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Abstract— An approach is presented to capture and model
Internet end-to-end packet delay behavior using ARMA and
ARIMA  models. Autocorrelation (ACF) and Partial
Autocorrelation (PACF) functions are used to identify the most
appropriate model and the model order. Impact due to sending
rate and packet size of the probe, and the available link capacity
on these two metrics are investigated. Results indicate that the
models presented reflect accurately the effect of packet
correlation induced by the network. Modeling Inter-Packet Gap
(IPG) is an alternative for capturing the effect of the network on
a packet stream. A methodology for fitting ARMA and ARIMA
models to end-to-end packet delay and IPG series is presented.
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1. INTRODUCTION

Understanding the nature of end-to-end packet delay is
important for several areas of application development, routing
and transport protocols design, and congestion and flow control
algorithm development. Due to random delays associated with
queuing and processing, interaction of packet flows, and
variation of load on different links, end-to-end packet delay is a
complex random process. Network conditions change with
time due to link congestion, link failure, routing table updates,
among others. Thus first, second and higher order moments of
end-to-end packet delay may also vary with time. Modeling
efforts have to consider this to decide the time scales at which
statistics should be collected and the type of statistics to
collect. Traffic behavior, when described at different time
scales, can be classified as microdynamics and macrodynamics
[10]. The former characterizes the local behavior of the traffic
flows in a short time scale, however the latter captures the
global behavior of the traffic over longer time scales.
Macrodynamics behavior of traffic is of significant importance
for network performance analysis

Capturing accurately the end-to-end packet delay
characteristics is crucial for understanding the dynamics of the
end-to-end delivery process and for the development of
accurate models. Such models can also have a great impact on
operation and management of networks.. For instance, with
both real-time[2] and non-real time congestion control
mechanisms[6][9], delay based alternatives to packet-loss
based approaches aim at preventing network congestion at
early stages. Furthermore, end-to-end packet delay models can
be applied to estimate the behavior of live streams under
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particular network conditions. A direct application for accurate
delay models can be found on network emulators[8][22], in
which incoming real packet data streams are altered based on
traces capturing end-to-end behavior or analytical/simulation
models representing such behavior. Such emulators are useful
for investigating the performance and behavior of distributed
applications and application software under different network
conditions. An accurate measurement based model for end-to-
end delay can replace large traces that would be required to
reproduce network conditions. Such a model provides a
solution to the problem, addressed in [17], of synthetically
generating traffic characteristics that obey temporal patterns as
observed in realistic networks.

It has been demonstrated that the distribution of the end-to-
end packet delay by itself does not always result in a complete
model, due to the fact that the correlation of packets belonging
to the same stream is not considered[19]. Moreover, such an
analysis will reveal only the overall behavior of the system and
not its dynamic behavior. Also, reproducing the network state,
either using simulation or emulation techniques, just by
employing the observed end-to-end packet delay distribution
will not yield to accurate representation of this metric, since its
internal dynamics are not captured. An alternative for accurate
representation could be using traces of packet delay. Such an
approach also has many limitations including the large trace
lengths needed, the fact that it only captures one specific packet
delay flow under certain network conditions, and its inability to
provide insights into network behavior.

