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1. INTRODUCTION

In this paper, the class of symmetric alpha stable processes have been considered. It is
a particular family of processes with infinite energy. Theory of these processes have
been covered in numerous papers including Cambanis (1983), Cambanis and Mae-
jima (1989), Marcus and Shen (1989), Masry and Cambanis (1984), Samorodnitsky
and Taqqu (1994), Panki and Renming (2014), Zhen-Qing and Longmin (2016) to
name a few. Symmetric alpha processes are considerably accurate models for many
phenomenons in several fields such as: physics, biology, electronic and electric, hy-
drology, economies, communications and radar applications, see Sousa (1992), Shao
and Nikias (1993), Nikias and Shao (1995), Kogon and Manolakis (1996), Azzaoui ez
al. (2002), Montillet and Kegen (2015), Pereyra and Batalia (2012), Zhong and Premku-
mar (2012), Ligang and Zidong (2015), Panki et al. (2017), Brice et al. (2017).

In this work, a stationary symmetric o stable harmonizable process is precisely
discussed, Z ={Z, : n € Z}. Alternatively Z has the integral representation

z,= f " expli(nA)]dE(N),

—7TT

where 1 < o <2and & is a complex valued symmetric a-stable random measure on R
with independent and isotropic increments. The measure defined by m(A) = |£(A)|2
(see Masry and Cambanis, 1984) is called "control" measure or spectral measure. Sup-
pose that this measure is absolutely continuous with respect to Lebegue measure:
md(x) = ¢(x)dx. The function ¢ is called the spectral density. The spectral den-
sity function was already estimated by Masry and Cambanis (1984), when the time of
the process is continuous, by Sabre (1995) when the time of the process is discrete and
by Sabre (2012) when the time of the process is p-adic.

In this work, we consider the case where can not be observed this process without an
unknown constant error. The process X, =a + Z, is observed instead of the process
Z alone.
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Our goal is to estimate this constant a, when the spectral measure is the sum of
an absolutely continuous measure with respect to Lebesgue measure and a discrete
measure

q
du(D)=d(x)dx+ > c;8,,,

=1

where & is a Dirac measure, ¢ is nonnegative integrable and bounded function, ¢,
is unknown positive real number and w, is unknown real number. Assume that
w; # 0. We study the case where the spectral density is zero at origin, particularly

at (1) =sin?* <i) g(A) and ¢(A) = | AP g(A). We show that the rate of convergence

)
is improved in accordance with the value of 5.

This paper is organized as follows. Section 2 gives some definitions and proprieties
of symmetric stable processes and an estimator of the constant  is defined. We show
that this estimate converges in probability to a. Then we show that the estimate con-
verges to a in L, (p < ) which will replace the convergence in mean square because
the second moment of the processes is infinite. In Section 3, the spectral density of
Z is assumed vanishing at origin precisely: ¢(A) = |A|® g(A). We improve the rate of
convergence in accordance with the values of 3. Section 4 is reserved to numerical
studies. Section 5, Appendix, is reserved to prove the elementary results.

2. THE ESTIMATE OF THE CONSTANT a

First, are introduced some basic notation and properties used throughout the paper. A
random variable X is symmetric a-stable (SaS), 0 < a < 2, if its characteristic function

is defined by
px(0)=e"1,

where « is the characteristic exponent and o is the dispersion of the distribution. By
letting o take the values 1 and 2, we obtain two important special cases of (SaS) distri-
bution, namely Cauchy distribution and Gaussian distribution.

The random variables X, ..., X, are jointly (SaS) if there is a single positive mea-
sure Iy on S, unit sphere of R?, where its characteristic function is of the form

dx(04,...,0,) :exp{—L 10,5, +...+9d5d|“dfx<d)(sl,...,sd)}.

d

When X, and X, are jointly (SaS), the covariation of (X, X,) is defined in Camba-
nis (1983) by

(X1, X,], = L 51-(52)<a_1>er1,X2(51a $2)s
2

where s<#> = sign(s).|s|?. This covariation plays the same role as the covariance
because the moment of second order is infinity.

From the definition of the covariation Schilder (1970) defined the following norm
on the linear space of (SaS) random variables

X, =[x, X7/
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The process & = (&, ¢ € R) is symmetric a-stable if all linear combinations 37| A4;&,

are (SaS) variables.
This paper considers a (SaS) process where its spectral representation is

7, = f T eNgE(),

—TT

where & is a isotropic symmetric a-stable with independent increments.

