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Achieving Robust Designs
with Six Sigma

Dependable, Reliable, and Affordable

1.1

Developing “best-in-class” robust designs is crucial for creating compe-
titive advantages. Customers want their products to be dependable—
“plug-and-play.” They also expect them to be reliable—“last a long time.”
Furthermore, customers are cost-sensible; they anticipate that products
will be affordable. Becoming robust means seeking win—win solutions for
productivity and quality improvement. So far, robust design has been a
“road less traveled.” Very few engineering managers and professionals are
aware of robust design methods; even fewer of them have hands-on expe-
rience in developing robust designs. As a breakthrough philosophy, process,
and methodology, Six Sigma offers a refreshing approach to systematically
implement robust designs. This chapter outlines a process for engineer-
ing robust designs with Six Sigma and provides a road map.

SiIX SIGMA AND ROBUST DESIGN
Six Sigma is a rigorous and disciplined methodology that uses data and

statistical analysis to measure and improve a company’s operational per-
formance. It identifies and eliminates “defects” in product development,
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manufacturing, and service-related processes. The goal of Six Sigma is to
increase profits by eliminating variability, defects, and waste that under-
mine customer loyalty.

A best-in-class robust design starts with three categories of static response
metrics: the smaller-the-better, the nominal-the-best, and the larger-the-
better. Each of these characteristics should be measurable on a continu-
ous scale.

e A smaller-the-better response is a measured characteristic with an
ideal value of zero. As the value for this type of response decreases,
quality improves.

* A nominal-the-best response is a measured characteristic with a
specific target (nominal) value that is considered ideal.

e A larger-the-better response is a measured characteristic with
an ideal value of infinity. As the value for this type of response
increases, quality improves.

Besides static responses, dynamic responses are also encountered when
developing engineering products. A dynamic response is a characteristic
that, ideally, increases along a continuous scale in proportion to input
from the system. Dynamic responses should be related to the transfer of
energy through the system. To develop robust products, dynamic formu-
lations are recommended for the maximum benefit of the application of
a Parameter Design methodology (see Chapter 7). Using a dynamic
response provides the greatest long-term benefits, but it requires the most
engineering know-how.

The Six Sigma approach for engineering robust designs depends heavily
on formulating the Voice-of-Customers (VOCs) and Critical-to-Quality
(CTQ) characteristics through experiments. The following steps provide
a thorough, organized framework for planning, managing, conducting,
and analyzing robust design experiments.
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Identify project and organize team

Develop VOC models

Formulate the CTQs based on VOCs

Control the energy transformation for each CTQ

Determine control and noise factors for each CTQ

AN S

Establish the control factor matrix

These steps, although specified sequentially, should not be used as a
“cookbook approach” to experimentation; instead, they should be used
in an iterative way. During each stage of development, consider the deci-
sions that were made in earlier steps. Your team may need to revisit previ-
ous steps in light of insights gained farther along in the process.

1.2 IDENTIFY PROJECT AND ORGANIZE TEAM

Six Sigma provides a product development team with the tools to improve
design capability. The first step in the robust design process is to identify
the project (Figure 1-1) and organize a team. This section shows how to

develop the project-selection criteria and successful project characteristics.

-

Figure I-1 Identify a robust design project.
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1.3

As with any project, effective planning and selection of the right team can
make the difference between success and failure. Project selection should
be based on the potential for increasing customer satisfaction, increasing
reliability, incorporating new technology, reducing cost, reducing war-
ranty service, and achieving best-in-class.

The characteristics of a successful project are (1) a clear objective, includ-
ing the desired outcome; and (2) a cross-functional team that includes
suppliers, thorough planning, and management support. Management
sponsorship and support is critical for team success. Management’s role
is to provide necessary resources, empower the team, and remove ob-
stacles to progress.

