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Abstract

This paper presents recent approaches in soft domgpo manage imprecision and uncertainty whichesp
in software reliability engineering. Firstly, re¢eapproaches like imprecise probabilities, geneedli
intervals, fuzzy sets and intuitionistic-fuzzy sare shortly described, and the usage of intustimifuzzy
numbers for system reliability computation is showntuitionistic-fuzzy approaches for software adiity

growth models are proposed and experimental regtdtgiven.

1. Introduction
considering the new approaches based on

intuitionistic fuzzy sets and numbers.

The next section is dedicated to various models
USeful for decision making under incomplete
information: imprecise probabilities, generalized
intervals, fuzzy sets, vague sets, and intuitigstist
fuzzy sets.

Yhe usage of triangular intuitionistic-fuzzy numdber
in system reliability computing is described in the
Shird section. Similar computation will be necegsar

' for trapezoidal intuitionistic-fuzzy numbers.

The fourth section proposes some methodologies for
intuitionistic-fuzzy ranking of the software relitity
growth models. The methodologies consider single
and multi-expert models, consensus establishing and
‘distance-based classification.

Experimental results on the applicability of the
proposed approaches are described in the fifth

were "J!?U“f'ed as possible approaches. If subject section, and concluding remarks are presentedein th
probabilities, fuzzy sets/logic, neural networks, end

evolutionary computing and hybrid approach, such a
framework is callegoft computindpased [20], [21]. Recent al hesin | .. d
The mentioned references proposed a soft computing’ 1L approacnesin imprecision an
framework for software reliability engineering. ncer tainty modelling
Software reliability modelling and prediction infso  The uncertainty appears when the knowledge is
computing environments are considered also by [15jncomplete (missing pieces of knowledge, low
and [16]. This paper continues the developments  plausibility, wrong or incomplete hypothesis). Usgin
statistical approach this track was followed in][24
[28]. A priori and a posteriori probabilities arsed
to derive distribution functions based on minimum

Recent definitions of imprecision include aspects
related to vagueness (“vague; indistinct; not pothfe

apprehended”) and chance dependency (“depende
on chance or unpredictable factors; doubtful; of
unforeseeable outcome or effect”). According to
[20], [21], the approximate reasoning is used to
manage those situations when experts use vag
concepts for the evaluation, observation and datisi
on a system evolution based on different model
likes: arithmetic intervals, fuzzy numbers
intuitionistic fuzzy numbers, fuzzy logic, and fyzz
devices. In order to deal with uncertainty,
probabilities are attached with objects under
manipulation  (probabilistic trees, probabilistic
networks, probabilistic generative mechanisms
probabilistic  thinking). In large, probabilistic
reasoning [13], [26] and fuzzy logic [32], [33].4B
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information principle. unity defines the fuzzy probabilities; AA,, ..., An.
Interval representation provides a way to considedn the case of intuitionistic-fuzzy numbers, both a
the crisp or fuzzy membership. However, the interva membership and a non-membership function are
interpretation can be different. One interpretatidn given. Generalized fuzzy numbers are also used for
intervals is based on imprecise probabilities [8Q], imprecise modelling [1, 5, 22].

[29], [34]. According to [10], “imprecise probaltiti  In fuzzy computing with intuitionistic fuzzy numtser

is used as a generic term to cover all mathematicds, 22], the most used membership (and non-
models which measure chance or uncertainty withoumembership) functions have triangular or trapedoida
sharp numerical probabilities”. From this point of shape. The output is an interval, a membership é&and
view researchers already identified various modelsnon-membership) function, the value being obtained
comparative probability orderings, interval-valued by a defuzzyfication procedure. K is a TIFN
probabilities (given by upper and lower (Triangular Intuitionistic Fuzzy Number) theh is
probabilities), fuzzy measures, possibility measure described by five real numbeia, &, a; a', a"),a' <

etc. From a mathematical point of view, all the 3, <a, s a; < a", and two triangular functions. The
models listed above are equivalent to special kafds first one — the membership function — is given by:
upper or lower previsions.

