Quantitative Selection of
Variation Reduction Plans

Quality has been a rallying call in design and manufacturing for the last two decades.

One way to improve quality is through variation reduction (VR). VR teams use tools such
Anna C. Thornton as Design of Experiments (DoE) and robust design to improve product performance and
quality by reducing variation introduced by manufacturing processes. Because VR teams
are typically resource constrained, they must carefully select where to focus their efforts.
Planning for VR is complex because reduction efforts are executed on individual features
and processes but benefits are accrued when the overall product quality improves. The
problem is further complicated by the existence of multiple performance criteria and
hundreds of processes and dimensions that effect each performance requirement. Conse-
quently, VR teams typically use qualitative assessments to prioritize and schedule their
efforts. This paper provides a mathematical model capable of optimally allocating VR
resources for a complex product. The VR model has three parts: a model of variation
propagation, a model of variation costs, and a model of variation reduction costs. These
models are used to directly calculate the optimal resource allocation plan and schedule
for a product with multiple product quality requirements. An example from the aerospace
industry is used to demonstrate the thed§1050-047£0)00602-4
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1 Introduction ternatives[12], a few models are capable of evaluating the costs
and benefits of variation reduction plans and identifying the opti-

Quality has been a rallying call in design and manufacturing f?wrltal plan. For example, Atwater and Chakravoj propose a

the last two decades. This all ent_:ompas_sing term can be app”eqngthod to identify the optimal quality improvement plan for a
many aspects of a product: design qualing., shape of a car or production system. However, their work focuses on reducing

features on a copigrdistribution and service qualitfe.g., the scrap to improve throughput rather than improving the overall

eéxperience the customer has purcha_smg, bringing home, and fﬁ" yduct quality and do not include the cost of improvements in
ting up a produdt performance qualitye.g., how the product their calculations

works in a various environmentsand manufacturing quality Effective prioritization requires modeling the source of varia-

(e.g., how much njanufactur_lng variation af_fects perform_ance Oftl%n, the impact of variation on product performance, the cost of
producy. C;ompanles are .St'" struggllng_ .W'th all, especially .th(?/ riation, and the cost of variation reduction. The net present
later. The impact of variation on profitability has been the topic Qf?\lue(NPV) should be used to calculate a more accurate measure

many articles in the academic and popular pregsess|. How- ¢ penefit. In addition, the effect of project scheduling should be
ever, several studies indicate that most quality initiatives fail {Q 5 qeled.

significantly improve quality4].

Proponents of quality initiatives, such as Demjsand Tagu- 1.1 Problem Statement. Figure 1 illustrates the problem
chi and Clausingi6], have asserted that quality-efforts will alwaysspace. At the center, the product model predicts product perfor-
have a positive return: i.e., quality is always free. In additioripance from the part and process variation. At the top of the fig-
others[7-9] have proposed methods to set optimal quality levelge, degradation in product performance results in an increased
by balancing quality improvements against their cost. The lattepst of variation. The bottom of the figure shows the cost of
methods model the quality for a single quality/product characterariation reduction. When processes are improved, variation re-
istic and a single control feature. However, a design team is rar&lyction costs should be balanced against the reduced cost of varia-
faced with such a simple problem. In most cases, they are fadé. Prioritizing variation reduction is complex because of mul-
with multiple control options and multiple quality targets. tiple product quality requirements, significant numbers of

In a complex product, a variation reduction teéescribed in Processes, and complex cross-interactions between the two.