DEVELOP VOC MODELS

The Voice-of-Customer process is used to capture the requirements and/or
feedback from customers (internal or external) to provide them with the
best-in-class service or product quality. This process is all about being
proactive and constantly innovative in order to capture the changing
requirements of customers over time. The second step in the robust
design process is to begin to develop VOC models. The following are
several key requirements and inputs of a Voice-of-Customer model:

Perceived result
e Customer intent

e Customer and engineering metrics

Intended function

e Response criteria

Customer requirements are the starting point for determining what to
measure in an experiment. But, customer performance metrics are some-
times vague, usually subjective, and typically expressed in nontechnical
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> Identify customer needs
> Perform surveys

> Communicate with focus groups

> Turn customer data into VOC models

7

Figure 1-2 Establish Voice-of-Customer models.

terms. So, to produce quality products, the engineer must translate cus-
tomer performance metrics into measurable, objective engineering met-
rics (Figure 1-2).

For example, the VOCs convey to the engineer what customers want and
how they perceive what they actually get. The Voice-of-Customer model
is the engineers’ interpretation, in engineering terms and functions, of
customers’ perceived result. But the perceived result is a subjective percep-
tion of what customers get from the product. Together, these represent
the customer’s world. When the perceived result doesn’t match her or his
voice, the customer is disappointed.

Traditionally, the mismatch between the voice of the customer and the
perceived result has been addressed by attempting to “solve the problem”
when it becomes evident. It would be preferable, however, to anticipate
customers’ expectations and design products to meet them proactively.

The term Voice-of-Customer is used to describe the stated and unstated
needs or requirements of the customer, and there are a variety of ways to
capture VOCs:

e Direct discussion or interviews

e Surveys
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1.4

Focus groups

Customer specifications

Observation

Warranty data

Field reports

Complaint logs

Andsoon...

To design robust products, the engineer must determine which system or
subsystem to study and establish technical metrics that quantify the sys-
tem’s ability to satisfy the VOC. The Voice-of-Customer model ultimately
determines what is critical to quality—the focus of the next section.

FORMULATE CRITICAL-TO-QUALITY
CHARACTERISTICS

CTQs (Critical-to-Quality) are the key measurable characteristics of a
product or process whose performance standards or specification limits
must be met to satisfy the VOCs (Figure 1-3). They align improvement or
design efforts with customer requirements.

> Metric means measurement

> Measure product quality levels
> Help understand design tradeoffs
> Develop based on VOC modeling

Figure 1-3 CTQ: An engineering metric.
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CTQs represent the product or service characteristics defined by the cus-
tomer (internal or external). They can include the upper- and lower-
specification limits or any other factors related to the product or service.
A CTQ item usually must be determined from a qualitative customer
statement and “translated” into an actionable, quantitative business
specification.

In robust design, a Critical-to-Quality characteristic should be related to
the perceived result. In a robust design experiment, the measured output
of the system is the CTQ. The CTQ performance is frequently inconsis-
tent with the ideal perceived result because of noise. When determining
what to measure in an experiment—the CTQ—first consider the cus-
tomer’s perspective of system functionality.

For example, customers use their brakes with the intent of slowing down
or stopping the car. The ideal perceived result is for the car to smoothly
slow down or come to a stop every time the brakes are applied. With this
in mind, the team must now determine which portion of the brake sys-
tem to focus on and establish a CTQ, in engineering metrics, that quanti-
fies the functionality of that system.

For nonrobust brake systems, the perceived result is often conveyed in
terms that describe unintended results, such as noisy or rough. Optimiz-
ing a CTQ related to brake functionality—the distance to stop—minimizes
unintended results. This philosophy represents a change in the way the
engineer approaches the design process.

In sum, a CTQ is an engineering metric that quantifies the system’s func-
tionality (i.e., its ability to meet the VOCs). Critical-to-Quality character-
istics drive efforts to control energy transformation within a product or
system.
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1.5 CONTROL ENERGY TRANSFORMATION
FOR EACH CTQ CHARACTERISTIC

To fulfill the intent of the system, the customer does something that ini-
tiates a transfer of energy, which produces a CTQ that might be catego-
rized as either the intended result or the unintended result (error state).
Because energy transfer creates CTQs, the system must be studied in
terms of this transfer. Such a study will help the team identify a response
that quantifies the system’s production of intended results. It is important
to consider the following:

e Energy can neither be created nor destroyed.
e Energy can be transformed into various states.

e Only one energy state is intended, or ideal.

Maximizing the amount of energy used to produce an intended result
will minimize the amount available to produce unintended results, or
error states (Figure 1-4). Robust design shifts from examining the error
states and searching for remedies, to studying the functional intent of the
system and exploring ways of optimizing it.