End-to-end packet delay modeling has been attempted
using several techniques. Queuing theory has been broadly
used as a powerful tool for this; however, accurate queuing
analysis requires that inter-arrival and inter-departure traffic
distributions at each individual link are known, or follow a
tractable distribution, which is rarely the case in Internet [24].
Even if the distribution of each link is available, the
computational cost will grow dramatically as the network size
increases. Compared to analytical models such as queuing
models, time series models offer a methodology with smaller
computational cost, that is easier to utilize and update, and in
general, less complex to use. Time series offers a passive black
box approach, in which model fitting does not require any
assumption about the internal structure of the observed system.
Time series methods have been used in the past for modeling
the macrodynamic behavior of arrival processes and system
responses. Correlation among Inter Packet Gaps (IPG) and
network induced delays was investigated in [19], in which the
effect of the network induced over a flow of probes was
analyzed. This was accomplished by sending a continuous
constant bit rate (CBR) stream of packet. [19] also pointed out
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the difficulty of modeling packet delay process when high
sending rate flows are utilized. In this paper, we present a
comprehensive approach for end-to-end packet delay modeling
for a range of CBR flows with different sending rates and
packets sizes. Our findings show that the behavior of end-to-
end packet delay can be captured effectively by ARMA (Auto-
Regressive Moving Average) and ARIMA (Auto-Regressive
Integrated Moving Average) models. It is observed that
autocorrelation of packet delay series is weak when sending
rates are low compared to available network link capacity. As
the sending bit rate increases, network bottleneck links tend to
get more congested. Hence, end-to-end packet delay sequences
get more auto-correlated. Our references below to the intensity
of the sending rate as a fraction of the available link capacity
refers to the amount of link congestion the flow produces on
the network, and not its actual load. Choosing of the
appropriate ARMA and ARIMA order is done by analyzing the
observed ACF (Auto Correlation Function) and PACF (Partial
Auto correlation Function) distribution of the observed packet
delay series. Our findings indicate that ACF and PACF
distributions are appropriate for capturing the stream behavior
according to the network condition. Modeling /PG is also
proposed as an alternative for capturing the effect of the
network on a data stream. A methodology for fitting ARMA
and ARIMA models to end-to-end packet delay and /PG series
is presented.

Section 2 reviews the related work. In Section 3, we present
an overview of time series and modeling techniques associated
with the Internet end-to-end packet delay processes.
Experiment setup, results and goodness-of-fit for packet delay
modeling are presented in Section 4. A methodology for fitting
ARMA and ARIMA models into packet delay and IPG
processes is also presented in Section 4. Section 5 concludes
the analysis and provides direction for future work.

2. RELATED WORK

There have been several previous measurement based
studies related to end-to-end packet delay in recent literature.
The distribution of packets delay has been studied using
queuing theory [3] and system identification techniques [18].
In [4], the end-to-end packet delay and loss behavior in the
Internet have been examined using small UDP probe packets.
In [16], the correlation between packet delays and packet losses
experienced by a continuous-media traffic source is considered
based on a per-packet measurement of these metrics.

Time series approaches have also been proposed for
measurement-based traffic modeling and prediction, mainly
motivated by the black box solution promised. In [2],
predictive models for video packet delay using auto-regressive
models are presented. In [18] a variable bit rate (VBR) flow of
probes and ARX (Auto-Regressive eXogenous) are applied for
modeling the end-to-end delay, in which the packet delay
process is captured based not only on the observed end-to-end
packet delays, but also on the probe’s inter-departure packet
gap distribution. A measurement-based tool for traffic
modeling and queuing analysis is developed in [12], which
uses CMPP (Circulant Modulated Poisson Process) for a traffic
model. A comparative analysis of network traffic prediction
based on both ARMA and MMPP (Markov-Modulated Poison
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Process) models is presented in [20]. Studies focused on the
impact of packet autocorrelation on traffic modeling can also
be found. For instance, in [12], time series approaches are used
to study the impact of packet autocorrelation on the queue
response. In[1][11]methodologies for modeling autocorrelation
functions for Long-Range-Dependent (LRD) and Short-Range-
Dependent (SRD) traffic are presented. Tools for replicating
actual network conditions in controllable environments, such as
network emulators [8][22], are impaired by the necessity of
capturing and injecting packet autocorrelation from
measurements into the emulated network traffic. This is crucial
to reproduce the actual observed network conditions for
experimental purposes. For instance, NistNet[8], uses
correlation coefficients, to a limited extend, to generated delay
values for data streams.

The work presented here uses ARMA and ARIMA modeling
techniques, which in fact reflect accurately the effect of packet
autocorrelation. Autocorrelation of end-to-end packet delay
itself is analyzed and modeled to determine the effects that
network and stream characteristics have on it. A methodology
for fitting ARMA and ARIMA models into end-to-end packet
delay processes is also presented.