The measure defined by u(Js, ]) =& () —&(s)|? is Lebesgue-Stiel measure called
the spectral measure (see Cambanis, 1983; Masry and Cambanis, 1984). When y is ab-
solutely continuous d u(x) = f(x)dx, the function f is called the spectral density of
the process Z.

As in Demesh (1988), Sabre (1994) and Sabre (1995), we give the definition of the Jack-
son polynomial kernel.

Let Z,,...,Zy observations of the process Z: (Z(n)>
N—1=2%k(—1) with neN keNU{3}

oneN_ 1’ where N satisfies:
SNSN—

ifk :% then n=2n,—1,n €N
The Jackson’s polynomial kernel is defined by: |Hy(A)|* = )ANH N )(/1)‘& where

. (n_/1> 2k 7_[ . nd 2k
o () et [1(25)' s

Qe \ sin(2) 27 )\ sin4

T

In addition, we have Ay, = (BG(’N)771 with B,y = J

H(N)(A)‘ad/l.
We give the following lemmas which are used in the reminder of this paper. Their
proof are given in Section 5.

LEMMA 1. There is a non negative function by, such as

k(n—1)

HNQ) = Z hk(%>cos(m/1).

m=—k(n—1)

2ka

T T

ax and Jyo= | I HARA

—T

!
Sll’l2

LEMMA 2. Let B,y :J

—TT

Sin 3

where y €]0,2].

2 2ka
227'c<—> n?*el f0<a<2
/ T
Then, B, N ik
TR n2/eoz—1

1
f —<a<2
= 2ka—1 fog<e
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n_}/+2/ea 1 , 1 ]/+1
- py— if —<a<t—,
und o< 22ka(y —2ka + 1) nZke 2k 2k
Now = 2kani ke 1. y+1
if ——<a<

2ka(y 4 1)(2ka—y—1)nr 2k

In this paper, we propose an estimate of the constant error a defined by

A= Ay k«il) h <n—/>X(n/+/e(n—1)) )
HN<O) n'=—h(n—1) £ n ’

THEOREM 3. Let p a real number such that 0 < p < a. Then

1
|ﬁ—a|P:O< £>.
na

PROOF. From the spectral representation of the process, the estimator proposed
becomes

A= Ay k«il)l)[})k <%/>Jn exp[i([n/+/e(n—1)]/1)]d§(/1)+a].

HN(O> n'=—k(n— —r

Using Cambanis (1983), the characteristic function of (@ —a) can be written as

AN k((n—1) <n/> »
h/e Z ) ein A
H\(0) Z ) n

n'=—k(n—1

T

—T

d{(/l)].

Eexp[iRer(d—a)]= eXp|:—Ca|r|“f

where r = r, +ir,. It is easy to show that
Eexp[iRe7(a—a)]=exp(=C,|7|*¢n),
where ¢y = ¢y, + ¢y, with

" [HyA L [ Hy(w)"
=| —==¢(ADdAand¢,,=> ¢;——.
a= |G A s =D
The function ¢ being bounded on [—7, 7] and |Hy(.)|* being a kernel, it can be shown

that J |[Hy(A)|* $(A)d A is converging to ¢(0). On the other hand, from Lemma 2,

1 B,y 1
- = =0 =). 2
|Hy(0)|e  nke <n> @

we have

Therefore ¢ | converges to 0.

/
< 9 Ci 1 Ba’]\[
$na < Z / 2ka p2ka’

i=1 Ba,N )sin[%‘w-]

3
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1
ha=0 ()

weoll)

Consequently, the characteristic function of 2 —a converges to 1 when N approaches
infinity. Hence we have the convergence in probability of 4 to 4.

Therefore

Thus

We study now the convergence of 4 to a in L, where 0 < p < @, which replaces
the convergence in mean square, because the second order moment of X is infinity.

zrcos@
J f B ———drdf.

