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Quantitative Selection of
Variation Reduction Plans
Quality has been a rallying call in design and manufacturing for the last two deca
One way to improve quality is through variation reduction (VR). VR teams use tools
as Design of Experiments (DoE) and robust design to improve product performance
quality by reducing variation introduced by manufacturing processes. Because VR t
are typically resource constrained, they must carefully select where to focus their ef
Planning for VR is complex because reduction efforts are executed on individual fea
and processes but benefits are accrued when the overall product quality improves
problem is further complicated by the existence of multiple performance criteria
hundreds of processes and dimensions that effect each performance requirement.
quently, VR teams typically use qualitative assessments to prioritize and schedule
efforts. This paper provides a mathematical model capable of optimally allocating
resources for a complex product. The VR model has three parts: a model of vari
propagation, a model of variation costs, and a model of variation reduction costs. T
models are used to directly calculate the optimal resource allocation plan and sche
for a product with multiple product quality requirements. An example from the aeros
industry is used to demonstrate the theory.@S1050-0472~00!00602-4#
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1 Introduction
Quality has been a rallying call in design and manufacturing

the last two decades. This all encompassing term can be appli
many aspects of a product: design quality~e.g., shape of a car o
features on a copier!, distribution and service quality~e.g., the
experience the customer has purchasing, bringing home, and
ting up a product!, performance quality~e.g., how the product
works in a various environments!, and manufacturing quality
~e.g., how much manufacturing variation affects performance
product!. Companies are still struggling with all, especially th
later. The impact of variation on profitability has been the topic
many articles in the academic and popular presses@1–3#. How-
ever, several studies indicate that most quality initiatives fail
significantly improve quality@4#.

Proponents of quality initiatives, such as Deming@5# and Tagu-
chi and Clausing@6#, have asserted that quality-efforts will alway
have a positive return: i.e., quality is always free. In additio
others@7–9# have proposed methods to set optimal quality lev
by balancing quality improvements against their cost. The la
methods model the quality for a single quality/product charac
istic and a single control feature. However, a design team is ra
faced with such a simple problem. In most cases, they are fa
with multiple control options and multiple quality targets.

In a complex product, a variation reduction team~described in
detail in Section 1.3! must choose between improving multip
product quality measures. They must also decide what proce
to improve because every product quality measure is influen
by multiple part and process characteristics. While most proje
will return a profit, ~i.e., quality is free!, projects should be se
lected to make the mosteffectiveuse of a limited resource set.

Currently, the choice, order, and scheduling of projects
based on qualitative measures.1 While models are available to
evaluate and optimize design alternatives@10,11# and process al-

Contributed by the Design Theory and Methodology Committee for publicatio
the JOURNAL OF MECHANICAL DESIGN. Manuscript received Mar. 1999; revise
Mar. 2000. Associate Technical Editor: J. Cagan.

1Generalizations are based on observations by the author of a variety of co
nies and their practices. Due to proprietary issues, specific names and practic
not given.
Copyright © 2Journal of Mechanical Design
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ternatives@12#, a few models are capable of evaluating the co
and benefits of variation reduction plans and identifying the o
mal plan. For example, Atwater and Chakravorty@4# propose a
method to identify the optimal quality improvement plan for
production system. However, their work focuses on reduc
scrap to improve throughput rather than improving the ove
product quality and do not include the cost of improvements
their calculations.

Effective prioritization requires modeling the source of var
tion, the impact of variation on product performance, the cost
variation, and the cost of variation reduction. The net pres
value~NPV! should be used to calculate a more accurate mea
of benefit. In addition, the effect of project scheduling should
modeled.

1.1 Problem Statement. Figure 1 illustrates the problem
space. At the center, the product model predicts product per
mance from the part and process variation. At the top of the
ure, degradation in product performance results in an increa
cost of variation. The bottom of the figure shows the cost
variation reduction. When processes are improved, variation
duction costs should be balanced against the reduced cost of v
tion. Prioritizing variation reduction is complex because of m
tiple product quality requirements, significant numbers
processes, and complex cross-interactions between the two.

