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Abstract The reliability analysis of complex systems becomes a dif-

. - ficult problem in case the reliability information on the
Methods for computing the reliability of complex systems . : :
. : - ~_components is partial and the number of components in
described in the current paper are grounded on partial in- : e . .
. : . a system is large. Even if information about the indepen-
formation on system components. A tool for inferring the : : . .
. . : dence of components is absent (this case is easier to han-
intervals is the natural extension and the upper and lower,,~ . . : -
- . le in the framework of coherentimprecise previsions), the
bounds of the characteristics to be interpreted as coheren ; . .
. . ) : natural extension as a linear programming problem has a
upper and lower previsions. A generic algorithm to find a . . . ) .
. e . large dimensionality. Nevertheless in many practical cases
solution of the natural extension in a practically affordable

. : source reliability data on the components is homogeneous
way braking down the general problem into problems that : o s
) . . . each component is quantified by the same reliability char-
are much easier to solve is described. In general this ca

L ..~ —acteristic) and there is no need to seek for a solution of the
be made at the cost of a lesser precision in the previsions ST : . .

. . . hatural extension in its general form. It is possible to sim-
of interest. It is also shown that for some particular cases

the genuine, minimally coherent, solutions can be foundplify the problem and to find the solution easier, in some

through the algorithm developed. The second part of the 253 only approximate.

paper is devoted to those cases when the reliability of comThe general case of system reliability calculations based
ponents constituting a system is represented by identicabn coherent upper and lower previsions was developed by
interval-valued reliability characteristics. That is, all the L. Utkin and described in [8, 10, 3]. A patrticular case,
components are characterized, for example, by probabiliwhen component reliabilities are characterized by coher-
ties to failure in the same time interval, or by mean timesentimprecise probabilities was developed by I. Kozine and
to failure or some others. Often namely these particulardescribed in [4] and [5].

cases take place in reliability analysis practice. In this re—_l_he current paper describes a aeneric algorithm to find a
spect, based on the previous works by the authors of the pap 9 9

- . solution of the natural extension in a practically affordable
current paper some new findings have been disclosed an . .
. . X way by breaking down the general problem into problems
new results obtained on particular practical cases.

that are much easier to solve. In general, this can be made
at the cost of a lesser precision in the previsions of inter-
est. Itis also shown that for some particular cases the gen-
uine, minimally coherent, solutions can be found through
the algorithm developed. The second part of the paper is
1 Introduction devoted to those cases when the reliability of components
constituting a system is represented by identical interval-

Methods f ting the reliability of | ‘ valued reliability characteristics. That is, all the compo-
ethods tor computing the reliability of COMPIEX SySIeMS oo are characterized, for example, by probabilities to

o_Iescribed inthe current paper are based on pa_rtial infor_mafailure in the same time interval, or by mean times to fail-
tion for system components. Since the given mformanonure or some others. Often namely these particular cases

IS partial, we do.not expect precise numbers, but we WOUIdtake place in reliability analysis practice. In this respect,
like to know an interval of possible values of a desired re- based on the previous works by the authors of the current

!laz:hty c?ara}cte?stlc_. A toglt:]or inferring ;hle mtergals q aper some new findings have been disclosed and new re-
IS the natural extension and the upper and Iower boundy 15 optained for particular practical cases.

of the characteristics to be interpreted as coherent upper
and lower previsions in the sense of P. Walley [11] and V.
Kuznetsov [6].

Keywords. Imprecise probability theory, imprecise relia-
bility, natural extension, previsions.



2 Formulation of the problem way than the avoiding sure loss. We cannot require from
the experts or analysts to generate coherent intervals, but
Consider a system consisting af components. Let interval-valued assessments that avoid sure loss. In order

<pU(:I:Z) be a function of the-th component lifetime;, to have the initial set of data coherent, we have to use
j = 1,...,m;. Herem; is the number of quantitative or the natural extension in a form similar to (1)-(2) where
qualltat|ve judgements that are related to tith compo-  the objective functions are;; = M(y;;(z;)) anda;; =

nent. According to Barlow and Proschan [1], the systemiV(, . (xi)) for some specmg = k, and the constraints

lifetime is uniquely determined by the component life- do not contain these previsions. Solving these optimiza-
times. Denote&X = (z1, ..., z,), then there exists a func-  tion problems would make all the previsions coherent. The
tion g(X) of the component lifetimes that characterizes natural extension provides us not only with a tool to obtain
a system reliability characteristic. The functiopg (z;)  new previsions coherent to the set of initial judgements,

andg(X) can be regarded as gambles, where a gamble i$ut with a tool to make the initial judgements coherent.