detail in Seqtion 1.8Bmust choose between improving multiple 1 » Key Characteristics. In a complex product, it is not
product quality measures. They must also decide what procesgggnomically or logistically feasible to control and/or monitor
to improve because every product quality measure is influencghysands of tolerances and processes. To identify what tolerances
by multiple part and process characteristics. While most projed processes to control, many organizations are using a method
will return a profit, (i.e., quality is freg, projects should be se- cajled Key CharacteristiodCs) (also termed Critical Parameters
lected to make the m_os!ffectlveuse of a I|m|teq resource set.  and Special CharacteristickC methods are used by design to
Currently, the choice, order, and scheduling of projects ajgentify and communicate to manufacturing where excess varia-
based on qualitative measure§Vhile models are available 10 tion will most significantly affect product qualityl3].
evaluate and optimize design alternatiy&®,11] and process al-  First, design teams identify where variation may impact perfor-
mance, safety, and fit requirements. Performance requirements are
Contributed by the Design Theory and Methodology Committee for publication idetermined by the market and customers, safety requirements are
the JDURNAL OF MECHANICAL DESIGN. Manuscript received Mar. 1999; revised gat by internal and externéile., FAA) safety groups, and fit re-

Mar. 2000. Associate Technical Editor: J. Cagan. . .
1Generalizations are based on observations by the author of a variety of com yirements are issues that can make manufacture and assembly

nies and their practices. Due to proprietary issues, specific names and practice ath_UIt (e.g., loading a part into a fixtureThe product quality
not given. requirements are callggroduct-KCs
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VR efforts are important because cost reductions in production
translate into pure profit or an ability to drop product price.

VR teams typically have a fixed number of people and a fixed
budget which limits the number and scope of possible projects. In
general, they firefight problems causing the largest pain. VR target
areas are often identified by other function groups. For example,
manufacturing will highlight areas with unacceptable levels of
rework, scrap, repair, or labor.

Once an area is targeted, VR teams perform root cause analyses
to identify contributors to the problem. Using tools such as Failure
Modes and Effects AnalysisSFMEA), Design of Experiments
(DOE) and Variation Simulation Analysi&/SA),% VR teams pri-
oritize the contributing factors. The contributors can be dimen-
sions, processes, or physical attributies., electrical characteris-
tics). A few of the contributors are subjected to improvement
efforts: changing process parameters, upgrading machines, ma-
chine maintenance, and/or implementation of standard processes
and employee training.

Most VR teams are very effective at removing variation from
targeted areas. However, they tend to use qualitative methods to
prioritize their efforts. To optimize the allocation of limited re-
sources, a quantitative method is needed to enable teams to rap-
idly prioritize where resources are best allocated as well as to
optimally schedule projects.

1.4 Paper Structure. This paper presents a method to opti-
mize VR plans. Figure 1 shows the framework for the mathemati-
cal model. First, the center section of the figure is derived. This
model enables the product-KC variations to be calculated from
process-KC variationgSection 3. Next, the cost of variation is
modeled(Section 4. Third, the cost of variation reduction is mod-
eled(Section 5. Fourth, the optimization model is present&ac-
tion 6). Fifth, the concept of NPV is presenté8ection 7. Fi-
nally, the implications of scheduling on VR effectiveness are
discussed(Section 8. The tools are illustrated using the case
study introduced in Section 2.

2 Case Example

This section describes the case, the assembly of an aircraft wing
center box, used to illustrate VR optimizati%ﬁ'his case was first
introduced in[14]. The case has been expanded to include the
processes used to create the feature-KCs.

An aircraft wing has three main sectioghown in Fig. 3, the
center box, leading edge, and trailing edge. The center box, the
focus of this case, provides structural stiffness, surface area, and
attachment to the fuselage. The wing has many variation sensitive

Second, the design team flows these requirements through g@uirements including the steps and gaps between skin panels,
product decomposition. Figure 2 shows a simplified KC flowdowWing orientation, and upper and lower surface contour.
for the drag on an aircraft horizontal stabilizer. The product-KC
(drag at the top of the tree has several contributing subsystem-

KCs (contour and gap The subsystem-KCs are, in turn, a func-

tion of the part-KCs(spar anglg and process-KC¢fixtures. In

some cases, it may be possible to flow the KCs down to the/

process level; however, in some cases parts are delivered by ot
side suppliers. In this case, part-KCs become product-KCs for th:
supplier. It is assumed here that control is imposed at the proces —

level.

