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This book is dedicated to my wife without whom this
work could have been finished much earlier.

If anything can go wrong, it will.

If you change queues, the one you have left will start to move faster than the one
you are in now.

e Your queue always goes the slowest.

Whatever queue you join, no matter how short it looks, it will always take the
longest for you to get served.

( Murphy’ Laws on reliability and queueing )
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Preface

Modern information technologies require innovations that are based on modeling, ana-
lyzing, designing and finally implementing new systems. The whole developing process
assumes a well-organized team work of experts including engineers, computer scientists,
mathematicians, physicist just to mention some of them. Modern info-communication
networks are one of the most complex systems where the reliability and efficiency of the
components play a very important role. For the better understanding of the dynamic
behavior of the involved processes one have to deal with constructions of mathematical
models which describe the stochastic service of randomly arriving requests. Queueing
Theory is one of the most commonly used mathematical tool for the performance evalu-
ation of such systems.

The aim of the book is to present the basic methods, approaches in a Markovian
level for the analysis of not too complicated systems. The main purpose is to understand
how models could be constructed and how to analyze them. It is assumed the reader has
been exposed to a first course in probability theory, however in the text I give a refresher
and state the most important principles I need later on. My intention is to show what is
behind the formulas and how we can derive formulas. It is also essential to know which
kind of questions are reasonable and then how to answer them.

My experience and advice are that if it is possible solve the same problem in different
ways and compare the results. Sometimes very nice closed-form, analytic solutions are
obtained but the main problem is that we cannot compute them for higher values of the
involved variables. In this case the algorithmic or asymptotic approaches could be very
useful. My intention is to find the balance between the mathematical and practitioner
needs. I feel that a satisfactory middle ground has been established for understanding
and applying these tools to practical systems. I hope that after understanding this book
the reader will be able to create his owns formulas if needed.

It should be underlined that most of the models are based on the assumption that the
involved random variables are exponentially distributed and independent of each other.
We must confess that this assumption is artificial since in practice the exponential distri-
bution is not so frequent. However, the mathematical models based on the memoryless
property of the exponential distribution greatly simplifies the solution methods resulting
in computable formulas. By using these relatively simple formulas one can easily foresee
the effect of a given parameter on the performance measure and hence the trends can be
forecast. Clearly, instead of the exponential distribution one can use other distributions
but in that case the mathematical models will be much more complicated. The analytic

7



results can help us in validating the results obtained by stochastic simulation. This ap-
proach is quite general when analytic expressions cannot be expected. In this case not
only the model construction but also the statistical analysis of the output is important.

The primary purpose of the book is to show how to create simple models for practical
problems that is why the general theory of stochastic processes is omitted. It uses only
the most important concepts and sometimes states theorem without proofs, but each time
the related references are cited.

I must confess that the style of the following books greatly influenced me, even if
they are in different level and more comprehensive than this material: Allen [1], Jain [3],
Kleinrock [5], Kobayashi and Mark [6], Stewart [11], Tijms [13], Trivedi [14].

This book is intended not only for students of computer science, engineering, operation
research, mathematics but also those who study at business, management and planning
departments, too. It covers more than one semester and has been tested by graduate
students at Debrecen University over the years. It gives a very detailed analysis of the
involved systems by giving density function, distribution function, generating function,
Laplace-transform, respectively. Furthermore, Java-applets are provided to calculate the
main performance measure immediately by using the pdf version of the book in a WWW
environment.

I have attempted to provide examples for the better understanding and a collection
of exercises with detailed solution helps the reader in deepening her/his knowledge. I
am convinced that the book covers the basic topics in stochastic modeling of practical
problems and it supports students in all over the world.

I am indebted to Professor Jozsef Biré for his review, comments and suggestions which
greatly improved the quality of the book. I am very grateful to Mark Koésa, Albert Barnak,
Balazs Maté for their help in editing. .

All comments and suggestions are welcome at:

sztrik.janos@inf.unideb.hu
http://irh.inf.unideb.hu/user/jsztrik

Debrecen, 2016.

Jdanos Sztrik



Part 1

Modeling and Analysis of Information
Technology Systems






Chapter 1

Basic Concepts from Probability
Theory

Stochastic modeling of any type of system needs basic knowledge of probability theory. It
is my experience that a brief summary about the most important concepts and theorems
is very useful because the readers might have different level approaches to the theory of
probability. The refresher concentrate only on those theorems and distributions which are
closely related to this material. It should be noted that there are many good textbooks
about theory of probability in all over the word. Moreover, a number of digital versions
can be downloaded from the internet, too. I would recommend any of the following books,
Allen [1], Gnedenko et.al. [2],Jain [3], Kleinrock [5], Kobayashi and Mark [6], Ovcharov
and Wentzel [7], Ravichandran [8], Rényi [9], Ross [10], Stewart [II], Tijms [I3], Trivedi
[14].

1.1 Brief Summary
Theorem 1 (Basic Forms of the Law of Total Probability) Let By, Bs,... be a set

of mutually exclusive exhaustive events with positive probabilities and let A be any event.
Then

(1.1) P(A) = ZP(A[BZ-)P(Bi).
F(x) = ZF(:BIB»P(BJ
flz) = Zf(l‘!Bi)P(Bi)

fx(z) = /fx|y(:v|y)fy(y)dy
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[e.o]

&@=/HAWM@®

P(A) = [ PAY =) (),
where
F(z) is a distribution function, f(z) is a density function,

f(x,y) is a joint density function,

Ixy(zly) = ];(x(, y)) is a conditional density function,
vy

Fxyy(zly) = / fx)v (tly)dt is a conditional distribution function.

—0o0

Theorem 2 (Bayes’ Theorem or Bayes’ Rule) Let By, Bs,... be a set of mutually
exclusive exhaustive events with positive probabilities and let A be any event of positive
probability. Then
P(A|B;)P(B;
Pl A) - PABIPB)
>_;-1 P(A|B;)P(B;)

Definition 1 Let p, = P(X = xy), k=1,2,..., the distribution of a discrete random
variable X . The mean ( first moment, expectation, average ) of X is defined as ), pry
if this series is absolute convergent. That is the mean of X is

k=1

Definition 2 Let f(x) be the density function of a continuous random variable X. If
fj;o |z| f(z) dx is finite then the mean is defined by

EX = /+00 zf(x)de.

Without proof the main properties of the expectation are as follows
If EX,EY < oo, then

1. E(X 4Y) exists and E(X +Y) =EX + EY,
2. E(cX) exists and E(cX) = cEX,
3. E(XY) exists and E(XY) = EXEY, provided X and Y are independent,
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4. E(aX 4 b) exists and E(aX + b) = aEX + b,
5. (E(XY))? exists and (E(XY))? < EX2EY?, if the second moments are exist,
6. If X >0, then EX = [®(1— F(z))dz, EX =Y, P(€ > k).

Theorem 3 (Theorem of Total Moments) The most commonly used forms are
E(X") =Y E(X"|B)P(By),
i=1

where E(X™|B;) denotes the nth conditional moment. The continuous version is

o0

E(X") = / E(X"[Y = y)fy (4)dy.

In case of n =1 we have the theorem of total expectation.
Definition 3 (Variance) Let X be a random variable with a finite mean EX = m. Then
Var(X) =E(X —m)?
is called the variance of X provided it is finite.
The following properties hold
1. If Var(X) < oo then Var(X) = EX? — E2X.
2. Var(aX +b) = a*Var(X) for any a,b € R.
3. Var(X) > 0; Var(X) =0 if and only if P(X =EX) = 1.

Var(X)
[EX)?

Definition 4 (Squared coefficient of variation) The coefficient C% = is de-

fined as the squared coefficient of variation of random variable X .

1.2 Some Important Discrete Probability Distributions

Binomial Distribution

A random variable X is said to have a binomial distribution with parameters n, p if
its distribution is

n
Pk = (k>pk(1 _p)nik>k = 07 17 e, N

Notation: X € B(n,p).
It can be shown that

1—
EX =np, Var(X)=np(l—p), C')Z( = npp’

If n=1, then X is Bernoulli distributed.

13



Poisson Distribution

A random variable X is said to have a Poisson distribution with parameter X if

k

A
pk:ye_’\,)\>0,k‘:0,1,...

Notation: X € Po(\).

It is well-known that |
EX =\ Var(X)=)\ 0% = T

It can be proved that

k
lim (Z)pk(l —p)" k= %e_’\, k=0,1,...

n—00,p—0,np—A

that is the binomial distribution can be approximated by the Poisson distribution. The
closer p to zero, the better the approximation. An acceptable rule of thumb to use this
procedure is n > 20 and p < 0.05.

Geometric Distribution

A random variable X is said to have geometric distribution with parameter p if

pk:p(l_p)k_17k:1727"'

Notation: X € Geo(p).
It is easily verified that

I1—p
2 )

1
EX =—-, Var(X) =
p p

A random variable X* = X — 1 is called modified geometric . In this case
P(X* =k) =p(1 —p)* k=0,1,...

1 —
EX* = —2L Var(X*) = —
P P

1_p CQ* 1

Y

Convolution

Definition 5 Let X and Y be independent random variables with distributions
P(X =i)=p;, P(Y =j) =g, 1,7 =0,,1,2....

Then the distribution of Z = X +Y s

k
P(Z=k)=)> pigej k=012, ..

J=0

15 called the convolution of X,Y, that is we calculated the distribution of X +Y .
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Example 1 Show that if X € B(n,p), Y € B(m,p) and are independent random vari-
ables then X +Y € B(n+m,p) .

Solution:

PX+Y=I[)= Z (Z)pk(l —p)k. (l Tk)pl—k(l _ pymotk

l
k=0

=p'(1— p)”*’”lkzl; (Z) (l Tk) = pl(1 — p)rtm! (n J; m>

Example 2 Verify if X €Po(\), Y €Po(B) and are independent random variables then
X+Y € Po(A+f).

Solution:
l
)\k . ﬁl_k B
P(X+Y =1 :Z—!e ( _k)!e
k=0
I 1
Ak BHC e~ (A+8) l
_ A8 - _ k pl—k
=) 11— k) I Z(k)Aﬁ
k=0 k=0

_ (>‘ + ﬁ)l —(A+8)

n [!
|

Example 3 Customers arrive at the busy supermarket according to a Poisson distribu-
tion with parameter \. Fach of them independently of the others becomes a buyer with
probability p. Find the distribution of the number of buyers.

Solution:

Let X € Po(\) denote the number of customers and Y the number of buyers. By the
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virtue of the theorem of total probability we have

That is Y € Po(Ap).

1.3 Some Important Continuous Probability Distribu-
tions

Uniform Distribution

A random variable X is said to have a uniform distribution on the interval [a,b] if its
density function is

b—a’
0, otherwise.

f(@:{L ifa<x<b,

It is easy to see that its distribution function is

0, if r <a,
F(r) =4 %2, ifa<az<b,
1, if b <.

Notation: X € U(a,b).

a+b (b—a)?

b _ 2
It is not difficult to show EX = 5 Var(X) = TR (b=a)

3(a+0)?

2 =
It is easy to verify that if X* € U(0,1), than X =a+ (b —a)X* € U(a,b).
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To generate a random number with a given distribution one can successfully use the fol-
lowing procedure.
If Fi'(z) exists then Y = Fx(X) € U(0,1) and thus X = F~L(Y).

It can be proved as follows
Fy(z) = P(Y <) = P(Fx(X) < ) = Fx(Fy'(2)) = =,

that is Y € U(0,1), therefore X = F;'(Y).

Exponential Distribution

A random variable X is said to have an exponential distribution with parameter \ if
its density function is given by

f(x):{o, if £ <0,

e M if x> 0.

So its distribution function is

0 ifz<O
F — bl )
() {1 e iy >0,

where A > 0. Notation: X € Exp(\).

It can be proved that

—_
—_

EX =+, Var(X) = —, C% =1,

Erlang Distribution

A random variable Y, is said to have an Erlang distribution with parameters (n, \) if
its density function is defined by

0, if v <0,
fz) = {/\(E\ﬁz)fe“, if z > 0.

It can be shown that the distribution function is

0 ifx <0
Fx — Y )
(=) {1 g A T )

where n is natural number, A > 0. Notation: X € Erl(n, ), or X € E,()).

It is easy to see that in the case of n = 1 it reduces to the exponential distribution.
It can be verified that
1

n
E(Y,) = T Var(Y,) = N6 Cy = ~

17



Gamma Distribution

A random variable X is said to have a gamma distribution with parameters («, \) if
its density function is given by

0 jfr <0
fx) =

A Dz)e—le— Az .
T ,lf T Z 0.

where A > 0, a > 0,
[a) = /taletdt
0

is the so-called complete gamma function.

Its distribution function can not be obtained in an explicit form except o = n. This case
it reduces to the Erlang distribution.

Notation: X € I'(a, ).
It can be shown that

EX) =2 Va(X)=2 2= é

X7

« is called the shape parameter, ) is called the scale parameter.

Weibull Distribution

A random variable X is said to have a Weibull distribution with parameters (A, ) if
its density function is given by

0 if x <0
fz) =
Aax®~ e if £ > 0.
It is easy to see that
0 if x <0
Fr) =

1—e ™ ifx>0

where A > 0 is called the scale parameter, o > 0 is called the shape parameter.
Specially, in the case of a = 1 it reduces to the exponential distribution.

18



Notation: X € W (A, a). It can be shown that

1\ = 1

EX)=(<-) -I'(1+—

w0=(3) ()
1\ = 2 1
Var(X) = <—> {r (1 + —) —I? (1 + —)}
A o) a
2al (%)

2
()

Pareto Distribution

A random variable X is said to have a Pareto distribution with parameters (k, «) if
its density function is given by

0 ,r <k

0 ,r <k

where a, k > 0.

Notation: X € Par(k,a), where k is called the location parameter, « is called the
shape parameter.

It can be proved that

Py ,Oé>1
E(X) =

(oo ,a<1

( k2o

3 7Oz>2
E(X?) =

&S ,a <2

Thus

o> 2.

ko ka \? s  (a—1)
Var(X)_a—Q_(a—l)’ CX_a(a—Q)_l’

Normal Distribution (Gaussian Distribution)

A random variable X is said to have a normal distribution with parameters (m, o) if
it density function is given by

19



For the distribution function we have
Fa) = [ s,

where m € R, 0 > 0. Notation: X € N(m, o). For F(z) there is no closed form expression.
Specially, if m = 0, ¢ = 1, then X € N(0,1), which is the standard normal distri-
bution. In this case the traditional notation for the density and distribution function
is

1 22

o@) = %, Bz) = / St

It can be proved that if X € N(m, o), then

P<X<:c>=¢>(””‘m),

o

furthermore ¢(—x) + ¢(x) = 1. It is well-known that

E(X)=m, Var(X)=o? %= —.

Lognormal Distribution

Let Y € N(m,0), then the random variable X = ¢¥ is said to have lognormal distri-
bution with parameters (m, o), notation: X € LN (m, o).

It is not difficult to verify that
P(X <2)=P(e¥ <z)=P(Y <Ilnx)

thus

It can be shown that

2 2

o2
E(X)=e""7, Var(X) =" (" 1), C%=¢" —1.

Theorem 4 (Markov Inequality) Let X be a nonnegative random variable with finite
mean, that is EX < oo. Then for any § > 0

EX

P(X >0) < =

20



Theorem 5 (Chebychev Inequality) Let X be a random variable for which Var(X) <
00, EX =m. Then for any e > 0

Var(X)

P(X —m| 2 2) < =1

Theorem 6 (Central Limit Theorem) Let X1, Xs,... be independent and identically
distributed random variables for which Var(X;) = 0* < oo, E(X;) = m. Then

Xi+...+X,—nm
lim = P = :
Jim = p (P <) < ot

In particular, if X; = xi, then X1+ ...+ X,, € B(n,p) and thus

PQ&+m“+X%<x):g;(Zyﬂl—mnk%¢(i%%ﬁ.

