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Abstract

Soft w are pro duct lines (SPL) and agile metho ds share the common goal of rapidly

dev eloping high qualit y soft w are. Although they follo w di�eren t approac hes to ac hiev e

it, some synergies can b e found b et w een them b y i ) applying agile tec hniques to SPL

activities so SPL dev elopmen t b ecomes more agile; and ii ) tailoring agile metho d-

ologies to supp ort the dev elopmen t of SPL. Both options require an in tensiv e use

of feature mo dels, whic h are usually strongly a�ected b y c hanges on requiremen ts.

Changing large�scale feature mo dels as a consequence of c hanges on requiremen ts is

a w ell�kno wn error�prone activit y . Since one of the ob jectiv es of agile metho ds is a

rapid resp onse to c hanges in requiremen ts, it is essen tial an automated error analy-

sis supp ort in order to mak e SPL dev elopmen t more agile and to pro duce error�free

feature mo dels.

As a con tribution to �nd the in tended synergies, this article sets the basis to pro-

vide an automated supp ort to feature mo del error analysis b y means of a framew ork

whic h is organized in three lev els: a feature mo del lev el, where the problem of error

treatmen t is describ ed; a diagnosis lev el, where an abstract solution that relies on

Reiter's theory of diagnosis is prop osed; and an implemen tat i o n lev el, where the

abstract solution is implemen te d b y using constrain t satisfaction problems (CSP).

T o sho w an application of our prop osal, a real case study is presen ted where the

F eature�Driv en Dev elopmen t (FDD) metho dology is adapted to dev elop an SPL.

Curren t prop osals on error analysis are also studied and a comparison among them

and our prop osal is pro vided. Lastly , the supp ort of new kinds of errors and di�eren t

implemen ta t i o n lev els for the prop osed framew ork are prop osed as the fo cus of our

future w ork.

Keywor ds: feature mo dels, agile metho ds, error analysis, theory of diagnosis, con-

strain t programmin g
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1 In tro duction and Motiv ation

The so�called agile metho ds ha v e arisen to face up to the problems that tra-

ditional , he avyweight soft w are dev elopmen t metho dologi es ha v e not satisfac-

toril y solv ed y et. Agile metho ds pursue some main goals whic h are describ ed

in the A gile Manifesto (F o wler and Highsmith, 2001), where a n um b er of k ey

c hanges to traditi o nal soft w are dev elopmen t are prop osed. F or example: fo cus-

ing the e�orts during dev elopmen t in the in teraction with customers through

w orking soft w are; collab ora t i ng with customers during dev elopmen t instead of

negotiati ng con tracts at the b eginning of dev elopmen t; adapting soft w are to

c hanging requiremen ts, etc. In other w ords, the aim of agil e metho ds is pro-

ducing high�quali t y soft w are pro ducts in less time and cost than using tra-

ditional soft w are dev elopmen t metho dologi es b y reducing unneces s ary tasks

and increasing pro ductivit y .

On the other hand, the softwar e pr o duct line (SPL) approac h in tend to dev elop

a set or famil y of soft w are pro ducts within a concrete applicati o n domain.

In a SPL, soft w are pro ducts are dev elop ed from a set of shared, common

assets �the c or e assets � and a set of pr o duct�sp e ci�c assets . The core�assets

dev elopmen t pro cess is kno wn as domain engine ering whereas the pro duct�

sp eci�c assets dev elopmen t pro cess is kno wn as applic ation engine ering (P ohl

et al., 2005).

Although b oth approac hes are v ery di�eren t from eac h other, they share the

aim of reducing dev elopmen t time and cost while qualit y is not compromi sed,

ev en increased. Our exp erience applying b oth approac hes separately has made

us think that is p ossible to �nd some synergies b y sharing some practices and

tec hniques so that SPL dev elopmen t b ecomes more agile and agil e metho ds

can adopt an SPL�lik e orien tatio n.

Considering the agilization of SPL dev elopmen t, this article is fo cused on pro-

cesse s related to the so�called fe atur e mo dels , whic h are used to describ e the

pro ducts in an SPL and are in tensiv ely used in SPL dev elopmen t (see Section

2.1). F or example, Czarnec ki et al. (2005) and So c hos et al. (2004) prop ose in-

ferring the core arc hitecture from feature mo dels; Batory et al. (2004) prop ose

using fe atur e�oriente d pr o gr amming (F OP) to impl em en t an SPL decomp os-

ing the arc hitecture in to features and automati cal l y deriving pro ducts from

a selection of their features; Bena vides et al. (2005) use feature mo dels to

supp ort decision making during pro duction.
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As man y pro cesses in SPL dev elopmen t use feature mo dels, applying some

agil e principles to frequen t op erations on feature mo dels can mak e SPL dev el-

opmen t more agile , esp ecially during the domain engineering pro cess in whic h

large�scale feature mo dels m ust b e dev elop ed. As Kang et al. (1990) stated

in the F e atur e�Oriente d Domain A nalysis (F OD A) rep ort, an imp ortan t task

when using large�scale feature mo dels e�cien tly is c hec king that they con-

tain no errors after the in tro duction of c hanges, something that cannot b e

p erformed man uall y . Despite of the need of automati c supp ort for error anal-

ysis in feature mo dels, there is a lac k of prop osals that fo cus on pro ducing

error�free feature mo dels (see Section 7). T aking all this in to consideration,

pro viding automated supp ort for feature mo del error analysis can b e consid-

ered as needed step to w ard the agil i zati o n of SPL dev elopmen t.

The other synergistic approac hed tak en in to consideration is tail o r i ng an ag-

ile metho dology to in tro duce SPL orien tatio n. F or that purp ose, the agil e

metho dology that �ts b etter with the principles of SPL has b een c hosen.

Will i a m s (2004) compares 4 agil e metho dologi es (XP , FDD, SCR UM and

Crystal) and concludes that FDD is the agil e metho dology that has the most

thorough analysis and design practices. FDD decomp oses the customer re-

quiremen ts in terms of features to obtain a list of features. An iterativ e and

incremen tal pro cess is de�ned to dev elop one or more features from the fea-

tures list and constan tly deliv er the soft w are to the customer in t w o�w eeks

iteratio ns. After eac h iteratio n and dep ending on the customer's feedbac k, the

list of features is review ed. The prop osed SPL orien tatio n of FDD is based on

three common p oin ts:

� SPL and FDD decomp oses the soft w are in terms of features.

� The list of features and feature mo dels are ev olutionary as they are con-

stan tly review ed.

� FDD in v est an imp ortan t e�ort in analysis and design and agil i t y is in tro-

duced in the t w o�w eeks iteratio ns.

