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ABSTRACT

While the marketing literature has advocated faradies that new products should be designed fardetkand
anticipated consumer usages, the engineering tliteranostly proposes optimization of product perfances
independent of specific users’ skills, anticipats@ge scenarios, and competing products on theetndnkcontrast
to tedious market studies which assume an existiagket experience for products and optimizationreaghes
based upon static product performances, we progoselaptable approach to designing a product augtdamily:
the set-based design by usage coverage simulatiostarts with generating a usage scenario sfaca set of
representative users. Next, considering a candigtef products, one proceeds to the CSP compnsatif feasible
usage scenarios, assuming that physics-based mofdpesrformances are available. The comparison éeatwhe
expected and feasible usage scenarios at theafcalsingle user leads tdsage Coverage Indicatoend finally to
a preferred product which best covers the usageasicespace. At the level of a targeted consumeumrthe
approach provides a market share simulation forpstimg products or members of a scale-based prdeduty.

The design of a family of jigsaws thoroughly illteges our approach.

Key-words: usage context based design, simulation under taiolf usage coverage metrics, Constraint

Satisfaction Problem, set-based design.

1. ANALYSIS OF THE TWO TRADITIONAL WAYS OF DESIGNIN G AN OFFER FOR A MARKET

When one seeks to design an adapted product ougréamily for a market, two families of method® available.
The first method is technical driven focusing orsiga optimization of intrinsic performances and gexond is
market driven involving building a prediction modaslthe market share after conducting a tediouketastudy.

Design optimization is now a well-known establishhedearch domain (see Papalambros 2002) with timoapy

families of approaches:



- optimization of a unique bjective functiorbased upon preference aggregath model (seAllen 2001 for
example),

- multiple objective optimiation (see for instancMessacet al. 1996 consistiny of n ultimate objectives in
which the subset of optinl Pareto design solutiois computedsee for instareMessacet al.2003) and a
desired compromise onthe Parto surface is found automaticallgScott and Antonsson 200 or
interactively (Stumpet al.2004.

Conventional design optimizatiqsee Figure lis generally a straightforward procesisanks to easy-to-build and
easy-to-use preference modelsdely available softvare solutionsand Pareto frontierepresentationsHowever, it
is based upon strong hypotheseamely the it is possibleto express which functionand performances users
sensitive to andt is not require to know and represent the variability ofistom:r demand Expressing the
objective(s) is based on a primdfynctional Analysis(see Figure 1) which, for theonvenience of desii teams,
averages the customers’ ne@uts expecte value functions and performance targatg, oftendoes not discriminate
between different usage or lifecy situations In addition, preference aggregation mlstypically incorporated in
design optimization utilize timaveraged preferences obtained in contestable éons; they may be built from
surveys, by marketing experts, ly the design team itst Figure 1 shows that, givehis quitestraightforward and
approximate representation of rket demand, design optimization mainly consof finding the best design

solution that maximizean absolut user and time-average satisfaction or preference.

I Candhidate product l—)l Performance evaluation I—|
{ J { J i

| 3 Degree of
(- . Y 1 71 absolutesatisfaction |
Chjective function AN J
\
s : ~ T
Functional analysis (simplitied p
and averaged description of expected Preference
functions and performances in lifecyele situations) ) aggregation model
\
4 i . ™ '
Representation of averaged preferences Multiple objectives
(assessed by polls, marketing experts, L
design workshops...)
. S
Pareto optimal .
) L Degree of
solutions set . j
performance donunance

AN

(distance to Pareto frontier)

[ Competing products ]—-)[ Performance evaluation

Figure 1. The design optimization framework
In short, engineers are motivatec obtain the bestaveragé performances for their priuc; these performances are
considered independent of the 2r and usage context profiles, and the user gnceswith respect to these
performances are averaged/hile this approach may breasonable for certain plucts or populatiol, these
extreme assumptions are deefdyvedif one wants to obtaia precise model of the aquacy of product featurfor
a set of potential useraddressiny a variety of usage situations and expecta. Another argument with this

approachis that this absolute permance i generally independent of existiegmpetiry products. In the best ca:



competing products may be regented in the Pareto frontier athe distance of a iven design solution to tt
Pareto frontier may expresskind of competitiveness in the solution. Howeveeither thi: distance nor the
aggregate preference (if compu) correctly models the effect dhe price attributcand other service delive

attributes in a global utilityor comoetitiveness modi

The second way duilding a precction model of market she is based uponser apraisals of the product utili
Consequently, this represetsnake-driven approach to desigeee Figure 2) which iquitedifficult to conduct. It
requires conducting a peegmenation of the market and, for each segment, tt@ce of a customer panel, t
primary selection of attributes inencing their choice, thcreation of a questionnairandfinally the specification
of a choice model and market shre model. Computing the utility of a product &écustomer is a curreipractice
for building a preference aggretion mode, and many authors have compared ected Utility Value Theol
(EUVT) to other more declarativpreference mode¢, such as fuzzy models, teternine the best framework for
design selection or design apiiatior, e.g. (Fernandeet al.2001, Otto and Antonss(1993a, Otto and Antonss
1993b, Thurston 1991, Thurstoand Liu 1991, Thurston and Carnahan 1. Howeve,, assuming population-
averagedcustomer utilities may e as faulty an assumption as assumingasaragd preferenceover the user
population This is why marketin methodssuch as Conjoint Analysis (Greet al. 1981, Green and Srinivas
1978)and Discrete Choice Analys (Hoyle et al. 2010, Wassenaar and Chen 200&)e proposed to build choice
models based upon EUVDBut sterting with human appraisals of a customer paioetapture user heterogen.
Kumar et al. (2007, 2009) for instance, directly tune a subset of relevant desagameters f a vehicle interior,
considering user heterogeneity,ltestcompete in an existing SUV markéteverthelss, these latter methods r
on tedious market investigationgathering soci-demographic data of consumeas vell asmarketing attributes
which describe botlperformance as well as technical attributes the productalterrative:.. Consequently, these
methods are not well adapted tudical innovations since, in these cases, consuhiave no experiencwith the

services provided by the new prci, and hence with the technical attributes ofgbleitions
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Figure 2. Choice and market share modeling framewor 'k
In summary designing an apprciate product offeifor a given market amounts iexploing the relationships
between three spaces (see Figur®3hake the best decisions:

- the space of product offeplution:, defined by the possible configurations aiesign parameter valu

In the sense of the Expected Utilitplue Theory (EUVT



- the space of produbtiehanior defined by behavior performances in given usagéfecycle, situations,

- the market space definely marketsegments, global satisfaction, and benefits.
The relationship between theehaviors and solution spaces may be modeled withormance mode, i.e. using
explicit physics-basedbrmulation:, or human appraisals for morabgective perforrancessuch as aesthetics or
comfort. Another importantonsidzration in this relationst is the skill of the userthatinteract with the nominal
product performances which affeitte quality of the service delivery. This aspect iso dmost never considered
when matchingsolutions to the rarke; however, finding an appropriate product fore’s experience, skills and
usage situations is a major corn for customers. Finally, the relationship betw markes and behaviors is

modeled using concepts of utilimdpreference.

Dortennanies modals
Human appraisals Uttty preletence

Product-service [Tser akill Behaviors Market
Sl slklls

(design parainelers, (perfonnances, (tmarkel part, global
configuralions) usage silualions) salislaction and benefils)

Figure 3. The three related sspaces to explore to build an appropriate prod duct offer to a given
market
Improving methoddor designng an adapted produqroduct or product familyor a market, in more market-
oriented, serviceriented and inncative situations requis addressinthe four following questions:
- How to consider multipleisage/lifecycle situation
- How torepresent dissagegateuser/consumer expectations (i.e. do not avepagkerence)?
- How tomodel market expctations acompletely as possible situations of raical innovatioi given that:
o0 There is littlemarket information orthe offer benefits (it isinrealisti to build questionaires on
consumer expernce
o Consumersare nore sensitive tfulfillment of their needor usage icenarios than with solutic
attributes

- How to considethe effeciof user skills on a product to estimale final qualit of the service delivere:

The remainder of thipaper is a roposal ofa third approach that we name “®etsel design by usage covere

simulation”.