The local form is

ny g n—k 1  (enp)?
p 1 - p =~ . e 2np(l-p)
(k) (1-2) 2mnp(1 — p)

_n_

9, then the normal

Practical experiments have shown that if n > 10 and n%g <p<
distribution provides a good approximation to the binomial one.
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Chapter 2

Fundamentals of Stochastic Modeling

This chapter is devoted to the most important distributions derived from the exponen-
tial distribution. The lifetime of series and parallel systems are investigated which play
crucial role in reliability theory. It is shown how to generate random numbers having
given distribution. Finally, random sums are treated which occurred in many practical
situations.

The material is based on mainly the following books: Allen [I], Gnedenko, Belyayev,
Szolovjev [2], Kleinrock [5], Ovcharov [7], Ravichandran [§], Ross [10], Stewart [1T], Ti-
jms [13], Trivedi [14].

2.1 Distributions Related to the Exponential Distribu-
tion
Theorem 7 (Memoryless or Markov property) If X € Exp(\) then it satisfies the
following, so-called memoryless, or Markov property
P(X <z+ylX >y)=PX <z, x>0,y >0,
P(X >z +ylX >y)=P(X >uz), x>0,y > 0.

Proof:
Ply< X <z+y)

P(X <z+ylX >y) =

P(X >y)

_ F(x +y) - F(y) _ 1 — e~ AMaty) _ (1 _ 67)‘3’)
1— F(y) 1 (1—ew)

_ e y(i_:ye‘ ) _ | — e = P(z) = P(X < 1)

The proof of the second formula can be carried out in the same way.
]

Theorem 8 1—e* = Ah+o(h), where o(h)(small ordo h) is defined by limy, o @ =0.

23



Proof:
As it can be seen the statement is equivalent to

o l—e?M_)\h
lim —mM8M8M— =

h—0 h 0’

which can be proved by applying the L’Hospital’s rule. That is
L—e ™ —Xh . de M-

e

Theorem 9 If F(z) is the distribution function of a random variable X > 0 for which
F(0) =0, and
F(x+h) — F(x)

=AM +o(h),if >0,

1— F(x)
then F(z) =1— e if z > 0.
Proof:
It can be seen from the conditions that
F(z+h)—F(z) AL L

lim —2 = lim L() =\

h—0 1 — F(x) h—0 h
therefore

F'(x) —F'(z)
_—F):_)\thus /1_—F(x)d(1}:/—)\daj

In|l— F(z)|=-Ax+Inc
1 — F(x) = ce ™, that is F(z) =1 — ce .
According to the initial condition F'(0) = 0 thus we have ¢ = 1, consequently
F(z)=1-¢".

]
In many practical problems it is important to determine the distribution of the minimum
of independent random variables.

Theorem 10 (Distribution of the lifetime of a series system) If X; € Exp()\;) and
are independent random variables (i=1,2,...,n) then

Y =min(Xy,...,X,)
is also exponentially distributed with parameter y ;| A;.

Proof:
By using the properties of the probability and the independent events we have

PY<z)=1-PY>z)=1-P(X; >z,...,X, > 1)
1 [Pz ) =1 [0 () = 1 S

=1 =1
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Example 4 Let X,Y be independent exponentially distributed random variables with pa-
rameters \, i, respectively. Find the probability that X = min(X,Y).

Solution:
X =min(X,Y) if and only if X < Y. By the theorem of total probability we have

P(X<Y)= /OOO P(X < 2)fy(x)dx,

PX<Y)= /000(1 —e ) fy(z)dx = /000(1 — e M) e M dx

Y — K > (M g poo A
= mgr — [+ Wy =1 — -
/0 He v )\—I—u/o A+ ne v Ap A+p

Example 5 (Distribution of the lifetime of a parallel system) Let X;,..., X, be
independent random variables and Y = max (X, ..., X,). Find the distribution of Y.

Solution:

PY<z)=P(X;<uz,....X, <z :ﬁP(Xi <) :ﬁFXi(x)

i=1

If X; € Exp(\), then Fy(z) =[], (1 — e~ ).

In addition, if \; = \,i = 1,...,n, then Fy(x) = (1 — e ?*)"

Example 6 Find the mean lifetime of a parallel system with two independent and expo-
nentially distributed components.

Solution:
Let us solve the problem first according to the definition of the mean. This case

fmam(X17X2)($) = [(1 — e*)‘lf’f) (1 _ engxﬂ/
= (]_ _ 6—>\1$ _ 6—/\2w + 6_()\1+/\2)x>/
A

16 NT 4 e (A1 + )\2)6_(>\1+)‘2)x.

Thus

o0

]E(max(Xl,Xg)) :/Q:fmaas(XLXz)(x)dx
0
1 1 1

AMoAe At A
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This can be expressed as

NN

)\1)\2()\1 +/\2)
_ 1 n A i n Ao i
D VIS VS VI VD VD VIS Ve v

E(max(Xy, X3))

Now, let us show how this problem can be solved by probabilistic reasoning.

At the beginning both components are operating, thus the mean of the first failure is

1
A+ Ao

The second failure happens if the remaining component fails, too. We have 2 cases,
depending which component failed first. It is easy to see that by the memoryless property
of the exponential distribution the distribution of the residual life time of the remaining
component is the same as it was at the beginning. Then by using the theorem of total
expectation for the mean residual life time after the first failure we have

AT n Ay T
AL+ A2 Ao A1+ A A
— —

component 1 failed first  component 2 failed first

Hence the mean operating time of a parallel system is

1 . A i+ A2 i
AMAFA A A F AN

In homogeneous case it reduces to % + % as we will see in the next problem.

It is easy to see that the second moment of the lifetime could be calculated by the same
way by using either the definition or the theorem of second moments and thus the variance
can be obtained. Of course these are much complicated formulas but in homogeneous case
they could be simplified as we see in the next Example.

Example 7 Find the mean and variance of a parallel system with homogeneous, inde-
pendent and exponentially distributed components, that is X; € Exp(\), i1=1,...,n.

Solution:

P(max(Xy,..., X,) <z)=[[P(Xi <2) = (1 —e)".
As it is well-known if X > 0 then
EX :/ P(X > z)da :/ (1— F(z)) dr.
0 0

26



Using substitution ¢t = 1 — e™* we get

E(max(xl,...,xn)):/000(1—(1—6—%”613;:%/0 (1—t")1L_tdt

1/t 1 12 ! 1 1
:—/(1+t+...+t”—1)dt:—[t+—+...+—] :A{1+—+...+—}
0

A A 2 n 2 n
1 1
= \n?/ + m +...+ \X’_/

first failure  ,.ond failure - first failure nth failure - (n-1)th failure
:1{1+1+...+l}.

A 2 n

Due to the memoryless property of the exponential distribution it is easy to see that
the time difference between the consecutive failures are exponentially distributed. More
precisely, the distribution of time between the (k — 1)th and kth failures is exponentially
distributed with parameter (n —k+ 1)\, k = 1,...,n. Moreover, they are independent of
each other. This fact can be used to get the mean and variance of the kth failure. After
these arguments it is clear that

1 1
E(time of the kth failure ) = St (m—k+ DA
Var(time of the kth failure) = ()2 +...+ (n—k+ N2
k=1,....,n

Definition 6 Let X and Y independent random variables with density functions fx(x)
and fy(x), respectively. Then the density function of Z = X +Y can be obtained as

Ja(2) = / T @) fy (5 — ) da,

which is said to be the convolution of fx(x) and fy(x).
In addition, if X > 0 and Y > 0, then

f2(2) = /0 (@) fy(z — ) d.

Example 8 Let X andY be independent and exponentially distributed random variables
with parameter X. Find their convolution.
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Solution:
After substitution we have

fxav(2) :/ e A \eTAED) g — )\2/ e dw
0 0
= )\26_)‘z/ Ldr = Ne ™z = A\ \2)e ™,
0

which shows the fact that the sum of independent exponentially distributed random
variables is not exponentially distributed.
]

Example 9 Let X, ... X, be independent and exponentially distributed random variables
with the same parameter A . Show that

)\ n—1
fxitoax,(2) = )\((nz_) 1)!6_AZ.

Solution:
To prove this we shall use induction. As we have seen this statement is true for £ = 2.
Let us assume it is valid for kK =n — 1 and let us see what happens to k = n.

Z A Ax)n2
IxX1 ot X4 X0 (2) :/o m
)z P —Az n—
5 € _9 -2 2_©€ —2_*
. " "Pdr = '
A(n—2)!>\ /ox ) A(n—Z)!A (n—1)
(/\Z)n_l ef)\z
(n — 1)! ’

e—Am)\e—)\(z—ac) dr

1

=X

what is exactly the density function of an Erlang distribution with parameters (n, A).
This representation of the Erlang distribution help us to compute its mean and variance
in a very simple way without using its density function.

The Erlang distribution is very useful to approximate the distribution of such a random
variable X for which the squared coefficient of variation C% < 1. In other words, if the
first two moments of X are given then

A2, AR
fr(t) mee A (1—P)m€ g

is the mixture of two Erlang distributions with parameters (k — 1, ) and (k, A), where

T (kC§< - \/k(l +C2) - k?@%) ,

1 1
) S O A g—
PO s

with the property that



Such a distribution of Y-t is denoted by Ej_1x(A) and it matches X on the first two
moments.

Hypoexponential Distribution

Let X; € Exp(\;) (i = 1,...,n) be independent exponentially distributed random vari-
ables. The random variable Y, = X; + ... + X, is said to have a hypoexponential
distribution.

It can be shown that its density function is given by

b (2) 0, if z <0,
Yn x) = n— n n e_Ajz .
(D" T A e = 220

It is easy to see that
1 1
; W Vo) =2 5

Thus for the squared coefficient of variation we have

CYn:;ZS
1
Py

Hyperexponenialis distribution

Let X; € Exp(\;) (i =1,...,n) and py,...,p, be distribution. A random variable Y}, is
said to have a hyperexponential distribution if its density function is given by

f ( ) Oa ifz <O
€Tr) =
" > i pide M if £ > 0.

Its distribution function is

0, ifz <0
1=> " pe M, ifz>0.

It is easy to see that
n n

E(Y,) = ii E(Y,)? =2 2.

) 2
i=1 " i=1 Ai
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It can be shown that

In the case when for a random variable X, C% > 1 then the the following two-moment
fit is suggested

fr(t) = phie Mt 4 (1-— p))\ze”\”,

that is Y is a 2-phase hyperexponentially distributed random variable. Since the density
function of Y contains 3 parameters and the fit is based on the first two moments the
distribution is not uniquely determined.

The most commonly used procedure is the balanced mean method, that is

In this case

Al A2
2p  2(1—p

The solution is

If the fit is based on the first 3 my, mo, m3 moments then the mgz > %mg condition is
needed, and it gives a unique solution. It can be shown that the gamma and lognormal
distributions satisfy this condition. The parameters of the resulting unique hyperexpo-
nential distribution are

1 )\1(1 — )\gml)
M2y (aliva?”%)’ SV P
where

3 1
Az = (Gm% —3ma)/ (§m§ - m1m3) , a1 = <1 + §m2a2) Jm;.

30



Mixture of Distributions

Definition 7 Let X;, X5, ... be random variables and py,ps, ... be a distribution.
The distribution function F(x) = > piFx,(x) is called the mixture of distributions
Fx, () and weights p;.

Similarly

The density function f(z) = > pifx, () is called the mixture of density functions fy,(x)
and weights p; .

It is easy to see that F'(x), f(x) are indeed distribution, density functions, respectively.
Using this terminology we can say that the hyperexponential is the mixture of exponential
distributions.

2.2 Basics of Reliability Theory

Definition 8 Let a random variable X denote the lifetime or time to failure of a com-

ponent.
Then R(t) = P(X >1t) =1— F(t) is called the reliability function of the component.

It can easily be seen that R'(t) = — fx(t), and E(X) = [ R(t)dt.
0

The reliability function is very useful in reliability investigations of different complex
systems. On the basic of the previous arguments we can formulate the reliability function
of series and parallel systems, namely

e Series system

e Parallel system

Rp(t)=1-J] (1 - Ri(t)

i=1

Another important function is failure rate, hazard rate function) defined by

P X <t+4+z|X>t) . Plt<t+zx)
hlt) = lim z = P =D
F(t+z)— F(t) R(t)—R(t+=x) f(t)

—2% 2R =0 zR(t) R(t)
Let us show how R(t) can be expressed by the help of A(t). Namely,

t

/ h(z)dz = U/t —Z((;) da

0

t

/ h(z)dz = [~ In R(@)], = —In R(t),

0
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since R(0) = 1. Thus

t
Let H(t) = [ h(x)dx which is called cumulative failure rate, cumulative hazard
0

rate function.
So we have

R(t) = e H®),

In the following R(t), h(t), H(t) are listed for some important distributions. These for-
mulas can be computed by the definitions of the involved random variables.
At the same time we show what is the relationship between h(t)t and C%.

e Exponential distribution

X € Exp(\), R{t)=e ht)=X H{t)=X, C%=1.

e Erlang distribution

X € Erl(n,\)
n—1 ;
L)
R(t) _ Z ( Z') e At
i=0
AA) e A(A)nt
"= o, Ly
—\t
(n—l)!; qe (n—l)!izo f

which is monotone increasing function with image in the interval [0, A].

35 1
C?(: )\22:E§1.

e Weibull distribution

a—1_,—\t%
X eWha), Rt)=e™, ht)= %

= \at® !,

That is h(t) monotone increasing for a > 1, and monotone decreasing for o < 1.
For a =1 h(t) = X\, H(t) = A\t*.
2
- Q)OO+ -0+3)  TE+3)
(DT +3) r2(1+3)
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It can be shown that
C:i>1 ifo<a<l,
Cy <1 ifa>1.

e Pareto distribution

X € Par(k,a), R(t) = (f)a, h(t) = % H(t) = aln (%) >k

k
Ko ( ka \2 k2o _1)2
0)2(: a—2 ka<a21) — Z;Zz — 1= (O[ ;) _17 a > 2.
(%) (%) (= 2)a

Seeing the above examples we might expect that if i(¢) is monotone increasing (decreas-
ing) function then C% < 1 (> 1). However, in the case of the Pareto distribution h(t)
is monotone decreasing, but it easy to show that C% < 1 if a > 1+ /2 and C’g > 1if

2<a<1+V2

2.3 Generation of Random Numbers

We have seen that the generation of random numbers can be carried by the help of the
following formula, sometimes called inverse transformation method

Y = Fx(X) € U(0,1), and thus X = F~1(Y).

In the next examples we show how to generate random numbers having important con-
tinuous distribution.

Example 10 Generate an exponentially distributed random number with parameter X.

Solution:
If X € Exzp(\) and Y € U(0,1) then 1 — e ™ =Y so if we can generate a uniformly
distributed on [0,1] then the exponentially distributed random numbers are

1
X = —3In(1-Y).

Example 11 Generate a random number having Erlang distribution with parameters
(n, ) .

Solution:
Keeping in mind the representation of the Erlang distribution it is easy to see that
1 T .
Vo=Xi4...+X,= —Xln(H(l—Y;)), where Y; € U(0,1),i=1,...,n
i=1
gives the desired random number.
]
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Example 12 Generate a hypoexponentially distributed random number.

Solution:
As the hypoexponential distribution is the generalization of the Erlang distribution the
following formula results in the desired random number

1 1
1 n

Example 13 Generate a hyperexponentially distributed random number.

Solution:
In the first step let us generate a uniformly distributed random number Y on [0, 1] and

then choose an ¢ for which
i—1 i
D p <Y <) b
i=1 j=1

In the second step let us generate an exponentially distributed random number with
parameter \; as we discussed earlier.
]

Example 14 Generate a Weilbull distributed random number.

Solution:

Y =1—e " thus

«

X = [—%ln(l - Y)]

Example 15 Generate a Pareto distributed random number.

L «a
Y=1- (X) s thus

X =k(1-Y)a.

Solution:

Q=
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2.4 Random Sums

Definition 9 Letv € {0,1,2,3,...} be a random variable and let {X;}32, be independent
wdentically distributed random variables that are independent of v, too.
The random variable Y, = X1 + ...+ X, is called a random sum (v > 1, Y5 =0).

The distribution of Y, can be obtained by using the theorem of total probability. Similarly,
the moments of the random sum can be calculated by the help of the theorem of total
moments.

