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ABSTRACT

The classical queuing analysis has been tremendously useful in doing capacity planning and
performance prediction. However, in many real-world cases. it has found that the predicted
results form a queuing analysis differ substantially from the actual observed performance,
Specially, in recent years, a number of studies have demonstrated that for some environments,
the traffic pattern is self-similar rather than Poisson. In this paper, we study these self-similar
traffic characteristics and the definition of self-similar stochastic processes. Then, we consider the
examples of self-similar data traffic, which is reported from recent measurement studies. Finally,
we wish you that it makes out about the characteristics of actual data traffic more easily.
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3.4 Heavy-tailed Distributions

SF9] aggregated AAIY, B7] &N BH
ste] T4 FF5% Aotk heavy-tailed ¥E
= 04 gE(HE TZFHWEAL 23 JAT,
2Z3o g, olg¢ EXE selfsimilar ¥§74A
€ A9t Zo] 753t} heavy-tailed £¥ A
<R WY F 3ue AEYeld RdES ¢
71 44 e Aot

heavy-tailed #¥& ##9 % ZK(interarrival)
Al 2 HAE Zojot e EfY AL 4y
she g9 54L Jehiy] 8 A1ege &
F Ao dE¥se X9 ¥ odgn zodw
heavy-tailedd}c}z et

1—Hx)=Pr[X>x]~# as x>, 0<a (7)

Y¥rA 02 heavy-tailed EXE 712 APy
© ¥ FAAHA e BEhHE =t
7}3 @48 heavy-tailed 22X+ vlalng kot
a(k,a>0)& 7}7] Pareto E£Xolch Wxgs st
Fxdsee gL 2.

Ax)= F(x)=9+1 (x<k) ®
Ax)= %(—’i) ,F(x)=l—(f) (x>ka>0) @)

x

A Zligke (10023 ol vehd.

Ex=—25% (21 10)

et ke A9ES7E AT 4 de J49)
& QP BHvE oF WHWESY A
2 AL AP Bk e<2olW, BEXIP4E
23 BAE JlA3, e<iolalbd, BEE S\dgt
o B4E 7HAA gtk 1% 32 log-linear 2
o] Pareto ¥ AS$YUE 48 vmP Aot}

°l 2o AFLE 4w A9 FHoz 4
BbiL, Pareto X9 taile A5@4uT e
o A8 Fa@h IS ‘heavy tail EF
$42 oot

Pareto
\ (205, He1)
-3
10 e
10%) (a=1.25,
( rential B—
10*
o 20 40 60 80 100

19 3. Pareto ¥ X4 &§ A= S

IV. Self-similar C|0|E] Egjm S4 o

2 9 d 5¢ 43 A7olM dAY YEY
AB7RNA ElolEe] EH Heo] self-similar
Hgo o3 ofF #F mdYdre o) T
A, o] FoMe HE =FIN LEHAYD T
7tA ] selfsimilar@ vlole] E)He dF 270
Ligs

4.1 Ethernet Traffic £E4 o

Ethernet trafficolAl= 7]1&2] Poisson E#j¥
713 & AM§3lE straightforward FYEHe] =
€ HEHa Ed¥E wdysiedy AR 9
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ZEQ9 ou@ HEFHAHog JeEd Aolg
£ dgo] yegPl. o]z ATM, frame relays}
100BASE -T¢} 22 29xE3 WAN g$HE,
Ethernets} &2 F{vls] LANs g]la 543t
FHQl HE|EFHMENAE FEdu).

VI. 4 8
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28

[1] William Stallings, High-Speed Networks,
Prentice Hall,p125-145,p181-207,1997

[2] Schroeder, M. Fractals, Chaos, Power Laws
:Minutes from an Infinite Paradise. Free-
man, 1991

[3] Wornell, G. Signal Processing with
Fractals: A Wavelet-based Approach. Upper
Saddle River, NJ,Prentice Hall, 1996

[4] Peyton Z. Peebles,JR. Probability, Random
Variables, and Random Signal Principles,
McGraw Hill, p134-198,1993

[5] Leland,W.,Taqqu,M. Willinger,W.,Wilson,D.
On the Self-similar Nature of Ethernet
Traffic(Extended  Version),  IEEE/ACM
Transaction on Networking, Feb,1994

[6] Willinger,W.,Wilson,D., TagqquM. Self-si-

milar Traffic Modeling for High-speed
Networks, ConneXions,Nov,1994

[71 Corvella,M.,Bestavros,A. Self-similarity in
World-Wide Web Traffic: Evidence and
Possible Causes, Proceedings, ACM Sigm-
etrics Conference on Measurement and
Modeling of Computer Systems, May, 1996

—277—