2. PROPOSED APPROACH: A SET-BASED THINKING AND USAGE CENTERED APPROACH
Our design framework is centel or two concepts: sdiased thinking and an entced modeling of consum
expectations in terms of usage ation, as well as an enhanced representation asible usage situations fo
given solution.
Set-based thinking, or sbased dsigr, is a philosophy for conceiving concurrent eieering. Se-based design is

one of tke major principles of th Lean Product Development set of working prires that explais the design



success of the Toyota company (see for instancenédret al. 2008, Ward 2007, Wardt al. 1994). Basically, it
consists of gathering, in advance, as much desigmmation as possible in order to envision thesegpences of a
set of potential alternatives at any moment indbsign process. In doing so, concurrent engineeésirggptimized
because exploration of the possible solutions feeoed, late-process design loopbacks are minimaetimpacts
on dependent decisions are anticipated beforehand.

Set-based design has been studied at a high le\®h#anagerial principle of concurrent engineering,a number
of attempts have also been made to implement ittdohnical solutions. Here, solution techniquesvkmaas
Constraint Satisfaction Problem (CSP) techniquege haroved to be closely aligned with set-basedkihm
(Bensaneet al. 2000, Chenouardt al. 2007, Meyer and Yvars 2012, Vargas 1995, YannalHarmel 2005). CSP
techniques are solution techniques for mathemapicadlems characterized by variables defined withotomain of
potential values and mathematical constraints lioking and limiting the possible combinations ddlwes for
variables. The technique entails filtering as miarfigasible values as possible from the domain arig @onsidering
the remaining alternatives at a given stage ofdéssign process. In addition, designers are incetatebntinually
shrink domain uncertainties to avoid design bagbdod-inch (1999), Finch and Ward (1997) and YaremwdHamel
(2004) have demonstrated the utility of intervainputation (one of the CSP techniques) in mechamieaign for
designing under uncertainty. CSP techniques haalkaen applied to other design applications, erganization of
multi-level design (Bliek 1995), conceptual des{fannou and Harmel 2005), robust design (Qureskl. 2010)
and collaborative design (Canbetzal. 2011). When designing under uncertainty with C&finiques, the final size
of the shrunk solution space, or the relative $imig versus the initial variable domain, reveals thlative degrees
of freedom of the design (see Wood 2001, YannouHarddi 2004), a measure we will further use whderrimg to
usage coverage indicatars

Finally, our proposed method of “simulation by useagrenario coverage” is based on a database (oe)spé
representative usage scenarios (see Figure 4nthst be built either in a conventional manner usinganized
market questionnaires (see Eleal. 2010, Wang and Yannou 2010 for such studies alresblby the authors) or in a
more declarative way by experts (see Wang 2012. duthors have also already studied indtal. (2012) the
literature of marketing research to derive somalglies to elicit the relevant variables of the cgpaf usage
scenarios: combining description variables of usagaexts with attributes describing customer demapigics and
skills. In this previous publication (Het al. 2012), it is shown how the integration of usagestted variables in a
discrete choice analysis process can advantageouplpve the prediction of a market share. In thecpss of
Figure 4, conditional upon formulating a physicsddh model or human appraisal experiments for comgput
performances for a given usage situation, we shawé@/anget al. 2012) how to use CSP techniques to reduce a
space of needed usage scenarios (defined by donatims subset of the feasible usage space. Fuigbe Wangt
al. 2012), usage coverage indicators (UCIs) have Ipeeposed as a way to measure the potential tofysatie
entirety of specified usage scenarios, for a singler or for multiple users, and for a single patdur a product
family obtained by scaling design parameters (frtdalled scale-based product family).

In summary, our approach does not specify tech@ittébutesa priori when building the space of usage scenarios.
Consequently, it is more likely to compute solutindependent market models which can serve asisideid in

the case of innovative designs. In addition, aritéfie advantage of our approach is that the perémrce models



depend upon the customer profjlestablythe skill abilities and usage contexts, whaslealmost never considered

in performance models in designgineering research, but whimore closely the refleceal life situations.
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Figure 4. Set- based d esign by usage coverage simulation fram mework

We summarize the advantages idrawbacks of the three families of methfor designing an adapted product or
product family fora market in Tab: 1

This work is the first time wdave assembled our works into a global propo®el set-based design by usage
coverage simulation framework. ie remainder of the paper consistisan enhanced lirature review on marketir
and engineering research about ye, and a summary of our results of usage coveieulation: for the design of a

jigsaw, for a sole useand for multble users, for a sole prodior for a scaldsased prodct family.



Table 1 Comparison of th

family for a market

e three families of methods to de

sign an adapted product or product

Advantages

Drawbacks

Performance-based Desi
Optimization

yriNo need to represent the variability
customer demand.

Easy-to-build and easy-to-us
preference models, available softwg
solutions and Pareto
representation.

frontigr

oDften based on Functional Analysis whig
for convenience of design teams:

5el. averages the customers’ needs i
are  expected-value functions an
performance targets

often does not represent differe
usage or lifecycle situations

Satisfaction of engineering performang
does not address user utility or cho
(what is the role of price?).

The performance models are not linked
the customer profiles or usage contexts.

2.

h,

nto
d

Utility/Choice or Market

Share model

Based on user appraisals.

Required to conductifisant customer
investigation (pre-segmentation, custon
panel, questionnaire, utility/choice/mark
model).

Often based upon marketing attribut
which consist of performances a
technical solutions.

Not adaptable to radical innovations fi
which consumers have no experience
this product type.

ner
et

es
nd

Design by Usage Coverag
Simulation

eDoes not specifya priori technical
attributes, enabling solutior
independent market models to
estimated and to serve as a decision
in the case of innovative design.

The performance models depend uf
the customer profiles and the usg
contexts.

Starting from a representative set
usage scenarios is easier th
administering a questionnaire f
targeted customers.

Must start from a database
-representative usage scenarios.
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3. THE PLACE OF USAGE IN MARKETING AND ENGINEERING RESEARCH

3.1.Consumer goods are increasingly put in context

with respect to use cases

The marketing trend is undoubtedly to convincedbrsumer that they will be satisfied in their flwonsumption

or usage of a product: firstly through appealingkaging, but also through more expressive labelshershelves

(see Table 2) and product demonstrations withinstigermarket (e.g., activated toys, videos showargd tools in

usage). For example, new usage-oriented supermalials are being deployed by the second largésteein the

world: Carrefour company. Table 2 shows that fdretter alignment with client expectations with redpto coffee



drinking, a common label for all ffee makers allows a cleusage comparison betwa different product types a
brands. The main usage contextiable is a combination of size and number of @mfm given quality. For the foc
mixer of Table 2, three usage itexts are described which combine a food prc witt a nutriment such as:
chopping vegetables for a soup, pping cream, or chopping different foc

Table 2. New supermarke 't labels of CARREFOUR goods (published | with the courtesy of
CARREFOUR company) — The example of a coffee maker and a food mix ter.

PRICE:
€ 0 0 Espresso with Capsules
1 ; 9 e Pressure: 19 Bar
e Power: 1260 W
eco-tax 10.50€ ) e Cup volume control: Yes
e Descaling indicator: No
lack | > 1cup 2 cups ‘ e capacity of the water tank: 1L
Jcoffee' (.,-‘
\ ‘/ -’ UU | e Warranty: 2 years
| Espresso o o Fresh milk preparation
v -’
Included accessaries:
- Hand Blender
Churnmg Shreddmg

Moulinex DD405141

e Number of gears: 2

‘E\’zﬁfim“g » Power: 600 W
‘/5 * e Bowl capacity: 0.25 L
S ' ¢ Metal foot

e 4 accessories

e Warranty: 1 year

A €00



3.2.Usage concept in marketing research
Dickson (1982), three decades ago, advocated franawal of marketing research for better segmeantaliy
considering usage situationg\ fecent comprehensive state of the art reviewarket segmentation concluded that

the field has become too fixed in its ways and tieat conceptualizations of the segmentation proldbould be

explored. One convention that bears examinationthe equating of market segmentation with customer

segmentation. Markets can also be subdivided bgaiséuation. Although almost every conceivablespetbased
characteristic has been used to segment markets tinee last decades, there has been a disturbing lat
consideration of the usage situation as a basis defining product markets and modeling consumericgho
behavior!

