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Abstract: Computation techniques have provided designersdddper understanding of
the market niches that were neglected before. Usagéextual information has been
studied in marketing research since last centuowever little research in design
engineering focuses on it. Therefore, in this paper analyzed the relations between
usage context information and the design of praduét usage coverage model is
established to integrate users and their expecsagieuscenarios into product family
assessment. We map the user’s individual capamgigther with a given product into the
usage context space. The overlapping between eghjusage and feasible usage can be
measured. Based on this mechanism, several usageage indices are proposed to
assess the compliance of a given product familjéoexpected set of usage scenarios to
be covered. The original method is demonstratech @tale-based product family of
jigsaws in a redesign context. Constraint Programgniiechnique is applied to solve the
physics-based causal-loops that determine usadermpences in a set-based design
approach. Designers can rely on the results toirdit® redundant units in the family or
modify the configuration of each product. The ciimttion of the paper is to provide an
inter-disciplinary point of view to assessing themposition and configuration of a
product family design.

Keywords: Usage model, Usage Coverage Index, CanstrProgramming,
Product Family Design

1. Introduction

“Any customer can have a car painted any color hetsvso long as it is black”:
Henry Ford’s famous maxim marks the beginning oainiegful mass production
thought in the industrial age. And while Ford’s gwation model was indeed a
pioneer in the revolution of mass production, hesvadéso a pioneer in mass
customization [1] since more than 5% of Ford’s mcithn was mass customized.
Figure 1 shows the evolution of the main productisethod from 1914 until now:
from craft production to mass production, thendan production and finally to
mass customization. Mass customization requires@easingly distinct number
of products on sale while volume per product steglatively low. This has
introduced the challenge of fulfilling various matkequirements while keeping
production costs low.
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Fig. 1 The evolutionf production methcs [2]

Many compaies are today facingan unprecedeed trend of the
individualization of demand.The concept of mass custoration is defined by
Tseng andJiao [3] as 'producing goods and serviceo meet individua
customer's needwith near masproduction efficiency While customization is a
well-known stratgy inmost B-to-B marketst must be systmatically appliedo
B-to-C markets 0 better comply wit the variety of custmer nee. A recent
Forrester reporf4] confirmed the attractiveness tmstoners of purchasing
customized proacts. Customers are better educatsith higher incom: levels,
less likely to conmpromist, andpay more attention to persorusage adaptati of
a given product.

Two issues oidesign automation in the objective of ns customization a
addressed in thipaper: introducing more product usageitexts in the marke
segmentation (se[5]) and conjointly sampling a product fay in a more explicif
and scientific wa.

Indeed, the mduct family development concept has beddely accepted both
in academicand ndustrialcontexts. Companieské Sony, Hack & Decke and
Volkswagen for instance have successfully implemented itegies to design ¢
entire family of yroduct: around modular-based and/or selagsed platforms to
satisfy a wide ariety of customer requireme, while benefiing from the
advantage okconomies of sca [6]. The development ofrpduct famiies has
made companyproduction processes and supply cs more flexible The
measurement ofisagesatisfaction for a givermproduct fanily is a significant
factor in the evaluaton and decision-makingrocessesof product family
design/redesign.

This paper stagtby introducing the concept asage modeand usage covera
index, presenting ceneric approach to product famagsesmentfrom the usage
context point of Yew. During the case study and model resion phases, domain
based variablesand inter-variable causal loops at@ghlightec. To allow a
performance calilation in such a cas«constraint programing techniqus are
usedto simulate he performances of given produwith regardto personalized
usage scenarioblew coverage indices are introduced for fuct family redesig
contexts.A case study from an illustrative jigsaw power tcfamily is presente
as a practical exnple.



2. Literature review

The modeling of usage can be traced to marketirgeareh. Traditional
information-processing research in consumer chdiebavior has typically
contented itself with stimulus and subject task malations. Deterministic
preference/choice models are usually based on temige that products are
valued for the attributes they possess and thdabess seek to maximize their
“utility” by choosing desired combinations of alttes [7]. Thus products
offering similar combinations of levels of attrilest are likely to be more
competitive. However, emerging fields of research seeking to emphasize the
role of usage contexandusage goalsn consumer learning, together with use of
that knowledge in decision-making. In the followinfythe paper we adopt the
definition of Heet al. [14, 41] for usage contex@a$ all aspects describing the
context of product use that vary under differerg asnditions and affect product
performance and/or consumer preferences for theybattributes.

Emphasis on the matching between situational rements and product benefits
has been present in consumer behavior researah Isisiccentury [8]. Situational
influences were seen as moderating consumer chbinige.close correspondence
between situational factors and product attribuezgls to the question: what
constitutes situational factors? Belk [9,10] pragbghat environmental factors
should include all variables not included in thea@tion of persons or products.
Ratneshwar [11,12] suggested that usage conteys$ plakey role in consumer
problem-solving by impacting the discriminability dfioice alternatives, and that
the processes involved might vary with situatiofaahiliarity. Contextual goals
and constraints might help the consumers to discate acceptable alternatives
from a much larger available set. Even when theasin is relatively unfamiliar
and the decision-maker has to take a more consteugpproach to evaluating the
alternatives, situational constraints might stifitate discrimination and quick
decisions by focusing the consumer’'s attention omtext-relevant product
features. In general, the particular features gjleatthe decision-maker’s attention
are likely to be those that have relevance for ghal context of the ongoing
situation [13]. The role of usage context in consukhoice is one of guiding the
search for and evaluation of potential solutions.etlal [14] combined a usage
context model and a choice model for demand priedichpplications. Recent
research on usage context in marketing has led &xhaustive analysis of usage
anticipation and new product diffusion in consurehnavior [15,16].

