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Abstract. The paper discusses the important aspects of the reliability of systems
with an imprecise general model of the structure function. It is assumed that the
information about reliability behavior of components is restricted by the mean
levels of component performance. In this case the classical reliability theory can-
not provide a way for analyzing the reliability of systems. The theory of impre-
cise probabilities may be a basis in developing a general reliability theory which
allows us to solve such problems. The basic tool for computing new reliability
measures is the natural extension which can be regarded as a linear optimization
problem. However, the linear programming computations will become imprac-
ticable when the number of components in the system is large. Therefore, the
main aim of the paper is to obtain explicit expressions for computing the system
reliability measures. We analyze the reliability of general structures and typical
systems. The numerical examples illustrate the usefulness of the presented ap-
proach to reliability analyzing.

Keywords: reliability, imprecise probabilities, multistate systems, previsions, up-
per and lower probabilities.

1 Introduction

Classical reliability theory assumes that all probabilities are precise, that is, that every
probability involved is perfectly determinable. If the information we have about the
functioning of components and systems is based on a statistical analysis, then a proba-
bilistic uncertainty model should be used in order to mathematically represent and ma-
nipulate that information. However, the probabilistic assumption may be unreasonable
in a large number of cases. It very often happens that probabilities cannot be determined
exactly, either due to measurement imperfections, or due to more fundamental reasons,
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such as insufficient available information. Moreover, in some cases, the information we
have about the functioning of components and systems is not based on statistics, but
is of a linguistic nature, i.e. the information is conveyed by statements in natural lan-
guage. A part of the reliability assessments may be supplied by experts. For example,
assessments of experts may have such the forms as “The mean level of component per-
formance is more than 0.1”, “Failure before 10 hours is probable”. Other assessments
may be made by the user of the system during the experimental service. It should be
noted that in reliability theory there are a lot of analytical estimates which can be used
as an additional information, for example, independence of component failures. Lastly,
we may know nothing at all about the reliability of systems or components. Thus, the re-
liability assessments that are combined to describe systems and components may come
from various sources. How to compute the system reliability measures on the basis of
the imprecise information on the component reliability?

One of the ways to model partial or complete ignorance is through a concept called
fuzzy reliability [1-6]. However, in spite of successful application of the possibility
theory for the reliability analysis of various systems, possibility measures cannot model
many types of uncertainty.

To develop a general reliability theory taking into account the various sources of in-
formation, de Cooman proposed using the theory of imprecise probabilities (also called
the theory of lower previsions [7] and the theory of interval statistical models [8]) intro-
duced and developed by Walley [9]. A general framework for the theory of imprecise
probabilities is provided by upper and lower previsions. They can model a very wide
variety of kinds of uncertainty, partial information, and ignorance. According to this
theory, possibility measures are a special type of upper probabilities [10, 7, 11]. Wal-
ley’s theory of imprecise probabilities is arguably the most satisfactory of all current
theories of uncertain reasoning from a fundamental point of view [12]. The rules used
in the theory of lower previsions, which are based on a general procedure called natural
extension, can be applied to various measures, including possibility measures. There-
fore, this theory might be a basis to develop a general reliability theory.

In this paper we try to apply the theory of imprecise probabilities to the reliabil-
ity analysis of multistate and continuum systems. It is assumed that the information
about reliability behavior of components is restricted by bounds of the mean levels of
component performance. The basic tool for computing new reliability measures is the
natural extension which can be regarded as a linear optimization problem. However,
the linear programming computations will become impracticable when the number of
components in the system is large. Therefore, the main aim of the paper is to obtain the
explicit expressions for computing the system reliability measures. The paper is orga-
nized as follows. Section 2 is a brief introduction to the theory of imprecise probabili-
ties. The basic definitions of systems with the general structure function and notions of
the general reliability theory are considered in Sec. 3. It is shown in this section how to
apply the natural extension to the system reliability calculus. The important properties
of the natural extension are presented in Sec. 4. These properties allow us to simplify
the optimization problems associated with the natural extension. In Sec. 5 we analyze
the reliability of the general structures under condition that the component reliability is
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determined by the upper and lower mean levels of performance. In this section, series
and parallel systems are studied.

2 Gambles and Previsions

Let us briefly review the basic concepts of the theory of imprecise probabilities. All the
definitions and results introduced in this section can be found in [9, 7, 11].

