Chapter 4
Renewal and Regenerative Processes

4.1 Basic Theory of Renewal Processes

Let {N(¢), t > 0} be a nonnegative-integer-valued stochastic process that counts
the occurrences of a given event. That is, N(¢) is the number of events in the time
interval [0, ¢). For example, N(t) can be the number of bulb replacements in a lamp
that is continuously on, and the dead bulbs are immediately replaced (Fig. 4.1).

Let0 <t <t <...be the times of the occurrences of consecutive events and
to=0andT; =t;, —t;—1,1 = 1,2,3,...be the time intervals between consecutive
events.

Definition 4.1. #; < t, < ... is a renewal process if the time intervals between
consecutive events 7; = t; — t;—;, i = 2,3,..., are independent and identically
distributed (i.i.d.) random variables with CDF

F(x)=P(Ty <x), k=1,2,....

The nth event time, t,, n = 1,2,..., is referred to as the nth renewal point
or renewal time. According to the definition, the first time interval might have a
different distribution.

We assume that F(0) = 0 and F(40) = P (7 = 0) < 1. In this case

th=0, t,=T1+...+4T,, n=1,2,...,

o0
N@©)=0. N@)=sup{n: 1, <t.n>0}=> Ty (>0

i=1

Remark 4.2. {N(t), t > 0} and {#,, n > 1} mutually and univocally determine
each other because for arbitrary ¢ > 0 and k > 1 we have

N>k & =<t
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Fig. 4.1 Renewal process N(t)

t

Definition 4.3. When P(7T; <x) = F(x), k = 2,3,..., but Fi(x) =
P (T < x) # F(x), the process is referred to as a delayed renewal process.

Remark 4.4. T, T, ...arei.i.d.random variables and from¢t, = 71 +...+ T,, and
we can compute the distribution of the time of the nth event F™(x) = P (f, < x)
using the convolution formula

o0 X
FO ) = / FOD(x — ))dF(y) = / FOD(xe = )dF(), n =2, x>0,
0 0

F™(x)=0, if x<0 and n > 1.

Starting from F(V(x) = F;(x) the same formula applies in the delayed case.

Definition 4.5. The function H(¢t) = E (N(¢)), t > 0, is referred to as a renewal
function.

One of the main goals of renewal theory is the analysis of the renewal function
H(t) and the description of its asymptotic behavior. Below we discuss the related
results for regular renewal processes. The properties of delayed renewal processes
are similar, and we do not provide details on them here. We will show that the law of
large numbers and the central limit theorem hold for the renewal process (see also
Ch. 5. in [48]).

Theorem 4.6. If {T,, n = 1,2,...} is a series of nonnegative i.i.d. random
variables and P (T) = 0) < 1, then there exists py > 0 such that for all 0 < p < po
andt >0

E (ePN(f)) < 00
holds.

Proof (Proof 1 of Theorem 4.6). From the Markov inequality (Theorem 1.35)
we have

E(eV0) =Y e P(N@) =k) <) e P(N@) = k)
k=0 k=0
o0 o0
= Zeka (tr <1t) < Zepket_k" =e'(1—e =)~
k=0 k=0
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where p < py = «, k = log %, and h = E(e_Tl). Additionally, 7 < 1 because
FO)=0andP(7T, =0) < 1. O

Proof (Proof 2 of Theorem 4.6). According to the condition of the theorem,
there exist € and & positive numbers such that P (7, > §) > €. Introducing
{T) = 0>y, kK = 1,2,...} (where T,), n = 1,2,..., is a series of i.i.d.
random variables) and the related {N’(¢), ¢ > 0} renewal process we have that
P(T| <Ty) = 1, k > 1, and consequently P(N'(t) > N(1)) = 1, t > 0.
The distribution of N’(r) is negative binomial with the parameter p = P (T} > )
and order r = |t/§],

k+r—1

P(N/(l):k—i-r):( .

)p’(l—p)", k=0,1,2,...,

from which the statement of the theorem follows. O

Corollary 4.7. All moments of N(t) (¢t > 0) are finite, and the renewal function
H(t) is also finite for all t > 0.

Proof. The corollary comes from Theorem 4.6 and the inequality x" < nle”,
n>1, x>0. O

Before conducting an analysis of the renewal function we recall some properties
of convolution.

Let A(t) and B(¢) be monotonically nondecreasing right-continuous functions
such that A(0) = B(0) = 0.

Definition 4.8. The convolution of A(¢) and B(¢) [denoted by A * B(t)] is

1

Ax B(t) = / B(t — y)dA(y), t > 0.
0

Lemma 4.9. A x B(t) = B x A(¢).

r—y
Proof. From B(0) = 0 we have B(t — y) = [ dB(s), and consequently
0

t =y

s = [ /dmwdmwzj/ﬂmﬂwmwwm
0 0

0 0

=//amﬂmmwm=/ /M@)wm
0 0 0 0

— B A(t).
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Remark 4.10. The definition of the renewal function H (¢)

H() =E(N() =E (Zz{tis,}) =Y P(Ti+...+T <1)

i=1 i=1

immediately determines the relation between the renewal function and the order k
of the convolutions of the event time distribution

o

H@) =Y FO0).

k=1

Theorem 4.11. If {T,,, n = 1,2,...} is a series of i.i.d. random variables and
P(Ty <0) =0, P(T; =0) < 1, then H(t) satisfies the renewal equation

t
H(t)=F@)+ / H(t —y)dF(y), t>0.
0
Proof. According to Remarks 4.4 and 4.10, the renewal function can be written as

) = FO0 + Y [ FO6 - 3are)

k=17

L /oo

= F(1) +/ (Z FO@ —y)) dF(y)
0

k=1
—FO)+ / H(t — y)dF(y) |
0

where the order of the summation and the integration are interchanged based on
Corollary 4.7. O

In the case of a delayed renewal process, the renewal function is denoted
by Hi(t), and the same composition holds as for the regular renewal process
(Remark 4.10)

[e.]

() =) FY@0). 120, (FO0) =P <),
k=1

but in this case F| # F.
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Theorem 4.12. The renewal function can be written in the following forms:

Hi(t) = Fi(t) + Hy = F(t) = Fi(t) + F * H(1),
H\(t) = Fi(t) + H = F1(t) = Fi(¢t) + Fy x H(t),
H(t)=F(t)+ H =+ F(@t)=F@)+ F x H(1).

Renewal Equations

Definition 4.13. An integral equation of the type

At) =a(t) +/A(t —x)dF(x), t >0,
0

where a(¢) and F(¢) are known functions and A(z) is unknown, is referred to as a
renewal equation (see also Theorem 4.1 of Ch. 5. in [48]).

Theorem 4.14. Ifa(t), t > 0, is a bounded real function that is Riemann—Stieltjes
integrable according to H(t) over any finite interval, then there uniquely exists the
Sunction A(t), t > 0, which is finite over any finite interval and satisfies the renewal
equation

(i) A@t) = a(t) +/A(t —x)dF(x), >0,
0

and furthermore it satisfies

t

(if) A(t) = a(t) + /a(l —x)dH(x), t>0,

0

o0
where H(t) = Y. F®(1), t > 0, is the renewal function.

k=1
Proof. First we show that the function A(¢), t > 0, defined by equation (ii), is (a)
bounded on the [0, 7] interval for all T > 0 and (b) satisfies (i). Next we prove that
(c) all solutions of (i) that are bounded on [0, 7'] can be given in form (ii), i.e., the
solution is unique.
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(a) Since a(t) is bounded and H (¢) is monotonically nondecreasing, we have

T
sup [A(7)] = sup Ia(t)l+/[ sup |a(y)|dH (x)
0< 0<y=T

0<t<T

< sup |a()[(1 + H(T)) < oc.

0<t<T

(b) Furthermore, we have

Aty =a()+ H xat) =a(t) + (Z (k)) x a(t)
=a(t)+ F xa(t) + (Z Fk ) *a(t)

=at)+ F x[a(t) + (Z F(k)> *a(t)]

=a(t) + F * A(z).

(c) We prove this by successive approximation. According to equation (i), A =
a + F x A. Substituting this into (i) we have
A=a(@)+ Fx(a@+FxA) =a+F xa+ F x(F x A)
=a+ Fxa+ F? x A.