> Energy: Mechanical, thermal, electrical, chemical, ...
> Target or ideal state: 100 percent energy utilization

> Avoid error states; that is, energy is transferred smoothly

Figure 1-4 Control energy transformation effectively.
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Engineering robust products with Six Sigma requires a shift from mea-
suring the symptoms of poor quality to measuring the transformation

of energy. This philosophy requires a shift in thinking by the engineer.

Robust design enhances quality through a focus on optimizing the sys-
tem’s intended functions—the efficient transfer of all energy.

To depict the intended function in terms of engineering metrics, study
the underlying physics of a system, which should yield an engineering
metric that quantifies the amount of energy used to produce a result. Use
this metric as the Critical-to-Quality characteristic. Maximizing such a
CTQ will optimize system functionality.

Clearly, CTQ characteristics depend on the system chosen for study.
Many systems are composed of several subsystems and related processes,
each with its own intended function. Therefore, what to study must be
determined before the team can identify the transfer function and the
related CTQs.

The following are the three types of metrics commonly used in industry:

e Customer metrics—usually subjective and expressed in nontechnical
terms

* Management metrics—typically related to productivity or economics

e Engineering metrics—quantitative, objective, and physics-based

All of these metrics have their place in the development of quality prod-
ucts and processes. In experimentation though, engineering metrics will
provide more useful and reproducible information than either manage-
ment or customer metrics.

Levels are the different settings a factor can have. For example, if you want
to determine how the response (speed of data transmittal) is affected by
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the factor (connection type), you need to set the factor at different levels
(e.g., modem and local area network).

ExAMPLE I.1

Consider a robust design experiment with the objective to reduce the pro-
duction of defective donuts. Suppose the management metric yield is the
CTQ and the factors (time and temperature) are both tested at two levels.

Yield is the percentage of a product that is free of defects (i.e., the percentage
of defect-free products over the total number of products produced). At the
low temperature, B, increasing time (from A, to A,) increases yield; whereas,
at the high temperature, B,, increasing time (from A| to A,) decreases yield.

A: Time B: Temperature
A, =5 minutes B, = 200°F
A, = 8 minutes B, = 260°F

Yield

> Time

A A

| 2

Figure 1-5 Time and temperature interact with respect to yield.
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So, the effect of cook time (on yield) depends on the temperature level. This
implies that cook time and temperature interact, as is indicated by the nonpar-
allel nature of the lines on the interaction plot of level combinations (see Fig-
ure |-5). An interaction occurs when the response achieved by one factor
depends on the level of the other factor. On the interaction plot, when lines
are not parallel, there's an interaction.

Suppose, instead, that the CTQ is defined as “color.” With color as the CTQ,
increasing cook time increases color at either temperature, and increasing

temperature increases color at either level of cook time. An interaction occurs
when the response achieved by one factor depends on the level of the other
factor. On the interaction plot, when lines are not parallel, there's an interac-
tion. As shown in Figure |-6, the factors interact little, if at all, with respect to

A: Time B: Temperature
A, = 5 minutes B, = 200°F
A, = 8 minutes B, = 260°F

Yield

> Time

A A

| 2

Figure 1-6 The interaction between color and temperature; the effect of cook time is to
increase color at either temperature.
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1.6

the color engineering metric. Similar results would follow if the CTQ were
another engineering metric such as moisture or density. In this example, with
an engineering metric as Critical-to-Quality rather than a customer metric as
Voice-of-Customer, the size of interactions can be reduced.

In sum, the Voice-of-Customer is what the customer wants. Systems
transform the intent into the perceived result for VOCs. The perceived
result is what the customer gets. A Critical-to-Quality characteristic is an
engineering metric that quantifies the output of the system. A VOC is
expressed in nontechnical terms and is frequently subjective. CTQ char-
acteristics are expressed in technical terms and should (1) be related to
the perceived results for VOCs, (2) quantify energy transfer, and (3) be an
engineering metric.