However, the research of usage situational/condééxtunformation in
engineering design has made little progress becais¢he weakness of
interdisciplinary marketing-engineering developmer@onsumer participated
interaction design [17], especially in IT produsteh as software, mobile phones,
and navigation systems, started 10 years ago. lRer oew products or product
line design, such marketing and engineering coraies are also highly
interdependent. Michale&t al [18,19] developed a process of Analytical Target
Cascading (ATC) to link marketing and engineeriimgtheir work, the complex
system is decomposed into hierarchical and intedl marketing-engineering
sub-systems, each of which can be analyzed andniaptl separately before
being coordinated. The ATC model is based on wahldished marketing
methodologies, such as conjoint analysis, disathtace modeling and demand
forecasting. In the domain of hi-tech product desigontext-aware systems -
knowing the activity context and taking it into acat for system behavior - are
emerging. One context-aware system for mobile gaafzthy was mentioned in
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[20], which used formalization to describe situaioand contexts for finding
typical context patterns. The concepts of usageesdrare introduced in design
engineering in [21-23], [5]. Greegt al. published three successive papers on the
subject [21-23], with the goal of forming a compeakive product design
methodology that includes contextual factors. Ingoatr first steps in the field
were taken, including the definition of key ternmglaoncepts. Usage context, as
it relates specifically to products, is defined th& unique combination of
application and environment in which a product gedi Furthermoreysage
contextis framed as one part of a largesage scenariowhich also includes
market and customer contefthis hints at the key role that all three cordeplay

in guiding the choice of the customer. During tbarse of the studies, customers
were found to have distinct product preferences udiféerent usage contexts.
Additionally, evidence supported the contention tth@ontexts could be
differentiated according to their functional attries. This indicates a link
between engineering parameters and perceived nssfjlwhich occurs under the
influence of different usage contexts. Yanneu al. [5] presented a Usage
Coverage Model (UCM) designed to produce a moreotigit marketing model
based on sets of permitted usages for a produ@ eervice instead of the
conventional perceived marketing attributes. A teomy of variables was
suggested to set up the link between the desiganpers of a product or a
service and the part of a set of expected usagesty be covered.he concept
of quantified individual performances during usagas proposed, offering the
advantage of making links with user experiencehso the perceived quality of a
product’s service could be taken into account. lfurgher paper [Yannou and
Wang, 24], the UCM concept was applied to a commpower tool product: a
jigsaw. The physics describing the behavior andsequently, the performances
of a jigsaw under given usage contexts were estali. When users choose to
buy an adapted jigsaw, they may imagine differemgasscenarios in which the
product may be applied. The usage coverage indepoped [24] revealed
whether the product fulfilled customer requiremearid expectations.

In the design/redesign process, ingenious and akecurdices are intuitive and
help designers make decisions. Several heurisbdyat family indices have been
developed by academics and applied to industry. tMogineering research
focuses on the comparison between component andegso Thevenot and
Simpson [25] undertook a thorough comparison fariséc indicators used over
a long time period, and then, based on the Comritgnal. Diversity Index [26],
they proposed a comprehensive metrics for evalgiatommonality [27]. In the
evaluation of consumer preference for productsketaresearch methods such as
conjoint analysis and discrete choice analysisuditezed [28,29]. Heuristic and
statistic-based conjoint data is always indisperesédnl the near-optimal product
family selecting level of consumer attributes [3Blore recently, Lucet al. [31]
combined conjoint analysis with GA optimization. Vhenalyzed usage
contextual preference distinction using a “robudtega” analytical method,
which limits, in the product’s usage environmehg uncontrolled variations of

engineering parameters within a robustness critAfiaSince product family

optimization turns out to be a combinatorial profjlethe meta-heuristic
algorithms, such as G.A. [32,33], work relativelyelivwith these pre-studied
conjoint analysis data. Belloet al. [34] recently analyzed and compared several
heuristic and A.l. algorithms for a product linesdm problem. Constraint
satisfaction technique works well in solving Coastt Satisfaction Problem [35]
and in propagation techniques. This is a converaent powerful way to model
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uncertainty of design variables and to proceedamain reductions for discrete
variables as well as real variables [36] — one afsgaks of interval arithmetics.
This is an ideal way to mathematically support sbebased design principles of
Toyota (see [37,38]) of a continuously but irrenaddly uncertainty shrinking
process along the design process. In our recenk {38%], a consumer usage
scenario map was built to represent usage varretthe target market. Usage
Coverage Index (UCI) metric was extended to a gm@&uuct family in the form
of a matrix. A practical definition of indicatorgconomical or efficient, was
introduced for the jigsaw cutting wooden board usage

Based on such previous research, the primary gaakeagoresent research is to
extend the measurement of a scale-based productlyfam individual
performance constraints, proposing several indisattmr consumer choice.
Despite the prosperous research concerning usagextanodels and consumer
preference analysis, little research has giveni@k@ind objective indicators for
product family evaluation with regard to target gesacontexts and multi-
objectives of expected performances. In this paper,apply a usage context
model to model jigsaw product family usages. Alseted comparison between
simulated performances and usage satisfaction iploged to measure the
feasible usages under consumer usage constraindsle-off indicators for
different users with diverse usage scenarios aedgilien product family are
compared.

3. Usage model and usage coverage index

Our objective is to deliberately put the emphasistioe adequacy of a set of
product usage scenarios with given products. Tegrek of fit or adequacy is
referred to asisage coveraggb]. In this paragraph, the concept of usage model
and an inference mechanism for determining the eisayerage of a product
regarding a set of expected usage scenarios witdésented.

3.1. Nomenclature

As the literature review showed, previous works haetned lists of variables of
Usage Context Based Design framework [5,24,39]. folewing list illustrates
the principal notations used in this paper. A jgsaroduct family evaluation
problem is used as an example throughout thisasecti

U — usage context

k —index for the kth product in the family,k =1, ...,K
i —index for the ithuser,i=1,..,M

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

N; — total usage context for user i

E;; — jth usage context attributes for user i

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

Cs — customer attributes af fect per formance
X — product design variables
Y — engineering per formance

Pr — price of the product



3.2. Usage Context Model and Usage Coverage

Basic principles

In our usage model, a product, defined by its dep@rameter vectoX, must be
adapted as well as possible to a set of custonagresd. “Usage needed” is a set
of expected usage contexts associated with a normalized usage occurrence
frequencyw;, which represents, a percentage of occurrencegivain usage
context in a year, as defined in formula (1).