In tro ducing feature mo dels in FDD to supp ort SPL principles also impl i es that

whenev e r a feature mo del c hanges in an iteratio n, it m ust b e c hec k e d to b e

error�free. As men tioned b efore, this is an error�prone activit y esp ecially when

dealing with large�scale SPLs. Therefore, an automated supp ort for feature

mo deli ng is also needed to adapt FDD to SPL principles.

In conclusion, a �rst step in com bining SPL and agil e metho ds, indep enden tly

from the alternativ e c hosen, impl i es the need of an automated tec hnique sup-

p orting the pro duction of error�free feature mo dels.

Despite of the demand of the F OD A rep ort for an automated supp ort to

pro duce error�free feature mo dels and y ears after it w as published, this de-

mand still remains and has only b een partial l y dealt with. Previous w orks suc h
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Figure 1. F eature mo del error treatmen t framew ork

as (Mannion, 2002; v on der Massen and Lic h ter, 2004; Czarnec ki and Kim,

2005; Raatik ai nen et al., 2005) ha v e partial l y dealt with detecting errors in

feature mo dels. Apart from Batory (2005), few of them ha v e fo cused on the

imp orta nce of pro ducing error�free feature mo dels, including the p ossibili t y

of pro viding explanations to the mo deler so that errors can b e detected and

remo v ed in an agil e w a y . The w ork presen ted in this article con tributes to

automati ng the error treatmen t in feature mo dels b y mo deli ng the problems

of detecting and explaining errors and pro viding op erational solutions to b oth

of them. In this w a y , w e think feature mo deli ng can b e agil i zed, a step to w ards

SPL agil i zi ng.

This article prop oses automati ng error treatmen t of feature mo dels using a

thr e e�level fr amework , whic h is depicted in Figure 1. The fe atur e mo del level ,

whic h describ es the problem of detecting and explaining errors in feature mo d-

els, is presen ted in Section 3. In Section 4, the diagnosis level , whic h maps

feature mo dels on to diagnosis mo dels using the ory of diagnosis to formal l y

describ e the problem of detecting and explaining errors, is describ ed. In Sec-

tion 5, the implementation level , whic h impl em en ts the diagnosis lev el using

constrain t satisfaction problems, a descriptiv e tec hnique that can b e solv ed

using o��the�shelf solv ers, is describ ed. A dditional l y , Section 2 presen ts some

prelimi nar i es where feature mo dels are brie�y describ ed and some basic con-

cepts of theory of diagnosis and constrain t satisfaction optimi zati o n problem

are in tro duced. In Section 6 w e v alidate our prop osal b y applying it to a real

case study . Section 7 summari zes the related w ork on automated treatmen t

of errors in feature mo dels. Final l y , Section 8 sho ws some conclusions and the

paths to foll o w in our future w ork in error analysis and agil e soft w are pro duct

line.
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2 Preli m i nari es

2.1 F e atur e Mo dels

As brie�y commen ted in Section 1, feature mo dels are a widely used notation

to describ e the set of pro ducts in a soft w are pro duct line in terms of features.

In feature mo dels, features are hierarc hicall y link ed in a tree�lik e structure

and are optional l y connected b y cross�tree constrain ts. An example on ho w

feature mo dels are depicted is sho wn in Figure 2, where the feature mo del

describ es a Home Inte gr ation System (HIS) pro duct line.

HIS
(root)

supervision 
systems

control services

fire intrusion flood

light control temperature

appliances 
control

internet
connection

video on 
demand

adsl wifiplc

Or-Relationship

R2 R4

R3

R5
R6

R7
R8

R9

R10 R11

R12

R13

Alternative

Mandatory Feature Optional Feature

Requires Excludes

Choose1+

Choose1

Figure 2. Home In tegration System (HIS) feature mo del diagram

Although there are man y prop osals on the t yp e of relationships and their

graphical represen tation in feature mo dels (see the w ork b y Sc hobb ens et al.

(2007) for a detailed surv ey), the most usual relationshi ps are the foll o wi ng:

Mandatory A child fe atur e is mandatory when it is required to app ear when-

ev er its p ar ent fe atur e app ears. In the example, R10 is a mandatory rela-

tionship b et w een control (the paren t feature) and temperature (the c hild

feature), i.e. whenev e r a temp erature con trol is presen t in a pro duct, there

m ust b e a con trol system in that pro duct.

Optional A c hild feature is said to b e optional when it can app ear or not

whenev e r its paren t feature app ears. In the example, R9 is an optional rela-

tionship b et w een control and appliances control , i.e. the appliances con-

trol feature can b e optional l y c hosen whenev e r there is a con trol system in

a pro duct.

Or�relationshi p A set of c hild features ha v e an or�r elationship with their

paren t feature when one or more c hild features can b e selected when the

paren t feature app ears. Relatio nshi p R11 in Figure 2 is an or�relati o nship

where whenev e r services is selected, video on demand or internet connec-

tion or b oth m ust b e selected.
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Alternati v e A set of c hild features are said to b e alternative when only one

of them m ust b e selected when their paren t feature app ears. Relatio nship

R12 is an alternativ e relation in Figure 2, where adsl , plc or wifi in ternet

connections m ust b e selected but only one of them in a single pro duct.

Requires, Excludes A cross�tree relationshi p lik e A requires B means that

in an y pro duct where feature A app ears, feature B m ust also app ear. On

the other hand, a relationshi p lik e A excludes B means that b oth features

cannot app ear in the same pro duct at the same time. In the sample feature

mo del, plc cannot app ear in a pro duct if light control app ears and vice

v ersa.

2.2 The ory of Diagnosis

The w ell�kno wn the ory of diagnosis prop osed b y Reiter (1987) has b een widely

used to diagnose systems�esp e c ially electronic circuits�, i.e. to determine

whic h system comp onen ts, if an y , mak e the system b eha v e abnormall y .

In Reiter's theory of diagnosis, a system is mo deled as a pair ( SD ; COMPS )
where COMPS is the set of system comp onen ts and the system description

( SD ) is a set of predicates de�ning the b ehavior al and structur al mo dels of the

system. In the b eha vioral mo del, the normal b eha vior of system comp onen ts

is describ ed as logi cal impl i cati o ns of the negation of their abnormal b ehavior ,

denoted as A b ( c ) where c is a system comp onen t. Ob viously , the negation of

an abnormal b eha vior is considered as a normal b ehavior .

As an example inspired b y the one dev elop ed b y de Kleer et al. (1990), let us

consider the t w o�in v erter circuit in Figure 3. An in v erter is an digita l electronic

comp onen t that in v erts its input, i.e. it outputs 1 when its input is 0 and vice

v ersa. As the reader can imag i ne, the normal b eha vior of the circuit in Figure

3 is outputting its input since is a double in v ersion, i.e. in ( I 1) = out ( I 2) .