Discrete case

k=0
E(Y)) = S E(XV)Pv = k)
k=0
Continuous case
fro(@) =) fy(@)P(v=k), Fy,(z) = > Fy(2)P(v = k),
E(Y)) =) /_OO 2 fy (x)deP(v = k) = Y "E(Y})P(v = k).

Example 16 Let fx,(r) = Xe ™™ i =1,2,... and let v be geometrically distributed with
parameter p. Find the density function of Y, .

Solution:
Notice that Y} is Erlang distributed with parameters (k, ), hence by substituting its
density function we have

_ )\p ef)\xez\x(lfp) _ )\p eprx

It means that Y, € Exp(Ap).
]

Theorem 11 Mean of a random sum
E(Y,) = EX; Ev.
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Proof: By the law of total expectation we have
E(Y,) =Y E(Y:)P(v=4k) =) IEX\P(v=k)
k=1 k=1

= E(X;) i kP(v=k) = EX, Ev.

k=1

]
Theorem 12 Variance of a random sum
Var(Y,) = Var(X,) Ev + E*X, Var(v).

Proof:
By applying the theorem of total moment we get

E(Y?) =) EY)P(v=Fk)=> E[(Xi+...+ Xx)’|P(v =k)

(kVar(X); + K*E2X,)P(v = k)

1

o]
k=

=> kVar(X);P(v=k)+ > KE*X,P(v = k) = Var(X), Ev + E°X; Ev”.
k=1 k=1
Thus

Var(Y,) = Var(X,)Ev + E2X, Ev? — B2X, E*v = Var(X,) Ev + E2X, Var(v).
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Chapter 3

Analytic Tools, Transforms

The concept of transform appear naturally for investigation of different problems in math-
ematics, physics, and engineering sciences. The main reason to introduce them is that they
greatly simplify the calculations. The type of transformation depends on the problem it-
self, that is why varieties of transform occur, see for example, Z-transform, moment gener-
ating function, Laplace-transform, Fourier-transform, Mellin-transform, Hankel-transform,
etc. Moreover, they may have different names as well, e.g., probability generating function,
characteristic function. This chapter is devoted to the probability generating function and
the Laplace-transform which are closely related to the discrete and continuous nonnega-
tive random variables. Their usefulness will be illustrated by several examples.

Of course, there many books dealing with special transform, but in this material I con-
centrate on our needs only keeping in mind their applications in queueing theory. As basic
sources I recommend the following books: Allen [I], Kleinrock [5], Trivedi [14].

3.1 Generating Function

Definition 10 Let X be a nonnegative discrete random variable having distribution
P(X=n)=p,,n=0,1,2,....
Then the generating function Gx(s) of X is defined as

o0

Gx(s) = Zskpk = E(s%).

k=0

Gx(s) is defined if the series is convergent.
Theorem 13 The generating function holds the following properties

1. Gx(1) =1,

2. |Gx(s)] < 1, if s| < 1,

5. E(X) = G (1),
4 E(X?) = G(1) + Gy (1),

a

“

pr=30 k=012, .
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Proof:
L Gx(1) =21 = e = 1.
2. 1Gx ()] < Sy lstpul = Sy lsl'pe < X I < 1.
3. G (s) =Y .(s")pr =3, ks" Ip thus G (1) =, kpr, = EX.

4. G,)/((S)}Szl = Zk(5k>ﬂpk = Ek(ksk_1>,pk|szl = i k(k— 1)5k_2pk‘s:1 => k*pr, —
>k ko = E(X?) — E(X)

Collecting the terms we get

Var(X) = G%(1) + G (1) — (G (1))*.
n
Theorem 14 If X;,..., X, are independent then Gx,+ +x,(s) =[], Gx,(s).

Proof:
In the proof we use the theorem if the random variables are independent then the mean
of their product is equal to the product of their means. Thus we can write

Gx,q.tx,(8) = B(sX1T-TXn) = R(s¥1 | 5%n) = HE(SX) = H Gx,(s).

Theorem 15 Generating function of a random sum
Gy, (s) = Gu(Gx,(s))-

Proof:
By the law of total expectation we get

Gy,(s) =Y E(s™)P(v=n)=> (Gx,(s)"Pv =n) = G,(Gx,(s)).

The following two theorems play an important role in many applications and simplify the
calculations in limiting distributions.

Theorem 16 (Continuity Theorem ) Let Xi,..., X, ... be a sequence of nonnega-
tive, integer valued random wvariables. If the sequence of the corresponding distribution
converges to a distribution, that is lim, oo pny = pr(k = 0,1,...), and >"° pp = 1,
where pp, = P(X,, = k), (k =0,1,...,n = 1,2,...) then the corresponding generating
functions of X,, converge to the generating function of {pr} at any point in [—1,1], that
is

lim Gu(s) = G(s), (s < 1),

n—oo
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where

Gn(s) = anksk = GXn(S>
k=0

G(z) = Zpksk.
k=0

If the limit lim,, oo pox = pi exists, but > pr # 1, then the convergence of the generating
functions holds only in (—1,1).

Comment 1 For illustration let us see the following example
Let X =n, that is ppy = 1, and ppr, = 0, if k # n then

lim p,, =0, (k=0,1,...).
n—o0

However
0,if |s] <1
lim Gu(s) = lim s" =4 1,ifs=1
n—oo n—oo
non exists, if s = —1

Theorem 17 (Continuity Theorem ) If a sequence of the generating function of X,
converges to a function G(s) on |s| < 1 then the sequence of the corresponding distribution
of X, converges to a probability distribution with generating function G(s).

Comment 2 If we assume that lim,, . Gn(s) = G(s) exists but only on |s| < 1, then
G(s) is not necessarily a generating function as we see in the following example.

Example 17 If a random variable X,, takes the values 0 and n with the same probability
then Gn(s) = = and thus lim,_,o G,(s) = 3. It is easy to see that Y p, = 1 is not
valid since

r S if k=0

im ppx = pr =
noroo Tk = Pk 0 otherwise.

Generating Function of Important Distributions

Example 18 Find the generating function of a Bernoulli distribution, then the mean
and variance.

Solution:
Gy (s) = 30(1 —p) +slp=sp+1—p= 1+p(s—1),

Gm(s)| ., =p,Ex(A)?=0+p, Vary(A) =p—p* =p(1 —p).

Example 19 Find the generating function of a Poisson distribution with parameter \,
and then the mean and variance.
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Solution:

GX (8) — Skye_)\ == €_>\ Z ( ]j) = e_Ae_SA = 6_/\(1_8),
k=0 ' k=0
/X(s)}szl = e_/\(l—s)A‘s:1 =N\

Example 20 By using the generating function approach find the convolution of two Pois-
son distributions.

Solution:
Applying the properties of the generating function it is easy to get the generating function
of the sum and by taking into account the generating function of a Poisson distribution

we have
Gxyv(s) = e M1=9)pnll=s) — e—(>\+u)s7

that exactly the generating function of a Poisson distribution with parameter A + p.
]

Example 21 By the help the generating functions show that
B(n,p) = Po(\), if n — oo, p — 0 such that np — \.

Solution:

Use that if a,, — A then (1 + %)™ — ¢4,

We are going to show that the generating function of the binomial distribution converges
to the generating function of the Poisson distribution, that is

n np l—s n —A(1-s
Gr,(s) = (1 —p(1 — )" = (1= L=y a0
that is the generating function of a Poisson distribution with parameter \.

Example 22 Let X; € x(A) and independent, v € Po(\). Find the generating function
of the random sum'Y,,.

Solution:

By using the relationship to the generating function of a random sum and taking into
account the form of the generating function of a Bernoulli and Poisson distribution after
substitution we shall get the desired result. Therefore we can write

Gy, (s) = G (Gx,(5)) = e X1=(4p(=1) — =Wp(1=s),
which shows that Y, € Po(\p).
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Example 23 Solve the following system of differential equations

dPy(t)
— = —AR()
dii(t) _ —APy(t) + APy(t)
dt
W) _ AR1) + AP
k=1,2,. ..
PL(0) = 1, ifk=0,
"o, ifk£o0.
Solution:

Multiplying both sides of the equations by the appropriate power of s we get

dPy(t)
= —AFy(t
g 10
dPy(t
° d;( ) _ (=APL(t) + APy (t))s
FdPy(t
Sd—t’“() = (=APu(t) + APp_1(1))s* = =As"Py(t) + Ass" 1 P_1 (1)
Let us introduce the generating function G(t, s) as
G(t,s) =Y s"Pit)
k=0

By adding both sides we have

k=0

=-A Z s"Py(t) +As Z " P (1)
k=0 k=1

J/

-~

G(t,S) G(t,S)

The initial condition is

G(0,s) = Zskpk(()) =1

Thus the system of differential equations reduces to a single differential equation, namely

oG(t,s)
— = -1 —=5)G(t, s),

with initial condition

G(0,s) = 1.
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Rearranging the terms we get

and the solution is

In|G(t,s)] = —At(1l —s) + InC.
Since G(t,s) = Ce 179 and G(0,s) = 1, thus G(0,s) = Ce™® = 1, that is C = 1.

Hence G(t,s) = e *17%) which shows that G(t,s) is the generating function of a Pois-
son distribution with parameter A\t. Therefore the solution of the system of differential
equation is

At)F
Pi(t) = %e’\t, k=0,1,...

3.2 Laplace-Transform

Definition 11 Let X be a nonnegative random variable with density function fx(z).
The Laplace-transform Ly (s) of X is defined as

L(s) = / e (o) do = E(eF) = f(s).

Theorem 18 The Laplace-transform holds the following properties
1. Lx(0) =1,
2.0< Lx(s) <1, ifs>0,

3. If Xq1,..., X, are independent random variables then

Lxy.4x,(8) = H Lx,(s),
4. B(X") = (=1)"L(0).
Proof:
1. Lx(0) = [ e " fx(x)do = [ fx(x)de = 1.

2. The lower bound of Lx(s) comes from the observation that e ** fx () is nonnegative
and thus the integral is also nonnegative. For the upper bound we have

Lx(s) = /000 e T fx(x)dr < /000 1fx(x)de = 1.
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n

— H E(e %) =[] Lx.(s),

=1

because if X7,...,X, are independent then e™*X1 ... e™**» are also independent
and hence the multiplicative law is valid.

L5)(0) = / e f () de|

0

= [T are | st o = 1 [T et (o) ds

hence

E(X") = (-1)"L{(0).

The main advantage of the Laplace-transform is that it can be used to solve differential
equations. It should be noted that the Laplace-transform can be applied for any function
with nonnegative range. In the following we would like to solve some differential equations
that is why we need

Theorem 19 The Laplace-transform hold the following properties
1. (af(z) +bg(x))*(s) = af*(s) + bg*(s)
2 (f(@)(s) = sf*(s) = f(0), if  lim, 1D =
Proof:
L (af(x)+bg(x))*(s) =
af*(s) + bg*(s)

2. Using integration by parts

e (af(z) + bg(z))dr = a :foe_sxf(x)dx+b :foe_sxg(x)dx =

(f'(2))"(s) =

@) = [f(@)e Iy + 5 [ e f(a)de = 5 (s) = F(0)
.

Theorem 20 Laplace-transform of a random sum

L, (5) = GulLx, (5))
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Proof:
By the theorem of total expectation we have

Ly,(s) =E(e™) = Y E(e™)P(v=n) =Y (Lx,(s)"P(v =n) = G,(Lx,(s).

Due to their practical importance we state the following theorems without proof.

Theorem 21 f*(s) yields the following limits

e Initial value theorem

lim sf*(s) = lim f(¢)

s§—00 t—0

e Final value theorem
lim sf*(s) = lim f(¢)
s—0 t—o0

Theorem 22 (POST-WIDDER inversion formula ) If f(x) is a continuous and
bounded function on (0,00) then

=V

nh—>rgo y*(n —1)! =f)

Theorem 23 (Continuity Theorem) Let Xi,..., X,,... be a sequence of random vari-
ables having distribution functions Fi(x), Fo(z), ..., F,(x),.... If im, , F,(z) = F(x),
where F(x) is the distribution function of some random variable X then for the corre-
sponding Laplace-transform we have

lim E(e™*¥") = E(e™*¥),

n—oo
and conversely
if the sequence of Laplace-transforms converges to a function then for the corresponding

distribution functions we have
lim F,(z) = F(z)

n—o0

and the limiting function is the Laplace-transform of some random variable X with dis-
tribution function F(z).

In the following let us find the Laplace-transform of some important distributions.
Example 24 Find the Laplace-transform if X € Exp(\).

Solution:

A
A+ s

Lx(s) = / e Ne M da = 3 A
0

+ s

/ (A4 5)e” Mo gy =
0

J/

-~

1
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Example 25 Find the Laplace-transform if X € Erl(n, ).

Solution:
Since X is the sum of independent exponentially distributed random variables with the
same parameter by applying the convolution property of the Laplace-transform we have

L) = (13

Example 26 Find the Laplace-transform of a hypoexponential distribution.

Solution:
Since a hypoexponentially distributed random variable is the sum of independent expo-
nentially distributed random variable with different parameters we obtain

Ly, (s) = [[ -2
=1

)\i—i—S.

In the next example we show how the nth moment of an exponentially distributed random
variable can be obtained in a simple way by using one of the properties of the Laplace-
transform. This calculation is rather cumbersome by the density function approach.

Example 27 Using the Laplace-transform show that if X € Exp(X), then

n!
E(X™) = IXE
Solution:
(n)
B0 = 0200 = (0 (525) L
_ (_1)n/\<<>\ + S)_l)(n)‘szo = —1)")\((—1)(—2) cee (—n)()\ + S))_n_l‘szo
n! n! n!
= (D)"Y g = (—1)2n)‘>\n+1 =

Example 28 Let v be a geometrically distributed counting random variable and
X; € Exp(X\) summands. Find the distribution of the random sum.

Solution:
Knowing that if v € Geo(p), then G,(z) = %, thus
Ap
Ly, (s) = Gu(Lx,(s)) = o = :
! 1—2-(1—=p) Ap+s

That is exactly the Laplace-transform of Y, € Exp(Ap).
]
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Theorem 24 Laplace-transform of a mixture distribution is the mixture of the corre-
sponding Laplace-transforms.

Proof:
Let
fr(z) = szfx(ﬂf)
i=1
Then
Ly(S) = / e (szfxl (13)) dx
0 i=1
= Zpl/ e T fx, (x)dr = ZpiLXi(s).
i=1 O i=1
Lx,(s)
]
Example 29 Find the Laplace-transform of the function g(t) = (’\I:!)k e M,
Solution:
* _ > —st ()\t>/€ -\t _ Ak > k_—(s+A)t
g(s)—/o e e dt_H)\—H i (s + MN)t'e dt
]EX’f:Qf’s)k
P L T | B | A\
kR +sA+s)F A+s\A+s)
]

Example 30 Use the Laplace-transform to solve the system of differential equations
Fy(t) = —AR(t)

with initial conditions

1, ifk=o,
P’“(())_{o, if k # 0.
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Solution:
By taking the Laplace-transform of both sides we have

(Fo(2))*(s) = —A(Fo(8))"(s)

(P())"(s) = =A(Pk(1))"(s) + AM(Pea(£)7(5), k=12,

Using integration by parts we get

/ e ' P(t)dt = [e ' Pu(t)]° — / —se " Py(t) dt.
0 0
Assuming that Py (t) is bounded that is |Py(t)| < K then

e Pu(B)]5” = =P (0).

Consequently
(Pi(t))"(s) = =Pr(0) + sPy(s).

Using the initial condition we obtain
(Fo)"(s) = =1+ sFy(s)

and
(P))*(s) = sP;(s) for k > 1.

After substitution we get
—1+sP5(s) = =AF;(s)

thus

1
Pi(s) = )
0(5) A+ s
Furthermore
sPi(s) = =AP;(s) + AP;_4(s),
hence A\
Pi(s) = )\—Hpkq(s)a

and thus it is easy to see that

. 1 A \*
Pk(s)_)\+s(/\+s> '

Keeping in mind the previous example finally we get the solution as

k
Pu(t) = %e—”, k=0,1,2...
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Chapter 4

Stochastic Systems

This chapter is devoted to the stochastic modeling of dynamic systems. The most well-
know stochastic process, the Poisson process is introduced and it is shown what is its
relationship to other distributions. Simple stochastic systems are investigated serving as
a building blocks for the more complex ones. Different methods and approaches are used
to get the main performance measures of these systems. Variety of Examples helps the
reader to understand the topic. The material is based mainly on the following books:
Allen [I], Ovcharov [7], Trivedi [14].