Uneeded = {(Eil Wi)} with Z Wi =1 (1)

Given a product desigi and a user with certain expertisg, we figure out
that the performances of the service are expliatfgcted by the user and his/her
experience with the product. So performance esiimdbrmulas are required in
the form of formula (2).

Y =f(X,E,C) )

When the performances reach certain basic criterisuch as capable for
meeting the given service requirement, we say tiiat usage is feasible with
given product by the user. Thus, only a subsehisf‘isage needed” set may be
fulfilled by a given product and user. This pargdigure 2) is called “feasible
usage” and is defined in formula (3), where théiahusage needed is expressed
as Upeedea = {(E;,w;)}. And only a subpart of this usage contéXtc E; can
been done or “covered” for desigin

(E;,w;), such that

Ufeasible (X; Uneeded, CS) = { lancli Ei* gneE'el e

kand Y, = f(X,E/,Cs) is feasible)

3)

Jigsaw cutting wood usage example

As an example, a performance estimation model fgsaw, based on physical
attributes, is used as shown in the appendiceserBift categories of variables
and a detailed list of intermediate variables figsaw design problems are
illustrated and interpreted. Hereafter the most ingya variables for cutting
wooden board usage are cited. In practice, theeusagtext variables in (4) that
influence the performance of wood cutting are @ thickness of the wooden
board and its density.

E= {Tc — Thickness of the wood board
N pw — Density of wood

(4)

We consider two demographic variablés = {Gender, Skill} which are user-
related parameters that affect performances.

c = { Gender — Gender of the saw user (5)
S = |Skill — Skill of the user for cutting wood with a tool X

These two variables define the maximal allowablauros F;,,,, - the
translation forceF, 4, - the pressure force, and,, ,,,,, (the torque the user’s
wrist may deliver to the jigsaw). An assessmenthetSe bounds with ergonomic
analysis gives the correspondence Table 1.



Table 1 Correspondence table between gender and correéggontbximal force and torque
admissible values

Gender Skill Fr max Fy 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 critathis usage of “to cut
wooden boards” (see formula 6). The first one éritean advance speed; a non-
null advance speed means that the tool is ablenmlete this service (feasible).
The second one is the comfort during the cuttingraion.

Y = S, — Mean advance speed of cutting
~ |Pcomsort — Degree of comfort in the user’s wrist

(6)

The comfort of cutting with a jigsaw is mainly dtee the wrist torque which
must not exceed a maximal value the user can affiocen be expressed by:

w

Pcomfort =1- | € [0,1] (7)

w max

3.3. Definition of Usage Coverage Index (UCI) for Single Usage

In order to apply computation, the former typol@jiwariables describing the
usage context must be reinterpreted as intermedaltee variables via several
correspondence tables. For the usage context aspeen collecting usage
context and user information through a questiomenfi@l] or when interpreting
intermediate variables, uncertainties are generabedause of linguistic
ambiguity. A set-based modeling method is used ¢talehthe subsets of usage
and user contexts. These subsets are modeled lgimloariables: discrete sets or
continuous intervals.

As illustrated in Fig2 below, for a potential usage target market segntbat
usage scenario can be identified @&,ccqe0q, Cs); this can be represented as a
domain in aCartesian space formed by the variables definiegudage context
(E; X E, for illustrative purposes). Given a product desircombined with
demographic variable€, its capable usage context can be mapped by a
physical-based performance prediction model.

We can also consider the target market as anlingiage context domain. An
implemented product desigf serves as a set of constraints for the initiabasa
context domain, because of the limited feasibibtyd even user exigency on
cutting speed and comfort. This initial usage ceintomain can therefore be
considered as a feasible usage context domainiguref 2, it is the overlap
between initial usage context domain and a givexyct's capable usage context
domain. Alternatively, if we consider the problema product design variables
spaceX, the initial usage context variables identifiedtive target market can
serve as constraints to reduce the product’s desigables domain.
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Fig. 2Usage coverage mechanism in usage context spasmfpe usage

This coverage mechanism cannot be solved propeyly niathematical
programming, because of the existence of a caasplih the relation constraints
identified in the appendices (Fid.0). In addition, these variables must be
computed in the form of value domains. For thessoes, the usage coverage
model forms a Constraint Satisfaction Problem wltiah be solved by constraint
programming techniques.

A constraint satisfaction problem is defined btriplet (X, D, O [35] such

that:

- X ={xy,x5,x5...,x,} IS a finite set of variables that we cabnstraint
variables n being the number of variables in the problem tediged.

- D ={d,, d,, ds .., d,} is afinite set of variable value domainsXo$uch that
Vi € {1, ...,n},xi € dl'

-C= {cl, Cy,C3 ...,cp} is a finite set of constraintg,being any integer number
representing the number of constraints of the gobl

Solving a CSP amounts to finding out the valuesawh variable oKX while at
the same time satisfying the set of problem comtg&. Over the past years a
variety of solving methods have been developedchvienable fast computation
of a CSP, and supply the user with intervals comgi all the solutions of the

CSP. ILOG Solve® provides complete methods for solving CSP problerhg

technique used by ILOG Solver is widely known aanish and bound [40].

For our usage context based design problem, thgeusantext variableB and
design variablesX are constraint variables with their initial domains. The
constraints are all these physical constraintssiliéa constraints, and users’
performance exigencies.

After using a constraint programming techniquehorgk the intervals of initial
usage variables, a possible Usage Coverage Indéefiised as the ratio of the
final widths of the contracted interval of usagatext variables and those of their
initial domains, as given in formula (8). The fdrlgly variable is a Boolean
variable, which means that the required usage eapdrformed to meet basic
performance criteria — e.g. a non-null advanceraypeed with no exigency on
result quality or comfort in cutting process, focwtting wooden board usage.



1Epinat] x 100%

|Einitiatl (8)
[1i|usage_context_variable|sinq
— X 100%

UClsingie-usage = feasibility x

[1i|usage_context_variable|;nitiai

Here, the reader must pay attention to the fadt weado not deal with the
traditional issue of aggregating multiple performesmto a sole one. Formula (8)
Is an exact formula that expresses the degree ofitlooontraction of variables
linked to usage scenarios, in a set-based desigroagp Multiplications and
ratios are exact ways for resulting in this engjpace contraction index.

