®

Check for
updates

A stochastic process represents a system, usually evolving along time, which
incorporates an element of randomness, as opposed to a deterministic process.

The independent sequences of random variables, the Markov chains and the
martingales have been presented above. In the present chapter, we investigate more
general real stochastic processes, indexed by T C R, with ¢ € T representing the
time, in a wide sense. Depending on the context, when T = N or R, they are called
sequences of random variables—in short random sequences, stochastic processes
with continuous or discrete time, signals, times series, etc.

First, we generalize to stochastic processes the notions of distributions, distri-
bution functions, etc., already encountered in the previous chapters for random
sequences. Then, we study some typical families of stochastic processes, with
a stress on their asymptotic behavior: stationary or ergodic processes, ARMA
processes, processes with independent increments such as the Brownian motion,
point processes—especially renewal and Poisson processes, jump Markov processes
and semi-Markov processes will be especially investigated in the final chapter.

4.1 General Notions

We will first define general stochastic elements, and then extend to stochastic
processes notions such as distributions, stopping times, and results such as the law
of large numbers, central limit theorem.

Let (2, F) and (E, &) be two measurable spaces. In probability theory, a
measurable function X : (Q, F) — (E, &), that is such that X" 1() c F, is
called a stochastic element.

The stochastic elements may take values in any measurable space. If E = R (R9,
d>1,RN=RxRx---, RR), then X is a real random variable (random vector,
random sequence or stochastic process with discrete time, stochastic process with
continuous time).
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It is worth noticing that even in the general theory of stochastic processes, T is
typically a subset of R, as we will assume thereafter. For any fixed w € €, the
function t — X, (w) is called a trajectory or realization of the process. The value
of this function is determined by the result of a random phenomenon at the time ¢
of its observation. For example, one may observe tossing of a coin, the fluctuations
of the generations of a population, the day temperature in a given place, etc. If the
trajectories of the process are continuous functions (on the left or on the right), the
process itself is said to be continuous (on the left or on the right).

In general, if (E, &) = (RT, B(RT)), where T is any convenient set of indices,
a stochastic element can be represented as a family of real random variables X =
(Xt)teT- It can also be regarded as a function of two variables

X:QxT— R
(w,1) — X;(w)

such that X; is a real random variable defined on (€2, F) for any fixed ¢. If T is
a totally ordered enumerable set (as N or R ), then X is called a time series. If
T = R9, withd > 1 or one of its subsets, the process is a multidimensional process.
IfE = (R? )T, with d > 1, it is a multivariate or vector process.

The canonical space of a real process X = (X;);eT with distribution Px is
the triple (RT, B(RT), Px). Generally, we will consider that the real stochastic
processes are defined on their canonical spaces.

Note that a function 6; : RT —> RT is called a translation (or shift) operator
on RT if and only if 6;(x;) = x;4, forall s,z € T and all x = (x;) € RT. When
T = N, 6, is the n-th iterate of the one step translation operator ; (also denoted by
6, see above Definition 3.21).

A stochastic process X defined on (€2, F, P) is said to be an L? process if X; €
LP(Q, F,P) forallt € T, for p € N*. For p = 1 it is also said to be integrable,
and for p = 2 to be a second order process.

Here are some classical examples of stochastic processes, the sinusoidal signals,
the Gaussian processes, and the ARMA processes.

> Example 4.1 (Sinusoidal Signal) For the process defined by
X; = AcosQQnvt +¢), t€eR,

@ is called the phase, A the amplitude and v the frequency. These parameters can
be either constant or random. For instance, if A and v are real constants and ¢ is a
random variable, the signal is a monochromatic wave with random phase. <

> Example 4.2 (Gaussian White Noise) Let (g;);cz be such that &, ~ N(0, 1) for
allt € T and E (¢,&1,) = O for all 11 # 1,. The process (¢;) is called a Gaussian
white noise. <
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> Example 4.3 (Gaussian Process) Let X = (X;);eT be such that the vector
(X4, ..., Xs,) is a Gaussian vector for all integers n and all 71, . . ., #,. The process
X is said to be Gaussian. <

Definition 4.4 A sequence of random variables X = (X,),cz is called an auto-
regressive moving-average process with orders p and g, or ARMA(p, q), if

p q
Xn + Zaan—i =g+ ijsn—j, n e,
i=1 j=1

where ¢ is a Gaussian white noise, p and ¢ are integers and ay,...,a, and
by, ..., by are all real numbers, with a, # 0 and b, # 0.

This type of processes is often used for modeling signals. If g = 0, the process
is said to be an auto-regressive process, or AR(p). This latter models for example
economical data depending linearly of the p past values, up to a fluctuation—the
noise. If a = —1 and p = 1, it is a random walk. If p = 0, the process is said to be
a moving-average process, or MA(g).

The ARMA processes can also be indexed by N, by fixing the value of
Xo, ..., Xp, as shown in Exercise 4.1.

> Example 4.5 (MA(1) Process) Let ¢ be a Gaussian white noise with variance
o2 and let (X5) be a sequence of random variables such that X, = be,—1 + &5,
forn > 0, with X9 = &g. The vector (Xo, ..., X,) is the linear transform of the
Gaussian vector (&g, ..., &,), and hence is a Gaussian vector too, that is centered.
Forn>1landm > 1,

Cov (Xy, Xm) = szSn—ISm—l +bEen—16m +Eepem—1) + Eepen
0 if [n —m| > 2,

= { bo? if[n —m| =1,
b2+ Do? ifn=m.

Finally, we compute Var Xg = 02, Cov (Xo, X1) = bo? and Cov (Xg, X;m) = 0
forallm > 1. <

Definition 4.6 Let (2, F) be a measurable set.

1. If F; is a o-algebra included in F for all ¢t € T, and if 7y C F; forall s < ¢,
then F = (F;)ser is called a filtration of (€2, F). Especially, if X = (X;)ser 1S
a stochastic process, the filtration F = (0 (Xs;s < t)):eT is called the natural
filtration of X.



178 4 Continuous Time Stochastic Processes

2. A stochastic process X is said to be adapted to a filtration (F; ), if forall ¢ > 0,
the random variable X, is F;-measurable.

Obviously, every process is adapted to its natural filtration. For investigating
stochastic processes, it is necessary to extend the probability space (2, F, P) by
including a filtration F = (F;)seT; then (2, F, F, P) is called a stochastic basis.
Unless otherwise stated, the filtration will be the natural filtration of the studied
process.

Theorem-Definition 4.7 Let F be a filtration.
A random variable T : (2, F) — Ry such that (T <t) € F;, forallt e Ry, is
called an F-stopping time. Then, the family of events

Fr={AeF : ANT <t)e Fi, t e Ry}
is a o-algebra, called the o-algebra of events previous to T .

A stopping time adapted to the natural filtration of some stochastic process is said
to be adapted to this process. The properties of the stopping times taking values in
R4 derive directly from the properties of stopping times taking values in N studied
in Chap. 2. Note that for any stopping time 7', and for the translation operator 6 for
seRy,wehave (Tobs =t+s5)=(T =1).

Definition 4.8 Let X = (X;);eT be a stochastic process defined on a probability
space (2, F,P), where T C R.

1. The probability Px = P o X~ ! defined on (RT, B(RT)) by
Px(B) =P(X € B), B e B®RD),

is called the distribution of X.
2. The probabilities PP, . ,, defined by

,,,,, (Bl X ... x By) =P(Xy € By,..., Xy, € By),
fort; < --- < t,,t; € T, are called the finite dimensional distributions of X.
More generally, the restriction of Px to RS for any S C T is called the marginal
distribution of X on S.

3. The functions F;, . ;, defined by

Fiootn 1, o x0) =P(Xyy <x1,.00, Xy, < X0),

n

fort; <--- <t,,t; € Tand x; € R, are called the finite dimensional distribution
functions of X.
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> Example 4.9 (Finite Dimensional Distribution Functions) Let X be a positive
random variable with distribution function F. Let X be the stochastic process
defined by X; = X — (t A X) for ¢t > 0. Its one-dimensional distribution functions
are given by
Fr(x)=PX; <x)=PX; <x, X <)+ P(X; <x,X >1)
=PO<x,X<H)+PX—-t=<x,X>1)
=Ft)+ F(t+x)— F@t)=F(t+x), x>0,

for t > 0, and its two-dimensional distribution functions are

Fiin(x1,x2) = F((x1 + 1) A (2 + 1) + F((x1 + 1) A f2)
+FMH A2 +12)— 2F(t V), x1>0,x>0,

fortyy > 0ettr > 0. <

For a given family of distribution functions, does a stochastic process on some
probability space exist with these functions as distribution functions? The answer
may be positive, for instance under the conditions given by the following theorem,
which we state without proof.