4.1 Poisson Process

Definition 12 Let 7,75 ... be nonnegative, independent and identically distributed ran-
dom wvariables. The random variable counting the number of events until time t, that
18

v(t) = mﬁxx{z T <t}

is called renewal process, and its mean m(t) = Ev(t)-t is referred to as f renewal
function.

Theorem 25 If 7,7y ... are exponentially distributed with parameter A then P(v(t) =
k) = A)* At

k!

Proof:
It can be seen from the construction that S, = >, 7; is Erlang distributed with param-
eters (n, A) thus its distribution function is

P(S, <) = Fy (1) =1~ 3 O e

=0

2!

In the proof we use that if an event A involves event B, denoted as A C B in probability
theory, then P(B\ A) = P(B) — P(A). Clearly, in our case event A can be defined as
{Sn+1 <t} and event B is {5, < t}.
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It can easily be seen that exactly k events occur iff Sy < ¢, Si11 > t. Hence

P(l/(t) = kﬁ) = P(Sk < t, Sk—',—l > t) = Fsk(t) — F5k+1(t)

k—1 ; k .
_ (Az)' ), (Az)' ), _ ()\t)k At
=1- Z; i e —(1-— Z; i e = Te .

As we can see the number of events that happened until time ¢ is Poisson distributed
with parameter At and it is called a Poisson process with rate .

It is not difficult to verify that
1. P(u(h) =0) = e =1 — A+ o(h),
2. P(v(h) = 1) = Mhe ™ = Ah(1 — Ah + o(h)) = A + (Ah)? + Mho(h) = M+ o(h),
3. P(v(h) >2) =1—[(1— Mo+ o01(h)) + M+ 0s(h)] = o(h).

Definition 13 Rarity condition

o(h)
—)zlimﬂ: im —n___ —.
h—0 P(v(h) =1) h=s0Xh+o(h) h—=0 )\ 4 %
Let v(t,t + h) denote the number of events (number of renewals ) that occurred in the
interval (¢,t+h). Due to the construction of the Poisson process and the memoryless prop-
erty of the exponential distribution one can easily see that the distribution of v(t,t + h)
depends only on h irrespective to the position of the interval ( time-homogeneous ). In
addition, the number of renewals happened during non-intersected intervals are indepen-
dent random variables ( independent increments ).

The Poisson process has been introduced as a counting process with probability distri-
bution Py (t) for the number of arrival during a given interval of length ¢, namely we
have )k

t

P(u(t) = k) = Gk k‘) e,

Let us investigate the joint distribution of the arrival epochs during a given time interval
of length ¢ when it is known in advance that exactly arrivals have occurred during that
interval. Let us divide the interval (0,¢) into 2k 4+ 1 nonoverlapping intervals in the
following way. Intervals of length «; always precede the interval of length 3;, (i = 1,..., k),
and the interval is of length ay,; and in addition

k+1 k

Z Q; + Z B =t.
i=1 i=1

Let Ay denote the event that exactly one arrival occurs in each of the intervals f;,
(1=1,2,...,k), and that no arrival occurs in any of the intervals oy, (i = 1,2,....,k + 1) .
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We would like to calculate the probability of event A; given that exactly k arrivals have
occurred in the interval (0,1).
By the definition of the conditional probability thus we have

P(Ag|exactlyk arrivals in (0,t))

_ P(A; and exactly k arrivals in (0,1))
B P(exactly k arrivals in (0,1))

When the number of arrivals of a Poisson process during nonoverlapping intervals are
considered, they can be viewed as independent random variables with Poisson distribu-
tion. Thus the probability of the joint events may be calculated as the product of the
individual probabilities. ( Poisson process has independent increments ) Therefore

P(one arrival in interval of length 3;) = ABie ™

and

P(no arrival in interval of length ;) = e,

By using these probabilities we immediately get
P(Aglexactly k arrivals in (0,t)) =

(ABIABa.. ABrpe M= 2 o= i) (e rugmAaz  o=Aak)
((At)F /K e

_ B1Ba--- B I
tk
On the other hand, let us consider another process that selects k& points in the interval
(0,t) independently where each point has uniform distribution over this interval. It can

easily be verified that

P(Aglexactly k arrival in (0,1)) = (%) (%) (%) k!,

where the term k! comes about because the permutations of the & points are not distin-
guished.

Since these two conditional distributions are the same we can conclude that if in an
interval of length ¢ there are exactly k arrivals from a Poisson process, then the joint dis-
tribution of the moments when these arrivals have occurred is the same as the distribution
of k points independent and uniformly distributed over the same interval.

Example 31 What is the rate ( intensity ) of the renewals

Solution: & \
limM: lim—t:)\zi.

t—00 t t—oo t En
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Definition 14 (Stochastic convergence, convergence in probability) A sequence of ran-
dom wvariables X,, is said to converge in probability to a random variable X if , for any

g) >0,
lim P(|X, — X[) >¢) =0

n—oo
Theorem 26 @ converges in probability to A

Proof:

By applying the Chebychev inequality and observing that

v(t) At v(t) At
B =7 =8 Vel ==
we get
v(t) A
which implies that
: v(t) _
dm P((== =z e) =

Definition 15 The rate of renewals is defined as

i )
t—oo T

Theorem 27 ( The Elementary Renewal Theory)

. m(t) 1
lim — = —.
tirglo t E7‘1

Derivation of system of differential equations for the Poisson pro-

cess

Let Py (t) denote the probability that until time ¢ k events occurred. Due to the properties
of the Poisson process the following system of equations can be written

Py(t + h) = Py(t)(1 — Ah + o(h))

Pi(t+h) = Pi(t)(1 — M+ o(h)) + Py(t) (M + o(h))
Pt + h) = Py(t)(1 = Ab + o(h)) + Pe_y(E(Mh + o(h))

+

E

2

(<.
||

P._;(t)P(j events happened during h )

J/

-

o(h)
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The first equation can be rewritten as
Po(t+ h) — Po(t) = —AhPy(t) + o(h),

which implies

Similarly to this the other equations imply the following system of differential equations
with initial condition

Notice that we have solved this system at Examples [23| and 30| and the solution is the
Poisson distribution, that is

k
Pu(t) = %e_”,k =0,1,...

4.2 Performance Analysis of Some Simple Systems

In the next section several simple systems are investigated with the aim that understand-
ing their performance more complicated ones could be analyzed.

Example 32 Let us consider a component having two states (0 if it operating, 1 if it
failed ) and let us suppose that at time 0 it is operating. Find the probability that at
time t it is failed assuming that the operating times are exponentially distributed random
variables with parameter X\ and they are independent of the the repair times that are
exponentially distributed random variables with parameter p.

Solution:
To formulate the problem in mathematical terms let introduce the following notations.
Let
0, if at time t the component is operatin
X(t) = { i p is operating

1, if at time ¢ the component is failed
furthermore its distribution is denoted by
Pi(t)=P(X(t)=1),i=0,1.
Then by the help of the theorem of total probability and the memoryless property of the

exponential distribution we get

Po(t+ h) = Po(t)(1 — A+ o(h)) + Pi(t)(uh + o(h)) + o(h)
Py(t) + Pi(t) = 1, which is called the normalizing condition
Py(0) = 1, is the initial condition.
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It is easy to see that after substitution and rearranging the terms we have
Po(t+ h) — Po(t) = =ARPy(t) + o(h) + (1 — Py(t))ph + o(h) + o(h).
Thus
Po(t+h) — Py(t) = —(A+ p)hPy(t) + ph + o(h)
lim Po(t+h) — Po(t)
h—0 h
Fo(t) = —(A + ) Po(t) + p.

Hence the calculations have reduced to

= —(A+p)F(t) +p

Po(t) + (A 4 ) Po(t) = p, Po(0) = 1,

which is a first-order inhomogeneous linear differential equation with constant coefficients.
Its solution can be obtained in different ways. In the next part we show how to get the
solution by applying the Laplace-transform method.

In the mean time we shall use the following properties of the Laplace-transform

(P(£))"(s) = =P(0) + sP"(s)

and the Laplace-transform of a constant c is <.

Taking the Laplace-transform of both side and keeping in mind these properties the
transformed differential equation can be written as

—1+sP5(s)+ (A +pu)Pi(s) = L

S

By using the method of partial fractions we get

P*(S)_u—f—s 1 _é+ B _ (A4+B)s+ AN+ p)
O s s+ At s s+t s(s+A+pu)
resulting
A+B=1, AX+p) =p
thus \
Aot gl A
A+ A+
Therefore . \ )
* H
P, = - .
0(s) Apus A+pus+A+p
Knowing that
4] 1
—0t\* _ —0t\* _
B () = =5 (€)=

inverting the terms we obtain the solution, namely

1 A

Py(t) =
o(*) /\+u+/\+ue
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A A

= — 67(A+M)t
A A+p

Pi(t)

If the initial condition is P;(0) = 1, then the solution is

_ K K ()t

Py(t) = — "

0( ) )\+M >\+/~Le )
A 7

P (t) = —()\—I—u)t.

(1) A+M+A+ue

Steady-state (stationary) distribution

Let P; = lim;_,o, P;(t),7 = 0, 1. Then taking the limits in the corresponding equations it
is easy to see that the solution is

e at initial condition P(0) =1

I A
Py=——, pP=—,
0 A p ! A+
e at initial condition P;(0) =1
I A
Py=——, pP=—
0 A ! A+

Notice that we have the same distribution and the the initial condition has no effect on
the limiting distribution.

Example 33 Find Py, P, by the help of the steady-state balance equations.

Solution:
Since in steady-state the functions do not depend on the time their derivatives are zero.
Hence from the corresponding differential equation and the normalizing condition we have

]
Example 34 Find Py by the help of the expectations of the operating and repair times.

Solution:

Let Y}, X; denote the operating times, repair times of the component, respectively. Let
us assume that all these times are independent of each other.

As the time goes the states of the component alternate, and Y; + X; create so called cycle
which are independent of each other. It can be proved that the stationary distribution
that the component is operating is the ratio of the mean operating time and the mean
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cycle time.

In the case of exponentially distributed times

TEY, +EX, 14

1 1 A
P EY; X X X
© Al
which the same as we have in the previous Example.
]

In the reliability theory the distribution of the time to the first system failure plays a
very important role. Obviously, this distribution should depend on the initial condition
of the system. The aim of the next Example to illustrate this topic.

Example 35 Let us consider a system consisting of two components having exponentially
distributed operating times with parameter \. The failed component is maintained by a
single repairman and the repair times are supposed to be exponentially distributed random
variables with parameter . If both components are failed the system is said to be failed and
the whole operation stops. Assuming that at the beginning all components are operating
and they are independent of each other find the mean time to the first system failure.

Solution:

As in the previous Example let i denote the number of failed components, i = 0,1, 2.
Since if the process enters to state 2 the system stops it is an absorbing state. It is not
difficult to see that the transition rates between the states can be illustrated as follows

2\ A

0

Figure 4.1: Transition rates in Example [35]

It can easily be verified that for the distribution of the system the following differential
equations with initial condition can be written

Py(t) = —2ARy(t) + pPi(t)

Pi(t) = —(A+ ) Pi(t) + 22 P (1)
Py(t) = APi(t)

Py(0) = 1.

It is enough to solve Py(t) and P;(t) since
Py(t) =1— (Py(t) + Pi(t)).
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Taking the Laplace-transform at both sides and using the initial condition we have

sPy(s) — 1= —=2X\F}(s) + uPy(s)
sPr(s) = —(A 4+ p) Pi(s) + 2AF; (s)

2\
Pi(s)=—P)
(6=
2\
MNPy (s) = ———F) 1
(s + 20P5(5) = S5 B +

CA+s)(s+ A+ u)Py(s) =2 \uPj(s) + s+ A+ p
[(2A+8)(s + A) + su|Py(s) = s+ A+ L.

Thus
s+ A+ p
Pi(s) =
08 = T Bk s £ 202
. 2\
Pi(s) =

s+ (BA 4 p)s + 222

Distribution of the time to the first system failure

Let Y denote the time to the first system failure.
It is easy to see
P(Y <t)=P(t) =1— (Po(t) + Pi(t)).

Thus

EY)= [ P >t)di = /M(Pg(t) L Put) dt = PEO) + Pr(0)

since P;(0) = [;° P;(t) dt.

Therefore \ 1 X o 3 5
E(Y) = tp LA+t _ +u: I

2)\2 A 2)\2 o 2)2 2\ 2)\2

Specially, if = 0, which means that there is no repair, this formula simplifies to

3 1 1
By)= > — - 1
V== 1>

as we could see in the case of a parallel system.

Of course, the density function of the time to the first system failure can be obtained this
way. Let us see what to do get it.

Determination of density function fy(t)

To get fy(t) let us notice that fy (t) = Py(t). Using the properties of the Laplace-transform
this can be transformed to

[y (s) = (B)"(s) = sP;5(s) = P»(0)
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1
= sPy(s) = s(1 — Py(t) — Pi(t))"(s) = s(g — Py(s) — Pf(s))
Alternatively, at balance equation
Py(t) = APy (1)

taking the Laplace-transform we have

22 22 1 1
Jy(s) i (s) s2 4+ (BA 4 p)s + 22 al—a2<s+a2 s+a1>

where
s+ (BA+p)s + 20 = (s +ay)(s + ay)
- (BA + 1) &= /A2 + 6Ap + p2
12 = 5 .
Thus 0)2
o —agt _ —agt
fr(t) = po— (e e ).
Therefore
> 222 1 1 20% (a1 + ag)
E(Y) = dy = — =22 T
( ) /() ny(y) Y ay — o |:O[% Oé%‘| (@10{2)2
C2X2(3A + ) _1+L
T (2a2)2 2 222
]

Example 36 Modify the initial condition and let us assume that the system operation
start with 1 operating component. Find the mean time to the first system failure.

Solution:
Let us notice that we have the same system of differential equations just the initial
condition has changed. That is

Py(t) = =2APy(t) + pPi(t)

1(1) = —(A+ p) Pu(t) + 2APo (1)
Py(t) = APy (1)
Pi(0)=1.

Similarly to the previous solution we have

SP3(5) = ~2AB3(s) + 1P} (s)
sPi(s) —1=—(\+p)P(s) +2AF}(s)

. s+2\
Pi(s) = 0 Fy(s)
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s+ 2

[(s4+ X+ p)( )+ 2] P (s) =1
Thus
0 (s+A+p)(s+20) +22 s>+ BN+ p)s + 202 + 2 \u + 2\p
_ p
© 824+ (BN p)s + 20\ + 2p)
. 542\
Pi(s) = 0
. 5+ 2\
Fi(s) =

24+ (BN + p)s + 20\ + 2u)

Hence the mean is

. o [ 2\ 2 +upu
EY) = RO+ PO = 53550 T 0120 - vt o)

In particular, in the case of non-maintained system, that in when p = 0 it reduces to
E(Y) = +, which shows that our calculation is correct.

Let E(Y;) denote the mean time to the first system failure with initial state i. On the
basic of the previous calculations we have

3N+
232 7
It is easy to see that E(Yy) > E(Y)), since

22+ p

= pEZEET)

E(Y1)

E(Yp) 35\;_2“ B F )N +F2u) 3N+ T+ 2p

E(n)_%_ AM2A+p) 222+

A2+ 6+ 2u2
+6u+u>1

—1
TN ow ’

which was expected.
]

Example 37 Find the steady-state probability that k components are operating in a sys-
tem containing of n independent components.