3.4. Definition of Usage Coverage Index (UCI) for Multi-Usages

In daily life, one product may be used in seveifferent situations. Especially
for durable products, their usage context can beiphell We model this situation
of multi-usages as a weighted combination of singlkege.

We suppose that usehas a set of usage scenarios for a given product. The
different usage scenarios of the user accountviprin terms of occurrence

frequency of usage contexts. As described aboveU@ieof each single usage
scenario can be calculated. For a given usdth a given produck, the UCI of
his/her multi-usage context can be calculated ugorgwla (9), which is a
weighted sum of all single usages. A more detagbe@imple of multi-usages, the
jigsaw case, is illustrated in section 5.3.

N;
UCLnyiti-usages = Z (UCIl-jk . Wij) for user i with N;usages 9)
j=1

Let us note here that the occurrence frequenciesage contextsy;, are not

consumer preferences. They are thought as a wegnpute the coverage of all
actual usage situations customers are supposeddpriot the way they aggregate
satisfaction regarding reached performances unukifec usage situations. The
second case supposes that the market is alreadgtan®ed to the product type
we are presently designing. We have explored thssipility in [14] and in a
recent paper [41] where a Discrete Choice Analfi3GA) method is applied on a
customer panel to derive weights in multiple usaayes multiple users situations.
In our approach, we want to simulate usage coveragen in the presence of
innovative products that have still not been la@aclon the market. It is made
possible by a primary computation of a usage st@space and a further domain
contraction of feasible usage scenarios. The dgiacrey between both spaces
provides a measure of possible usage coverage vigiehuseful indicator for
designers.

Let us also remark that this notion of multiplegsascenarios has also
discussed decades ago in marketing literature. Betkcet al. [42] suggested
aggregating an individual's given usage situaticmmend weighted by the
situation’s frequency of occurrence or importand¥hile their approach
demonstrated the influence of usage suitabilityconsumer choice, the linkage
between usage context and product performance,eflsaw product design is
absent and is still questionable. Indeed, thioishecause a usage situation is rare
that this use case must not be seriously considarddsign. This question is still
debated today but we decided to adopt Berkowiizgpkfying assumption.



4. Consumer Buying Decision

The central question for researchers is how consainespond to various product
alternatives. Kotleet al.[43] (Fig. 3) show the stimulus response model of buyer
behavior: the marketing and other stimuli enter ¢dbheasumers’ “black box” and
generate certain responses. Product, Price andu@ansCharacteristics are the
factors most concerned by researchers attemptigrtdine design engineering
and marketing. The product design specificatiofscafconsumer preference and
consumer characteristics influence how he or stlreepes and reacts to the
stimuli.

( ) 4
Marketing and other stimuli , Buyer responses
. Buyer’s black box .
|| oot cnoke
Prf) uc Tcorr:orrluc_ | :> characteristics Dealer ch I
ace olitica process g

Promotion Cultural Purchase amount

\_ J \. J \_

Fig. 3 Model of buyer behavior

For Kotler et al. [43], the buyer decision processsists of five stages: needs
recognition, information search, evaluation of mlégives, purchase decision, and
post purchase behavior. Tl#ternative evaluation stage is how the consumer
processes information in order to come up with adpct selection. How
consumers evaluate product alternatives usually rdepeon the individual
consumer and the specific buying situation. In aericases, consumers make
careful calculations and think logically, rathernhzeing influenced by subjective
aspects like aesthetic, perceptual, or sensor@urfes, which is also a common
situation even for technological products (carsnobile phones, for instance). In
the situation under consideration here, the conswmile mostly be satisfied or
dissatisfied in post-purchase behavior (usagebhigstage, consumers utilize the
product and the result affects future buying decisand brand loyalty. What
determines whether the consumer is satisfied satsfied with a product lies in
the relationship betweewnonsumer expectationand the product'sperceived
performancesn practical usage situationwith a given level of user skills. If the
product falls short of expectations, the consunsedisappointed; if it meets
expectations, the consumer is satisfied; if it exdseexpectations, the consumer is
delighted. However, measurement of the relationshiplatively complicated due
to the variety of consumer expectations under ghiffeusage contexts. This is a
challenging research topic from the designer’s pofrview. Such measurement
during the product design or redesign process @oitant in design research and
has promising potential.

Therefore, based on the marketing proposition osamer’'s expectations and
product’s perceived performances; we define consumiteria for the decision to
buy or not. One criterion is based on the measunemwiethe adequacy between
usage and product. Consumers can makmwerage — efficient compromised
choice with the index which increases with perceived penfamces and
adaptation of their expectation, and decreasesoakigt price rises. The values of
the performances and price are normalized by themdla (10). This
normalization will have a value between [0, ¥};,. IS the greatest value of
from all the usage scenarios studied.

)= —
YMax

(10)

10



The normalized user’s decision ind€X is given by formula (11) below. It
takes the value [0, 1] and reflects a compromisgsam between expectations,
adequacy and economy. The product from all Rhé=1,..,K) alternatives that
produces the maximuil is the most adapted product for the given usageegb
and the given user.

|UCI| X |Performance|

Cl = -
|Price|
EfficientCh(User) = maxp,(CI) (11)
— max |UCI| X |Samax| X |Pcommin|
Pi |Price|

5. Experimental and simulation results

5.1. Power Tool - Jigsaw Family

In this section, we apply the usage coverage irtdegheck if a given jigsaw
product family matches the target usage market. Wélé expected usage is “to
cut wooden boards of different materials and dingerss.

We start with the issue of an existing scale-bdsedlly of 4 Bosch jigsaws
(from P1 i.e. PST 650 to P4 i.e. Bosch PST900 laet&), each with increasing
power, weight and price. However, their dimensiguelameters are the same as
shown in tables 2 and 3.