Continuously substituting equation (i) we obtain for n > 1 that

n—1
A:a+F*a+F(2)*(a+F*A)=...:a—i—Z(F(k)*a)—i-F(")*A.
k=1

Since A(t) is bounded on every finite interval according to (a), F"(0—) = 0,
F ™ (y) is monotonically nondecreasing, and F"(t) — 0, n — oo, for all
fixed ¢, we have that for a fixed ¢

t

[FMx A1) = /A(t—y)dF(”)(y) < sup |A(t—y)|F™ (1) - 0, n — oo.
0<y<t
0

From the fact that a(¢) is bounded it follows that

nli>nolo (Z F(k)) xa(t) = (Z F(k)) xa(t) = H xal(t),

k=1
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and consequently

n—1
A0 = a(0) + lim [(Z F<k>) xa(t) + F(")A(t)] =a(t) + H *a(t).
k=1

This means that if 4 is a bounded solution of (i), then it is identical with (ii).

|

Analysis of the Renewal Function

One of the main goals of the renewal theorem is the analysis of the renewal function.
According to Theorem 4.12, in the case of delayed renewal processes the renewal
function H,(¢) can be obtained from F;(¢) and H(¢). In the rest of this section we
focus on the analysis of the renewal function of an ordinary renewal process, H (),
that is, Fy = F, k > 1. During the subsequent analysis we assume that F(t) is
such that F(0—) = 0 and F(0+) < 1.

Theorem 4.15 (Elementary renewal theorem). There exists the limit

. H(t) 1
lim — = ,
t—oo E (1))

and itis 0 if E (T1) = oo.

Definition 4.16. The random variable X has a lattice distribution if there exists
d > 0 and r € R such that the random variable é(X — r) is distributed on the
integer numbers, that is, P (ﬁ(X —r)e Z) = 1. The largest d with that property is
referred to as the step size of the distribution.

Remark 4.17. 1f X has a lattice distribution with step size d, then
d = min{s : |vQ2x/s)| = 1},

where ¥/ (1) = E (¢"¥), u € R, denotes the characteristic function of X. In this
case, |[Y(u)| < 1if 0 < |u| < 2m/d. If the distribution of X is not lattice, then

[ (u)| < 1if us#0.

Theorem 4.18 (Blackwell’s theorem). If F(t) is a lattice distribution with step
size d, then
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where g, = H(nd) — H((n — 1)d). If F(t) is not a lattice distribution, then for all
h>0

h
M (H(t +h) = H(1)) = ET)

holds.

The following theorems require the introduction of direct Riemann integrability,
which is more strict than Riemann integrability.
Let g be a nonnegative function on the interval [0, co) and

5(8) =8 inf{g(x): (n—1)§ < x <ns},

n=1

S(@) =8 sup{g(x): (n—1)8§ < x < né}.

n=1

Definition 4.19. The function g is directly Riemann integrable if s(5) and S(8) are
finite for all § > 0 and

J%in(lJ[S(c?) —s5(8)] =0.
Remark 4.20. If the function g is directly Riemann integrable, then g is bounded,

and the limit of s(§) and S(§) at § — 0 is equal to the infinite Riemann integral,
that is,

o0 y
lim 5(§) = lim S(§) = /g(x)dx = lim /g(x)dx.
§—0 §—0 y—>00

0 0

Sufficient and necessary conditions for direct Riemann integrability:

(a) There exists § > 0 such that S(§) < oco.

(b) g is almost everywhere continuous along the real axes according to the
Lebesgue measure (that is, equivalent to Riemann integrability on every finite
interval).

Sufficient conditions for direct Riemann integrability:
g is bounded and has a countable number of discontinuities, and at least either
condition (a) or (b) holds:

(a) g equals O apart from a finite interval.
o0

(b) g is monotonically decreasing and [ g(x)dx < oo.

0
Theorem 4.21 (Smith’s renewal theorem). If g(x) > 0, x > 0, is a nonincreasing
directly Riemann integrable function on the interval [0, 00), then for t — oo one of
the following identities holds:
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(a) If F is a nonlattice distribution, then

t 1 ]
tl_i)rgoH xg(t) = tl_l)Iglo gt —uwydHw) = —— | g(w)du.
0/ E (T1) 0/

(b) If F is a lattice distribution with step size d, then

x+nd
d

lim Hx*xg(x+nd) = lim / x+nd—u)dH(u) = ——— x+kd).
lim Hxg(x+nd) = lim J 8( )AH () E(Tl)];)g( )

Remark 4.22. Blackwell’s theorem (Theorem 4.18) follows from Smith’s renewal
theorem (Theorem 4.21) assuming that g(#) = Zgo<,<i}. The reverse direction is an
implicit consequence of the proof of Blackwell’s theorem provided by Feller in [31].

Before proving Theorem 4.21 we collect some simple properties of the renewal
function H(¢).

Lemma 4.23. H is monotonically nondecreasing and continuous from the right.

Proof. F®(t) is monotonically nondecreasing and continuous from the right for all
k > 1, and the series Z,‘Zo:l F® (¢) is uniformly convergent on every finite interval,
from which the lemma follows. O

Lemma 4.24. The function H is subadditive, that is,
H(t+h)<H(t)+ H(h) 4.1)
fort,h > 0.

Proof. Since H(0) = 0, it is enough to consider the case where ¢#,7# > 0. Let
n(t)=inf{n : t, > t, n > 0}.1f ¢, <t foralln > 0, then let n(z) = oco. This case
can occur only on a set with measure 0.

Due to the fact that P (77 = 0) might be positive, the relation of n(¢) and N(¢)
is not deterministic. It holds that n(¢) > N(z) + 1 and the right continuity of N(¢)
implies N(#,)) = N(t), t > 0. Using that we have

N(t+h)—N@t)=N(t+h)— N(In(t)) < N(Z‘n(,) + h) — N(Z‘n(,)),
and using the total probability theorem, we obtain

E(N(t +h) = N(t)) < E(N(tay + 1) = N(ta)))

> E (N(taey + 1) = N(tag)In(t) = k)P (n(1) = k)

=
Il
-

Mo

E(N(tx +h) — N(to)|n(t) = k)P (n(t) = k).

x-
Il
=
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Since #; is a renewal point, the conditional expected value in the last summation
does not depend on the condition

E (Nt 4+ h) — N@)|n(t) = k) = E(N(h) — N(0)) = E(N(h)),
and in this way we have

E(N(t+h) = N@®) <Y ENMm)P(n(t) = k)
k=1

o0
=E(N() Y P(n@) =k) =E(N(h)),
k=1
from which the lemma follows. |

Lemma 4.25. For the renewal function H the following inequality holds:

H(t) <H)(1+1), t>0. 4.2)

Proof. From the previous statement and the monotonicity of H

H@O) <H(tJ+D=HO)+H() =H)+ HQD)+H([]-1) =<
< HQ)+ [t]HQ) < H() +tHQ1) = HA)(1 +1).

IA

O

Remark 4.26. The nonnegative subadditive functions can be estimated from the
preceding expression by a linear function.

Lemma 4.27. For arbitrary A > 0 the Laplace-Stieltjes transform H™~ (1) =
fooo e MdH(t), A > 0, of the function H can be represented in the Laplace-Stieltjes
transform as

H™() =(1—-¢~ )",

where ¢~ (1) = E (e_’m) is the Laplace—Stieltjes transform of the distribution
function F.

Proof. For A > 0 there obviously exists H (1) since, according to Egs. (1.3)
and (4.2),

o

H~(A) = A/e—MH(t)dt < )LH(l)/e_’”(l + 1)dt < oo.
0 0

It is clear that

o0 00 oo k
/e_MdN(t) = Ze_h" =1+ Zl_[e_”".
0

k=0 k=1li=1
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Using this equality we obtain

[e.]

o0
E /€Mwm :EA/Nm€Mt
0 0

_ P T —At _ _
_AO/H(l)e dr —O/e dH(t) = (h(Q) =)

oo k 00 1
— AT | — k _
—EO+§:He’)—1+g;mm>—l_MM,

k=1i=1

where 0 < ¢(A) <1 if A > 0. O

Proof of Elementary Renewal Theorem. First we prove that the limit exists. If 7 > 1,
then we have that 0 < @ < ltiH(l) < 2H(1) is bounded. Let ¢ = inf @

>1
Then for arbitrary € > 0 there exists a number 7y > 0 such that

H(to)
Iy

< c + €.

Moreover, for all integers k > 1 and t > 0

H(kt kH(t H H
(kto +7) _KH(w) + H®) _  H@)
kto+ 1 kt kto
and consequently
lim sup <c+te,
—>00
and
. . H(1)
¢ < liminf <limsup—— <¢
t—>00 t —00 t

follows. We have proved the existence of the limit.
Using the preceding expression for the Laplace—Stieltjes transform A (1),

o o0

1
/e“ﬁﬂow::X/e”ﬂHU):%h@):

0 0

11
Al—pQ)’

and we obtain

o

A 12 —At _ i —t L
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By means of the relation for the derivative of the Laplace—Stieltjes transform

lim —* — 1im (E 1—eh _1_ 0, if E(Th) = oo,
A>+01—@(A)  A—+0 A ﬁ if E(T)) < oc.