F oll o wi ng Reiter's theory of diagnosis, the system comp onen ts can b e mo deled

as COMPS = f I 1; I 2 g, represen ting the t w o in v erters. Assuming an in v ersion

function inv : f 0; 1g ! f 0; 1g suc h that inv (0) = 1 and inv (1) = 0 , the

b eha vioral and structural mo dels, i.e. the system description SD , w ould b e

the foll o wi ng :

I1 I2
in(I1) in(I2)

out(I1) out(I2)

in(I1) in(I2)
out(I1)

out(I2)

0 0

0

1

1 1

Figure 3. The t w o�in v erters circuit and its normal b eha vior
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SD = f: A b ( I 1) ) out ( I 1) = inv ( in ( I 1)) ; [b ehavio ral mo del ]
: A b ( I 2) ) out ( I 2) = inv ( in ( I 2)) ; [b ehavio ral mo del ]
out ( I 1) = in ( I 2) g [structural mo del ]

In Reiter's theory of diagnosis, in order to diagnose a system a set of ob-

serv ations OBS , express e d as predicates, is needed. F or example, a set of

observ ations for the t w o�in v erter circuit �denoting an abnormal b eha vior�

could b e f in ( I 1) = 0 ; out ( I 2) = 1 g. In this con text, a Reiter's diagnosis of

( SD ; COMPS ; OBS ) is de�ned as a mini m a l set of comp onen ts with abnor-

mal b eha vior, denoted as � . In other w ords, � � COMPS is a diagnosis of

( SD ; COMPS ; OBS ) if the foll o wi ng set of predicates is consisten t and � is

mini m a l :

SD [ OBS [ f A b ( c ) j c 2 � g [ f : A b ( c ) j c 2 COMPS � � g (1)

If the system b eha v es normall y , then � = ? and the foll o wi ng set of predicates

is consisten t:

SD [ OBS [ f : A b ( c ) j c 2 COMPS g (2)

F oll o wi ng with the t w o�in v erters example and the former example observ ation,

to c hec k if the system b eha v es normall y , i.e. if � = ? , the foll o wi ng set of

predicates m ust b e v eri�ed to b e consisten t:

f : A b ( I 1) ) out ( I 1) = inv ( in ( I 1)) ; [SD ( b ehavio ral mo del )]
: A b ( I 2) ) out ( I 2) = inv ( in ( I 2)) ; [SD ( b ehavio ral mo del )]
out ( I 1) = in ( I 2); [SD ( structural mo del )]
in ( I 1) = 0 ; out ( I 2) = 1 ; [OBS ]
: A b ( I 1); : A b ( I 2) g [: Ab ( c ) j c 2 COMPS ]

In this case, the previous set is not consisten t. That means that there are

comp onen ts in � that mak es the system b eha v e abnormal l y . A naiv e algori t hm

to iden tify the comp onen ts with abnormal b eha vior is to c hec k all elemen ts in

the p o w er set of comp onen ts P COMPS against form ula (1) and select those

whic h are mini m a l . In the example, P COMP = f ? ; f I 1g; f I 2g; f I 1; I 2g g and

t w o diagnoses, � 1 = f I 1g and � 2 = f I 2g mak e form ula (1) consisten t and are

mini m a l . That means that only one of the in v erters fail s, but not the t w o of

them sim ulta neously .

There are man y di�eren t tec hniques to diagnose a system based on Reiter's

theory of diagnosis. In Section 5 w e sho w ho w to use constrain t satisfaction

problem solv ers to diagnose feature mo dels, applying the concepts describ ed

in this section.
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2.3 Constr aint Satisfaction Optimization Pr oblems

A Constr aint Satisfaction Pr oblem (CSP) is a declarativ e paradigm to mo del

and solv e problems using c onstr aints (T sang, 1995). A CSP is de�ned as a

3�tuple ( V ; D ; C ) where V is a set of v ariables, eac h ranging on a �nite

domain from set D , and C is a set of constrain ts restricting the v alues that

the v ariables can tak e sim ulta neously . A solution to a CSP is an assignmen t to

eac h v ariable of a v alue from its corresp onding domain so that all constrain ts

are satis�ed sim ulta neously . In the common usage of CSPs, w e ma y searc h

for: i ) just one solution, with no preference, ii ) all solutions, iii ) an optimal

solution b y means of an obje ctive function de�ned in terms of one or more

v ariables of the problem.

Consider for instance, the CSP: (f a ; b g; f f 0; 1; 2g; f 0; 1; 2g g; f a + b < 4g)
where b oth v ariables a and b tak e v alue in the domain f 0; 1; 2g and are con-

strained b y f a + b < 4g. The only v alue assignmen t that do es not satisfy

a + b < 4 is f a 7! 2; b 7! 2g, so there are eigh t solutions. Nev ertheless , if w e

replace the constrain t with a + b < 0 then the CSP is not satis�able , i.e. there

is no p ossible v alue assignmen t satisfying the constrain ts.

In man y real�li f e applicati o ns, w e do not w an t to �nd an y solution to a

CSP but a go o d one. The qualit y of a solution is usually measured b y an

applicati o n� dep enden t function called obje ctive function . In these cases, the

goal is �nding a solution that satis�es all the constrain ts and mini m i ze or

maximi ze the ob jectiv e function. Suc h problems are referred to as Constr aint

Satisfaction Optimization Pr oblems , that consist of a CSP ( V ; D ; C ) and an

optimi zati o n function O that maps ev ery solution to a n umerical v alue.

In the previous example, supp ose that w e de�ne a constrain t satisfaction op-

timi zati o n problem where the optimi zati o n function is O ( s ) = a , whic h max-

imi zes the v alue of a . There are t w o solutions in the origi nal CSP , f f a 7!
2; b 7! 0g; f a 7! 2; b 7! 1g g, that maximi zes the v alue of the ob jectiv e func-

tion and are therefore the solutions of the constrain t satisfaction optimi zati o n

problem.

There is an imp ortan t amoun t of researc h on algori t hm s and heuristics to solv e

constrain t satisfaction (optimi zati o n) problems, and the set of op erational

alternativ es is gro wing, including b oth commercial and free solv ers.
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3 F eature Mo del Lev el: Dealing with Errors in F eature Mo dels

A feature mo del is comp osed b y features and relationshi ps among them. A

feature mo del describ es the pro ducts in a SPL, considering pro ducts as sets of

selected features. Relatio nshi ps are added to reduce the set of pro ducts un til

the SPL is prop erly describ ed.

Sometim es, in tro ducing new relationshi ps in a feature mo del ma y acciden tally

remo v e some pro ducts so the feature mo del do es not describ e the real SPL. On

the other hand, the feature mo del ma y not b e correctly constrained so some

pro ducts that are not in the SPL are still k ept in the feature mo del. Therefore,

feature mo deli ng is an error�prone task where represen ting the correct SPL

in terms of features and relationshi ps is not as easy as it seems.