Theorem 4.10 (Kolmogorov) Let (Fy, . ;) forti < --- < t, in T, be a family
of distribution functions satisfying for any (x1,...,xn) € R" the two following
coherence conditions:
1. for any permutation (i1, ...,in) of (1,...,n),

Fl‘l,m,tn (xl, e xn) = Ft,'l ,,,,, ti, (xil P xi,,);
2. forallk € [1,n — 1],

Ft];“wtk;“wtll ()C1, ey Xk +OO, ceey +OO) = Ftlsmatk ()Cl, ey Xk).

Then, there exists a stochastic process X = (X;)ieT defined on some
probability space (2, F, P) such that

P(Xy = x1,..0, Xiy = x0) = Fiy g, (15000, X)),

n

For stochastic processes, the notion of equivalence takes the following form.

Definition 4.11 Let X = (X;);er and Y = (¥;);eT be two stochastic pro-
cesses both defined on the same probability space (2, F, P) and taking values in
(R4, B(R?)). They are said to be:
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1. weakly stochastically equivalent if for all (¢, ...,t,) € T", all (By,..., By) €
B(R?Y)" and all n € N*,

P(Xs € B1,..., Xy, € By) =P, € By, ..., Y, € By). 4.1)
2. stochastically equivalent if
PX;=Y)=1, teT. 4.2)

Then, Y is called a version of X.
3. indistinguishable if

P(X, =Y,,VteT) =1. 4.3)

The trajectories of two indistinguishable processes are a.s. equal. This latter property
is stronger than the two former ones; precisely

43) = 4.2) = “4.1).
The converse implications do not hold, as the following example shows.

D> Example 4.12 Let Z be a continuous positive random variable. Let X and Y
be two processes indexed by R, defined by X; = 0 for all r and ¥; = 1(z—).
These two processes are stochastically equivalent, but not indistinguishable. Indeed,
P(X; #Y;) =P(Z=1t)=0,forallt > 0,but P(X; =Y;,Vt > 0) =0. <

Definition 4.13 A stochastic process X = (X;);cpr is said to be stochastically
continuous at s € R if, for all £ > 0,

tlim P(X; — Xs| > ¢) =0.
—S

Note that stochastic continuity does not imply continuity of the trajectories of the
process.

Most of the probabilistic notions defined for sequences of random variables
indexed by N in Chap. 1 extend naturally to stochastic processes indexed by R .

Definition 4.14 Let X be a stochastic process. The quantities
d
E(X;' ... X1, deN n eN. > n=n,

i=1

are called the order » moments of X, when they are finite.
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Especially, E X; is called the mean value at time ¢ and Var X, the instantaneous
variance. The latter is also called power by analogy to the electric tension X; in a
resistance, for which E (X tz) is the instantaneous power.

The natural extension of the covariance matrix for finite families is the covariance
function.

Definition 4.15 Let X be a stochastic process. The function Rx: T x T — R
defined by

Rx(t1, ) = Cov (X1, X2) =E (X, X1,) — (E X¢)(E Xyy),

is called the covariance function of the process.

4.1.1 Properties of Covariance Functions
1. If Rx takes values in R, then X is a second order process, and Var X; = Rx (¢, t).

2. A covariance function is a positive semi-definite function. Indeed, for all
(c1,...,cy) € R", since covariance is bilinear,

ZZC’C/RX(t”t/) = (COV(ZC,X, , Zc/th

i=1 j=1
n
=Var<ZCini> >0
i=1

3. For a centered process,
Rx(11,)* < Rx (11, 1) Rx (12, 12),
by Cauchy-Schwarz inequality.
The moments of a stochastic process are obtained by averaging over 2. They are
called space averages. Another notion of average exists for processes, on the set of

indices T; here we take T = N for simplification.

Definition 4.16 Let X = (X)), en be a second order random sequence. The random
variable

X= 1 X,
N»H}rlooNZ "
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is called the time mean of X and the random variable

N

1

X(m) = lim X, X

( ) N> oo N Z nan+m
n=1

is called the (mean) time power of X on m € N*. Limit is taken in the sense of

convergence in mean square.

The time mean is linear as is the expectation. If Y = aX + b, then Y(m) =
a*X(m) as for the variance. In the next section, we will make precise the links
between space and time averages.

The different notions of convergence defined in Chap. 1 for random sequences
indexed by N extend to stochastic processes indexed by R, in a natural way. The
next extension of the large numbers law has been proven for randomly indexed
sequences in Theorem 1.93 in Chap. 1; the next proof is an interesting alternative. It
is then completed by a central limit theorem.

Theorem 4.17 Let (X,,) be an integrable i.i.d. random sequence. If (Ny)ser, is a
stochastic process taking values in N*, a.s. finite for all t, independent of (X,) and
converging to infinity a.s. when t tends to infinity, then

1 5.
N(X1+.-.+XN,)2>EX1, t — +o0.
t

Proof Set X, = (X1 +---+ X,)/n forn > 1. By the strong law of large numbers,
X, converges to E X almost surely, that is on Q2 \ A, where A = {w : Y, (w) /4
[E X1}. Note that (X, (w)(w)) is a sub-sequence of (X, (w)), and set B = {w :
Ni(w) 4 oo} and C = {w : X;N;(w)(w) 4 E X 1}. Then C C AN B, and the
proof is completed. O

Theorem 4.18 (Anscombe) Let (X,),ent be an ii.d. random sequence with
centered distribution with finite variance o2 If (Nt)ier, is a stochastic process
taking values in N*, a.s. finite for all t, independent of (X,) and converging to
infinity a.s. when t tends to infinity, then

D
Xi+--+ Xn,) — N(@©,1), 1— +oo.
a\/Nt(l Ny) O, D

Proof Set S, = X1+ --- + X;. We have

E(eitsN,/GJN,) — E(Zeitsn/GJnll(Nt:n)) — ZP(M = n)E (eitS,,/or\/n)’

n>1 n>1
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SO

|]E (eitSNt/a\/Nt) _ e—Gzt2/2| S Z]P)(N[ — I’l)|E (eitSn/aJn) _ e—azt2/2|.

n>1

On the one hand, due to the central limit theorem, S,, /o /n converges in distribution

to a standard Gaussian variable, so, for all ¢ > 0, we obtain |IE(e”S"/*/”) —
2.2

e~ 1"/2| < g forn > n,. Therefore,

3 PN, = n)[E (@Y7 — ¢ < 6PN, > n,) <.

n>ng

On the other hand,

ng
S PN, = m)[E (€"$/oV) — e P < 2B(N; < no),

n=1

and the result follows because N; converges to infinity and P(N; < n,) tends to zero

when ¢ tends to infinity. O

Results of the same type can be stated for more general functionals, as for example
the ergodic theorems.

4.2  Stationarity and Ergodicity

We will study here classical properties of processes taking values in R. First, a
stochastic process is stationary if it is invariant by translation of time, that is to say
if it has no interne clock.

Definition 4.19 Let X = (X,);cT be a stochastic process. It is said to be strictly
stationary if

1

Xt oeos Xo) ~ KXty ooy Xop)s (ut1, o ty) € T
> Example 4.20 (Some Stationary Sequences) An ii.d. random sequence is sta-
tionary. An ergodic Markov chain whose initial distribution is the stationary

distribution is stationary. <

Ergodicity, a notion of invariance on the space €2, has been introduced for Markov
chains in Chap. 3. It extends to general random sequences as follows.
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Definition 4.21 A random sequence (X,,) is said to be strictly ergodic:

1. at order 1 if for any real number x the random variable

1 N-1
lim 1
n=0
is constant;
2. at order 2 if for all real numbers x; and x, the random variable

N-1

. 1
Nl_l)I;I‘rloo N Z;) ]l(anxqun+m§x2)
n=|

is constant for all m € N.

Since P(X, < x) = E[1(x,<x)], a random sequence is ergodic at order 1 (order 2)
if the distributions of the random variables X,, (pairs (X,, X+, )) can be obtained
by time average.

> Example 4.22 (Markov Chains) Any aperiodic positive recurrent Markov chain
is ergodic, as seen in Chap. 3. <

D> Example 4.23 The stochastic process modeling the sound coming out of a tape
recorder, with null ageing but parasite noise, is ergodic. Indeed, the observation of
one long-time recording is obviously similar to the observation of several short-time
recordings. This process is also obviously stationary. <

The following convergence result is of paramount importance in statistics. We
state it without proof.

Theorem 4.24 (Ergodic) If (X,) is a strictly stationary and ergodic random
sequence and if g : R —> R is a Borel function, then

N—1

1

N E g(Xn) — Eg(Xo), N — +oo.
n=0

In ergodic theory, the strict stationarity and ergodicity of a stochastic process are
expressed using set transformations.

