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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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