On the other hand, in the case 0 < A < 1, we can give a uniform upper estimation
for the integrand in Eq. (4.3):

e AH (%) <eA (1 + %) H(1) <e'(+0)H():

furthermore,

A—>+0 A—>+0 L

H (L
lim AH (L) =t lim M =tc,
A x

so from the Lebesgue majorated convergence theorem

o0 o0
4
lim /e_’AH (—) dr = /e_’ctdt =c.
A—+0 A
0 0
Summing up the previous results we obtain
c

— m A )0 if E(T) =00,
st l—e) ) g if E(T) < oo

4.1.1 Limit Theorems for Renewal Processes

Theorem 4.28. Let 0 < E(T1) = p < oo; then the following stochastic
convergence holds:
N(@) p
— =

s  — o0.
t

==

Proof. The proof of Theorem 4.28 is based on the relation
IN@) >k} ={n <1}

from Comment 4.2. Let us estimate the probability P(|N(z)/t — 1/u| > €) for
arbitrary € > 0. Letn = n(t) = [t/ + €t]; then
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P(w—l>e) :P(N(x)>i+ex)gp(1v(x)>n)
n n

t
b _ t
:P(’"f’)zp(?— Lt/u+6tJ)

) L
n_t/u+et—1

n = l/pu+e—1/t

t
<P —”5—“ if t>2/e,
n = 14 ue/2

IA

which by Bernoulli’s law of large numbers tends to O for the sequence #,,
n=1,2,...,ast — oo. The probability P (N(¢)/t — 1/ < —¢) is estimated in
a similar way. O

Remark 4.29. By the strong law of large numbers, %" — W, k — oo, with

probability 1. Using this fact one can prove that with probability 1

N@) 1
— > —, I >

t w
The convergence with probability 1 remains valid for delayed renewal processes if
the first time interval is finite with probability 1.
Theorem 4.30. IfE (7)) = > 0, D*>(T}) = 0% < o0, thenast — 0o

lim —/24y,

—>00

p NO—t/p _
Vie?/ud

Proof. Let x be a real number and denote

r(t) = [t/p+xvito?/ ).

Note that 7 (1) > 1if v/t + x0/ /it — j1/+/t = 0. Since r(t) — oo as t — oo, then
from the central limit theorem it follows that for all x € R

o4/r(t)

x)z@(x):\/%/e

_”2/2du, t — oo. “4.4)

1 X
—_— e
N2 _/
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Using the relation {N(¢) < r(¢)} = {t,(;) > t} we have

NO)—t/p
P(W SX) =P<N(t) < t/p,+x\/W)

=P(N@) <r(0) =P (o) > 1)
P<tr(z>—W(1) - Z—W(’))

o4/r(t) o4/r(t)
Y R0 — pr (1) < 1 —pr(t) '
o/r(t) o/r(t)
It can be easily checked that
t—pur(t)

— —Xx,  — 00,
o+/r(t)

and the continuity of the standard normal distribution function implies the
convergence

P NO —t/w _
NI

The equation 1 —®(—x) = P(x) follows from the symmetry of the standard normal
distribution. O

x) - 1—®(—x) = P(x), t > .

The following results (without proof) concerning the mean value and variance of
the renewal process N(¢) are a generalization of previous results and are valid for
the renewal processes with delay, too.

Theorem 4.31. If u, = E (le) < oo and T has a nonlattice distribution, then as
t — oo [31, XIII-12§]

E(N(t))—izH(t)—ieZM—;z—l,

D*(N(1) =

0
H2 3“t+o(t).

If, additionally, uz = E (T13) < 00, then [31]

- u? 5 2
DZ (N(l)) — n2 M Z+( /"LZ Mn3 n2

PE
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4.2 Regenerative Processes

Many queueing systems can be described by means of regenerative processes. This
property makes it possible to prove the limit and stability theorems in order to use
the method of simulation.

Definition 4.32. Let 7' be a nonnegative random variable and Z(¢), t € [0,T) be
a stochastic process. The pair (7, Z(t)), taking on values in the measurable space
(2, B), is called a cycle of length T'.

Definition 4.33. The stochastic process Z(t), t > 0, taking on values in the
measurable space (Z,8), is called a regenerative process with moments of
regeneration fp = 0 < #; < f, < ... if there exists a sequence of independent
cycles (Ty, Zx(t)), k > 1, such that

(D) Tk =tk —tx—1, k=1,

2 P(Tx>0)=1, P(Tpr <o0)=1;

(3) All cycles are stochastically equivalent.

4) Z(t) = Zi(t —tg—y) if t € [tr—1.tx), kK > 1.

Definition 4.34. If property (3) is fulfilled only starting with the second cycle
(analogously to the renewal processes), then we have a delayed regenerative
process.

Remark 4.35. t;., k > 1, is a renewal process.

In the case of regenerative processes, an important task is to find conditions assuring
the existence and possibility of determining the limit

lim P(Z(t) € B). BeB.

It is also important to estimate the rate of convergence (especially upon examination
of the stability problems of queueing systems and simulation procedures).

Let {Z(¢), t > 0} be a regenerative process taking on values in the measurable
space (Z, B) with regenerationpointsto =0 < t; <tp < ..., T, =t, —ty—1, n =
1,2,.... Assume that Z(¢) is right continuous and there exists a limit from the left.
Then the cycles {T,,, {Z(t,—1 +u): 0 <u<T,}}, n =1,2,..., are independent
and stochastically equivalent; {z,, n > 1}; and the corresponding counting process
{N(t), t > 0} is a renewal process. Let F' denote the common distribution of
random variables {T,,, n > 1}.

The most important application of Smith’s theorem is the determination of limit
values lim;, o, E (W(t)) for the renewal and regenerative processes, where W(t) =
W(t, N, Z) is the function of ¢, the renewal process N, and the regenerative process
Z . The determination of the limit value is based on a more general theorem.
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Theorem 4.36. Let {V (t), t > 0} be a real-valued stochastic process on the same
probability space as the process {N(t), t > 0}, and for which the mean value
f(t) = E(V(2)) is bounded on each finite interval. Let

t

¢(t) = E (V) Tir0) + / [E(V()IT: = 5)— E(V(t — )] dF(s). 1> 0.
0

Assume that the positive and negative parts of g are directly Riemann integrable.
If F is a nonlattice distribution, then

o

MnfU)zlmlEUKO):}ifg&Mx
—>00 —>00 /VL J

A similar result is valid if F is a lattice distribution.

Remark 4.37. In the theorem, the property of direct Riemann integrability was
required separately for the positive and negative parts of the function g. The reason
is that the property is defined only for nonnegative functions.

Proof. Tt is clear that

f@) =E(V(O)Lir-n) + E(VOLiz <)

t

=E0ﬁﬂmxg+/Eﬂmﬂﬂ=SMF®.
0

Let us add and subtract F % f(t); then we get the renewal equation

f=g+Fxf

The solution of the equation is f(t) = g + H * g(t), which because of the
convergence g(¢) — 0, t — oo, and the elementary renewal theorem as a simple

consequence of direct Riemann integrability tends to i f0°° g(x)dx ast — oco. O

Remark 4.38. From the proof it is clear that under the condition of Theorem 4.36
for an arbitrary process V(¢) there exists the representation E (V(t)) = H * g(t)
and for the existence of the limit the direct Riemann integrability is required. This
representation is interesting if V(¢) depends on Z(t).

Special Case Let 7 : Z — R be a measurable function for which, for all 7,
E (|h(Z(t))]) < oo. Z(t) is a regenerative process, and the part starting with the
second cycle is independent of the first cycle of length 77, so for arbitrary 0 < s < ¢

E((h(Z()|Th = 5)) = E(h(Z(t —9))).
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Using the previous notation

g() = E(M(Z0)Tir-1).
Theorem 4.39. If g+ and g_ are directly Riemann integrable, then

oo

Tim E(h(Z()) = ' / g(s)ds

0
o0

=i [ EGZOT5) 8
0

Ty
=u'E| | h(Z(s)) | ds.
/

For arbitrary A € B the following equality holds:

o0
lim P(Z(t) € 4) = w! /P(Z(s) €A, Ty > s)ds
—>00
0
T
=u'E /I{Z(s)eA} ds
0
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Proof. The first relation follows from the previous theorem, and for the second
one it is necessary to mention that, since the trajectories of Z are right continuous
and have left limits, the (integrable, bounded) function P (Z(s) € A, T} > s) has
a countable number of discontinuities and, consequently, is directly Riemann

integrable.

|

We give one more limit theorem (without proof) that is often useful in practice.

