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Abstract
Heterogeneous wireless/wired networks and ubiquitous environments are gaining ever more attention by research community. To properly control and manage such puzzles a deep knowledge of quality of service parameters is needed and,
therefore, a complete and robust performance assessment is necessary. This paper deals with a performance evaluation and
measurement of a number of heterogeneous end-to-end paths taking into account a wide range of statistics. To study the
behavior of QoS parameters, an active measurement approach has been introduced for the analysis of properties we called
(i) concise statistics (mean, standard deviation, inter quantile range, minimum, maximum, and median) and (ii) detailed
statistics (Probability Density Function, Auto-correlation Function, Entropy, Complementary Cumulative Distribution
Function, and Bivariate Probability Density Function). We show how, thanks to this view on QoS statistics, a more complete understanding of QoS parameters behavior is possible. In addition, we show how the measured statistics can be fruitfully used in the context of network control and management. More precisely, we present two proof of concepts regarding
frameworks for QoS-based anomaly detection and for QoS-based identiﬁcation of network elements.
 2007 Elsevier B.V. All rights reserved.
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1. Introduction
Heterogeneous networks have gained a lot of
attention in the recent past and nowadays represent
a reality in almost all networking scenarios. Despite
their diﬀusion, quality of service (QoS) provision

q

Preliminary results within the same framework of this work
have been recently published in [1].
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and analysis remain always a challenge. This is
because having a well-integrated heterogeneous network infrastructure requires new approaches in several ﬁelds (e.g. planning, deploying, applications,
etc.). Among the aspects to consider, performance
evaluation and QoS parameter analysis play key
roles during both the design and the operation
phases with many interesting issues yet to be
resolved.
Performance and perceived quality of Internet
applications are primarily determined by parameters
like packet loss, delay, jitter, throughput, and available bandwidth. In this direction, several reference
documents containing constraints regarding these
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parameters have been deﬁned [2–4], and researches
have focused on the eﬀects of these parameters on
real time traﬃc (i.e. telephony) [5]. Moreover, in
the literature there are a lot of works focused on
the analysis of QoS parameters and more speciﬁcally on the delay (both one-way delay (OWD)
and round trip time (RTT)) over backbone networks [6–10]. It is our opinion that, with rapidly
expanding core and backbone networks, performance parameters such as delay, jitter, bandwidth,
and loss get increasingly dominated by new access
networks (ADSL, WiFi, etc.). Thus, the focus
changes from observing performance in the network
core to the communicating hosts and their access
networks.
A complete understanding of the behavior of
QoS parameters over heterogeneous networks is
important (i) for the study of network performance,
(ii) for the evaluation of network capability to support new value-added services (e.g. telephony,
games), (iii) to properly design of network algorithms (routing, ﬂow control, streaming, . . .), (iv)
for the deﬁnition of service level agreements (SLAs),
(v) for developing algorithms to detect anomalies
due to attacks, misconﬁgurations, measurement
error, etc. and, ﬁnally, (vi) for the identiﬁcation of
the elements composing an end-to-end path.
To the best of our knowledge, as for the performance study, in literature a number of interesting
works are present. Unfortunately, they are characterized by the use of a classical approach devoted
to determine just the ﬁrst-order statistics of the considered QoS parameters. At the same time, a deep
knowledge of QoS statistics permits both (i) to have
a complete understanding of QoS parameters
behavior and (ii) to plan new and eﬃcient control
and management mechanisms. To fulﬁll this gap,
this work has a twofold contribution.
First, we present some results regarding both the
concise statistics (mean, standard deviation, inter
quantile range, minimum, maximum, and median)
and detailed statistics (Probability Density Function, Auto-correlation Function, Entropy, Complementary Cumulative Distribution Function, and
Bivariate Probability Density Function) of the considered QoS parameters. We present such a combined statistical analysis of delay, jitter, and
throughput.
Second, we show how, thanks to a deep knowledge of QoS statistics, new and eﬃcient management strategies are possible. More precisely, we
present two proof of concepts of architectures that