Let

Let t =7'e’” and x = pe'™

Assuming now r =7, =11,
+To 1— ler "cos(t'—1y)
J J T ———————=edr'dl
**+TO | | P|7 | 4
7+7 1 — piMe(éx) 7+7 1 — eiMe(éx)
D |x|p—m€ dlt'd@ —Re d| |d(9/
i+ |1+P |1+p
To

Replacing in this formula x by 4 —a, from the previous result we have

4+701 *CM In
D,Elx|! = J f T T A|de
+TO

| |1+p

*C el gy
= = —dt
2) 2"

Letu = t[ng]% and using (2), we obtain

2 2 1
— 2 —4l? = e I
C,Bli—alf = () =0(—), o
where
— —1 =
Cp,a _Rpr,a (Ca)
with

P

—JLOS(M)duandF —Jﬂdu
— =

]!+ || =
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3. IMPROVEMENT OF THE RATE OF CONVERGENCE

In this section, we study the cases where the spectral density is zero at the origin. We
prove that the convergence rate of the estimator 4 will be improved.

THEOREM 4. Assume that the spectral density is satisfying

(A =1APg(A),

where 3 €]0,2ka—1[, A€ [—r, ] and g(A) is a bounded function on [—m, ], contin-
nous in neighborhood of 0 and g(0) # 0. Then

. p(B+Y)
2kr T < ]\;lm n e Eld—alf < g
— 00

where L is the following constant

TT o0 |Si1’13
L= 0 —=——d
ch,a g( )f—w |”|2ka_’6 *

PROOF. From (2), the function ¢, can be written as

7 |sin 24 e 4 sin[ﬂ] ke
¢N — nZkaJ : i |/1|ﬁg(/1)d/1+ n—zkazci —,f,
—n| Sin 3 i=1 sin [7]
Using the following inequality
sinf‘z£ 0<x<m, 4)
2 T
we maximize ¢ as follows
7 |si ”TA |2/ea q 1 2ka
< ﬂ4kan2kaj A d/{_i_nfﬂea c.
prsrtin | e s s
Putting A = u, we have
4 |2k —2kat1+f 4 |

< k15 f”l_ (L)aus |1
s min —o0 |w|2/€"‘_/3g n " ke ;Ct sin[ 3 |

On the other hand, using Lebesgue’s dominated convergence theorem, we show that

0o |gip X|?ke —2kat148 4 00 |ain ¥ |2k
) ism 3 " n B |sm 3 |
/\}EEQJ # g<2>d”+ tka 2. —g(O)J_OO B du.
®)

2k
1 a

in[ %
sin[ 5 ]

- 1=1
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Lemma 2 gives

N—-oo

VA
’ S511) g - wh 0 +oo |sm |2/ead a
m n « (‘)LN) ST g( ) . ||ZT—,6 u .

Thus ¢ converges to zero. Using the following inequality
sinx| < x| Vx €[—m, 7], 6)

we obtain

A |2k

sin =

¢N224kan2kaf ‘MlzTﬁg</1>d/1+n Zkazc

2ka

sin [ 2221

2
in[ %
s1n[2]

7l 2ka
sin
¢N224kan_ﬁ—1 J |||ZTa|—ﬂg< Ydu+R, |,

2ka

n—zka+ﬂ+1 . .
. Since R, converges to zero, the equality (5)

sm[
Slﬂ[

]
]

2
. pB+Y 2 4k oo |Sin%|2ka ’
lim n7 = (¢y) =27 g(0) ———du | .

q
24ka =1 Ci

where R, =

ol &

gives

N—oo |”|2ka—,8

The first equality of (3) reaches the result of this theorem.

THEOREM 5. Assuming that the spectral density satisfies

B =sint*(3) gD,

where the function g is integrable on [—m, ] and g(0) # 0. Then

cte— <J (A)dﬂ) < l1m n?PRE|q —al? <
2C,,

T

T (7 cdasS
o f g0+ S,

- 1=1

PROOF. From the definition of ¢, and (2), we have

2ka

g(Dd A+ n_Zk“Zc

sin[ 2]
sin[ 5]

As 1 < ka and the sinus function is smaller than 1, the next expression is connected

to
k T
—2ka
¢N <n J
—7T

sin n_/lr g(A)d A+ nfzkazq: ¢ |———=
2 2
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So, from Lemma 2, we have

q

Jim gt < [ ghade 3|

—T =1

Using the fact that the sinus function is between —1 and 1 and that ka < [ka]+1
where [ka] represents the integer part of ka, we obtain

n taliis
¢N2n_2k"‘f [(sin7>] g(AdA+n Zk“Zc

sm[" ]
]

sin [

—1 7 _ [kal+1 q
by > n2ke n J [1 cosni] g(/l)d/l—l—n_Zk“Zc
T =1

ZB;,N _ 2

The binomial formula gives

2[ka]+1¢N > n—Zka J g(/l)d/l
[kat1

+ —Zka Z( 1 Cra fﬂ cosr(n/l)g(/bdll

e, |05

i
2 %]