W e consider that an error is an incorrect de�nition of relationships that sug-

gests that the set of pro ducts describ ed b y a feature mo del ma y not matc h the

SPL it describ es. Although this de�nition could co v er man y kinds of errors, in

this article w e fo cus on three kinds that ha v e already b een considered in the

bibli o g r a ph y:

Dead features A de ad fe atur e is a non�instan tiabl e feature, i.e. a feature

that despite of b eing de�ned in a feature mo del, it app ears in no pro duct in

the soft w are pro duct line. Common cases where dead features are generated

are sho wn in Figure 4.

F ull�mandatory features A c hild feature in a non-mandatory relationship

is a ful l�mandatory feature if it has to b e instan tiated whenev e r its par-

en t feature is, i.e. it is neither an optional nor an alternativ e feature. The

most common cases are sho wn in Figure 5. F ull� m a ndato r y features usually

app ear together with dead features, as can b e observ ed for some cases in

Figures 4 and 5.

V oid feature mo dels A feature mo del is void if it de�nes no pro duct at all .

DD

D

D DD

D

D

D D D

(a) (b) (c) (d) (e) (f) (g) (h)

Figure 4. Common cases of dead features

FF

F

F

(a) (b) (c) (d) (e)

F

Figure 5. Common cases of full-mandatory features
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Figure 6. T w o steps pro cess to analyze errors

This error is commonl y caused b y con tradictory relationshi ps among manda-

tory features. V oid feature mo dels are also kno wn as inc onsistent , invalid or

unsatis�able feature mo dels (Batory et al., 2006) although this express ion

is closely related to the metho d used to detect them in the literature. As

a v oid feature mo del de�nes no pro duct, no feature is instan tiabl e. That

means that ev ery feature is dead including the ro ot. So w e can conclude

that a v oid feature mo del is the one whose ro ot is a dead feature.

Some authors (see Section 7) ha v e detected that the main complexit y of pro-

ducing error�free feature mo dels relies on mo difyi ng the righ t relationships

to remo v e the errors. If no explanation of the source of errors is pro vided,

the pro duction of error�free feature mo dels relies on the skills of the feature

mo deler. Our ob jectiv e is assisting the feature mo deler in making decisions

to pro duce error�free feature mo dels. W e prop ose the foll o wi ng t w o steps to

pro vide the feature mo deler not only the list of errors within a feature mo del

but also the explanations for the relationshi ps that cause the errors, as sho wn

in Figure 6:

(1) Detection : This step fo cuses on detecting the features that are a�ected

b y the errors from a giv en feature mo del that is receiv ed as an input.

This step searc hes for dead and full- m a ndato r y features (a v oid feature

mo del is a particular case of dead feature) and outputs a list of them.

(2) Explanation : F or eac h feature in the list pro vided b y the previous step,

all the explanations that are the origi n of the errors are pro vided. An

explanation consists of one or more relationshi ps that m ust b e mo di�ed

to remo v e an error. F or eac h error, man y explanations can b e giv en.

Using case (d) in Figure 4 as an example, the excludes relationship is

an explanation for the dead feature b ecause it can b e remo v ed to solv e

the error. The mandatory relationshi p can also b e transformed in to an

optional relationshi p to solv e the error, so this relationshi p is another

explanation for the dead feature.

F oll o wi ng this pro cess, the feature mo deler can use the explanations pro vided

to correct the errors and pro ducing an error�free feature mo del. This article

describ es an automated supp ort for the detection and explanation of errors in

feature mo dels as a con tribution to w ard agil e feature mo deli ng .

10



4 Diagnosis Lev el: Diagnosing and Explaini ng Errors

The goal of the diagnosis lev el, as depicted in Figure 1, is transforming a

feature mo del in to a diagnosis mo del in order to detect errors and pro vide

their corresp onding explanations. This transformati o n can b e describ ed using

a cir cuit�like r epr esentation of feature mo dels, where eac h relationshi p cor-

resp onds to a comp onen t. Ev ery comp onen t or relationshi p has one binary

input p er feature and one binary output (see Figure 7). Eac h input represen ts

the presence (1) or absence (0) of a feature whereas eac h output represen ts

whether a relationshi p is satis�ed (1) or not (0). A pro duct, represen ted b y

its selected features, is an instanc e of the feature mo del if all relationshi ps are

satis�ed, i.e. if all outputs are equal to 1.

Figure 7 sho ws the circuit�l i k e represen tation of the HIS feature mo del in

Figure 2. F or example, the comp onen t represen ting the relationship R5 has

t w o inputs, supervision and fire , represen ting the corresp onding features.

If b oth features are presen t or absen t at the same time in a pro duct, the

HIS root
child out

R1

parent
child

out

supervision

services

parent

child
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fire

parent

child2

child1 out
R11

internet

video

parent

child3
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child2
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child
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child
out

intrusion R6

parent

child
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flood
R7

parent

parent
child

out

control
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child
out

light control
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R8

child
out
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child
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temperature
R10
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parent
child

out

R12

R13
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Optional
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Requires
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out
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out
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out
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out

child

child
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child
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child1

parent

child

parent

child

parent

childn

...

child1

parent

childn

...

Legend

Figure 7. Circuit�lik e represen tation of the HIS feature mo del
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R5 comp onen t outputs 1; otherwise it outputs 0, whic h corresp onds to the

seman tics of mandatory relationshi ps (see Section 2.1).

4.1 T r ansforming a F e atur e Mo del into a Diagnosis Mo del

As describ ed in section 2.2, COMPS , SD and OBS sets m ust b e de�ned to

represen t a feature mo del as a diagnosis mo del. In our circuit�l i k e represen ta-

tion of feature mo dels, the relationshi ps are considered as the comp onen ts of

the circuit to b e diagnosed. In other w ords, COMPS = f R 1; : : : ; R

n

g where

R

i

represen ts the Ri relationshi p in the feature mo del.

T o de�ne the SD set, some notation m ust b e previously adopted. All R

i

comp o-

nen ts, except those represen ting a ro ot relationshi p, ha v e one p ar ent input and

one or more child inputs (see legend in Figure 7). The express ion p ar ent ( R

i

)
denotes the paren t input of the R

i

comp onen t and child ( R

i

) denotes its c hild

input. Whenev e r a comp onen t has a v ariable n um b er of c hildren ( or and alter-

native relationshi ps), the express ion child

j

( R

i

) denotes the j

th

c hild input of

comp onen t R

i

, with 1 � j � m . F or all t yp e of comp onen ts, out ( R

i

) denotes

their output.