In summary, the KC flowdown provides a system view of po-
tential variation risk factors and captures the design team’s col

Fuselage

—

lective knowledge about variation and its contributors. Traceabil-

ity between process- and product-KCs through part- and

Fig. 3 Wing configuration

subsystem-KCs is necessary to identify what processes should be
controlled, identify where process change may positively impact

product quality, and identify root causes of quality problems.

1.3 Variation Reduction.

Variation Reduction(VR) is a

2Variation Simulation Analysis is a computational tool that uses Monte Carlo
simulation and a description of the geometry to model the effect of part variation on
the system.

term applied to a broad set of tasks performed by process im-3The assembly description and process steps are consistent with current aircraft

provement teams. VR works to reduce variation in processes c

a%§_embly processes, but details, capability, and geometry are modified and approxi-

ted to mask any proprietary data. Because the numbers are changed, the conclu-

! - ; 2
Ing S_'Qmﬂcam excess cost. VR teams are Usua”y rgspon5|ble_ E?fns of capability and high risk KCs do not reflect the actual capability in aircraft
continual process improvement once a product is in productiofanufacture.
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Spar Rib tems Analysis(VSA) can be used to predict capability more ac-
curately, the modeling and analysis time for them are typically
Fig. 4 Center box assembly process significantly longer.

3.1 Math Model. A mathematical model for variation
propagation was proposed by the author{16]. Figure 6 is a
] generalized version of the KC flowdown in Fig. 2. The top layer
gﬁ&:ﬁf of the flowdown has; product-KCs. Each has a nominal value,
Frow Heign 0 f;, a tolerance[LL;,UL;,], a standard deviationy;, a mean,
Conte e u;, and a failure cos(C; . Product-KCs are created Ibyayers of
Botom 3D subsystem-, part-, and process-KCs. Each lagenasn, KCs.
e Ji‘\, Using Taylor expansions, the expression relating the deviation
in a product-KC A f;,* to the next layer of KCs, is represented as
a linear equation.
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Fig. 5 Tolerance stack-ups for leading edge and middle con-
tour
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This case focuses on the contour of center box surface. The
center box has three main sub-assemblies: spars, skins, and ribs.
The assembly tree is shown in Fig. 4. The three sub-assembljﬁlsmsz captures the sensitivity of product-K&,, to a change in
are assembled separately in their own fixtures and then the Ce@@ésystem-Kijz. The sensitivities can be derived using DOE
box is built in the wing fixture. The spars are placed in the fixtureL 7], tolerance  chains[12], or modeling [18]. The array
first. The spars are assembled from two cofisshaped extru- subsystem-KC deviationd x,, can be related to the product-KCs
siong and a wel{a reinforced aluminum sheednd are assembled array, Af, through a matrix of partial derivatives;. A matrix
using a determinate assembly procgsats are located relative to approach to variation propagation and modeling has been used
each other using precision location ho[%]) The ribs are as- extensively by authors such as Homann and Thorrtb®,
sembled in their own fixture and are located relative to the spasfocum[20], Suh[21], Frey et al[22] and Gao et al[23].
using locating holes in the spar web. Finally, skins are attached to
the top and bottom surfaces defined by the ribs and spars.

This case study focuses on two wing KCs: the leading edge and i of,  ofy afy
middle contours as measured from aircraft coordinates. The . e ox
product-KCs are flowed down to the process-KCs by analyzing X1z X2 N2
the tolerance stack-ups. The tolerance paths are shown in Fig. 5. af,  of, af,

The contours are a function of several subsystem-KCs includ- —_— —
ing the error in the location fixture used to locate the spspsr Af=§,Ax, where §=| X12 Xz Png2 (2
fixture: y log, the rib height, rib location holes, skin thickness, : : :
and spar heights. The skin thickness is a function of the process
used to form the aluminum sheél sheet: thickness The rib ofn, fn, o,
location holes are a function of the process used to drill holes in X1y X Xn 2

the aluminum sheetal sheet: loc. holes Because the ribs are -
built in a fixture, their height is a function of the rib fixture capa-

bilities (rib fixture: heigh). The spar height is a function of the por each subsequent layet, can be generalized to the matrix,
process used to drill holes in the cortd extrusion: loc holek 5, which relatesAx,; ; t0 AX, .

and the process used to drill holes in aluminum stieksheet:

loc. holes.

