unit cost at
take apessimisticapproach to uncertainty and always design fogap, g.
the highest variabilityg,,, . Other organizations take aptimistic
approach and design to the lowest expected variatign, The AC,(9)=Cy(gu)—Cu(9) (8)
rest of this section describes why both approaches are rational
depending how companies value unit cost relative to potentihe quality-failure cost is defined by difference between the upper
quality failures. First, observations are made about the correlatiand lower curves in Fig. 4. It represents the increase in price due
between the two approaches and organization characteristics. Sedncreased variation for a given gagp,
ond, using utility theory this correlation will be shown to be ra-
tional. Cq(g) = Cexp(gxo'ul) - Cexp(gro'g) 9

6.1 Optimistic vs. Pessimistic. These observations areAC, is the difference between the maximum quality-failure cost
based on a large number of site visits, interviews, and extendggq the quality-failure cost at gap
visits at over thirty companies.

_Optimistic Approac.:h.. Hig.h-lvo.lume and/or low-margin orga- ACq(g)ch(g”)—Cq(g) (10)
nizations tend to exhibit optimistic behavior when faced with pro-
cess capability uncertainty. Companies taking an optimistic aphe utility function is based on the question posed in Section 1:
proach include automotive body assembly and chip manbew much are you willing to increase unit cost to reduce the
facturers. For example, automotive industries tend to set tighterance of a quality failure laté This question can be translated
gaps and gap tolerances than their current process capabilityo utility theory terminology:what are the relative utilities of
These targets are selected to place themselves competitivéécreasing unit costs versus decreasing quality-failure @osts
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Table 1 Utility of unit vs. quality-failure costs 7.1 Variation Reduction. This apparent contradiction can
U, 10, be explained py taking a dynamic r.z.athe.r than a static vjew of
Value unit cost 1 0 process ce_lpablllty. If process ca_pa_bll_lty is wevyed as static—not
Value quality fail 0 1 subject to improvement—the optimistic case will, on average, be
quality failure - T .
less cost effective. However, process capability is not static. Pro-
cess variation reduction has been the subject of many books, ar-
Table 2 Actions and outcomes ticles, and company initiatives. For example, Six Sigma is being
successfully applied by GE, AlliedSignal, and Motorola to reduce
AC, AC, variation in existing manufacturing processes.
Optimistic C(g.)-C.(2)) C,(8,)-C,(g,)=0 ~ In addition, Intel's success relies on actively pursuing increas-

(g=gn) ing yields[30]. Rapidly increasing yields gives them a significant
Pessimistic | C,(g,)~C,(g,)=0 C,(g,)-C,(2) edge over their competitor, Advanced Micro DevicgsMD).

(g=gu) AMD struggled to increase yields on their chips and their inability

to quickly improve yields impacted their profitability and com-
Table 3 Optimal scenario for each strategy petitivenesg 31].
The competitive advantage enabled by variation reduction and
Utility Optimistic v continuous qt_JaIity improvements has also been desqribed in a
Valie it | Co(g.)=C 5 ror— numbgr pf articles and books. I_:or examp!e, Hiaz] p_rov[des a
cost (84)-C. (&) plmistic quantitative proof of the benefits of continual quality improve-
Value quality- 0 C,(2)-C, (g Pessimistic ments. The bene_flts of contln_ual improvement ar_l_d learning have
[failure cost also been described in detail by Clark and Fujimf38] and
Womack, et al[34].

The effectiveness of variation reduction is also a function of the
production rates. The variation reduction cycle includes base-
U(g) is the total utility for a gajm; U, is the utility of a decrease |ining the process, running experiments, identifying the largest
in the unit cost AC(g)); andU is the utility of a decrease in a contributors, imposing control on those contributors, and confirm-

QOutcomes

Actions

Actions Optimal decision

Values

quality-failure cost AC4(9))- ing the variation reduction. When companies produce at low rates,
_ variation reduction can take a large percentage of the total pro-
U(9)=UuAC,(9)+U4AC4(9) (11) duction run to execute. High-volume producers have more oppor-

Utilities. There is a continuum of possible values b andU,,.  tunity to reduce variation and the benefits are amortized over more
To simplify the analysis, only two bounding conditions are angroducts.
lyzed. In the first casévalue unit cost the organization puts a . . Lo