Despite the fact that the value of considering asmgmarketing and engineering studies has beeadniot the
literature, little has been done to merge integrafgproaches for resultant operational design ndstho

It is well known in marketing research that consutmehavior is governed by so many factors thatxdmaestive list
is infeasible. Marketing researchers have proceddecteate a hierarchy and prioritization of thé@suencing
factors upon consumer behavior, and the purchaamrepurchasing decision processes. Notions ssigieeds,
feelings, reasoning process, motivations, inforarafirocesses, perceptions, beliefs, memorizatiot, pairchasing
scenarios have been proposed and studied. Thema#uof psychological, socio-demographic, situaiaontext,
and market structure variables have been consigased result, a series of integrated models fasamer choice
have been proposed. The Bettman model (1979, geeerpp.17) is an information and cognitive processheory
of consumer choice as a series of screenings pretations, learnings and decisions. However, ithia generic
schema, and there is no preconceived frameworlefinalthe factors considered by the consumers whaking
decisions. The model of Engel, Blackwell and Midigl978-1990, see Figure pp.481) relies upon theswoer
memory to make a purchasing decision. This menm®tyilt upon purchasing and post-purchasing expee® of
products (e.g. usage, reliability, maintenance)s Tilemory is used to retrieve relevant experiendssn evaluating
alternatives; to describe this process, the impbrtimensions are categorized as situational amnit@mmental
factors, personal and motivational factors, lifgestand socio-demographic factors. The most usedeampirically
validated model is the Howard and Sheth’s (1969)s ialso the first model to acknowledge the miittify of
consumer decision processes which depend uporehisifin circumstances. One of these processesearnitg
process consisting of appreciating service effectss, efficiency (quality), availability and price build
confidence about the product and trigger a puradgaisitention. Holbrook and Hirschman’s model (1982 Figure
pp.133) expands the traditional marketing constétara to leisure, cultural and social activitiehieToehavior may
be studied from characteristic emotions and fesliofjan experience, as opposed to primarily a aopson act.
Recently, the importance of product usage by a woes has been rediscovered as an essential elehehe
relationship between the consumer and the produatimmpany. In 1996, Philips (1996) recalled thahges
anticipation is an essential part of the cognifivecess of a consumer: the result of a mental sitioul of a usage
situation and of its consequences allows consuioeasiticipate more precisely the consequencesprbduct use.

The same idea that the consumer is a competenprsails in Prahalad and Ramaswamy’s paper (2000).



Hoffmann, Roehrich, and Mathieu (2008, 2006) havessed the role of usage anticipation and usagation in
the evaluation of a new product by an experienaatsiemer, and in the diffusion of an innovative prctdby the
word-of-mouth effect. They consequently reassextittiportance of usage anticipation as early asilpessithin the
new product development process. In providing céelmantages to a product, experienced consumersntijpate

usage, develop a usage intention, and then crgaiechase intention (see Figure 5).

Relative Usage Usage Purchase
Advantage Anticipation Intension Intension

Figure 5. The Hoffmann, Roehrich and Mathieu (2008, = 2006) model of usage anticipation and

intention

3.3.Computation of situational information
Traditional information-processing research in eoner choice behavior has typically contented itadlfi stimulus
and subject task manipulations. Deterministic pexfee/choice models are generally based on theigeethat
products are valued for the attributes they possess that customers seek to maximize their “ytility choosing
desired combinations of attributes (Green and &sdan 1978). Thus products offering similar comtimes of
levels of apparent attributes are likely to appEanpetitive and equally desirable, regardless ttipated usages,
user skills, experiences, goals, life styles antlpes. However, as previously noted, emergingastiee of research
seek to emphasize the role of usage context anl$ goaonsumer learning and use of knowledge insi@c
making. The emphasis upon matching situational ireqents with product benefits has appeared in woes
behavior research since the 1980s (Srivastava 1®tljational influences were seen as a moderdtnge in
consumer choice behavior. This correspondence ketvsg#uational factors and product attributes letmshe
guestion: what are situational factors? Belk inwrks (1974, 1975) proposed that environmentatiofacshould
include all variables not included in the descdptof persons or products all‘those factors particular to a time
and place of observation which do not follow frorkreowledge of personal (intra-individual) and stiosi(choice

alternative) attributes and which have a demond#and systematic effect on current behdyias illustrated in

Figure 6.
Situation
Person Behavior
Object
STIMULUS ORGANISM RESPONSE

Figure 6. A revised S-O-R paradigm (Belk 1975)
Belk also listed five groups of situational chaeaidtics which represent the general features efdifinition of
situation with respect to a consumer’s purchasktgglvior:

1. Physical surroundingsare the most readily apparent features of a #ituasuch as geographical and

10



institutional location, decor, sounds, lighting,ather material surrounding the stimulus object.

2. Social surroundingprovide additional depth to the description oftaation, such as other people present,

their characteristics, their apparent roles anerpgrsonal interactions.

3. Temporal perspectivis a dimension of a situation which may be spediiin units ranging from time of

day to season of the year, for example, time ditepurchase, time since/until payday, etc.

4. Task definitionfeatures of a situation include the intent or ieguent to select, shop for, or obtain

information about a general or specific purchase.

5. Antecedent stateare momentary moods (such as acute anxiety, pleess, hostility) or momentary

conditions (such as cash on hand, fatigue) as epltosthe chronic individual traits.

Although this classification of situational factassconsidered comprehensive in the marketing rebelittle related
research in engineering design community appedrs.situational aspect of a consumer’s usage corgepticial
however for product design or redesign evaluation.

Ratneshwar et al. (1993, 1991) suggested that usagext plays a key role in consumer problem-sgvby
impacting the discriminability among choice altdimes, and that the implicated processes might waith
situational familiarity. Contextual goals and coasits might help the consumer to discriminate ptaige
alternatives from a much larger available set tdrahtives. Even when the situation is relativeljamiliar and the
decision-maker has to take a more constructivecgmpr to evaluating the alternatives, situationalst@ints might
still facilitate discrimination, and rapid decisgrby focusing the consumer’s attention on contebdvant product
features. In general, the particular features th#th the decision-maker’s attention are likelyoeothose that have
relevance to the goal context of the ongoing sibma(Huffman and Houston 1993). The role of usagsetext in
consumer choice should then be to guide the sdarcind the evaluation of potential solutions. HinaHe et al.

(2010) combined a usage context model and choiaehior demand prediction applications.

3.4.Usage in engineering research
The research of usage situational/contextual inédion in design engineering has not been advarigadisantly
because of a lack of interdisciplinary marketingierering research. Consumer-participated inter@actiesign
(Bergman 2000), especially in IT products suchadswvare, mobile phones, or navigation systems, beggpearing
a decade ago. In the domain of hi-tech productgdesiontext-aware systems, i.e., systems with kedge of the
activity context and accounting for context in gystbehavior, are emerging. Context-aware systemsnfibile
cartography have been demonstrated in (Reichenba&®@3), using formalization to describe situaticersd
contexts to find typical context patterns.
The concept of usage context in design enginedragbeen first introduced in the works of Gretral. (2004,
2005, 2006) and Yanncet al. (2009). Greeret al. have published three successive papers on thectuhijith the
goal of forming a comprehensive product design oadlogy that includes contextual factors. Importnst steps
in the field were taken, including the definitiohkey terms and concepts. Usage context, as itekpecifically to

products, is defined as the unique combination mflieation and environment in which a product isdis
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Furthermore, usage context is framed as one patlaiger product design context, which also inekitharket and
customer context. This illustrates the key rolet thih three contexts play in guiding the choicetloé customer.
During the course of the studies, customers weneddo have distinct product preferences undeeurdfft usage
contexts. Luo (2011) also recently raised the irtgpare of usage context in product family desigimaia tolerance
range in design parameters to represent the redupt usage-context variance. Additionally, evidesapports that
contexts could be differentiated based upon fundli@ttributes, indicating a link between enginegmparameters
and perceived usefulness, which occurs under theeimce of different usage contexts.