Let (E, £, ) be a measured set. A measurable function S : E — E is called a
transformation of E; we denote by Sx the image of an element x € E and we set
ST'!B={x e E:SxeB},forBek.

A set B of £ is said to be S-invariant if /,L(S_l(B)) = wu(B). The collection of
S-invariant sets constitutes a o-field, denoted by 7. The function § is said to be



4.2 Stationarity and Ergodicity 185

p-invariant if the elements of £ are all S-invariant. The transformation is said to be
strictly ergodic if for all B € £,

S7'(By=B = u(B)=0orl.

The following convergence result, stated without proof, is also called the
pointwise ergodic theorem.

Theorem 4.25 (Birkhoff) Let u be a finite measure on a measurable set (E, £).
If i is S-invariant for some transformation S : E — E, then, for all u-integrable
functions f : (E, &, u) —> R,

n—1

i Zf(Six) — f(x) m—ae., x€E,
i=0

where f : E — R is a u-integrable function such that f(x) = f(Sx) p-a.e., and

1

d =
/Ef(t) pu(t) W(E)

f FOdR@).
E

If, moreover, S is ergodic, then

f) = /E FOdu®), ae.

Note that if p is a probability, then by definition, f is the conditional expectation of
fgivenJ,or f =E(f|J).If Sis ergodic, then f = E f a.s.

D> Example 4.26 (Interpretation in Physics) Let us observe at discrete times a
system evolving in an Euclidean space E.

Let xg, x1, x2, ... be the points successively occupied by the system. Let S
transform the elements of E through x, = Sx,_, forn > 1. Let $” denote the
n-th iterate of S, that is x, = S"xo. Thus, the sequence (xg, x1, x2, ..., X5, ...) can
be written (xg, Sxo, S2x9, ..., 8"x, .. .) and is called an orbit of the point xo (or
trajectory).

Let f : E — R be a function whose values f(x) express a physical measure
(speed, temperature, pressure, etc.) at x € E. Thanks to former experiments, the
measure f(x) is known to be subject to error and the empirical mean [ f (xg) +
f(x1) + -+ f(xn—1)]/n to give a better approximation of the true measured
quantity. For n large enough, this mean is close to the limit

1n—l
. i
Jim ’§0f(S x),
1=

which should be equal to the true physical quantity. <
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Any stochastic process X = (X¢);eT on (2, F, P), taking values in E, can be
considered as defined by

X/(0) = X(Sw), weQ, teT,

where X : Q — E is a random variable and {S; : 2 — Q :t € T} is a group
of transformations. If T = N, then §,, is the n-th iterate of some transformation
S : 2 — Q. Clearly, the process is strictly stationary if

P((S)™'(A) =P(A), AeF, 1€T,
and is strictly ergodic at order 1 if
VAeF, (S)'(A)=A,1eT = P(A)=0orl.

Any real valued process X = (X;);eT can be defined on its canonic space
[RT, B(RT), Px) by setting

X/(w)=w(@), wecRT reT.

Strict stationarity thus appears as a property of invariance of the probability Px with
respect to translation operators, that is Px o 9,_1 =Px forallt € T, or

Px(6, ' (B)) =P(B), BeBR"Y), reT.

Strict ergodicity can be expressed using 6;-invariant sets. Precisely, the process is
ergodic if

VB e BRY), 6'(B)=B,1eT = Px(B)=0orl.

For a real stationary and integrable random sequence (Xj), Birkhoff’s ergodic
theorem yields

1 n—1
a.s.
D Xi = X =EXo| ),
i=0

where J is the o-field of 81-invariant sets. For an ergodic sequence—such that 6;-
invariant events have probability 0 or 1, the limitis X = E X.

Note that, according to Kolmogorov 0—1 law, any i.i.d. sequence is stationary and
ergodic.

Further, the entropy rate of a random sequence has been defined in Chap. 1.
The entropy rate of a continuous time stochastic process indexed by R is defined
similarly.
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Definition 4.27 Let X = (X;),egr, be a stochastic process such that the marginal
distribution of X = (X;);¢[0,7] has a density p)T( with respect either to the Lebesgue
or to the counting measure, for all 7. The entropy up to time 7 of X is the entropy
of its marginal distribution, that is

Hr (X) = —E log p¥ (X).

If Hy (X)/ T has a limit when T tends to infinity, this limit is called the entropy rate
of the process and is denoted by H(X).

The next result, stated here for stationary and ergodic sequences is of paramount
importance in information theory. Note that its proof is based on Birkhoff’s ergodic
theorem.

Theorem 4.28 (Ergodic Theorem of Information Theory) Let X = (X;);eT,
with T = Ry or N, be a stationary and ergodic stochastic process. Suppose that
the marginal distribution of X = (X;):e[0,1] has a density p)T( with respect to the
Lebesgue or counting measure, for all T. If the entropy rate H(X) is finite, then
—log p)T( (X)/T converges in mean and a.s. to H(X).

Explicit expressions of H(X) for jump Markov and semi-Markov processes will
be developed in the next chapter.

Other notions of stationarity exist, less strict and more convenient for applica-
tions; we define here only first and second order stationarity.

Definition 4.29 A second order process X is said to be weakly stationary:

1. to the order 1 if E X, = E X;, = mx forall (11, 2) € T.
2. to the order 2 if, moreover, Rx(t1,t) = Rx(t; + t,t» + 7) forall T € T and
(t1, 1) € T2

The mean and the variance of X; are then constant in ¢, but the X; do not
necessarily have the same distribution.

> Example 4.30 (Sinusoidal Signal (Continuation of Example 4.1)) Let X be as
defined in Example 4.1. Suppose that v is constant, and that ¢ ~ U[—m, 7] and A
are independent variables. Then E X; = 0 and Rx(t1, ) = E (A?) cos[2mv(t; —
12)]/2; hence, this sinusoidal signal is second order stationary. Clearly, it is not
strictly stationary. <

For a second order process, stationarity induces weak stationarity. If X is a
Gaussian process, the converse holds true. Indeed, then E (X;, ..., X;,) = M is
constant and the covariance matrix I'yx, . x, is a matrix valued function of the
differences ¢; — ;. The distribution of (X;,, ..., X;,) depends only on M and I'.
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Further, the covariance function of a weakly stationary process can be written
Rx(t1, ) = rx(t — t1), where rx is an even function of only one variable, called
the auto-correlation function of the process. The faster X fluctuates, the faster rx
decreases.

If X is a second order process, the Cauchy-Schwarz inequality yields |rx (2 —
t1)] < rx(0). The function rx is positive definite; if, moreover, it is continuous,
then it has a spectral representation—by Bochner’s theorem, meaning that it is the
Fourier transform of a bounded positive measure. For example, if T = R (Z),

rx(t) = / ™ ju(dh)
A

where A = R ([0, 2]) and pu is called the spectral measure of the process. If
is absolutely continuous with respect to the Lebesgue measure, its density is called
the spectral density of the process. The term “spectral” designs what is connected to
frequencies.

Then the integral representation of the process follows—by Karhunen’s theorem,

X; = / eMZ(dh),
A

where Z is a second order process with independent increments—see next section,
indexed by A.

> Example 4.31 (White Noise) Let € = (g,),ecz be a stationary to the order 2
centered process, with Vare;,, = 1 and

2 1 )
E (gpem) = 0 = / MM m #£ .
0 2

Therefore, the spectral density of € is constant. All the frequencies are represented
with the same power in the signal, hence its name: white noise, by analogy to white
light from an incandescent body. <

> Example 4.32 (ARMA Processes) An MA(q) process X is obtained from a white
noise € by composition with the function f(xi,...,x,) = ZZ:I brx,_k, called
linear filter. We compute E (X, X,,1,,) = ZZ: | bkbmk. The spectral density of X
is obtained from that of &, that is

1 d —ikA 2
hx () = zn‘Zbke ‘ .
k=1
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In the same way, an AR(p) process Y is obtained by recursive filtering of order p
from €, and

1 d —ika| 72
G = ‘ > age ‘
k=1

Finally, the spectral density of an ARMA(p, q) process Z is

LI e
27 | Zlf:l akefik)\|2 ’

for A € [0, 27]. <

hz (L) =

Just as strict stationarity, strict ergodicity is rarely satisfied in applications, and
hence weaker notions of ergodicity are considered.

Definition 4.33 A random sequence (X},) is said to be:

1. first order (or mean) ergodic if the random variable X is a.s. constant.

2. second order ergodic if, moreover, for all T € R, the random variable X(m) is
a.s. constant.

Mean ergodicity is satisfied under the following simple condition.

Proposition 4.34 A random sequence (Xy) is first order ergodic if and only if its
covariance function Rx is summable.