Let 2 be a set called thpossibility spaceor the universe of discoursdt can be
interpreted as the set of the mutually exclusive possible outcomes of a specific experi-
ment. A real-valued mapping on {2 will be called agambleon 2 iff it is bounded,
i.e.ifsupX = sup{X(w) : w € 2} andinf X = inf{X(w) : w € 2} are finite
real numbers. It is interpreted as a reward which will be paid, after observing the value
of X. For example, X might denote the amount of failures that will occur during a
predefined period of time. The set of the gamblegis denoted byC((2). Theupper
previsionof a gambleX, denoted by\/ (X), is a real-valued function on a class of gam-
bles/C C L(42). It can be interpreted as an infimum selling price ¥orTheconjugate
lower previsionM (X) is defined on-X = {-X : X € K} by M(X) = —M(-X),

X € —K. It can be interpreted as a supremum buying priceXoit is often natural to
regard)M (X) and M (X) as lower and upper bounds for some ideal pii¢éX) that
is not known precisely. Note that if we have an interfel(X ), M (X)] for the gamble
X € K, then we can specify an intervat M (X ), —M (X)] for the gambleX ¢ —K.

This implies thatM (X) = —M(—X) andM (X) = —M(—X).

There is a special class of gambles that assume only valyésin. A subsetd =
{w € 2: X(w) = 1} of 2 will be called an event and theoperandlower probabilities
of the eventd are defined to be the upper and lower previsior-of -valued gambles.
They are related by?(4) = 1 — P(A°), where A° denotes the complement of.

Upper and lower previsions can also be regarded as generalizations of upper and lower
probabilities.

To model complete ignorance tliacuousprevisionsM (X ) = inf X andM (X) =
sup X are used.

Suppose that there exist the upgeg and lowerF . distribution functions ofX.

Then the upper and lower previsions can be interpreted as upper and lower expectations

M(X) = / 2dF x(z), M(X) = / xdF 5 ().

In the theory of imprecise probabilities, there are three fundamental principles:
avoiding sure loss, coherence and natural extension. Avoiding sure loss can be consid-
ered as a rationality condition. The lower previsibf{ X ) avoids sure loss fup X >
M (X), i.e. You should not be willing to pay more fdf than the supremum amount
You can get back. Similarly, the upper previsidh(X) avoids sure loss i/ (X) >
inf X. Avoiding sure loss implies that/ (X) < M(X) andP(A) + P(A¢) < 1. Co-
herence characterizes a kind of self-consistency of previsions. Like avoiding sure loss,
coherence is proposed as a criterion of rationality. However, it is a much stronger con-
dition than avoiding sure loss [9]. The basic rules can be derived from the coherence
principle, for example:
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1. inf{X} < M(X) < M(X)<sup{X}
2. M(cX)=cM(X),c>0
3 MX)+M(Y) < M(X+Y) < M(X)+M(Y) < M(X+Y) < M(X)+M(Y).

Natural extension is a general mathematical procedure for calculating new previ-
sions from the initial judgements. It produces a coherent overall model from an arbitrary
collection of imprecise probability judgements and may be seen as the basic construc-
tive step in statistical reasoning. Natural extension summarizes the buying prices for
gambles that are implied by/ and M through the linear operations involved in the
definition of coherence. For computing new previsidd$.X,) and M (X,) from an
available set of the prevision® (X;) andM (X;),i = 1,...,n, the natural extension
can be used in the following form:

M(X,)= inf <co + Z i M(X;) dlM(Xi))> : (1)
(/07(/7 i
wherec;, d; e RT, o e R,i=1,...,n,and
00+Z ¢Xi —d;iX;) > X, inf X; <X, <supX;, i =1,.

M(Xs) = _M(_Xs)v

Equivalent definitions of avoiding sure loss, coherence and natural extension can be
found in [8].

3 Structure Function is a Gamble, Mean Level of Performance is a
Prevision

Let L be the set representing levels of component performance ranging from perfect
functioningsup L to complete failurenf L. A generalmodel of the structure func-

tion of a system consisting of multistate components was considered in [13]. It can
be written asS : L™ — L. If L = {0,1}, we have a classicdlinary system; if

L ={0,1,...,m}, we have amultistatesystem; ifL = [0,7], T € R", we have

a continuumsystem. At arbitrary time the i-th component may be in a statg(t).

This implies that the component is described by the random prdegés),t > 0},

x;(t) € L. Then the probability distribution function of thiéh component states at
time t is defined as the mapping; : L — [0, 1] such thatF;(r) = Pr{z;(t) > r}

Vr € L. The state of the system is determined by states of dsmponents, i.e.

S=5(X)=S(z1,...,x,) € L.

Then the probability distribution function of the system states at timelefined as the
mappingF : L — [0, 1] such thatF'(r) = Pr{S(X) > r} Vr € L.

A system ofn components with the structure functiéhis called amonotonenul-
tistate system i (X) is increasing in each argument afify,...,r) = rVr € L. An
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arbitrary structure function of a monotone multistate system can be expressed through

operations “min” and “max”. Properties of multistate systems can be found in [14].
Define themean level of component performaricét) ash;(t) = E{x;(t)}. Here

E is an expectation operator. For a system, we write the mean level of system perfor-

manceh(t) ash(t) = E{S(X)}.