Theorem 4.40. Let F be a nonlattice distribution, and let at least one of the

following conditions be fulfilled:

(a) P(Z(t) € A) is Riemann integrable on an arbitrary finite interval, and |

Jo° xdF(x) < oo holds.

(b) Starting with a certain integer n > 1 the distribution functions defined by

FO = F,  F0*t) = F® x F, are absolute continuous and i

[o° xdF(x) < oco.
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Then the following relation holds:

o0
lim P(Z(r) € 4) = w! /P(Z(s) € A, T, > s)ds
—>00
0
T
=u'E /I{Z(S)GA} ds
0

Example 4.41. Let us consider the renewal process {N(¢), ¢t > 0}; the renewal
moments are

t=0, t,=Th+hH+...+T,, n>1,
and, furthermore, P (T}, <x) = F(x), k > 1, u = foooxdF (x). For arbitrary

t > 0 we define

8(t) =t —tnp), the age,
y(t) = tnay+1 — 1, the residual lifetime,
B(1) = y(t) —8(t) = tnuy+1 — Inw), the total lifetime.

(For example, at instant 7, §(¢) indicates how much time passed without a car
arriving at the station, and y(¢) indicates how long it was necessary to wait till the
arrival of the next car, on the condition that the interarrival times are i.i.d. random
variables with the common distribution function F.)

Theorem 4.42. {5(¢), t > 0} and {y(t), t > 0} are regenerative processes, and in
the case of the nonlattice distribution F,

Tim P(5() < x) = lim P(y(1) < x) = i / (1 — F(u) du,
0

lim P(B(t) < x) = l/de(s).
—>00 I,L 5

Proof. Both processes are obviously regenerative with common regeneration points
t,, n > 1. By our previous theorem,

o0
1
lim P(6(7) < x) = —/P(S(s) <x,T; > s)ds;
—>00 /JL
0

furthermore,

1—F(s),if s <x,

P(S(s)gx,T1>s)=P(s§x,T1>S)={0, if s> x,
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SO
lim P(8(t) < x) = l/a — F(s))ds = l/a — F(s))ds

using the identity u = [;°(1 — F(s))ds (Exercise 1.5). Similarly, for the process
{y(t), t = 0} we obtain

lim P (y(¢t) < x)

—>00

o0 o0
1 1
= —/P(y(s)fx,Tl > 5)ds = —/P(Tl—sfx,Tl > s)ds
2 M
0 0

:l/P(ngl <s+x)ds:l/(F(s—i—x)—F(s))ds
'uo 'uo

1 o0 o0 1 X
=—— /(1 — F(s))ds — /(1 —F(s)ds | = — /(1 — F(s))ds.
® K
X 0 0
The statement for {y(¢), ¢ > 0} can be obtained analogously. O

Similarly to the renewal processes, the law of large numbers and the central limit
theorem can be proved for the regenerative processes, too. Here we will not deal
with these questions.

4.2.1 Estimation of Convergence Rate for Regenerative
Processes

For a wide class of regenerative processes (e.g., stochastic processes describing
queueing systems) one can estimate the rate of convergence of distributions of
certain parameters to a stationary distribution by means of the so-called coupling
method [65].

Lemma 4.43 (Coupling lemma). For the arbitrary random variables X and Y and
an arbitrary Borel set A of the real line the following statements hold:

(i) P(X € A)—P(Y € A)|<P(X #7).
(ii) If X =X1+...+X,andY = Y1+...+Y,, then|P(X € A)—P (Y € A)| <

kZ P (X # Yi).
=1

Proof. If P(X € A) =P (Y € A), then (i) is obviously true.
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Suppose that P (X € A) > P (Y € A) (if one changes the notation, then this can
always be done if the two probabilities differ). Then

IP(X € A)—P(Y € )| =P(X € A) —P(Y € A)
<P(XeA)-PY cAXeA
=P(X €AY cA)<P(X £7).

n
Proof of relation (ii). Since {X # Y} C |J{Xx # Yi}, we have
k=1

n

P(X#Y)<P (U{Xk # m) <D P(Xx # Y.
k=1

k=1
O

Application of Coupling Lemma Let Z = {Z(j), j > 1} be the discrete-time,
real-valued regenerative process under consideration. Assume that there exists the
weak stationary limit of the process Z ={Z(j +n), j > 1}asn — oo (its finite-
dimensional distributions weakly converge to the finite-dimensional distributions
of a stationary process), which is also regenerative, and let Y = {Y(j), j > 1}
be its realization, not necessarily different from Z on the same probability space.
Let  denote the first instant when the processes Z and Y are regenerated at the
same time (in many concrete cases the distribution of 7 can be easily estimated).
Then the convergence rate of the distribution of Z(j) can be estimated by means
of the distribution of 7 as follows: if after the regeneration point t the process Z is
replaced by the next part of process Y following the common regeneration point t,
then the finite-dimensional distributions of process Z do not change. It is clear that
{r <} €HZ() = Y()} ie, {Z(j) # Y(j)} S {r = j}, from which, using
the coupling lemma for the arbitrary Borel set A of the real line, the estimation

P(Z(j) e A-PX()e A =PZ(J)#Y()) =P(rt =)
holds.
4.3 Analysis Methods Based on Markov Property

Definition 4.44. A discrete-state, continuous-time stochastic process, X(¢), pos-
sesses the Markov propety at time ¢, if foralln,m > 1,0 <ty <t; < ... <t, <

g1 < oo <lygm,and Xo, X1,...,Xn, Xpf1s -+ Xntm € S We have
P (X(Z,,+m) = Xpdms e X(ln+1) = X,,+1|X(ln) = Xp,..-, X(Z()) = XQ)
=P (X(ntm) = Xntms s X(tat1) = X1 X (12) = Xp). 4.5)

In this case 7, is referred to as a regenerative point.
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A commonly applied interpretation of the Markov property is as follows.
Assuming that the current time is #, (present), which is a regenerative point, and
we know the current state of the process X(#,), then the future of the stochastic
process X(¢) for #, < ¢ is independent of the past history of the process X (¢) for
0 <t < t,, and it only depends on the current state of the process X(¢,). That is, if
one knows the present state, the future is independent of the past.

In the case of discrete-time processes, it is enough to check if the one-step state
transitions are independent of the past, i.e., it is enough to check the condition for
m=1.

Usually, we restrict our attention to stochastic processes with nonnegative
parameters (positive half of the time axes), and in these cases we assume that = 0

is a regenerative point.

4.3.1 Time-Homogeneous Behavior

Definition 4.45. The stochastic process X (¢) is time homogeneous if the stochastic
behavior of X (¢) is invariant for time shifting, that is, the stochastic behavior of X (¢)

and X'(¢) = X (¢ + s) are identical in distribution X () £ X'(1).
Corollary 4.46. If the time-homogeneous stochastic process X(t) possesses the
Markov property at time T and X(T) = i, then X(t) 4 Xt—-T)if X©0) =i.

The corollary states that starting from two different Markov points with the same
state results in stochastically identical processes.

4.4 Analysis of Continuous-Time Markov Chains

Definition 4.47. The discrete-state, continuous-time stochastic process X(¢) is a
continuous-time Markov chain (CTMC) if it possesses the Markov property for all
t>0.

Based on this definition and assuming time-homogeneous behavior we obtain the
following properties.

Corollary 4.48. An arbitrary finite-dimensional joint distribution of a CTMC
is composed of the product of transition probabilities multiplied by an initial
probability.

Corollary 4.49. For the time points t < u < Vv the following Chapman—
Kolmogorov equation holds:

Py tv) =Y putwpry(wv); T(,v) = @ ww,v),  (46)
lesS
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where pi;(t,u) =P (X(w) = j | X(t) =1i) foralli, j € S,0<t <u, (¢, u) =
[]3,-]- (t, u)] In the case of time-homogeneous processes the time shifts u —t = 1
andv —u = 1, play a role:

pij(t1 + 1) = ZPil(TI)Plj (r2): (71 + 1) = (1)) [(12), 4.7
les
where Tl(t) = [p,-j (r)] pij(t) = PX@)=j|X0)=1i), for all
i, jeS.0< .