AXg = 6k AX(k+1) 5
3 Variation Propagation Model

The variation propagation model predicts product-KCs’ stanvhere
dard deviationgi.e., the contourfrom the process-KCs’ standard
deV|aF|0nS-l This model is basgd on a linearized mOde'l Qf Var'at|0n4Af:Ax1, but we are using to be consistent with other literatut€rinivasan,
described in Thorntofl6]. While models such as Variation Sys-1998.
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The correlation between variation in process-K@spresented by When Egs(5) and
array Ax) and product-KCgrepresented by arraif) can be ex- predicted.
pressed by:

Af=DAx, where D=6,6,8;...6_1, 4 o is the array of

Equations(1)—(4) model errors for a single product. In addition,array of process-
the statistical behavior of errors can be modeled. The partial d|:[>J Ti; except w
ferentials are used to calculate the standard deviatign,for any times to the same

o?=To? where T=777; ..

(6) are combined the product variation can be

STU-1) (7)
product-KC standard deviations ands the

and part-KCs standard deviations. In most cases
hen a part- or process-KC contributes multiple
product-KC. This may happen, for example, if a

KC, Xk -
L R Mk \* — :
TSl v Olk+1) T EVN O+t Table 1 Failure index as a function of  Cpk
1(k+1) 2(k+1) .
ix 2 Range Failure
S LS, (5) index
X 1 k1) (k+1)
N1y (k+1) Cpk<«l Red
Equation(5) can also be represented in a matrix form but a second 1<Cpk<1.33 Yellow
matrix, 7, is needed. 1.33<Cpk Green
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Fig. 8 Results from KCTool
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single worn tool is used to make multiple parts for an assembly Table 2 Process capability
and, consequently, all parts in the assembly are undersized.

g,

3.2 Exar;ple. Fig;re 7 shows the KC flowdown for the con- Rib Fixture: Height 0.008
tour examplgSection 2 with the 7 matrices. The top of the flow- -
down contains two product-KCs: middle contour and leading edge Al Sheet: Loc. Holes 0.005
contour. The second layer contains the subsystem-KCs. The third Al Sheet: Thickness 0.005
layer contains the individual part-KCs. At the lowest level, the Spar Fixture: Y location 0.009
process-KCs are listetlin two instances, one process-KC influ- Al Extrusion: Loc. Hole 0.008
ences more than one part-KC. For example, the process capability : : :

for drilling location holes in aluminum extrusior(al extrusion:

loc holeg contributes to both the bottom and top cord heights.
Reducing variation in hole locations improves two part-KCs. This UL —LL:\2
effect was pointed out recently by one of our industrial partners Li=k(Af))? where ki:Ci/ (;) (9)
“We build thousands of different parts but use only 20 process- 2

es.. .”If we inprove each process, we influence thousands thereci is the cost of not achieving the tolerandel; ,UL;].

parts.” _ For a population of products, the expected loss for product-KC
The final matrices are i is a function of its standard deviatiom; , and cost constank; .

1 1 1 1 O 1 1 1 1 O In turn, the product-KC's standard deviation is a functionTgf

001 1 1 2 } (8) (defined by Eq(7)) and the process-KC standard deviations,

01 1 1 2 .
|
In this case, all sensitivities are derived from one-dimensional Li=ki(c) =k 21 Tijsz
=
ggmost cases, a product has multiple product-K&s>1 and a

tolerance stackups. In cases where the stackups are two-
dimensional, the elements in tiizand T matricis will be more

Single process-KC may contribute to more than one producdt-KC
The total cost of variationl.;, is the sum of the individual loss

complex to derive. However, variation analysis software such
VSA can be used to calculate sensitivities directly.