1.2 Key Characteristics. In a complex product, it is not
economically or logistically feasible to control and/or monit
thousands of tolerances and processes. To identify what tolera
and processes to control, many organizations are using a me
called Key Characteristics~KCs! ~also termed Critical Parameter
and Special Characteristics!. KC methods are used by design
identify and communicate to manufacturing where excess va
tion will most significantly affect product quality@13#.

First, design teams identify where variation may impact perf
mance, safety, and fit requirements. Performance requirement
determined by the market and customers, safety requirement
set by internal and external~i.e., FAA! safety groups, and fit re-
quirements are issues that can make manufacture and asse
difficult ~e.g., loading a part into a fixture!. The product quality
requirements are calledproduct-KCs.
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Second, the design team flows these requirements through
product decomposition. Figure 2 shows a simplified KC flowdo
for the drag on an aircraft horizontal stabilizer. The product-K
~drag! at the top of the tree has several contributing subsyst
KCs ~contour and gap!. The subsystem-KCs are, in turn, a fun
tion of the part-KCs~spar angle! and process-KCs~fixtures!. In
some cases, it may be possible to flow the KCs down to
process level; however, in some cases parts are delivered by
side suppliers. In this case, part-KCs become product-KCs for
supplier. It is assumed here that control is imposed at the pro
level.

In summary, the KC flowdown provides a system view of p
tential variation risk factors and captures the design team’s
lective knowledge about variation and its contributors. Tracea
ity between process- and product-KCs through part- a
subsystem-KCs is necessary to identify what processes shou
controlled, identify where process change may positively imp
product quality, and identify root causes of quality problems.

1.3 Variation Reduction. Variation Reduction~VR! is a
term applied to a broad set of tasks performed by process
provement teams. VR works to reduce variation in processes c
ing significant excess cost. VR teams are usually responsible
continual process improvement once a product is in product

Fig. 1 Variation and Variation Reduction Cost Model

Fig. 2 KC Flowdown
186 Õ Vol. 122, JUNE 2000
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VR efforts are important because cost reductions in produc
translate into pure profit or an ability to drop product price.

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

Once an area is targeted, VR teams perform root cause ana
to identify contributors to the problem. Using tools such as Fail
Modes and Effects Analysis~FMEA!, Design of Experiments
~DOE! and Variation Simulation Analysis~VSA!,2 VR teams pri-
oritize the contributing factors. The contributors can be dime
sions, processes, or physical attributes~i.e., electrical characteris
tics!. A few of the contributors are subjected to improveme
efforts: changing process parameters, upgrading machines,
chine maintenance, and/or implementation of standard proce
and employee training.

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

1.4 Paper Structure. This paper presents a method to op
mize VR plans. Figure 1 shows the framework for the mathem
cal model. First, the center section of the figure is derived. T
model enables the product-KC variations to be calculated fr
process-KC variations~Section 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 presented~Sec-
tion 6!. Fifth, the concept of NPV is presented~Section 7!. Fi-
nally, the implications of scheduling on VR effectiveness a
discussed~Section 8!. The tools are illustrated using the cas
study introduced in Section 2.

2 Case Example
This section describes the case, the assembly of an aircraft w

center box, used to illustrate VR optimization.3 This case was first
introduced in@14#. The case has been expanded to include
processes used to create the feature-KCs.

An aircraft wing has three main sections~shown in Fig. 3!, the
center box, leading edge, and trailing edge. The center box,
focus of this case, provides structural stiffness, surface area,
attachment to the fuselage. The wing has many variation sens
requirements including the steps and gaps between skin pa
wing orientation, and upper and lower surface contour.