Another interpretation generates approaches based X—a,

on possibility and necessity degrees. As Duboi$ [12 fora, <x<a,
mentioned, “assigning an interval [a; b] to a gitgnt a4 -4

X", not necessarily random (the real value of gas U, (X) = &~ X fora, <x<a,.
be precise, but unknown), “means that x is known to a;~-a,

take one and only one value in [a; b], but it ig no 0, otherwise

known which one.” The size of the interval shouéd b

small in order to be more informative. The

possibilistic interpretation asserts that x in [a; b] The second one — the non-membership function — has
describes that any .value outside [a; b] is impdssib he following definition:

for x. Both possibility and necessity degrees can b
used under this interpretation. According to [1Bg X
“possibility degree of an event expresses the éxten - fora's x<a,
to which this event is plausible”, and the “necissi a,-a

degrees_ express the certainty of events”. _ v(X) = X-a, fora, <x<a’.
Computing with intervals is used to deal with "-a,

uncertainty by the interval analysis method, a meth 1, otherwise
developed by mathematicians since the 1950s as an
approach to give bounds on rounding errors and
measurement errors in mathematical computation. , ,
After the computational framework was establishedLet be valid the relationay <& <a; <az<as<ay.
various numerical methods that yield reliable ressul A Trapezoidal Intuitionistic Fuzzy Number A iR
were designed and implemented in software. FOrTrEN), written as(ay, @, a, & a, @, @, ay), has
reliability analy3|s tasks, the generalized intésva the membership function

[30] were considered.

An alternative to the interval approach is the esaiy
fuzzy numbers, which are special cases of fuzzy. set X~a fora, <x<a,
In this case, an interval is given to describe & re a, —q

number by means of a membership function. lfora, <x<a,

a, —

X = 1
A fuzzy set (firstly introduced by Zadeh [33]) is H#a(X) a, - X fora. <x<a
called a fuzzy number if its membership function a, —ag’ asX=8,
increases monotonously to a uniqgue maximum 0, otherwise

degree equal to 1 and then decreases monotonously.
Fuzzy numbers can be used to introduce fuzzy, : ,
probabilities. If X is a discrete random variabléhw and the non-membership function
n realization X, X, ..., X, then A, A, ..., A,

which are fuzzy numbers having zero degree

membership outside of the interval [0, 1], and uriq

maximum degre@i(p) = 1, for somep; belonging

to [0, 1], with the sum of allyfi = 1, 2, ...,n) being
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a, — X , min(X;, %p)] respectively. The relationship between
a _ai,,foralsxsaz proper and improper intervals is established by
Ozfora <x<a, duality with the operatadual asdual(x) := [Xz, X4].
VA= 0_0 | Given a sample spac@ and algebra of random
— > fora, <xs<a, events ovef, it is possible to define the generalized
a, 8 interval probability which obeys the axioms of
1, otherwise.

Kolmogorov, reconsidered if interval probabilities
are used. An interval probability p =4[pp,] is a
The concept of probability based on frequency cangeneralized interval without the restriction gf<pp,.

be used to model some kind of uncertainty only forThe probability of the union of two events &d &
the case of large number of repeatable circumssances defined as P(E] E;) = p(E) + p(&) — dual(p(&
[26]. One extension of classical probability coes&l E,)), where x+y is defined by x+y = {xX]+[y1,
subjective  probabilities containing no  formal .1 = [x,+y,, x,tys], X-Y = [Xa-Yas Xoyal, X.y and xly
calculations and reflecting only the subject's @pia  heing defined by special rules depending on the sig
(based on past experience), and embedding a highf the parts. The inclusion relationship between
degree of_personal pl_at_s. Other extensions are basefneralized intervals (and the binary relatigh

on imprecise probabilities [9], [10], [11], [29BQ],  corresponds to the geometrical segment inclusion.

[34]. _ o The imprecise model based on interval probabilities
Let us consider the following inference problem. js pased on [3, 9, 10, 29, 30]:

Given a serial system S having two components C . p(c,) = 1 — dual (p(A)); equivalent with
and G, a the probability of ¢to fail before m hours p(Ca) = 1 — p(A), and p(Ca)= 1 — p(A);
of working time, and the mean-time-to failure of C «  For a mutually disjoint event partition the

belongs to the interval [n, p] (hours), is askethter sum of interval probabilites is equal to
v the probability of S to fail after q hours of worg

_ _ ) unity.

time, where g Is greater than maximum ofm, n, and The Bayes' rule with generalized intervals is
p. The solution can be obtained on the base of defined as

interval approaches. p(A/E,)p(E)

The uncertainty is modelled by a family F of P(E, / A) =~ T '

probability distributions, and lower and upper 2 dualp(A/ E, )dualn(E, )

probability bounds are defined by: P_(A) = where E are mutually disjoint partition of
inf{(P(A), P in F}, P.(A) = sugP(A), P in F}, with the selQ.