Solution:

The key to this problem is the binomial distribution with parameters (n, F“M) since in
steady-state the probability that a given component is operating is Fuu Since we have n
components the probability in question is

re= ;) (Aiu)k<Aiu)M‘
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Mean operation time of a parallel system

Let A denote the steady-state availability coefficient of a system, that is the steady-
state probability that the system is operating. As we have seen a parallel system is
operating if there exists operating component. In other words it is failed if all the compo-
nents are failed. In the case of a system containing of n independent components having
exponentially distributed operating time, repair times with parameters A, p, respectively,
this probability is given by (
Thus

/\+u)n'

)\ n
A=1-(—"—) .
(Aﬂt)

Let E(S) denote the mean sojourn time of the system in failed state and let E(O) denote
the mean operating time of the system. Then

A:%:”(l;)n'

Therefore
A(E(O) + E(5)) = E(O), E(O) = ——E(S).

In the case of a parallel system it has the form of

A
144

The term nL is the mean time while all the components are failed. Since this time is the
minimum of the repair times it is exponentially distributed with parameter nu because
the repair times are exponentially distributed with parameter .

Example 38 Let us consider a system with two components and two repairmen. Let 1
denote the number of failed components. Assuming independent exponentially distributed
operating and repair times derive the corresponding set of differential equations.

Solution:

Similarly as we have done earlier it is easy to see that the transition rates can be written
as it is illustrated and hence the differential equations can easily be derived in the usual
way, that is we have

Py(t) = =2APy(t) + uPi(t)
Pl(t) = (>\ + 1) Pi(t) + 2X\Py(t) + 2uPy(t)
Pé(t)Z Py(t) + APi(t)
Py(t) + Pi(t) + Pa(t) =
Po(0) =
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H 2u

Figure 4.2: 2 components, 2 repairmen

Example 39 Let as consider the previous Example with a single repairman. Find the
steady-state distribution, the mean operating time of the system, and the mean busy period
of the repairman.

Solution:

Of course we have to modify the repair rates, as it is illustrated, but after that the
steady-state balance equations can easily be derived in the usual way as follows

2\ A
O O ®
Iz H

Figure 4.3: 2 components, 1 repairman

2)\P0:/,LP1
pbPy = APy

h+h+bh=1

It is easy to verify that the solution is

2\
Pl__P07
L
A 2)\2
Py=—-P=—"n,
W
2\ 2)\2
Py l=1+4—+=.
noop



Since we have only a single repairman and the repair time is exponentially distributed
thus E(S) = % The availability coefficient A =1 — P,.

To answer the third question let us introduce the following notations. Let E(i) be the
mean idle time and E(J) be the mean busy period of the server. Since

E(2)
PO = . )
E(7i) + E(0)
thus 1_p
E(0) = ——E(9).
6) = 5B
This time E(i) = 55, and in the case of n components it is E(i) = -, since the idle time
is the minimum of the operating times of the components.
]

Example 40 Compare the mean operation time E(O;) and E(Oz) of the systems with 1
and 2 repairmen.

Solution:
In the case of two repairmen

As we have calculated earlier

1_(ﬁ)2 1 I 1

As we have shown in Example [35] the mean time to the first system failure starting with
two operating components is

_ 3+ pu
Ty = ———
0T N
It is easy to see that )
Ty > E(OQ)
In the case of a single repairman
1-2'p 1 2
2 [
E(O,) = —5— - —, whereP) = - = .
(O1) %Po [ 0 1+%+% 12 4 2+ 202
Thus
2)\2 2 P2 (p? + 22+ 2X2) — 2022
p? o 42 +2X2 1 P2 (2 4 22 + 272) 1
]E(Ol> - 2 2 T = 5 5 JR—
2M° 10 It 22 It
w2 2+ 20+ 2X2 w2 (p? + 220+ 2X2)
_ 12422+ 202 = 2)0° 1 _ f2+2 1 _ 22+
22 1 2)\2 p 22
_ 1
oty
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Surprisingly there is no difference in the two cases. Of course the steady-state distributions
are different, but nevertheless the mean value is the same.

So far we have investigated systems with homogeneous components. In the next section
we are dealing with systems with heterogeneous elements resulting more complicated set
of differential equations and formulas.

Example 41 Let us consider a system with heterogeneous components and with 2 repair-
man. The ith component has exponentially distributed operating times and repair times
with parameter \; and p;, respectively, 1—=1,2.

Assuming that the involved random variables are independent of each other find the tran-
sient distribution of the system starting with 2 operating components. Furthermore, in
steady-state compute the mean operating time of this parallel system.

What is the mean operating time without repair ?

Solution:

To describe the behavior of the system we need more sophisticated notations since we
have to keep in mind the heterogeneity of the components. Thus let us denote by 0 the
state when both components are operating, by 1 when component with index 1 is failed,
by 2 when component with index 2 is failed, and finally by 1,2 when both components
are failed. The transition rates are illustrated in the following Figure, showing a more
complicated situation. By the help of these rates the corresponding differential equations
can be written in the traditional way.

Figure 4.4: Heterogeneous case with 2 repairmen
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Transient distribution

Po(t) = —(M + A2) Po(t) + pa Pi(t) + paPo ()
Pi(t) = —(A2 + ) Pi(t) + M Bo(t) + pa Pro(t)
PQ/(t) ()\1 + Mz)Pg(t) + )\on(t) + ,Uzlpl,g(t)
Pl o(t) = —(p1 + p2) Pro(t) + X2 Pr(t) + M Pa(t)
Py(0) =1.
After elementary calculations we can verify that the solution is
Py(t) = ( Al M 6_(>‘1+M1)t> ( H2 A2 e‘(>\2+ﬂ2)t>
A1+ /\1+,u1 )\2+,u2 Ao + fio
Pl(t) _ ( )‘1 —(>\1+u1 ) ( )\2 e—(>x2+/t2)t>
AL+ )\1+M1 /\2+M2 >\2+M2
Pg(t) _ ( H1 —(A1+u1) ) ( A2 e—(>x2+uz)t)
A1+ )\1+M1 )\2+M2 )\24‘#2
A A
Pl’g(t) — ( 1 —()\1+u1 ) ( 2 e—()\2+,u2)t)
A1+ >\1+M1 Ao + o )\2+M2
Further performance measures are
1— P, 1
R(t)=1—-Pis(t), A=1—P 5, EO)= :
(¥ 12(1) b2 ©) Pio o+ e
Steady-state distribution
Let Q; = P( i components are failed ) As we have seen earlier
1
P(ith component is operating) = — A T
P
Thus it is easy to see that
Qo = H1 H2
AL Ao+ po
Ql _ A1 M2 1 M1 A2
ALt Ao+ e A+ Ag + pe
Qo= T
A1 Ao+ o
Therefore the mean operation time of the system is
A1 A2
1 — Q) I 1
E(O) = E(S) = .
©) Qo (5) At A 1+ e
A1 Ag + o
_ Mt m)Qetp) —MA ]
A1 Ao M1+ e
_ A2 + Ao + pa Ao 4 pafta — A ' 1
A1 A2 H1+ e
_ Mpptpmdatpps 1
A1z pa + o
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Example 42 Let as consider the previous system with a single repairman.

Find the steady-state performance measures under different service disciplines.
Assuming that at the beginning both components are operating find the mean time to the
first system failure in the case of a parallel system.

Fist-In First-Out (FIFO) discipline

As usual, first we have to introduce the states of the system keeping in mind the order
of arrivals of the failed components. Thus

e 0 - there is no failed component

1 - component with index 1 is failed

2 - component with index 2 is failed

1,2 - both components are failed, but component with index 1 arrived first

2,1 - both components are failed, but component with index 2 arrived first

The transition rates are illustrated in the following Figure. The set of steady-state balance
equations can be written as usual.

Figure 4.5: FIFO discipline
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The equations and the normalizing condition are

(M1 +A) Py = 1 Py + pa Py
(1 + X)) Py = MNPy + po Py
(2 + M)Py = Mo Py + 11 Pr o
/~L1P1,2=/\2P1
poPo1 = APy
Po+Pi+ P+ P+ Py =1

After these by elementary but lengthly calculations one can verify that the solution is

P{;l 14 AL(A1L 4+ Ao + 12) Aa(A2 + A1+ 1)
Aaply + pri( A+ p2) A+ pr2(Aa + )
& A (A1 + Ao + o) ﬁ Aa(Aa + A1+ )
1 Agpte + pri( A1+ pa)  pr2 Arpin + pr2(Ae + )
AL(AL A+ Ao+ p2)

P =
P Napie (O +p)
P — A2(Ag + Ay A+ 1)
h = 0
Mg+ p2(Ag + 1)
A
Po=22P
H1
A
Py =Py
2

Hence the distribution of the number of failed components can be computed as
Qo = Fo, Q1= P+ P, Q2= Pio+ P,

It is easy to see that the main performance measures are

(1-F) 1

E(5) = :
() PO )\1+)\2

:1—Q2(i_P1,2+ 1 Py

E(O) Q2 1 Qo Mzha).

Processor Sharing (PS) discipline

Under this discipline the order of arrivals is not significant and that is why if both
components are failed it is denoted by 1,2. However, in this state the repair intensity is
halved.

The transition rates are illustrated in the following Figure
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Figure 4.6: Processor Sharing discipline

The steady-state balance equations and the normalizing condition can be written as

(M + X)) Py = 11 Py + o Ps
Ao+ )P =Py + %PM

(M + p2) Po = Mo Py + %PI,Q

<%+%>P1,2=)\2P1+/\2P2

P0+P1+P2—|—P1,2:1

Qo=F Qi =P +P,Q:=Pp

The solution is much simpler, namely

A A MA
P =2p, Py =22p,, 131,22212
M1 H2 Ktz

A A A A
Pyl=1+2 422 40222
Hi o M2 M1

Fy

The main performance measures are

G-p) 1 RECEE
R AL+ A B

E(5) =

Preemptive Priority discipline

Under this discipline component with index 1 has preemptive priority over component
with index 2. This means if component 1 fails when component 2 is under repair the
service process stops and the service of component 1 starts immediately. In other words,
service of component 2 can be carried out only when component 1 is operating. It is
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Figure 4.7: Preemptive Priority discipline

easy to see that the states remain the same but the transition rates are different as it is
illustrated in the following Figure.

For the steady-state balance equations we have

()‘1 + )\2)PO = 1 Py + po Py
(A2 +p1)PL = M Py
(M + p2) Py = Mo Py + 11 Py o

piPro=XP+ MNP,
P0+P1+P2+P172:1.

The distribution of the number of failed components can be obtained as

Qo=F,Qi =P +P,0Q= P

It is not too difficult to verify that the solution is of the form

A Ao A+ A Mg A+ A
P14 L 1+ A2+ 1 g A2 1+ A2+ g+ pe
1+ Ao o A2 + 1

1 o A2 + i
A

1:M1+)\2 0

Ao A A
P2:—2- 1+ 2+M1P
2 A2 + [y
A2 A A
Py =2 1A2 A1 + 2+ﬂ1+,u2p'
JY%) A2 + f1q

For the performance measures we get

1-PR 1 1-Qs 1

E(5 E(O )
(¥) Py A+ A (©) Q2 1
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Knowing the distribution in all 3 disciplines it is quite simple to get the distribution for
the homogeneous case. Namely, we obtain

2\
1 = —F,
A 2\
Q=P =—h,
0

as we have seen in the earlier Examples.

Mean time to the first system failure

Solution:

To get the distribution of the time to the first system failure one can easily see that
the service discipline has no effect on it if we have only two components. Omitting the
tiresome Laplace-transform method the mean time can be obtained relative simple by
probabilistic reasoning. To do so we need the following notation.

Let E(T;) denote the mean time to the first system failure starting from state i, =0, 1, 2.
By the theorem of total expectation and the properties of the exponential distribution
the following equations can be written

I A f1 N 2
E(T)) = — + E(Ty), E(T3)=— + E(T:
(1) Ao pin + Ao g+ Ag (To) (Z2) Az + A g+ N (To)
1 )\1 >\2
E(Ty) = + E(Ty) + E(T5).
)= 3% T I+ i B
After elementary calculations we obtain
1 H2

1 M1
E(T)) = + E(Ty), E(Ty) =
( 1) 1+ A2+ A (To) (2)

1 A1 Ao
E(Ty) = 1
(To) /\1+)\2< +)\2+NJ1+)\1+M2)/

/(1_ A M1 _ A2 2 )
MAXpr+M A A+ A/

+ E(T
fo+ A1 pe+ N (To)

In particular, if p; = o = 0, that is when there is no repair this formula reduces to the
result of Example [6] that is

1 NN
B(T,) ITRARECAN
(To) >\1+)\2( +>\2+>\1)
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By applying the theorem of total moments the second moment of these times could be

calculated and thus the variance of T; could be obtained.
In particular, if uy = ps = 0, that is when there is no repair this formula could reduce to

the result of Example [6]
]
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Chapter 5

Continuous-Time Markov Chains

The evolution of time-dependent systems can be obtained by different methods, the most
commonly known one is the method of differential equations. In addition, if they exhibit
random movements the situation becomes even more complicated. It is not the aim of this
chapter to deal with the theory of stochastic processes since it has a wide literature and
their mathematical level exceeds the level of the note. Omitting the precise mathematical
treatment we concentrate only on the simplest processes which be used later on in the
performance modeling of queueing systems. There is a variety of sources on this topic in
either digital or printed form but for our purposes the following books fit best: Allen [1],
Kleinrock [5], Ovcharov [7], Sztrik [12], Tijms [13], Trivedi [14].

This section is devoted to one of the most commonly used stochastic processes, that is
when each time ¢ we have a random variable taking values 0, 1, ... representing the states
of the process. To know the evolution of the process we need the connection of the random
variables at different times, in other words, we have to formulate mathematically how the
future depends on th past. The simplest relationship is when the future depends on the
past only through the present which can expressed as follows

Definition 16 (Markov-property) If for any n and states iy, -+ ,in1
P(X(tn-i-l) = Z.n-i—1|‘X(tl) =11, vX(tn) = Zn) = P<X(tn+1) = in+1|X(tn) = Zn)
then process X (t) is called a Markov chain.

Let Py(t,t+h) = P(X(t+h) = j|X(t) = i) denote the transition probability probability
of the chain, which is in time-homogeneous case is denoted by P;;(h). Clearly it means
that the process during time h changes its state from ¢ to j irrespective to where it is.

It is easy to see that

ST Pyt t+h)=1.

J

To get how the distribution of the states changes during the time we have to know how
the transition probabilities changes. Thus we define
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Definition 17 (Intensity matriz, rate matriz ) The intensity matriz Q) with elements g;;
1s defined by

limy, o 2221 Gp g =

q”_{hmmmﬂfﬁ ifi#3],
1]

1 ifi—j o P
PZ](O) - ’ .1 ,Z j 5 that 18 qZ] = lim Y (h) ] (O)
0, ifs 7& J h—0 h

Hence the transition probabilities can be expressed as

Py(h) = ash + ol
Pii(h) =1 = qiih + o(h)

Let us introduce the distribution of the process at time ¢, that is

Pi(t)=P(X(t)=4), j=0,1,2....

Then for the balance equations we have

Pi(t+h) = P;(t) - P(h) + > _ P(t)Py(h), j=0,1,2,...
1#£]

These can be written as

Py(t+h) = Py(t) = Py() - (Py(h) — 1) + S B0)Py (), j=0,1,2....

()
pj<t+h2—Pj<t> _B(®)- <P]J;<h> - 1) +Zw i=0,12,...
7]

Taking the limit the desired system of differential equations can be obtained, namely

Pi(t) = q;; P;(t) + Y _aPi(t), j=0,1,2,...
i#]

Z P;(t) = 1, normalizing condition

1, ifj=k
P)=<" "77% p=0,1,2... initial condition.
0, ifj#k

Steady-state, stationary distribution

One can easily notice that all the systems treated in the previous problems are special
cases of continuous-time Markov chains. As we have seen it is rather difficult to get the
transient solution even for quite simple systems. To obtain treatable formulas we are
interested in the limiting distribution which is called steady-state, stationary distri-
bution. Mathematically this can be written as

k—o00
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Then the steady-state balance equations can be obtained as
4P = Z%‘jpi, ZP] =1, ¢ =—q
i#£] j

In performance modeling of different systems we have to identify the stochastic process
describing the dynamic behavior of the system. The most widely used, consequently the
most thoroughly investigated class of stochastic process is the Markov process. Many
practical problems can be treated by the help of a continuous-time Markov chain that is
why without proof we state the following theorem

Theorem 28 A stochastic process X (t) is a continuous-time Markov chain if and only
if the sojourn time in any state j is an exponentially distributed random wvariable with
parameter q;, 7=0,1,2....