3. USING TIME SERIES FOR END-TO-END PACKET
DELAY MODELING

A time series {X(r)}is defined as a set of observations
ordered sequentially in time [15]. A series of n observations
can be viewed as a random process of the

variables X1 , X7 ,..., X,,, sampled at, often equidistant, time

intervals #,%,...,¢,. Time series can be considered as the

output of a dynamic system of which external input can not be
observed [14]. There are two main goals of time series
analysis; prediction and modeling. The former aims at
forecasting future system output values. However, we are
interested in latter, in which the properties of the series are
summarized and its salient features characterized.

In general, time series modeling focuses on series that are
not deterministic but contains a random component. If this
random component is stationary, powerful techniques for
modeling can be developed. ARMA models are widely used for
this purpose. However, most time series data on the Internet
are non-stationary or weakly stationary. For such cases there
are methods which transform a non-stationary series into a
stationary one. In most cases first and second-order
differencing are sufficient to remove any kind of trend existing
in a time series [15]. ARIMA methodology is based on such an
idea [5].

An ARMA model can be viewed as a special case of ARIMA
models. ARMA and ARIMA are considered passive black box
approaches in which model identification relies solely on the
data, without prior information of the system that generated the
data. ARMA and ARIMA models fit very well into the study of
Internet data packets, since very little information is known to
build up the state of the system, due to the complexity of the
networks [24]. Identification and developing of ARMA and
ARIMA models rely on ACF and PACF distribution and



coefficients. These concepts are presented and associated with
the Internet end-to-end packet delay processes next.

3.1. ACF and PACF for end-to-end packet delay.

ACF and PACF functions play an important role on time
series modeling and prediction, since they provide useful
measures of the degree of dependence between the sampled
values at different times. ACF of a random process describes
the correlation between the process at different points in time.
Informally, ACF is a measure of how well a series matches a
time-shifted version of itself, as a function of the amount of
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time shift. Sample ACF, p,,, is defined as Px :A—h. Where
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7, is the sample auto-covariance function at lag A, which is
presented on equation (1).
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where —n<h<n, X,is the mean of the observed time

series {X (t)}, and »n is the number of data samples. ACF for
end-to-end packet delay process denotes the amount of
dependency the delay of the current packet has to previous
packets. Contrary to ACF, PACF is used to measure the degree

of association between the current sample of the series, X,

and a previous sample, X, ; ,when the effect of the other k-7
time lags is removed [21]. PACF can be considered as the
amount of correlation between a variable and a lag of itself that
is not explained by correlations at all lower-order-lags. In
practice, ACF of a end-to-end packet delay time series, {D(t)},

at lag 1 is the coefficient of correlation between D, and D,_;,
which is also most likely to be the correlation between D;_;
and D;_, . However, if D, is correlated with D,_;, and D,_;
is equally correlated with D;_, , it has to result in a correlation

between D, and D;_, . Thus, the correlation at lag 1 propagates

to lag 2 and most probably to higher-order lags. The PACF at
lag 2 is therefore the difference between the actual correlation
at lag 2 and the expected correlation due to the propagation of
correlation at lag 1[7].

Previous analysis have observed the relationship between
the probe’s sending rate, as a fraction of the available link
capacity, and the end-to-end packet delay ACF [19] and PACF
[2] distributions. Degree of link congestion itself depends on
the sending bit rate and the available link capacity, and only
sending bit rate can be controlled in an experiment. So when it
is increased up to a point at which link congestion is perceived,
packets get closer to each other and thus their correlation can
be expected to become stronger. This effect manifests as a
slower decay of the ACF function as the sending bit rate
increases. Contrary to ACF, the PACF function decays towards

zero faster as the sending bit rate increases[2]. The relationship
between PACF and ACF is presented in equation (2):

®=R,'T, &)

where @ is the vector of the PACF coefficients, and
R p and Fp are presented in equations (3) and (4) respectively
[7]. Note that the number of PACF coefficients, p, obtained

through equation (2) depends on the number of ACF
coefficients used.

L Pp |

A 1 p op Pp2

P A 1 P - Pp3
R,=|. 3)

| Pp-1 Pp-2 Pp3 Pp4 1 |
T,=(oy P2 p3 pp ) @

For a CBR flow of probes, the scenario considered in this
paper, end-to-end packet delay has a direct relationship to
IPG, G; , as shown in equation (5).