P_(A) = 1-R(Ca), where G is the complement of A. |n this way, the reliability formulas developedthe
This kind of model can be extended to the P-boXclassical framework will be applied taking into
model. A p-box is defined by a pair of cumulative gccount the new operators. However, a final
distributions (I, Fuy) on the real line such that B interpretation is required similar to defuzzificati

Fu, bounding the cumulative distribution of an approach used during the application of the fuzzy,
imprecisely known probability function with density vague, or fuzzy-intuitionistic models.

p. According to [12], “A p-box is a covering Vvague modelling [7, 8, 17] is considered in the
approximation of a parameterized probability modelfollowing and the fuzzy-intuitionistic computing
whose parameters (like mean and variance) are onljhethodology is shown. When the universe of
known to belong to an interval.” This approach is discourse X is a non empty and finite set, a vagpie
different from confidence bands obtained by VariousA of the universe of discourse U can be represented
methods, including bootstrap [4]. by a true-membership function, tand a false-
Imprecise rellablllty is still at stage of deVElo@m; membership function.f A vague number is a vague
even some research was done according to [9], angubset in the universe of discourse X that is both
[29]. normal (the maximum value of the true membership
A successful approach uses generalized intervalfynction is 1) and convex (similar to fuzzy convex
[30]. A generalized interval x := [xX;] (X1, X2 IN R) sets).

is determined by a pair of real numbeisard %; X vague calculus uses triangular vague sets,
is properwhen x < x, and isimproperwhen % < x..  trapezoidal vague sets, and general vague sein As

When x = X, x is apointwiseinterval. example, if the triangular vague sets are used (A =
Generalized interval calculus is based on the@g, g, a; ta, fa), B = (b, by, by tg, fg)) then:

Kaucher's arithmetic [30]. Given a generalize
interval x = [%, X5, two operatorgro andimpreturn | A+ B =(a + by, &+ by, &+ by tas, fas);
proper and improper values, defined byro(x) := | A—B = (a-bs, &by, &-by; tas, fas);
[Min(xy, X2); max(x, X,)] andimp(x) := [max(x, x2); | A* B = (auby, &by, abs; tas, fas),
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and
Al B = (a/bs, &/by, a/by; tas, fas), With functionst
andf defined correspondingly.

Based on vague calculus the system reliabilitylman
obtained for all kind of systems: series, parabeid
hybrid.

The operations on IFS (Intuitionistic Fuzzy Setsi) c

be introduced according to the generalized fuzty seq.

theory. Some examples follow [2, 22]:

A n B ={(x, min(ua(x), 4e(x)), max(va(x), Us(x))). X7 X},
A 7B = {(x, max(ta(x), 4a(X)), min(Va(x), ve(x))). XX},
A+ B = {(X, a(X)+ (- 1)), Va(X) (X)), X7 X};
AB = {(X, t(X)p(X), Va(X)+ ve(X)- vaX)V(X)), X7 X};

The arithmetic operation, denoted generically by *

of two IFNs (Intuitionistic Fuzzy Numbers) is a
mapping of an input subset BkR (with elements

= (X1, %)) onto an output subset & (with elements
denoted by). Let A; andA; be two IFN, andA*A,)
the resultant of the operation *. Then:

T

Y:
(A A)Y) =q] Dy [AGG) OA(X)], | TX,%,, YOR
Dy=><1*><2 [A(Xl) DAZ(Xz)]

with
Hiagengy (V) = U, [AL (X)) DA (X,)],
and

V(M*Az) (y) = Dy=x1*x2 [Al(xl) 0 Az (Xz )] .

The arithmetic operations on IFNs can be defined

using the &, £) — cuts method. Letr, £ /7[0, 1] be
fixed numbers such that + S <1. A set of @, J) -
cut generated by an IFS A is defined by; A= {(x,
Ha(X), Va(X)), X T X, ta(X) = a, VA(X) < 3}

The @ pf) - cut of a TIFN is given by

Avp ={[A@). Ap(@)LIA(B), A(A)] |, where:

e A(a), and A,(B)are continuous,
monotonic increasing functions ofa,
respective;

e A(a), and A(B) are continuous,
monotonic decreasing functions of,
respective;

AD=A®D,andA 0 =A, (0.