Proof For a centered sequence X.
We compute

1 N—1 2 1 N N
E(, X_(j)x) = 2 2 O Rx(nm)

n=1 m=1

If the sequence is first order ergodic, ]1, Zflvzl X, converges in L? to a constant, so

IN—
Z Rx(n,m) < +o00.

||[\12

Conversely, if Rx is summable,

N—-1N-1

ZZRX(nm)—>O N — +oo.

n=0 n=0

1
N2

and the sequence is first order ergodic. O
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Stationarity and ergodicity are not equivalent, as shown by the following
examples.

> Example 4.35 A process X constant with respect to ¢, equal to some random
variable V, is obviously stationary. Since X = V/, it is first order ergodic only if V
is a.s. constant.

By linearity of integration, the sum of two ergodic processes is ergodic too. The
sum of two independent second order stationary processes is second order stationary
too. On the contrary, the sum of two dependent second order stationary processes is
not stationary in general.

Finally, let X be a process and let V be a random variable independent of X. If X
is stationary, the processes (V X;) and (X; + V) are stationary too; on the contrary,
if X is ergodic, (V X;) and (X; + V) are ergodic too only if V is a.s. constant. <

If the process is only weakly stationary and ergodic, the ergodic theorem does not
hold in general. Still, the following result holds true. In this case, the mean power is
equal to the instantaneous power.

Proposition 4.36 If (X,) is stationary and ergodic to the order 2, then EX, = X
forn € Nand X(m) = rx(m) + X2 a.s. form € N.

Proof The random variable X is a.s. constant, and all the X, have the same
distribution, so E X, = X by linearity. In the same way, since EX,, = E X, ,, =X
and rx(m) = E (X, Xn+m) — E X, E X,,1,, does not depend on n, we can write

2

1 N-1 1 N-1
xm) = Y B (X Xogm) — (N ;)X) ,

n=0
and rx(m) = X(m) — X_ as. 0
Thus, the moments of the marginal distributions of weakly stationary and ergodic
sequences appear to be characterized by time averaging, that is by the knowledge
of one—and only one—full trajectory. This explains the importance of ergodicity in
the statistical study of marginal distributions.

4.3  Processes with Independent Increments

Numerous types of processes have independent increments, among which we will
present the Brownian motion, Poisson processes, compound Poisson processes, etc.
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Definition 4.37 Let X = (X;);eT be a stochastic process adapted to a filtration
(Ft),where T=RorT =N.

1. The process is said have independent increments if for all s < ¢ in T, the random
variable X; — X is independent of the o -algebra Fy.

2. The process is said to have stationary increments if the distribution of X, — Xj,
fors < tin T, depends only on t — s.

3. A process with independent and stationary increments is said to be homogeneous
(with respect to time).

When T = N and X is a process with independent increments, the random variables
Xi9o Xt; — X195 .- +» Xy, — Xi,_, are independent for all » € Nand fp < #1 <

- < ty. Since X, = Z?ZI(X,- — Xi_1), knowing a process with independent
increments is equivalent to knowing its increments. If X is a homogeneous process,
then necessarily, Xo = 0 a.s.

Let us now present a typical process with independent increments, the Brownian
motion. It is an example of Gaussian, ergodic, non stationary process, with
independent increments. A trajectory of a Brownian motion is shown in Fig. 4.1.

Definition 4.38 The process W = (W;);cRr, taking values in R, with independent
increments and such that Wy = 0, and for all 0 < #1 < 1,

Wtz - th NN(Oa t2 - tl)a

is called a standard Brownian motion (or Wiener process) with parameters v and o2,

0.5

0.0 A

-1.0 T T T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Fig. 4.1 A trajectory of a Brownian motion
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The process W = (W;);er, taking values in R, with independent increments and
such that Wy = 0, and for all 0 < 11 < 17,

Wy, — Wiy ~ N(w(ta — 1), (12 — 11)),

is called a Brownian motion with drift parameter v and diffusion parameter 2.

Considering the random walk (S,) of Example 1.77, with p = 1/2, yields an
elementary construction of a Brownian motion. Indeed, setting

X: =Smr;, teRy

defines a continuous time process. If t = nT, then E X; = 0 and Var X; = tsz/T.
Let now ¢ be fixed. If both s and T tend to O, then the variance of X; remains fixed
and non null if and only if s ~ /T

Let us set s> = o>T where 62 € R?* and define a process W by

Wi(w) = TligloX[(w), teRy, we Q.

Taking the limit yields E W; = 0 and Var W; = ot.

Let us show that W, ~ A(0, o%t) by determining its distribution function at any
weR . Setr =w/sand T = t/n. If w and ¢ are fixed and T tends to 0, since
s ~ VT, we getr ~ /n. Since P[X,7 = (2k—n)s] = (}) p* (1 — p)" ¥, we obtain
by applying de Moivre-Laplace theorem

r/J/n 1

2
P(S, <rs)~ f e "2 ds,
" —00 \/27‘[
or, since 7/ /n = w/volt,
w/No2t 1
P(W, < w) ~ / e 1,
—00 «/27'[

Let us show that if 0 < #; < £, < t3, then W, — W;; and W;; — W,, are
independent. If 0 < n; < ny < n3, then the number of “heads” obtained between
the n1-th and the n>-th tossings is independent of the number of “heads” obtained
between the n>-th and n3-th tossings. Hence S,,, — S, and S,,;, — S, are independent,
and taking the limit yields the result.

Finally, let us compute the covariance function of W. If #; < 1, then W;, — W},
and W;, — Wy are independent. But Wy = 0, so

]E [(Wt2 - Wt])Wl‘l] = []E (Wt2 - Wt])]E Wt] = 0
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Since we also have E[(W;,, — W;)W,] = EW,W,,) — E (W,zl), we obtain
E (W, W;) = EW? =011, or Rw(t1,12) = 0(11 A1p).

Note that X, /+/n = Sinr1/+/n gives an approximation of W; that can be simulated
as a sum of Bernoulli variables.

4.4 Point Processes on the Line

A point process is a stochastic process consisting of a finite or enumerable family
of points set at random in an arbitrary space, for example gravel on a road, stars in a
part of the sky, times of occurrences of failures of a given system, positions of one
of the basis A, C, G, T of an DNA sequence, etc.

In a mathematical sense, a point can be multiple. Even if the space to which
the considered points belong can be any topological space, we will here consider
RY, for d > 1. After some general notions on point processes we will present the
renewal process and the Poisson process on R .

4.4.1 Basics on General Point Processes
The point processes are naturally defined through random point measures.

Definition 4.39 Let 1 be a measure on (R, B(R?)) and let (x;);c; be a sequence
of points in R?, with I ¢ N. If

/L:Z(Sxiy

iel

and if u(K) < +oo for all compact subsets K of R4, then p is called a point
measure on R¥.

A point measure is a discrete measure. The multiplicity of x € R? is u({x}).
When 1({x}) = 0 or 1 for all x € R?, then y is said to be simple. If u({x}) = 1 for
all x € RY, the measure (A) is equal to the number of points belonging to A, for
all A € B(RY).

Definition 4.40 A function i : Q x B(RY) — R such that u(w, -) is a point
measure on R? for all @ is called a random point measure on R9.

When p(w, {x}) = 0 or 1 for all ® and x, the random measure w is also said to be
simple.
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> Example 4.41 Let n points in R? be set at random positions X1, ..., X,. A
random point measure on R is defined by setting for all A € B(R?),

1(A) =) 8x,(A),
i=1

the random number of points belonging to A. <

> Example 4.42 Let (T,),en+ be the sequence of times in Ry of failures of a
system. Then setting for all s < 7 in R,

uls. 1) =Y 87, ([s. 1]),

i>1

the random number of failures observed in the time interval [s, ¢], defines a random
point measure on R . <

Let M, (Rd) denote the set of all point measures on R4,
Definition 4.43 A function N : Q@ x B(RY) — M » (R9) such that N(-, A) are
random variables for all A € B(RY) is called a point process.
The variables N (-, A), taking values in N, are called the counting random
variables of the point process N, and the measure m defined by
m(A) =E[N(, A)], A eBRY,

is its mean measure.

Each point process N is associated with the random point measure p defined by

n(, A) = /ﬂAdM = N(, A).

It is said to be simple if m is simple.

Thus, N(w, A) counts the number of points of the process belonging to A for the
outcome w € 2. Note that m(A) can be infinite even when N (-, A) is a.s. finite.