G; =D - D; %)

Thus a relationship between ACF and PACF distributions
of /PG and the end-to-end packet delay can also be expected.
This fact plays an important role on end-to-end packet delay
modeling, since measuring /PG is less complex and more
accurate. This alternative will be explained in detail in the
Section 4.1.

3.2. ARMA and ARIMA model selection for end-to-end
packet delay processes.

The main goal of Internet traffic modeling is to develop
powerful models that represent closely the behavior and
characteristics of the observed data values. The black-box
modeling approach obtained through ARMA and ARIMA
models is very appropriate for characterizing the impact of
network on Internet traffic streams. Selection of the best model
that accurately represents the observed process depends
intrinsically on ACF and PACF characteristics. On one hand, a
stationary series can be identified straightforwardly from ACF
function, as their autocorrelation coefficients die out quickly. If
this is not the case, the observed series has to be considered to
be in the range of weakly stationary to non-stationary,
depending on its degree of autocorrelation. In the former case,
as well as for the stationary series, ARMA is suitable for
representing the observed process. However, for non-stationary
series, ARIMA models are better alternatives. Order of
ARIMA (p,q,d) models are represented by their indexes. Where
p and g indicate the order of the embedded AR(p) and MA(q)
models, respectively. However d indicates the number of times
the process has to be differentiated before it becomes a
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stationary one. ARMA(p,q) for modeling a {X (t)} process is
presented in equation (6).

_p q
X =20 X1 =2+ 2 0,7 (6)
1

i=1 j=
where X, is the best linear mean-square predictor of X,

based on the data up to time ¢-/, Z;is assumed to be a
sequence of independent and normal distributed random

variables with zero and variance of o [i-d .~N(0,0 2)), and

¢; and 6 are the AR and MA coefficients, respectively. Note
that AR(p), MA(q) models can obtained from equation (6) when
taking ¢g=0 and p=0, respectively. Equation (6) can also be
written as ¢(B)X, = 6(B)z, , where ¢(s) and 6(s)are the p™ and
¢" degree polynomials,

6(B)=1+6,B+...+6,B7 (7

#(B)=1-$B—..—¢,B” (8)

and B is the backward shift operator(Bf Xt:Xt_j) [7].

Following this methodology, ARIMA(p,q,d) models for non-

stationary process are shown in equation (9).
* o d ~

¢ (B)X, =¢(B)X1-B)" X, = 6(B)Z, ©)

Note that AR(p) may be considered as a way of

differentiation if model coefficients are close to unity [7], see

equation (9); thus it is possible that ARMA(p,q) or AR(p) can

represent non-stationary processes when coefficients are

accurately selected. Note also that since /PG at the receiver

side denotes the first differentiation, d=1, of the packet delay

time series, {D(t)}, ARMA(p,q) of the IPG sequence is
equivalent to ARIMA(p,q,1) of {D(t)}.

In practice MA(q) models are called g-correlated processes,
as their ACF is reduce to zero for all lags greater than g.
Hence, the ACF is a good indication of the MA(g) order.
However for a strongly correlated series, ACF tails off but
never approaches zero for any g values. In such cases, it is
difficult to characterize the process based on ACF only. For
these cases, AR(p) models are better alternatives. AR(p) models
apply similar methodology as MA(g) models for identifying the
model order but, on the contrary, use the PACF function[7].
However, in general ARMA(p,q) and ARIMA(p,q,d) models are
often used in time series modeling, combining the benefits of
the two previous models and often providing lower order
models. Note that in general ACF and PACF functions are
assumed to reach zero, or cut off, when lying within the 95%
Confidence Interval [7].

3.3. Optimization criteria and fitting procedures for
ARMA models.

Although ARMA and ARIMA model order can go has high
as the number of available data samples, n, over-specified

178

models may fail to distinguish the systematic effects of the data
from its random effects[7][14]. Thus, it is our goal to find a
model that fits accurately the observed sampled data values
with the smallest number of parameters. Scoring methods have
been developed to quantify the relative goodness-of-fit of
statistical models for a given data. These methods add a penalty
factor to the negative log-likelihood for each parameter of the
fitted model. One of the widely used methods is the Akaike’s
Information Corrected Criterion (4/CC). For an ARMA(p,q)
process, the AICC score is computed by [7];

AICC = 21n(2(5))+ 22X+ a+1)

10
n-p-—q-2 (10)
where n is the sample size and L(5)is the Gaussian
Likelihood of an ARMA process with n observations.