Definition 4.50. The stochastic evolution of a CTMC is commonly characterized
by an infinitesimal generator matrix (commonly denoted by Q) that can be obtained
from the derivative of the state-transition probabilities as follows:

d M +8)—T11 ) — 1
L0 = ggw = n(r)g%% =T()0. (4.8)
0

Corollary 4.51. The sojourn time of a CTMC in a given state i is exponentially
distributed with the parameter q; = —q;;. The probability that after state i the next
visited state will be state j is q;j/qi, and it is independent of the sojourn time in
state i.

Remark 4.52. Based on Corollary 4.51 and the properties of the exponential
distribution, the state transitions of a CTMC can also be interpreted in the following
way. When the CTMC moves to state i, several exponentially distributed activities
start, exactly one for each nonzero transition rate. The time of the activity associated
with the state transition from state i to state j is exponentially distributed with the
parameter ¢;;. The CTMC leaves state i and moves to the next state when the first
one of these activities completes. The next visited state is the state whose associated
activity finishes first.

Corollary 4.53 (Short-term behavior of CTMCs). During a short time period A,
the behavior of a CTMC is characterized by the following transition probabilities:

(a) P(Xt+A)=ilX@t)=i)=1—qg:A+0(A),

(b) P(X(1+A) =j|X(1) =1) =q;j A +0(A)fori # j;

(c) P(Xt+A)=j,Xw)=k|X(t)=i) =0(A) fori #k, j #k, andt <
u<t+A,

where o (x) denotes the set of functions with the property limy_. 0 (x) /x = 0.

According to the corollary, two main events can happen with significant proba-
bility during a short time period:

e The CTMC stays in the initial state during the whole period [(a)].
e It moves from state i to j [(b)].
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The event that more than one state transition happens during a short time period
[(c)] has a negligible probability as A — 0.

Corollaries 4.51 and 4.53 allow different analytical approaches for the descrip-
tion of the transient behavior of CTMCs.

4.4.1 Analysis Based on Short-Term Behavior

Let X(¢) be a CTMC with state space S, and let us consider the change in state
probability P;(t + A) = P (X(t + A) =1i) (i € S) considering the possible events
during the interval (¢, + A). The following cases must be considered:

e There is no state transition during the interval (¢, f + A). In this case P; (1 + A) =
P; (1), and the probability of this eventis 1 — ¢; A + o (A).

e There is one state transition during the (¢,7 4+ A) interval from state k to state i.
In this case P;(t + A) = Py (t), and the probability of this event is gx; A + 0 (A).

» The process stays in state i at time ¢ + A such that there is more than one state
transition during the interval (z,¢ 4+ A). The probability of this event is o (A).

Considering these cases we can compute P;(t + A) from Pr(t), k € S, as
follows:

Pt +8)=(—gA+oA)P@O)+ Y (qud+o0(A)P(t) +o0(d)

kesS ki
=(1=gMPO+ Y (@ud)Pe)+o(A),
keS k#i
from which
Pi(t%)_’m =—qi P+ ) t]kiPk(f)+0(AA = ZCIkiPk(f)+$.

keS ki kes

Finally, setting the limit A — 0 we obtain that

dpPi(t)
dr _qusz(l)-
keS

Introducing the row vector of state probabilities P(¢) = {P;(¢)},i € S, we obtain
the vector-matrix form of the previous equation:

d
T P(1) = P(1)Q. (4.9)

A differential equation describes the evolution of a transient state probability
vector. To define the state probabilities, we additionally need to have an initial
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condition. In practical applications, the initial condition is most often the state
probability distribution at time 0, i.e., P(0). The solution of Eq. (4.9) with initial
condition P(0) is [55]

Q}’l [n
| .

n:

P(t) = P(0)e? = P(0) )
n=0

Transform Domain Description The Laplace transform of the two sides of
Eq. (4.9) gives
s P*(s) — P(0) = P*(5)Q,

from which we can express P *(s) in the following form:
P*(s) = P(O)[sI-Q]™".

Comparing the time and transform domain expressions we have that e? and
[sI — Q]! are Laplace transform pairs of each other.

Stationary Behavior If lim,_, ., P;(?) exists, then we say that lim,_,, P;(t) = P;
is the stationary probability of state i. In this case, lim;_,oo d P;(¢)/d¢ = 0, and the
stationary probability satisfies the system of linear equations Y, o ki Pr () = 0
forallk € S.

4.4.2 Analysis Based on First State Transition

Let X(r) be a CTMC with state space S, and let 77,7,,7T3,... denote the
time of the first, second, etc. state transitions of the CTMC. We assume that
To = 0, and 11, 12, 73, . . . are the sojourn times spent in the consecutively visited
states (; = T; — Ti—1). We compute the state-transition probability m;; (f) =
P(X(t) = j | X(0) = i) assuming that 7 = h, i.e., we are interested in

mii [Ty = h) =P (X() = j [ X(0) =i, Ty = h).

We have
3ij, h>t,
mij(t|Ty = h) = Z ql_‘lcnkj(Z —h), h<t, (4.10)
keski i

where §;; is the Kronecker delta (§;; = 1ifi = j and §;; = 0ifi # j), and %
is the probability that after visiting state i the Markov chain moves to state k. In the
case of general stochastic processes, this probability might depend on the sojourn
time in state 7, but in the case of CTMC:s, it is independent.
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Equation (4.10) has two cases:

e If the time point of interest, ¢, is before the first state transition of the CTMC,
h > t, then the conditional state-transition probability is either 1 (if the initial
and final states are identical i = j) or O (if i # j).

e If the time point of interest, ¢, is after the first state transition of the CTMC,
T, < t, then we can analyze the evolution of the process from 7 to ¢ using the
fact that the process possesses the Markov property at time 7. In this case we
need to consider all possible states that might be visited at time 7, k € S,k # i,
with the associated probability %. The state-transition probabilities from 77 to

t are identical with the state-transition probabilities of the original process from

0 to T} — ¢, assuming that the original process starts from state k.

The distribution of 77 is known. It is exponentially distributed with the parameter
—qii. Its camulated and probability density functions are Fr,(x) = 1 — e%* and
Jr(x) = —g;;e?™, respectively. With that we can apply the total probability
theorem to compute the (unconditional) state-transition probability 7;; (¢):

7y () = / wi (1|Ty = h) fr, (k) dh

= ), b @ dhx /,,=0 > g —h) fr () dh

keSk#i 1

=gy (= Fro+ [ 5 Ty fr iy an

keSk#i 1

t
=8y et + Y %‘k/ iy (¢ — h) ¥ dh. (4.11)
kesk#i  Uh=0

The obtained integral equation is commonly referred to as a Volterra integral
equation. Its only unknown is the state-transition probability function 7 (¢).
The numerical methods developed for the numerical analysis of Volterra integral
equations can be used to compute the state-transition probabilities of a CTMC.

Relation of Analysis Methods We can rewrite Eq. (4.11) in the following form:

t
my (1) =8 e+ Y C]ik/ i (¢ — h) et dh
h=0

keS. ki
'
=8 ediil 1 Z f]ik/ mj () elii (=) qp
keS k#i h=0

t

=8 e+ Y g eqff’/ mj (h) e 4" dh. (4.12)
kes ki h=0
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The derivation of the two sides of Eq. (4.12) according to 7 is as follows:

wl ) =8 qii e+ Y qik (qii eq""’/

keS k#i

t

iy () €9 dh 4 9t (1) e—%‘ﬂ)

t
= > gm0+ qn(&‘j A+ Y gk eq“r/ wj () ¢4 dh)
keS ki keS ki h=
7ij ()
= Zqikﬂkj (),
kes

where we used Eq. (4.11) for the substitution of the integral expression. The
obtained differential equation is similar to that provided by the analysis of the short-
term behavior.

Transform Domain Description To relate the two transient descriptions of
the CTMC, one with a differential equation and one with an integral equation,
we transform these descriptions into a Laplace transform domain. It is easy to
take the Laplace transform from the last line of Eq. (4.11) because the second term
of the right-hand side is a convolution integral. That is,

* * 1
;i (s) = &ij + Z ik 7 () ——.
TH keski § i
Multiplying by the denominator and using that —¢g;; = Z ¢ir wWe obtain
kesSk#i

s (s) =8 + Zqik 7 (s),
kes

which can be written in the matrix form
s T (s) = T+ QIT*(s).
Finally, we have
M (s) = [s1- Q™"

which is identical to the Laplace transform expression obtained from the differential
equation.