When using the 5-tuple notation, we obtain:

Al(a) =q +a(a2 _a1)1

Az(a) =4, —a(a3 _az) )
AL(IB) =a, _/B(az -a'),
and

A,(B) =a, +B(a"-a,).

To fulfill the aim of this paper, the following
properties are necessary [22]:

If TIFN A = (ay, &, &; a', a"), andk > 0, then
the TIFNKkAis given by(kay, ka, kag; ka', ka").

2. If TIFN A = (a;, &, & a', a"), andk > 0, then
the TIFNkA is given by(kas, k&, kag; ka", ka').
3. If A= (a, &, &; @', a") andB = (b, by, bs; b,

b") are TIFNs, then the TIFNO B is defined by
(autby, ath,, aths; a'+ b, a"+b");

4. If A= (ay, &, &; @', a")andB = (b, by, by b,
b") are TIFNs, then the TIFNDO B is defined by
(auby, &by, aghs; a'b’, a"b").

The above results can be proved using thefj —

cuts method.

3. Intuitionistic-fuzzy reliability modelling

As a general rule, systems (hardware, software,
distributed, embedded etc.) are composed by various

components connected according to some
architecture depending on the requirements,
environment and the new design/development

paradigms. In the following, different aspects on
reliability engineering will be considered when tsof
computing approaches are used. We are using system
reliability as a consequence of the cybernetic neatu

of systems based on both hardware and software.

Tha sacond
COmponaTt ™ Wl
tacaived comtrol
and iz wodking to
poapare output for
tha third modula

Figure 1.A serial system

If S is a system integrating a number of components
(off-the-shelf components) according to a serial
architecture (the above diagram) andRf is the
intuitionistic fuzzy reliability of thej™ component,
and Rs is the intuitionisc fuzzy reliability of the
entire system (witm items), andR = (rj, fiz, Iis; 1§,

r"), then

R, =R.OR,0--OR,,

being defined byr, r,, r3; 1', 1), with:
r,,i=1,2,3,r'= ﬁ r.,andr"= ﬁ r .
=1 j=1

::s

r=

I
j=1
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If S is a system composed by n items running inone, one expert has to select the most appropriate
parallel, using the above notations, the intuitini SRGM to be used during failure-data analysis. The

fuzzy reliability of S is given by [22]: second case addresses the existenpeegperts {E,
E,, ..., B} evaluating every SRGM used during data
PP analysis.
Rs _1OE1(1ORJ)’ The selection is based on a nonempty set of
and is defined by(ry, r, rs r, r'), with: criterig/attributes {¢ G, ..., G} taking into

n _ . n , consideration weights indicating the importance
r=1- J|:|l(1_ rp),i=1,23r=1- J|:|l(1_ r;),and  (priority) of every criterion. Linguistic variabldike:
o ) very low, low, medium, high, very hi¢tr very poor,
r'=1- |‘|1 @a-=ry). poor, average, good, very gooare used to describe
=

_ _the performance of every SRGM related to every
Other soft computing approaches were proposed iR iterion.

[15], [16]. Optimal software reliability allocation o eyery linguistic variable there are defined a

using intuitionistic-fuzzy sets is described in.[2] membership and a non-membership function. As
Using the above methodology intuitionistic-fuzzy defined above, if2 is the universe of discourse, an

reliability formulas can be derived for hybrid intuitionistic fuzzy set X inQ is given by X = {(x,

Cnsnanany compaing o, 1% 9,109, X0, neren (X [0 1) gves
the degree of membership, angd(.): X - [0, 1]
gives the degree of non-membership of x to A. The
expression 1 a(x) - va(x), denoted byta(x), is
called thehesitancy degree
According to Musa [23], “software reliability Let us consider, in the following, as universe of
engineering is based on a solid body of theory thatliscussion the set of SRGMs denoted by, {A,, ...,
includes operational profiles, random processAy}). The matrix of linguistic performance is
software reliability models, statistical estimatiamd  obtained and should be used to choose the “awarded
sequential sampling theory” consisting of five SRGM. In this manner a three dimensional array of