1z (Xj—ffj)2

2
20 j=1

L(§)=+

n
2
[271’0‘ J oty

where r_1 = E(Xt —)}t)z/dz and o2 is the white noise
variance of the fitted model. x, and X; are the modeled and
actual data samples at time ¢, respectively. The values p, g and
o’ that maximize equation (11), L()pax are called the

Maximum Likelihood Estimators, which are interpreted as the
ARMA parameter values most likely to be responsible for the
observed data values. As a result, the model that has a lower
AICC score is a better representation of the process than those
with higher scores. After selecting the right order of the ARMA
or ARIMA process, estimation of its parameters has to be done.
Several techniques exist for this. Yule-Walker and Burg
procedures apply to the fitting of pure autoregressive models,
although the former can be adapted to models with g > 0 its
performance is less efficient that when ¢g=0. On the other hand,
Innovation and Hannan-Rissanen algorithms are used also to
provide preliminary estimates of ARMA parameters when g >
0. For pure autoregressive models Burg’s algorithm usually
gives higher likelihoods than the Yule-Walker equations. For
pure moving average models the Innovation algorithm often
gives slightly higher likelihoods than the Hannan-Rissanen
algorithm. For mixed models the Hannan-Rissanen algorithm
usually gives better fitting. Detailed information on the above
mentioned techniques can be found in[7].

expy—

ol (11)

3.4. Diagnostic checking for ARMA and ARIMA models.

Prediction and modeling analysis using ARMA and ARIMA
models typically judges the goodness of fit of a statistical
model to a set of data by comparing the observed values with
the corresponding predicted values obtained from the fitted
model. It is known that if the fitted model is appropriate, then
the residual should have properties consistent with those of a
white noise sequence[7][14]. Residuals, W, , are defined to be

the rescaled one-step predictor errors[7];

W;tz(Xt_/\;t)/\/Z

(12)



To check the appropriateness of the model we can therefore
examine the residual series and check that it resembles a
WN(0,1/n) sequence[7]. ACF/PACF distribution, histogram
and data plot generated from the model residual can be
compared to the expected generated by a WN(0,1) sequence
when evaluating the correctness of the model[18].

4. RESULTS

In this section, experiment setup, methodology and results
of end-to-end packet delay modeling are presented. The data
used for this analysis is from a previous study described in
detail in [19]. Here CBR UDP traffic streams of 20,000 packets
each, corresponding to 64 and 256 bytes packet size, were sent
from California Polytechnic to Colorado State University,
using Ixia 1600T chassis [25] at both sides. Average one-way
delay was found to be 22 milliseconds. Experiments were run
on consecutive days at the same time to maintain consistency.
Non-peak times of the days were chosen for running the
experiments to keep cross traffic within a narrow range. End-
to-end packet delay and /PG values were collected for a variety
of sending rates and packet sizes.

4.1. Methodology for fitting ARMA and ARIMA models
into end-to-end packet delay processes .

Fitting an end-to-end packet delay series into the
appropriate ARMA or ARIMA model depends on several
factors, such as probe’s packet sizes and probe’s sending bit
rate, as a fraction of the available link capacity. Moreover,
collecting end-to-end packet delays requires clock
synchronization techniques on both sides to prevent clock skew
issues. Collecting I/GP samples is presented here as an
alternative. /PG not only avoids the synchronization dilemma
between the sender and the receiver, but also represents an
alternative for modeling non-stationary end-to-end packet
delay processes, as was explained in Section 3.2. End-to-end
packet delay model can be obtained afterwards, integrating the
IPG model. Note that higher order of differentiation may be
needed in some cases.