Finally, Yannou et al. (2009) presented a Usagee@mge Model (UCM) to provide a more thorough manget
model based on sets of permitted usages for a prodstead of the conventional perceived markesitigbutes. In
this work, a taxonomy of variables is suggestedréate the link between the design parametergpodduct and the
subset of expected usages that may be coveredcadrteept of quantified individual performances dgrirsage is
proposed, offering the advantage of consideringuder experience to estimate the perceived quallity product’s
service. In the works (Wanrgt al.2012, Yannotet al.2010c), the UCM concept is applied to a power fwoluct, a
jigsaw. The physics describing the behavior, usagetext and consequently the performances of aWgs

established. When users choose to buy an adapgwssihji they may imagine different usage scenariaghich the

product may be applied. A computed index revealethdr the product fulfills customers’ requiremeitsd

expectations.

4. INTRODUCTION OF USAGE COVERAGE OF CUTTING WOOD EXAMPLE
In the following, we introduce our model of “setdeal design by simulation of usage coverage” (Fig)riarough
the example of the selection or design of a jigizolor a scale-based family of jigsaws.

When a potential customer wants to buy a tool do-t-yourself (DIY) store for given wood cuttingsks, he or
she faces a set of possible tool types (see Tgbtm@, for each tool type, numerous brands and dobnénsions,
possibly from a product family. One may imaginettha or she is perplexed or distressed becausedige
information indicated on the label, such as eleatrpower, weight, size, price, and auxiliary fuoos such as
variable speed motor, dust container or laser Jlighttypically not meaningful unless the clientealdy has

experience using such tools.
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Table 3. The maiin wood saw categories : which saw type to pu Irchase?

Jigsaw Bow saw Panel saw Knife saw

Circular saw | Motorized miter | Chain saw Band saw
saw

In such a situatiorit can be ser that anticipating usage scenarios as deschilyeehilips (1996) and Hoffmann,
Roehrich and Mathieu (2006, 200& conjunction with other situational factorsgeone’s skills, cash at disposal,
set of saw tools already in possion), is a way to assess which tool is best adaptr the present situatioilt is
desired to simulata consumer’s tougtt process regarding how capable a prodoeters the entirety or a sufficient
subsetof the usage contexts her she is able to anticipate (see right part dld 3). In this work, we will
differentiate between asage con:x and ausage scenaricAssuming that building apace of usage scenar is
possible for an experienced user. a usewho isable to anticipate his or her needs sagesthe subset covered by
the feasible usage scenarimsmpared to theneeded usage scenarios éogiven prodct solution is quantitativel

measured by a seriesldfage Cowrage Indicator (UCIs) we shall present hereafter.

In Table 4, we illustrate how thesage context attributcof “cutting wood tasks’tan je defined b following the
five basic categoriesf situationa factors of Belk’s classificatio(1974, 1975) It shculd be noted that based
Belk’s classification, the scope the usage context attributes is beyond the actising the product, but al:

includes the context of purchase.
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Table 4. Five Categories of Usage Context
Usage Context Type “Cutting wood tasks” example
Location of cutting,
Accessibility of an outlet,
Availability of workbench,
Distance to do-it-yourself (DIY) stores.
Social surroundings Presence of children, neighbors.
Expected process duration,
Lifetime of similar cutting tools in possession,
Estimated time needed to purchase the tools iraeoged1Y
store.
Material properties,
Board thickness,
Minimal linear speed,
Maximal vibration level,
Noise and safety conditions,
Accuracy requirements.
Set of saw tools already in possession,
Antecedent states New life conditions or projects,

Cash at disposal.

Physical surroundings

Temporal perspective

Task Definition

Physical surroundingsire the most apparent characteristics of a usdgese characteristics include geographical
location, weather condition, lighting, and othergibal characteristics of a usage, as well as tsiante to do-it-
yourself (DIY) stores when the new tool is neededhe case of using a cutting tool for cuttingcaiu, the location
where the operation must take place (indoor/oufdabie accessibility of a power outlet, the avallgbof a
workbench are typical examples of physical surrdngsl

Social surroundingprovide additional information about the socialiation of a usage. Whether another person is
present, his/her influence on the user, and othaakcharacteristics belong to this category. iRstance, in cutting

a board, one may prefer a jigsaw to a circular etien used under these conditions for reasonsfefysand noise
due to the presence of children nearby.

Temporal perspectiveefers to those aspects of the purchasing situatioto those of a given usage which are
specific for a given range of time. For instande &xpected process (cutting task) duration mag beason for
preferring a circular saw to a jigsaw, or a powkjifysaw to a more basic one (faster linear spe€tg age and
expected lifetime of the cutting tools in possessaoe also deciding factors to determine how toragbg the set of
cutting tools in order to complete a set of cuttiagks. In terms of purchase situation, the tinckemergency aspect
for buying a new tool in a surrounding DIY storeynaso be a consideration under certain circumsi®nc

Task definitioncovers all features that explain the purpose efpthrchase. For instance, one must consider tle typ
of material to cut (wood, steel, etc.), the speeiion of the cut (blind or not, straight or wigglyrthogonal or
inclined), the properties of the material (cuttimardness which is physically proportional to thetarial density),
the thickness of the board to cut (beyond a cettagkness, the cut is impossible), the minimak#inspeed that is
acceptable when the user delivers the maximal atmafusrm forces and wrist torques, the maximal afiton level

that is tolerable, or the admissible noise and mmahisafety conditions.
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Antecedent statedefine a dimension of usage which is antecedetiteé@urchase. The factors for a new cutting tool
acquisition may be the set of saw tools one alrgaalsesses (circular, chain, panel, bow, miter) eted their
respective age and expected remaining lifetimasewa life condition or project (moving from an apaent to a

house, or a house remodeling), and the cash a disgosal.

5. PARAMETERIZATION OF THE USAGE COVERAGE SIMULATIO N OF A JIGSAW

The following list illustrates the principal notatis used in this paper.

U — set of usage scenarios associated with a needed product or a market segment dedicated
to a product family

i —index for the ithuser,i=1,..,M

j —index for the jth usage context,j = 1, ..., N;

k — index for the kth product in the family,k =1, ...,K
N; — total usage context for user i

E;; — jthusage context for user i

w;; — occurrence frequency of usage context j for user i

ij
C; — vector of customer attributes for the ith user

X — vector of product design variables

Y — vector of engineering performance variables

Y;; — vector of engineering performance variables in usage context j for user i

Pr — price of the product

In our usage model, a product, defined by its depayameter vectof, must be adapted as much as possible to
a set of customer usage scenatiosUsage neededU,,..q.q IS @ Set of expected, i.e. anticipated usage siosrfar
a set ofM users (indexed ove) intending to use the product during its life. Eacseri is defined by a vector of

customer attribute6;. Each expected uséy,intends to use the product in a series of usageegtsE;;, with each

j
context being defined by a normalized usage ocouerdrequencyw;;, representing the percentage of occurrences
of a given usage contekt; in a year. Finally, the set of usage-needed of@isgenarios associated with a needed

product or a market segment dedicated to a prdduodty is defined in equation (1).

Uneedea = {((Eijvwij)' Ci)} withvj € {1,..,N;}, Xijw;; = 1 (1)

This definition of U,..q4cq IS Set-oriented, since it represents a set of nam@ less frequent usage contexts;
additionally,E;; is itself a vector of situational attributes definover the domain of admissible values.