5.1 Birth-Death Processes

To simplify the investigations let us assume that the process enters to neighboring states
only. This situation can be formulated as follows

Gisr = Ny Pupi(h)=Nh+o(h), i=0,1,...

Gii—1 = M, Py 1(h) = ph+o(h), i=1,...
Qi = —(Ni + 1), Pu(h) =1— N\ +ui)h+o(h), i=0,1,...
qi; = 0, Pj=oh)if|i—j]>1 ,i,j=0,1,...
po = 0.

In this case \;, and p; are called birth, death intensities, respectively. Then the balance
equations are also simplified, namely

Pi(t) = —(Nj + ) Pi(t) + Aj 1 Pioa(t) + i Pia(t), j=0,1,...
In steady-state we have
(Nj+p) Py =+ NP+ iy Py, =01,
LR
J

po =0
To obtain the solution let us notice that for any j we get
Dj = XiPj — ptj1Pjta = 0,

since it is easy to see that
Do = NPy — P =0,

Dj = XiP; = pjaPjyr = Nja Py — Py =Dy, j=1,....

73



By using this relationship it can be verified that

A
P; 1= ] P'a
o pivr
thus
Mo A Ao A
(51) Pi:D_lPO: Z:1a27"'a P0_1:1+Z¥7
pac e g g

which is called the steady-state distribution of a birth-death process and later on
plays an important role in modeling several queueing systems.

In the case of an infinite state space the series concerning to the normalizing condition
should be convergent. In many times conditions assuring the convergence are referred to
as stability conditions. It could be proved that under stability condition the solution
is unique.

Let us consider the following simple example
Example 43 Let \;, =\, 1=0,1,...andp;=p 1=1,2,....

Then . - .
P = (5) Py, Py'=) <5) :
i

=0

which is convergent iff A < p.

Pure Birth Processes
ftX=X,:=0,1,...and y; = 0,7 = 1,2, ..., then we are speaking about a pure birth
process and hence the set of differential equations reduces to
Fy(t) = =AB(t)
Pi(t) = =AP;(t) + A\P;_1(t)

J

oy~ 1 =0,
"o, itk £0.

which was obtained for the Poisson process.
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Part 11

Exercises
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Chapter 6

Basic Concepts from Probability
Theory

6.1 Discrete Probability Distributions

Exercise 1 Show that if X € B(n,p) then EX = np, and Var(X) = np(l —p).

Solution:

- n _ _ n—1 _ e — (k—
EX:Z’f(k)p'“(l—p)” kznzp(k_l)p’“ N1 —p)r iy
k=0 k=1

n—1
n—1Y\ . 1 e
anz( j )P’(l—p)””znp(erl—p) b= np.
Jj=0

J/

TV
Binomimial theorem

n

k=1
=) k(k—1) <Z)p’“(1 )"+ k(Z)ﬁ'“(l —p)""
k=2 k=1
np
=n(n—1)p° i (Z - ;)pH(l —p)" )
:j n—2
SRV D (g T B

J=0

2

=nn—-1p*+np=np((n—1)p+1)=npnp—p+1).
) = (np)* = (np)* — np® +np — (np)* = np(1 — p).

Var(X) =EX? —E*X = np(np—p+1

Exercise 2 Show that if X € Po(\), then EX =\, and Var(X) = .
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Solution:

_ A _ =) o =A A A
EX—Zk:k'e e )\Z(k—l)' Zj!—e e A
k=0 k=1 =0
2 - 2)‘k -\ - F -
EX® =)k o :Z(k(k—l)Jrk)ye
k=0 k=1
= )L LN
:Zk(k—l)ye +Zk‘ye
k=2 k=1
A
p oA A2 2 XA 2
= N kzmﬂzm A=A+
=2

Var(X) =EX2 —E2X = X2+ A — A2 =\

| ]
Exercise 3 Show that if X € Geo(p), then EX = i, and Var(X) = 1%'

Solution:

l—yq
k=1 k=1 k=1
I1-¢g)—(-g_»p 1

(1—q)? P2 p

We used the fact that in the case of absolute convergent series the summation and deriva-
tive are interchangeable.

EX?Y Kpd* ' =p) K¢ =p> (k(k—1)+k)g*!
k=1 k=1 k=1
=pY k(k—=1)¢" +p) k" =pY k(k—1)¢" g+ = =pg ) _(¢")" +
k=1 k=1 k=1 p k=1 p
1

_ 1 —p
p? p p? p?
Thus )
2—p 1 2—p—1 q
VarX = — — (—) = 5 ==
p p p p



In the following we can show how these results can be obtained by using the property of

the geometric distribution.

o0

E(X)=) kp(1—p)"'=(1=p)> (k=1p1—p)* >+ p1-p*"

k=1

=(1-pEX)+ 1.
So E(X) = %. Similarly

Thus
2
B(X?) = (1 - p)E(X) + ==
2—p
2\ __
Hence
2—p 1 1—p

Var(X) = PR = pe

| |

Exercise 4 Find the mean and variance of a modified geometric distribution with success

parameter p .

Solution:

As we know the modified geometric distribution is P(X* = k) = p¢*,k = 0,1..

X* =X — 1, where X € Geo(p). Hence

1 1 —
E(X*)=E(X-1)=EX-1=--1=—2_1
P PP

Var(X*) = Var(X).

Exercise 5 Show that that the geometric distribution yields
PX=k+1lX >k =PX=1),

that is the so-called memoryless property holds.
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Solution:

B O P(X>k) Y ap(—pyt o 3 (1 —p)!

_ (1 _ p)k‘-i-l—l _ (1 _p)k‘-i-l—l _ p<1 _ p>k+l—1
(—p)* (—p)* (1 - p)

1-1+p p

=p(1=p) = P(X = 1),

]
Exercise 6 Let X € B(n,p), Y € B(m, p) and independent random variables. Find that
P(X =ilX +Y = k).

Solution:

=i o _PX=iX+Y=k PX=iY=k—i
PX=ilX+Y =k = PX+Y =k PX+Y=k)

Since X and Y are independent then the convolution of X, Y is also binomial so we have

()" —p)" () —p) () ()
CTHL— G0

that is we obtain the hypergeometric distribution.

]

P(X =i|X+Y =k) =

Exercise 7 Let X € Po(\) and Y € Po(3) independent random variables. Find that
P(X =k|X +Y =n).
Solution:

HX:MX+Y:nys”X:hY=n—@:f%¥=mmyzn_@

P(X+Y =n) P(X+Y =n)
n—k n—k

_ Ak_lfe_A(i—k)!e_ﬁ _ Ak_?% _ (A B _ (”) A gt

OHd)" —(ry) OB T (A4 V) k) (A4 B)F (A + B)*

n A k B n—=k n\ , i
_ — 1—-p)"*eB .

W) (g2) - ()ra-wrteses

1
p —-bp
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Exercise 8 Let us consider a supermarket at which customers arrive according to a
Poisson distribution with parameter A and choose the ith cashier with probability p;
(i=1,...,n,> ,p; = 1). Find the distribution of the number of customers at cashier i.

Solution:

Let us perform a random experiment with /N independent and identical trials. Let describe
X;,i=1,...,n the number of ith outcome. As the joint distribution of (X3,...,X,,) is
a multinomial distribution with parameters N and py,...,p, we have

N!
P(X1:k:l,...,Xn:k:n|X1+...+Xn:N):Wp'fl...pﬁ”.
1:+-.-Rp-

Since X1 + ...+ X, = X € Po()\)

PXy =k, X = k) = P(Xy = ki, .o, X = ko] X1 + ...+ X, = N)P(X = N)
NI, p AN e, s

S DY OOy S o WD /N VIS O P O DAY )

el ke T Py A

O e A,
o B .

It follows that X; € Po(\p;),i=1,...,n, and are independent random variables.
]

6.2 Continuous Probability Distributions

Exercise 9 Let

I'(a) = /taletdt , a>0
0

so-called complete Gamma function ( I'(«) function ). Show that

INa)=(a—H'N(a—1), a>1.

Solution:
Using integration by parts we have

INa) = /ta_le_tdt = [—to‘_le_t}go + (a—1) /ta_2e_tdt
=(a—1)I'(a—-1)

since the value of the first part is zero. It can easily be proved by the help of the L’Hospital’
rule.

It is easy to see that I'(1) = 1, so I'(n) = (n — 1)! that is I'(«v) can be considered as the
generalization of the factorial function.

]
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1
Exercise 10 Show that T’ (§> =T

Solution:
1 i1 ot —t
r 5 = | t2 dt = —e dt.
0
Introducing the substitution ¢ = % we have F x, thus
x
1 22
F(§> ge 2. x—\/_/ — x:ﬁ.
0
]

Exercise 11 Find the mean, variance and the kth moment of the gamma distribution
with parameters (a, \).

Solution:

where

= / o tetde.
0

Introducing the substitution u = A\x

o0

_furel . T(la+1l) o
E(X) _/ M) A= ) v

0

since ['(aw + 1) = al'(«).

Similarly
[ A0 le™ 1 [ )t
E(X?) = [ 2 ==
(X%) /:v - T(a) )\/ de

/ua+1 fudu F(O{ + 2) (Oé + 1)
0

AQI‘
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Thus

+ Do aN? o«
X) = E(X?) — (B(X 22(0‘——<—) ==
Var(X) = B(X?) - (B(X)? = 2% - (3) = 5
That is the squared coefficient of variation is C% = 1/«, that can be less and greater
than 1 .

Finally
T /\)\“1*“ 1 OO)\ kta—1,-Az
/xk ] \k— 1/ 2 dz
0 0
_ 1 -/uk+a_1e—“duzr(k+o‘):O‘<O‘+1)"'(O‘+k_1).
AT () AT (cv) A

0

In particular, in the case of & = n we have the Erlang distribution with parameters (n, \)
and we obtain
nn+1)...(n+k—1)

E(X*) = "

k!
In case of n = 1 it reduces to the exponential distribution, that is E(X*) = E

Exercise 12 Find the mean and variance of the Pareto distribution with parameters
(k, ).

Solution:
E(X) /xakax *ldy = /aka dz
k k
ka
|: ka —a+1 a—1 ) & > 1
b x ,a<l
o0 53 , > 2
E(X?) /ozk:o‘ otldy =
k o ,a<?2
Thus
ko ka \?
X — 2
Var(X) o (a—l) , a>
]
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Exercise 13 Let X € Exp(\), and Y = c-e*X, where a,c > 0. Find the distribution
function of Y.

Solution:

that is we obtain the Pareto distribution with parameters (c, g) .
]
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Chapter 7

Fundamentals of Stochastic Modeling

7.1 Exponential Distribution and Related Distributions
Exercise 14 Show that that the exponential distribution obeys
P(X >z+ylX >z)=P(X >vy),

which is referred to as memoryless, or Markov property.

Solution: P(X 1o p(x )
>T+y — <zT+y
(X>z+ylX>0) = =55~ 1— P(X <)
1 — (1 —e?atw) My
= =eV=PX>uy).
1—(1_er) € (X>y)
n

Exercise 15 Find the nth moment of an exponentially distributed random variable with
parameter \.

Solution:
E(X") = /x")\e_)‘zdx = [—x"e_’\m]go —i—%/x"_l/\e_’\mdx.
0 0

Using the L’Hospital’s rule it is easy to prove that the value of the first part is 0 and thus
E(X") = gE(X”‘l).

Taking into account the recursion one can easily see that
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Exercise 16 Let us assume that att = 0 two independent activities start. Their durations
are denoted by X,Y and are supposed to be exponentially distributed random variables
with parameters A, p, respectively. Let V- = minima(X,Y), Z = mazima(X,Y), and

W =
Find

1.
2.
3.

E

5
6
7
8

Z-=V.

The distribution and mean of V,
P(X <Y), that is X completes first,

The distribution and mean of W, that is the distribution of the time between the
first and second events,

. The probability that at an arbitrary time t

P(X <t<Y), PV <t<2), P(X <tY <t),
PW+V <t)),
P(X <t|X <71),
P(X <t|lX <Y),
P(X <ty < X).

Solution:

1.

Distribution of the first event
PV<t)=1-PV>t)=1-P(X >tY >1)
—1-P(X >tH)P(Y >t)=1—e Mt =1 — -0t

that is, V' is exponentially distributed with parameter A + p,

consequently E(V) =

Atp?
. X completes first
00 00 B B L Y
PX<Y:/ P(X <y)f ydy:/ l—e e ™™ dy = 1— = ,
( ) y=0 ( () y:O( ) A A+p

distribution of the time between the first and second event
PW<t)=PW <t X <Y)P(X<Y)+P(W <t X >Y)P(X >Y)

given (X <Y'), W represents the residual time of ¥ and similar argument is valid
for X.

Due to the memoryless property of Y, X
PW <t X <Y)P(X<Y)+PW<t|X>Y)P(X >Y)

A It
-7 (1= —put 2 (11— /\t.
>\+M( E )+>\+M< ™)

Consequently




4. X has been completed, but Y is still running
P(X <t<Y)=PX <t)P(Y >t) = (1 — e M)e ™,
the first event has been completed, but the second is still running
PV <t<Z)=
=PV <t<ZIX<Y)P(X<Y)+ PV <t<ZIX>Y)P(X>Y)
=PX<t<YX<Y)PX<Y)+PY <t<X|X>Y)P(X>Y)
=P X<t<Y,X<Y)+PY <t<X,X>Y)=PX<t<Y)+PY <t<X)

— (1 o e—At)e—ut + (1 o e—ut)e—)\t’
both events have been completed
PX<t,Y<t)=P(Z<t)=P(X <t)P(Y <t)= (1 —e M) (1 —e"),

5. distribution of the sum of W and V'
Since W,V are dependent random variables their convolution cannot be applied.
However, it is easy to see that

PW4+V <t)=P(Z <t)=(1—-eM)(1—-e),

6. distribution of X given X < 7

PX <tlX<71)=

P(X<T) 1—e= A7
P(X <)

P(X <t,X <7) [£80 =l haO<t<rt
1 hat > 7.

7. distribution of X given X <Y

/P(X <t,X <y)fy(y)dy

PX <t,X <Y) 2
PX <tlx <v)= PESLX<Y) v

P(X <Y) P(X <Y)
[rx<onma [P <onwa
=" P(X <Y) = P(X<Y)
-1 e—(/\+u)t7

that is, it follows an exponential distribution with parameter \ + p,
8. distribution of X given X > Y
P(X <t,X>Y) [ P(X <t.X>y)fr(y)dy

PX <tlX>Y)=

P(X>Y) P(X >Y)
 Jpo Ply< X <Ofy(y)dy [, o(Fx(t) = Fx(y)fv(y)dy
B P(X >Y) P(X >Y)

A
=1—e M- Ze (1 —e ).
o
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Exercise 17 Find the probability that X; = min{Xy,..., X, },
supposing that Xy, € Exp(\;), k= 1,...,n and are independent.

Solution:
By the law of total probability

P(Xq, < min(X17 e 7X7;—1’ Xi—l—l; e 7Xn)) = / P(Xl < x)fmm(xl 77777 Xi 1,Xiq 1, Xn)(aj‘) d‘r
0
:/ ( (Z )\) Jl];«éz szl’ / (Z )\) ]1];&1 del’
0 J=1,57#i j=1,j#i
) [ )
J=1,j#i 0 G=1,j#i

Z’?_l i A s

)\/ e X < )\) =1 &AL

J ;7&1 Z J 1 /\J Zj:l )‘j Zj:1 )‘j

Exercise 18 Find the distribution and mean of a series system consisting of independent
and exponentially distributed components.

Solution:
In the case of series system

1 1
E(min(Xi, ..., X,)) = _ < min(EXy, ..., EX,).
(min(Xi, ..., Xn)) SN S, T < min(EX; )

Exercise 19 Find the distribution, mean and variance of a parallel system consisting of
independent and exponentially distributed components with the same failure rate, that is
X; € Exp(\),i=1,...,n.