For both end-to-end packet delay and /PG modeling, AR
and MA model order can be estimated by observing the ACF
and PACF distributions, respectively. These in turn depend on
probe’s sending rate, as a fraction of the available link
capacity, and probe’s packet size, as will be seen in Section
4.2. However, ARMA and ARIMA represent a mixture of AR
and MA models, and their orders are calculated through scoring
methods. Thus a clear relationship of their orders to the probe’s
sending rate and packet size can not be expected, as it is on AR
and MA models. In this paper the effect of the network
induced on a CBR flow of probes, is captured by finding an
optimum ARMA/ARIMA model that represents the observed
probe’s packet delay or /PG series. A comparison of packet
delay and /PG modeling approaches is given for varied bit rate
and packet size scenarios in the following subsection.

Note that for very low sending bit rate scenarios, as a
fraction of the available link capacity, packet delay
autocorrelation is very weak and thus its distribution may be
enough to represent the process. However, this conclusion can
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only be reached after examining the ACF/PACF distributions
of the series.

4.2. Modeling results.

Figure 1 shows the sample ACF of the end-to-end packet
delay series, for different sending bit rates, using 64 bytes for
packet size. The ACF distributions for low sending rates decay
faster than ones coming from medium or high sending rates.
PACEF distributions are shown in Figure 2 for four packet delay
traces, generated with four different sending bit rates; 0.25,1,30
and 70Mbps, also using 64 bytes for packet size. It can be seen
from here that, as the lag increases all PACF coefficients
diminish to zero faster than their corresponding ACF, as was
anticipated on Section 3.1. However, we note that it takes a
larger number of lags for the PACF to die off for the one
generated by the smallest sending bit rate (0.25Mbps).

ACF for delay values
1
5 075
8
L 05
& :
g 0.25
0
1 4 7 10 13 16 19
—=—80 60 —<—40
—%— 20 —o—1 —+—0.50

Figure 1. ACF function for lag 1-20 of packet delay values for varied
sending bit rates (0.5 — 80Mbps) using 64 bytes packet size.

PACEF for delay values

5 0.75
8
L 05
LL
g 025
0
1 4 7 10 13 16 19
Lag
70 —%—30 -e—1 —+-025

Figure 2. PACF function for lag 1-20 of packet delay values for
varied sending bit rates(0.25,1,30 and 70Mbps) using 64 bytes
packet size.

This can be explained since as sending bit rate increases,
IPG’s tend to decrease [19] and thus adjacent packets get
closer to each other and more likely to be aligned together on
the same buffer [2]. As a result correlation between adjacent
delay samples becomes stronger. When applying PACF, this



chain of dependency is broken (strong influence of
intermediate samples is removed), consequently PACF
coefficients will decays faster than their corresponding ACF
ones. Since packet delay chain of dependency for high sending
rates streams is stronger than for low ones, it can be expected
that PACF coefficients tend to decay faster, as was anticipated
in Section 3.1, and previously observed on [2].The inverse

relationship between ACF and PACF coefficients (® and I'p)
can also be seen mathematically from equations (2),(3)and (4).

End-to-end Packet Delay and IPG Modeling Fitting
ARMA model for packet ARMA model for IPG
Sending delay series series
Bit Rate
Plql- 21n(L(s )max ) )4 q - 21n(L(s )max )
05Mbps | 3 | 4 415
6.06E+03 6.12E+03
TMbps | 6 | 6 3 3
4.35E+03 4.47E+03
10Mbps | 2 | 7 7 1
-2.33E+04 -2.32E+04
20 Mbps . U 7 5
-3.96E+04 -3.95E+04
30Mbps | 1| © 1|7
-4.27E+04 -4.26E+04
4oMbps | |3 7|7
-486477E+05 -485815E+05
50Mbps | 1 | 6 Al
-.535692E+05 -.535711E+05
70 Mbps | 1 0 1 0
-.799783E+04 -.800136E+04
80 Mbps | 1 0 1 0
-.125418E+05 -.125485E+05

Table 1. End-to-end packet delay model fitting for different sending
bit rate scenarios using 64 bytes packet size.