Example 1.Consider a multistate system consisting of two components with the struc-
ture function{0, 1,2}2 — {0, 1,2} given in Table 1. From Table 1 we can see that there
holdsS(X) = min(z1, z2). Here

2 2 2
hi(t) =Y kPriz(t) =k} =Y Pr{zi(t) > k} = > _F(k),

h(t) = kPr{S(x1,x2) =k} = > Pr{S(x1,22) > k} = > _ F(k).
k=1

k=1 k=1

Table 1. Structure function of the series system

o112
T2

0 000
1 011
2 012

Example 2.Consider a system consisting of two components with the structure func-
tion S : [0,1]2 — [0,1] such thatS(X) = min(z1, z2). Then the following hold:

hi(t) = /1 Fi(2)dz,

0
h(t) = /0 P2)dz = /0 Fy(2)Fa(2)dz.

Suppose that the state probabilities of components are unknown. However, we can
obtain lowerh;(t) and (or) upper;(t) bounds of mean levels of component perfor-
mance from experts (in particuldr;(t) = h;(t)). How to find bounds(¢) andh(t) of
mean levels of system performance? We can see that variafflgsi = 1,...,n, and
S(X) can be considered as gambles because their values are uncertain.

Suppose that there exist the upgérand lowerF; probability distribution func-
tions of theith component states at timte Then there hold;(t) = E*{z;(t)} and
hi(t) = E.{x;(t)}, whereE* and E, are the expectation operators corresponding to
upper and lower distribution functions, respectively. This implies that the lower (upper)
mean levels of performance are the lower (upper) previsions and we can use the prin-
ciples of the imprecise probabilities theory for computiing) andh(t). We assume
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that previsiong; () andh;(t),i = 1,...,n, satisfy the rationality conditions, i.e. they
avoid sure loss and are coherent.

To model complete ignorance for th&a component the vacuous previsidn$t) =
inf L andh;(t) = sup L can be used. In a special cake= {0, 1}, we have the binary
coherent system with the structure functién: {0,1}" — {0,1}. For this system,
gamblesz; assume only values if0, 1}, wherel corresponds to the operating state.
Therefore, the valuds; (t) andh; (t) can be considered as lower and upper probabilities
of the operating state of théh component; = 1, ..., n. For example, if the statement
“functioning of component is probable at tim® h” conveys information about the
reliability of the ith component, theh, (10) = 0.5 andh;(10) = 1 (the vacuous pre-
vision). The values(t) andh(t) are the lower and upper probabilities of the system
operating state.

In the following, we shall omit variablefor brevity.

In order to use the available information for computing mean levels of system per-
formance we can make various assumptions. For example, we may assume that the
time to failure is a random variable governed by the exponential probability distribution
and apply methods of the classical reliability theory. We may also assume that the time
to failure is a fuzzy variable and apply known methods of the fuzzy reliability theory
[1-3]. However, all the additional assumptions may be in contradiction with the real
behavior of systems or may be unreasonable in a wide scope of cases. Therefore, for
computing the system reliability measures, we have to take into account only the avail-
able information. This can be done by means of rules of the imprecise probabilities

theory.

For computing the lower previsiainfrom an available set of the component previ-
sionsh,(t) andh;(t), i = 1,...,n, the natural extension can be used in the following
form:

h= sup (Co + Z (cih; — dﬂ%)) ; )
Co,C“di i=1

wherec;,d; e RT,co € R,i=1,...,n,and

co + Z (ciwi —dix;) < S(X), x; € L.

=1

For computing the upper previsidn the natural extension can be used in the fol-
lowing form:
h= inf <c0 +) (cihi - dihi)> : 3)
i=1

co + Z (CZ‘{Ei — dZ(I}Z) > S(X), x; € L.
i=1

Here we do not assume that events of failures of components are independent, i.e.
mean levels of one component performance would not change if we learned whether or
not the failure of other component occurred. Thus, we do not have to know whether the
observations are independent.
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So, new previsiong andh can be computed as solutions to linear programming
problems. However, the linear programming computations will become impracticable
when the number of components in the system is large. Therefore, we will consider
several special cases, for which natural extensions can be computed explicitly, without
linear programming.

4  Preliminary Results

DenoteC = (c1,...,¢p), X = (21,...,2,)7T,

D= ﬁ[O,T] CcR",

=1
D = {1, .. 7)) |i;=0,1,j=1,...,n, T =0, TV =T},

We assume that the inequali® < Y means thati, z; < y;, x; andy; arei-th
components of vectorX andY, respectively.

Theorem 1. Suppose that

1.5(X) >0,X € D;

2. 5(X) is a non-decreasing continuous function;

3. For eachX, there exists a numbeg such thatS(X) = «;,, wherez;, is a component
of the vectoiX.

Then

1. the system of inequalitieg + CX > S(X), C
valid for VX € D*;

2. the system of inequalities + CX < S(X), C
valid for vX € D*.