Solution:

P(max(Xy,...,X,) <z)= ﬁP(Xi <z)=(1—e)"
Apply the following useful relation. If X > 0 then
EX = /OOP(X > z)dr = /00(1 — F(x)) dx.
0 0
Substitute ¢t = 1 — e=** then
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E(maz(Xi,. .., X,)) = /000(1 L (1= e g — %/0 (1- t")%_t dt

1 [t 1 2 ]t 1 1 1
== IL4+t4+.. . +t"Ndt=<|t+—4+...+—| ==|1+=4+...+=

A/()(++ +1m) A{+2+ +n]0 A{+2+ +n}
T
on (n—1X A

~— N , <~

1. failure o _ 1 failure n. - n-1. failure

Due to the memoryless property of the exponential distribution the time between the
consecutive failures are also exponentially distributed and are independent of each other.
It is easy to see that the parameter of the time between (k — 1) th and kth failure is

(n—k+ 1)\ kE=1,...,n. This fact can be used to calculate the mean and variance of
the time to the kth failure.
Hence
E(time to the kth failure ) ! +.+ !
im ilure ) = —+ ...+ ———
© o the alire n (n—Fk+1)A
. . 1
Var(time to the kth failure) = ()2 +...+ =k + DA?

k=1,...,n.

In particular, the variance of the life time of a parallel system is the variance of the last
failure, that is

1 n n 1
e Tt

n
Exercise 20 Let X; > 0,1 =1,...,n, be independent random variables.
Show that

E(maz(Xy,...,X,)) > maz(E(Xy),...,E(X,))

E(min(Xy,..., X)) <min(E(X,),...,E(X,)).
Solution:

P(maz(X1,....X,) <z) = [[P(X; <2) < P(X; < z)
i=1

hence



thus

from which the statement follows.
Similarly

P(min(Xy,...,X,) >

I
—
3
>
v
=

A
!
2

v
=

thus

from which the statement follows.
| |

Exercise 21 Prove that the distribution function of the Erlang distribution with param-
eters (n, \) is

e M|

Solution:

x n—1 n x
Fy, (z) = / Me_)‘t dt = A / " e M dt
o (n—=1)! (n—1)"J,

Using integration by parts, where g(z) ="', f(2z) = —3e™* we get

A" Tt A" L et /x Lo n -2
—_— n — _ - n x - VD
(n— 1)!/0 t" e dt (= 1)!([ Ne ot I i ( 3¢ )(n —1)t""* dt)

[

In(x)
Azt AN, PV A2
- _ Az NV oM = — e AT
CEE +/0 CEE CE TR
In:lr(x)
n—1 ()\LE)J
=0
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Consequently

00 7 00 n—1
Z ()‘l;> 6—)\x _ / )\()\t) e—)\t dt.

Ji (n—1)!

Jj=n
||

Exercise 22 Let X € Exp(\) and Y € Exp(u) and independent random variables.
Find their convolution.

Solution:

fxiv(z) = /Z e e PE) do = Ay /Z e M THETD) dp = Ape M /Z e A1) 4y
0 0 0

-1 ApeH* A A
_ )\Me—,u,z[ 6—:p()\—,u,)]g _ pe (6—,2()\—;1,) . 1) _ I e—)\z I e Hz
A= p —(A—p)
1

A
= P Yo — P
]

Exercise 23 Find the mean of the previous convolution by using the density function.

Solution:

E(X+Y)= / x( P xe + L,ue_’“)dm
0

= A A—p
LA v A S polo A1 N
= — e dr + —— xpe M dr = ~ + — =
=X Jo A=uJy p=AXN A—pp Ap(p—A)
QA =A)) _ Atp 11
Ap(pe = A) A A

Obviously E(X +Y) = E(X) + E(Y) thus we could check the correctness of the density
function.
"

Exercise 24 Derive the density function of the Erlang distribution with parameters (2, \)
from the 2-phase hypoexponential distribution.

Solution:
As we have seen




Taking the limit as p — A we get the desired result, that is

: —px H AT __1; _ -
i . i 0’

therefore we apply the L'Hospital’s rule. Thus we obtain A\? - ze~**, what is the density
function we needed.
]

Exercise 25 Find the distribution function of the 2-phase hypoexponential distribution.

Solution:

T x \ . y .
= — 1224 x
Fxiy(x) /fx+y(y)dy /(A—;ﬂe +—M_)\>\€ )dy
0

0
A - I Y
- Hnx - _ X
e e
A= e HE e
= -
= 1+—)\ (e — e ™) .

To check its correctness let us take the limit as 4 — A. Applying the L’Hospital’s rule we
have

1—e ™ — e
which is exactly the distribution function of the Erlang distribution with parameters

(2, ).

Exercise 26 Let X € Exp()\), Y € Exp(u) and independent random variables.
Find the conditional density function fx)xiv(z|y).

Solution:
fX(fJU) ) fy(y - m) e M. I e H(y—z)
T = —
fX|X+Y( ]y) fX+Y(y) ;‘__#H (e—,uy _ e_,\y)
e—(A—#)SB
:()‘_N)m , O<oz<uy.

Specially, if A = p, then using the L’Hospital’s rule and taking substitution z = A — . we
get




that is we have the uniform distribution.
If at the beginning we assume that A = p then

Ae A\ e M)

fX|X+Y(9U|y) = Ay)ew = ; )

since X + Y follows the Erlang distribution with parameters (2, \).
]

Exercise 27 Find the squared coefficient of variation of the Erlang distribution with
parameters (n, \).

Solution:

o VVar(Xy) + ...+ Var(X,) e Vno 1
e EX; +...+EX, B n o Vn

]
Exercise 28 Verify the density function of the hyperexponential distribution.

Solution:
It is easy to see that it is nonnegative, furthermore

/ fv,(z)dx = / Zpi)\ie_’\” dr = sz/ Ne N dy = Zpi =1.
0 0 =1 i=1 20 S =1

1

Exercise 29 Show that the squared coefficient of variation of the hyperexponential dis-
tribution is always at least 1

Solution:
To prove it, we need

S ipi — (O pin)? "o "Lo1)?
= — > 1 <= pz‘—2< pz‘—) ,
i piv)? ; A ; Ai

which follows from the Cauchy-Bunyakovszkij-Schwartz inequality with substitutions

yi:maxi:\ﬁ\z

2 _
Cy =
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Exercise 30 Let X; € W(\;,«), i = 1,...,n, independent random variables.
Show that

min(Xq,...,X,) € W (Z )\i,oz) )
i=1

Solution:
It is well-known that

P(min(Xy,....X,) <) =1-[[ (1= P(X; <2)) =1—[] ()

=1 i=1

n
()
=1—e¢ i=1
from which our statement follows.
In particular, if & = 1 we obtain the relations valid for the exponential distribution.
]

7.2 Basics of Reliability Theory

Exercise 31 Find the hazard rate ( known also as failure rate, intensity, conditional
failure rate) function of the hyperexponential distribution.

Solution:

n
E pidie M
i=1
n 7
—Ait
§ bie
=1

h(t) =

which is monotone decreasing and its image is in the interval [mm()\l, ce ), Z pi)\i] .
i=1

It can be shown in the following way. If A/(f) < 0 on the interval [0,00) then h(t) is

monotone decreasing on it. Since by the rule of the derivative of a ratio the denominator

is always positive it is enough to investigate the sign of the numerator of h'(t).
For the numerator we have

n n n 2
- <ZP¢>\?€_/\it> (Zpie_/\it> + <ZP¢>\¢€_M) .
i=1 i=1 i=1

Apply the well-known inequality

n 2 n n



with substitutions
a; = Vpie Nt by = A/ piem it

thus A'(t) < 0. It can also be seen that h(t) takes its maximum at 0, therefore h(0) =

Z pi\;. Furthermore, one can easily verify that h(t) > min(A, ..., A\,).
i=1

]
Exercise 32 Find the hazard rate function of the 2-phase hypoexponential distribution.

Solution:

h(t) _ )\213\)\21 (€_>\1t — e_)\zt)/ /\2 e*Mt B /\1 67)\215
/\2—/\1 )\2—)\1 )\2_)\1

)\1/\2 (e*Alt — 67/\2t)
)\26_’\1t — )\16_)‘2t ’

which is monotone increasing and its image is in the interval [0, min(A1, \2)].

Similarly to the previous exercise the sign of A/(t) is determined by

(-)\16_)\1t + )\26_)\2t>2 + ()\1)\26_)\1t - )\1)\26_)\2t)(€_)\1t — 6_)\2t)

— (_)\16—)\1t + )\26—)\2t)2 ‘I’ )\1)\2(6_>\1t _ 6—>\2t>2 > 0

thus h(t) is monotone increasing and h(0) = 0.

If AL < )\27 then h(t) <

Ad2 — ;. Similarly, if Ay < Ay, then A(t) < 222 = )\,

Exercise 33 Find the hazard rate function of the Erlang distribution with parameters
(n, \) and show that it is monotone increasing.

Solution:
Similarly to the previous exercises we deal with the numerator of 2'(¢), that is we have

n—1 n—2
-1 A(A

)\)\)\xnzn—l )\J:
( (n—1)! zz B n—l'lZ
_ 20 ( <A;>i+8x>"—l_ M ZW))-

(n—2)! Ll

1=
Its sign depends on the second term. Let us denote it by

e

Tx+)\1::1>0.
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If n > 3, then
n—3 3
(Az)’
Sp = 1-—
: 7! n— 1

n—3 i
: 7! n—1
=0

It is easy to see that

()\x) Az (Az)t
=2 (1 n—1)+(n—1)!
(AI)” ?
(

n—2)

AT 2+ Az
53_1—7 )\LE: 9

> 0.

Let us suppose that S,, > 0 then prove that S,,,; > 0 by induction.

)\x)”‘i (1 B ﬁ) N (Az)1

— il n (n—2) n (n—1)!
n—3 i n—2 n—1
- ()\x) (1 Az ) N (A\z) N (A\z) ( 1 l)
— il n—1 mn=2) n=2)\n—-1 n
B Az)t 1
=t =) >0
since S,, > 0.
"

7.3 Random Sums

Exercise 34 Find the distribution of the mizture of Erlang distributions with parameters
(1, \) and geometric distribution with parameter p.

Solution:
b A(Aa)t R 1 (M)t
= 1 _ ? 1— Az — )\ Az 1 o 1—1
f(2) ;p( p) = pAe ;( p) =]
(1 —p)\)z)
— p)\ef)\x Z (( f') )l’) _ p)\ef)\me(lfp)/\x _ p)\efp/\x c E:Cp(p)\)
j=0 '
[

Exercise 35 Find the distribution of the mixture of binomial and Poisson distributions.

(pe(i) = ()p'(1—p)F,q=2e ) ?
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Solution:

= (i A i
pk=Z<k)pk(1—p) et = p’“k’“k,z —pA) "

i=1
_ (PN* i (L=p)AY _ T2 (1—p)A _ (p)\)k —pA
= jgo i =" e A = T PA e Po(pA).

Exercise 36 Let X; € Exp()\), v € Geo(p) and independent random variables.
Find the density function of the random sum'Y,,.

Solution: By the theorem of total probability

qu Z fYk PV:k)

(n ) Erlang

i AT BYS i1 (A2)'
f(fﬂ):;p(l—m 1m€ M= pre™ ;(1—]9) 1@_1)!
=phe ) W%W = pre PN = pAePM € Exp(pA).
j=0 '

Exercise 37 Let X;(A) be Bernoulli distributed with parameter p, v € Po(\) and inde-
pendent random variables.

Find the distribution of Y, = X1(A) + ...+ X, (A).

Solution
— (1 i k>‘ kyk L ik
= 1 — = A — A
Ph ;:k (k)p e E k,) —p)A)
A o= (1 —p)A) PA _ pA)F
( k|) e A § (( j' ) ) ( k') A (1—p)A ( k') e DA c PO(p)\)
! = ! !
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Chapter 8

Analytic Tools, Transforms

8.1 Generating Function

Exercise 38 Find the generating function of the binomial distribution with parameters
(n,p) and then its mean, variance and distribution.

Solution:

n

o) = 3 ()0 = 3 () 0 = G190 = Ot

EX =Gx(1) =n(l+p(s—1))"" ’5: =np(l+p(s— 1))”_1’S:1 = np.
G% (1) = (np(L 4+ p(s — 1))" )| _, = np(n — )p(1 4+ p(s — 1))"?| _, = n(n — 1)p?
Var(X) = n(n = 1)p* + np — (np)* = np(1 - p).
G (s)=nn—1)n—-2)...(n—k+1p"1 +p(s—1))"*
Gg];)(()) =nn—1)(n—-2)...(n—k+1)p*(1 —p) "

o= CHO _nn= D02 1ok D) g

- /

(%)

p)nfk:.

Exercise 39 Find the generating function of the geometric distribution with parameter
p. Furthermore, investigate for which s it will be convergent, then calculate the mean and
variance.

Solution:
sp i 1
(1-p)?= (1—p SR . S
Zsp spz 1—(1—p)s’1 \s\<1_p
_pl=(00=p)s)=sp(=(1—=p);,  pP-pP+p 1
EX = | =2 PP _ -
(1-(1—p)s)? =t (I=14p?* p
| ]
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Exercise 40 Find the distribution by the help of the generating function

Gx(s) = e 2079,

Solution:
GP(s) = A, Ne 2079 = N A1=9),
k
Thus
k
_ Gy N

PR TR
that is, Gx(s) is the generating function of the Poisson distribution with parameter \.
]

Exercise 41 Find the mean and variance of the random sum by the help of the generating
function.

Solution:
As it has been proved the generating function of the random sum is

Gy, (s) = Gu(Gx, (s))-

Hence
EY, = G} (Gx, ()G, (5)],_, = GL(Gox, (1)) G, (5) = EVEX,.
1
Furthermore
V(9] = (G(Gx, ()G, (9))]| _,

= G)(Gx,(5))Gx, (5)G', (s)| _, + G (Gx,(5)G%, (s)| _,

= GU(1)(EX,)’ + EvGY, (1),
thus

E(Y;) = Gi(1)(EX;)? + EvGY, (1) + EvEX;.
Therefore

Var(Y,) = GL(1)(EX;)* + EvG%, (1) + EvEX; — (EVEX;)?
= (Ev? — Ev)(EX,)* + Ev(EX? — EX,) + EvEX, — (EvEX,)?
= (EX))*(Ev? — (Ev)?) + Ev(EX} — (EX,)?) = (EX,)*Var(v) + EvVar(X,).
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8.2 Laplace-Transform

Exercise 42 Find the mean and variance of the random sum by the help of the Laplace-
transform.

Solution:
EY, = —L}, (0) = — G, (Lx, (0)) L, (0) = EVEX,
T
L4, (s) = Gl L, ()) L, (5) L, (5) + L, (5)GL (L, (5))
14, (0) = G(Lx, (0)) Ly, (0) Ly, (0) + L%, (0)C,(Lx, (0)) = GL(1)(~EX,)* + EX?Ev
e Y
= (Ev? — Ev)(EX,)* + EX{Ev = Ev*(EX,)? + Ev(EX] — (EX,)?)
Var(X1)
= Ev(EX))? + EvVar(X,).
Therefore

Var(Y,) = Ev*(EX,)? + EvVar(X,) — (EvEX))? = (Ev? — (Ev)?)(EX,)? + EvVar(X,)
)
Var(v

=Var(v)(EX,)? + EvVar(X,).

Exercise 43 Find the Laplace-transform of the Erlang distribution with parameters (n, \),
and then the mean and variance.

Solution:
_ > —sx)\()\x)n_l —\z . A" 1 > n—1_—(A+s)z
LX<S) = /0 (& m@ d!L’ = M)\——{—S/O (A + S)IL' (& dlj
[E(Xn—l)zo\(:;)?ll)il
s I (-1 A X
S n=DIA+sAEs) T (AEs)r \M+s/)
)\ n\/ n —n\/ n —n—1
BX = (-1)((5a)Y g = N (4 87| Ly = N+ 57 )
_ _\n(_ —n—1 — ﬁ
=—-\"(—n)A )
L (0) = (=X (A + )| g = = A"(=n(X+5) 7" )|
2
= N (=n)(—n—=1)(A+ )" | _ = X" (n* +n)A" 7 = z ;2_ iy
Therefore
n?+n Ny, N
Var(X) = o ()\) =3
| ]



Exercise 44 Find the mean of the hyperexponential distribution by the help of the Laplace-
transform.