In order to visual display of KC flowdowns, a prOOf'Of'Concemunctions L
software tool, KCTool has been developef24,14. The data i
model is based on a hierarchical description of variation, also i nf i n
termed aKey Characteristic (KC) flowdowrKCTool was devel- L= 2 Li:z Ki af:z ki( 2 Tijojz
oped to provide an experimental environment in which analysis i=1 i=1 i=1 =1

tools could be built and testef@5,14. To visually display the cgjculating the total loss is important because udiggenables

risk, color and numerical data are layered on the KC flowdowgne optimization to identify where a process variation contributes
The visual display is generated in three steps. First, the produ-more than one product-KC.

KCs are assigned a failure index based on their allowable limits
and their predictedr and u values. Second, the index is mapped 4.2 Example. Table 2 gives the process capability for the
to three colors: green, yellow, and red based on the valuespfpcess-KCs. The machined featufesy., Al Sheet: Loc. holgs
Table 1. Third, failure indices are assigned to each child based loave smaller standard deviations than the fixture related(K@s,
three factors: the product-KC failure index, number of childrerRib Fixture: Heigh}.
and contribution factor of each child KC. The percentage contri- Table 3 shows target specificatioh€ is $500, the production
butions are determined based on the relative contribution of tFfe is 100 per year, and the production life is 10 years.
bias and standard deviation to the parent-KC’s overall bias and
standard deviation. Details of the color and percent assignmept
algorithm can be found in Thorntdri4]. " Model of VR_ C_OStS o )

The results in Fig. 8 show that the leading edge contour is at/n order to optimize a variation reduction plan, the cost of
higher risk than the middle contour. In addition, location holes i¢ariation reduction needs to be modeled.
the aluminum extrusions, the spar fixtures, and the rib fixturesslll Math Model. This section describes how a VR plan

contribute more than sheet location holes and sheet thicknesseg,q its costs are modeled. These models include the cost of varia-
tion, L. VR plan cost,l;, variation cost after the VR plan is
4 Model of Variation Costs executedL¥ , and rgtgrn on investTenROI. The co;t,lj, to
) ] o . reduce process variation from to o; for process-KG can be
Costs associated with variation can be roughly classified infRodeled ag15]:
two categories: external costs and internal costs. External costs are
generated after the product leaves the manufacturing site and in- Cy;j
clude product returns and product repair. Internal costs are gener- 1 1
ated before the product leaves the plant and include rework and (—— —)
o T . O4i O
scrap costs. In addition, other less visible internal costs result from ) !
production disruptions, increased inspection requirements, undgris a constant calculated by estimating the cogt, to reduce
utilization of manufacturing capability, and production ramp-upariation by a fixed amountyy;. The anchor points are usually
delays. Because it is not possible to model all cost contributoggnerated by estimating the cost to halve the variation. Like the
most companies use the Taguchi loss function to model the cosflefguchi loss function, this curve provides a good measure of the
variation. Although the Taguchi function tends to overestimat#end rather than an accurate cost prediction.
variation costs, it does provide a good measure of relative costs.In most products, multiple process-KCs contribute to a single
product-KC. In addition, if a product haws features, only a subset
of themn;]" will be subjected to variation reduction. In addition, a
fixed cost,Cg, must be spent for every feature subjected to varia-
tion reduction(the total fixed cost for VR is Cr). Cr includes

D=

(10)

(11)

1 1
lj=xj| —— —| where ;=

- (12)
j ]

4.1 Math Model. The cost of variationl;, incurred when
product-KCi deviates from nominal by an amousf; is

5The process-KCs are named using the formaterial/process: feature typ@he
first indicates the material or process and the second the feature type. This kind-of
notation is typical in process capability databases. 5All tolerances are from nominal and are measured in inches.
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Table 3 Product requirements

UL; LL; Ci ki L; Cpi
Middle Cont. -0.05 10.05 $200 |$80,000 $15.6 1.19
Ldg. Eg. Contour [-0.05 {0.05 $300 ($120,000 [$31.08 |1.04
Table 4 Process capability and uncertainty for wing case
o Oy Id