4. An intuitionistic-fuzzy method for ranking
softwarereliability growth models

activities: “define <<necessary reliability>>, dém@  linguistic values is obtained: ACE =l{f, Vik);i =1,
operational profiles, prepare for test, executd, tes2, ..., m;j=1, 2, ..., n; k=1, 2, ..., p} describing
and apply failure data to guide decisions.” both the degree of acceptance and the degree en non

Also, software reliability engineering includesezffs  acceptance (rejection) by the expert & the SRGM

of product and development process metrics andndexed byi, related to the criterion;CEvery expert
factors (on operational software behaviour. Finally E, associates a weight (a positive real number) for
the software reliability engineering provides every criterion Caccording to his/her belief for the
guidelines for software development, acquision, useimportance of the criterion: a matrix W =wi = 1,

and maintenance [18], [19]. 2, ...,p; k=1,2, ..., n)is built. When p =1itis
Being defined as a probability, the reliability &ys®  obtained the single expert model (useful when one
uses uncertainty models. However, sometimes, thexpert has to select one SRGM), and if p > 1 the
data cannot be measured and recorded precisely. Imulti-expert model is obtained. The weighted
this case imprecise models are necessary to be usesverage of the linguistic performance value is
The existence of fuzziness is modelled by calculated for each SRGM indexedibgs follows:
membership functions, respective membership and
non-membership functions when intuitionistic-fuzzy
approach is used. Cai [6] identifies fuzzy success
states and fuzzy failure states of a system under
operation. Wu [31] considers the systems’ fuzzystanding for a weighted average membership, non-

reliability estimation using Bayesian approach membership, and hesitation to be considered by the
making use of fuzzy random variables. Nonlinearexpert E, where

models for the evaluation of the reliability using
fuzzy sets are described in [14]. A fuzzy- W,

probabilistic approach was described in [25]. G, =
In the following, we describe an intuitionistic-yz 2 W
approach for ranking software reliability growth

models (SRGM) from anonempty set of The single expert model will select the SRGM

alternatives {A, Az, :"’A”&' _ __having the largest weighted average membership
Two types of analysis are considered. For the first

/]ik = jz:ll'lijkekj M = JZ::lViijkj 1€k :1_/1ik s
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degree @ptimistic scenarios), the smallest weighted Applying the aggregation method already presented,
average non-membership  degreepegsimistic theTable lis obtained.

scenarios), or the smallest weighted averagelhe following matrix of distances between models
hesitation degreepfudentscenarios). considering preferences of all experts is obtaied
When there are available many experts then if ther&ised for similarity analysis [1]: D = (dj)1sijem:

is a model A having the weighted average where

performance acceptable (with the largest/smallest/ ; _ ii[(/‘ Y )2 +( — )2 +(£_ s )2] _
smallest membership/ non-membership/ hesitation ' | 2pia~ " * WK KoK
degree) by all experts thely will be selected as the

winner. Otherwise, a consensual ranking is requiredSimilarly, a matrix [2 containing the distance
As a natural fact, experts are resistant to optioncomputed between experts when considering models
changing, and the model should consider bothas their attributes can be generated and analyzed.
membership and non-membership degrees:

5. Experimental studies
1

_, Various SRGMs exist to estimate the expected
e(X-/lik) +(y=Hik)

number of total defects of the expected number of
_ _ remaining defects in software. A systematic stiateg
where (x, y) describes the weighted averagein failure-data analysis using SRGMs has to
linguistic performance when consider all expertd an determine the best models as testing phase
SRGMs. The target is to identify those cases withprogresses. Also it is necessary to establish ésé b
small resistance to option changing. moment for ending the test phase [18], [19], [27].
Distance—based similarity study is another approachin order to apply the intuitionistic-fuzzy approach
Different distances have been defined in literase described above, the set of models should be
described in [1]. These are based on geometricabrganized in subsets based on similarities. For
representation of intuitionistic fuzzy sets (2D, ,3D instance, the Goel-Okumoto (G-O) model, the
spherical). For the case study discussed in ttpspa  delayed S-shaped (S) model, the Gompertz (G)
the normalized Euclidian distance was used, namelymodel, and the Yamada exponential (Y) model could
if A and B are intuitionistic fuzzy sets in X, the belong to the same subset because all of them
normalized Euclidean distance d(A, B) is given by: assume that testing takes into account an opeghtion
profile. Static defect estimation models like captu

f (%Y Ay o7 ) =1=

a*(14,(0) - (0 + recapture models, curve-fitting methods and
1m ! experience-based methods will belong to a different

dAB) = o 2 A a@) =ve(@) + | subset. A full classification scheme [23] identfie
y(1.0)-7,(0)f five attributes to be considered: time domain