a real-valued function on a possibility space whose value
is uncertain [11, 6]. To find the exact solution of the general (primal) opti-

mization problem (1) subject to (2),f is relatively large
Suppose that partial reliability information on the compo- andm; > 1, is a hardly affordable task (for our knowl-
nents is represented as a set of lower and upper previsionsdge a general analytical solution of problem (1)-(2) can-
a; = M (@w( x;)), Tij = M (%](xz)), i=1,..n, not be found), yet numerical iterative algorithms can be
j = 1,..,m;. The designation of the prevrsrons with developed to obtain approximate lower and upper previ-
the prime notation indicates that the previsions should besions of interest. For some particular cases, for example,
considered initial and not necessarily coherent. If, for in- when each component in a system is characterised by the
stance, the gamble,;(z;) = =, theng,; is the lower ~ same set of reliability characteristics, exact solutions can
bound of the mean time to fa||ure of tieh component;  be found and all those cases revealed by the authors are
or if ¢;; (i) = It,00) (x), thena,; is the lower probability ~ addressed in section 4.
of the failure occurrence withift, oo) etc.

In order to compute the coherent lower and upper previ-3 Algorithm for computing approximate

sionsM(g) andM(g) of interest characterizing the sys- previsions
tem reliability the natural extension can be used in the fol-
lowing form [3]: Let the number of possible gambles, i.e. functigpsbe
. equal toN, whereN > m,; for anyi = 1,...,n. Then
M(g) = SI;P/ 9(X)p(X)dX, (1) we offer the following algorithm to approximately com-
pute any imprecise previsions of interest for an arbitrary
Mg) = inf [ g(X)p(X)dX. system.
subject to 1. Takek = 1.
p(X) = 0, fRn X)dX =1 2. For each component, the coherent previsions
( J(X)) < fRn i )p(X)dX M(gxr(z;)) and M(gg(x;)) of tr/we gamble g
(2) are computed from previsions/ (¢;;(z;)) and

fR" QD,]( ) ( )dXS M (@zg(X))

=1, mii=1,..n M,(goij(xi)),j = 1,...,m,;. As a result we obtain
T ey My T e

the lower and upper previsions of the gambjefor

Here the minimum and maximum are taken over the set each component

P of all possiblen-dimensional density functions(X)}

satisfying conditions (2). A solution of problem (1) exists M(gi(2i)) = lgf/ gr(zi)p(xi)da;,
if all the constraints (2) form a joint s€2. Otherwise, IR
if the initial interval-valued data forming the constraints M(gi(z;)) = Sup/ g (3) pla;)da;,
are not consistent, some of the subset$ddre disjoint P JRy

and the solution does not exist. The introduction of the

assumption of the existence of a convexBés necessary subject to

to obtain a solution of the problem (1) subject to (2). This ,

assumption is equivalent to the principle of avoiding sure M (p;;(xi)) < / @ (i) p(zi)dw;,
Ry

loss [11].

It should be noted that we cannot expect the set of initial (1) pl:)ds < M/( (1))
source interval-valued data to be consistent in a stronger R, Pig\Ti) P18 )CTe = Pig\Ti));



plz;) >0, / pla)de; =1, j=1,...,m;. charact.eristic's. 'In many cases there will not be a need to
R, solve this optimization problem since a number of analyt-

ical solutions have been obtained by the authors for calcu-
3. Compute the coherent low&vl(gx(2)) and UPPer |ating interval-valued previsions of interest at system level.
M(gx (2)) previsions of the system for the same gam- || the formulas revealed and allowing to avoid solving the

ble g, assuming that all components are characterizetygneral problem under Step 3 can be found in section 4 of
by the calculated previsions of the gamble(previ- the current paper.

ous Step 2). Here is the lifetime of the system
Let us show that the proposed algorithm produces an in-