7.2 Uncertainty Reduction. When the optimistic approach

high utility on the minimum product cost and does not value re- . o . .
ducing potential quality-failure costs. In the second case, there &td@ken, it assumes organizations are capable of reducing varia-

the organizations that place a high value on potential failure codf@n {0 the best case. However, inaccurate predictions may under-
estimateo, . In this scenario, net cost may be higher than origi-

but don’t value minimizing unit costvalue quality failure. Table it 4
1 shows the utility values for the two cases. nally expected. Therefore, it is in the best interest of an

Actions and outcome Similarly, two actions, optimistic and °rganization to make accurate predictions about process capabil-
pessimistic, bound the continuum of actions. Table 2 shows ti% Leland[26] describes the effect of underestimating target pro-
two outcomes for each action. cess variation. The case subject used significant resources during

Relative utility of outcomes Next, the relative utilities of the '@MP-Up trying to remove a variation problem. Because they were
outcomes for each action are calculated. This is done by multiph nable to reduce variation to a satisfactory level, the final solution
ing the cells in Table 1 and Table 2 using Ef1). cluded an expensive design change. _

Table 3 shows the two bounding value systems and the twgP"0C€SS capability uncertainty can be reduced using any number
bounding actions. The cells in the table show the relative utilitié%,? methodologies: prototypes, process models, and cross-
for each action for each value system. The optimal decision makinctional interaction with suppliers and manufacturers. However,
mizes the utility. The results show that valuing unit cost redudincertainty reduction requires resources. To determine how much

tions is consistent with taking an optimistic approach. On thincertainty should be reduced, both the cost and benefit of infor-

other hand, those companies who value reducing potential quaffiiition must be quantified. _ _
Uncertainty reduction. First, uncertainty reduction must be

failures should take a pessimistic approach. . o . . . .
P PP quantified. Reduction in uncertainty is described by Rothschild
o ) _ o and Stiglitz[35] as a reduction in the variance from, to o,
7 Variation and Uncertainty Reduction: The Missing around a static mean.
Link
Table 4 shows the values @&,, C,, and C, for the two R= Jo (12)
approaches. If unit costs and probabilistic quality-failure costs are 0o
considered static, the optimistic case will most likely result in fowever. this measure has one major shortcoming: it does not
higher net c_os(as defined bﬁuc.)' However, companies still take uantify 'the resultant meary,,. For example, if the original
the optimistic approach to d_e3|gn. For exampl_e, .Ch'p r_nanufact ounds range from 0.010 to 0.050 and uncertainty is reduced by
ers like Intel and AMD continue to reduce their line widths eveg percent(i.e., R=0.5), the resuling mean can vary between
though their initial yields are very low. This section addresses th€y,q ¢ besi é’nd 0 0'40‘ at wofBig. 5). Because it is not possible
second question poseq in the introductibow can an optimistic to predict the resulting mean, it is necessary to average across a
approach ever be profitatse range of potential values.
Information benefit. Information benefit is typically measured
as a reduction in the expected cf6]. In this case, the expected

g~

Table 4 Costs associated with each approach cost isC,,. described in Eq. 6. The expected cost after uncertainty
G ¢ To. reduction,C, . is:
Optimistic Approach 48 [146 |89
Pessimistic Approach | 7.5 | 8.8 | 7.7 Clc=12C, (9,00 ,ul)+12C (9,00 ,u2) (13)
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whered! is the reduced uncertainty apd, and ., are the upper 0 ' ' '
and lower bound on the mean. The benefit of information is the Y 05 1 15 2
difference in the expected cost before and after information. Informmation Cost (log R)

ACy=Cyc— Cl.,,IC (14)

Cost of information. The next step is to quantify information

cost. The measure of information content/entropy of a syském,

was proposed by Shannon and Weaj28]. Large values oH

correspond to high entropy and low information quality. Changes e penefit of information in the optimistic case is further en-
in H have been used as an information cost measure by a varigh,ceq by the low-volume/high-volume differences discussed in
of researcher14,37). In most cases, the cost of uncertainty regection 6.1. The net information benef, is the difference be-
duction is assumed to be linear wiH. tween the benefit of information and the cost of the informatin.

The information entropyt1, [38] for a problem .V.Vit,hn possible g 5 function of the costEq. (14)) and benefit of informatiofEg.
outcomes where each outcome has a probatplits: (18)) as well as the remaining production voluné,

H=—-K>, plogp; where >, pi=1 (15) B=VAC,,~K(—logR) (19)
: : As stated above, most optimistic companies tend to be high vol-
K is a constant used to scake H is continuous withp; , is at a ume producers. The higher the volumes, the more benefit is de-
maximum where allp; are equal, and has a minimum value ofived from the information gathered because the investment is
zero when one value gf; is one. The analogous case for a conamortized over more products.