(calendar, execution), category (finite failures,
where o, B, and y give the importance of the infinite failures), type (Poisson, Binomial, other

membership, non-membership, and hesitationtYPes), class  (exponential, ~ Weibull, ~Pareto,

function during analysis process. The casep =y Geometric, Inve'rse _Iin_ear,_ Inverse polynomial,
= 1 was considered, but variations can be used fof ©Wer), and family (distribution dependent type). |
simulation reason. IS important to apply the ranking approach to msedel

having similar assumptions or conditions.
Taking into consideration the existence of a large

Table 1l.Intuitionistic-fuzzy values _ R _
variety of software differing by size, structure,

E E E E function, operational environment, development-life
A | Goom) | Gy | n | Gt | o | Gy cyc!es,_ Musa [2_3] consider§ like evaluation cr_aeri
projective  validity, quality of assumptions,

A | (aattn) | Gt) | e | Gaet) | e | (Bpetty) applicability and simplicity. The practice provetat

the best model can be dependent on system/release
and is not a good idea to use it for new releasds a

A | G | Gaopa) || G | ) Gponsy) other systems without a new investigation.

During our investigation the first subset was
considered for analysing failure data collectedrdur

A | (etia) | Gaetta) | e | Gactiad | | (geti) software testing. Inspired by [27], the criterizeds

for model evaluation can be: tgeodness-of-fitevel

(not convergence, very low, low, medium, good,
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very good), theprediction stability (very unstable, We found that Yamada exponentional model
unstable, stable, very stable), apitdictive ability  overestimates the number of failures, and Goel-
(low ability, average ability, high ability, veryidh Okumoto underestimates this number. The delayed
ability). The predictive ability can have similar S-shaped model and the Gompertz model give
meaning as projective validity of Musa [23]. similar predictive results, the difference consigtin
There are many statistical tests useful to evaltiete different levels of subjective evaluation criteria.
goodness of fit (how the model fits the collectelad When define the linguistic variables in the
under analyse)y?, Kolmogorov-Smirnov, Cramer- intuitionistic-fuzzy environment, the last three
von Mises, Anderson-Darling, and 2RDuring  columns are presented in the formaffable 1 The
experiments, the Rneasure was selected for usage. group of experts has the possibility of establish
A prediction isa-stable if the predictiofk is within ~ priorities over goodness-of-fit, prediction stetyili
a% of the predictiork-1. The ranking procedure can and the predictive ability. After the aggregation
be applied daily, weekly, or monthly. For simpljgit —Procedure only one column/expert is obtained, and
we apply the methodology every week during thethe consensus strategy will be applied if expeatseg
testing period. The prediction i@ry stablefor o =  different rankings. Three evaluators with experenc
10, stablefor a = 20, unstablefor a = 40, andvery N software reliability growth modelling participat
unstable for a = 60. However, this threshold s during our experiment. Being a small software

subjective and can be defined different from prbjec project, th_e multi-expert “’?‘”"'”9 model was simple
to project. to be applied for our experiment.

The predictive ability is measured in terms of erro )

(the difference between estimate and actual dath) a 6- Conclusion

relative error (the ratio error/actual). The lingie  Software reliability engineering helps the software
variable approach is used in the context of redativ management team to obtain reliable software. This
error usage. The model provesability if the  paper reviews various models useful for decision
absolute value of relative error is less tfgé6. Very ~ making under incomplete information (imprecise
high ability is obtained for3 = 1, high ability is  probabilities, generalized intervals, fuzzy setgue
considered whef = 5, averageability is compatible  sets, and intuitionistic-fuzzy sets) and descrithes
with B = 10 andow ability is considered whe@>10. usage of triangular intuitionistic-fuzzy numbers in
Also the choice of the threshofl is a subjective System reliability computing. Some methodologies

task. for intuitionistic-fuzzy ranking of the software
The applicability of the distance-based approach igeliability growth models are proposed. The
easy to be understood and is not described. methodologies consider single and multi-expert

For the ranking methodology, the experiment Wasmode_l_s, consensus establishing and distance-based

conducted using failure data collected during theclassification.