beneﬁt from the use of a complete set of QoS statistics: (i) QoS-based anomaly detection and (ii) QoSbased identiﬁcation of network elements.
This paper is organized as follows. In Section 2
we introduce the contributions of this work, also
describing related works. Section 3 contains a
description of the network test-bed and measurement tools we used. Further, it contains the description of the adopted measurement approach. In
Section 4 we ﬁrst present and describe the used statistical tools and then we present results of both concise and detailed statistical analysis. Also, a
discussion on obtained results mainly devoted to
highlight the peculiarities of heterogeneous networks is present. Finally, before ending the paper
in Section 6 with concluding remarks and issues
for future research, in Section 5 we present two
proof of concept approaches using the QoS statistics
previously analyzed in order to identify network elements and network anomalies, respectively.
2. Contribution and related works
This work has two main contributions. First, it is
devoted to the characterization of QoS parameters
in heterogeneous environments. Second, some
applications of this study are introduced to make
the reader perceive the real-world applicability of
such an analysis. To highlight this twofold contribution, in this section we ﬁrst present some works
related to the analysis of the statistics of the QoS
parameters on both wired and wireless networks,
highlighting the limits of previous works. Second,
we introduce some other works that use end-toend measurement to infer both network (and host)
characteristics and network anomalous behaviors
due to real causes or measurement bias.
Relating to the general framework of collecting
and analyzing the statistics of QoS parameters, several works have been presented in the literature. In
[6] the authors measure the end-to-end delay of ﬁxed
paths demonstrating that about 84% of them present typical histograms having a Gamma-like shape
with heavy tail. The authors of [8] present an analysis of the delay distribution of the SPRINT IP
backbone. They ﬁnd that the main contributing factor is the speed of light and that the jitter is extremely low. In [9,10] the authors measure and
analyze the single-hop packet delay through operational routers in a backbone IP network. They ﬁnd
that it is long tailed and ﬁts a Weibull distribution.
The authors of [11] present results related to packet
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delay and loss for IP data traversing the University
of Auckland Internet access path. This paper contains an interesting analysis but without indication
of the statistical properties of the considered variables. In [12] the authors present a jitter analysis
obtained with the RIPE NCC Test Traﬃc Measurement setup among several measurement points
located all over the world. In [13] the authors present evidence that the packet round trip delays exhibit long range dependence (LRD) showing that the
complementary probability distribution decays
more slowly than exponential rate. In [14] the
authors study the delay characteristics of ADSL service in Korea. They measure traﬃc delays path by
path across the whole network, to locate the bottleneck. Also, they study the relationship between
delay and packet size, and between delay and network utilization. Borella et al. [15] present an analysis of the Self-similarity of Internet Packet Delay.
Over some selected ﬁxed paths, the authors ﬁnd evidence that the degree of self-similarity for a roundtrip path in the Internet may be correlated with the
packet loss observed on that path. This result has
been achieved using tools such as the variance-time
plot, R/S analysis, periodogram analysis, and Whittle’s estimator. As shown, there exist several qualiﬁed tools and methodologies for characterizing
network behavior from end-to-end measurements.
As for the statistical approach, the works present
in the literature are focused on QoS parameters
analysis over backbone networks and they perform
a statistical analysis just in terms of CDFs and
PDFs (sometimes along with the percentiles analysis). Other times they take into account the analysis
of the long range dependence (LRD).
As for inferring network and host characteristics
from end-to-end measurements, some interesting
works have been proposed in the literature. The
authors of [16] propose a passive approach aiming
to detect bottlenecks located in network paths. In
[17,18] two diﬀerent approaches aiming to estimate
the capacity of network links via end-to-end measurements are presented. In [19] the authors detect
shared congestion of traﬃc ﬂows using results of
end-to-end measurements. The work presented in
[20] is aimed at developing techniques to estimate
network link loss rates by means of measures collected at a server. The work introduced in [21] presents an iterative Bayesian technique to identify
802.11 traﬃc that uses passive measurement results.
Diﬀerently from [21], the work presented in [22] uses
an active approach to perform the measurements.
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Such work is targeted to classify the considered
access networks into three categories, and it shows
that it is possible to infer the belonging to a class
from the results of an active probing tool. Finally,
several works make use of TCP/IP properties as ﬁngerprints able to detect some host characteristics.
For instance, the authors of [23] detect host operating systems by using a Bayesian classiﬁer.
Relating to the detection of network anomalies
from active or passive measurements, the work
[24] presents a framework to detect and classify,
via unsupervised learning, a wide range of anomalies looking at some selected characteristics of the
traﬃc. While, in [25], the authors introduce a framework and a set of algorithms with the aim to infer
network-level anomalies from data sets of aggregate
traﬃc.
To extend the literature, in this work we consider
a more general framework in terms of both statistical approach and heterogeneous network scenarios
(i.e. composed of a large mix of variables regarding
the considered end-user device, operating systems,
access networks technologies (Ethernet, ADSL,
WLAN 802.11b, GPRS, and UMTS)). To the best
of our knowledge, we extend results in the literature
in that:
• we present a complete evaluation, from the application point of view, of heterogeneous end-toend paths in terms of a wide range of QoS
parameters (throughput, delay, and jitter).
• we focus our attention on a novel vision of the
end-to-end path (a path including the communicating peers and their operating systems); therefore we take into account several factors like
operating systems, end-user devices, network
technologies and relationships among them.
• we introduce a multifarious statistical approach
that includes the evaluation of diﬀerent concise
statistics (mean, standard deviation, inter quantile range, minimum, maximum, and median) as
well as the study of detailed statistics: the probability distributions, the tail analysis, the entropy
measure, the LRD analysis, and the study of
the bivariate probability distribution. This permits to highlight some behavior hidden by just
applying traditional statistical approach, giving
insights to better understand the diﬀerences
between classical and heterogeneous wired/wireless networks.
• we present some of the possible applications of
our characterization in two diﬀerent frameworks
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Fig. 1. The experimental test-bed.

