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Motivation and Goals

Network engineering for quality-of-service (QoS) of VoIP
can bene t substantially from simulation study of VolP packet traf c queueing at
a router interface

Requires accurate statistical models for multiplexed traf c packe t arrivals

Collected packet traces on the network of an ISP, analyzed them, and developed
statistical models

Models currently being used for queueing simulation study for network engineering



Background

Little published analyses of live VoIP traf ¢ on an operational netw ork with a wide
range of the applications used on VolIP

Found only two other published data collections
no modeling, just a reporting of certain properties

Surprising in view of the vast literature on best-effort data traf ¢

Our work is the rst to carry out empirically-based, comprehen sive, statistical
analyses and modeling of VoIP traf ¢



Model at the Call Level to Get Multiplexed Packets Arrivals

Developed two validated statistical models that can generate multiplexed traf c
packet arrivals for a VolP network with silence suppression or none

1. Call-arrival model generates call arrival process, the arrival times of rst packets
of calls

2. Call-packet interarrival model, plus rst packet arrival of (1), generates packet
arrivals for each call

3. Multiplex the call-packet arrivals to get multiplexed traf c ar rivals



Data

Work began with a 48-hr collection of VolP arrival times

Both directions of calls on a link of the Global Crossing network
Link between PSTN-IP gateway and edge router

Headers (IP, UDP, RTP) and arrival timestamps of 1.315 billion packets from
332,018 calls over 48 hr



Analyses

Modeling based on comprehensive analyses

Marginal distributions and time dependencies of call-level properties
arrivals

durations
bit-rates

transmission and silence intervals

Packet-level properties
timestamp accuracy
jitter
20-ms packet-counts



Background: Lab vs. Real World

Some of the statistical aspects, such as the silence-suppression on-off intervals,
duration have had “lab investigations”

This provides a helpful background but is not nearly enough

The real VoIP world on an operational network has calls carrying out many
applications
voice

faxes

point-of-sale transactions (e.g., credit card processing),
TiVo

dial-up computer connections to the Internet

The statistical properties are in uenced by the applications



Pareto Quantile Plot of Call Durations
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Weibull Quantile Plot of Call Durations
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Question

How close is this wide-sense VolP LRD behavior

nite sum of autocorrelations, but distribution
gets more skewed as duration increases

to the strict-sense bhest-effort LRD behavior

In nite sum of autocorrelations due to Pareto connection
durations with shape parameter less than 1

We will make the judgement based on link traf ¢ provisioning, wh ich depends on the
gueueing statistical properties
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20-ms-Count Log Power Spectrum vs. Frequency

10 Log Base 10 Spectrum (decibels)

0.0 0.1 0.2 0.3

Frequency (cycles per 20ms)

12




20-ms-Count Log Power Spectrum vs. Log Frequency

Vertical lines: 1 hr, 1 min, and 1 sec
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Semi-Empirical Model and Parametric Mathematical Model

Based on analyses, developed two models that generate packet-level traf ¢ in one
direction of a link

Semi-empirical model
generates a Poisson call-arrival process which provides the times of the rst
packets of the calls

the packet interarrival times for each call are those of a random sample from an
empirical database of 277540 semi-calls (packets in one direction of a call)

validation of the representativeness of the semi-calls is complex

Parametric mathematical model replaces the semi-call sampling by
generation of modeled call durations

generation of modeled transmission and silence intervals
iInserting 20-ms packet arrivals within transmission intervals.
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VoIP Packet-Level Generation from Semi-Empirical Model
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Multifractal & Gaussian FSD Models for Best-Effort Traf ¢

David Anderson, Math, Xavier University
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First Model for Internet Traf c: fBm

In the beginning: 1994-1995

Discovery of LRD in Internet best-effort data traf c
First model put forward: fractional Brown motion (fBm)

Norros: mathematical investigations of traf ¢ properties and impl ications for network
engineering
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Later Work
Somewhat later: 1999

Realization has set in that traf c is not fBm or even close without su bstantial time
aggregation

At small time aggregations, marginal distributions not even Gaussian
Lowest level of aggregation, interarrival times: Weibull marginal

Two threads
further empirical modeling (e.g., Reidi and Vehel, Multifractal Wavelet Models,
1999)

mathematical investigations for much wider classes of LRD models than fBm
(e.g. Choe and Shroff, Queueing Analysis of High-Speed Multiplexers including
Long-Range Dependent Arrival Processes, 1999)
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Multifractal Wavelet Models for Interarrivals

Most widely researched

A complex set of statistics from t,, used in the model
Statistics are non-overlapping m-aggregates: a(m)

For each M, a time sequence in K:

(kyd) m
a(m) = tyy m=1;2,4,:::

u=km

Nonlinearity of Internet traf ¢ is “multifractal” which means momen ts of ay (m)
behave in certain prescribed ways
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Multifractal Wavelet Models for Interarrivals