If m has a density A : RY — Ry, that is m(dx) = A(x)dx or P[N(-,dx) =
1] = A(x)dx, or

m(A):/A(x)dx, A € B(RY),
A

then the function A, called the intensity of the process N, is locally summable—
meaning that A is integrable over all bounded rectangles of R,
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Let us present some properties of integration with respect to a point measure.
Let f : R? — R be a Borel function and y a point measure on R?. The integral
of f with respect to u is

nif) = / fdp = Z/ fds = "85(f) =) f(x).
R? ier VR iel iel

The mean is
EN(f) = f fdm,
Rd

and the Laplace functional associated with N is defined as

Ly(f)=E (eXP [— /1;1 JENC, dX)D .

Especially, if f is positive and if N = anl 8x,, then

Ly(f) =E (exp| = D" £ x0)]).

n>1

The Laplace functional characterizes the distribution of a point process. Indeed,
the distribution of a point process N is given by its finite-dimensional distributions,
that is by the distributions of all the random vectors (N (-, A1), ..., N(-, A)) for
n>1land Ay,..., A, € B(Rd). The function

LN<Xn:s,-]lAi> —E (exp [ - Xn:s;N(~, A,-)])

i=1 i=1

is precisely the Laplace transform of the distribution of (N (-, A1), ..., N(:, Ay))
that characterizes its distribution.

4.4.2 Renewal Processes

Renewal processes are punctual processes defined on R, modeling many experi-
ments in applied probability—in reliability, queues, insurance, risk theory. .. They
are also valuable theoretical tools for investigating more complex processes, such as
regenerative, Markov or semi-Markov processes. A renewal process can be regarded
as a random walk with positive increments; the times between occurring events are
ii.d. It is not a Markovian process but a semi-Markov process, that is studied by
specific methods.
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Xi(w)Xp(w) Xnlw)
So(w) =0 Sl (w)Sz(w) Sn,fl(w) Sn (UJ)
t

Fig. 4.2 A trajectory of a renewal process, on (N; = n)

Definition 4.44 Let (X,) be an i.i.d. sequence of positive variables. Set
So=0 and S, =X1+---+Xn, n>1 4.4)

The random sequence (S,) is called a renewal process. The random times S, are
called renewal times. The associated counting process is defined by N = (Ny)ser,
where

Ny =) Ao(Sy) =inf(n > 0:S, <1}, teRy. (4.5)

n>0

Generally, (X)) is the sequence of inter-arrival times of some sequence of events,
and N; counts the number of events in the time interval [0, 7]. Note that (N; = n) =
(Sp—1 <t < §;) and that Np = 1. A trajectory of a renewal process is shown in
Fig.4.2.

When each of the variables X, has an exponential distribution with parameter A,
the counting process N is called a Poisson process with parameter A, in which case
itis usual to set Ny = O; the Poisson processes will be especially investigated in the
next section.

A counting process can also be regarded as a simple point process. Indeed,

N(,A) = ZSSn (A), AeBRy), (4.6)

n>0
defines a point process, and we obtain for A = [0, 7],
NI‘:N('a [Oat])a tZO

D> Example 4.45 (A Renewal Process in Reliability) A new component begins
operating at time Sy = 0. Let X denote its lifetime. When it fails, it is automatically
and instantly replaced by a new identical component. When the latter fails after a
time X», it is renewed, and so on.

If (X,,) is supposed to be i.i.d., then (4.4) defines a renewal process (S,) whose
distribution is that of the sum of the life durations of the components. The counting
process (Ny);er, gives the number of components used in [0, ¢], of which the last
component still works at time ¢. <
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The expectation of the counting process at time ¢ (or expected number of
renewals), is

m(@t) =EN, =) P(Sy <0,

n>0

and m is called the renewal function. If the variables X, are not degenerated, this
function is well-defined. Therefore, we will suppose thereafter that F/(0) < 1, where
F is the distribution function of X,. The distribution function of S, is the n-th
Lebesgue-Stieltjes convolution of F, that is

F*™ () = f F*=D¢ — x)dF(x),
Ry
with F*O(r) = 1g, () and F* (1) = F(¢), so that

m(t) = Z F*™ 1), teRy. 4.7

n>0
The mean measure m of the point process (4.6) is given by
m(A) =EN(,A), AeBRy),

and we have m(t) = m ([0, t]) pour t € R,. Note that we use the same notation for
both the renewal function and the mean measure.

When F is absolutely continuous with respect to the Lebesgue measure, the
derivative of the renewal function A(f) = m/(¢) is called the renewal density (or
renewal rate) of the process.

Proposition 4.46 The renewal function is increasing and finite.

Proof For all s > 0, we have N;ys > Ny, so m is increasing.
Assume that F(¢) < 1 forz > 0. Then F*™ () < [F(¢)]" for all n, and hence

1

2
MO S THFO+FOF +0

so m(t) is finite. The general case is omitted. |

Relation (4.7) implies straightforwardly that m (¢) is a solution of

t
m() =1 +/ m(t —x)dF(x), teR;.
0
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This equation is a particular case of the scalar renewal equation
h=g+Fxh, (4.8)

where /i and g are functions bounded on the finite intervals of R . The solution of
this equation is determined by use of the renewal function m, as follows.

Proposition 4.47 If g: Ry — R is bounded on the finite intervals of R, then

(4.8) has a unique solution h: R, — R that is bounded on the finite intervals of
R, given by

t
h(t) =mx*g(t) = / gt = x)dm(x),
0

where m is defined by (4.7), and extended to R_ by 0.

Proof We deduce from (4.7) that
Fx(msxg)=Fxg+FPxgt...=mxg—g.

Thus, m * g is a solution of (4.8).

Suppose that k: Ry — R is another solution of (4.8) bounded on the finite
intervals of R. Then h — k = F « (h — k). Since F*™ tends to zero when n tends
to infinity and k — & is bounded, it follows that 1 — k = F*M & (h — k) and hence
k=h. |

Many extensions of renewal processes exist.

If Sop is a nonnegative variable not identically zero, independent of (X,,) and with

distribution function Fy different from the renewal distribution function F', then the
process (.5,) is said to be delayed or modified. When

Fo(x) = l/x[l—F(u)]du, x >0,
w Jo

the delayed renewal process is said to be stationary.
Definition 4.48 Let (Y,) and (Z,) be two i.i.d. nonnegative independent random
sequences, with respective distribution functions G and H. The associated process
defined by

So=0 and S, =S,.1+Y.+Z,, n>1,

is called an alternated renewal process.
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Y1 (w) Y2 (w) Yg(w)

i) 2 () L Zs(e) |

OZSO(LU) Sl(w) Sz(w) Sg(u})

Fig. 4.3 A trajectory of an alternated renewal process

Such an alternated renewal process (S;) is shown to be a renewal process in the
sense of Definition 4.44 by setting X, = Y, + Z, and F = G * H. A trajectory of
an alternated renewal process is shown in Fig. 4.3.

Still another extension is the stopped renewal process, also called transient
renewal process.

Definition 4.49 Let (X,) be an i.i.d. random sequence taking values in R, with
defective distribution function F. The associated renewal process defined by (4.4)
is called a stopped renewal process.

The life duration of this process is T = Zflv:l X,,, where N is the number of events
at the stopping time of the process, defined by

(N=n)= (X1 <+00,..., X,y <+00, X1 = +00).

> Example 4.50 If N has a geometric distribution on N* with parameter ¢, then the
distribution function of T is

Fr) =Y F*™)1 -9 q.

n>1

Indeed, P(N = n) = (1 — ¢)" !¢ for n > 1, and the distribution function of T
follows by Point 2. of Proposition 1.73. <

> Example 4.51 (Risk Process in Insurance) Let u > 0 be the initial capital of an
insurance company. Let (S,) be the sequence of times at which accidents occur,
and let N = (N;) denote the associated counting process. Let (¥;;) be the sequence
of compensations paid at each accident. The capital of the company at time ¢ is
U =u-+ct— ZQJ;I Y,, where c is the rate of subscriptions in [0, 7]. A trajectory
of such a process is shown in Fig. 4.4. The time until ruin is 7.

The linked problems are the ruin in a given time interval, that is P(U; < 0)
with limit P(lim;,—, 1 o U; < 0), and the mean viability of the company, that is
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Ylj(w) :
“ Ya(w) |
/Yg(w) :
Yi(w)
Xl(w) XQ(OJ) Xg(w) X4(w) :
0 S1(UJ) SQ(UJ) Sg(w) S4(w)

Fig. 4.4 A trajectory of a risk process

EU;, > 0. Different approaches exist for solving these issues, involving either
renewal theory or martingale theory. Note that a particular case of risk process,
the Cramér-Lundberg process, will be presented in the next section. <

Renewal process can also be considered in the vector case. Another extension
will also be studied below, the Markov renewal process.

4.4.3 Poisson Processes

The renewal process whose counting process is a Poisson process is the most used
in modeling real experiments. We keep the notation of the preceding section.