that are, the identiﬁcation of the elements composing the end-to-end path and the detection of
anomalies in the network due to attacks, misconﬁgurations, and errors in the whole chain of the
measurements process.
In addition, we made publicly available the used
tools and data traces at [26].
3. Test-beds, tools, and measurement approach
3.1. Real test-bed and end-to-end paths
We performed our experiments over the real testbed described in [27] and sketched in Fig. 1. As
shown, it is composed of a number of heterogeneous
wireless/wired networks. Over such test-bed several
conﬁgurations have been taken into account: the
experiments have been performed by varying a
number of conﬁguration parameters like operating
system, end-user device, access network, transport
protocol, and traﬃc condition. All these parameters
are considered as the components of our novel
and wide deﬁnition of end-to-end path. In more
details, in this work we deﬁne an end-to-end path
(e2eP) as
e2eP ¼ ðS UD ; RUD ; S OS ; ROS ; S AN ;RAN ;Protocol;BitrateÞ
ð1Þ

where UD identiﬁes the User Devices, SUD at sender side and RUD at receiver side (e.g. Laptop,
Palmtop, Workstation, etc.); OS identiﬁes the

Operating Systems of each of the two users (e.g.
Windows, Linux, Linux Familiar1, etc.), SOS at sender side and ROS at receiver side; AN is the Access
Networks (LAN, 802.11, ADSL, GPRS, etc.), SAN
at sender side and RAN at receiver side; Protocol is
the protocol the users are communicating through
(e.g. TCP, UDP, SCTP, etc.); and, ﬁnally, Bitrate
is that imposed by the application.
By combining all these variables, in our test-bed
we could set up about 350 diﬀerent end-to-end
paths. To highlight the features of the proposed statistical approach, as an example, we present the
results of the statistical analysis performed over
six end-to-end paths. The characteristics of the analyzed scenarios are presented in Table 1. TCP results
have also been obtained, but in this work we focus
on the UDP ones. It is worth noting that ICMP
has not been used in our experiments because (i) it
is handled by the routers diﬀerently from UDP/
TCP and (ii) we are interested in the behavior of
QoS parameters of application traﬃc (based on
TCP and UDP).
We would like to underline that the used GPRS
and UMTS connections have been provided by
two of the principal Italian Telecom Operators.
Such connections are the same provided to all
their customers, for this reason, the reported performance are exactly the same a user would
experience.

1

An open source porting of Linux for Palmtop devices.
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Table 1
Characteristics of the considered paths
ANs

Protocol

OSs

UDs

GPRS-to-Ethernet
UMTS-to-Ethernet
ADSL-to-Ethernet
Ethernet-to-GPRS
Ethernet-to-ADSL
Ethernet-to-WLAN

UDP
UDP
UDP
UDP
UDP
UDP

Windows XP-to-Linux
Windows XP-to-Linux
Linux-to-Linux
Linux-to-Windows XP
Linux-to-Linux
Linux-to-Windows XP

Laptop-to-Workstation
Laptop-to-Workstation
PC-to-Workstation
Workstation-to-Laptop
Workstation-to-Desktop PC
Workstation-to-Laptop

3.2. Measurement approach

3.3. Collected data

