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Abstract

Packet arrival processes, for data networks, are not consistent with Poisson
processes. It has been established that network data arrival process is self-
similar and the number of TCP connections, initiated by a user session, is
heavy-tailed. The heavy tail distributions yield better model for data packet
arrival models than exponential models. In particular it is observed that
the Weibull and Pareto distributions give a good fit for the interarrival-times
for Web applications. The evidences, as reported by many authors, that
packet data arrive in bursts and exhibit long tail distribution, have prompted
many researchers to investigate the whole class of heavy tailed distributions

in general.

The entire development of the thesis is based on the observation that
modeling of interarrival time, in data packet network, as exponential is not
appropriate. This is because this distribution assigns maximum probability
of next arrival to the time ¢ = 0, when a packet has just arrived, which is an
unrealistic assumption. A more realistic modeling would be the one whose
peak of distribution is shifted away from zero. In this setting we have pro-
posed a new family of distributions (a Generalized Family of Distributions)
which has Weibull and Pareto distributions as subfamilies. In this work it
is shown, if packet interarrival times are modeled according to a Generalized
Family of Distributions (aGFD), than the corresponding counting process is
not a homogeneous Poisson process. We have introduced a specific time de-
pendent arrival rate of packets which can model flexible arrivals of packets
from very small interarrival time to large interarrival time. We show that the
corresponding counting process for this time dependent arrival rate is non-

homogeneous Poisson process (NHPP). It is also shown that the counting
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process for Weibull arrivals is a special case of this NHPP and first interar-
rival time in this process is Weibull distributed and other interarrival times
are Weibull-like distributed. We also propose a new time dependent arrival
rate for TCP and Telnet packet interarrival times. We show that this time
dependent arrival rate gives a novel counting counting process. We also show
that this counting process has Pareto distributed first interarrival time and
conditional distribution of other interarrivals is Pareto-like. This counting
process results when a new time dependent arrival rate, which is suited for
modeling LRD data packets, is considered. We can see that this process is
NHPP. We also propose an approximate formula for the packet arrival rate
for Lognormal distributed interarrival times. This time dependent arrival
rate also results in NHPP. Thus the mean packet arrival rate, for the class
of heavy-tail distributed interarrival-times, is not constant but rather time-
varying and constitute non-homogenous Poisson process. Despite the fact
that packet arrival process for data network are not consistent with Poisson
process, it is interesting to note that for heavy-tail interarrivals the NHPP
traffic model exists. It shows that Poisson nature of data packet arrivals can’t

be ruled out and the mean arrival rates are now time varying.

Since the proposed time dependent arrival rates, mentioned above, lead
to results which are consistent with practically observed traffic, it is pertinent
to carry out the corresponding queneing analysis. Heavy tail distributions do
not lend themselves to easy queuing analysis since their Laplace transforms
are not explicitly available in general. Thus most of the queuing results of
heavy tail distributions are obtained for asymptotic regions. We take heavy-
tailed, time-varying models for the queueing analysis. We compute blocking

probability for M;/M/1/c time-varying queueing model, by using Fixed Point

viil



Algorithm (FPA). We also extend this result for finding the loss probability in
M;/M/c/c queueing model for Weibull and Pareto distributed time-varying
interarrival times. We also determine expressions for offered-load in M;/G /oo

time-varying queueing models for Weibull and Pareto interarrivals.
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