Embedded Markov Chain at State Transitions Let X; € S,i = 0,1,...,
denote the ith visited state of the Markov chain X(¢), which is the state of the
Markov chain in the interval (7;, T;+) (Fig.4.2). The Xy, X1, ... series of random
variables is a discrete-time Markov chain (DTMC) due to the Markov property of
X(t). This DTMC is commonly referred to as a Markov chain embedded at the
state transitions or simply an embedded Markov chain (EMC). The state-transition
probability matrix of the EMC is
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I;; = —4ii

Stationary Analysis Based on the EMC The stationary distribution of the EMC
P (which is the solution of P = PTI, > P; = 1) defines the relative frequency of
the visits to the state of the Markov chain. The higher the stationary probability is,
the more frequently the state is visited. The stationary behavior of the CTMC X ()
is characterized by two main factors: how often the state is visited (represented by
P;) and how long a visit lasts. If state i is visited twice as frequently as state j
but the mean time of a visit to state i is half the mean time of a visit to j, then
the stationary probabilities of states i and j are identical. This intuitive behavior is
summarized in the following general rule of renewal theory [58]:

Pt
Y Pt
j

where 7; is the mean time spent in state j, which is known from the diagonal
element of the infinitesimal generator, 7, = —1/¢;;.

P;

Discrete-Event Simulation of CTMCs There are at least two possible
approaches.

* When the CTMC is in state 7, first draw an exponentially distributed random
sample with parameter —¢;; for the sojourn time in state i, then draw a discrete
random sample for deciding the next visited state with distribution IT;;, j € S.

e When the CTMC is in state i, draw an exponentially distributed random sample
with parameter ¢;;, say t;;, for all positive transition rates of row i of the
infinitesimal generator matrix. Find the minimum of these samples, min; 7;;.
The sojourn time in state i is this minimum, and the next state is the one whose
associated random sample is minimal.

4.5 Semi-Markov Process

Definition 4.54. The discrete-state, continuous-time random process X(¢) is a
semi-Markov process if it is time homogeneous and it possesses the Markov
property at the state-transition instances (Fig. 4.2).

The name semi-Markov process comes from the fact that such processes do not
always possess the Markov property (during its sojourn in a state), but there are
particular instances (state-transition instances) when they do.
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Fig. 4.2 Semi-Markov X(t)
process that possesses the 1
Markov property at the ¢
indicated time points i ¢ q )
D ;—
T Ty T3 Ty t

Corollary 4.55. The sojourn time in state i can be any general real-valued positive
random variable. During a sojourn in state i, both the remaining time in both that
state and the next visited state depend on the elapsed time since the process entered
state i.

Z(@t)
k
J

i

Tk

Ti

Example 4.56. A two-state (up/down) system fails at a rate A (the up time of the
system is exponentially distributed with parameter A) and gets repaired at a rate
. To avoid long down periods, the repair process is stopped and a replacement
process is initialized after a deterministic time limit d. The time of the replacement
is a random variable with a distribution G(¢). Define a system model and check if
it is a semi-Markov process.

Because a CTMC always possesses the Markov property, it follows that the
sojourn time in a state is exponentially distributed and that the distribution of the
next state is independent of the sojourn time. For example, considering the first
state transition and the sojourn time in the first state we have

P(Xi =) T =c|Xo=1) =P X\ = j|Xo =P (T =c|Xo =1).

This property does not hold for semi-Markov processes in general. The most
important consequences of the definition of semi-Markov processes are the follow-
ing ones. The sojourn time in a state can have any positive distribution, and the
distribution of the next state and the time spent in a state are not independent in
general. Consequently, to define a semi-Markov process, this joint distribution must
be given. This is usually done by defining the kernel matrix of a process whose i, j
element is

Qii(t) =PX(Ti41) = j,tiq1 <t| X(T}) =i).

Utilizing the time homogeneity of the process we further have for 7; that

Qij () =P X (Tiv1)=Jj,tip1 < 1| X(T)=0)=P(X(T1)=/, Ty <t|X(0) =1i).
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The analysis of semi-Markov processes is based on the results of renewal theory
and the analysis of an EMC (of state-transition instances). The definition of a
semi-Markov process requires knowledge of the kernel matrix Q(¢t) = {Q;;(?)}
(for t > 0) and an initial distribution. It is commonly assumed that X (¢) possesses
the Markov property at time ¢ = 0.

4.5.1 Analysis Based on State Transitions

Let X(t) € S be a continuous-time semi-Markov process, 71, T», T3, . . . the state-
transition instances, and 7y, 12, 73, . . . the consecutive sojourn times (t; = T;—T;—1).
We assume Ty = 0. We intend to compute the state-transition probability m;; (1) =
P (X(¢t) = j | X(0) = i) assuming that the sojourn in the first state finishes at time
h (T\ = h), that is,

mii [Ty = h) =P (X(@) = j [ X(0) =i, Ty = h).

In this case

8ij s h>t,
T =R =S P () = k | X©O) =i Ty = hy mg (= by, h <1,
kesS
(4.13)

where P (X(Ty) = j | X(0) =i, Ty, = h) is the probability that the process will
start from state i at time O and is in state j right after the state transition at time
T\ assuming T3 = h. In contrast with CTMCs, this probability depends on the
sojourn time in state i:

P(X(Th)

J1XO0)=1i,Ti =h)
lim PX(T)=j,h<Ti<h+A|X(0)=1i)
AT PUh<Ti<h+A[X0)=1i)
— lim Qij(h+ A)— Qi (h) _ dQi;(h)
A—0 Ql(/’l—i-A)—Ql(h) dQ,(h) ’

(4.14)

where Q; (h) denotes the distribution of time spent in state 7,

Qi(t) =P(Ty <t Z(0)=i)=) P(Z(T)=j.Ti <1 | ZO)=i)=)_ 0y (1).
J J

It is commonly assumed that state transitions are real, which means that
after staying in state i a state transition moves the process to a different state.
This means that Q;;(t) = 0, Vi € S. It is also possible to consider virtual state
transitions from state i to state 7, but this does not expand the set of semi-Markov
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processes and we do not consider it here. Note that the meaning of a diagonal
element of a semi-Markov kernel matrix is completely different from that of a
diagonal element of an infinitesimal generator of a CTMC. One of the technical
consequences of this difference is the fact that we do not need to exclude the
diagonal element from the summations over the set of states.

Two cases are considered in Eq. (4.13):

e If the time point of interest, 7, is before the first state transition of the process
(h > t), then the conditional state-transition probability is either O or 1 depending
on the initial and final states. If the initial state i is identical with the final state
Jj» then the transition probability is 1 because there is no state transition up to
time ¢, otherwise it is 0.

 If the time point of interest, ¢, is after the first state transition of the process (h <
1), then we need to evaluate the distribution of the next state k, assuming that the
state transition occurs at time /1, and after that the state-transition probability from
the new state k to the final state j during time ¢ — h, using the Markov property of
the process at time /. The probability that the process moves to state k assuming

a;%j ((,:1)) , and the probability of its moving from state k to

state j during an interval of length ¢ — h is 7;; (t — h).

it occurs at time A is

The distribution of the condition of Eq. (4.13) is known. The distribution of the
sojourn time in state i is Q;(%). Using the law of total probability we obtain

Tij (r) = /] Tij Ty =h) dFT1 (h)

=0
— o0 ) A t dQir(h) L A
= /];=t 8ij dQi (1) + /};=OkZ€; i (t —h) dQ;(h)

dQi(h)

=5y (1— 0,(0)) + /h ey 6 — ) dQu(h). (4.15)

=0 tes

Similar to the case of CTMCs, analysis based on the first state transition resulted
in a Volterra integral equation also in the case of semi-Markov processes. The
transient behavior of semi-Markov processes can be computed using the same
numerical procedures.

Transform Domain Description We take the Laplace transform of both sides of
the Volterra integral Eq. (4.15). The only nontrivial term is a convolution integral on
the right-hand side:

i3 (s) = 8y (1= QF () + D (o) ).
kes

where ¢;x(t) = dQ;x(t)/dt and the transform domain functions are defined as

) =[5~ fedr.
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Introducing the diagonal matrix D*(s) composed of the elements 1 — O (s),
that is , D*(s) = diag(l — Q(s)), the Laplace transforms of the state transition
probabilities are obtained in matrix form,

IT*(s) = D*(s) + g™ ()TT*(s),
from which
IT*(s) = I—g*(s)] ' D*(s).

Stationary Behavior The stationary analysis of a semi-Markov process is very
similar to the stationary analysis of a CTMC based on an EMC. Let the transition
probability matrix of the EMC be II. It is obtained from the kernel matrix through
the following relation:

; =P(Z(T) =j|Z(0)=i)= IEIEOP(Z(TO =T <t|Z(0)=i)= Jim Qi ().