Fig. 3 Wing configuration

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

3The assembly description and process steps are consistent with current a
assembly processes, but details, capability, and geometry are modified and ap
mated to mask any proprietary data. Because the numbers are changed, the c
sions of capability and high risk KCs do not reflect the actual capability in airc
manufacture.
Transactions of the ASME
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This case focuses on the contour of center box surface.
center box has three main sub-assemblies: spars, skins, and
The assembly tree is shown in Fig. 4. The three sub-assem
are assembled separately in their own fixtures and then the ce
box is built in the wing fixture. The spars are placed in the fixtu
first. The spars are assembled from two cords~T-shaped extru-
sions! and a web~a reinforced aluminum sheet! and are assembled
using a determinate assembly process~parts are located relative to
each other using precision location holes@15#!. The ribs are as-
sembled in their own fixture and are located relative to the sp
using locating holes in the spar web. Finally, skins are attache
the top and bottom surfaces defined by the ribs and spars.

This case study focuses on two wing KCs: the leading edge
middle contours as measured from aircraft coordinates. T
product-KCs are flowed down to the process-KCs by analyz
the tolerance stack-ups. The tolerance paths are shown in Fig

The contours are a function of several subsystem-KCs incl
ing the error in the location fixture used to locate the spars~spar
fixture: y loc!, the rib height, rib location holes, skin thicknes
and spar heights. The skin thickness is a function of the proc
used to form the aluminum sheet~al sheet: thickness!. The rib
location holes are a function of the process used to drill holes
the aluminum sheet~al sheet: loc. holes!. Because the ribs are
built in a fixture, their height is a function of the rib fixture capa
bilities ~rib fixture: height!. The spar height is a function of the
process used to drill holes in the cords~al extrusion: loc holes!
and the process used to drill holes in aluminum sheet~al sheet:
loc. holes!.

3 Variation Propagation Model
The variation propagation model predicts product-KCs’ sta

dard deviations~i.e., the contour! from the process-KCs’ standar
deviations. This model is based on a linearized model of variat
described in Thornton@16#. While models such as Variation Sys

Fig. 4 Center box assembly process

Fig. 5 Tolerance stack-ups for leading edge and middle con-
tour
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tems Analysis~VSA! can be used to predict capability more a
curately, the modeling and analysis time for them are typica
significantly longer.

3.1 Math Model. A mathematical model for variation
propagation was proposed by the author in@16#. Figure 6 is a
generalized version of the KC flowdown in Fig. 2. The top lay
of the flowdown hasnf product-KCs. Each has a nominal valu
f i , a tolerance,@LLi ,ULi ,#, a standard deviation,s i , a mean,
m i , and a failure cost,Ci . Product-KCs are created byl layers of
subsystem-, part-, and process-KCs. Each layer,k, hasnk KCs.

Using Taylor expansions, the expression relating the devia
in a product-KC,D f i ,

4 to the next layer of KCs, is represented
a linear equation.

D f i5
] f i

]x12
Dx121

] f 1

]x22
Dx221¯1

] f 1

]xn22
Dxn22 (1)

] f i /]xj 2 captures the sensitivity of product-KC,f i , to a change in
subsystem-KC,xj 2 . The sensitivities can be derived using DO
@17#, tolerance chains@12#, or modeling @18#. The array
subsystem-KC deviations,Dx2 , can be related to the product-KC
array, Df, through a matrix of partial derivatives,d1 . A matrix
approach to variation propagation and modeling has been u
extensively by authors such as Homann and Thornton@19#,
Slocum@20#, Suh@21#, Frey et al.@22# and Gao et al.@23#.

Df5d1Dx2 where d153
] f 1

]x12

] f 1

]x22
¯

] f 1

]xn22

] f 2

]x12

] f 2

]x22
¯

] f 2

]xn22

] ] ] ]

] f n1

]x12

] f n1

]x22

¯

] f n1

]xn22

4 (2)

For each subsequent layer,d1 can be generalized to the matrix
dk , which relatesDxk11 to Dxk .