Y

0, is valid forvX € D iff it is

v

0, is valid forvX € D iffitis
Proof. (If part). The proof is obvious becauge* c D.
(Only if part). Denote
D(i17...,i7L) = {X DTGy 2 Ty Z Z :Ziqn} C R".

Without loss of generality, suppod€ € D(1,2,...,n). Introduce forD(1,...,n) a

basis with non-negative coefficients, 7 = 1,...,n. It can be the following set of
vectors{ai,...,a,} € D(1,2,...,n):
a;=(T,...,7,0,....0)T, i=1,....n
—— N——

i times n—i times

Note thata,, € D*. Then we have to prove that if the inequality+ Ca, > S(ay) is
valid, thency + CX > S(X) is valid.
Note thatX =>""" , d;a,. Indeed, there holds

T = zn: dy,T. (4)
k=i
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Hence
Tn Tn—1 — Tn T — T2

T T T T
Sincexy_1 —x, > 0forallk =2,...,n, X € D(1,2,...,n)), thend, > 0 for all
k=1,...,n. Moreover, there hold}"""_| d; = /T < 1.

Letcy + Cay, > S(ay) be valid. By substitutingk ="' | d;a; into ¢y + CX >
S(X), we obtain

dy, =

,dn,1: '7dl:

CO+CX:CO+deCak200+de ay) — co)

k=1
—Co—‘erk ak —CQde—C()(l—de)-i-deS )
k=1
Letus prove thaf(X) = >"}'_, dxS(a;). Suppose tha(X) = z;, X € D(1,2,...,n).
We have to prove that forX € D(1,2,...,n) there holds5(X) = z;. We shaII d|V|de

the setD(1,2,...,n) inton disjoint subsets
D, ={XeD(1,2,....n): SX)=a;}, i =1,...,n

Since the functionS(X) is continuous, then subsef3; are closed and there holds
D(1,2,...,n) = U;_, D;. Now we have to prove that one of the subsBts i =
1,...,n,is non-empty and other subsets are empty. In this case thered@ld3, ..., n) =
D;,. DenotelJ;_, D; = Di. ThenD(1,2,...,n) = Dy U Dj. Note thatDj is closed
as a union of the finite number of closed sets. Moreolzgr) Di = (). We have to
prove thatD; = (), Df # () or D} = 0, D1 # (). Conversely, assume that # () and
Dy # . Then there exisK; € D; andX, € Dj. A line segment joining pointX;
andX, contains a poinX = (1 —¢)X; + tX5, t € [0,1]. This line segment belongs
to D(1,2,...,n) due to convexity ofD(1,2,...,n). There exists, € (0, 1) such that
if t < ty,thenX € Dy, if t > tg, thenX € D7. Indeed, byt < t, we consider a
sequence,, — to + 0. Then for all the pointsX,, there holdsX,, € D7 and a limit
point belongs td),. This implies thatD7 is not closed, a contradiction. A similar con-
clusion can be obtained for the case> t,. If D7 = 0, thenD(1,2,...,n) = Dy
andS(X) = x;. If Dy = 0, thenD(1,2,...,n) = Dj. By dividing the setD; and
repeating this argument, we obtain one set.

Sincea; € D(1,2,...,n),thenS(a;) = --- = S(a;j—1) =0, S(a;) = --- =
S(ay,) =T. It follows from (4) that

deS(ak) = deT =x; = S(X)
k=1 k=j

Sincecy > 0and)_;_, di < 1, then there hold

co+ CX > ¢y <1 — id}g> +S(X) > S(X)

k=1



Imprecise Reliability of General Structures 9

This completes the proof.
The second conclusion is proved similarly by taking into account the conditigh
0.

Theorem 1 is very important because it allows us to regard the systems with the gen-
eral structure function as a two-state system. The conclusion of Theorem 1 essentially
reduces the complexity of optimization problems (2) and (3).

Theorem 2. Suppose tha$(X) is a non-decreasing function art{X) > 0, X € D.
Then problem (2) is equivalent to the following problem

h= sup (Co +) Cihi) , (5)
i=1

CZO,CD

subjecttocy + CX < S(X), X € D.