Given a product desigd and a user with certain expertigg it is reasonable to assume that the performaoiciése
service are explicitly affected by the user andHas experience with the product. So performandénaesion

formulas for each usage context are required,arfadhm of equation (2).
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Y, = f(X, Eyj, C;) (2)

When the performances meet certain basic critetiah as being capable of meeting the given sereigeirement,
we say that this usagefisasiblefor a given product by the user. In the case wbad cutting tool, such as a jigsaw,
this feasibility or minimum service delivery is tlaility to effectively cut the wood. This can beng only if the
tool is powerful enough and the user strong andcceapced enough to make the cut. Thus, only a sudisthis
“usage needed” set may be fulfilled by a given picichnd user. This part is called “feasible usagaly a subset of
all the anticipated usage conte¥{s < E;; may be done or “covered” for desigfn as defined by equation (3). We
will further see that this mathematical inclusiamsiders set inclusions, sinEg is a set of usage context variables

defined by value sets, either real intervals ocrdite values.

((Ei*j' wij), Ci),such that ]

Useasivie (X, Uncedear (C1)) = { ((Ei*j, wi;), Cz) € Uneedea } 3)
| and Ej; € Ej; |
\and Yi; = f(X,E;j,C;) is feasible)

As an example, we have elicited a complete perfaomastimation model for a jigsaw, based on physitgiples
(kinematics, friction effects, wood cutting lawwsgeometry). This performance estimation modelakdvfor any
type of conventional jigsaw with horizontal handddternating saw and slider. A complete parametticdn of the
jigsaw problem may be found in paper of Wang e{2012) or in a technical document on internet (¢anet al.
2010b). It has resulted in 46 equations, X 2lesign variables, ¥ performance variables, B usage context
variables, ZC customer variables, and 19 intermediate varialvlish are mainly forces, speeds, wood densjijes
and friction coefficients.

In practice, the usage context variables, giveaqguation (4), that influence the performance of evootting are the
thickness of the wooden board or stick, and its dviype. It is noted that anticipating a usage cdnitgroduces
both an epistemic uncertaintyVhich thickness of wood board or stick, and whigbetof wood will | cut in the
future ? as well as a stochastic uncertaingrowing that | cut a beam made of oak, what ispteeise density of
this oak?. This is why, in our equations set, there exstsorrespondence table linking a wood type to &erval
range of density measures @f, this density being the intrinsic material factdrthe wood related to the cutting

law: “the denser the wood, the harder to cut (agvtk the slower the cut)”.

F= { T. — Thickness of the wood board
~ \Typewooa € {teak, oak, birch plywood ...} — Type of wood 4)
We consider two demographic variabl€s = {Gender, Skill} which are user-related parameters that affect
performances.
C = { Gender — Gender of the saw user
s 7 |Skill — Skill of the user for cutting wood with a tool X ®)
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These two variables define the maximal allowablersF, ., the translation forcek, n,.x, the pressure force,

andM,, .x, the torque the user’s wrist may deliver to tlgsdiw. An assessment of these bounds with ergonomic

analysis gives the correspondence table (Table 5).

Table 5. Correspondence table between gender and co rresponding maximal force and torque
admissible values

Gender Skill Fy max E, max My, max
Basic user 45N 90N 20N.m

Female Medium 80N 130N 40N.m
Professional 110N 170N 60N.m

Basic user 70N 105N 30N.m
Male Medium 100N 150N 50N.m
Professional 130N 195N 70N.m

We focus on the two essential performance critieniahe usage “to cut wooden boards” (see formylarée first
one is the mean advance sp&gdA non-null advance speed means that the tooblis 80 complete this service
(feasible), which is expressed as Bool€an_ok = (S, > 0) be 1. The second one is the comfort during thengutt
operation.

Y= S, — Mean advance speed of cutting
- {Pmmfort — Degree of comfort in the user’s wrist (6)

The comfort of cutting with a jigsaw is mainly dteethe wrist torque which must not exceed a maxivadlie the
user can afford. It is expressed by equation (7).

w

€ [01] (7)

Pcomfart =1- |
w max
6. SET-BASED DESIGN SIMULATIONS OF USAGE COVERAGE W ITH CSP TECHNIQUES
As already mentioned, solution techniques knowgasstraint Satisfaction Problem (CSP) technique® peoved
to be closely aligned with set-based thinking (Maunmand Harmel 2005). A Constraint Satisfaction Rnob(Tsang
1993) is defined by a 3-tup(, D, C)such that:
e X ={x4,x,x3..,x,} is a finite set of variables that we cabnstraint variableswith n the number of
variables in the problem to be solved.
e D=1{d,d,ds..,d,}Iis afinite set of variable value domainsxc$uch that:
vi €{l,..,n},x; € d; (8)
A domain can be a real interval or a set of digcnedlues such as integers or symbolic values, e.g.
{teak, oak, birch plywood ... }.
e (= {Cl,cz,c3 ...,cp} is a finite set of constraints, with representing the number of constraints of the
problem.
Solving a CSP amounts to instantiating each of/lreables ofX, and at the same time satisfying the set of problem
constraintsC as indicated in equation (9).
vi e{l,..,p},3X; € X/ (X)) 9)
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To achieve this, CSP solvers use a constraint gadjmm mechanism as a step-by-step interval (oraii@meduction
process. Over the past few years, a variety oftisolunethods have been developed which enablectasputation
of the CSP, and supply the user with intervals Wwrdce assured of containing all solutions of thé>Ctfis is the
completenesproperty. A constraint can be any type of mathéahtelation (linear, quadratic, non-linear, Bante
etc.) covering the values of a set of variablemadfions operate on values but constraints opernateamains,
shrinking them as much as possible. Informatioruglpoopagation techniques and domain reductionsesiound
in (Benhamou and Granvilliers 2006, Collaviztaal. 1999, Davis 1987, Faltings 1994, Lebbah and Lhora6a2,
Moore 1966) for numerical CSP (with real variablagyl in (Garrideet al. 2008, Macworth 1977, Montanari 1974)
for discrete (mostly integer) CSP.

During the design process, designers use and matesygn if/then rules, correspondence tables, ahaata. All
these structures must be modeled as constrainthématical relations between variables linking domalues).
The CSP community has developed some work appécablproduct and system design (Bensahal. 2000,
Chenouardet al. 2007, Vargaset al. 1994, Yannou and Harmel 2005, Yvars 2008). Fomga, dynamic CSPs
enable one or more constraints to be added or redadhhis allows configuration problems for the ngeraent of

industrial product options to be processed as shinAldanondoet al.2003).

The jigsaw physics-based model has been modelad&P using the ILOG Solver platform (see (IBM 200%he

CSP technique is the best method to enable ougrdegiproach for several reasons:

1. Itis desired to shrink the initial domain of thgase of needed usage scenarios into the spacesiblie usage
scenarios. This is done by modeling the usage gbat#ibutes with constrained variables in the @&Rform.
CSP techniques are therefore well suited for sitinrla of usage coverage (Waeg al. 2012, Yannotet al.
2010a, Yannowt al.2010c).

2. The equation set for the jigsaw physics presentsragcausal loops of relations. This kind of clegity cannot
be solved with spreadsheets such as MS Excel, auli8P solvers which manage these loops as sets of
constraints.

3. We are in the presence of two types of episteméerainties that must be correctly managed:

e The value of wood density is known with uncertairftgr instance, oak density is between 590 and 930,
teak density is between 630 and 720, birch plywdedsity is between 575 and 650 (see appropriate
database3, etc.

» With a jigsaw tool, a user may tune the strokedsrgpyf between, approximatel$,4 and45.0 round/s
for conventional jigsaws. Indeed, a variable sp@edor may address a range of frequencies for anbala
between the cut forcE and the advance spegg, given a fixed engine powd},, to provide an effective
cut for a given wood type of a thicknegs (at the condition that the power is sufficienthi§ possible
variation of f can directly be modeled as a value interval in ©8P system. Here, we assume in all our
simulations that the user tunes his or her jigsavite best expected result, i.e. an effective waddat the

highest advance speed.

2 The wood densites have been found on the two ovdtly web sites : http://www.gkehe.8m.com/data.htm
www.simetric.co.uk/si_wood.htm
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According to the CSP model we must assign one dowofaralues to a constrained variable. Table 6 shihw initial

intervals allocated, by default, to the differeatiables for any jigsaw problem.