We know that f cos”(nA)g(A)d A is converging to a constant. Indeed, using the

2ka

+

binomial formula, we obtain

einxl_’_e—in/{ r

1
r (= _ ] ijnA —i(r—j)nA
cos”(nA) = < 5 > =% ]E:o Cle'1me=Hr=I

Hence

i r [N (7 ei2—r)n
J;n cos”(nA)g(A)d A Z—rzc;cj J_n (2j=r)n
= ZC]J cos((2j —r)nA)g(A)d A.

. . . 1 (" .
The right side of the last equality converges to > g(A)d A when 7 is even, and

converges to 0 when 7 is odd. Consequently,

[kal+1 n
lim Z(—1)’C[2a]+1f cos"(nA)g(A)d A=

N—oo
r=1 —7
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ZH)”C[ZJQHZ% g2 if [ka]+1 iseven

2 (—1)2”C[2p ! j g(AdA  else.

kal+192p

: : —2ka N9
Since limy_,, 77** 377 ¢

= 0. The similar arguments are used for

showing that
i

lim (¢N)§ n**? > cte <J” g(ﬂ)dﬂ)a . @)

N—oo
THEOREM 6. Assume that spectral density satisfies
(N =1A7g(A),
where > 2ka — 1 and g is measurable positive function bounded on [—m, 7). Then
ctexR< I\}im n*PE|d —al? <R,

)4
a

m B
where R = — J A (A)d A

2C L) |2ka g
b sin 7

PROOF. Define the continuous function / as follows

nke if |[A]>7
M|2/ea
1) = fo<|A<n
) 2ka
’Slnz
2%ka if A=0.

The function ¢ can be written as

2k
wa [© sinn% * ok [ A ok d Sin[%] e
by =n"2ke | sin “<—>h(/1)d/1+n_ “ZQ o, )
—r|sinj 2 i=1 Sm[Tl]

where h(A) = [(A)| A’ g(A). We know that the function 4 is integrable on [—, 7].
Indeed, since the function g is bounded, we get

f h(A)d A< sup(g) J LAk 4 ).
Using the inequality (6), we obtain /(1) < 7%, Thus

b < 2727 sup(g) f (Fd
0

—TT

Since 3 > 2ka — 1, the function /4 is integrable. From (3) and Theorem 5, the result
is obtained.
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THEOREM 7. Assume that the spectral density has the following form: $(A) = |A|P g(A)
where B < 2ka—1and g is a continuous positive function on [—, ). Then

. [252))
Qx 2% < lim n THEld—al? < 7P x Q,
—00

whore Q= (50|

PROOF. From the definition of the kernel |Hy(A)|* and the inequality (6), we
obtain

nZkan—l T

¢N S B/
a,N -7
Putting 74 = u, we obtain

nZkanZka—,ﬁl—Z 00
SLN S B/
a,N —o0

when N approaches infinity, we obtain

u, |2k . £
sin;l‘ |y |22 “d%1>

2ka

Mlﬁ—zka )d/1+ n—zkazc

sin —
2

2ka

sin —

ka
|%|,3—2/ea ( du—l—n ZkaZC

Sll’l

00 2ka
]\}lm nPH g, <l f sing‘ |u|P~2%% g(0)d u.

—0Q

Similarly, from the inequality (6) we minimize ¢ as follow

22/ea T
ngy = J

where Q,, = n~2ka+! Z, 16 Ssllr;[[ ; ]]
T

A— g(A) is continuous, Lemma 2 gives

2ka

|/1|,572/€01d/1 + Qn’

. nA
sin —
2

2ka
. Since Q,, converges to zero and the function

u 2ka
sin?1 |u, [P~ g(0)d n.

lim n/BHgb >22k“J
N—oo oo

Thus from (3) we obtain the result of this theorem.