Rib Fixture: Height 0.008 0.004 $3,000

Al Sheet: Loc. Holes 0.005 0.0025 $1,300

Al Sheet: Thickness 0.005 0.0025 $7,000

Spar Fixture: Y location 0.009 0.0045 $3,000
Al Extrusion: Loc. Hole 0.008 0.004 $5,000

resources required to baseline process capability and purchéesures are not improvedin Thornton[26], this optimization
measurement equipmehAssuming there arg, process-KCs, the was performed using simulated annealing; however, that method

total product VR costl, is calculated by: was computationally intensive. This section proposes a method to
n calculate the optimal resource allocation directly with out expen-
=t S 11 (13) Sive simulation. _
L =) (TJ* o The optimal allocation of resources for a total VR budgetof

N

ElTi,-(o,*)z

j:

(14)

is calculated using a two step process. First, the optR@l for
The total variation cost, 7 after improvement is calculated by: n, cases are calculated. In the first case, the optR@il (RO}) is
ng ng calculated assuming only one process-KC is improved. In the sec-
L*= E Ki(0*)2= 2 K. ond case, the optim&OI (ROW) is calculated assuming only two
T = process-KCs are improved. In th#h case, the optimaROI
. ) ) . gROIn) is calculated assuming process-KCs are improved.
The benefitALt, is calculated by subtracting the variation cost gecond, the optimal resource allocation is found by selecting
after improvementl% from the original variation cost. . the case which has the highd0l:

ALy=Ly—L7t (15) ROlya=ma{ROI;,ROl,, . .. RO, | (17)
Two methods can be used to calculate the return for the VR effo‘q,th . . .
The first takes the difference between E¢3) and (15). How- e next few sections describe how the optimal value for each
ever, calculating net profit is problematic because it is difficult t635€ 'S found. o
ensure that the dollars invested,, are the same as the dollar_ ™ =1. The first case is terlaI: all resources are allocated to the
benefit, AL;. Because of this, it is more appropriate to use thé'st KC. The value oROl, is found by
ratio of the two measurds.e., theROI) wheren is the number of nAL nAL nAL
products remaining in the production cycle ROl =ma T L T | subject to!iF<!T
n(Le—L%) 11+ Cg’ 1,4+ Ck In+Cr 1i>0
ROI= % (16) (18)
T n, process-KCs are improvement candidates. Each sub-case is
In this case, aiROI of greater than one does not ensure a profitested and the maximuOl is used forRO|,. Figure 9 shows a
able project. The measure ROI in Eq. (16) provides arelative graph of Eq.(18) for the five process-KCs. Improvingpar Fix-
measure of effectiveness and should be used to rank order effeiii®: Y locationprocess is the most effective for all valuesl pf
rather than making a go/no-go decision on a single project. Inn|*=2. CalculatingROlI for two KCs can also be done explic-

addition, the calculations require the user to specify the costsiaf, ‘Given a set amount,;, 1, and!, are set by maximizing
variation as well as the cost of performing reduction. Because thé

ROI measures the ratio of the cost of failure to the cost of VR, it

is not necessary to ensure that the values are in the same units.
Because these methods are being used to rank the project, it is nng
necessary to model the costs and benefits precisely. However, |
necessary to ensure that tredative costs are correctly specified. ¢ |
The method presented in this paper was found to be insensitive
small changes in the costs as long as the relative ranking of ca 5 1
remained the same.

Spar Fixture: Y Location

= 4 Al Extrusion: Loc Hole
5.2 Example. The cost of variation reduction used in subg

sequent section is shown in Table 4. 31 \

Rib Fixture: Height
Xure: elel

AlSheet:LocHoles "~~~ |
Al Sheet: Thickness ——————————————"

6 Optimization Plan
Assuming a VR team has a limited set of resourdes, the

expenditures|;, are set to maximize tot&®Ol (Eq. (16)). How- 0 . y . T . : T
ever, in some cases, the optimal value jofiill be zero(i.e., some 0 1,000 2,000 3,000 4000 500 6000 7,000 8000
- 5
“In this caseCr is assumed to be the same for all process-KCs. However, the
analysis below can be done with different valu®s for each KC. Fig. 9 ROl for ny=1
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30 mum ROl can be found using simple optimization routines. In this
case, a modified simplex search was used to find the optimal value
for

25

ROI, = nalr 22
201 L T P I o (22)

For each case,!/(n,—n)!n! must be tested.