Table 6. The default domain assignments for any jig  saw physics-based modeling

Theore- First domain
Variables Type tical assignments
domains
USAGE U (unique context E)

T. (m) Continuous 0, +oo| [0.001,0.01]
Type wood Discrete see correspondence table
€ {teak,oak ...}

PERFORMANCES Y
S, (m/s) Continuous 0, +oo[ [0.001,0.1]
Peompore (%) Continuous  [0,1] [0,1]
DESIGN PARAMETERS X
B, (W) [50,3000]
m (kg) [0.5,10]
f (round/s) [1,500]

A (m) [0.01,0.1]

H (m) [0.05,0.3]

L,, (m) [0,0.2]

(L)j gz% Continuous ]0, +oo[ [([)0100015;]

d (m) [—0.15,0.05]

0, (m) [0,0.02]

L, (m) [0.01,0.1]

H, (m) [0.0001,0.01]

W, (m) [0.0002,0.003]

s (m) [0.0005, 0.005]
a,n (®) Continuous [0°,90°] [0°,90°]
n (no unit) Discrete  ]1, +oo[ [3,40]
(Some) INTERMEDIATE VARIABLES
p (kg/m®) . [300,1000]
Tt (10 uni®) Continuous ]0, +oo[ [01,05]

F, (N) Continuous [0, F; jax] [0, F; gl

F, (N) Continuous [0, F, ] [0, E, max]

H,; (m) Continuous 0, +oo| 10,0.005]

Femax (V) Discrete see correspondence table
F;J max (N)

7. SIMULATION OF THE JIGSAW COVERAGE OF SOME USAGE SCENARIOS
The first series of simulations we propose is fonuating the coverage of a set of usage scendoioan existing

jigsaw tool, namely the Bosch PST 50 AE jigsaw.
We assume a scenario in which a family determinkegtwsaw is best adapted to the usage needs obfaity

members: two parents and three teenagers. Theydagveject to restore a wooden cottage togethesy Trave
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variable skills with respect to the use of sawsveBeusage contexts for cutting wood have been flai®ad,
depending on the assigned tasks to the family mesn{see Table 7). Here, usage contexts are defigegiven
values of(type_wood, thickness), such as({oak}, {0.02}). Usage contexts could have been assigned with our
CSP-based language with sets of domains sudfioa, birch plywood}, [0.015,0.035]), but for simplicity here

we preferrectrisp values for bottiype of woodandthicknesses

Table 7. Seven usage scenarios for cutting wood wit  h different users

Daughter  Mother Father Son #1 Son #2
Usage scenarios space a b c d e f g
Usage type_wood oak oak birch birch fir fir fir
contextsk;; plywood plywood
thickness 0.025 0.025 0.03 0.05 0.04 0.04 0.035
User-related  gender female female male male male male male
variablest; skill basic user medium professional medium medium basic user basic user

Their task is to buy a saw that best fulfills th#fedent needs, orthat best covers the usage scenarios néeddt:
Bosch PST 50 AE jigsaw is a candidate they envigagehasing. The two performancesi{ance speedndwrist
comfor) are considered as objectives, and no prefereanstmint is put upon them. Table 8 shows the desig
parameter values corresponding to the Bosch PSAESfigsaw. These data are more constraining thasethof
Table 6. The sole non-crisp value domain is fotrake frequencyf, ranging from8.4 and45.0 round/s. This

possible variation of is directly modeled as a value interval in our G$gtem.

Table 8. Design parameters X for the Bosch PST 50 A E jigsaw

Py (W) 150 R == e
m (kg) 1.5 { A 4
f (round/s) [8.4, 45.0]
A (m) 0.018
H (m) 0.22
Ly, (m) 0.09 l
0; (m) 0.03
Ls (m) 0.13 |
d (m) 0.03 | e AL
0, (m) 0.015 R
L, (m) 0.068
H, (m) 0.002
W, (m) 0.0012
s (m) 0.004
a,n (®) 18°
n (no unit) 18

The simulation results in Table 9 show that witBasch PST50 AE jigsaw, we can cover fhec, e, g} subset of the
{a,b,c,d,e, f, g} initial set of usages. The three usage scendtipg, f} are hard to fulfill for three different

reasons:
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» For usage context: The task (thickness @5 centimeters obak, a notable hard wood) is too difficult for
abasic female user.
» For usage context: The thickness is too large for a jigsaw tool gsincommon blade of standard length —
the case of using a longer blade is not consideeeel -.
* For usage context: The cutting operation is impossible {fir despite a low density of approximately 530,
because the user igasic user and a thickness 40 centimeters is too large for such a user.
For the other feasible usage conteiisc, e, g}, the CSP computation provides the maximum allowaavance
speed and the minimal comfort ratio. For instanfoe, usage contextgb,c,e, g}, the advance speeds are
{1.1,4.1,2.2,1.3} millimeters per second, which are quite good adeaspeeds. The most tedious operations
(advance speed arourid millimeter per second) are for usage contextand g, which correspond to non-
experienced people facing a wood piece of a typthadkness. Usage context corresponds to a medium-
experienced male, and the advance speed may Be2ahillimeters per second since it is directly rethte the
maximal forces ,,,, andF, .4, that the user may deliver.
The maximal advance speed 4l millimeters per second is reached for usage conrtexhich corresponds to a
male user with gprofessional skill cuttingplywood, which is in general less dense thark. It is not surprising
to note that the maximal amount of comfort follothe same ordering as the advance speed. For usatgxis
{b, c,e, g}, the maximal comfort ratios af80%, 97%, 91%, 84%}. Theprofessional male is more comfortable in
usage context since his wrist is less taxed relative to the mmuxhn allowable wrist torque.
Another interesting result from the CSP computatothe maximum allowable stroke frequency, whikimited to
12 rounds per second, far from the technical possitof 45 rps. The reason is that, above this valué2founds
per second, the translation forEeapplied to the wood section becomes insufficienpriovide a positive height of
wood shavingdi,. It denotes a non-trivial interaction of physicgiations. This notion of minimal translation force
F; is well illustrated by the existence of a non-zknwer bound of thé", variable. This phenomenon of a minimal
translational force to start the advance will bpagienced by users starting a cutting operation.
For this first experiment, the Bosch PST 50 AEaigss able to cover 4 usage contexts out of 7{Hese 4 usage
contexts, the performandg andPe,,,.rorc are more or less satisfactory.
Table 9. 7 CSP results for the {a,b,c,d,e,f,g} usag e needed set. Bold values highlight extreme
performances under each usage scenario (maximum spe  ed advance, minimum comfort and

maximum stroke frequency)

a b c d e f g
Cut_ok 0 1 1 0 1 0 1
S, (m/s) [0.00100000, [0.001, [0.00100000, [0.00100000,
0.00111064] 0.00405477] 0.00221003] 0.00133189]
Peomfort [0.779321, [0.811661, [0.806973, [0.764855,
0.796168] 0.966039] 0.908946] 0.835711]
f (round/s) [8.4,12.31] [8.4,10.4778] [8.4,9.36761] [8.4,10.7535]
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In a second experiment, we change the design pssawiepower of the Bosch PST 50 AE jigsaw, inciegi$rom
150 W to 200 W. The same CSP computations are noeefhy leading to the results of Table 10. In thigegiment,

the usage coverage is extended since usage cofig}tare now feasible.