4. NUMERICAL STUDIES

The estimator provided in this work can be used in some concrete applications. For
example, in the models transmission rate in indoor environment for next generation
of wireless communication systems. And also in mobile indoor and radio commu-
nication where multipath propagation causes severe degradation of the transmission
quality. To solve this problem Clavier et al. (2001) proposed a model of arrival times
based on Poisson distributions. Azzaoui et al. (2002) provided a model based on al-
pha stable distributions. It is assumed that we have a finite number of signals where
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their arrival times are modeled by Poisson distributions independent to the direction
(isotropic). From the series representation theory shown by Janicki and Weron (1993),
the sum of the arrival times can be modeled by a stable harmonizable process Z,, as
the process defined by (8). It is supposed that these signals are observed in an aquatic
environment causing a constant disturbance. The signal arrival delay model in this
case can be considered to be affected by a constant error (X, = Z, +a).

Throughout this section, we give the simulation of the studied process

2,= [ emace, ®)

where 1 < @ <2 and & is a complex symmetric a-stable measure on R with indepen-
dent and isotropic increments and with control measure 7 such that mdx = ¢(x)d x.
For that, we use the series representations given by Janick and Weron (1993). Therein
the authors have shown that the process Z defined by (8) can be expressed as follows

Z =C. < f ¢<x)dx>

e ¢, is a sequence of i.i.d. random variables such as P[e, =0]=P[e, =1]=
k q k k

EYES

o 1 .
et temes, 0
k=1

where

b

N —

e I, is a sequence of arrival times of Poisson process,

e V, is a sequence of i.i.d. random variables independent of ¢, and of I, having
the same distribution of control measure 72, which has probability density ¢,

e 0, isasequence of i.i.d. random variables that have the uniform distribution on
[—, ], independent of ¢, I}, and V.

To generate N values (N = 101,501, 1001) of the process Z, , we use the following
steps:

e generate 2000 values of ¢,
e generate 2000 values of T,
e generate 2000 values of V,
e generate 2000 values of &,,.
Then we calculate forall 0 < n < N
12000 .
Z,=C, <J gﬁ(x)dx)aZskF;;ei”Vkemk, (10)
k=1

where the spectral density is chosen as ¢(x) = |x|?e ¥l for x € [—m, 7] and (x) =0
otherwise and @ = 1,7 and & = 4. The [ value is chosen so as to have two cases: 3
greater than 2k — 1 and beta less than 2k — 1. Afterwards, we generate X, =a+Z,
where a is chosen equal to 30.
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We calculate the estimator 4 given in (1) for different sizes of sample N =101, 501,
1001. The result is given in Table 1.

Comparing 4 to 30 (value of the constant ), we find that the estimator 4 increas-
ingly approaching the constant error 2 when the sample size is large. And the approx-
imation is better when the parameter 3 of the spectral density is greater than 2ka—1
compared to the case where [ is smaller than 2ka — 1.

TABLE 1
Values of the estimator for two values of 3 one is smaller than 2ka — 1 other is bigger than
2ka—1.

2ka—1=12.6 ﬁ:o.Zl ﬁ:38
N=101 4=2030 4=236.45
N=501 4=35.10 4=31.03
N=1001 4=28.89 4=3028

5. APPENDIX

nt in A i(n—
PROOF OF LEMMA 1. For all nonnegative integer, 7, we have Z eih=> ( i )e =
s=0 sin(3)
1 n—1 2k )
Therefore we can write HM (1) = — <Z e”l> e k(n=DA
q/e,n s=0
e—i/e(n—l)/l
Hence HNM(1) = Z exp[i(tl—i—tz—i-m—i-tzk)/{],where
Gkn teSy,

Szk:{t:(tl,tz,"',tzk)€Z2k5 Vje{1,2,---,2k} O<t-<n—1}.

—z/en 1)4 2k(n—1)
Let ©=t,+1t,4+ty, we have HM()) = Z exp[wﬂ] (1),

T=

where Q;ff)(fr) = Z Yolti+ty 4+t — 'r).

tes,,

](\/;)(T> is the number of the terms ~ (¢,¢,,--+,¢,,) which satisfy:
Vie{l,2,--,2k} t;€Z, 0<t;<n—1 et ti+bh++iy=T1.
If k= % andt€Z then Q](\l;)<7) = 1. On the other hand, putting

m=1—k(n—1), we get

1 k(n—1)

HY )= — > expliAm]Q (m + k[n—1)).
Tke,n m=—k(n—1)