M(gi(z)) = inf g1 (X)p(X)dX, terval of previsions which is wider then the minimally co-
R®) JRrn herent interval or equal to it. In fact, the theorem below
o proves that any solution obtained with the offered algo-
M(gi(2)) = SHE/ 9e(X)p(X)dX, rithm is a coherent approximation which in some special
RM JRY cases can coincide with the exact solution.
subject to -
Theorem 1 If the lower and upper prevision®/*(g) and
M(gi(z:)) < /R gr(@)ples)dz; < M(ga(zs)), f\hfergg) are computed according to the above algorithm,

' M(g), M(g)] < [M"(g). D" (9),

where M (g) and M (g) are the genuine solutions of the
problem (1) subject to (2).

p(X) >0, / pX)dX =1,i=1,..,n.
RY
4. Takek = k+ 1. If £ < N, then go to Step 2, other-
wise - to Step 5. Proof. Let P;; be a set of all densities satisfying thie
) . th constraint for the-th component an®; = ﬂ;":il Pij
5. As a result of the previous steps, we obtain a setye 5 set of all densities satisfying all constraints for#he

of lower and upper previsiorsI(gx(2)), M(gx(2)),  th component; = 1, ...,n. Then a set of all densitieB

k =1,..,N, for the system. Now the set of these gatisfying all constraints for all components is determined
previsions acts as the constraints in the optimization,g

problem (1), and the system previsions of interest n n m;
M*(g(z)) and M (g(z)) are computed. The aster- P=Pin.NP,= ﬂ P = ﬂ ﬂ Pij.-
isk in the notation is used to distinguish between the i=1 i=1j=1

genuine solution of the problem and its approxima- Suppose that coherent previsiond(gx(z;)) and
tion M \ei- )

M(gx(x;)) for a particulark and for thei-th component
. nf d produce constraints corresponding to a set of densities
M(g(2)) 'R /R+ 9(2)p(2)dz, RE’“). (M(gx(z;)) and M(gx(z;)) are the outcome
of Step 2 of the algorithm) It can be concluded that
(9(2)) = sup /R 9(2)p(2)dz, P, € R™. Indeed, sinceM(g,(z;)) and M(gy(z;))
* were defined on the s@;, the inverse problem (defining
subject to a setP, based onM(gx(x;)) and M(gx(x;))) cannot
produce the seP; smaller thanP;, henceP; C RE’“).
M) < [ oo <Mon) Then®™) = ;U AR, where AR s the comple-
o ment of P; to RE“ By using the approximate algorithm,
we obtain at thek-th stage a set of densitig&*) for the
system determined as

—_—k

p(z) >0, / p(z)dz=1, k=1,..,N.
Ry

n

The proposed algorithm is easy to fulfil through the use RF) — ﬁ RW) _ ﬂ(ﬂ' U AR(’“))
of the duality theorem and a proper program has been i ! !
created by the authors to make the algorithm run. It is

proven below that the previsions computed through the al- (

i=1

gorithm are coherent, and the proof is based on the fact that
any wider intervaM* (), M (g)] in comparison with the

genuine coherent intervéM(g), M(g)| avoids sure loss.

N Pi> UAR® =puyUAR®),
=1
whereAR*) is an additional set of densities which gives

One more positive feature of the algorithm is worth men- extension of the interval of previsions obtained by means
tioning. Step 3 implies the calculation of system reliability of approximate algorithm. Then the final set of densities



for computing the lower and upper system previsions is As it is assumed by the algorithm, these previsions must
avoid sure loss and be not necessarily coherent. In ap-

N N . . ..
B K X plying the natural extension to these previsions one ob-
R= ﬂ R = ﬂ (PUAR®M) tains the coherent previsiodd (gx (z)) andM(gx(x)) for
k=1 k=1 which it is always valid that
N ’ — I
—PU m ARM® = PUAR, M(gr () = M (p5(2i)), M(gr(zi)) < M (p;;(x1)),
e . andR® C P,;. Hence
where the sefAR determines the error of the approximate
algorithm. Ty
. N RY < (N Pis-
It follows from the last expression th&® C R and j=1 j=1