DETERMINE CONTROL AND NOISE FACTORS

To make products affordable, engineers need to determine how to control
the CTQ characteristics at minimal cost. The fifth step in the robust
design process is to develop a list of control and noise factors for each
CTQ. This section covers the following:

e Definition of control factors
e Definition of noise factors

e Sources of noise

In robust design, engineering parameters related to CTQs are categorized
as either control factors or noise factors (see Figure 1-7). The Engineered
System, or P-Diagram (see Chapter 6), for a product or process is a dia-
gram that shows the relationship among system (or subsystem) parts, the
CTQ, and the control and noise factors.
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Control Factors: Parameters
whose nominal values can be
cost-effectively adjusted by the

engineer.
Input Response
el NN System | esponse |

|

Noise Factors: Parameters that
influence system variability but are
difficult, expensive, or impossible
to control.

Figure 1-7 Control and noise factors.

Brainstorming is a useful tool for developing an initial list of control and
noise factors. Further investigation may be needed to research creative
ideas that result or to discover additional factors. If the list of influential
control and/or noise factors becomes prohibitively long, consider nar-
rowing the scope of the study to a simpler subsystem. Then, you may
need to redefine the response to establish a complete situational under-
standing of a wide range of data where several control factors may be
interacting at once to produce an outcome.

Determining whether a factor is a noise or a control one often depends
on the team’s objective or the scope of the project. A factor considered
control in some cases might be considered noise in others. For example,
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consider the material hardness factor (measured in Rockwell units).
Design engineers focus on the product, so they may categorize material
hardness as a control factor. However, process engineers focus on the
process, so they may categorize material hardness as a noise factor; from
their perspective, the process needs to be insensitive to the hardness of
the material.

There are many sources of noise. Figure 1-8 shows five broad noise factor
categories. Frequently, customer usage creates the most variability; but
when developing a noise strategy, consider all possible sources to ensure
that influential noise factors are not overlooked. Typically, control factors
are obvious to the engineer because they relate directly to system design.
On the other hand, it is easy to overlook some noise factors because they
are often external to system design. Examining the five potential sources
of noise can help engineers develop a thorough list of noise factors.

© ANVUW\I\/\ > |Internal environment as a result of

neighboring subsystems

> Part-to-part, or piece-to-piece,
manufacturing variation

> Customer usage and duty cycle

> External environment

> Age, or deterioration /

Figure 1-8 Source of noise factors.
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In sum, control factors are parameters whose nominal values can be
adjusted by the engineer, ideally with minimal impact on cost. A noise
factor is a source of variability, either internal or external to the system.
A noise factor disrupts the transfer of energy to the intended function.

1.7 ASSIGN CONTROL FACTORS TO THE INNER ARRAY

The sixth step in the robust design process is to assign control factors to
an inner array. Orthogonal arrays are efficient tools for multifactor experi-
mentation. The orthogonal array of control factors is called the inner
array. The inner array specifies the combinations of control factor levels
to be tested. When running a designed experiment, the present design (or
other reference design) should be included, allowing comparison of the
current process to alternatives based on common testing conditions.

Figure 1-9 shows a sample orthogonal array. Genichi Taguchi (1992, 1999,
2000) made a significant contribution by adapting fractional factorial

Test Control Factors Response
Runs A B C€C D E F F Results

I I I I I I I I (R)

2 I I I 22 I 2 (Ry)

3 I 22 I I I 2 (Ry)

4 I 2 2 2 2 I I (R

5 2 I 2 I 2 I 2 (Rs)

6 2 I 22 I I I (Rq)

7 22 I I 2 I I (R,)

8 22 I 2 I I 2 (Ro)

Figure 1-9 An orthogonal array.
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orthogonal arrays (balanced both ways) to experimental design so that
time and cost of experimentation are reduced while validity and repro-
ducibility are maintained.

Taguchi’s approach is disciplined and structured to make it easy for qual-
ity engineers to apply. Use of orthogonal arrays has been demonstrated to
produce efficient robust designs that improve product development pro-
ductivity. A full factorial design with seven factors at two levels would
require 27 = 128 experiments. Taguchi’s Ly orthogonal array requires
only eight experiments. Typically, orthogonal arrays include a configura-
tion in which all factors are set at Level 1. When using these arrays, the
team may elect to let Level 1 represent the present design so that no test-
ing beyond that specified in the inner array is necessary. Other teams may
prefer to assign levels in increasing order of the factor settings so that it is
easy to interpret the response tables and plots relative to the settings.