Once the notation is de�ned, the b eha vioral mo del of the diagnosis system

can b e sp eci�ed as sho wn in Figure 8. F or the sak e of simpli ci t y , all de�nitions

ha v e the form : A b ( R

i

) ) ( out ( R

i

) = 1 , ( b ehaviour 1( R

i

) ) ) , where

b ehaviour 1( R

i

) is a predicate relating the inputs of the R

i

comp onen t that m ust

T yp e of R

i

Beha vior

Ro ot : A b ( R

i

) ) ( out ( R

i

) = 1 , ( child ( R

i

) = 1 ) )

Mandatory : A b ( R

i

) ) ( out ( R

i

) = 1 , ( child ( R

i

) = 1 , p ar ent ( R

i

) = 1 ) )

Optional : A b ( R

i

) ) ( out ( R

i

) = 1 , ( child ( R

i

) = 1 ) p ar ent ( R

i

) = 1 ) )

Alternativ e : A b ( R

i

) ) ( out ( R

i

) = 1 , (

( p ar ent ( R

i

) = 1 ^
P

m

j =1 child

j

( R

i

) = 1 ) _

( p ar ent ( R

i

) = 0 ^
P

m

j =1 child

j

( R

i

) = 0 ) ) )

Or : A b ( R

i

) ) ( out ( R

i

) = 1 , (

( p ar ent ( R

i

) = 1 ^
P

m

j =1 child

j

( R

i

) � 1 ) _

( p ar ent ( R

i

) = 0 ^
P

m

j =1 child

j

( R

i

) = 0 ) ) )

Requires : A b ( R

i

) ) ( out ( R

i

) = 1 , ( p ar ent ( R

i

) = 1 ) child ( R

i

) = 1 ) )

Excludes : A b ( R

i

) ) ( out ( R

i

) = 1 , ( p ar ent ( R

i

) = 1 ) child ( R

i

) = 0 ) )

Figure 8. Mapping a feature mo del on to a diagnosis b eha vioral mo del
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hold when its output is 1. There is no need to include comp onen t b eha viour

when their output is 0 in SD b ecause, since all p ossible input and output

v alues are f 0; 1 g, it can b e deduced that : A b ( R

i

) ) ( out ( R

i

) = 0 ,
( : b ehaviour 1( R

i

) ) ) .

T o complete the de�nition of SD , the structural mo del that describ es ho w

feature signals and comp onen t inputs bind m ust b e de�ned. As an example,

the structural mo del corresp onding to the circuit in Figure 7 is sho wn in Figure

9.

child ( R 1) = HIS [structural mo del]

p ar ent ( R 2) = HIS

child ( R 2) = supervision

p ar ent ( R 5) = supervision

child ( R 6) = fire

� � �

: A b ( R 1) ) ( out ( R 1) = 1 , ( child ( R 1) = 1 ) ) [b ehavio ral mo del]

: A b ( R 2) ) ( out ( R 2) = 1 , ( p ar ent ( R 2) = 1 , child ( R 2) = 1 ) )

: A b ( R 3) ) ( out ( R 3) = 1 , ( p ar ent ( R 3) = 1 , child ( R 3) = 1 ) )

� � �

Figure 9. Diagnosis system description corresp onding to Figure 7

4.2 Diagnosing a F e atur e Mo del

The third elemen t in a diagnosis mo del is the set of observ ations. Diagnosing

a system relies on consistency c hec king, i.e. detecting con tradictions b et w een

the system description and a giv en set of observ ations assuming that all com-

p onen ts are b eha ving normall y . In the case of diagnosing feature mo dels, w e

assume that all relationshi ps are satis�ed, i.e. 8n

i =1 out ( R

i

) = 1 , and forcing

one or more features to b e presen t or absen t, as describ ed in the foll o wi ng

sections.

4.2.1 Diagnosing De ad F e atur es

A dead feature is a feature that do es not app ear in an y pro duct. In other w ords,

if 8n

i =1 out ( R

i

) = 1 , that feature cannot b e presen t in an y input. By translating

this concept in to a diagnosis mo del, w e can a�rm that if the foll o wi ng set of
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predicates is not consisten t, then f

de ad

is a dead feature:

SD [ f 8 n

i =1 out ( R

i

) = 1 ; f

de ad

= 1 g [ f : A b ( R

i

) j R

i

2 COMPS g

Applying the theory of diagnosis w e ma y determine all p ossible diagnoses

f � 1; � � � ; �
k

g that mak e f

de ad

b e a dead feature. Eac h �
i

is a subset of com-

p onen ts, i.e. relationshi ps in the feature mo del, that mak es the foll o wi ng set

of predicates consisten t:

SD [ f 8 n

i =1 out ( R

i

) = 1 ; f

de ad

= 1 g
[ f A b ( R

i

) j R

i

2 �
i

g
[ f : A b ( R

i

) j R

i

2 COMPS � �
i

g

In the HIS sample feature mo del, the plc feature is a dead feature b ecause

the observ ation OBS = f8 n

i =1 out ( R

i

) = 1 ; plc = 1g is not consisten t with

the system description assuming all comp onen ts are b eha ving normall y . The

reason is that the plc feature is incompati bl e with the light control feature,

whic h is a mandatory one. This situation is re�ected in the set of diagnoses

for that observ ation, � 1 = f R 3g, � 2 = f R 8g and � 3 = f R 13g, whic h indicates

that relationshi ps R3 , R8 and R13 are resp onsible of making plc a dead feature.

If R3 or R8 w ere turned in to optional relationshi ps or R13 w ere turned in to a

requires relationshi p or remo v ed, plc w ould b ecome a live feature.

4.2.2 Diagnosing F ul l�Mandatory F e atur es

A full�m a ndato r y feature is a feature that m ust b e presen t in a pro duct when-

ev er its paren t feature is, despite of b eing a c hild feature in a non�mandatory

relationshi p, i.e. optional , or�relati o nshi p or alternativ e. F oll o wi ng a simi l a r

rational e than for diagnosing dead features, it means that if R

i

is a non�

mandatory relationshi p, there cannot b e an y pro duct in whic h p ar ent ( R

i

) = 1
and child

j

( R

i

) = 0 , b eing child

j

( R

i

) the c hild input of R

i

b ound to the feature

to b e c hec k e d as full�m a ndato r y . In diagnosis terms, if the foll o wi ng set of

predicates is not consisten t:

SD [ f 8 n

i =1 out ( R

i

) = 1 ; p ar ent ( R

i

) = 1 ; child

j

( R

i

) = 0 g
[ f : A b ( R

i

) j R

i

2 COMPS g

then the feature b ound to child

j

( R

i

) is a full�m a ndato r y feature. The expla-

nations for this kind of error foll o w the same reasoning as for dead features,

i.e. determining the �
i

diagnoses.
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4.2.3 Diagnosing V oid F e atur e Mo dels

A feature mo del is v oid if there not exist an y pro duct satisfying all its relation-

ships, i.e. if it do es not describ e an y pro duct at all. This situation happ ens

when the ro ot feature is itself a dead feature, so it can b e diagnosed fol-

lo wing the dead features diagnosis rational e, i.e. if OBS = f8 n

i =1 out ( R

i

) =
1; child ( R

r o ot

) = 1 g mak es the system not consisten t, the corresp onding mo del

is a v oid feature mo del.