Proof. Denotee; = ¢; — d;, e; € R. If z; > 0andS(X) > 0, then problem (2) can be
rewritten as follows:

h= sup (Co + Z (Ciﬁi —cihi + eihi)> )
' i=1

n
co + Zeixi < S(X), x; € L.
i=1
Sinced; > 0, thenc; > e;. Sinceh; — h; > 0, then the objective function is maximal
whenc¢; = min{0,e;},i=1,...,n. Hence

h = sup <00 + ) min(e;h, eihi)> 7 (6)

€0,€4 i=1

co+ Zeixi < S(X), z;, €L, e; € R.
=1
Assume that; = ¢;, ¢ = 1,...,n. Note that(c, 0, ...,0) is a feasible point of
problem (6) and for this point the value of the objective function is equaj.t®enote
N=1{1,2,...,n}and

_ {%k¢J ~:{xhk¢J

“=N0, keg TFTN0, keJ-
If (co,ca,-..,c,)isafeasible solution and for values of a get. N there holds;, < 0
forall k € J, then(co, ¢1,. .., ¢, ) is afeasible solution corresponding to a greater value

of the objective function. Indeed, assuming an inequaljity CX < S(X) thatz, =0
for all £ € J and by using the properties of the functiSnwe obtain

co—l—ZEixi =co+ Z cx; < S(f17,5n) < S(ml,...,xn).
ieN JEN\J

Thus, we can accept that > 0 for all £ € J. Since the sef/ can be arbitrary, then
there hold2C > 0 and problem (6) is equivalent to problem (5), as was to be proved.
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Theorem 2 implies that the lower prevision of a system depends only on lower previ-
sions of primary gambles. In other words, the lower mean level of system performance
depends only on lower mean levels of component performances.

Theorem 3. Suppose tha®(X) is a non-decreasing function aftiX) > 0, X € D*.
Then problem (3) is equivalent to the following problem

h = clz%f,co (Co + Z thz> ) (7)

subject tocy + CX > S(X), X € D*.

Proof. Problem (3) can be rewritten as follows (see the proof of Theorem 2):

h = inf ihis cihy) |
Inf (co + Z max(c;h;, ¢ Z))

i=1

co + Zcimi >S(X), 2, €L, ¢; € R.
=1
According to Theorem 1, the optimal solution can be found onlyXoe D*. There-
fore, we can rewrite problem (3) as follows:

E = inf <CO + Z maX(CiEi, cihi)> ) (8)

C0,Ci i—1
1=

co+ Y Ty > S(Ty),
icl
where is an arbitrary set of indicesl'; is a vector with non-zero componerits,
iel.

If T is empty, thenS(T;) = 0 andcy > 0. Let us prove that the optimal solution
is achieved by; > 0,i =1,...,n. LetC* = (¢}, i, ..., c:) be an optimal solution.
Denotel_ = {i: ¢} <0}, I; = {i: ¢ > 0}. Then for any/, the following inequality
is valid:

€+ ZCfTi = S(Ty). 9)
el
Hence
h=cy+ Z cihi + Z cih;.
i€l icl_
Note that inequality (9) is valid for the empty detConsider a solutiofy’ = (C0,C1y .-, Cn),
where

~ ~ ct ’LGI+
=i+ Y a={{ S0
iel_ ’ -



Imprecise Reliability of General Structures 11

Let us show tha€ is the feasible solution, i.e.

G+ Y G+ Y Gz > S(X).

iely iel_
LetJo={i:2; =0}, Jp = {i:z; =T;}. DenoteT = (z1,...,2n), Where

= Ti,i€J+
t 0, iedy ’

DenoteT = (T, ...,T,), where

7 _ [TnieJyU(-nlJy)
70, i¢J u(Iondg)
Then
G+ Y T+ Y. aTi=cg+ > T+ Y. T > S(T).
iel_ i€lyNJy i€y i€I_NJoy

This is valid due to the equality = (I_ N J4)U (/- NJo). Note thatT > T because
J+ C Jy U(I-nNJy). Hence there holdS(T) > S(T).
Now we prove that(C) < h(C*). Since we assume that < 0,4 € I_, then

R(C) = ¢ + Zc’{TiJr Zc’{ﬁi <

iel_ iely

o+ > cthi+ Y ¢hi =h(C").
iel_ iely
In sum, there hold€ > 0 and problem (8) is equivalent to problem (7), as was to
be proved.

Theorem 3 implies that the upper prevision of a system depends only on upper previ-
sions of primary gambles. In other words, the upper mean level of system performance
depends only on upper mean levels of component performances.

5 Reliability of Systems

5.1 Coherent Systems with General Structure Functions

Theorem 1 implies that multistate and continuum systems can be considered as clas-
sical binary systems with the coherent structure funcion{0,7'}" — {0,7'}. This
conclusion simplifies the calculation of the reliability measures of various systems. Be-
low we will study the general rules for computing the lower and upper mean levels of
system performance for arbitrary systems.