Definition 4.52 If X,, ~ £(}) for n € N*, the counting process N = (N;);er,
defined by (4.5) p. 195 for t € R, with Ny = 0, is called a homogeneous Poisson
process with intensity (or parameter) A.

Thanks to the absence of memory of the exponential distribution, the probability
that an event occurs for the first time after time s + ¢ given that it did not occur
before time ¢ is equal to the probability that it occurs after time s. More generally,

the following result holds true.

Theorem 4.53 A Poisson process N with intensity A is homogeneous—with inde-
pendent and stationary increments—and satisfies Ny ~ P(At) fort € Ry.

Proof Let us show first that N; ~ P(\t) for all + > 0. We have

P(Ny = k) =P(Sk = 1) = P(Sk41 = 0).



4.4 Point Processes on the Line 201

According to Example 1.66, S, ~ y(n, 1), so

X 1 n—1 A k
P(S, < x) =/ Ae Ml dr =1 —e*“Z( *) ,
o (n—1)! ~ K

and hence P(N; = k) = e M (x)* /k!.
Let us now show that the increments of the process are independent. We begin
by determining the joint distribution of N, and N, for 0 <s < t.

P(Ny =k, N, =n) =

=P(Sr <s5 < Sk+1, Sy <t < Sn—i—l)

1 —x
= / ]l[xk,le[(s))»"Jr e x”“]l]xmxnﬂl(t)dxl coedXng
n+1

where E, = {0 < x1 < --- < x,,}. Thus, by Fubini’s theorem,
P(Ng =k, Ny =n) =

+00
= / Lo [OA Ly toof (D)dx1 - .. dxy / re Ml dx,
t

=A"e—“/ Ly 1) Ly oo (Ddx1 . . dxy
E,

Y Sk (t — s)nfk
k! (n —k)!

=)»"ef)‘t/ dxl...dxk/ dxpi1...dx, =\'e ,
E F

where £E = {0 < x1 < - <xx <stand F = {s < X441 < -+ < x5 < t}.
Therefore,

OO L XY

P(N; =k Ny =Ny =D =e¢ ™" n

and the result follows. O

Note that Theorem 4.53 can also be taken as an alternative definition of the
Poisson process, under the following form.

Definition 4.54 A stochastic process N = (N;);er, is a homogeneous Poisson
process if it is a process with independent and stationary increments such that N; —
Ny ~P(A(t —s)) forallt > s > 0.
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Indeed, the associated renewal process can be defined by So = 0 and then S,
recursively though the relation (N; = n) = (S, < t < Sp+1). Setting X,, =
Sy — Sp_1, we get P(X| > t) = P(N; = 0) = e~*, and hence X| ~ £(1).

The Poisson process can also be defined more qualitatively, as follows.

Definition 4.55 A stochastic process N = (N;);er, is a Poisson process if it is a
process with independent increments such that t —> N, () is for almost all w an
increasing step function with jumps of size 1.

Let us now define the compound Poisson process.

Definition 4.56 Let N be a (homogeneous) Poisson process. Let (¥;,) be an i.i.d.
random sequence with finite mean and variance, and independent of N. The
stochastic process & defined on R by

N
=) Y, >0, (4.9)
n=1

with & = 0if N, = 0, is called a (homogeneous) compound Poisson process.
The compound Poisson process has independent increments.

> Example 4.57 (Cramér-Lundberg Process) With the notation of Example 4.51,
we suppose here that (Y),) is i.i.d. with distribution function G with mean p and that
N is a homogeneous Poisson process with intensity A independent of (Y¥},). Thus, the
process & defined by (4.9) is a homogeneous compound Poisson process, and (U;)
is called a Cramér-Lundberg process.

We compute EU; = u + ct — EN,EY] = u + ct — Aut. This gives a condition
of viability of the company, namely ¢ — A > 0. The probability of ruin before time
tisr(t) =P(U; <0) =P(& > u + ct). Since the distribution function of & is

n n

P& =0 =Y P(D ¥isxNo=n)=)P(} ¥ =x)PN =n
n>0 i=1 n>0 i=1
= Ze*’\’ ()Z!)n G* ™ (x),

n>0

we get

A"
r(t) = Z e M ( n') G* ™ (u + ct).
n>0 ’
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The probability of ruin of the company—in other words the probability that the life
duration T of the process is finite—is

P( lim U, <0)=P(T < 4o00) = lim r(t),
t——+o0 ——+0o0

but this quantity remains difficult to compute under this form. <

4.4.4 Asymptotic Results for Renewal Processes

All throughout this section, (S,) will be a renewal process such that 0 < p =
E X1 < +o00, with counting process (N;);cr, - Recall that m(z) = E N; defines the
renewal function of the process, and that we suppose F(0) < 1, where F is the
distribution function of X,,.

Proposition 4.58 The following statements hold true:

1. S, tends a.s. to infinity when n tends to infinity.
2. S, and N; are a.s. finite for alln € Nandt € RY.
3. N; tends a.s. to infinity and m(t) tends to infinity when t tends to infinity.

Proof

1. The law of large numbers implies that S, /n tends a.s. to u, so S, tends a.s. to
infinity.
2. Since (S, <t) = (N; > n + 1), it derives from Point 1. that N; is a.s. finite.
Moreover, (S, < +00) = N_(X; < +o0) forn € N¥, and X, is P-a.s.
finite, so S, is a.s. finite for all n € N*,
3. We compute

P( lim N; < +00) = P[Up=1(X, = +00)] < Y P(X, = +00) = 0.
t— 400

n>1

Therefore, N; tends a.s. to infinity, from which it follows that m(¢) tends to
infinity. O

Proposition 4.59 The following convergence holds true,

1 as. 1
N, — , t— +4o0.
t I

The induced convergence of m(t)/t to 1/p is known as the elementary renewal
theorem.
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Proof Thanks to the law of large numbers, S, /n tends a.s. to . Moreover, N; is
a.s. finite and tends a.s. to infinity when ¢ tends to infinity. Thanks to Theorem 4.17,
Sn,/N; tends a.s. to u, and the inequality

S, t Sn+1 N +1
< <
Ny T N N+1 N

yields the result. O

> Example 4.60 (Cramér-Lundberg Process (Continuation of Example 4.57)) We
have

Ny
1 u N; 1
U, = — X,.
gor= g te tN,nz_:l"

According to Proposition 4.59, N;/t tends to 1/A. Hence, thanks to Theorem 4.17,
U/t tends a.s. to ¢ — /A when ¢ tends to infinity. <

The next result is an extension of the central limit theorem to renewal processes.
Theorem 4.61 If0 < 0> = Var X| < 400, then

Ny —t
Pt/ i>./\/'(0, 1), t— +oo.

Vie?/ud

3 /N, 1
)
o2\t pu
We compute P(Z, < x) = P(N; < 1/u+xy/ta2/u3). If n; denotes the integer part
of t/u + xy/ta2/u3, then

Proof Set

Sy, — t—
Mthx):P(Sn,zt):P( ny nzM> ntﬂ>.

oJn; T o

By the central limit theorem, (S, — n;1)/0 \/n; tends in distribution to a standard
Gaussian variable. Moreover, n; ~ x\/ to2/u3+1t/u when t tends to infinity. Hence

t—nu ~ —x\/toz/u and o /n; = o/t/p,s0 (t —n;u)/o/n; = —x, and the
conclusion follows. O
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We state without proof the following two renewal theorems. A distribution
function F is said to be arithmetic with period § if the distribution is concentrated
on{xo+ndé : n € N}.

Theorem 4.62 (Blackwell’s Renewal) If F is a non arithmetic distribution func-
tion on Ry, then, forall h > 0,

m(t) —m(t —h) — h, t — +oo. (4.10)
w

If F is arithmetic with period §, the above result remains valid provided that % is a
multiple of §.

> Example 4.63 (Poiison Process) 1In this case, F(t) = (1 — e‘“)ll]R+ (1), whose
Laplace transformis F'(s) = A/(A+s). Moreover, Ny = 0, so the Laplace transform
of m is

- R
m(t)=;(F(s)) =) ="

Inverting Laplace transform yields m () = At. Thus, the relation m () —m(t —h) =
Ah holds for all ¢ > h. <

In order to state the key renewal theorem, let us introduce the direct Riemann
integrable functions.

Definition 4.64 Let g be a function defined on R .. Let m, (a) denote the maximum
and m,, (a) the minimum of g on [(n — 1)a, na], for alla > 0. Then g is said to be
direct Riemann integrable if ), m,(a) and }_,. m,(a) are finite for all a > 0
and if limg—0 Y ooy m, (a) = limg—0 > oo my(a).