F or the rest of the article, v oid feature mo dels will b e considered as a particular

case of dead features and no sp ecial treatmen t will b e describ ed.

5 Implem en t ati on Lev el: Mo deling Diagnosis Problem as a CSP

One of the main adv an tages of de�ning error detection and explanation in

terms of theory of diagnosis is ha ving the problem describ ed in an impl em en-

tation�i ndep enden t w a y . In this w ork, w e prop ose an impl em en tati o n based on

constrain t programm i ng, ho w ev er an y other impl em en tati o n could b e prop osed

relying on the previous diagnosis lev el.

Our prop osal is inspired b y t w o main sources: on the one hand, Bena vides

et al. (2005) prop osed a direct mapping from a feature mo del on to a CSP

to extract informa t i o n ab out them; on the other hand, F attah and Dec h ter

(1995) prop osed a general transformati o n from diagnosis problems in to CSPs.

5.1 T r ansforming a Diagnosis Mo del into a CSP

The �rst step to describ e a CSP is determining the set of v ariables ( V ) and

their domains ( D ). In our case, w e distinguish t w o kinds of v ariables de�ned

o v er domain f 0; 1g: fe atur e variables , V

F

= f F 1; � � � ; F

m

g, corresp onding to

the features v ariables in the structural mo del of the diagnosis system; and ab-

normality variables , V

A b

= f A b 1; � � � ; A b

n

g, corresp onding to the abnormal i t y

indicators in the b eha vioral mo del of the diagnosis system.

Notice that there are no v ariables corresp onding to the outputs of the comp o-

nen ts represen ting the relationshi ps in the feature mo dels. Since out ( R

i

) = 1
is a condition presen t in all the observ ations required for diagnosing a feature

mo del, it can b e assumed that it alw a ys holds and therefore simpli f y the b e-

ha vioral mo del de�nitions from : A b ( R

i

) ) ( out ( R

i

) = 1 , b ehaviour ( R

i

) )
in to : A b ( R

i

) ) b ehaviour ( R

i

) and their corresp onding constrain ts in a simi -

lar manner (see Figure 10).
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Figure 10. T ransforming diagnosis mo del in Figure 9 in to a CSP

The second step is de�ning the constrain ts of the CSP . F or that purp ose, a

straigh tforw ard transformati o n from the structural and b eha vioral mo del of

the diagnosis system in to a set of constrain ts is p erformed, as depicted in

Figure 10 using Optimization Pr o gr amming L anguage (OPL), a widely used

language to represen t constrain t programm i ng problems (Hen tenryc k , 1999).

Notice that predicates of the form : A b ( R

i

) are translated in to a condition on

the corresp onding abnormali t y v ariable of the form A b

i

= 0 and that p ar ent

and child express ions are substituted b y the corresp onding feature v ariable in

the structural mo del of the diagnosis system.

As previously men tioned in Section 2.3, a solution to a CSP is an assignmen t

of domain v alues to the v ariables that mak es all the constrain ts hold. T aking

in to accoun t that a v alid pro duct m ust satisfy all the relationships in a feature

mo del, the deriv ed CSP can b e used to determine the set of v alid pro ducts

de�ned b y a feature mo del if the v alues of abnormali t y v ariables are all set

to zero in the constrain ts set, i.e. f A b

j

= 0 j A b

j

2 V

A b

g. All the solutions to

the resulting CSP w ould b e assignmen ts to the feature v ariables F

i

, i.e. v alid

pro duct con�gurations in whic h the assignmen t F

i

7! 1 means F

i

is presen t

in a pro duct con�guration whereas F

i

7! 0 means that F

i

is absen t.

5.2 Diagnosing a F e atur e Mo del

The k ey elemen t for diagnosing a system is the set of observ ations. As pre-

viously describ ed in Section 4.2, in order to diagnose a feature mo del, all

relationshi ps are assumed to b e satis�ed, 8n

i =1 out ( R

i

) = 1 , and one or more

features are forced to b e presen t or absen t dep ending on the kind of error to

b e diagnosed.

When the diagnosis system is transformed in to a CSP , observ ations b ecome

conditions of the form F

i

= 0 or F

i

= 1 that are added to the set of con-

strain ts, and consistency c hec king b ecomes satis�abili t y c hec king. In the next
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sections the additional constrain ts deriv ed for eac h kind of error based on the

observ ations prop osed in Section 4.2 are describ ed.

5.2.1 Dete cting De ad F e atur es

As describ ed in Section 4.2.1, in order to diagnose if a feature f

de ad

is a dead

feature in a feature mo del, the foll o wi ng set of predicates m ust b e c hec k e d for

consistency:

SD [ f 8 n

i =1 out ( R

i

) = 1 ; f

de ad

= 1 g [ f : A b ( R

i

) j R

i

2 COMPS g

T ransforming this in to a CSP impl i es that the foll o wi ng conditions m ust b e

added to the set of constrain ts of the CSP deriv ed from the diagnosis mo del:

f A b

j

= 0 j A b

j

2 V

A b

g [ f F

de ad

= 1g. The consistency c hec king is then re-

placed b y a satis�abili t y c hec king, i.e. if the augmen ted CSP is not satis�able,

f

de ad

is a dead feature.

5.2.2 Dete cting F ul l�mandatory F e atur es

In the case of full�m a ndato r y features, the transformati o n of the diagnosis

system in to a CSP impl i es that the foll o wi ng set of conditions m ust b e added

to the set of constrain ts of the deriv ed CSP: f A b

j

= 0 j A b

j

2 V

A b

g [ f F

fm

=
0g [ f F

p

= 0g, where F

fm

is the full�m a ndato r y feature and F

p

it is its

paren t feature. If the augmen ted CSP is not satis�able, F

fm

is a full�m a ndato r y

feature.