_ The stationary distribution of the EMC P is the solution of the linear system
P = PII, ) ; P; = 1. The stationary distribution of the semi-Markov process is

Pi;

§ Pt
j

where 7; is the mean time spent in state i. It can be computed from a kernel matrix
using & = [;°(1 — Q;(2))dr.

Discrete-Event Simulation of Semi-Markov Processes The initial distribution
and the Q;; (¢) kernel completely define the stochastic behavior of a semi-Markov
process. As a consequence, it is possible to simulate the process behavior based
on them.

The key step of the simulation is to draw dependent samples for the sojourn
time and the next visited state. This can be done based on the marginal distribution
of one of the two random variables and a conditional distribution of the other one.
Depending on which random variable is sampled first, there are two ways to simulate
a semi-Markov process:

P; (4.16)

e When the process is in state 7, first draw a Q;(¢) distributed sample for
the sojourn time, denoted by 7, then draw a sample for the next state as-
suming that the sojourn is t based on the discrete probability distribution
P(X(T)=j|X(0)=i,Ti =1)(VjeS)giveninEq. (4.14).

* When the process is in state i, first draw a sample for the next visited state
based on the discrete probability distribution IT;; = P (X(7T1) = j | X(0) = 1)
(Vj € §), then draw a sample for the sojourn time given in the next state with a
distribution 0:(1)

P(T <1]Z(0) =i.Z(T) = j) = =
ij

4.17)
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Fig. 4.3 Analysis of Y (t)
semi-Markov process with
supplementary variable

T, T, T, T, t

4.5.2 Transient Analysis Using the Method of Supplementary
Variables

A semi-Markov process does not possess the Markov property during its sojourn in
a state. For example, the distribution of the time till the next state transition may
depend on the amount of time that has passed since the last state transition. It is
possible to extend the analysis of semi-Markov processes so that all information
that makes the future evolution of the process conditionally independent of its past
history is involved in the process description for V¢ > 0. It is indeed the Markov
property for Yz > 0. In the case of semi-Markov processes, this means that the
discrete state of the process X (¢) and the time passed since the last state transition
Y(t) =t — max(7; <t) need to be considered together because the vector-valued
stochastic process { X (¢), Y (¢)} is already such that the future behavior of this vector
process is conditionally independent of its past given the current value of the vector.
That is, the {X(¢), Y(¢)} process possesses the Markov property for V¢ > 0. The
behavior of the { X (¢), Y (¢)} process is depicted in Fig. 4.3.

This extension of a random process with an additional variable such that the
obtained vector-valued process possesses the Markov property is referred to as the
method of supplementary variables [24].

With X(¢) and Y (¢) and the kernel matrix of the process we can compute the
distribution of time till the next state transition at any time instant; this is commonly
referred to as the remaining sojourn time in the given state. If at time ¢ the process
stays in state i for a period of T [X(¢) = i, Y(¢) = 7] and the distribution of the
total sojourn time in state i is Q;(¢), then the distribution of the remaining sojourn
time in state i, denoted by y, is

P(y=n=P=t+tly>0= Qi(tltté}f?i(t),

where y, denotes the total time spent in state i during this visit in state i.
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To analyze the { X (), Y (¢)} process, we need to characterize the joint distribution
of the following two quantities:

P(X(t)=i,x <Y(t) <x+A)

hi(t,x)z A

It is possible to obtain 4; (¢, x) based on the analysis of the short-term behavior of
CTMCs:

hi(t + A, x)
= P[there is no state transition in the interval (¢, + A)]
x h;i(t + A, x | there is no state transition)
+ P[there is one state transition in the interval (¢, + A)]

x hi(t + A, x | there is one state transition) + o (A),

P(X(¢t) =i,x < Y(t) < x +A|condition)

where h; (t+ A, x | condition) denotes

A
The probability of the state transition can be computed based on the distribution of
the remaining sojourn time:

P[there is one state transition in the interval (¢, + A)]

Qi(x +A)— Qi(x)
1= 0i(x) ’

= P (remaining sojourn time < A) =

from which

1-0:/(x+A)
1—0i(x)

P[there is no state transition in the interval (¢, + A)] =

Immediately following a state transition Y () is reset to zero. Consequently, the
probability that Y (t + A) = x for a fixed x > 0 is zero when A is sufficiently small.
That is,

h;i[t + A, x | there is one state transition in the interval (¢, + A)] = 0 if x > 0.

It follows that
hi(t + A, x)
= P[there is no state transition in the interval (¢,7 + A)]

X hi[t + A, x | there is no state transition in the interval (¢, + A)]
_1=-0i(x+A)

I—Qi(x) hi(t,X—A).
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Analysis of the process {X(¢), Y(¢)} is made much simpler by the use of the
transition rate of ¢; instead of its distribution Q; (¢). The transition rate is defined by

P(ai§t+A|Oéi>f):1. 0it+A)—-0;() Qi)

A fret) A(1—0;@)) 1—0i(r)

Ai(t) = lim

It is also referred to as the hazard rate in probability theory. The probability of a
state transition can be written in the following form:

P(there is one state transition in the interval (¢,7 + A)]

_ Qi(x+A)—0i(x)

o~ hWA+o),

from which
P([there is no state transition in the interval (¢, + A)] =1 — A;(x)A + 0 (A) .

Based on all of these expressions, &; (¢, x) satisfies
h,’(t + A,X) = (1 —ki(X)A + O(A)) hi(t,x — A)

From this difference equation we can go through the usual steps to obtain the partial
differential equation for %; (¢, x). First we move h; (¢, x — A) to the other side,

hi(t + A, x)—hi(t,x — A) = (—)L,'(x)A +0(A)) hi(t,x — A),
then we add and subtract /; (¢, x),
hi(t 4+ A, x)—hi(t,x)+ hi(t,x)—h;(t,x —A) = (—)Li(x)A —i—o(A)) hi(t,x — A),

and reorder the terms,

hi(t + A, x)—hi(t,x) | hi(t,x) = hi(t.x—A) e o(A) _ _
A + - = ( A0+ = )h,(t,x A).
Finally, the A — 0 transition results in
oh;(t, oh; (t,
X)X 5o b ). (4.18)

ot ox

This partial differential equation describes 4; (¢, x) for x > 0. The case of x = 0
requires a different treatment:
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PXt+A)=i,Y(t)<A)

Z / P (X(t) = k,Y(t) = x, one transition to state i in (z,¢ + A)) dx.
keS ki

The probability that in the interval (¢,7 + A) the process moves from state k to
state i is

P(there is one state transition in the interval (¢,7 + A) from k to i]
= P[one state transition in the interval (¢, + A)]

xP[state transition from k to i | one state transition in the interval (¢,¢ + A)]

_ O+ A) = 0k(x) Qrilx+A) = Oki(x)
1= 0r(x) Qr(x +A) = Qi(x)

where the second term is already known from Eq. (4.14). We can also introduce the
intensity of transition from k to i:

P(there is a transition in the interval (¢,7 + A) from k to i]

bute) = fm :

— lim Quix+4)— Qui(x) _ Q4 (x)
A—0 A(l — Qr(x)) 1—Qk(x)’

The transition probability can be written in the form

P[there is a transition in the interval (¢,7 + A) from k to i] = Ak (X)A + 0 (A) .
Using this we can write

P(X(t+A)=i,Y(t) < A) = hi(t + A, 0)A

_ / s (¥)A + 0 (A) he (2, x) d,

keS ki

from which a multiplication with A and the A — 0 transition result in

hi(t,0) = Z/ Aei (x) e (2, x) dox. (4.19)

keS.k#i

In summary, the method of supplementary variable allows for the analysis of
the process {X(¢), Y(¢)} through the function £; (¢, x), which is given by a partial
differential equation (4.18) for x > 0 and a boundary equation (4.19) for x = 0.
Based on these equations and the initial distributions of 4;(0,x) for Vi € S
numerical partial differential solutions methods can be applied to compute the
transient behavior of a semi-Markov process.
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Stationary Behavior If the limit lim,_, o, /; (¢, x) = h; (x) exists for all states i €
S, then we can evaluate the limit t — oo of Egs. (4.18) and (4.19)

dh,’ (X) _

= —A,,' (x) h,’ (X), (420)
dx
hi0) = Y / = Aki (x) he(x) dx. (4.21)
keS ki ¢ *¥=0

The solution of ordinary differential Eq. (4.20) is
hi (x) = h; (0)efu=o—Hi(0 du,

where the unknown quantity is %; (0). It can be obtained from Eq. (4.21) as follows:

>

keSk#i *F

hi (0)

o0
Aki (x) hi (O)efu=0 () due g
=0

Z hic (0)/ Aki (x)e-/;fzo — Ak (u) du do,
x=0

keS ki

where
R X
Aki (x)efu=0 ~AG) du gy —P (after state k the process moves to state i) = ITj;.
x=0

That is, we are looking for the solution of the linear system

hi) = Y (0T Vies
keS k#i
with the normalizing condition
o0
Z / hi(x)dx =1,
jes Y x=0

where the normalizing condition is the sum of the stationary-state probabilities.
From

> / hi(x) dx = > h; (0) / ehmo =MW I gy = 3 p(0) 7 = 1
x=0 x=0

i€esS ieS i€esS

and Eq. (4.16) we have that the required solution is
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hi(0) = ———
P

4.6 Markov Regenerative Process

Definition 4.57. The X(¢) discrete-state, continuous-time, time-homogeneous
stochastic process is a Markov regenerative process if there exists a random
time series Ty, 11, T, . .. (To = 0) such that the X (¢) process possesses the Markov
property at time 7o, 71, 15, ... [23,58] (Fig.4.4).