For the active measurements we used our tool
called Distributed Internet Traﬃc Generator (DITG) [28]. By combining diﬀerent pairs of PS
(Packet Size) and IDT (Inter Departure Time),
D-ITG generates a multitude of traﬃc patterns.
In this way we generate controlled synthetic traﬃc
that is – at the same time – realistic. Despite this,
with the aim to draw a reference curve for the
parameter statistics, in this paper we consider only
a UDP Constant Bitrate (CBR) traﬃc proﬁle generated with constant PS and constant IDT. Besides
being a traﬃc generator, D-ITG can be used as an
active measurement tool: one-way-delay (OWD),
round-trip-time (RTT), packet loss rate, jitter,
and throughput, can be measured and analyzed
using the various components of the D-ITG platform: (i) sender; (ii) receiver; (iii) decoder; (iv) log
server. Experiments have been carried out by using
three traﬃc conditions namely Low, Medium, and
High Traﬃc [29]. For each of them, a number of
PS have been used. Due to the nominal bandwidth
of some of the used wireless connections (i.e.
GPRS and UMTS), we consider here, only Low
Traﬃc condition using IDT equal to 1/100 s and
PS equal to 256 Bytes (thanks to this choice we
have a maximum theoretical bit rate equal to
204.8 Kbps). To point out the end-to-end communication diﬀerences, we show the behavior of
throughput, jitter, and Round Trip Time measured
over UDP connections. We do not present the
packet loss because, in this traﬃc condition, in
the scenarios including WLAN and ADSL, it was
always equal to 0. The jitter samples have been calculated by using the deﬁnition given in [30].
Finally, it is worth noting that the presented results
have been averaged on several tests in order to
minimize the eﬀect of random error on measures.
In the following, the mean values across 20 test
repetitions are reported.

The measurement stage has been performed in
the time period between December 2003 and
November 2004, in the day hours between 9:00 am
and 6:00 pm. In that time, over 34 GB of traﬃc
traces have been collected. Such traces have been
previously inspected and sanitized in order to detect
and remove samples aﬀected by errors. At [26] we
made freely available several archives containing
outcomes of these measurements over real networks
(which are not only those that have been used in this
work). Each archive contains ﬁles with samples of
QoS parameters measured over several end-to-end
paths. Samples are obtained, by adopting the above
described active measurement approach, sending
probe packets with a rate of 100 pps and size ranging in {64, 256, 512, 1024} Bytes. More details
about the traﬃc parameters are contained in Table
2.
Each sample is calculated using non-overlapping
windows of 10 ms length. In [26] we provide also
archives containing samples calculated on a perpacket basis.
3.4. Statistical methodology
By integrating and customizing established and
well-known tools we have set up a methodology to
provide a statistical analysis of the collected samples. Along with the evaluation of mean, standard
deviation, inter quantile range, maximum, miniTable 2
Parameters of measurement traﬃc
IDT