151 ROl Figure 10 shows charts for all five cases WRD .
highlighted in gray. In this example, there is very little difference
104 between improving three, four, or five process-KCs.

Figure 11 shows the optimal distribution of resources to each
KC for each value of ;. For example, assuming a total invest-
ment of 15K, approximately 2K would be invested in reducing the
variation in the rib fixture height, 6K in the Spar Fixture Y loca-
0 v T T T T tion and the remainder in the location hole in the extrusion. The

0 5,000 10,000 15000 20000 25000 30000 investment curves are jagged because each time an additional fea-

Ir ture is added to the VR plan, the available resources dfiogs
cause of the additional fixed cost to start the next prpject

In addition, the total cost reductiod L, is plotted. It is clear
from the graph that there is a decreasing marginal return for in-
creased investment. To gain the first 100K benefit, it costs 4K, the
next 100K costs an additional 7K and the third 100K costs an
additional 15K.

Order of inclusion. Evaluating all of the cases and sub-cases
can be time consuming to execute when the valug,a$ large.

To avoid this, KCs can be ranked according nfRR(;,). The
process-KCs with a higher maximuROI are more cost effective
and should be included first. THROI for a single feature is:

ROmax

Fig. 10 ROl;, ROl,, ... ROl,, and ROl

10,000 350,000

8,000

2
g

6,000 1 1 200,000

st reductio:

S
T 150,000 =
]

Tot:

Nt
Spar Fixtus ib Fi ~Mei 00000 nZ} kiTij[o-jz_(o-}k)z]

. nALT] 1=
Al SHeet: Thwklegﬁ,ooo RO lj — e — I I
j s (
]

(23)

Al $heet: Loc. Holes +Cs

T T T T T 0
0 5,000 10,000 15,000 20,000 25,000 30,000

Total Investment

*
gj

g

The maximum value can be found by taking the partial differential
of ROI with respect tol;, setting it equal to zero, solving for
Fig. 11 Optimal distribution and marginal benefit Ii(max » @nd plugging it back into E¢23). The explicit solution to
this approach is complex and is not given here. Because the func-
tion is concave for all values df;, the maximum value oROI
can also be found using simple solvers.
lT:|1+I2+2CF
subject tol,>0 (19)
1,>0

ROl I, +1,+2Ck
7 Net Present Value
for n;(n;—1)/2 cases of pairs of process-KCs.

The optimal distribution for each case is found by taking thnla
partial derivative 0RO, with respect td ; and setting the value
equal to zero.

In many cases, benefits of VR are accrued over a long period.
he calculation of benefit needs to take into consideration the
effect of time; benefit accrued after investment is made should be
discounted by the cost of capitéiypically 10—13 percent The

JROI, Nt 20, k2 net present valugyPV,,, of an amounV is calculated fronr, the
=na§2 kiTil(—3 periodic interest rate, and, the period in which the amount is
l i=0 (1101+ k) spent(or earnedl
ng 2
20,K5 \%
2
-n kT 20 =
72y '1<[<T—2c—ll>oz+xz]3) 20 NPW= T @
The optimal value of ; is: In the case of VR, calculation of NPV requires a more complex

model. Figure 12 shows a graph of expenditures and benefits. The
|:'Bl(T72C)‘72+K2J7"1 improvement effort starts afs and lastsT, . The investment is
. (o1+Bo) spent at a rat&R, (I=R,T,). Once improvement is completed
(Ts+T,), ALt is saved on every product during the remaining
life (T_,—Ts—T,). Products are produced at a r&e
The NPV of the benefit is equal to