Table 2 The products in Bosch jigsaw family

P1 P2 P3 P4
PST 650 | PST 700 PE| PST 800 PEL| PST 900 PEL
Models @\ 9 g g
i 1
Power @,,): 120W 180 W 200 W 250 W
Weight (yy): 1.5 kg 1.8 kg 2 kg 2.2 kg
Price @.): 50 € 80 € 100 € 130 €

Tunable stroke frequency) 8.4 —45 3

Table 3Jigsaw dimensional design parameters (same vabuesl oroducts P1 to P4)

Variables Value

A Blade translation 0.018 m
H, Wrist positionheight 0.22m
L, Wrist positionlength 0.09m

0, Slider originposition 0.03m

Ly Slider length 0.13m

n Number of teeth 18

0; Teeth originposition 0.015m
L¢ Teeth length 0.068 m
H, Teeth height 0.002 m
W, Teeth width 0.0012 m
s Stepbetween two teeth 0.004 m
a Rake angle of teeth 18°

The variables cited in Table 3 Jigsaw dimensioredigh parameters) can be
clearly discerned in figure 10 in the appendix. Tieéations are established
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between performance¥ and X, E and C; through a series of intermediate
variables which in this case are mainly forcesgues and speeds. The usage
coverage model of the jigsaw design is represeimdeg. below. A physics-
based analysis of these variables is detailed iappendix parts 2 and 3.

Design parameters
X={P,mf, A
H,L,, 0L d,n,O0;,

Ly, He, W, s, a,n}
L, Performances
e Y = {Cut_ok, Sa,Pmmfort}

l Intermediat
variables A l
Usage Usage Ufeasible
Uneedea COMposed of —e subset ofU,,zeged

usage context®; with
15 = i 1 58 i )

User-related parameters
Cs = {Gender, Skill}

Fig. 4 Variable screening for the jigsaw usage coveragdeating problem

5.2. Generic usage context space for cutting wooden board usage

In usage context variable spa€g., p), the difficulty of succeeding the cutting
wooden board usage increases as the density ackheélss of wooden board
increase. The users can probably have a usagettrigcavooden board with
density between [400, 900] kglmwhich is an interval of current natural wood
densities. And typical board thicknesses lie witfdm02, 0.05] m. The given
jigsaw products P1, P2, P3, P4 have different perdmces for a given user type.

We suppose that in the target market there ar@é&stgf typical usergemale
Beginner (U0), Female Medium (U1l), Female ProfesasiqU2), Male Beginner
(U3), Male Medium (U4)andMale Professional (US)Each user type may not
know exactly what kind of usage situation he/she ld/@ncounter when cutting
wooden board. So, the calculation is based on niieeepossible usage context
space — in this cas¢400,900] x [0.02, 0.05].

5.2.1. Product family assessment under UCI criterion

Under the usage coverage index, value increast® asass of product increases.
For the above usage context space, a process @etiligtion is applied. The
process takes the granularity steps of 10 kg/mdemsity and of 0.001 for
thickness.

The graphic of coverage is shown in figure 5 aftdculation of theJCI index.
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Female Beginner UseU() Other User1-U5)

UG, PA4

W15, P14

|/ No available product

7 P4

I . P3

100%
90% |-
80%
70% [
60%
50% [
40%
30% [
20%
10%

0%

—*—ker 0
—*—lker 1-5

7

P1 P2 P3 =1}

Fig. 5 lllustration of usage context coverage increasth whe power capacity of the product
family

For example, from the above curve in figure 5 aathf Table 4, it can be
seen that product P1 covers 30.41% of the usagexisnof given user types.
This value increases to 71.17% for product P2. Heweproducts P3 and P4 see
respectively increases of around 10% and 15% coedpartheir predecessors, P2
and P3. For éemale beginneuser in particular, the maximum forces that shre ca
deploy are already at their maximum and thus lifm& usage context coverage,
which means that she would not be able to succedtia extremely difficult
usage scenarios even with a more powerful prodsetthe UCI of the most
powerful product P4 does not increase at all coegpao P3. So undedCl
criteria, for most user types, product P2 can fyatieost of their usage contexts.
For skilled users, the increasibigC| by product P3 to P2 adds little for that by P4
to P2.

Table 4 UCI values for 6 user types and 4 products

UCl Female Male
User0 Userl User2 User3 User4 Userb
Beginner | Medium | Prof. Beginner | Medium | Prof.
P1 30.41% 30.41% 30.41% 30.419 30.41% 30.41%
P2 71.17% 71.17% 71.17% 71.179 71.17% 71.17%
P3 78.26% 80.29% 80.29% 80.299 80.29% 80.29%
P4 78.44% 95.00% 95.00% 95.009 95.00% 95.00%%

Although some of theUCI values are identical for a given product with
different user types, the other performances, sscthe maximum advance speed
which can be attained by the user, are not iddntfica example, the maximum
advance speed, 4, With product P1 is shown below for the 3 typedarhale
user. Even if th&JCI stays the same§, (m/s) performance varies.

User Type O, P1 User Type 1, P1 User Type 2, P1
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Fig. 6 —Variation of maximum advance spe&g (m/s)

5.2.2. Product family assessment under consumer choice

The decision indexCl value of a user typblale Professionalvith a jigsaw P1 is
illustrated in Fig.7.

Density p

Thickness

Fig. 7 Decision index for entire usage context spabéale professional useandjigsaw P3

The typical users’ decision to choose an apprapiigsaw of a given product
family is based on an average value of the decisidexCl , as shown in formula
(12), from their entire possible usage context sgcshown in Figl above. We
refer to this as th®ensity-Thicknesspace. In formula (12), all decision index
CI's on discrete usage scenarios in usage contekesp@ integrated — under a
hypothesis of equal weight for normalized usage exdnspace, since here we
consider that the micro usage scenarios are nofidimated by user type.

L cr-dTdp [P0 (00 CI - dT,dp

400 Y0.02

¢y = I, J, dT.dp 500 x 0.03 12)
Table 5 User decision index]) for 6 user types in target market

Female Male

User0 Userl User2 User3 User4d Userb5

Cly Basic Medium | Prof. Basic Medium | Prof.