Suppose that a coherent structfref a binary system hgsminimal paths?; , . . ., P,
andk minimal cutsK,, ..., Ki. Then according to [15], the functiot can be repre-
sented as

S(X) = max minz; = min maxz;.
1<j<pi€eP; 1<j<kieK;

DenoteN = {1,...,n}.
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Theorem 4. Supposé,(t),i = 1,...,n, are the lower mean levels of component per-
formances. For computing the lower mean levels of system performartioce natural
extension can be used in the following form:

h = sup (CO + Z Cihi> s (10)

=1

cot+ Y ¢T<0,i=1,..k
JEN\K;

n
Co +ZClT§ T‘7 Co S 0
=1

Proof. Denotel = {i : x; = 0}. According to Theorems 1 and 2, the system of
constraints has the following form

0
co + Z CJTS S(TN\I) = {T )
JENN\I

whereT y ; is a vector with non-zero componefits j € N\I.If I = N, thency < 0.
Let S(Tn\;) = T. Then inequalities

cot+ Y T <T,VI#0,
JEN\I

follow from the inequalityco + Y, ¢;T < T. Let S(T ;) = 0. The system fails if
all components belonging to a minimal cut set fail. This implies that K; or I = K;.
Let I O K;. Then inequalities

ot Y ¢T<0,VIDK,
JEN\I

follow from the inequality

co + Z c;T <0,
JEN\K;

becauseV\ K; C N\I, as was to be proved.

Theorem 5. Supposé;(t),i = 1,...,n, are the upper mean levels of component per-
formances. For computing the upper mean levels of system performatienatural
extension can be used in the following form:

h = Ciz%f:co (CO + z_; Clhl> 5 (11)

cot+ Y T >T, i=1,...,p, co>0.
JEP;
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Proof. Denotel = {i : x; = T'}. According to Theorems 1 and 3, the system of
constraints has the following form

0
Co+ZCjTZS(TI) = {T ;

jel

whereT is a vector with non-zero componerfts, j € I. If I = (), thency > 0. Let
S(Ty) = 0. Then inequalities + >, ¢;T > 0 VI # () follow from the inequality

co > 0. LetS(T;) = T. The system operates if all components belonging to a minimal
path operate. This implies that> P; or I = P;. LetI D P;. Then inequalities

o+ T >T,VID P,

jel
follow from the inequality

Co —|— Z CjT Z T
JEP;

This completes the proof.

Theorems 4 and 5 reveal the interesting underlying relationships among the sets
of constraints in the natural extension and minimal paths and cuts. Theorems allow
us to develop the formal rules for constructing the system of constraints for arbitrary
systems. Moreover, they reduce the number of constraints and essentially simplify the
linear optimization problems. Their usage will be illustrated below.

One of the conventional ways for simplifying the reliability analysis of systems is
the property of a decomposition. Let notati@A, xy) mean a coherent system with a
structure functiory. Here A denotes a set of integers designating the components.

Definition 1. A modular decomposition of a coherent systéme) is a set of disjoint
moduleg A1, x1),- -, (Am, xm) together with an organizing structure:

() €=U, A, A1 A; = Dfori £
(b) ¢(Z) = (x1(ZM),...,xm(Z4)),

whereZ4: denotes the vector withy; elements;; € {0,7},i € A;.

Theorem 6. For a coherent system, suppos€ A1, x1), - - -, (Am, xm) CONStitute one
of its modular decompositions with organizing structurewhich hasp minimal paths
Py, ..., Py, k minimal cutsk, ..., K, and the upper and lower mean levels of sub-
system performanc¥ = (v1,...,0,)%, V. = (v1,...,2,,)*. Then the upper mean
levels of system performance is determined as the solution of the following optimization
problem:

h= CIZI%ECO (co+CV), (12)

subject to

co+ CX > ¢(X) = 112322{2%}@, X = (x1,...,2,)".
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The lower mean levels of system performance is determined as the solution of the fol-
lowing optimization problem:

h= sup (c+CV), (13)
CZO,CO
subject to
< = inz;, X = . T
co + CX < 9(X) Jpax min z;, X = (1, Tm) (14)

Proof. The vectorV can be obtained as the solutionafoptimization problems

9= _inf (& +D;A(Y?)), di + D, Y > x(Y*) =ay, i=1,...,m, (15)

iU, dq

whereD; and'Y#i are vectors withn; componentsh(Y#) is the vector of upper
previsions of gamble¥ 4.
By substituting the vectoV into problem (12), we obtain

h = inf: <co + Z Ci iilgd (di + Dih(YAi))> .

1Y,

Sincecy > 0,C >0,D; >0,d; >0,i=1,...,m,andA; N A; = ( fori # j, then
there holds

m m
h= inf inf i D (YY) |
CIZ%,CO DiZO,dlq‘?i:L...,m <60+202d1+;CL ! ( )>

1= 1=

Note that the set of previsiodlg Y“¢),i = 1,...,m, is the set of upper previsions for
all the components of the system with the structure function

Now consider constraints. Note that= x;(Y ). By substituting constraints (15)
into (14), we obtain

co + f: ¢ (di + D,;YAi) =co+ i cid; + i DY

i=1 =1 =1

> 00 (YA, xm(YA) = 6 (YA, YA

This completes the proof.
The case of the lower prevision can be proved in a similar way.