DxK5dKDx~K11! ,

where

4D f 5Dx1 , but we are usingf to be consistent with other literature~Srinivasan,
1998!.

Fig. 6 Generalized KC flowdown
JUNE 2000, Vol. 122 Õ 187



Fig. 7 KC Flowdown for wing contour
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]x1k

]x1~k11!

]x1k

]x2~k11!

¯

]x1k

]xnk21~k11!

]x2k

]x1~k11!

]x2k

]x2~k11!

¯

]x2k

]xnk21~k11!

] ] ] ]

]xnkk

]x1~k11!

]xnkk

]x2~k11!

¯

]xnkk

]xnk21~k11!

4 (3)

The correlation between variation in process-KCs~represented by
arrayDxl! and product-KCs~represented by arrayDf! can be ex-
pressed by:

Df5DDxl where D5d1d2d3 . . . d~ l 21! (4)

Equations~1!–~4! model errors for a single product. In additio
the statistical behavior of errors can be modeled. The partial
ferentials are used to calculate the standard deviation,s jk , for any
KC, xjk .

s jk
2 5S ]xjk

]x1~k11!
D 2

s1~k11!
2 1S ]xjk

]x2~k11!
D 2

s2~k11!
2 1¯

1S ]xjk

]xn~k21!~k11!
D 2

sn~k21!~k11!
2 (5)

Equation~5! can also be represented in a matrix form but a sec
matrix, tk , is needed.
188 Õ Vol. 122, JUNE 2000
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S ]x1k

]x1~k11!
D 2 S ]x1k

]x2~k11!
D 2

¯ S ]x1k

]xnk11~k11!
D 2

S ]x2k

]x1~k11!
D 2 S ]x2k

]x2~k11!
D 2

¯ S ]x2k

]xnk11~k11!
D 2

] ] ] ]

S ]xnkk

]x1~k11!
D 2 S ]xnkk

]x2~k11!
D 2

¯ S ]xnkk

]xnk11~k11!
D 24

(6)

When Eqs.~5! and~6! are combined the product variation can b
predicted.

sf
25Tsl

2 where T5t1t2t3 . . . t~ l 21! (7)

s f is the array of product-KC standard deviations andsl is the
array of process- and part-KCs standard deviations. In most c
Di j

2 5Ti j except when a part- or process-KC contributes multi
times to the same product-KC. This may happen, for example,

Table 1 Failure index as a function of Cpk
Fig. 8 Results from KCTool
Transactions of the ASME
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single worn tool is used to make multiple parts for an assem
and, consequently, all parts in the assembly are undersized.

3.2 Example. Figure 7 shows the KC flowdown for the con
tour example~Section 2! with thet matrices. The top of the flow-
down contains two product-KCs: middle contour and leading e
contour. The second layer contains the subsystem-KCs. The
layer contains the individual part-KCs. At the lowest level, t
process-KCs are listed.5 In two instances, one process-KC influ
ences more than one part-KC. For example, the process capa
for drilling location holes in aluminum extrusions~al extrusion:
loc holes! contributes to both the bottom and top cord heigh
Reducing variation in hole locations improves two part-KCs. T
effect was pointed out recently by one of our industrial partn
‘‘We build thousands of different parts but use only 20 proce
es . . . if we improve each process, we influence thousands
parts.’’

The final matrices are

D5F1 1 1 1 0

0 1 1 1 2G , T5F1 1 1 1 0

0 1 1 1 2G (8)

In this case, all sensitivities are derived from one-dimensio
tolerance stackups. In cases where the stackups are
dimensional, the elements in theD and T matricis will be more
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-conce
software tool, KCTool has been developed@24,14#. The data
model is based on a hierarchical description of variation, a
termed aKey Characteristic (KC) flowdown. KCTool was devel-
oped to provide an experimental environment in which analy
tools could be built and tested@25,14#. To visually display the
risk, color and numerical data are layered on the KC flowdow
The visual display is generated in three steps. First, the prod
KCs are assigned a failure index based on their allowable lim
and their predicteds andm values. Second, the index is mapp
to three colors: green, yellow, and red based on the value
Table 1. Third, failure indices are assigned to each child base
three factors: the product-KC failure index, number of childre
and contribution factor of each child KC. The percentage con
butions are determined based on the relative contribution of
bias and standard deviation to the parent-KC’s overall bias
standard deviation. Details of the color and percent assignm
algorithm can be found in Thornton@14#.