Mg), M(g)] < [M'(9), M (g)]. Since all gambles corresponding to thién component be-
If the system components are independent, then the prodbng to the setl, then it follows from the last expression
of the theorem is similar under the condition that all the that
sets considered in the above proof consist of densities rep- N ®) — =G~ =
resented as the product of marginal densities. ﬂ R < m R C ﬂ Pij-

k=1 j=1 j=1

Itis possible that for some AR*) = () or for somek # 1

This implies that
AR® NARD =, thenAR = () meaning that the solu- P

tion produced by the algorithm is coherent, i.e. coinciding N . N n *)
with the solution of the general problem (1) - (2). The R=R"=NR:
larger number of different gambleg () is involved, the k=1 k=1i=1
greater chance thakR is empty and the solution is co- n N n m

herent. As a matter of fact, this is quite likely to obtain — ﬂ ﬂ R¥ C ﬂ m Pi; = P.
minimally coherent previsions with the algorithm offered i=1k=1 i=1j=1

in some practical cases. The theorem below demonstrategjncep R (see the proof of Theorem 1), théh= R
one case where the exact solution of the natural extensiogn\jAR — (). m ’

can be obtained. Informally, the theorem states if a system

reliability characteristic which is going to be calculated is . .

the same as one of the characteristics quantifying a comélr Systems with identical gambles
ponent reliability in the system, then one obtains exact (not

approximate) solution of the natural extension. For exam-4-1 ~General statements

ple, if one is interested to know the mean time to failure This section addresses the reliability of a system consist-
of a system and at least for one component the mean time y y

to failure (precise or imprecise) is known, then the solu- ing of components whose quantification is restricted by the

tion found through the algorithm is the genuine solution same re||ab_|||ty_ characteristics. For exampl_e, all compo-
of problem (1) - (2). Formally, this is posed as follows: nents constituting the system are characterized by proba-

bilities to failure within the same time interval, or by mean
times to failure etc. The problem of computing the lower
and upper previsions of the system can be stated as fol-
lows.

Theorem 2 Suppose that components are characterized
by the lower and upper previsions of a set of gambles

@ ={p;(@),j=1,...mii=1,...n} Let a system consist of componentsf (z;) be a function

of the i-th component lifetimer;, and f(z) = f(g(X))

be a function of the system lifetime Suppose that par-
ponent. Letl be a subset of the sétsuch thatall gam- ) information is represented as a set of the lower and
bles belonging tal are different. Denoté the cardinality . / B _

of U, i.e. the number of its components. Then by takingUPPer previsionsy, = M (f(z;)), @ = M (f(z)),

N = Landgi(z) = ;,(z) € ¥ at thek-th stage of the i = 1,...,n. We seek for the lower and upper previsions

algorithm, the solution of problem (1) - (2) coincides with M(f(9(X))) andM(f(g(X))) of the system.

the solution obtained by the algorithm. Let us introduce some assumptions:

Herem, is the number of judgements about tltle com-

Proof. In order to prove the theorem it is enough t0 1 Al available previsions avoid sure loss, in the sense
prove thatAR = 0. Let us consider thejth ini- that all constraints define a non-empty set of proba-
tial lower and upper prevision of théth component bility densitiesP = (), P; # 0, and are not neces-

’

[M (@;;(x:)), M (p;(2:))], where gamblep;; (z;) € U. sarily coherent.



2. The gambles:; are restricted by the intervéd, T, in its dual form can be written as follows:
that isinf z; = 0 andsup z; = T'. Then

n M(f) = inf (c + (c;ia; — diai)> ,
X eD=]]lo.7] cR". ercirdi ;
i=1 M(f) = _M(_f)v

In particular, we can assume tHat . .
P e subjecttoc; € R*,d; € RT,c € R, and

3. The system structure is monotonic. (The structure N
function g(z1,...,z,) = ¢(X) is monotonic if g o .
is increasing in each argument [1]) The system has JgX)) < e ;(CZ di)f(x:), VX € D.
p minimal paths P, ..., P, containingmi,...,m,
components, respectively, arid minimal cut sets
Ky, ..., K. (A minimal cut set is defined as the set of
minimum number of components that, when failed,
guarantees the failure of the system [7]. A minimal F(9(X) = g(f(x1), oo, f(0)). (3)
path set is defined as the set of minimum number of
components needed to guarantee the success state fdeed, by using the representation of the funcgox )