—w (1) np

AL _
2 _ Tp=1R
Kzz) kiTio NPVB—;) T where nE:Rm—TS—T') (25)

o1
=where B=— 3
ﬁ g

2

nf=n. The third and subsequent cases cannot be calculated dsing a similar calculation, the investment costPV, can be
rectly because the optimization occurs over multiple characterisalculated. The discount cash fld&RD1 (DCF-RO]) is the ratio of
tics. Becausd&kOl is continuously concave for eath, the maxi- the two discounted values.
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< Total Life () ~——————— Project | | Project 3] Project s
Production Rate (R) 1 2 31 4 5 Project 2 I Project 4
Savings per
@) b
T, part(AL) __©
Project | I Project 5 ] PfO.IB_C.t;r — ] I
" oject
Project 2 | Project 3 I Project 5 ]
Project3_ | Project 4 ] Project 4
© [CY

Fig. 14 Scheduling possibilities

Expenditure Rate (R))

Fig. 12 VR costs and benefits
Table 5 Number of projects and DCF- RO/ for 1;=%$27,000

Number in{ DCF-ROI
35 parallel
1 6.93
20 2 6.60
’s 3 6.25
ROI 4 5.92
20 5 5.59
S
-4
-2 DCF-ROI . . .
possible to offset the time value of money. In addition, because
10 the first project has more impact than the other projects, it was
better to finish the first project as quickly as possible and begin to
5 accrue the benefits from the effort.
9 Conclusion

0 5000 10000 15000 20000 25000 30,000 In conclusion, this paper has demonstrated that variation reduc-
tion plans can be optimized with minimal computational time. The
model requires the design team to create a variation model and
Fig. 13 ROl vs. DCF-ROI estimate both the cost of variation in product-KCs and the cost of
variation reduction. Where detailed models are not available, two
heuristics can be derived from the analysis. First, projects should
be prioritized based on their maximum possilR©Il. Second,
NPVg (26) projects should be executed serially. These two heuristics should
NPVc guide VR teams to execute projects with the largest return first

Figure 13 shows the differences between the two measuresaElFi complete them as quickly as possible.
ROI. The regular measure &OI significantly overestimates the
value of improvements. Despite these differences, when the dfscknowledgments

tribution was optimized using DCROI rather thanROI (Eq. This material is based upon work supported by the National
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In most cases, VR teams are resource limited. The resource
rate,R,, sets the maximum person hours per period deﬁ,dicatedh@mendature
VR projects. Resources can be applied in a number of Wéys. - Ei Pt ;
example, the team may decide to work on two projects in parallel %F _ Elése,:j Oc;oosjtfg;_;/j(r;?;f:erggﬁgﬂic;r:] for
or focus on one project at a time. Each has its benefits; scheduling ! product-KCi
projects in series enables benefits from the first project to become _

T = Sensitivity matrices

available earlier. However, scheduling projects in parallel moveﬁDCF-R’OI — Discounted cash flow return on investment

up the finish time for multiple projects. f. = Nominal value of product-KG

Figurg 14 shows several sch_edulir_wg scenarios. In the first case l; = Anchor point for variation cost curve
(a), projects are executed serially; in the second d@getwo I, = Cost of improving process-K¢

projects are executed in parall&l for each project is determined I i — Total investment

by the previous project’s completion time. The project duration, k = the layer in the KC flowdown
T,, is a function of the expenditure rat®) and the resources k; = Taguchi constant for product-KC
(Ij+Cg) needed(assumingCg is distributed evenly in the i — Number of layers in the KC flowdown
projecy. o . . il UL; ] = Tolerance band for product-KC

The case was run using five scheduling scenarios. It was fo L, = Taguchi loss for product-KC
that performing the projects in serial always returned a higher LTI — Total cost of variation

DCFROI (Table 5. It is best to accrue benefit as quickly as L* = Total cost of variation after improvement

— ) _ ) ) ) n = Number of product remaining in production life
The problgm of prolect_schedulmg under constrained resources is the sub]gct qf ng = Number of product-KCs

many articles in the operations research field. However, this research takes a simpli- o "

fied view of the scheduling problems because there is no dependency network and Ny = Number of KCs in layek

there is only a single resource and objective function. n = Number of prOCGSS-KCS
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