The results in Fig. 8 show that the leading edge contour i
higher risk than the middle contour. In addition, location holes
the aluminum extrusions, the spar fixtures, and the rib fixtu
contribute more than sheet location holes and sheet thicknes

4 Model of Variation Costs
Costs associated with variation can be roughly classified

two categories: external costs and internal costs. External cost
generated after the product leaves the manufacturing site an
clude product returns and product repair. Internal costs are ge
ated before the product leaves the plant and include rework
scrap costs. In addition, other less visible internal costs result f
production disruptions, increased inspection requirements, u
utilization of manufacturing capability, and production ramp-
delays. Because it is not possible to model all cost contribut
most companies use the Taguchi loss function to model the co
variation. Although the Taguchi function tends to overestim
variation costs, it does provide a good measure of relative co

4.1 Math Model. The cost of variation,Li , incurred when
product-KCi deviates from nominal by an amountD f i is

5The process-KCs are named using the formatmaterial/process: feature type. The
first indicates the material or process and the second the feature type. This ki
notation is typical in process capability databases.
Journal of Mechanical Design
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Li5ki~D f i !
2 where ki5CiY S ULi2LLi

2 D 2

(9)

whereCi is the cost of not achieving the tolerance@LLi ,ULi #.
For a population of products, the expected loss for product-

i is a function of its standard deviation,s i , and cost constant,ki .
In turn, the product-KC’s standard deviation is a function ofTi j
~defined by Eq.~7!! and the process-KC standard deviations,s j .

Li5ki~s i
2!5kiS (

j 51

nl

Ti j s j
2D (10)

In most cases, a product has multiple product-KCs~nf.1 and a
single process-KC may contribute to more than one product-K!.
The total cost of variation,LT , is the sum of the individual loss
functions,Li .

LT5(
i 51

nf

Li5(
i 51

nf

kis i
25(

i 51

nf

kiS (
j 51

nl

Ti j s j
2D (11)

Calculating the total loss is important because usingLT enables
the optimization to identify where a process variation contribu
to more than one product-KC.

4.2 Example. Table 2 gives the process capability for th
process-KCs. The machined features~e.g., Al Sheet: Loc. holes!
have smaller standard deviations than the fixture related KCs~e.g.,
Rib Fixture: Height!.

Table 3 shows target specifications.6 CF is $500, the production
rate is 100 per year, and the production life is 10 years.

5 Model of VR Costs
In order to optimize a variation reduction plan, the cost

variation reduction needs to be modeled.

5.1. Math Model. This section describes how a VR pla
and its costs are modeled. These models include the cost of v
tion, LT . VR plan cost,I T , variation cost after the VR plan is
executed,LT* , and return on investment,ROI. The cost,I j , to
reduce process variation froms j to s j* for process-KCj can be
modeled as@15#:

I j5k j S 1

s j*
2

1

s j
D where k j5

Cd j

S 1

sd j
2

1

s j
D (12)

k j is a constant calculated by estimating the cost,I d j , to reduce
variation by a fixed amount,sd j . The anchor points are usuall
generated by estimating the cost to halve the variation. Like
Taguchi loss function, this curve provides a good measure of
trend rather than an accurate cost prediction.