development of some Java-based software for timé=xperimental results on some Java-based software

series analysis. The development period was ondor time series analysis show the applicabilitytiu

year. Data from testing phase where collected for g°roposed approaches.

month (24 weeks). A fault was immediately removed

and appropriate updates in software were madé\cknowledgements

accordingly, if required. The SRGMs where app"ed-During this research, the authors were supported by

without rejection, starting with the fourth weekeaf e Research Centre of the Faculty of Mathematics

software sta_lblllza_tlon. We present the evaluationgng informatics according to the programs: “Applied

results obtained in the week 20 (the number Ofintormatics for software engineering” 107/2010 and

failures found was 19): “Research in theoretical informatics and computing
methodologies” 106/2010.

Table 2.Subjective evaluation The authors also gratefully acknowledge the

Model | Failure Goodnesq Prediction| Predictive| —suggestions given from the reviewers enabling them
estimate | of fit stability | ability to improve the manuscript.
G-O 12 good very average
stable References

S 18 very stable very high o

good [1] Albeanu, G. & Duda G. (2011). Intuitionistic
G 17 good stable high Fuzzy Approaches for Quality Evaluation of
Y 25 medium | stable high Learning Objects. Tha7" ISSAT International

Conference on Reliability and Quality in Design



Albeanu Grigore, Duda Gheorghe
Recent Soft Computing Methods in Software Religlitlingineering

[2]

[3]

[4]

[5]
[6]
[7]

[8]

[9]

August 4-6, 2011 - Vancouver, B.C., Canada (in
press).

Albeanu, G., Burtschy, B., Popentiu-Vladicescli]6]

Fl. & Duda, G.l. (2010). Intuitionistic Fuzzy
Methods in Optimal Software Reliability
Allocation. In I. A. Ryabinin, E. D. Solojentsev

(eds.), Modelling and Analysis of Safety and Riql.7]

in Complex SystemsProc. of the International
Scientific School MA SRuly 6-10, 2010, Saint-
Petersburg, Russia, pp. 206-212. Institute of

Problems of Mechanical Engineering of Russidh8]

Academy of Sciences (IPME RAS).

Technique. European Journal of Scientific
Research26(1), 154-160.

Kiran, N.R. & Ravi, V. (2008). Software
Reliability Prediction by Soft Computing
Techniques. The Journal of Systems and
Software 81(4), 576-583.

Kumar A., Yadav, S.P. & Kumar, S. (2008).
Fuzzy System Reliability using Different Types
of Vague SetsInternational Journal of Applied
Science and Engineeriré(1), 71-83.

Lyu, M.R. (1996). Handbook of Software

Reliability Engineering IEEE Computer Society

Albeanu, G. (2010). On Some Recent Approaches Press and McGraw-Hill.

to Imprecision and Uncertainty Modelling with19] Lyu,

Application to Complex Systems Reliability.
OptimumQ 21(4), 51-56.

Albeanu, G. (1998). Resampling Simultaneoy20]

Confidence Bands for Nonlinear Explicit
Regression  Models. Studii si Cercetari
Matematice (Mathematical ReportsiRomanian
Academy Press, 50(5-6), 289-295.

Atanassov, K.T. (1999)ntuitionistic Fuzzy Sets.
Physica-Verlag, Heidelberg, New York.

Cai, K.Y. (1996). Introduction to Fuzzy
Reliability. Boston: Kluwer Academic Publishers.
Chen, C.H. (1985). Operations on fuzzy numbers
with function principal. Tamkang J. Management
Science6(1), 13-25.
Chen, S.-M. (2003). Analyzing Fuzzy System
Reliability =~ Using Vague Set  Theory.
International Journal of Applied Science and
Engineeringl(1), 82-88.

Coolen, F.P.A. & Utkin, L.V. (2008)lmprecise [23] Musa, J. D.

reliability. In Melnick E.L., Everitt B.S. (eds.)
Wiley Encyclopedia of Quantitative
Assessment, 2, 875-881, Wiley, 2008.

[21]

[22]

[10] Coolen, F.P.A., Troffaes, M.C.M. & Augustin, T.

(2010).
Encyclopedia of Statistical Scienc&pringer.

Imprecise Probability. International

[25]

[11] De Cooman, G.D., Cozman, F.G., Moral, S. &

Walley, P.
Project, Gent.