The possibility of the modular decomposition of a coherent system is the very im-
portant and useful property of reliability assessments because many complex systems
can be constructed with typical systems such as series and parallel systems.
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5.2 Series Systems
Definition 2. A series structure is such that
S(X) = min(z1, 22, ..., Tpn)-

Theorem 7. Let h; and h;, i = 1,...,n, be the lower and upper mean levels of
component; performance for a series system with the structure funcfi¢X) =
min(x1,...,%,), z; € L. Then the lower and upper mean levels of system performance
are defined as follows:

h = max <0, ibi —(n— 1)T> , (16)

h= min h;. a7)

Proof. From Theorem 4, we obtain the optimization problem for computing the lower
prevision

J=1.5#i i=1

From constraints we can write¢ < ¢; < 1,4 = 1,...,n. This implies thatey <
—T(n—1)if¢;=1andey <0if ¢; =0,2=1,...,n. Then

h = max <—T(n —1)+ Zhi,0> :
=1

This completes the proof of (16).
From Theorem 5, we obtain the optimization problem for computing the upper pre-

vision
n
h = Cizr(l)f:co (CO =+ 21th1> s
1=

Co +ZCZTZ :Zj7 Co > 0.
=1
We will find solutions to the problem at corner points of the feasible region. There are
two sets of such the points: () = 0, ¢, = 1,¢; = 0,7 # k; (2)co = T, ¢; = 0,
1=1,...,n. Ifwe consiger the first solutign, theén= min;—; __, h,. If we consider
the second solution, thelh = T'. Note thath; < T'. With this inequality we arrive at
(17).
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5.3 Parallel Systems
Definition 3. A parallel structure is such that
S(X) = max(x1,xo,...,T,).

Theorem 8. Let h; and h;, i = 1,...,n, be the lower and upper mean levels of
component performance for a parallel system with the structure functfiX) =
max(z1,...,Z,), ; € L. Then the lower and upper mean levels of system perfor-
mance are defined as follows:

(18)

h = min (27]: hy, T) . (29)
i=1

Proof. From Theorem 4, we obtain the optimization problem for computing the lower

prevision
n
h= sup (cﬁZcihi),
=1

CZO,CO

Co +ZCZT§ T‘7 Co S 0.
=1

We will find solutions to the problem at corner points of the feasible region. There are
two sets of such the points: (&) = 0, ¢, = 1,¢;, = 0,7 # k; (2) cg = 0, ¢; = 0,
i = 1,...,n. If we consider the first solution, thén= max;—; ., h;. If we consider
the second solution, thelm = 0. Note thath, > 0. With this inequality we arrive at
(18).

From Theorem 5, we obtain the optimization problem for computing the upper pre-

vision
— n —
h = Clzr(l)f;co (CO + Zlclhl) s
i=
co+cT>T, i1=1,...,n, cg > 0.

It follows from the above inequalities that > max (0,1 — ¢o/T'). Therefore, we can
write the following optimization problem:

E:CO—Q—ZEimax(O,l—%O) — min .

=1

If 0 <cy <T,then
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Minimum of & is achieved by, = 0 or ¢g = 7. In the first case, there holds =

> | hi, inthe second case, we halve= T If T < ¢y, thenh = ¢o = T In sum, we
obtain

This completes the proof of (19).

Fig. 1. A series-parallel system with two states

Example 3.Let us consider a system given in Fig. 1 whose components may be in
two states: perfect functioning (A) and complete failure (B). To express the uncertainty
about the reliability of components, experts make the judgements:

— failures of components 1 and 3 are very unlikely.
— failure of component 2 has very low probability.
— functioning of component 4 is extremely unlikely.
— functioning of component 5 is probable.

Let us translate the judgements in natural language into lower and upper probabili-
ties by using Walley’s paper [7].

— Components 1 and 3(B;) = P(B3) < 0.25.
— Component 2P(Bs) < 0.1.

— Component 4P(A4) < 0.02.

— Component 5P(A5) > 0.5.

Here P(A;), P(B;) and P(A;), P(B;) denote lower and upper probabilities that
theith component functions or fails, respectively. From the above assessments, we can
write the vacuous probabilitied?(B;) = P(Bs) > 0, P(44) = 0, P(Bs) > 0,

P(As) < 1. By using equalitied’(A;) = 1 — P(B;) andP(A;) = 1 — P(B;), we can
compute the following probabilities:

— Components 1 and 32(A;) < 1, P(A;) > 0.75, P(A3) < 1, P(A3) > 0.75.
— Component 2P(A;) < 1, P(43) > 0.9.
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— Component 4P (B,) > 0.98, P(By) < 1.
— Component 5P(B5) > 0, P(Bs) < 0.5.