In most products, multiple process-KCs contribute to a sin
product-KC. In addition, if a product hasnl features, only a subse
of themnl* will be subjected to variation reduction. In addition,
fixed cost,CF , must be spent for every feature subjected to var
tion reduction~the total fixed cost for VR isnl* CF!. CF includes

d of
6All tolerances are from nominal and are measured in inches.

Table 2 Process capability
JUNE 2000, Vol. 122 Õ 189
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Table 3 Product requirements

Table 4 Process capability and uncertainty for wing case
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resources required to baseline process capability and purc
measurement equipment.7 Assuming there arenl process-KCs, the
total product VR cost,I T , is calculated by:

I T5nl* CF1(
j 51

nl

k j S 1

s j*
2

1

s j
D (13)

The total variation cost,LT* after improvement is calculated by:

LT* 5(
i 50

nf

ki~s i* !25(
i 51

nf

kiF(
j 51

nl

Ti j ~s j* !2G (14)

The benefit,DLT , is calculated by subtracting the variation co
after improvement,LT* from the original variation cost,LT .

DLT5LT2LT* (15)

Two methods can be used to calculate the return for the VR ef
The first takes the difference between Eqs.~13! and ~15!. How-
ever, calculating net profit is problematic because it is difficult
ensure that the dollars invested,I T , are the same as the dolla
benefit,DLT . Because of this, it is more appropriate to use
ratio of the two measures~i.e., theROI! wheren is the number of
products remaining in the production cycle

ROI5
n~LT2LT* !

I T
(16)

In this case, anROI of greater than one does not ensure a pro
able project. The measure ofROI in Eq. ~16! provides arelative
measure of effectiveness and should be used to rank order e
rather than making a go/no-go decision on a single project
addition, the calculations require the user to specify the cost
variation as well as the cost of performing reduction. Because
ROI measures the ratio of the cost of failure to the cost of VR
is not necessary to ensure that the values are in the same
Because these methods are being used to rank the project, it i
necessary to model the costs and benefits precisely. However
necessary to ensure that therelative costs are correctly specified
The method presented in this paper was found to be insensitiv
small changes in the costs as long as the relative ranking of c
remained the same.

5.2 Example. The cost of variation reduction used in su
sequent section is shown in Table 4.

6 Optimization Plan
Assuming a VR team has a limited set of resources,I T , the

expenditures,I j , are set to maximize totalROI ~Eq. ~16!!. How-
ever, in some cases, the optimal value ofI j will be zero~i.e., some

7In this case,CF is assumed to be the same for all process-KCs. However,
analysis below can be done with different valuesCF for each KC.
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features are not improved!. In Thornton @26#, this optimization
was performed using simulated annealing; however, that met
was computationally intensive. This section proposes a metho
calculate the optimal resource allocation directly with out exp
sive simulation.

The optimal allocation of resources for a total VR budget ofI T
is calculated using a two step process. First, the optimalROI for
nl cases are calculated. In the first case, the optimalROI (ROI1) is
calculated assuming only one process-KC is improved. In the
ond case, the optimalROI (ROI2) is calculated assuming only two
process-KCs are improved. In thenth case, the optimalROI
(ROIn) is calculated assumingn process-KCs are improved.

Second, the optimal resource allocation is found by selec
the case which has the highestROI:

ROImax5maxbROI1 ,ROI2 , . . . ,ROInl
c (17)

The next few sections describe how the optimal value for e
case is found.

nl*51. The first case is trivial: all resources are allocated to
first KC. The value ofROI1 is found by

ROI15maxF nDLT

I 11CF
,

nDLT

I 21CF
, ¯,

nDLT

I nl
1CF

G subject to I i.0
I i1C5I T

(18)

nl process-KCs are improvement candidates. Each sub-cas
tested and the maximumROI is used forROI1. Figure 9 shows a
graph of Eq.~18! for the five process-KCs. ImprovingSpar Fix-
ture: Y locationprocess is the most effective for all values ofI j .

nl*52. CalculatingROI for two KCs can also be done explic
itly. Given a set amount,I T , I 1 and I 2 are set by maximizing

the
Fig. 9 ROI for n l*Ä1
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for nl(nl21)/2 cases of pairs of process-KCs.
The optimal distribution for each case is found by taking t

partial derivative ofROI2 with respect toI 1 and setting the value
equal to zero.