Solution:
n Al !
() b (zpz oo
g 1 g i Di
=Gl = L= 2k
| |

Exercise 45 Find the Laplace-transform of the hypoexponential distribution.

Solution:
By applying the properties of the Laplace-transform we have

i (5) = H(Aﬁ)

Exercise 46 Find the Laplace-transform of the gamma distribution.

Solution:
T st —lg—At T yapa-1 —(a+s)t
:/e )\)\t dt:/)\t e &t
I'(a)
0
A Vi (A +s) ato‘ 16*(‘”5) A\ Ooza*1 e
= dt = | —— —d
(A+s) / ()\—i-s) / INEY! :
0 0
AR L) [ A \°
M+ M) \A+s/) "’
where z = (X + s)t.
n

Exercise 47 Show that if X; € T'(oy;, ), i = 1,...,n and are independent random vari-
ables, then

=1 =1

Solution:

. S,
Ly(s) = 11 (A—)i\—s) - (A—T—s) -

which proves the statement.
]
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Chapter 9

Stochastic Systems

9.1 Poisson Process

Exercise 48 Find the correlation coefficient of the Poisson process.

Solution:
E(v(t)v(t +h)) — Ev(t)Ev(t + h)

R(v(t),v(t+ 1)) = Dv(t)Du(t + h) ’

where DX = /Var(X).

To get E(v(t)v(t + h)) we need the following steps

E(w(t)(v(t +h) —v(t)) =E@@)v(t+h)) - Ev?(t)

/

v(h)
E(w(t)(v(t + h) — v(t))) = Ev(t)Ev(h) since v(t) and v(t + h) — v(t) are independent.

v(h)

Thus
Ev(t)Ev(h) + Ev?(t) = E(v(t)v(t + h)).

After substitution we obtain

Ev(t)(Ev(h) —Ev(t + h)) + Ev?(t)  M(Ah — M — Mh) + M+ (At)?
Du(t)Dy (t + h) N VAt + R)
()2 + X+ (M)? Y; t 1

VMAE+h) DRt h) VELth 1+%'

Exercise 49 Let us consider a service system at which the inter-arrival times of the
customers are exponentially distributed with parameter \ and the service times are also
exponentially distributed with parameter p. Supposing that the involved times are inde-
pendent of each other find the distribution of the number of customers arrived during a

service.
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Solution: By the theorem of total probability

Ny 1 < L pL 1 A\
7 - b\ ~Qwz gy — —
F Xt o v At e T A+u<>\+u) ’

~~
k!

A+w)F

which is a modified geometric distribution with parameter -
]

ot

Exercise 50 Find the mean number of customers arrived during a service having a gen-
eral distribution.

Solution:

To solve the problem let us apply the properties of the generating function and the
Laplace-transform. So we get

Gues)(2 Z / M e fo(z) do = / QD a2 da

/ Z k:' _’\xfs(x)dm

= /OOO e fo(x) do = /0 e A0 fo(x) do = Lg(\(1 — 2)),

that is
Gra(s)(2) = Ls(A(1 = 2)).
Therefore
E(Nu(S)) = Gly,(s)(1) = (Ls(A(1 = 2)))'| _, = =ALs(0) = AES.

Exercise 51 Let the service times be Erlang distributed random variables with parame-
ters (r, ). Similarly to the previous problem find the distribution of the number of cus-
tomers arrived during a service time if the arrival process remains the same.

104



Solution:

00 k r—1 k T e}
/ ()\.ﬁlf) 6)\.73 [L(,U/Z’) e HE dp — A H / xk—&-r—le—()\—‘ru)az dx
0 0

k! (r—1)! TR (r—1)!
AP p = ko1 A w (r+k—1)!
_ =10\ —()\+,u)a:d _ 2
Kl <T—1>!<A+u>£ S e e DI )
]E(Xk“*l):ﬂ%

M r+k—1\ AN o N r+k—1
At r—1 O\ M+ A+ r—1

r+k—1 k p
= 1—p)*p’, where p = ——
( .1 )( p)"p", where p p—

that is we get the negative binomial ( Pascal ) distribution with parameters (p,r).
]

9.2 Some Simple Systems
Exercise 52 Solve the following first-order inhomogeneous linear differential equation

Py(t) + (A + p) Po(t) = p with initial condition Py(0) =1

Solution: The homogeneous part is

Fot) + (A + p) Ro(t)

Po(t) = —(A + p) Po(t)
Pt)
Poll) —(A+p)

Pyt /
dt= [ —(A+p)dt
/Po(t) A+ a)
InPy(t) =—A+p)t+InC
Po(t) = C’e_(’\+")t

—~
~—

A particular solution of the inhomogeneous part can be obtained by appying the method
of variation of parameters ( or variation of constant ), that is

Py(t) = c(t)e A mt

d(#)e O 4 c() (= (A + p)e ) 4+ (A + pe(t)e” M = g
C/(t>e—()\+u)t .

C/(t) _ ’ue(k—l-u)t
K Ot

c(t) = ——e
(*) A+ ’
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Thus a particular solution is

A+ A

Hence for the general solution we have

P(](t) _ M e()\+,u)t€f()\+,u)t _ %

e

Py(t) = Cem Wt 4 N

Taking into account the initial condition F(0) =1 we obtain 1 = C'+ 3£ thus C' =
Therefore

A
Atp”

A
Po(t) — 7 Ot + _H

A+ p A
A A
Pi(t) =1—Pyt) = — e~ (it
(0 =1- R0 = 1 - 1o
If the initial condition is P;(0) = 1 then the solution is
P()(t) _ 1% _ 1% ef()\Jr,u)t

A A+p

Y L WA A

P(t) = ——e W ——

(1) A+ A+
Taking the limit as ¢ — oo for the steady-state distribution we get

1
H by
P()—hmpo()
A+ §+i
Py = lim Py(t) = — 7
= 111m —= =
! t%oo1 >\+M iﬁ—i

Exercise 53 Find the probability that at time t k components are operating provided that
at the beginning n components were operational and m were failed.

Solution:

k M l A A n—I
P —(Ap)t + ) ( . (A+,u)t>
ot Z()(A+u A A+ )\—i—,ue

=0

k—1 A\ m—(k—1)
( m )( we e_(/\+“)t> ( I e~ Ot ) '
E=U)\X+p AX+pu A A+

For the steady-state distribution we have

i 0) (552 () ()6 )™
() ()

i(?) ()65 ()
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Cold reserve

Exercise 54 Let us consider a system containing a main component having an expo-
nentially distributed operating time with parameter X. As soon as it fails a reserve unit
start operation with the same probabilistic manner. There are 2 repairmen and the ser-
vice times are supposed to be exponentially distributed random variables with parameter
1. Assuming that the involved random variables are independent find the main stead-state
performance measures of the system.

Solution:
It is easy to see that the transition rates are the following

A A
O_ O O
K 2u

Figure 9.1: Cold reserve

In stationary case let us introduce the usual notations, that is denote by P; the probability
that ¢ components are failed.
Then for the balance equations we have

APy = pPy
()\+M)P1:)\P0+2upg
2/1P2:>\Pl

The solution can be obtained up to a multiplicative constant

A A A2
P=-P,h=—P=_—h,
It 2u 2u?

which must satisfy the normalizing condition, that is

1 202 1 A
By a -, wherel p = —.
1

- X L X2 9,2 2 =

The mean operating time of the system is

1-B
-5

1-P 1

E(0) E(S)
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Figure 9.2: Warm reserve

Warm reserve

Exercise 55 In this case both components can operate simultaneously but the reserve’s
failure rate is N (N < X). Find the usual performance measures.

Solution:
In this case the balance equations are

()\"‘)\/)PQ :,uP1
A+ )P =N+ XN)Py + 2uP;

2/LP2 = )\Pl
The solution is , /
A+ A A A+ XA
P=""2pR, PRB=-P=""""p
21 poo2p
where , /
A+ A AN A
pio1 AT +N A
@ poo2p
Finally
1-P 1
E(O) = —
(0) B 2
m

Exercise 56 Let us consider a component which in case of failure needs a detection time
before repairing. This time is supposed to be an exponentially distributed random variable
with parameter v. Find the steady-state distribution of the system.

oWpogEse

!

Figure 9.3: Detection time
Solution:
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Similarly to the previous parts it easy to see that we can obtain the steady-state balance
equations as

APy = puhs,
I/Plz)\P(),
IUPQZI/Pl.
Thus
P1=§P0,P2=ZP1=K§Po=éP0
v H v 2

Using the normalizing condition Py + P, + P> = 1 we have

—_

_ _ v
14242 wut Mt r)

P

Exercise 57 Assume that we have a two-component parallel-redundant system with a
single repair facility. The operating times for both components are supposed to be expo-
nentially distributed random variables with parameter A and the repair times are also
exponentially distributed with parameter pu. When both components have failed, the sys-
tem is considered to have failed and no recovery is possible, in other words it is a parallel
system with repairs. Let us denote by 0, 1,2, the number of failed components and let the
system start from state 0, that is both components are operating. Find the mean time to
the first system failure supposing that the involved random wvariables are independent of
each other.

Solution:

2\ A

1

Figure 9.4: Parallel-redundant system

The transient probability distribution of the system can be obtained from the following
balance equations

Py(t + h) = Py(t)(1 — 2A\h + o(h)) + Pi(t)(uh + o(h)) + o(h)
Pi(t+h)=Pi(t)(1 = A+ p)h+o(h)) + Py(t)(2A\h + o(h)) + o(h)
Py(t + h) = Pi(t)(Ah + o(h)) + o(h).
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For the differential equations we have

Fy(t) = =2AR(t) + b (t)

Pi(t) = —(A 4 1) Pa(t) + 2AP(t)
Py(t) = APi(t)

Po(0) =1, P(0) =0, (0) =0

with the above initial conditions. This case, however, we need the time dependent solution,
that is we have to solve the system of differential equations. Using Laplace-transform we
obtain
sPy(s) — 1= —=2X\F}(s) + uPy(s)
sPi(s) = —(A+ p) Py (s) +2AF;(s)
sPy(s) = AP/ (s).

After simple calculations we get

Pi(s) = SP5(s), Fils) = 5 B (9)(5 + O 1))

Since Py(t) 4+ Pi(t) + Pa(t) = 1, it is clear that Fj(s) + P (s) + P;(s) = <, thus we have

(s) 1 22
s) = = .
T bt O S BN s 209

By inversion P5(t) can be obtained, that is at time ¢ the system is failed since there is no
operating component.

Let Y be denote the time to the first system failure.
Then P,(t) means that the operating time of the system is less than ¢. Hence the reliability
function of the system is

R(t) =1—=Pyt) , thus — R(t) = P3(t) , P(Y <) = Py(t), fy(t) = P3(t).
Using the technique of Laplace-transform we get

2\
$2+ (BN + p)s + 222

(Py)"(s) = sP5(s) — P2(0) =

The denominator can be written in the form (s + a1)(s + a2) and thus we can use the
method of partial ratios. So

2)\2 1 A B
s2 4+ (BA 4 p)s + 2)2 (s 4+ a1)(s+ az) s+a;  s+ap
3\ + /A2 + 6 2 1 1
where a; 2 = BA+ 1) \/ Ot and A = , B = .
2 az — aq ap — a

Therefore

2)2 S 1 1
s24+ (BN +pu)s +2X2  a; —ap\s+ay s+ay)
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Hence

fr(t) = (€7 — e~ ™) since if f*(s) = S—l—%’ then f(t) = e .

The mean time to the first system failure can be computed in the following way

> 2N [ [ ©
IE1(Y)=/0 yfy(y)dy=al_a2UO ye dey—/o ye lydy}

2\ 1 [~ 1 [ 272 1 1
= {— / azye” ¥ dy — — / yare” Y dy} = {—2 - —21
a; —az [ az Jy ar Jo a1 — Q2 | Ag aj

C 22X (a1 tay)  2X(BA+p) 3 L
(a1a2)2 (2)\2)2 2\ 2)\2 .
without repair  increase

It should be noted that E(Y") can be determined without the density function, since its
Laplace-transform is known. Thus

—d(P})*(s) 22 '

— I(0) = W) S

EY) = -Ly(0) ds |, 2+ (BA+p)s+2X2 ) |
20%(2s + 3\ + ) C2X(BX+p) 3A+p 3 U

4N 2)\2 202X

(P (BN p)s 2222

In the case when the component are not repaired, that is when p = 0 we get a parallel
system treated earlier. After substitution we have

a1 = 2)\, g — A
and then

f*(s)_Q_)\? 11 B 2\2 22 A
XN \sHAN s+20 ) (sFN(s+20) s+20 s+ N

This can be interpreted as follows. The system failure time is the sum of the time of the
first failure of the components and the residual operating time of the second component.
The first failure is exponentially distributed with parameter 2\ and the remaining time
is also exponentially distributed with parameter A | furthermore they are independent of
each other.

Exercise 58 Let us modify the previous system in the following way. The repairs are
carried out by 2 repairmen and assume that the repair starts when both components are
failed. Find the steady-state characteristics of the system.

Solution:
Let us introduce the following notations
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Figure 9.5: Exercise

e ( - both components are operating
e 1 -1 component is failed, there is no repair
e 2 - 2 components are failed
e 3 - 1 component is failed the other is under repair.
It is easy to see that the steady-state balance equations are

20AP) = puPs
AP, = 2)\F,
2uPy = AP) + A\Ps
(A+p) P =2uP

For the solution we obtain

2\ >\+,uP A+ A
3:

Ps=—PF, P=2F, P = —F.
@ 21 2 p
Using the normalizing condition we have
1 2
PO - By = M .
3 4 QEmA :g)hr% 312 4+ A% 4+ 3p
The availability A of the system is
312 + 2\ A+ )\

A=1-P

since P, =

T2+ A2 130 32 + A2 + 3\

Furthermore, for the mean operating time of the system we get

1-P 1 2\ +3pu

E(0) Py 2u 20\ +p)
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Appendix

In this Appendix some properties of the generating function, sometimes called as z-
transform, and the Laplace-transform are listed. More properties can be found, for ex-
ample in Kleinrock [5].

Some properties of the generating function

Sequence —= Generating function

1. fn, n=0,1,2,... G(z) = iofnz”

afn, + bgn aG(z) + Z;H(z)

a” fr f(az)

fr, m=0,k2k,... G(")
5. Jurs k>0 3
6. Sk, E>0 2FG(2) )
7. nn—-1)-(n—m+1)f, L G(z), m>1
8. faxgn:= ]ifnkgk G(z)H(z)
9. fa— Jfam (1—-2)G(2)
10. ];njofk, n=0,1,2,... o)
oy 2 7 G(2)
12.  Series sum property G(1) = io fn
13.  Alternating sum property G(-1) = io (=1)"fn
14.  Initial value theorem G(0) = fo !
15.  Intermediate value theorem % %ﬁz) = fn
16.  Final value theorem

lin (1~ 2)G(2) = Jim f,
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Some properties of the Laplace-transform

Function < TramsformOO

f(t), t=0 fr(s) = Off(t)e’“dt
2. af(t)+bg(t) af*(s) +bg*(s)
3. f(Y), (>0 af*(as)
L ft-a) e f+(s)
5. e () f*(s +a)
6. (1) (1)Lt

4 T fr(s1)dsy

% f d81 f d82 79 dsnf* (Sn)

£t) # g(t) = Oftﬂt _og(a)de f(8)g(s)

T sf*(s) = f(0)
TR = (1) s"f*(s) = 8" (0) = 8" 2(0) = . = f7D(0)
2 f(t) ais parameter a 2 F(s)
Integral property f50) = [ f(¥)
0

Initial value theorem lim sf*(s) = lim f(t)

5—00 t—0
Final value theorem lim sf*(s) = lim f(t)

s—0 t—o0

if sf*(s) is analytic for Re(s) >0
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