Compared to the properties of semi-Markov processes, where the process
possesses the Markov property at all state-transition points, the definition of Markov
regenerative processes is less restrictive. It allows that at some state-transition point
the process does not possess the Markov property, but the analysis of Markov
regenerative processes is still based on the occurrence of time points where the
process possesses the Markov property.

Since Definition 4.57 does not address the behavior of the process between
the consecutive time points Ty, T1, 15, . . ., Markov regenerative processes can be
fairly general stochastic processes. In practice, the use of a renewal theorem for the
analysis of these processes is meaningful only when the stochastic behavior between
the consecutive time points Ty, 71, T3, . . . is easy to analyze.

A common method for analyzing Markov regenerative processes is based on the
next time point with the Markov property (77).

Definition 4.58. The series of random variables {Y,,T,;n > 0} is a time-
homogeneous Markov renewal series if

PYot1=y.Top1 =T =t|Yo,....Yn.To,.... Ty)
=P, =y, —T, =t|Yy)
=P =y.Ti —To <t|y)

foralln >0,y € S,and ¢t > 0.

X(#)
k — & _
Fig. 4.4 Markov j — 5 ® _
regenerative process; circles i . - _?_ _

denote points with Markov
property
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It can be seen from the definition of Markov renewal series that the series
Yy, Y1, ... is a DTMC. According to Definition 4.57, the sequence of states X (7;)
of a Markov regenerative process at the time sequence 7; instants with the Markov
property and the time sequence 7; instants with the Markov property form a Markov
renewal sequence {X(7;), T;} (i =0,1,...).

Analysis of Markov regenerative processes is based on this embedded Markov
renewal series. To this end the joint distribution of the next time point and the state
in that time point must be known. In contrast with the similar kernel of semi-Markov
processes, in the case of Markov regenerative processes, the kernel is denoted by

Kit)=PX1 =TT —Ty<t|Xo=i), i,jes,

and the matrix K(t) = {K;;(¢)} is referred to as the global kernel of a Markov
regenerative process. The global kernel of a Markov regenerative process com-
pletely defines the stochastic properties of the Markov regenerative process at time
points with the Markov property. The description of the process between those
time points is complex, but for a transient analysis of the process (more precisely
for computing transient-state probabilities) it is enough to know the transient-state
probabilities between consecutive time points with the Markov property. This is
given by the local kernel matrix of the Markov regenerative process E(t) = {E;; (1)}
whose elements are

Ejj(t) =P(X(1) =), Ty > 1, [ Z(0) = i),

where E;;(t) is the probability that the process will start in state i, the first point
with the Markov property will be later than 7, and the process will stay in state j at
time .

4.6.1 Transient Analysis Based on Embedded Markov Renewal
Series

Let the transient-state transition probability matrix be I1(¢) whose elements are
I (1) =P (X (1) = j | X(0) =1).
Assuming that 7y = h, we can compute the conditional state-transition
probability as follows:
P(X(t)=j|Th=h X(0)=1i), h > t,
;| T =h) =
’ : ZP(X(TI):k|X(0):i,T1:h)-ij(t—h), h <t

kes
(4.22)
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Similar to the transient analysis of semi-Markov processes, Eq. (4.22) describes
two exclusive cases: 1 < ¢ and h > t. In the case of semi-Markov processes, the
h > t case results in O or 1; in the case of a Markov regenerative process, the
conditional probability for 4 > ¢ can be different from O or 1 because the process
can have state transitions also before 77.

Using the distribution of 7' and the formula of total probability we obtain

M0 = [ PO = 1T = h XO) =) K

dKik(l)
Iy (t — h)dK;(h) . 4.23
> L TR T - DAk 423)

Let us consider the first term on the right-hand side:

/:OP(X(z) 1Ty = h, X(0) = 1) dK;(h)

o0
=/ lim P(X() =) |h<Thi <h+ A, X(©0) =i) dKi(h)
h —>

=t

I
A Ph<Ti <h+A [X(0)=1i)

=/°° i PEO=J h=Ti <h+ MXO =) 0\
h

_ [ PXO) =) T <h|XO)=i)
_ /] s dK; (h)
=P(X@)=j,t<T|X(0)=1i),

from which

kes M=
Assuming that K(¢) is derivable and dK(¢)/dt = k(t) we have
M) = Ey) + 3 / Mo —hkiydh. (425
kes

Similar to the transient analysis of CTMCs and semi-Markov processes we obtain
a Volterra equation for the transient analysis of Markov regenerative processes.

Transform Domain Description The Laplace transform of Eq. (4.25) is

7 (s) = Ef(s)+ Y kii(s) TTE; (s), (4.26)

keQ

which can be written in matrix form:
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IM*(s) = E*(s) + k*(s) IT*(s). (4.27)

The solution of Eq. (4.27) is
IM*(s) = [I—k*s)] ' E*(s). (4.28)
Based on Eq. (4.28), numerical inverse Laplace methods can also be used for the

transient analysis of Markov regenerative processes.

Stationary Behavior Despite the differences between semi-Markov and Markov
regenerative processes, their stationary analysis follows the same steps. The state-
transition probability of the DTMC embedded in time points with the Markov
property is

Iy =P(Z(T) = j1Z2(0) = i) = lim P(Z(T1) =/, T1 =t|Z(0) = i) = lim Ki;(¥).

The stationary distribution of the EMC is the solution of P="7P IT, Zi 131‘ =1.
Now we need to compute the mean time spent in the different states during the
interval (7j, T7). Fortunately, the local kernel carries the necessary information.
Let 7;; be the mean time the process spends in state j during the interval (7o, T1)
assuming that it starts from state i (X(7y) = i). Then

o0
T =E ( / OI{X(t>=j,T1>t \ X(0>=i}df)
t=

_ /OOP(X(I) — Ty > 1] X(0) = i)dr
t=0

o0
= / Ey(t)dr,
t=0

where Z,; is the indicator of event o. The mean length of the interval (7p, T1) is
T, = Z Tij -
jES
Finally, the stationary distribution of the process can be computed as

Zﬁj Lji

JjES
P =

Yy

jes
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4.7 Exercises

Exercise 4.1. Applying Theorem 4.42, find the limit (stationary) distributions of
age, residual lifetime, and total lifetime [§(2) = ¢ — ty¢), Y() = tnpy+1 — 1,
B() = tnw+1 — tn] if the interarrival times are independent random variables
having a joint exponential distribution with the parameter A. Show the expected
values for the limit distributions.

Exercise 4.2 (Ergodic property of semi-Markov processes). Consider a system
with the finite state space X = {l,..., N}. The system begins to work at the
moment Tp = 0 in a state Xy € X and changes states at the random moments
0 < Ty < T, < ....Denote by X, X»,... the sequence of consecutive states
of the system, and suppose that it constitutes a homogeneous, irreducible, and
aperiodic Markov chain with initial distribution (p; = P(Xo =1i), 1 <i < N)
and probability transition matrix [T = (pij)?j:l. Define the process X(¢) =
Xp—t, Ty <t <T,, n =1,2,..., assume that the sequence of holding times
Yy =T — Ty—1, k = 1,2,..., depends only conditionally on the states X;_; = i
and X; = j, and denote Fj(x) = P(Yx < x| Xx—1 =i, Xi = j) if pij > 0,
where v;; = fooo xdFjj(x) < oo.
Find the limits for

(a) The average number of transitions/time;

(b) The relative frequencies of states i in the sequence Xy, X1, .. .;
(¢) The limit distribution P (X, = i), i € X;

(d) The average time spentin a statei € X.
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