]ROI2
]I 1

5ns1
2(

i 50

nf

kiTi1S 2s1k1
2

~ I 1s11k1!3D
2ns1

2(
i 50

nf

kiTi1S 2s2k2
2

@~T22C2I 1!s21k2#3D (20)

The optimal value ofI 1 is:

I j5
b b~T22C!s21k2c2k1

~s11bs2!

5where b5
s1

s2

3!k1
2(

i 50

nf

kiTi1

k2
2(

i 50

nf

kiTi2

(21)

nl*5n. The third and subsequent cases cannot be calculated
rectly because the optimization occurs over multiple characte
tics. BecauseROI is continuously concave for eachI j , the maxi-

Fig. 10 ROI1 , ROI2 , . . . ROIn , and ROImax

Fig. 11 Optimal distribution and marginal benefit
Journal of Mechanical Design
he

di-
ris-

mumROI can be found using simple optimization routines. In th
case, a modified simplex search was used to find the optimal v
for

ROIn5
nDLT

I 11I 21 . . . 1I n1nCF
(22)

For each case,nl !/(nl2n)!n! must be tested.
ROImax. Figure 10 shows charts for all five cases withROImax

highlighted in gray. In this example, there is very little differen
between improving three, four, or five process-KCs.

Figure 11 shows the optimal distribution of resources to e
KC for each value ofI T . For example, assuming a total inves
ment of 15K, approximately 2K would be invested in reducing t
variation in the rib fixture height, 6K in the Spar Fixture Y loca
tion and the remainder in the location hole in the extrusion. T
investment curves are jagged because each time an additiona
ture is added to the VR plan, the available resources drops~be-
cause of the additional fixed cost to start the next project!.

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

Order of inclusion. Evaluating all of the cases and sub-cas
can be time consuming to execute when the value ofnl is large.
To avoid this, KCs can be ranked according max(ROI1). The
process-KCs with a higher maximumROI are more cost effective
and should be included first. TheROI for a single feature is:

ROIj5
nDLT j

I j1Cs
5

n(
i 50

nf

kiTi j @s j
22~s j* !2#

k j S 1

s j*
2

1

s j
D 1Cs

(23)

The maximum value can be found by taking the partial differen
of ROI with respect toI j , setting it equal to zero, solving fo
I j (max) , and plugging it back into Eq.~23!. The explicit solution to
this approach is complex and is not given here. Because the f
tion is concave for all values ofI j , the maximum value ofROI
can also be found using simple solvers.

7 Net Present Value
In many cases, benefits of VR are accrued over a long per

The calculation of benefit needs to take into consideration
effect of time; benefit accrued after investment is made should
discounted by the cost of capital~typically 10–13 percent!. The
net present value,NPVV , of an amountV is calculated fromr, the
periodic interest rate, andn, the period in which the amount is
spent~or earned!.

NPVV5
V

~11r !n (24)

In the case of VR, calculation of NPV requires a more comp
model. Figure 12 shows a graph of expenditures and benefits.
improvement effort starts atTs and lastsTI . The investment is
spent at a rateRI (I T5RITI). Once improvement is complete
(TS1TI), DLT is saved on every product during the remaini
life (TL2TS2TI). Products are produced at a rateR.

The NPV of the benefit is equal to

NPVB5(
t50

nP DL

~11r !Ts1TI1tTP
where nP5R~TL2TS2TI !