Table 1 shows results of the model fitting done for a set of
sending bit rates scenarios for the experiment set up described
above. Order of the ARMA models, as well as model
parameters were obtained using the methodologies presented in
Section 3 and equation (10). ITSM package is used for the
model fitting [26]. Table 1 shows also the negative log-

maximum  likelihood  estimator, - 2In (L (E)max ) ,  which
represents the goodness-of-fit for the modeled series [7]. Model
that has lower - 2ln(L(§)max ) is considered better fit for the

analyzed series, as explained in Section 3.3. From Table 1, it
can be seen that ARMA order selection for packet delay and
IPG series show no clear connection to the sending bit rate, as
was anticipated on Section 4.1. Although from Table 1, it can
be seen that /PG ARMA models offer smaller negative log-
maximum likelihood estimator than packet delay for scenarios
with sending bit rate greater than 50 Mbps. Also as the sending
bit rate increases, greater than 70Mbps for this experiment set
up, model order for both series tend to decrease. On one hand,
as sending bit rate increases, packet delay becomes a pure AR
process since its PACF decays faster. For the same conditions
IPG becomes less correlated [19]. In Table 1 the ARMA model
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with smaller —21n(L(§)), among the ones obtained through
packet delay and /PG is highlighted.

ACF of residual for delay modeled
values
1
S 0.75
3
L 0.5
5
g 025 N .
0 - EXRRIR ARSI ko H2X
1 4 7 10 13 16 19
80 ——30 —*%— 10
——0.5 —+—0.125 —95% Cl

Figure 3.ACF function for residual of packet delay modeled values
for sending bit rates(0.125,0.5,10,30 and 80Mbps) using 64 bytes
packet size.

Modeling efforts presented in this paper aim to generate a
modeled process which characterizes the overall behavior of an
end-to-end packet delay and/or /PG process, and not to obtain
a perfect match of this one at any given time. Thus modeling
performance evaluation has been done by the applying the
diagnostic checking methods presented in Section 3.4. Figure 3

shows the ACF distribution of the residual series, #:, for the
packet delay models, see equation (12), together with the 95%
Confidence Interval (CI)[7]. It is known that an ARMA model
is considered an suitable fit to the data if all or almost all
residual ACF coefficients for positive lags are inside the 95%
CI [7][14]. Figure 3 shows that almost all residual are inside
the confidence interval, indicating that end-to-end packet delay
dynamics is well modeled by the fitted ARMA model. Also
from Figure 3, it can be seen that ACF distribution of the
residual series for the packet delay models die faster for high
sending bit rates scenarios. This implies that residual resembles
better a white noise sequence, and thus fitted model is more

accurate. Table 1 confirms this, since —21n(L(§)) tends to get
smaller as the sending bit rate increases.

Figure 4 and 5 show the ACF and PACF distributions for
packet delays for varied sending bit rate scenarios for 256 bytes
packet size. From here, it can be seen that autocorrelation of
the process at different points in time is weaker than the one
observed using 64 bytes packet size for the same probe sending
rate. This is expected since sender /PG for these scenarios are 4
times bigger than with corresponding 64 packet size cases for
the same probe stream bit rate. From Figure 5 it can be seen
that PACF coefficients die off abruptly after a small number of
lags, in fact, for sending bit rates higher than 10 Mbps PACF
distribution cuts off after the second lag. This phenomenon
tells us that the chain of dependency of intermediate samples is
easily broken, see Section 3.1. Comparing Figure 5 to Figure 2,



it can be seen that the chain of dependency of intermediate
packet samples does not only depend on probe’s sending bit
rate but also on probe’s packet size. Thus, it can be expected
that auto-regressive models of packet delay and IPG series will
vary according these two parameters, and thus both have to be
considered when extracting the effect of the network on the
captured packet stream.

ACF for delay values
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Figure 4.ACF function for lag 1-20 of packet delay values for
varied sending bit rates (0.5 - 80Mbps) using 256 bytes packet size.
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Figure S. PACF function for lag 1-20 of packet delay values for
varied sending bit rates (0.5 - 80Mbps) using 256 bytes packet size.