Since the functiory(X) is not decreasing, then for the
monotone non-decreasing functigfr;), there holds

the system.). Its lifetimg(X) is given by through minimal cuts or minimal paths, we can write
9(X) = max minz = min, mox ;.
EWAS XISV o] <j<k:1ie — . )
g J ; 9(f (@), oy (2n)) = max min (i)
In practice one can encounter three cases of the state of
knowledge on components independence: (1) the compo- =f < max min xz> = f(9(X)).
1<j<pi€P;

nents are independent, (2) dependent, and (3) indetermi-

nacy whether the components are independent or not. Denotez; — f(x;). Then the above optimization problem

The first case dominates in reliability applications. The is

second case is difficult to implement as data on the de- "
gree of dependence is usually absent and difficult to ob- M(g) = inf [c+ Z (cid; — dia;)
tain. The third one cannot be handled in the framework c,ciod; e
of the conventional reliability theory. We will confine our- —

Y Y M(g) = —-M(—g),

selves by generalizing to imprecise previsions the first and
third case. It is quite clear, the fewer constraints are im-gypject toc; € R*, d; € R*, ¢ € R, and
posed, the more imprecise previsions of interest are. The, c[inf f(x;),sup f(z;)],

judgement of independence will allow obtaining more pre-

cise previsions. It is regarded as a strong structural judge- n

ment. Omitting this judgement assumes the absence of 9(z15 s 2n) S €4 Z(Ci - di)zi,

strong structural constraints which in some cases can be i=1

considered a more credible model of the state of affairs Thus we have the problem which was thoroughly studied
(It should be noted that a weak structural assumption onn [5, 8, 9, 10]. In particular, for a system witompo-

the components independence does implicitly always exnents connected in seriethe lower and upper previsions
ist and itis referred to as logical independence [2] and [5]) of are

whether the components are independent or not. This case M(g) = max

Let us consider first the case of complete ignorance (
is easier to handle with the coherent imprecise previsions.

0, a;— (n—1)sup f(a:i)> ,

=1

M(g) = min a;.

4.2 Absence of information about components i=1,...n
independence For components connected in parallel
The natural extension in its primal form (1)-(2) is difficult M(g) = max a
to solve. The dual representation of the natural extension o i=Ln
is often more practical for inferring desirable analytical ex- "
pressions. M(g) = min (Zamsupf(xi))
i=1

It has been proven [6, 3] that in the absence of information
about independence of components the natural extensioRor asystem of an arbitrary structure



the system reliabilityH (¢) in interval [0,¢] and com-
ponent reliabilities H;(¢) in the same interval For

M(g) = ggjgpmaX(O Lj), example, for series systems there holds(t) =
h(Hy(t), ..., Hn(t)) = [, Hi(t), for parallel systems
Ly = Y a;—(m;—1)supf(x;) H(t) = h(Hi(t), ., Ho(t) = 1 — [, (1 — Hi(t)).
i€ P; This implies that the above optimization problem can be
rewritten
M < i i 71'7 i . T
(0) < iy, min | 3 @ sup f(z:) M) = inf [ GOV R, - HaO)r
J 0
T
Example 1 Consider a parallel system consisting &f M(g) = Sup/ (F())h(H (1), ..., Ha(1))dt,
components. The lower and upper mean times to failure P Jo

of the components are knowa; = 10, @, = 12, a, = 8,

ay = 14, a3 = 12, a3 = 13. Here f(z;) = =z; and subject to

g(x1, 22, 23) = max(xy,x2,x3), sup f(x;) — oo. Then T

the system lower and upper mean times to failure are a; < / (f@®))H;(t)dt <@y, i=1,...,n
0

M(g) = max(ay,a,,a5) = max(10,8,12) = 12, o )
Here the minimum and maximum are taken over thePset

M(g) =@ +az +az = 12 + 14 + 13 = 39. of all possible distribution function#/;(¢) satisfying the
constraints of the problem. Basing on this representation

Example 2 Consider a series system consistin@@bm-  of the natural extension the following analytical expres-
ponents. The lower and upper operating probabilities of sions have been inferred [3].
the components within the time interval 6] are: a, =
0.3, ay = 04, a9 = 0.8, as = 0.9. Here f(l'l) =
I, o) (2;) is the indicator function taking the value of  If we know the lower, and uppefi; mean times to failure
for ; > 6 and0 for z; < 6, g(z1,22) = min(xy, z3), of the components, then the lower and upper mean times
sup f(x;) = 1. Then the system lower and upper operat- to failure of a series system are computed as follows:
ing probabilities in the time intervdD, 6] are

System with components in series.