TP51/R (25)

Using a similar calculation, the investment cost,NPVI can be
calculated. The discount cash flowROI ~DCF-ROI! is the ratio of
the two discounted values.
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Figure 13 shows the differences between the two measure
ROI. The regular measure ofROI significantly overestimates the
value of improvements. Despite these differences, when the
tribution was optimized using DCF-ROI rather thanROI ~Eq.
~16!!, the optimal distributions were virtually identical.

8 Scheduling
In most cases, VR teams are resource limited. The reso

rate,RI , sets the maximum person hours per period dedicate
VR projects. Resources can be applied in a number of ways.8 For
example, the team may decide to work on two projects in para
or focus on one project at a time. Each has its benefits; schedu
projects in series enables benefits from the first project to bec
available earlier. However, scheduling projects in parallel mo
up the finish time for multiple projects.

Figure 14 shows several scheduling scenarios. In the first c
~a!, projects are executed serially; in the second case~b!, two
projects are executed in parallel.Ts for each project is determined
by the previous project’s completion time. The project duratio
TI , is a function of the expenditure rate (RI) and the resources
(I j1CF) needed ~assuming CF is distributed evenly in the
project!.

The case was run using five scheduling scenarios. It was fo
that performing the projects in serial always returned a hig
DCF-ROI ~Table 5!. It is best to accrue benefit as quickly a

8The problem of project scheduling under constrained resources is the subje
many articles in the operations research field. However, this research takes a s
fied view of the scheduling problems because there is no dependency network
there is only a single resource and objective function.

Fig. 12 VR costs and benefits

Fig. 13 ROI vs. DCF-ROI
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possible to offset the time value of money. In addition, becau
the first project has more impact than the other projects, it w
better to finish the first project as quickly as possible and begin
accrue the benefits from the effort.

9 Conclusion
In conclusion, this paper has demonstrated that variation red

tion plans can be optimized with minimal computational time. T
model requires the design team to create a variation model
estimate both the cost of variation in product-KCs and the cos
variation reduction. Where detailed models are not available,
heuristics can be derived from the analysis. First, projects sho
be prioritized based on their maximum possibleROI. Second,
projects should be executed serially. These two heuristics sho
guide VR teams to execute projects with the largest return fi
and complete them as quickly as possible.
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Nomenclature

CF 5 Fixed cost for variation reduction
Ci 5 Cost of out-of-tolerance condition for

product-KCi
D, T 5 Sensitivity matrices

DCF-ROI 5 Discounted cash flow return on investment
f i 5 Nominal value of product-KCi

I d j 5 Anchor point for variation cost curve
I j 5 Cost of improving process-KCj
I T 5 Total investment
k 5 the layer in the KC flowdown

ki 5 Taguchi constant for product-KCi
l 5 Number of layers in the KC flowdown

@LLi ,ULi ,# 5 Tolerance band for product-KCi
Li 5 Taguchi loss for product-KCi
LT 5 Total cost of variation
LT* 5 Total cost of variation after improvement

n 5 Number of product remaining in production life
nf 5 Number of product-KCs
nk 5 Number of KCs in layerk
nl 5 Number of process-KCs

ct of
mpli-

and

Fig. 14 Scheduling possibilities

Table 5 Number of projects and DCF- ROI for ITÄ$27,000
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nl* 5 Number of process-KCs subjected to variation
reduction

NPV 5 Net present value
R 5 Production rate

RI 5 Rate of VR expenditure
ROI 5 Return on investment

TI 5 Time to execute VR program
TL 5 Total life of product
Ts 5 Period in which VR is started
xjk 5 KC j in layer k

D f i 5 Error in product-KCi
Dxj 2 5 Error in KC j
Dxk 5 Array of subsystem-KC deviations

dk 5 Array of partial derivatives
k j 5 Variation cost curve constant
m i 5 Mean of product-KCi
s i 5 Standard deviation of product-KCi

sd j 5 Anchor point for variation cost curve
s j 5 Standard deviation of process-KCj ~equal to

s jnl!
s j* 5 Target process variation
tk 5 Array of squared partial derivatives
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