D> Example 4.65 Any nonnegative, decreasing function integrable over R is direct
Riemann integrable. Indeed, we get

> “(ma(a) —m, (@) < g(0).

n>1

Any nonnegative function integrable over R and with a compact support is also
direct Riemann integrable. <

Theorem 4.66 (Key Renewal) If Fis a non arithmetic distribution function on R
and if g : Ry —> Ry is direct Riemann integrable, then

t +00
/ gt —x)dm(x) — ! / gx)dx, t— +oo. 4.11)
0 nJo
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If F is arithmetic with period & and if } ;. g(x + k) < +oo, then

8
m* g(x +nd) — Zg(x + k8), n — +oo.
k>0

Note that Blackwell’s renewal theorem and the key renewal theorem are equivalent
in the sense that (4.10) and (4.11) are equivalent.

For stopping renewal processes, the key renewal theorem takes the following
form.

Proposition 4.67 Let F be a defective distribution functionon Ry. If g : Ry —>
R is direct Riemann integrable and such that g(400) = limy_, 1 o g(t) exists, then
the solution of the renewal equation (4.8) p. 198 satisfies

g(+00)

h(t) =mxg(t) — , — +00,
q

where ¢ = 1 — F(+00).

Proof According to Proposition 4.47, h(t) = m x g(t). According to relation (4.7)
p- 197, the limit of m(¢) when ¢ tends to infinity is

1 1

1+ F(400) + F(4+00)” + | F(+00) g

9

and the result follows. O

> Example 4.68 (Cramér-Lundberg Process (Continuation or Example 4.57)) Let
us determine the probability of ruin of the Cramér-Lundberg process. Set {(u) =
P(T = 400) =1 —P(T < +00), where T is the time of ruin of the process. We
compute

+0o0 u+-cs
((”)2/ / P(Sy eds, Y1 €dy, T o0y = 400)
0 0
+0o0 u+-cs
= / / P(S1 € ds)P(Y1 €dy, T o605 = 400 | S1 =)
0 0
+o0 u+cs
= / ]P)(Sl € ds)/ P(T (o) OS = 400 | Sl =y, Yl — y)]P)(Yl IS dy)
0 0

+0oo u+cs
= / )\e_)‘sds/ C(u+cs —y)dG(y).
0 0
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By the change of variable v = u + cs, we get

—+00 v
cu) = AO/ e_)‘O(”_“)dv/ (v —Y)dG(y) = roe™g(u),
u 0

where

+00 v
g = [ [ roe 0 Pavew - »aG o).
u 0
and A9 = XA/c. Differentiating this relation gives

¢’ () = hoe*" [Rog ) + g’ ()] = Aot (u) — 20G * L (u) = Aol — Gl ¢ (u).

Integrating the above differential equation on [0, «] yields

¢(u) =¢(0) +)»o/0 Cu =y —=G6Hyldy, u=0. (4.12)

This equation is a renewal equation with defective distribution function with density
L(y) = rl[l — G(y)], where L(4+00) = Ao < 1. The case L(4+00) = 1 is
excluded because then ¢ (#) = O for all u € R.. Thanks to the key renewal theorem
for stopped renewal processes,

()
or, finally, since ¢ (400) = 1,
A
co=1-""
c

This allows the computation of ¢ («) for all u € R through (4.12).

We have considered only nonnegative Yj. The result remains valid for any
variable Y7: it is sufficient to take —oo and u + c¢s instead of 0 and u + cs as bounds
of the second integral in the above computation of ¢ (u). <

4.5 Exercises

V Exercise 4.1 (The AR(1) Process on N) Let (g,),cn be a white noise with
variance 1. Let a €] — 1, 1[. An AR(1) process on N is defined by setting X,, =
aX,_1+ &, forn > 0and X¢ = &.

1. a. Write X,, as a function of &g, ..., &, and determine its distribution.
b. Determine the characteristic function of X,,.
c. Give the distribution of (Xo, ..., X,).
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2. Show that:
a. (X,) converges in distribution and give the limit.
b. (Xo + ---+ X,)/n converges in probability to 0;
c. (Xo+ -+ X,)/+/n converges in distribution; give the limit.

Solution

1. a. Forn > 1, we have X,, = Z'Il,:la”_”el,, and hence E X,, = 0 and

1 — g2 +D)
VarX, =a” +---4+a>+1= )
1—a
b. Since (eq,...,&,) is a Gaussian vector, X, is a Gaussian variable, so the

characteristic function of X, is

ox, (1) = exp(_ 1 — g2m+D 2)

1 —a?
c. The vector (X, ..., X;) is a linear transform of the standard Gaussian vector
(e1, ..., &n), sois a Gaussian vector too, with mean (0, . . ., 0) and covariance

matrix given by
J+k

J
Cov (X, Xj0) = E(X;X 40 =E [ (Y al™Pe,) () al7z,)]
p=0 q=0

J 2(j+1)
1 —a¥
— gk 20 _ k
=a E at= . . e

2. a. Clearly, ¢y, (¢) tends to exp[—t2 /(1—a*)],s0 X, converges in distribution to
a random variable with distribution A/(0, 1/(1 — a?)).
b. We compute

1 Xo 1 a1y
n(X0+"'+Xn): ) +nz;(aX,;1+8i):nZ;Xi+nZ£8i
i= = =

a a 1 &
n(Xo+---+Xn>—an+nZ;si.
1=

We know that X, ~ AN(0, (1 —a?>®*D)/(1 —a?)), so X,/n converges to
0 in probability. Moreover, by the strong law of large numbers, Y _&;/n
converges a.s. to 0. Therefore, (1 — a)(Xo + - - - + X,)/n converges to 0 in
probability, and hence (Xo + - - - + X;)/n too.
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c. In the same way, by the central limit theorem, ) ;_ &; //n converges in dis-
tribution to A/(0, 1), so (1 —a)(Xo+- - -+ X,)/+/n too, from which it follows
that (Xo + - - - + X,,)/+/n converges in distribution to (0, 1/(1 — a)?). A

V Exercise 4.2 (Generalization of AR and MA Processes) Let (y,) be a
sequence of i.i.d. standard random variables. Let 6 €] — 1, 1[.

1.SetV, =y +0y+---+60""1y, forn e N*.
a. Show that V,, converges in square mean—use the Cauchy criterion.
b. Set V.=3,.,6"!y;. Show that V, tends a.s. to V.
2. Let Xo be a random variable independent of (y;). Set X,, = 0X,—1 + y;, for
n>1.
a. Show that V,, and X,, — 60" X have the same distribution forn > 1.
b. Let p denote the distribution of V. Compute the mean and the variance of p.
Show that X, tends in distribution to p.
c. Assume that Xo ~ p. Show that X, ~ p for all n.

Solution
1. a. We have

E (Vi — Vitm)? = E O Y1 + -+ 0"y )?

n—1
= OPUE () +2) 0" O E (i Yme )
i=0 i<j

so that E (V,,, — Vn+m)2 = Z?;ol §2m+1) which converges to 0.
b. According to Proposition 1.80, it is sufficient to show that P(lim |V,, — V| >
g) = 0, or, using Borel-Cantelli lemma, that ano PV, — V| > ¢) is finite

for all ¢ > 0.
Chebyshev’s inequality gives P(|V, — V| > &) < E[(V, — V)?]/%.
Moreover,
2 1 5 ) 92n
E[(Vn - V) ] :E[(9"+ yn+2+9n+ yn+3+...) ]: 1_92’

soP(|V, = V]| >¢) < 92"/(1 — 92)82, and the sum of the series is finite.
2. a. We can write X,, — 0" Xy = 9"71)/1 ~+ -+ ++60yu—_1+ yn, from which the result
follows, because all the y; have the same distribution.
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b. The sequence (V,) converges to V in square mean—so also in mean, hence
EV =lim, 4 EV, =0and

n
VarV =E(V?) = Jim E (V}) = im Z;e?'E WA
i=
b 1T 6% 1

Tacheo 102 162
Since X, — 6" Xy ~ V,, we can write X,, = 0"Xy + U,, where U, is
a variable with the same distribution as V,,. Therefore, (U,) converges in
distribution to p too, and since (8" Xo) converges a.s. to 0, (X,,) converges

in distribution to p.

c. We have Xg ~ V50 60X ~ 3 _ 0" yy1 or 80X ~ 3, 0"y,. Since
Y1 ~ Yo, it follows that X; ~ Zn>0 0" yp; since y,, ~ yn+f for all n, we
obtain X| ~ Zn>0 0" Yn+1, that isX] ~V ~ p. The result follows by

induction.
Note that if p = A(0, 1) and y;, ~ N (0, 1), then X,, is an AR(1) process
and (V;,) is an MA(n — 1) process on N. A

V Exercise 4.3 (Sinusoidal Signals and Stationarity) Let X be the stochastic
process defined in Example 4.1. The variables v, A and ¢ are not supposed to be
constant, unless specifically stated. The variable ¢ takes values in [0, 27 [.