HM) + HN(=2)

Since HM)(.) is even function, by using  HM() =

2
we obtain
| keD) exp[iﬂm}—l—exp[—ilm]
HMQ) = — Q¥ (m +k[n—1))

9ke,n m=—k(n—1) 2
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k(n—1)

Z cos(Am) ](\/;)(m+/e[n—1]).

qk,” m=—k(n—1)

H<N)(/1) 1

It follows from the definition of g, ,,, we obtain

" _/1 2k
G = 1 sin( i ) 4
2n ), sin( %)

7 k(n—1)
o = 1 [ Z cos(AT)Q](\/;)(T+/e[n—l]):| dA

2n 7 | r=—k(n—1)

G = k(f) )<Jncos<af)dA>Q§§>(T+k[n—1]>.

21 T=—hk(n—1 -7

Since T €Z,we have

f cos(At)d A= {th %f i f 0

if =0

—TT

We have g, ,, = Q}(\/;)(/e[n —1]). By substituting this in the expression for H™(1), we

. = QY +k[n—1])
btain HNM () = E Am N
obta (A cos( )|: ](f)(/e[n—l])

m=—k(n—1)
QY(nutk[n—1]) .
() = { I:—Ql(\f)(/e[n—l]) fnueZ
0 dnu¢Z

:| . Therefore the function

hy, is defined by

. 1 m
We note that if £ = 3 then g, =h(%)=1

PROOF OF LEMMA 2. We first state some inequalities which we are using in this
proof

[sin(A)] <A YAeR (11)
|sin( )| >— M| Yie[—r,n] (12)
[sin(nA)| < n| sin(A)] VAER, (13)

It follows from (11) and (12) that

7 Zka = 2ka 2ka
B;N:f dizzj <M/”> dA:2n<3> nkel o (14)
’ —r 0 /1/2 T

By splitting the integral out of two subregions, and using (12) and (11), we get

0 2
SlI’l2

sin 7
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. n/{ 2ka T
T |sin - i 7 1
By = 2 dl<2 n?*ed )+ —dA
o —n sin%1 0 z <ﬂ)2ka
Thus we obtain ik
B, < <—7T ad > ket 15
aN =\ 2kg—1," (15)

ka -
Jow = — FW sin’s | P J"ar 2k“dl+JﬂN(z)2kad/{
N,a — B’ 0 A - B 0 n = /1

aN sin 2 a,N
ka .
By \r+1 y—2ka+1 n
< i 7'[}/+1 n2]€a7}/—1 7TY+1 . 71'}/+1 1
T By \r+l y—2ka+1 y—2ka+1nr—2katl

We distinguish two cases according to the sign of y —2ka + 1

vt 2kanrtl 1
- if —2ka+1>0
2 y+1—2ka (y+1)(y —2ka+1) nr—2ka+ r
Ina s B 2kanrt! 1 mrtl
aN if  y—2ka+1<0.

(y + 1)(2ka —y — 1) nr—2ka+l  2ka— y—1
From (13) we get

2mr ! 1 . 1 y+1
0 if —<a<—
y—2/€a+12n<g> 2o 2k 2k
Ing < 4t 2ka—y—1 . rowst 1
1 a>—.
()/—l-l)(Z/ea—}/—l) 271_(3)2/6& nzka—l 2/€

This inequality implies the results of the lemma.

CONCLUSION

In this paper, some results about the estimation of the constant additive error in spec-
tral representation of (SaS) process are presented. This work could be applied to sev-
eral cases when processes have an infinite variance and the observation of these pro-
cesses are perturbed by a constant noise. For instance, the segmentation of a dynamic
picture sequence, detecting weeds in a farm field, the detection of possible structural
changes in the dynamics of an economic structural phenomenon depending on a con-
stant parameter of sampling, and the study of the rate of occurrence of notes in melodic
music in order to simulate the sensation of hearing from afar with an additive acous-
tic vibration. This work could be supplemented by the study of optimal smoothing
parameters using cross validation methods that have been proven in the field.
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SUMMARY

Consider a symmetric a stable process having a spectral representation with an additive con-
stant error. An estimator of that error and its rate of convergence are given. We study the rate
of convergence when the spectral density have some behaviors at origin. Few long memory
processes are taken here as example.

Keywords: Spectral density; Jackson kernel; Stable processes.