When testing at only two levels, the team may opt to test at levels above
and below the present level. If this is preferred, the reference design
should be run in addition to those specified in the inner array. Although
the reference design statistics will be used for comparison to the selected
optimal, they should not be included when developing response tables
and plots.

Based on their relative impact on the system and on available resources,
the team must now select the control factors for experimentation. They
should then identify each factor’s level and assign the factors and levels to
the inner array. Previous experience, studies, or screening experiments
can be used to help prioritize the brainstormed list of control factors.

Parameter Design experiments should be conducted with low-cost alter-
natives to present design settings (see Chapter 7). (Higher-cost alternatives
are considered in Chapter 8, Tolerance Design, which emphasizes cost

and quality tradeoffs.) As many factors as possible should be identified to
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enhance improvement potential. Control factors are usually tested at two
or three levels in orthogonal array experiments; however, techniques are
available to accommodate more levels.

The range of levels should be broad but still maintain system function. If
the system ceases to function at a combination of factor levels designated
by the inner array, data will be unavailable for a run. As a result, balance
will be lost and all affect estimates will be biased.

In this book, control factor levels are denoted with numerals. Thus, for
Level 2 factors, the levels are denoted 1 and 2 (or for Factor A, A; and A,);
and for Level 3 factors, the levels are denoted 1, 2, and 3 (or for A, A,,
and A,).

EXAMPLE 1.2

Let's say you are an engineer working on the ball-swirling line at the Marion
Bearing Manufacturing plant. As a cost-saving measure, management would
like to loosen the ball bearing diameter’s tolerance. As shown in Figure |-10,
the swirl-time variation has a significant impact on bearing quality.

> Short design life
> Poor damping, leading to high amplification factors

> Poor load-carrying capacity

> Limited maximum rotation speed )

Figure 1-10 Quality problems caused by variations in swirl time.
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The Six Sigma project champion has assigned your team the task of establish-
ing process parameter nominal values at which the swirl time in the swirling
machine’s funnel will be robust to variation in ball bearing diameter in order to
achieve a target in 10 seconds. After lab or project group assignments have
been made, your team will be given an experimental apparatus with which to
take data.

For each run, one group member will release the ball, another will time the
ball with a stopwatch, and a third will record the result on paper. The experi-
mental apparatus consists of a funnel mounted on a stand, a ramp mounted
above the funnel, and a ball bearing. Your task in this lab is to conduct an
experiment to determine how long it takes the ball bearing to roll down the
funnel. Teams will perform one set of three runs with each possible pairing
of group members. In other words, if there are four in your group, |2 sets of
3 runs each will be done.

A data sheet on which to record the observations is provided. For each run,
you record the set number, the name of the persons releasing and timing, the
order of the run in the set (| to 3), and the time. Table |-1 shows the control
factors and levels that are most likely to impact energy transfer in the ball-
swirling process. Levels are the different settings a factor can have. For exam-
ple, if you want to determine how the response (swirl time) is affected by the

Table I-1 Control Factors for Ball-Swirling Line

Control Factors Level | Level 2
L: Run length 900mm 600mm
A: Ramp-to-funnel angle 30 degrees 45 degrees
H: Run end height 500mm 600mm
C: Clamping (unscrewed) 0.0 turns 0.5 turns
O: Operator training Yes No
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Run No. A H O CC5 C6 L
| I I I | I I I
2 I I 2 2 2 2
3 2 2 | I 2 2
4 2 2 2 2 | I
5 2 0 2 1 2 1 2
6 2 12 2 | 2 |
7 2 2 | 2 2 1
8 2 2 | 2 | | 2
Figure I-11 Use of an Lg orthogonal array for a swirling machine’s robust design.

factor (run length), you would need to set the factor at different levels (e.g,
900mm and 600mm).

For maximal test efficiency, this particular team elected to use the Lg array for
the inner array of their experimental plan. As shown in Figure |-11, the ramp-
to-funnel angle was assigned to column | to limit the number of changes nec-
essary. It was believed that operator training would not interact with any of
the other factors, so it was assigned to column 3, which then keeps the other
four main effects free from confounding by any potentially real control-by-
control interactions.