P1 0 0.0157 0.0653 0 0.0372 0.0856
P2 0 0.0123 0.0763 0 0.0340 0.1057
P3 0 0.0109 0.0677 0 0.0301 0.0947
P4 0 0.0104 0.0644 0 0.0288 0.0908
Choice | no P1 P2 no P1 P2
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Under the integrated decision index values, thet mdsquate products to target
user types are listed in Table 5. No product amibveggiven product family is
appropriate for the two beginner user types.

For the two types of beginner user (User0O, Uset8se is no choice under
usage coverage, performance and economic tradedtéri@, because the
maximum torque in a user’s wrist is always attairiedaximum advance speed is
desired.

5.2.3. Conclusion of the two assessments

According to the assessment from 5.2.1, the giverdyxt family is not well
positioned in relation to the 6 types of user ie tharket. Product P3 may be
excluded from the family, because the gain of usaggext coverage by P3 to P2
is less significant by that of P4 to P2. P1, P2s@4e the target market well. And
P4 is especially useful for skilled users.

Concerning perceived performances and the econdastors, discussed in
5.2.2, the 6 types of user would prefer productaid P2 for their generic usage
context.

5.3. Simulated panel of users with usage scenarios

In this section, the user’s usage scenarios aresepted as discrete domains, for
example a panel of users with different usage saenaacingK products in a
family which perform the same service with minostthctions between them.
This representation reveals a potential targeteisaayket.

These typical usages in the market are represeaged structure of usage
context map. Each user is defined by a set of usegearios. Users are supposed
to be representative of the market. The usagesdoh user are weighted with a
occurrence frequency of usage contex}. Table 6 gives an example ldf users;

each one gets#V,, usage scenarios.

Table 6 Consumers’ Usage scenario Map

User Id Usage; Usage, Usagen
User 1 Eqa1 (Wap) E12 (Wio) Erne (Wang)
User 2 Ez1 (Woy) Ezo (W22) Eonz (Wan2)
User 3 Ez1 (Wsp) Eaz (W32 Esns (Wane)
User M Emz (Wn1) Enmz (W) Evnm (Wiinm)

The numbers of different usagés for a usei =1,...,M may vary for the
different userd. And the relative weights of each usage conterukhrespect
equation (13).

N;
Z. 1Wl]=1,Wlthl=1,,M (13)
]:

For each ProducP, and usei, a series ofN; user decision indice<() and
usage context coverage indic&i(() is then calculated. And a tot@l, UCI for
useri’s multi-usagesN; by a productP, can be calculated using formula (14).

N;
CIik = z (Cll]kwl]) ) withi = 1, ,M (14)
j=1
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For examplelf a Female Basic User wants to cut a hard wodmend (such as
oak) of 0.035m thickness, a medium wooden boardh(sas pine) of 0.050m
thickness, and a soft wooden board (such as plywob@d)015 m thickness, each
usage scenario will be given relative weighted ingooee. She has 4 Bosch
jigsaws listed in table 4 to choose from.

If we consider these 3 usage scenarios with usagerm@nce frequencies
wi, Wy, w3, then this user will choose the product with a mmaxn composite
decision indexCl, defined by formula (15).

3
Choice(Py) = maxp, <Z (Cljkwj)>,with k=1,23,4 (15)
j=1

5.3.1. Results and conclusion of simulations

For experimental illustration, we randomly genemafenel of 100 users from 6
different types, using a combination of gender akitl in C, variables as listed
in section 3.2. Each of the users has at most §essaith different weights. The
usages are also generated with 3 types of wood, (gedium, hard) and with a
thickness which is uniformly distributed in theental [0.010, 0.060] m. A user-
usages map is generated randomly.

The user’'s decision to choose an appropriate jiggawhis/her potential
composite usages is based on the index showntiosé&c2.2.

The given Bosch Jigsaw product family, whose feztwere listed in Table 2,
is used as a reference in Table 7 - 100% of poweight, and price. We can see
that, for a generally uniform-distributed usagensec®s case, the given jigsaw
product family corresponds to the target usage atasiell: P1 takes 30% of the
market share, P2 41%, P3 6%, and P4 17%, with @¥lyof users unable to find
an appropriate jigsaw for their specific usage ages. Products P1, P2, and P4
take in total 88% of the market share, while P3edundant, which was the
prediction in section 5.2.3.

Table 7 Products’ usage market share estimation

Power, Weight, Price 50% 100% 150%
P1 Average Decision Index (Cl) 0.022 | 0.141 0.164
9 Average Usage Coverage Index (UCI) | 0.035 | 0.300 0.522
P User Choice 3 30 61
P2 Average Decision Index (Cl) 0.099 | 0.156 0.158
Average Usage Coverage Index (UCI) | 0.166 | 0.522 0.698
T User Choice 24 41 32
P3 Average Decision Index (CI) 0.101 | 0.141 0.138
g" Average Usage Coverage Index (UCI) | 0.211 | 0.574 0.732
: User Choice 3 6 0
P4 Average Decision Index (ClI) 0.117 | 0.137 0.123
g Average Usage Coverage Index (UCI) | 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 ficfweduct families, scaled down
or up respectively by 50% and 150% of the powelglateand price of the given
Bosch Jigsaw product familffhey can be considered as competing or alternative
jigsaw product family compositions. The former astsof less powerful and less
expensive products. The latter is, conversely, nporeerful and more expensive.
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For the given target usage market — representdlebyser panel - the question is
whether the Bosch Jigsaw family composition is welnposed or not.

For a less powerful product family (scaled down38¢6), the percentage of
users whose usage scenarios have no adaptive ¢hdiefamily increases from
6% to 16%. The given panel of users shifts for npoeerful products P2, P4 as
shown in Fig.8. For the case of more powerful product family ([sdaup to
150%), firstly, the increase of no choice usergess significant; secondly, the
more powerful products P3 and P4 are less prefelwedo their higher price.