Fig. 6 Cost vs. benefit of information

tinuous distribution with a probability distribution functigm(x) Ertan[38] surveyed a variety of companies about their variation
is: reduction methods. The surveyed companies were split into two
" groups: commercial/high-volume companies and military/low-
H:_Kf p(x)log p(x)dx (16) volume companies. The survey showed high-volume producers
o were significantly better at capturing process capability data than

) ) . low-volume producers. Process capability data is used to reduce
In this casep(o) is the p.d.f ofo andH is uncertainty about the final variation. The better the data, the
© uZ greater the certainty. This difference may be explained by the

- KJ p(o)logp(o)do=K log(a,2em)+K —% findings in this paper. First, low volume producers are less able to
—o 207, collect process capability information because of the lack of data-

(17) points. The second, suggested by this analysis, is that there is a

Shannon and Weav§B6] note one important difference betweergreater incentive_ to understand process capability where an opti-
the continuous and discrete entropy measures. The discrete 'B#gtic approach is used.

tropy is strictly bounded and is always positive. The continuous

case, however, is a relative measure and cannot be guaranteed to

always be positive. The scaling problem is avoided by measurig@g Industry Trends

information entropy deltas rather than an absolute value. In this.l.his section addresses the third question posed at the beginnin
case, the change in information entropy\H, due to a reduction in hird q P ginning
3 of the paperhow can an organization transition from a pessimis-

. .
uncertainty fromo,, 10 o, is tic approach to an optimistic approaeh
o As the market requires companies to become more cost com-
AH=—K log(R) where R=— (18) petitive, they are being forced to reduce their unit cost. For ex-
o ample, historically Boeing’s success has been based on perfor-
Figure 6 plots cost against information benefit for both the optinance rather than cost; however, they now are being pushed to
mistic and pessimistic cas&C, is the benefit(Eq. (14)) and reduce cost. As an article iRorbes[39] stated “performance,
—logRis the information costEq. (18)). The figure shows that in delivery, and technology mattered more than cost ... but airliner
both cases, there is a decreasing marginal return for additiog@sign has plateaued, and the airlines that buy the planes today are
information. In addition, it shows there is a dramatically largeehiefly interested in how much carrying capacity they can buy for
benefit of information in the optimistic case than the pessimisti buck.”
case. Pushing process capability limits and taking a more optimistic
The optimistic case benefits more from information because thpproach should decrease unit costs. For example, military pro-
potential quality-failure costs are significantly higher. The optiducers are being forced to become more cost competitive. They
mistic approach can be viewed as the riskier option although thge being required to include off-the-shelf components rather than
benefits are higher. In general, the riskier a situation, the momlitary specification partgmilspeg. The off-the-shelf compo-
information benefits the decision-maKd®]. nents are lower cost but there is generally less certainty about
their quality and performance.

3This assumes the second term in ELY) is a normalization term that scales the  HHOWeVer, rapid shifts to optimistic from pessimistic approaches
entropy. It is therefore not included in the analysis. can be dangerous and expensive. As shown in Section 7, without

H=
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lowering uncertainty and proactively reducing variation in prg 5 p=rrey e —
duction, there is a large potential downside to adopting optimis{ «+—-'—+ L2 H =]
) ge p ptng op PR e
approaches. e — - _
How can companies who have traditionally taken a pessimist L }—l

approach transition without encountering massive and expensi
quality problem8 For high-volume companies this is typically
done through SPC, production prototypes, and proactive design
variation reduction plans. However, in the case of low-volume
companies, the application of the optimistic approach is trickier. Fig. 7 Determinate and fixtured assembly

There are two barriers to transitioning from a pessimistic ap-
proach to an optimistic approach in low-volume companies. First,
low volumes hamper uncertainty reduction. The amount of data
available from SPC and other data collections will be limitedpetitive factor. In this case, avoiding product returns and ensuring
Learning is also limited by the lack of a process ramp—the firseliability may be worth the extra cost. Taking a pessimistic ap-
product built is usually sold and there are limited production runproach is probably the appropriate approach.