[12] Dubois, D. (2007).

Uncertainty Theories:

(1999). Imprecise Probabilities

a

Unified View. Cybernetic Systems Conferencé¢26]

Dublin (Ireland), 23-26/09/2007, IEEE, 4-9.

[13] Jefrey, R. (2002).Subjective Probability. The

Real Thing http://www.princeton.edu/~bayesway27]

/Book*.pdf.
[14] Junhong, G., Xiaozong, Y. & Hongwei,

(2005). Software Reliability Nonlinear Modeling

L.

and Its Fuzzy Evaluatiord” WSEAS Int. conf. [28]
on non-linear analysis, non-linear systems and

chaos, Sofia, Bulgaria, 49-54.

[15] Khatatneh, K. & Mustafa, T. (2009). Software
Reliability Modeling Using Soft Computing

M.R. (2007). Software Reliability
Engineering: A RoadmagProc. of FOSE 2007:
Future of Software Engineerin@53-170.

Madsen, H., Thyregod, P., Burtschy, B.,
Popentiu, F. & Albeanu, G. (2008pn using soft
computing techniques in software reliability
engineering Advances in Safety and Reliability —
Kotowrocki (ed.), Taylor & Francis Group,
London, 1317-1322.

Madsen, H., Thyregod, P., Burtschy, B., Albeanu,
G. & Popentiu, F. (2006). On Using Soft
Computing Techniques in Software Reliability
Engineering.International Journal of Reliability,
Quality, and Safety Engineering3(1), 61-72.
Mahapatra, G.S. & Roy, K.T. (2009). Reliability
Evaluation using Triangular Intuitionistic Fuzzy
Numbers Arithmetic Operationsinternational
Journal of Computational and Mathematical
Sciences3(b), 225-232.

(1999). Software Reliability
Engineering. McGraw-Hill, New York.

Risk[24] Pfleiderer, J. & Krommidas. P. (1982). Statistics

under incomplete knowledge of dat&oyal
Astron. Soc. Monthly Notice$98, 281-288.
Popentiu, Fl. & Albeanu, G. (2003). On a
Probabilistic-fuzzy Model in Software Reliability
Engineering,Proc. of KONBIN' 2003 - The 3-rd
Safety and Reliability International Conference:
To Safer Life and Environmen&dynia, Poland,
May 26-30, 2003, Vol. 3, 517 - 523.
Singpurwalla, N.D. & Wilson, S.P. (1999).
Statistical Methods in Software Engineering.
Reliability and RiskSpringer Verlag.

Stringfellow, C. & Andrews A.A. (2002). An
Empirical Method for Selecting Software
Reliability Growth Models.Empirical Software
Engineering 7, 319-343.

Utkin, L.V. (2004). An uncertainty model of
structural reliability with imprecise parameters of
probability  distributions. Zeitschrift ~ fur
Angewandte Mathematik und Mechan8d(10-
11), 688-699.



SSARS 2011
Summer Safety and Reliability Semindidy 03-09 2011, Gdaisk-Sopot, Poland

[29] Walley, P. (1991).Statistical Reasoning with
Imprecise ProbabilitiesLondon: Chapman and
Hall.

[30] Wang, Y. (2010). Imprecise probabilities based
on generalized intervals for system reliability
assessmentint. J. Reliability and Safety4(4):
319-342.

[31] Wu, H-C. (2004). Fuzzy Reliability Estimation
using Bayesian Approach.Computers &
Industrial Engineering46, 467—493.

[32] Yadav, O.P., Singh, N., Chinnam, R.B. & Goel,
P.S. (2003). A Fuzzy Logic Based Approach to
Reliability Improvement Estimation during
Product DevelopmentReliability Engineering
and System Safet§0, 63—74.

[33] Zadeh, L.A. (1965). Fuzzy setmformation and
Control, 8, 338-353.

[34] Zadeh, L.A. (2008). Computation with imprecise
probabilities, In L. Magdalena, M. Ojeda-Aciego,
J.L. Verdegay (eds.)Proc. of IPMU'08
Torremolinos (Mélaga), June 22-27, 2008,
http://www.gimac.uma.es/ipmuQ08/ proceedings/
papers/zadeh.pdf.



Albeanu Grigore, Duda Gheorghe
Recent Soft Computing Methods in Software Religlitlingineering

10