100% -
. 8
90% N

o

o
e

80%

70%

60%
@ P4

50%
%P3
40% P2

30% i Pl
20%

10% —

0%

50% 100% 150%

Fig. 8 The usage market shares for the jigsaw families

The above comparison reveals that the Bosch Jifganly studied covers the
target usage market quite well; however, sincepttoeluct P3 is too close to P2
and P4’s performances (similar specification) azdh@s better usage coverage
and performances for its price, and since P4 iserpomverful for extremely hard
usages, product P2 and P4 cannibalize the markiedip@3. A better composition
of products in the family can be further studiedr@agard to the target usage
market.

Similarly, we take the extreme cases — User tyfradle professional user) and
User type 0 (female basic user); each user typkface easy wooden board
cutting usage scenarios (wood type 0 or 1, thickmeawn uniformly from [0.01,
0.03]) and hard wooden board cutting usage scengmamod type 1 or 2,
thickness drawn uniformly from [0.03, 0.06]). Théoae of products of a
randomly generated group of 100 typical users witihmnposite usage scenarios is
shown in figure 9.
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Market parts for
professional user
100%
90%
80%
70%
60%
50% X
40%
w P4
30%
0% ®P3
10% P2
0% A wpl
U5 hard
X 4 2 7
P4 29 0 79
® P3 5 0 3
P2 39 17 11
#P1 23 81 0
Market parts for basic user
100%
90%
80%
70%
60%
50% X
40% w= P4
30% % P3
20% P2
10% ( @ P1
0% UO hard
X 3 3 25
@ P4 0 0 63
® P3 14 0 0
“ P2 47 18 12
# P1 36 79 0

Fig. 9 The market parts for the products in Bosch profhmily for professional/beginner user
In the left-hand chart, we can see, for professiasars cutting wooden board
usage, they prefer P4 for their difficult usagensems, and P1 or P2 for their
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easy usage scerios. This justifies the existencaf product P< A professional
user with all theange¢ of usage scenarios (columnriigy choseany of the three
products P1, P2y P4.

For the basiciser: in the right-hand charfproducts P1ad P2 are the ma
preferred. 25% odlifficult usage scenarios cannot be servy any product in th
family. P3 can alo besubstituted by either P2 or P4.

6. Conclusions

Dickson in 198: [44] pleadedfor a renewal of marketir research in bette
segmenting by uage situations:A recent compieensive stat of the art review ¢
market segmention concluded that the field has become ixed in its ways an
that new concepalizations of the segmentation problem <ld be explored. On
convetion that kears examination is the equating of me segmentation with
customer segmitation. Markets can also besubdivided )y usage situatior
Although almostavery conceivable pers-based characteriic has been used
segment markei over the last decades, there has bee disturbing lack o
consideraion of the usage situation as a basis for ning product markets an
modeling consurzr choice behavior

Although the cacept of usage conteinformation is not new in marketing
research, its use design engineering, especially in helpinoduct fanily design
is relatively void The presentedsage coverage model sucsfully combines th
two aspects of pduct design process: engineering and mting researces. The
advantage comged to traditional demand estimation in neting research is t
reduce the compxity of survey and data analysis since product or produc
family may be taally innovative and does not require to biown beforehand b
customers. A pmary computation of a usa scenario 9ace and a furth
simulation of prduct (ind product family performances)ider specific usac
scenarios with sedtased techniques allow us to compute je Coverage Indice
(UCIs) which exress domain contractic— to befeasible- of usage scenario
variables. This nw physic-based simulation pcess is sumnarized in Figure 1

-

Candidate
(parameterized) product
.

Gpace of usage scenari&

Simulated customer

desired attributes/performances
(Physics-based models and/or
Human appraisal experiments)

Collection of typical \L -
ysage COf{t€Xt$ Mapping models between Feasible usage scenarioq Absolute
(or lifecycle situations) (e = simulated performances at an expected > usage coverage
\_ J and usage scenarios : quality level J indicators
X
1
c ) '
Customer demographics, 1
User skills, : Relative
meprmance bqunds, [ Competing products ) usage coverage
Preference profiles indicators

\<

Fig. 100ur new franework of Se-based Degin by usage coverage simtion

The concept cUsage Coverage Index is applied to conite usage scenaric
UCI metric is ther extended to a given product familythe form of a matrix. To
measure the quey/price tradeoff of users, we propose a us decision inde CI.
A constraint proramming technique is applied in the pros¢ of UCI calculation
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and performance estimation. Simulations with aawggamily for cutting wood
usages are implemented in the case of a produdiyfesdesign.

The experimental results show that the proposedésdhelp to evaluate the
adaptability, for a given scale-based product fgnd diverse usage scenarios in
a target market. Interesting redesign suggestiamsbe drawn from the given
indices and charts: designers can rely on thetsegukliminate redundant units in
the family. Scale-based configurations of the paotsiican be rapidly simulated
and compared to find out an appropriate seriess $hidy clearly demonstrates
the usefulness of a usage coverage model basedaapprio assess the
composition and configuration of a product familgidg.

The limits of the present design process is thaelhestablished physics-based
product model is required for the purpose of indiiNdl performance calculation.
Nonetheless most products can be studied in seffficietail, using a physics-
based model or a heuristics-based (or human apprai®del. Relations between
usage contexts and performances delivered by aiprauthese contexts can then
often be successfully established.

Forthcoming developments are presently studied. @odel may be used to
sample a given product family, considering someiottompeting families on the
market, to calculate more realistic market shdrastly, a user interactive product
selection platform might be helpful for customerbew looking for the best
adapted product or service in a store, coveringbedt his or her usage
expectations.
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Appendices

1. Jigsaw parameterization

| R

Fy [pressure force)

: U.[a!iderﬂngin’j“  Gwrist
P (stier -4 Slider gnsE:';n]
o . ! F
' g nteeth
|
: f,[ﬁ'mi::l.unfum- }, /
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_._._._.‘|!._._._._._._._._._._._._._.:I,;"_.