PS

1/100 seconds
1/100 seconds
1/100 seconds
1/100 seconds

64
256
512
1024

Generated bit rate
Bytes
Bytes
Bytes
Bytes

51.2 Kbps
204.8 Kbps
409.6 Kbps
819.2 Kbps
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mum values we adopted tools for the distribution
estimation, study of the tails, analysis of the Autocorrelation Function, Entropy Measurement, and
Bivariate Analysis. In Section 4 we present the motivations to select each of these tools in the ﬁeld of
heterogeneous networks. To permit the experiment
repeatability and to improve the knowledge in this
ﬁeld, the statistical software tools (and, as said
before, the data traces) that we used in this paper
are freely available at [26].
4. Analysis of QoS parameters
4.1. Concise statistical analysis
Tables 3–5 present the results of the concise statistical analysis for throughput, jitter, and delay,
respectively. Each table is related to one of these
parameters and, for each considered path, it contains the minimum, the maximum, the average, and
the median values of throughput, jitter and round
trip time. Also, it contains the standard deviation

(StDev) and the inter quantile range (IQR) of the
same parameters.
The IQR we used is deﬁned as the diﬀerence
between the 75th and 25th percentiles. As for these
parameters, it is worth noting that average and standard deviation are more useful when analyzed along
with minimum and maximum values. And, the IQR
and median are better estimators for skewed distributions than, respectively, the standard deviation
and the average value, because they are less inﬂuenced by extreme samples.
Digging into numerical details, as for the
throughput, Table 3 shows, as expected that, in
the conﬁgurations including GPRS and UMTS connections, the minimum, average, and median values
of throughput are lower than those of the other conﬁgurations. Also, the standard deviation looks very
similar for very diﬀerent conﬁgurations. Despite
this, such a result can be related to very diﬀerent
causes and it can be misleading if not observed
together with the average values (see GPRS/
ADSL-to-Ethernet). It is also interesting to note

Table 3
Concise statistics of UDP throughput [Kbps]
End-to-end path

Min

Max

Avg

StDev

IQR

Med

GPRS-to-Ethernet
UMTS-to-Ethernet
ADSL-to-Ethernet
Ethernet-to-GPRS
Ethernet-to-ADSL
Ethernet-to-WLAN

0
0
122.8
0
20.48
184.3

40.96
327.6
245.8
61.44
348.2
225.3

18.44
52.31
204.6
39.56
204.5
204.7

6.913
47.92
6.924
16.60
15.01
3.934

0
20.48
0
0
0
0

20.48
61.44
204.8
40.96
204.8
204.8

Table 4
Concise statistics of UDP jitter [s]
End-to-end path

Min

Max

Avg

StDev

IQR

Med

GPRS-to-Ethernet
UMTS-to-Ethernet
ADSL-to-Ethernet
Ethernet-to-GPRS
Ethernet-to-ADSL
Ethernet-to-WLAN

0.048
0
0
0
0
0

5.048
1.768
0.089
0.518
0.034
0.023

0.179
0.054
7 · 104
0.055
6 · 103
7 · 104

0.531
0.171
0.002
0.076
0.001
0.001

0.003
0.02
3 · 104
0.066
4 · 104
7 · 104

0.090
0.03
7 · 104
0.047
3 · 104
5 · 104

Table 5
Concise statistics of UDP RTT [s]
End-to-end path

Min

Max

Avg

StDev

IQR

Med

GPRS-to-Ethernet
UMTS-to-Ethernet
ADSL-to-Ethernet
Ethernet-to-GPRS
Ethernet-to-ADSL
Ethernet-to-WLAN