5.3 Explaining err ors

Once the errors ha v e b een detected, their causes m ust b e determined, i.e. whic h

are the relationshi ps generating the errors. In the diagnosis lev el, a diagnosis

is a mini m a l set of relationshi ps that b eha v e abnormall y and that explains the

errors in the feature mo del. T ransforming this in to a CSP , a diagnosis � is a

mini m a l set of abnormali t y v ariables � � V

A b

suc h that f A b

k

7! 1 j A b

k

2 � g
is in the set of solutions of the CSP . In other w ords, not all the solutions are

in teresting but only those mini m i zi ng the n um b er of fail i ng relationshi ps, i.e.

the n um b er of abnormali t y v ariables taking v alue 1. As describ ed in Section

2.3, the CSP for determining � sets is a CSOP in whic h the ob jectiv e function,

P
m

k =1 A b

k

, m ust b e mini m i zed.

The set of constrain ts of a CSP for determining the cause of an error is the same

than for detecting the error except that abnormal i t y v ariables are un b ound.
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F or the sample feature mo del in Figure 2, after detecting that plc is a dead

feature, the CSOP for pro viding explanations w ould b e the foll o wi ng :

( V

F

[ V

A b

; D ; C [ f plc = 1g; min

mX

k =1

A b

k

)

F rom all its solutions, and after discarding feature v ariables and abnormal i t y

v ariables taking v alue 0 �they are not relev an t for this purp ose�, three �
set are found: f A b 3 7! 1g, f A b 8 7! 1g and f A b 13 7! 1g. Since eac h abnormal-

it y v ariable is asso ciated with a relationshi p in the feature mo del, the three

explanations of wh y plc is a dead feature are � 1 = f R3 g, � 2 = f R8 g and

� 3 = f R13 g.

6 Applying our Prop osal to a Real Case

W e ha v e applied the impl em en tati o n lev el describ ed in this pap er during a

soft w are pro duct line dev elopmen t pro ject. The pro ject in tends to build a set

of Enterprise R esour c e Planning (ERP) pro ducts in the con text of SA UCE, an

en vironmen tal resources managemen t SPL. SA UCE comprises a set of pro d-

ucts to store and exploit the existing informa t i o n ab out �ora and fauna in

di�eren t riv ers. The aim of the SPL is to pro duce customized soft w are that

helps to the managemen t and conserv ation of these �uvial ecosyste ms.

As a �rst result of domain engineering activiti es, a large�scale feature mo del

w as obtained. W e foll o w ed an approac h inspired b y the FDD metho dology

to dev elop and re�ne the ERP feature mo del in t w o�w eek iteratio ns. In eac h

iteratio n the feature mo del w as review ed according to c hanges suggested b y

domain and applicati o n engineers using our F AMA to ol describ ed b y Bena-

vides et al. (2007). F AMA is an Eclipse plugin for feature mo del edition and

analysis. It has a m ulti sol v er analysis engine that p erforms op erations suc h

as pro ducts coun ting, pro ducts �ltering and commonal i t y analysis b y means

of di�eren t CSP , BDD or SA T solv ers. F AMA has b een extended to supp ort

the error analysis impl em en tati o n describ ed in this article. This w a y , F AMA

assists the pro duction of error�free feature mo dels b y detecting and explaining

the emerging errors. Some captures of the pro cess are sho wn in Figure 11. The

empirical results obtained from F AMA in eac h iteratio n are presen ted in Fig-

ure 12. Eac h ro w corresp onds to an iteratio n. Fiv e iteratio ns w ere p erformed

o v er the feature mo del and their data collected. The columns are lab eled as

foll o ws:

� #F: n um b er of features of the feature mo del.

� #R: n um b er of relationshi ps without considering cross�tree relationships,

i.e. r e quir es and excludes relationshi ps.
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Figure 11. F AMA to ol has supp orted the error detection and explanation in SA UCE

dev elopmen t

� #CTR: n um b er of cross�tree relationshi ps.

� #F C: n um b er of added plus remo v ed features resp ecting to the previous

iteratio n.

� #R C: n um b er of c hanges a�ecting the existing relationshi ps plus n um b er

of added and remo v ed relationshi ps resp ecting to the previous iteratio n.

� #CTR C: n um b er of added plus remo v ed cross�tree relationships resp ecting

to the previous iteratio n.

� #P: appro ximate n um b er of pro ducts represen ted b y the feature mo del.

� #DF: n um b er of dead features detected b y our to ol and corrected b y the

user.

� VFM: if the resulting feature mo del included an error to mak e it to b e v oid.

� #FMF: total n um b er of full�m a ndato r y features detected b y our to ol and

corrected b y the user.

In eac h iteratio n, as a conseque n c e of the c hanges in the SPL requiremen ts

and therefore in the feature mo del, new errors arose ev en when the previous

feature mo del w as error�free.

As a result of our exp erience, a high n um b er of cross�tree relationships often

hinder the engineers to k eep a record of the arising errors. Our to ol has sup-

p orted the ev olution of the ERP feature mo del easing and guaran teeing the

pro duction of an error�free feature mo del. Supp orting a quic k er ev olution of
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It #F #R #CTR #F C #R C #CTR C #P #DF VFM #FMF

1 61 56 54 - - - 3; 59� 1010
1 No 2

2 76 70 86 15 14 32 2; 96� 1013
1 No 8

3 79 73 88 3 3 2 1; 17� 1014
0 No 0

4 84 78 102 5 9 14 5; 18� 1014
2 No 4

5 86 80 104 2 2 3 1; 46� 1016
0 No 6

Figure 12. Ev olution of the feature mo del of an ERP SPL

SAUCE
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server
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Preferences Crayfish

Figure 13. ERP feature mo del

feature mo dels reduces the time in v ested on this task, allo wi ng the engineers

to concen trate in others. The feature mo del resulting from this pro cess is de-

picted in Figure 13. Notice that for the sak e of simpli ci t y w e ha v e omitt ed

part of the features on the feature mo del and all the cross�tree relationships.

7 Related W ork

Although the automated error analysis in feature mo dels w as already iden ti-

�ed as a fundamen tal task in the origi na l F OD A rep ort b y Kang et al. (1990),

few authors ha v e dealt with it. As a matter of fact, there has not b een a sem-

inal approac h to automati cal l y analyze errors in feature mo dels as far as w e

kno w.

Our in terest in automati ng error detection and explanation arose from the

w ork of v on der Massen and Lic h ter (2004), where the authors prop osed a

categorizatio n of what they call de�ciencies (referred to as err ors in this ar-

ticle) in three lev els of sev erit y: redundancy , anomal y and inconsistency . Re-

dundancies app ear when relationshi ps among features are mo deled in m ulti pl e

w a ys so they can b e remo v ed and the set of pro ducts represen ted b y a feature

mo del remains the same. In some cases, redundancies can b e in ten tional l y in-
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tro duced to emphasize a relationshi p. W e ha v e not dealt with them in this

article b ecause they do not �t in our concept of error. Anomali es app ear when

some pro ducts are lost due to a mismo del l i ng but the feature mo del still de-

�nes some pro ducts. Anomali es generate dead and full�m a ndato r y features.