»
¢

A [blade Amplimde) 1*‘..... H, teeth height

Fig. 11Jigsaw parameterization: dimensions, forces, targsigeeds
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2. Intermediate variables for the jigsaw modeling

INTERMEDIATE VARIABLES (Forces, Speed)
pw (kg/m3) Wood density

u (no unit) Friction factor between thsteelandwood
F; (N) Translation force
Maximal translation forcethat can be
Frmax (N) delivered by the given user defined By
vector
E, (N) Pressure force
Maximal pressure forcéhat can be delivered
Fp max (N)

by the given user defined b, vector
M,, (N'm) Wrist torque
Maximal wrist torquethat can be delivered by

My max (N'M) | e given user defined bg, vector

E. (N) Reaction forcdetween slider and wood

Fr (N) Friction forcebetween slider and wood

E, (N) Advance force

F,; (N) Elementaryadvance forcen toothi

F. (N) Cut force

F.; (N) Elementarycut forceon toothi

H; (m) Heightof scobs

N Mean number of teeth cutting wood at any
m moment

S. (m/s) Meancutting speed

S:(t) (m/s) Instantaneousutting speed

S (t) (m/s) Instantaneouadvance speed

3. Other relations for the jigsaw physics

Geometrical relations

In the upper position of the blade, the upper ta®t#iways above the slider is
expressed by:

0, >0 (1)

The lower tooth in the upper position is below kimer wood stick plane
(teeth are cutting all along the thickness at anyn@nt of the cutting period):

‘e [1 +2n n+1
2f 7 f
The useful length of the blade, is proportional to steg and the number of
teethn minus 1:

:I’nEN:Lt_OtZTC (2)

Le=(mn—-1)-s 3)

Static relations

All the forces are non-negative (by constructionFogure 11). And the slider
is always touching the wood surface. Then:
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F,>0,F,>0,F=>0 (4)

The forcesF, and F, delivered by the user onto the jigsaw tool can be
modeled as intervals of possible values which arenbed by the maximum
allowable translation forc&,, and pressure forcg, ,,,x a user can afford:

F; € [0, Fy max), By € [0, F, max] (5)

As previously seen with Table 1, these maximal vedlole bounds are
dependent from the user gender and the user skill.

The horizontal force equilibrium (advance acceleratis neglected) is
expressed by:

F,=F,—F (6)

In the following, we assume th&t may be considered as a constant entry
force, imposed by the user.

The friction force between the jigsaw slider ane #ood is expressed by:
Fr=F-u (7)
The vertical force equilibrium is expressed by:
E,+mg+F. =F (8)

The momentum equilibrium at wrist position providdé® expression of the
wrist torque:

T.
My, = Fy (Hy + ) + EoLy + FyHy = (d + L)F, ©

In the same manner, the torque in the user wiist is bounded by a maximal
allowable torque the user may support expresséabie 1.

The position of the reaction force of the slidersinstay inside the slider
surface area so as to avoid for the jigsaw todligo

de [05 — Ly, 05] (11)

Cutting technological relations
The minimal teeth number for a successful cut is 3:

Tc > 3s (12)

The mean number of teeth cutting wood at any monsestpressed by:
N,, = — (13)

The elementary advance for¢g, on a tooth i is provided by:
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Foi = (14)

Fq
N,

This equation means th&t; is constant. During the cutting phase, when the
blade is ascending, a cutting relation exists betwle elementary advance force
F,(t) on a tooth i and the scobs heidghi(t). As F,; is constant, therH, is
constant when the blade ascends and the relation is

e [1 +2nn+1
2f ' f
= W,pw(HgA; + A2)9A1(35_a)

],nEN:>Fai (15)

This equation was found based on experimental measf H,; for different
types of wood and teeth (i.e., different valueswfp,,Hq,a). The three4;
coefficients have been found experimentally:

Ay = 0.01,4, = 272000,4; = 0 (16)

Finally, we obtain from (15) and (16) the followimglation betweernH,; and
Fai:

Fai
H; = 17
47 2720000, p,,e00135-) (17
As well, a constraint should be:
Hd <s (18)
During the descending phase, the scobs heightas ze
n 1+ 2n
- = 1
t€e 7 2f ],nEN::»Hd(t) 0 (19

The Elementary cutting force on a tooth during ¢b#ing - ascending - phase
is:
F.; = W,p,,(60000H, + 20)e%0135-®) (20)

This equation has also been found experimentatiythe same manner, the
cutting force is not dependent of time.

During the descending phase, the cutting force imaily due to the friction
between the teeth and wood:

Fop=—Fg - (21)
The resulting cut force is given by:

F.=F.,-N, (22)

Kinematic relations
The mean cutting speed for a forth and back obtade (i.e.A) is:
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S. = 2Af (23)
The instantaneous cutting speed has a sinusoidal for
S.(t) = 2Af sin(2mft) (24)
It can be inferred that the maximal cutting speed i
Semax = 2TAF (25)
The instantaneous advance speed during the desgeptutse is null:

n 1+ 2n

t € f,T,nENZZ’Sa(t)=0 (26)

The instantaneous advance speed during the cutdsgending - phase is (see
similar triangles on Figure 11):

1+2n n+1 — _Has®
¢ [zf,f],nEN:Sa(t)— 27)
The mean advance speed during one time period is:
During
‘e n 1+ Zn]
f2f (28)
we get
2H;fA
o _2Haf

a s

Power relations

During the cutting phase, the power provided by ehgine
and the hand must be enough to cut the wood, then: (29)

Pm + (Ft - Ff - Fa) : Sa(t) = Fc(t)SC(t)
Given thatF, — Ff — F, = 0 (advance acceleration neglected), then we obtain:
by 2 Fc(t)Sc(t) = F.S.(t)

And consequently,
Py = F;max(Sc(t))
leading to:

(30)
P, = F, - 2mAf
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F; (wanslaticn force) }).[F; F,, (advance ﬁm}}..[h‘,. (Height of scobs)

‘l.

Fr {(fnction force)

F, (pressure force) [F (rescnion ﬁ'ﬂ-‘)Hﬁ Eﬂﬂ ﬁll‘-'tJJ

Performance ¥
Cul‘_a.&..'i...s'gﬁ] {advance

[S,..,S,{t] {cutting speed }J
F iR
E ( [ (stroke fraquency) )
: (A{Hademlmm

Fig. 10Causal relations between the variables of the usagerage modeling issue of a jigsaw
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