6.309
1.535
0.042
0.801
0.044
3 · 104

17.11
4.182
0.638
14.31
0.200
0.135

10.95
2.551
0.277
10.15
0.095
0.084

3.92
0.573
0.130
3.017
0.014
0.02

6.311
0.543
0.070
3.040
0.019
0.002

12.69
2.494
0.260
11.26
0.100
0.090
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4.2. Detailed statistical analysis
In this section, applying the methodology presented in Section 3.4, we show our results on Probability Density Functions (PDFs) of QoS parameters
as well as some results regarding the Auto-correlation Function (ACF), the Entropy measure, the tail
analysis, and the Bivariate Probability Density Function. We used the Entropy to concisely quantify the
randomness of the considered parameters, and the
ACF to study the temporal relationship among
the samples. Also, due to the fact that the distribution’s behavior in its upper tail can be crucially
important, we provide the tail analysis. Finally, we
present the bivariate distribution of throughput
and jitter to investigate the relation between these
parameters.
It is important to underline that the throughput
samples have been collected evaluating the average
values on ﬁxed size time intervals (100 ms), while
for RTT and jitter, each packet represents one sample. Also, to plot the PDFs of all the considered
parameters, we used the bin width suggested by
the Scott’s rule [31].
4.2.1. Probability Density Functions:
Throughput: In Fig. 2 the PDFs of the throughput samples are depicted. Such ﬁgure shows that

0.5
0.45

Ethernet−to−ADSL
ADSL−to−Ethernet
Ethernet−to−GPRS
GPRS−to−Ethernet
Ethernet−to−WLAN
UMTS−to−Ethernet

0.4

Probability density

that, in the UMTS-to-Ethernet conﬁguration, we
achieved a standard deviation very close to the
mean value. This implies that the average is not
much representative of the sample values. That is,
the samples achieved values very diﬀerent from each
other. In this case, we also observe a mean value
quite diﬀerent from the median. As for the jitter,
Table 4 shows that the GPRS/UMTS based conﬁgurations achieved the worst performance (higher jitter values) also for this parameter. Indeed, they
present higher maximum, average, median, and
standard deviation values. In Section 4.3 a possible
explanation of such behavior is present. The RTT
values presented in Table 5 conﬁrm such trend.
Indeed, the values are higher for all the samples collected by using GPRS and UMTS connections.
It is worth noting that, in the case of Ethernet-toGPRS and GPRS-to-Ethernet, the average and
median values are quite diﬀerent. This is not true
in the case of other paths. This behavior is ampliﬁed
in the case of throughput, and, it means that the role
(sender or receiver) of diﬀerent access networks signiﬁcantly impacts on performance.
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Fig. 2. PDF of UDP throughput.

(i) in the GPRS-to-Ethernet case, the main part
(87%) of the samples achieved the median value
(20.48 Kbps) while more than 10% were equal to
0 Kbps; (ii) in the UMTS-to-Ethernet scenario the
samples are spread over the interval [0, 350] Kbps;
(iii) in the ADSL-to-Ethernet case the median value
(204.8 Kbps) has been obtained by more than 90%
of the samples; (iv) in the Ethernet-to-GPRS case
the samples are multi-modally distributed over 4
values (0, 20.48, 40.96, and 61.44 Kbps); (v) in the
Ethernet-to-ADSL scenario even if more than 90%
of the samples attained the median value
(204.8 Kbps), the remaining ones range from 20.48
to 348.2 Kbps; (vi) in the Ethernet-to-WLAN case
the samples are very highly concentrated around
their median value (204.8 Kbps).
Jitter: In Fig. 3 the PDFs of the jitter samples are
depicted. As shown, the distributions look similar in
the shape, indeed, they present the majority of the
samples close to 0 even if a not negligible upper tail
is noticed. To better see the main part of the distribution, in Fig. 3 we included also a zoom on lower
sample values. However, the sample values of the
conﬁgurations including GPRS/UMTS diﬀer of
about 1 order of magnitude from the other conﬁgurations. Indeed, in the GPRS-to-Ethernet, Ethernetto-GPRS, and UMTS-to-Ethernet cases they are
mainly distributed (95% of samples) over the interval [0, 0.15] seconds (not shown). Instead, in the
other cases, the 95% of the samples present values
less than 0.015 seconds. It is interesting to note that
the uplink of ADSL connections present quite different sample values from the downlink (the same
is true also for the GPRS). Such result is due to
the asymmetry of these connections. It can be used
in a classiﬁcation/identiﬁcation framework.
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Fig. 3. PDF of UDP jitter with a zoomed view.
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Fig. 4. PDF of UDP RTT with a zoomed view.