By using the expressions for upper and lower previsions of series and parallel sys-
tems, we can obtain lower and upper probabilities that the system is functioning:

ﬁ:max((),ﬁl + hy +h5*27ﬁ3 + hy +h5*2)

=max (0,0.75+0.94+0,5-2,0.75+0+0.5-2) =0.15
h =min (hs, min(hy, he) + min(hs, hy))
= min (1, min(1, 1) + min(1,0.02)) = 1.
Hereh, = P(A;) andh; = P(A;).

Example 4.Consider the performance level of a tube which is defined by sizes of cracks
on the bore and surface of it. Examination of the bore of the tube by experts revealed
a crack with the mean size 3—-4 mm. Examination of the surface of the tube revealed a
crack with the mean size 2-2.5 mm. It is supposed that the maximal size of cracks is
equal to8 mm and the tube is destructed if both cracks have thetszm. The tube can

be regarded as a continuum system with the structure funstion, x2) € L = [0, §]
andxi,zo € L = [0,8]. Moreover, it follows from the description of the tube that
S(z1,m2) = max(xy,z2). Hereh, = 3, hy = 4, hy, = 2, hy = 2.5. Now we can
obtain the performance levels of the tube as follows:

h = max (hy, hy) = 3,
h=min (hy + hy,T) = 6.5.

In spite of simplicity of linear optimization problems (10), (11), the reliability anal-
ysis of systems with a large number of components is the difficult computational prob-
lem. Therefore, the explicit expressions for lower and upper mean levels of system
performance are desirable.

Theorem 9. Suppose that a coherent structuseof a binary system has minimal
pathsP, ..., P, containingmy, . . ., m, components, respectively. lgti =1,...,n,

be the lower mean level of componéperformance. Then the lower mean level of sys-
tem performance is determined as

h= 11%3%(1? max | 0, Ezp; h;, — (m; —1)T

Proof. First we have to prove that the assumption of independence for components of a
parallel system is not required when we compute the lower mean level of parallel system
performance. Suppose thidh andmth components of a parallel system consisting of

n components are dependent, i.e. there hojds z,,. Write the system of constraints

to the optimization problem corresponding to the lower prevision

co + Z cri+c-04+cpn-0< max x4
il itm i#lizm
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co + Z citit+c T +e, T<T.
i#£li#Em
If z; = 0Vi # [,i # m, then it follows from the first inequality thaty; < 0. If
i # 1,9 # m x; = T, then the obtained inequality follows from the inequaligy+
Z,?:l ¢; T < T.In sum, we obtain constraints which coincide with constraints for the
parallel systems with independent components (see proof for Theorem 8).
Now we can represent the system as a parallel connection of independent minimal
paths, where each minimal path is a series system.

Theorem 10. Suppose that a coherent structuseof a binary system hag minimal
cut setsKy,..., K. Leth;, i = 1,...,n, be the upper mean level of componént
performance. Then the upper mean level of system performance is determined as

h = min min E h;, T
1<j<k ;
i€EK;

Proof. Similar to the proof for Theorem 9.

Example 5.Consider a system with = 5 component, whose graphical representation
is depicted in Fig. 2. For this system, we have= 4 minimal pathsP, = {1,4},

P, = {2,5}, P = {1,3,5}, P, = {2,3,4} andk = 4 minimal cutskK; = {1, 2},

Ky = {4,5}, K3 = {1,3,5}, K4 = {2,3,4}. Leth; andh;,i = 1,...,5, be the lower
and upper mean levels of componemterformance. By using Theorems 9 and 10, we
obtain the lower and upper mean levels of system performance as follows:

ﬁ:max(oaﬁ1 +ﬁ4*T7 ﬁz +ﬁ5*T7 ﬁl +h3 +h572Ta ﬁz Jrﬁg +ﬁ472T),

E:min(T,ﬁl + ho, hy + hs, by + by + Iy, by + Dy +ﬁ4)-

6 Conclusion

In this paper we have shown that the reliability of systems with the imprecise structure
functions can be analyzed by means of the theory of imprecise probabilities. We have
illustrated that the reliability assessments can be obtained even by extremely restricted
information. With the mean levels of component performance as information on the
functioning of components, the following conclusions have been made:

— The multistate and continuum systems can be regarded as two-state systems. In
other words, we take into account the bounds of states.

— There is the underlying relationships among the natural extension and minimal
paths and cuts.

— The property of the modular decomposition of coherent systems is valid.

— For the series-parallel systems, bounds of mean levels of system performance can
be obtained in the explicit form.
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Fig. 2. A system with two states

— For arbitrary systems with known minimal paths and cuts, bounds of mean levels
of system performance can be obtained in the explicit form.

It should be noted that obtained results have to be considered as an attempt to de-
velop the general reliability theory. At the same time, results of the paper have the
strong mathematical sense and can be used in practice. We can expect that the general
reliability theory will become a powerful tool for reliability analyzing and will play a
dominant role in developing new reliability models.
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