M(g) = max (0,a; + ay — 1) M(9) = 7 [[a M) = ,min @
= max (0,0.3+0.8 — 1) = 0.1, =t
Similarly, if the lowera, and uppei; m-th moments of
time to failure of the components are known, then the co-
herent imprecisen-th moments of time to failure of a se-
ries system are computed as follows:

M(g) = min(a,@2) = min(0.4,0.9) = 0.4.

4.3 Independent components

Below we keep the same notationgf= f(x;).From (1)- n

(2) and the condition of the components independence the  M(g) = — 1 H = min a.
natural extension for the same gamble as the components’ T i=1 =1,

is of the form:

If we know the lowera, and uppem; operating probabili-

M(g) = inf G, M(g) = sup G, ties before time of components, then the lower and upper
s P operating probabilities before tintof a series system are:
G= / / Z]_, ey B p (Zl Pp\Zn dZn : 'dz'ru - v 3 - —
1(z1) - pnlzn) M(g) = [[ a,» M(g) = [[
subject to i=1 i=1
p;(2) > 0 / p;(2)dz = 1 System with components in parallel.
+ If we know the lowel,; and uppek; mean times to failure
a < / 2pi(2)dz <Gj, i =1,..,n. of components, then the lower and upper mean times to
T " ’ failure of a parallel system are computed as follows:
It is well .known that in the case of independ_en_t com- M(g) = max a, M(g)=T — Tﬁ (1 _ az‘) _
ponents in a system, there is a functign linking i=1,..,n i T



Similarly, if we know the lower,; and uppef; m-th mo- 3. systemM(g2) = 0, M(g2) = 130.
ments of time to failure of components, then the lower and
upperm-th moments of time to failure of a parallel system

St k=3 Let =1 bability). Th
are computed as follows: age eLgs () = Ij12,0)(w) (probability). Then

a; ) 1. first componentM(g3) = 0, M(g3) = 0.4.
Tm ) -

M(g) = max a;, M(g) =T"=T" 11 (1 -
o =1 2. second componeni(gs) = 0.8, M(gs) = 0.9.

If we know the lowera, and uppef; operating probabili- _

ties before time of components, then the lower and upper 3 SystemM(g3) = 0, M(g3) = 0.36.

operating probabilities before timeof a parallel system

are computed as follows: Stage k=4 Letgs(z) = Ij14,0,(z) (probability). Then
M(g)=1-J](-a), M(g)=1-J[(1-a). 1. first componentM(g,) = 0.3, M(g4) = 0.4.
=1 i=1

Example 3 Let us consider a system consisting@adfide- 2. second componeniI(gs) = 0, M(ga) = 0.28.
pendent components connected in series. The information ; = .
about the reliability of the components is the following: 3. systemM(gs) = 0, M(g4) = 0.112.

1. Firstcomponent: lower and upper mean times to fail- Thus, we haye got the system lower and UPPET previsions
) _ for the four different gambles. In the following stage these

ureay, = M (1) = 13, au = M (z1) :2 14, previsions at system level will act as initial data to calcu-
lower and upper,second moments, = M (z7) = late the reliability characteristic of interest: the probabil-
160, @2 = M (z?) = 170, lower and upper ity of failure in the time interval 3, co).

probabilities of failure after timel4 hours a,; = Stage k=5 Let us break this stage into steps in or-

M (L[14,00)(®1)) = 0.3, @13 = M (Inaoo(21)) =  der to see how the number of previsions effect the preci-
0.4. sion of the characteristic to be calculated. If on}y is
used for computing the system reliability measure, then
2. Second component: lower and upper second MOp(13< <o) = 0 and P(13< 2 < o0) = 0.87,
mentsa,; = M (23) = 120, @91 = M (23) = 130, wherez is the system lifetime. If we ugg, g, thenP = 0
lower and upper probabilities of failure after time and P = 0.77. If we useg, go, g3, thenP = 0 and
6 hours a,, = M,(I[lz,o@](iﬂg)) = 0.8, Gop = E = 0.36. If we usegy, g2, 93, 94, thenP = 0 and

M (I (22)) = 0.9 P = 0.03. Therefore, the final results for the series system
12,0} o areP (13 < z < oo) =0andP (13 < z < 00) = 0.03.