Pros

reasonable t to the statistical properties of packet interarrival s which are
nonlinear (multifractal) and long-range dependent

an intuition through time-scaling properties

Cons
nonparametric: captures traf c properties one trace at a time

cannot be used for general simulation since no link between model and the
traf c rate

complex form does not provide mathematical derivations of traf ¢ properties
lack of mathematical formulas impedes strong intuition about traf ¢

MWMs and other Internet statistical tools fueled a scaling intuition”
empirical numerical descriptions of properties as M changes

e.g., slope of variance time plot goes from something somewhat greater than -1
to 2H , where H is the Hurst parameter, suggesting near independence to LRD
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Multifractal and Gaussian Fractional Sum-Difference Model S

Model the interarrival times 1, of best-effort data traf ¢ as a sequence in U

Models are very simple, yet reproduce traf c statistical properti es accurately
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What Allows This?

The discovery that a nonlinear monotone transformation, T, of the t,, changes the
complex, multifractal process into a Gaussian process, readily interpretable in the
time domain

Transformation: ( ty) = Z, where z, is a Gaussian time sequence in U with mean
0 and variance 1

Z, is the Gaussian image of t
ty is a multifractal FSD model

Z, is a Gaussian FSD model
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The Transformation

The marginal distribution of {; for a xed traf c packet rate P is Weibull with shape
and scale

Let T(t; ; ) be the cdf

Then
z=(t;; )=2Z XT(t;; )

where Z(2) is the cdf of a normal distribution with mean 0 and variance 1

Z,, has to have a Gaussian marginal but the validation process has shown that Z, is
a Gaussian time series
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The Gaussian Image: Two Components
Hosking Discrete Approximation of fBm, hy,
(I B)dhu =

where0 d 0:5and | is Gaussian white noise with mean zero and variance
2

B is the backward shift operator Bh, = h, 1 and B9 is applied by expanding in a
power series in B

s, = hy + hy 1is amoving 2-aggregate of hy,
(I B)dsu - u + u 1

2 is chosen so that S, has variance 1

N, is white noise with mean 0 and variance 1

S, and Ny are the two components, independent of one another, of the Gaussian
Image Z,,
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The Gaussian Image z, = ( ty)
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A Multiplicative Approximation

If we approximate the Weibull by a log normal with the same rst two mo ments then
( tu) =log(ty) and

P P-
ty=e ' Sue M

This is quite a good approximation and helps do the math for some topics
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Validation
Very intensive validation with a number of traces

To allay the scepticism that such a simple model can explain such a seemingly
complex stochastic process
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Values of Model Parameters

Parameters of the model
= Weibull scale

= Welibull shape
= Gaussian image mixing parameter
d = fractional difference coef cient

For P above about 512 packets/sec (a few megabits/sec)

d 045
0:65
0:70

Is function of P and
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Connection of Model Parameters and Traf c Rate P

Asp!1l
1, sot, tends to exponential
' lasp!1l ,soz, tends toindependent

With initial values of and at 512 packets/sec estimated empirically
can derive values of and as a function of pfor p > 512

Traf c locally becomes Poissonas p!1

locally means over a number of interarrivals that are xed (for sure) and
probably also at some rate less than P
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Autocorrelation Functions: Formulas for Ny Su; Zy

@ d)(k+d
(k) 5 (d)(k d+1)
_ k2 (1 d)?
S(k) - h(k) k2 (1 d)2

401 d)=2+ d)

2(K)=(1 ) s(k)
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Intuition: Time Scaling for  Z,

For each M, a time sequence in K:

(k) m
a(m) = Z,, m=1;2,4,:::
u=km
- P _
zu:pl s,+ ny O 1

Time aggregation of S, behaves like that of h,,

As M increases, the a,, low-pass Iter knocks out the white noise Ny and preserves
the discrete fBm hy,
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The Variance-Time Plot for Z,, the Gaussian Image
A classical data exploratory tool of LRD originated by Mandelbrot
Vm = variance of 8, =M

Plot log(Vm) vs. log(m)

For Z,,, to a very good approximation

Vi mi+@ ym®@? (1)
dlogvm) (2 1@ ) m 2 2
dlog(m) 1 )+ m = @)

For d = 0:45, slopes are
01 11 ,form=1
Olasm!1l

The behavior of the variance time plot changes as the traf c packet rate P increases
slope at left goesto 1, which means independence
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Variance-Time Plot for Gaussian FSD:

d=0:45
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Multifractal FSD for Internet Traf ¢c; OQutcomes

A new time-domain intuition about traf ¢ that is simple and very effe ctive in providing
Intuition about traf c phenomena, which is a boost to theory

Derivation of formulas for traf ¢ properties previously only de scribed empirically by
numerical results

Generation of valid best-effort data traf ¢ in simulations for netwo rk traf ¢
engineering and testing new technological developments
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