1. Assume that A = 1 and ¢ ~ U (0, 27).
a. Show that if v is a.s. constant, then X is strictly stationary to the order 1.
b. Show that if v is continuous with density f and is independent of ¢, then X is
weakly stationary to the order 2; determine its spectral density 4.
2. Suppose that v and ¢ are constant.
a. Give a necessary and sufficient condition on A for X to be weakly stationary
to the order 1.
b. Can X be weakly stationary to the order 2?
c. Let S = X + Y. Give a necessary and sufficient condition on A and B for §
to be weakly stationary to the order 1, and then to the order 2.
3. Suppose that v is a.s. constant, that A is nonnegative and that A and ¢ are
independent.
a. Give a necessary and sufficient condition on ¢ for X to be weakly stationary
to the order 1 and then 2.
b. Give a necessary and sufficient condition on ¢ for X to be strictly stationary
to the order 1.
c. Let Z be the stochastic process defined by

Z; = Acos(vt + ¢) + Bsin(vt 4+ ¢),
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where ¢ ~ U(0,2m) is independent of A and B. Show that Z is weakly
stationary to the order 2.

Solution

1. a. Setting ¥ = vt + ¢, we obtain X;4+,; = cos(vt + ). Since ¢ ~ U[O0, 2]
and vt is constant for a fixed t, we have ¢ ~ U[vt, vt + 2], and hence
Xt ~ Xt+-[.
b. Wehave E X; = 0and 2E (X; X;+;) = E (cos[v(2t + 1) +2¢]) +E [cos(vT)].
We compute

E (cos[v(2t + ) 4+ 2¢]) =
= E (cos[v(2t + 7)])E [cos2e)] — E (sin[v(2t + 7)) E [sin(2¢)] = 0,

and E [cos(2¢)] = E [sin(2¢p)] = 0, so X is weakly stationary to the order 2,
with r(t) = fR cos(At) f(A)dA. Since r is even and real,

r(t) = / e hO)dL = / 2cos(AT)h(L)dA,
R R,

and hence h(X) = [f(—A) + fF(M)]/4.
2. a. We have E X; = [cos(vt)]E A, so X is weakly stationary to the order 1 if and
only if A is centered.

b. We compute 2E (X; X;4+;) = [cos(2vt + vT) + cos(vt)]E (A2). This is a
function of 7 only if E (A%) = 0, that is to say if A is null. Then the signal
itself is null.

c. Therefore, E S; = [cos(vt)]E A + [sin(v¢)]E B, which is constant in ¢ if and
only if A and B are centered. Moreover,

E (8Si+7r) = (Var A + Var B) cos(vt) + (Var A — Var B) cos(2vt + vr1)
+Cov (A, B) sin(2vt + v1),
so S is weakly stationary to the order 2 if A and B are uncorrelated and have
the same variance.
3. a. We have E X; = [cos(v?)E (cos ¢) — sin(vt)E (sin ¢)]E A, which is constant

int if E (cos ¢) = E (singp) = 0. Similarly,

2E (X Xr40) =

= [cos(vT) + cos(vt + vT)E (cos 2¢) — sin(2vt + vT)E (sin 2¢)|E (Az)

so X is weakly stationary to the order 2 if K (cos¢) = E(sing) = 0 and
E (cos2¢) = E (sin2¢) = 0.
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b. The variables X, = A cos(vt + ¢ + vt) and X; = A cos(vt + ¢) have the
same distribution if (A, ¢ + vt) ~ (A, @) for all t. This condition is fulfilled
if and only if ¢ ~ U(0, 27r) and is independent of A.

c. Since E[cos(vt + ¢)] = E[sin(vr + ¢)] = 0, the process is centered. Set
X; = Acos(vt + ¢) and Y; = B sin(vt 4 ¢). We have

E (ZtZt+r) =E (XIXI+'L’) +E (Yth+r) +E (XthJrr) +E (YIXI‘+'L')'

We compute 2E (X;X;+;) = cos(vr)E (A% and 2E(Y; Yiq:) =
cos(v7)E (B2), and also 2E (X:Yi4¢) = sin(wt)E(AB) = —2E (Y} X;4+¢),
so Z is indeed weakly stationary to the order 2. A

V Exercise 4.4 (Alternated Renewal Process and Availability) Consider a com-
ponent starting operating at time So = 0. When it fails, it is renewed. When the
second fails, it is renewed and so on. Suppose the sequence of time durations (X,,)
of the successive components is i.i.d. and that of the replacing times (Y;) is also
i.i.d. and is independent of (X,,).

1. Show that (S;), defined by So = 0and S, = S,—1 + X,, + Y, forn > 1,isa
renewal process.
2. a. Write the event E;=“the system is in good shape at time ¢ as a function of
(X») and (Sy).
b. Infer from a. the instantaneous availability A(z) = P(E;).
c. f EX| +EY; < 400, compute the limit availability A = lim;— 40 A(2).

Solution

1. The sequence (7,) = (X, + Y,) is i.i.d., and, according to Definition 4.44, (S,)
is indeed a renewal process.
2. a. We can write

Eo= =0 J[ UG =00 G > 1= 5]

n>1

b. Let F and G denote the respective distribution functions of X and Y;. The
distribution function of 7T}, is

t
Ht)=F*xG(t) = / F({t—x)dG(x), t=>0.
0
Therefore, setting R(¢) = 1 — F(¢),

A() =P(E) =P(X1 > 1)+ Y P(Sy <1, Xng1 > 1 — Sp).

n>1
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We compute
P(Sp =1, Xnt1 > 1= 8p) = E[Ls5,<nP(Xng1 > 1 = S | Su)]
= /O R = WAH ).
Thus

t
A(r) = / R(t — y)dM(y) = R % m(t),
0

where M(1) = Y, H*™ (1) and m(t) = 1g, (1) + M(t). Finally, the key
renewal theorem yields

EX

A= lim AQ@) = ,
t—+00 EX+EY

Note that the same problem will be modelled by a semi-Markov process in
Exercise 5.5. A

V Exercise 4.5 (Poisson Process) The notation is that of Sect. 4.4.3.

1. Set U, = S,/n, forn € N*. Show that (U,) and (n'/>(AU, — 1)) converge in
distribution and give the limits.

2. Set V,, = N, /n, for n € N*. Determine the characteristic function of V,,. Show
that (V,,) and ((n/2)Y%(V, — 1)) converge in distribution; give the limits.

Solution

1. Thanks to the law of large numbers, U,, converges a.s. to 1/A, and, thanks to the
central limit theorem, n'/2(AU, — 1) converges in distribution to the standard
normal distribution.

2. We compute

E (™M) = e P(N, = k) =M ) Gaeyt _ e HI=¢"),
k!
k>0 k>0
Hence ¢y, (1) = e—ind—e) converges to ¢/**, and V), converges in distribution
to A. Moreover, Z, = /n(V, — A)/vA = Ny/~/nx — «/nk, so ¢z, W) =
exp[—An(l — e"/NmRyY iy /nA], which converges to e*/2 and Z, converges
in distribution to the standard normal distribution. A
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V Exercise 4.6 (Superposition and Decomposition of Poisson Processes)

1.

Let N and N be two independent Poisson processes with respective intensities
A > 0 and pu > 0. Show that the process K, defined by K; = N; + N;, is a
Poisson process, called superposition. Give its intensity.

. Let N be a Poisson process with intensity A > 0, whose arrivals are of two

different types, A and B, with respective probabilities p and 1 — p independent of
the arrivals times. Show that the counting process M = (M;);cr, of the arrivals
of type A is a Poisson process. Give its intensity.

Solution

1. We can write K; — Ky = (N; — Ny) + (ﬁ, — ﬁs), so K is indeed a process with

independent increments. Moreover,

P(K; =n) =Y PN = m)P(N, =n —m)

m=0

_ Xn: oM o)™ e M ()™= — o~ (it [+ w)t]" )

m! (n—m)! n!

m=0

One can show similarly that K,y — K; ~ P((A + u)s). Proposition 4.54
yields that K is a Poisson process, with intensity A + .

. By definition, the process N is the counting process of the renewal process

associated with the sequence of arrivals times of A and B. These times are i.i.d.,
hence in particular the arrivals times of A are i.i.d., and the associated counting
process is M. Moreover,

P(M, = k) = ZP(M, =k | N, = n)P(N; = n)

n>k
n k —k —\t ()‘t)n —pAt (p)‘t)k
- 1— p) =P .
;k(k)p (=py e, =e¢ k!

One can show similarly that M, ; — M; ~ P(pAs) so that M is a Poisson process
with intensity pA. A
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