How to find the lower and upper probabilities of the sys- gyample 4 Let us consider a parallel system consisting of
tem failure after timel3 hours? This problem is difficult o same independent components as the system in Exam-
enough to be solved directly through the use of either pri—p|e 3. TherM(g;) = 13, Mi(g1) = 24.32, M(go) = 169

mal general optimization problem in the form (1) subject M(gs) = 300, M(g3) = 0.8, M(g3) = 0.94, M(g4) =
to (2) or its dual representation. Therefore, the proposedo.g, M(gs) = 0.568. The final results for the pgrallel sys-

algorithm can be used. tem: the lower probability i§.3 and the upper probability
Stage k=1 Letg; (z) = = (mean time to failure). Then is 0.94.
1. first componentM(g;) = 13, M(g1) = 13.02. 5 Concluding remarks

2. second componentl(g,) = 9.6, M(g1) = 11.3. The current paper summarizes the authors developments

3. systemM(g;) = 0, M(g;) = 11.3. on the reliability of non-repairable systems the compo-
nents of which are quantified by interval-valued charac-

Stage k=2 Let g, () = x> (second moment). Then teristics.

The generalization of system reliability calculations to
1. first componentM(g») = 169, M(go) = 170. interval-valued characteristics has distinguished features

that cannot be achieved in the framework of conventional
2. second componeni(g) = 120, M(go) = 130. reliability theory. Among those are



1. A possibility to calculate a system reliability char- [6] V. P. Kuznetsov.Interval Statistical Models Radio
acteristic of interest based on arbitrary sets of com- and Communication, Moscow, 1991. in Russian.
ponents reliability characteristics. The only condi- . _ _
tion imposed is the avoiding sure loss among the re- [7] S.S. Rao. Reliability-Based Design McGraw-Hill,

liability information available on the components or New York, 1992.
groups of components. [8] L.V. Utkin. General reliability theory on the basis of
upper and lower previsions. In D. Ruan, H. Ait Ab-

derrahim, P. D’hondt, and E.E. Kerre, editoFsizzy
Logic and Intelligent Technologies for Nuclear Sci-

2. The unnecessity to assume any probability distribu-
tion of time to failure.

3. Easy interval calculation of "typical” system reliabil- ence and Industry. Proceedings of the 3rd Interna-
ity characteristics in case all components are quanti-  tional FLINS Workshoppages 36-43, Antwerp, Bel-
fied by the same characteristics. gium, September 1998.

4. The validity of all the formulas and the algorithm de- [9] L.V. Utkin and S.V. Gurov. New reliability models
veloped for precise reliability parameters. This fact on the basis of the theory of imprecise probabilities.
allows us to refer to the work done as the general- In 1IZUKA’98 - The 5th International Conference on
ization of system reliability calculations to imprecise Soft Computing and Information / Intelligent Sys-
previsions. tems volume 2, pages 656-659, lizuka, Japan, Oc-

tober 1998.

Despite all the advantages pointed out above, we profesgio] L.V. Utkin and S.V. Gurov. Imprecise reliability of

that they are achieved at the cost of imprecision which general structureknowledge and Information Sys-
rapidly increases as the number of components in a sys-  tems 1(4):459-480, 1999.

tem grows. It is clear, the lesser assumptions/constraints

are introduced, the lesser precision of a system reliability[11] P. Walley.Statistical Reasoning with Imprecise Prob-
characteristic is. For example, the absence of the judge-  abilities. Chapman and Hall, London, 1991.

ment on components independence inevitably results in a

larger imprecision. An open question is: whether the im-

precision one yields is able to make the results practical

in consequent decision-making? Nevertheless, an obvi-

ous conclusion is: one will yield higher confidence to the

quantified reliability of complex systems.
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