Table 10. CSP results for the {a,b,c,d,e,f,g} usage  needed set for a jigsaw of 200 W

a b c d e f g
Cut_ok 1 1 1 0 1 1 1
S, (m/s) [0.001, [0.001, [0.001, [0.00100000, [0.00100000, [0.00100000,
0.00111064] 0.00371680] 0.00546453] 0.00298814] 0.00180478] 0.00180478]
Pwmfort [0.955401, [0.826927, [0.815168, [0.84026, 1] [0.886381, [0.886381,
0.975332] 1] 1] 1] 1]
f (round/s) [14.8785, [8.40000, [8.40000, [8.40000, [10.8791, [10.8791,
16.5246] 16.5246] 14.0815] 12.6013] 12.6013] 12.6013]

The usage scenario coverage appears to evolvedremtue 4/7 to 6/7. But considering these coveragehisively
to make a decision on the motor power (150 W or\80Q@vould be misleading. Indeed, variables defirtimg usage
context may be defined by value domains and we rsipare the relative sizes of the final, i.e.usky feasible
usage scenario domains and the needed usage scao@@ins. However, there also exists an indirsaga-context
variable, namely the wood densiby,, which is a constrained variable due to the stsihaincertainty about the
effective wood density of a given wood type whichainbe taken into account within the measure ofeisaverage.
Hence, we propose the following formula for the gomation of thedJsage Coverage Indicataf a single usage:

[lilusage_context_var |feqsinie X [1jlindirect_context_var|seqsipie  (10)

UCLingie- = feasibility X —
single-usage = f Y [lilusage_context_var |yeeqea X [1lindirect_context_var|neeqeq

with |variable, | standing for the domain widt¥y,,5, — Xmin-

For the jigsaw use case, this results in the fatgw

|Tc |feasible X |Type_wood |feasible X |pw |feasible (11)
|Tc |needed X |TJ/P€_W00d |needed X |pw |needed

UCIsingle—usage = Cutak X

For instance, for usage scendriof the Bosch PST50 AE jigsaw, one can compute ffable 9:

0.025 X oak x |590 — 864.72 i 12
UCIsingle—usageb =1x I |feaszble = 0.808 ( )
0.025 X oak X |590 — 930 |,.ceqed

Finally, an overall degree of coverage is comptitedugh the formula:
E N 13
UClotar = (UCLjy. - wy;) for N; usages (13)
j=1

with w;; being the weights of usage contexts. They arenasgdequal in this example.

Table 11 provides the degrees of coverage for theage scenarios. We can observe a significantovepment of

the degree of usage coverage from 44% to 63% wiwedsing the motor power. But usage contaxdadf remain
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hard to fulfill for the reason of dense wood foags context and large thickness ambasic user for usage context

f.

Table 11. Usage Coverage Indicators for the {a,b,c, d,e,f,g} usage needed sets for the two jigsaw
alternative designs at 150 W and 200 W

P a b c|d e f g UClLptal
150 W 0 0.808 | 1| 0| 0.432 0 0.849 0.44
200 W | 0.086 1 1(0 1 0.347 1 0.63

8. SIMULATION OF USAGE COVERAGE FOR MULTIPLE USAGE SCENARIOS AND MULTIPLE
CANDIDATE PRODUCTS

8.1. Parameterization of the usage coverage simulat ion for a product family

We have generalized our principle of set-based Isitiotn of usage coverage for multiple usage scesaf multiple
users and multiple candidate products (see alsogVZ&i2, Wanget al. 2012). As an example, we consider an
existing scale-based jigsaw product family, sucH &osch jigsaws (from P1 i.e. PST 650 to P4 i@sd PST900
in table 12), each with increasing power, weight arice. We study the adequacy of these 4 prodacts targeted
user segment, as well as the relative amount dihgcaf the products in this family.
Table 12. The 4 products in Bosch jigsaw family
P1 P2 P3 P4

PST 800 PST 900
PST 650 PST 700 PE PEL PEL

Power £,,): 120W 180 W 200 W 250 W
Weight (y): 1.5 kg 1.8 kg 2 kg 2.2 kg
Price @) 50 € 80 € 100 € 130 €

Tunable stroke frequency) 8.4 — 45 &

We assume it is possible to build a representateeded-usage scenario space for the targeted egerent. For
simplicity, we represent it as a tableMfusers; each one hag usage scenarios (see Table 13). The usages tor eac

user are weighted with an occurrence frequencyafe contex;; conforming to equation (14).

Ni
) 1sz =1,withi=1,..,.M 14)
]:

We will also consider, for simplicity of the exarmepbnly, that the usage contexts are defined wigporalues and
not value domains. Finally, thedé users face th& products of the scale-based family which perfohm same
service of cutting wood with varying degrees of cags. Set-based design simulations of usage cavexag

conducted with adequate metrics to assess the gréatuily regarding the targeted user segment.
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Table 13. Needed usage scenario space for the targe  ted user segment

User Id Usage, Usage, Usage
User 1 Eqa (Wia) E1 (W12 Erne (Wing)
User 2 E21 (Wa21) B2z (W22) Eonz (Wang)
User 3 Es1 (Wa1) Eaz (W32) Esns (Wang)
User M En1 (Ww1) Emz (Wi2) Eninm (Whanm)

For example, if a&~emale Basic Use(see Table 5) wants to cut a hard wooden boarch(sis oak) of 0.035m
thickness, a medium wooden board (such as pin€).GH0m thickness, and a soft wooden board (sudbirel
plywood) of 0.015 m thickness, each usage scenaiilbbe given relative weighted importance, i.e.ags
occurrence frequencies;, w,, w;. She has 4 Bosch jigsaws listed in table 12 toosbdfrom in a purchasing
situation. Here, we consider that there is no elecompetition. We can rationally expect that sl choose the
product that covers the most usage scenarios,goitd performance for each, and an affordable pficerefore, we
introduce some simple metrics to describe thisoeiag process.

If preference data were available, we could detfiaeutility functions for each user, which is imeatit contradiction
with the minimal preference data assumption of method. For this reason, we have formulated a &meneric
form of a utility function, in the form of a ratiof user experienced quality (i.e. performance) vegxice. This form
follows the general recommendations of Train (20803) Koppelmaret al. (2006) to utilize interactions (i.e. ratios)
of user-varying versus product-varying attributeshie utility specification.

For each Produd®, and usei, a series oN; Usage Coverage Indicators (UCIs) are calculated {srmulas (10)
and (11)). For a curreptusage scenario, a normalized user’s decision iles calculated following formula (15).
The higher the usage coverage and the performaca fjiven user/usage-scenario/product and therldie
product price, then the higher this new user’s sleniindex Cl. This index appears as a value ittdica a value

engineering approach.

_ |UCIijk| X |Performanceijk|

bk~ |Price;| (15)
Then, an aggregated total value for each pair kis@roductP,,) is calculated using formula (16).
N
Clik =Z (CIUle]),Wlthl = 1,...,M (16)
Jj=1
Useri must logically choose the produgt with the highest value, following formula (17).
Choice(User;) = maxp, (Cly),withk =1, ...,K (17)

A rational usagemarket share for the products of the family caentlbe established by summing the number of
times each product is chosen by users. This matkate would be the actual market share if useravaehin a

rational manner with respect to their anticipatedge contexts.
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Finally, for the case of the jigsaw family, the @w®for a given user is provided by formula (18).

Zyi1(|UCIijk| X |Sq ijie| % |Peomport ijk| X wij)
|Priceg|

Choice(User;) = maxp, ( ), withk =1,2,3,4 (18)

An alternative approach to formula (17) is to atlia Multinomial Logit (MNL) choice model to estiteachoices
and, hence, market share (Ben-Akiva and Lerman /1BR%adden 1974). It is assumed that market datois
available for maximum likelihood model estimatiamd therefore a method of model coefficieatibration, as
opposed to modedstimation,is utilized. In model coefficient calibration, MNihodel coefficients appearing in an
observed utility functionW,, are derived from econometric considerations, saaghestimated price elasticity and
relative worth (in units of currency) of productritutes (Greene 2001, Santini and Was 2005) his work, the
observed utility functionW,, can be assumed to be of the form giverChyin formulas (15) and (16), or can be of
a form in which price and performance are additieay., a linear utility model). In the MNL approaathoice
probabilities are computed using formula (19):