This paper suggests three methods to overcome these barrier:
First, organizations should make a slow transition from pessimis-
tic to optimistic strategies. Transitions should be made first whe
the cost impact is low and where data collection can be leverage
across other parts. Second, extensive modeling and simulat
should be used. Because production prototypes can be proh
tively expensive, tools such as Variation Systems Analé®A)
[40] can be used to simulate assembBy learning through simu- . . . . )
lation, high-risk assemblies can be identified prior to productiofiinction properly creating rework and production disruptions.
Variation reduction plans can be initiated at the start of production To compensate for variation, design teams may deqlde to in-
rather than waiting for quality problems to occur. Third, unceln-IUOIe adjustments or tuning parameters to prevent quality failures
tainty reduction should leverage surrogate processes, similar paﬂ'/l1 ].' For example, a \{oltage _mlght be tuned_ in the factory to
common parts, and supplier parts. By sharing learning overaghieve proper copy print quality. Although adjustment processes

larger number of similar parts, the quality of information can b hsure product acceptability, they increase the unit product cost
improved ’ ecause additional equipment, training, and labor are required. In

In summary, low volume productsan take a more optimistic addition, adjustments have been correlated with field problems.

approach to variation. However, a high degree of planning andMany companies are trying to reduce their dependence on ad-

analysis is required because they do not have the luxury of pllH__stment parameters. However, this transition should not be made

duction prototypes and high production volumes. In additioH‘"thOUt understanding the effects of uncertainty, proactively plan-

there may be some sub-systems where, given the high degreéﬂq]g \{grlatlon reduction, and increasing process capability data
uncertainty, the optimal approach may never be feasible. coflection.

Total Length
[ *

3’.2 Adjustment Parameters. The least expensive manufac-
ring process requires no special tools, steps, labor, or tuning.
grts are picked from bins and assembled without special adjust-
nts or fitting. Pick-and-place reduces the error rate, decreases
gor content, and removes the need for specialized training.
owever, variation can hamper the efficiency of pick-and-place
assembly. When too much variation exists, parts may not fit or

9.3 Aircraft Assembly. Historically, aircraft frame assem-
bly has relied on specialized tooling and processes to account for
high part variability (i.e., fixtured assembly However, as cost
9 Other Examples pressures increase, aircraft companies are adopting assembly,

These conclusions do not only apply to the gap example but cB¢thods similar those used by automotive assertilgly determi-
be generalized to other decisions about design configurations e assembly[7]. Figure 7 shows the differences between the
manufacturing processes. Three examples are used to demonst¥¥@eassembly methods. In determinate assertibfy figure), each

this generalization: electronic assembly, adjustment parametd¥8nel has predrilled location holes. Assembly involves lining up
and aircraft assembly. the holes and inserting a fastener. The total length depends on the

precision of the hole location. Fixtured assemigtight figure

9.1 Computer Assembly. The optimistic/pessimistic di- yses a dimensional fixture to define the total length. In this case,
chotomy does not necessarily apply to entire organizations. Difyo blank panels are placed in the fixture and a hole is drilled
ferent product platformgeven products in the same product famsjmultaneously through both. After match drilling, the parts must
ily) may require different approaches to uncertainty. For examplge pulled apart, the burrs removed, and the parts realigned. Fas-
traditional computer assembly used screws to make connectigggers are then inserted in drilled hole.
between sub-systems. However, the use of screws increases apeterminate assembly is less expensive because it removes the
sembly time. To reduce labor content, many companies now Usged for specialized fixtures and also reduces the labor content.
snap fit connectors. Snap fits reduce assembly costs but havigoivever, determinate assembly is highly sensitive to hole loca-
higher rate of connection failure. Variation in the moldings cation variation and is at higher risk of quality failures. In addition,
cause faulty connections to occur. The optimistic approach is fige failures are very expensive; if a part does not fit, the part may
use snap fits; the pessimistic is to use screws. have to be scrapped. The fixtured approach is more expensive on

Depending on the product characteristics, either the optimisticunit cost basis because it requires additional labor, expensive
or pessimistic approach may be appropriate. For example, as #glicated fixtures, and prevents interchangeability and replace-
market size for the low-cost computer continues to grow, the preghility of parts. However, it is less sensitive to part variation.
sure to produce lower cost computers incredgds4?. In this
market segment it is in the best interest of the organization to take
a very optimistic approach to the product design. In order to Summar
cost competitive, snap fits are probably more appropriate than f y
use of screws. This paper contributes several new ideas. First, it proposes a

However, there is another class of computers—the high erf@fmalism for selecting the optimal design under process capabil-
high performance systems where reliability is a dominant conity uncertainty. Second, it proposes a quantitative explanation for

various behaviors under uncertainty. Third, it describes why learn-

“There is always the risk, however, that the cost of simulation and modeling clidg and variation reduction are critical in cost competitive indus-

be quite high. tries. Fourth, it explains why it is critical for companies, when
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