Table 2 shows the results of the model fitting done for a set
of sending bit rates scenarios for 256 bytes packet size. Results
were obtained in a similar manner to those in Table 2. Form
Table 2 it can be seen that ARMA model orders, for both packet
delay and /PG series, decreases rapidly for sending bit rates
higher than 10Mbps. This can be expected from the PACF
distribution observed on Figure 5. Also it can be seen that /PG
ARMA models offer smaller negative log-maximum likelihood
estimator than packet delay for scenarios with sending bit rate
greater than 10 Mbps. By comparing results obtained from
Table 2 to the ones observed on Table 2, it can be concluded
that the packet delay model becomes an AR process at smaller
sending data rates for the 256 bytes packet size experiment
than for the 64 bytes packet size one. Also, in general
ARMA/ARIMA packet delay and /PG models show lower
orders for the 256 bytes packet size cases than their

corresponding 64 bytes packet size cases. This can be
explained since both ACF and PACF distributions decay faster
for 256 bytes packet size than for 64 bytes packet size. From
here it can be concluded that ACF and PACF distributions and
therefore ARMA/ARIMA models depends not only on the
probe’s sending data rate but also on the probe’s packet size.
Also IPG has proven to be a feasible way of capturing the
effect of the network on a data stream, and has demonstrated to
offer better goodness-of-fit than packet delay models for high
sending rate probes scenarios. This was anticipated earlier,
since /PG becomes less correlated as sending bit rate increases
[19]. Note that when both packet delay and /PG processes

show very similar - 2In (L(E)max ) values, process selection can
be done based on the model order, p+gq.

End-to-end Packet Delay and IPG Modeling Fitting
ARMA model for packet | ARMA model for IPG
Sending delay series series
Bit Rate
p q - 21n(L(s )max ) P lql - 21n(L(x )max )
0.5Mbps [ 5 7 1.99E+05 5 17 2.00E+05
1 Mbps 4 1 1.80292E+05 3 1 1.80492E+05
10Mbps | 6 | 4 | 1435008405 | 1 |2| 1.43871E+05
20Mbps | 1| 0 1.6921E+05 1 2] 1.67212E+05
30 Mbps | 1 0 1.2275E+05 1|1 1.22264E+05
40Mbps [ 1 | 0 1.4591E+05 1)1 1.4517E+05
50 Mbps | 1 0 1.41872E+05 1)1 1.41851E+05
70 Mbps | 1 0 1.37721E+05 2 |1 1.37531E+05
80 Mbps | 1 0 1.3579E+05 2 |1 1.3521E+05
100 Mbps | 1 0 1.3991E+05 2 |1 1.3972E+05

Table 2. End-to-end packet delay model fitting for different sending
bit rate scenarios using 256 bytes packet size.

Diagnostic checking for the 256 bytes packet size also
shows packet delay dynamics are well modeled by the fitted
ARMA model. Due to the space limitation these results are not
presented in this paper. Although experiments with other
packet sizes are not presented in this paper, relationship
between packet correlation, packet size and process modeling
can be inferred. For further information refer to [23].

Note that since the above experiments were conducted at
non peak times of the day, network cross traffic remained
within a narrow range. Thus non-stationarity of the observed
packet delay samples was modeled successfully using
ARIMA(p,q,d), where d={0-1} , and not higher orders of d were
needed. d=0 represent the ARMA model of packet delay and
d=1 the ARMA process of IPG.

5. CONCLUSIONS AND PROJECTED FUTURE WORK

This paper investigated the effects of correlation among
delays of packets in a stream of Internet traffic and presented a
system for modeling end-to-end packet delay and /PG by
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means of time series techniques. Packet delay autocorrelation
plays an important role in capturing the effects of the network
induced delay on the packets of an end-to-end flow, and it has
to be included when packet traffic modeling efforts are
intended.

Our finding shows that the behavior of end-to-end packet
delay and /PG sequences can be captured effectively by ARMA
and ARIMA models, when CBR probe flows are used.
Autocorrelation and partial autocorrelation functions have been
used to identify the most appropriate model. Effects of sending
bit rate, packet size, and available link capacity on these two
metrics have also been analyzed. Methodology for fitting
ARMA and ARIMA models into packet delay and /PG series
were presented. This methodology is based on the probe’s
sending bit rate, as a fraction of the available link, and the
probe’s packet size. Modeling /PG as an alternative for
modeling end-to-end packet delay has also been considered.
Results prove that /PG shows better goodness-of-fit than
packet delay, for the same probe stream bit rate, as the
combination of data rates and packet size increases.
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