Wil'

e
K—eWik'Withk =1,..,K (19)

k=1

Choice;j(User;) =

8.2.Results of simulations
For experimental illustration, we randomly gener@fganel of 100 users from 6 different types, usimpmbination
of genderandskill in C; variables. Each of the users has at most 6 useigesliffering weights. The usages are also
generated with 3 types of woosoft medium hard) and with a thickness that is uniformly distribdiie@ the interval
[0.010, 0.060] m. Needed usage scenarios suchoas tif Table 13 are generated randomly. The udection to
choose an appropriate jigsaw for correspondingeat bt his or her anticipated set of usages isdbasethe user
decision index CI described by formulas (15) to)(18
The existing Bosch Jigsaw product family, whosduiess are listed in Table 12, is used as a referandable 14
and denoted a$00% of power, weight, and price (i.e. the baselingqgrenance). We can see that, for a uniform-
distributed usage scenario case, the baselinenigsaduct family corresponds well with the targebge market: P1
achieves 30% market share, P2 41%, P3 6%, and ®4uith only 6% of users unable to find an appratgrijigsaw
for their specific usage scenarios. Products P1,aPd P4 account for 88% of the market share, whBeis

redundant since P4 can also absorb these 6% whikring the number of product references.
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Table 14. Products’ usage market share estimation

Power, Weight, Price 50% 100% 150%
P1 Average Decision IndexQ() 0.022 0.141 0.164
9\ Average Usage Coverage Indicatoiq]) 0.035 0.300 0.522
i User Choice 3 30 61
P2 Average Decision Index() 0.099 0.156 0.158
9\ Average Usage Coverage Indicatoq]) 0.166 0.522 0.698
e User Choice 24 41 32
P3 Average Decision Index(() 0.101 0.141 0.138
g Average Usage Coverage Indicatoiq]) 0.211 0.574 0.732
" User Choice 3 6 0
P4 Average Decision Index() 0.117 0.137 0.123
g Average Usage Coverage Indicatoq]) 0.321  0.671 0.755
User Choice 54 17 4
X Users do not choose 16 6 3

For illustrative purposes, we generate two othaivié product families, scaled down or up respetyivby 50% and
150% of the power, weight and price of the givens®vo Jigsaw product family. They can be considered a
competing or alternative jigsaw product family casjions. The former consists of less powerful dess
expensive products. The latter is, conversely, nporgerful and more expensive. For the given tangege market,
represented by the user panel, the question isnwh#te Bosch Jigsaw family compaosition is well pased or not.
For a less powerful product family (scaled downSf¢6), the percentage of users whose usage sceimanesno
feasible choice in the family increases from 6%16%. The given panel of users shifts to the moregpful
products P2, P4 as shown in Figure 7. For the chfee more powerful product family (scaled up &%), firstly,

the increase in no-choice users is less significaetondly, the more powerful products P3 and R4ems preferred

due to their higher price.
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Figure 7. The usage market shares for the jigsaw fa  milies

The above comparison reveals that the baselinelBaigsaw family studied covers the target usageketajuite
well. However, since the product P3 is too closd’foand P4’s performances (similar specificatiamj 82 has
better usage coverage and performances for ite picle P4 is more suitable for extremely hard esagroduct P2
and P4 cannibalize the market share of P3. A betiBmposition of products in the family can be fertistudied in
regard to the target usage market.

For studying the influence of the user market sedatmn, we take two extreme casesnae professional usemd
afemale basic useeach user type will faceasywood board cutting usage scenarios (wood type D thickness
drawn uniformly from [0.01, 0.03]) arttlrd wood board cutting usage scenarios (wood type2, thickness drawn
uniformly from [0.03, 0.06]). The choice of prodsaf a randomly generated group of 100 typicalsiséth a set of

usage scenarios is shown in Figure 8.
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~P2| 39 17 11 ~P2| 47 18 12
#P1l 23 81 0 #P1| 36 79 0

Figure 8. The market parts for the products in Bosc h product family for professional/beginner user

In the left-hand chart, we can see that for matefgssional users cutting wood boards, P4 is prefefor their
difficult usage scenarios, while P1 or P2 are pretkfor the easy usage scenarios. This justifieseixistence of
product P4. A professional user with all the ramjeusage scenarios (column 1) may choose any othiee
products P1, P2, or P4. For the female basic usdle right-hand chart, products Pland P2 arertbst preferred.
P3 can be substituted by either P2 or P4 while 25%e difficult usage scenarios cannot be serwedry product

in the family.

9. CONCLUSION
This paper has first presented an extensive litezaeview on marketing and engineering researohitalisage, and
particularly how to take into account usage intemdi and anticipations for the design of productsparduct
families. We have described the two conventionaligle approaches: the performance-driven engineatasign
optimization framework (see Figure 1) and the mtimkechoice and market share modeling framework GSgure
2). We conclude that they suffer from a lack oflisza in terms of simulation of personal usage ne@jgimization
is mostly based on averaged expected performandepéndent of specific users’ skills, sets of amited usage
scenarios, and competing products on the markeditiddally, marketing choice and market share medebuire

tedious market investigations assuming an existirayket experience of products, which is not theechs
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disruptive products. This is why a usage-centeredehbased approach, as proposed in Figure 4, das in the
design process. We name this approaclsétidased design by usage coverage simulation
Set-based design by usage coverage simulationstensi applying set-based thinking principles dedivfrom
Constraint Satisfaction Problem (CSP) techniqudsst,Fone generates a usage scenario space fot afse
representative users. Our approach doesariori assume technical attributes when building the espdausage
scenarios. Consequently, it is then more likelycoonpute solution-independent market models andeteesas a
decision aid in case of innovative designs. Neahsadering a set of candidate products, possiblg e€ale-based
product family, one proceeds to make CSP compuistad feasible usage scenarios (in a set-basedrdepirit),
provided that physics-based modeling of performanisepossible. The comparison between the expesbed
feasible usage scenarios at the scale of a sirsgle oonsidering the level of delivered performanaed product
price, leads to Usage Coverage Indicators (UCId)farally to a preferred product best covering peesonal usage
scenario space. UCIs have been proposed as a wagdsure the potential to satisfy the entirety micgpated
usage scenarios, for a sole user or for multipkersysfor a sole product or for a scale-based prothmily. A
definitive advantage of our approach is that thesqeal usage coverage simulation of a customerfleggends upon
his/her profile, notably skill abilities and usagentexts. User profile is almost never consideregérformance
models in design engineering research but whichdcamatically influence performance in real lifeustions. The
objective is to simulate how people evaluate ifigeg product is capable of covering the entiretyacsufficient
subset of the usage contexts he or she is ablgitopate.
At the level of a targeted consumer group, the @ggr leads to a market share simulation of comgetinducts or
members of a scale-based product family. Our mbdeéd approach has been thoroughly illustratechéyusage
coverage simulations for the design of a jigsaw,af®ole user and for multiple users, for a sotalpct and for a
scale-based product family. If we had used traditiaesign optimization, we may have created agdesatisfying a
fictitious “averaged” user but not actual usem,, ia design optimized with respect to average neseds by treating
consumers as a group without considering the diffees in usage context. As expected, based atiffaeence in
the principles of these two problem formulatiorse tesults of averaging consumer neeidsbe unsatisfactory to
meet real heterogeneous user needs. If we hadhesedility market share model approach, we wowdehrequired
construction of a discrete choice model requiricgersive surveys and a choice data set, which iseiatly
unavailable for the jigsaw problem. Based on these arguments, the utility of the proposed methsd i
demonstrated, given the following conditions:
- The physics-based models of performances aréabiai
- Uncertainties can be represented by intervatets of values,
- Consumer and product behaviors can be modelddavitet of equations, and constraints can be esques
in terms of the continuous and discrete variabpggearing in these models.
- We are able to build the usage scenario spaaeabust and representative manner.
In cases where these conditions apply, the setilessign approach creates a mathematical link lestree product
and the user, allowing designers to efficientlylerp the feasible design space and specificallyetathe real needs

of the consumers either with a single product famaily of products.
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In terms of future work, we are currently devel@pimapping operators between product service syskesign
concepts and the usage scenario space, to replgsegpbased models of performances when not dail&or
example, one such Product-Services-System is aoahdth prevent, avoid, or diminish the effects dfsfaf the

elderly.
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