Final l y , inconsistencies app ear when the feature mo del con tains con tradictory

relationshi ps remo ving a set of pro ducts (dead features) or making it imp os-

sible to deriv e pro ducts (v oid feature mo dels). Unfortunately , v on der Massen

and Lic h ter's prop osal lac ks rigorous de�nitions and no automated analysis is

suggested.

Regarding the w orks dealing with automated error analysis, w e distingui sh

b et w een those that only deal with error detection and those also coping with

errors explanation. In the �rst group w e men tion the w ork of Mannion (2002);

Zhang et al. (2004); Czarnec ki and Kim (2005).

Mannion uses �rst�order logi c to determine if a feature mo del is v oid or not,

but no other kind of error is detected. Zhang et al. suggest the use of an

automated to ol supp ort based on the SVM System (McMillan, 1992) to detect

v oid feature mo dels and dead features. Final l y , Czarnec ki and Kim prop ose

the detection of v oid feature mo dels and dead features as a margi nal result of

applying binary decision diagram s to represen t feature mo dels.

In the second group where errors explanation is dealt with, Batory (2005);

Sun et al. (2005); W ang et al. (2005) w ork on automated error explanation

but they are only able to detect whether a feature mo del is v oid or not and

whic h are the con�icting relationshi ps.

Batory translates feature mo dels in to prop ositional form ula s and uses SA T

solv ers (solv ers for prop ositional calculus) and L o gic T ruth Maintenanc e Sys-

tems (L TMS) algori t hm s. Sun et al. translates feature mo dels in to A l loy , a

simple structural mo deli ng language based on �rst�order logi c (Jac kson, 2002).

Allo y uses a SA T solv er to analyze the relationshi ps that generate a v oid fea-

ture mo del. Final l y , W ang et al. prop ose the translatio n of feature mo dels in to

an O WL DL on tology . O WL DL is a express iv e y et decidable sublanguage of

O WL (On tology W eb Language). It is p ossible to use automated to ols suc h as

RA CER, prop osed b y Haarslev and Moller (2001) and used in this case to the

automati cal l y analyze feature mo dels. A summary of the review ed prop osals

is presen ted in Figure 14.

Although not all the previous prop osals allo w the analysis of dead and full

mandatory features, this is not their main dra wbac k b ecause it is certainly

p ossible to extend them. In our opinion, the main disadv an tage of these pro-

p osals is that they lac k abstraction. It is in the sense that they are useful when

feature mo dels are analyzed using the corresp onding formal i sm s and to ols but

they are not extrap olatable to other w a ys of analyzing errors in feature mo d-
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Figure 14. Summary of prop osals for the automated error analysis of feature mo dels

els. By con trast, in this pap er, w e ha v e presen ted a more abstract prop osal,

b ecause w e use theory of diagnosis principles, a w ell�establi shed researc h �eld

with strong theoretical foundations, as a more abstract lev el of sp ecifying the

analysis of errors in feature mo dels.

Due to its lev el of abstraction, our prop osal all o ws extensions in b oth diagnosis

and impl em en tati o n lev els. Other errors can b e added in the diagnosis lev el

and impl em en ted in the impl em en tati o n lev el that can also b e de�ned using

other to ols suc h as Binary De cision Diagr ams (BDD) or SA T solv ers instead

of CSP solv ers.

New kinds of error can app ear when dealing with extended feature mo dels

(Bena vides et al. (2005); Batory (2005); Batory et al. (2006)) where feature

attributes are included in the mo del. Relatio nshi ps among attributes can also

constrain the mo del, pro ducing dead features for example. Bena vides et al.

(2005) prop osed a direct mapping from a feature mo del on to CSP that rep-

resen ts attributes. As w e ha v e prop osed a general sc hema that supp orts new

errors just b y de�ning the observ ation that detects them in the diagnosis lev el,

and an impl em en tati o n to deal with attributes already exists, w e think that

w e can extend our prop osal to supp ort errors analysis in extended feature

mo dels. This is an imp orta n t lim i t a t i o n of the other prop osals.

22



8 Conclusions and F uture w ork

W e ha v e discussed our vision on ho w SPL and agil e metho ds can come to-

gether, either b y applying agil e principles to SPL metho dologi es or b y tail o r -

ing an existing agil e metho dology to supp ort SPL dev elopmen t. Indep ende n tly

from the c hosen alternativ e, supp orting automati c error detection and expla-

nation is an imp orta n t con tribution that can b e a �rst step in bringing agil e

principles and SPL together. As feature mo deli ng is an error�prone task, an

activit y that c hec ks the feature mo del is needed. Large�scale feature mo dels

ma y con tain h undreds of features and represen t thousands of pro ducts as it

can b e seen in our example case. In these cases, an automated supp ort for

error analysis is needed as doing it b y hand is not feasible. Our prop osal sup-

p orts an automated feature mo del error analysis that is therefore, a �rst step

in our roadmap to in tegrating agil e and SPL tec hniques.

Our prop osal relies on theory of diagnosis to represen t the problem of error

detection and explanation in general terms. The adv an tage of using this ab-

stract represen tation is t w ofold: man y di�eren t impl em en tati o ns can b e used

in the impl em en tati o n la y er and the diagnosis lev el can b e extended with new

kinds of error just b y de�ning the observ ations that detected them.

By relying on the extensibilit y of our prop osal w e ha v e detected some future

extensions to our prop osal. In programm i ng languages, errors correction is

a mature topic. Explanations giv e the user su�cien t informa t i o n to correct

errors. W e will study ho w to use explanations to assist the user with the

correction of errors.

As sev eral impl em en tati o ns can b e used to re�ne the diagnosis lev el, it is

imp orta n t to compare ho w eac h impl em en tati o n p erforms to c ho ose the b est

of them. Our future w ork will compare the p erformance of sev eral SA T, CSP

and BDD solv ers.

W e ha v e only fo cused on errors analysis in basic feature mo dels, but they can

b e extended with attributes where new kinds of error can app ear. Our future

w ork will extend our prop osal to deal with extended feature mo dels.

Regarding the in tegratio n of SPL and agil e metho ds in tegratio n w e w ould lik e

to thoroughly study b oth alternativ es. Sp eci�cally , w e plan to tail o r all the

stages in FDD to fully supp ort SPL based on feature mo dels.

Although w e ha v e presen ted the most used notation of feature mo dels, it is

imp orta n t to notice that there are other notations with di�eren t seman tics as

describ ed b y Sc hobb ens et al. (2007). An uni�ed language for feature mo deli ng

is needed and if this language is adopted our idea will remain v alid but w e ma y

ha v e to c hange the mapping from this new language to theory of diagnosis.
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