As Figure 1-11 shows, an Ly orthogonal array enables selection of up to
seven factors for testing with only eight runs. In comparison, a 2K full fac-
torial design of experiment (DOE)! requires 128 runs. A full factorial

1. A design of experiment is a structured, organized method for determining the relationship
between design factors (Xs) affecting a product and the output of that product (Y).




%{% i% Wang.book Page 20 Wednesday, February 9, 2005 9:04 AM

A

1.8

DOE measures the response of every possible combination of factors and
factor levels. These responses are analyzed to provide information about
every main effect and every interaction effect.

A tull factorial DOE is practical when fewer than five factors are being
investigated. Testing all combinations of factor levels becomes too expen-
sive and time-consuming with five or more factors. Orthogonal arrays
include selected combinations of factors and levels. It is a carefully pre-
scribed and representative subset of a full factorial design. By reducing
the number of runs, orthogonal arrays will not be able to evaluate the
impact of some of the factors independently. In general, higher-order
interactions are confounded with main effects or lower-order interac-
tions. Because higher-order interactions are rare, usually the assumption
is that their effect is minimal and that the observed effect is caused by the
main effect or lower-level interaction.

If more than seven factors were selected for testing, it may have been
more practical to use the L, array, which is described in Chapter 2. As
discussed there, use of L), L, L, or L., orthogonal arrays is recom-
mended. These arrays allow for testing many factors and share the quality
that only fractions of interaction effects confound the main effects in any

column.

SUMMARY AND ROAD MAP

The road map for engineering robust products with Six Sigma is shown
in Figure 1-12. Chapters 2, 3, and 4 discuss in detail how to establish the
Voice-of-Customer models and how to convert them into CTQs, design
concepts, and design controls. CTQs represent the product or service
characteristics that are defined by the customer (internal or external),
which may include the upper- and lower-specification limits or any other
factors related to them. A CTQ characteristic—what the customer
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Define project goals, deliverables, and customer needs
(Chapter 2: The Kano Model)

Measure and flow-down customer needs and specifications
(Chapter 3: Quality Function Deployment)

'

Generate design concepts and process options to meet customers’ needs
(Chapter 4: Theory of Inventive Problem Solving)

'

Perform design risk assessment and management
(Chapter 5: Failure Mode and Effect Analysis)

'

Laying out a robust design strategy for control and noise factors
(Chapter 6: The P-Diagram)

Optimize design parameters for control factors
(Chapter 7: Parameter Design)

Optimize tolerances for critical design parameters
(Chapter 8: Tolerance Design)

Verify design capability for long-term customer satisfaction
(Chapter 9: Reliability Design)

Figure 1-12 Road map for engineering robust products with Six Sigma.
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expects of a product—usually must be translated from a qualitative cus-
tomer statement into an actionable, quantitative business specification.
It is up to engineers to convert CTQs into measurable terms using Six
Sigma tools.

Six Sigma robust design starts with the voices of the customers, which
reflect their spoken and unspoken needs and/or requirements. The Kano
model, which is discussed in Chapter 2, helps engineers identify VOCs
systematically.

Based on VOCs, a House of Quality can be built using a Six Sigma meth-
odology called Quality Function Deployment (QFD). Within the House
of Quality, customer requirements are converted into Critical-to-Quality
characteristics. QFD enables identification and prioritization of the
CTQs. A case study example in Chapter 3 illustrates the six steps to con-
struct a House of Quality. The QFD process can also identify technical
contradictions, which are the basis for applying the Theory of Inventive
Problem Solving (TRIZ—the Russian acronym for the theory) to gener-
ate creative design concepts that can eliminate contradictions (see
Chapter 4).

Critical-to-Quality characteristics reveal a main difficulty for developing
robust designs. However, being able to integrate value-added features
using TRIZ enables engineers to determine the final robust design con-
cept. As illustrated with a practical example in Chapter 4, the quality of
the design concept is the design’s DNA, which drives product robustness.

Starting with Chapter 5, the focus shifts from control factors to noise fac-
tors, which are the process inputs that consistently cause variation in the
output measurement that is random and expected and, therefore, not
controlled. Strategies to manage noise (e.g., white noise, random varia-
tions, common-cause and special-cause variations, uncontrollable vari-
ables) are discussed in detail in Chapters 5, 6, 7, 8, and 9.
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