Delay (RTT): In Fig. 4 the PDFs of the RTT
samples are sketched. To ease the analysis, such ﬁgure includes also a zoom on the ﬁrst part of the distributions. In contrast with the jitter, here the

distributions are very diﬀerent from each other.
Indeed, the GPRS-to-Ethernet samples are multimodally distributed around four values (7.5, 10,
12.5, and 17 seconds), some of which are not visible
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in the ﬁgure. In the UMTS-to-Ethernet case the distribution is bimodal with the modes not strictly separated. In the ADSL-to-Ethernet conﬁguration the
samples are spread all over the [0.05, 0.7] seconds
interval with a concentration (the 50% of the samples) around their median value (0.26 seconds).
Ethernet-to-GPRS samples are close to their median value (11.26 seconds) and a heavy lower tail is
present. The Ethernet-to-ADSL conﬁguration presents samples that are mainly distributed over the
interval [0.04, 0.2] seconds, and, in the mainly populated interval ([0.06, 0.12] seconds), spikes are present at multiples of 0.01 seconds. Finally, the
Ethernet-to-WLAN samples are bimodally distributed around 0.02 seconds and 0.09 seconds.
Among our aims for future research there is the
ﬁtting of the depicted distributions. In the case of
parameters shown in this paper, due to their shape,
we plan to adopt an Expectation Maximization
(EM) algorithm applied to mixture of random
(probably Weibull) variables instead of techniques
like model ﬁtting and discrepancy measure [32].
EM is indeed a proper approach to easily and optimally ﬁnd the parameters deﬁning the ﬁtting model.
4.2.2. Other statistics
ACF: To understand the samples statistical
dependence, in Fig. 5 the ACF of the UDP RTT
samples as a function of sample distance (called
lag) is sketched. We evaluate the correlation coeﬃcient of Pearson (r) over all lags. This is deﬁned as
P
i2½1;n ðX i  X Þ  ðY i  Y Þ
r ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
;
ð2Þ
P
2 P
2
ðX

X
Þ

ðY

Y
Þ
i
i
i2½1;n
i2½1;n
where X and Y represent the mean values of the two
random variable X and Y. In our case, this last var-
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iable (Y) is the same of X but shifted by a number of
samples equal to the lag. However, in any case, it
ranges from 1 to +1.
As the traces are related to synthetic CBR traﬃc
(i.e. packet size and inter packet time series are constant and therefore perfectly correlated), the more
the ACF values approach 0 the more uncorrelation
among packet arrival times has been introduced by
the end-to-end path (of course the path does not
inﬂuence the packet size). As we can see, the
ACF(1) value is higher than 0.9 for all the considered conﬁgurations. Also, the conﬁgurations that
include GPRS and UMTS connections present
more uncorrelation among the samples. Indeed,
for such conﬁgurations, the autocorrelation plot
decays more rapidly than in the other cases. Such
behavior proves that the GPRS and UMTS connections introduce uncorrelated randomness in the
packet arrival process. In the case of GPRS and
UMTS at sender side, the ACF shows an oscillating
behavior. This is due to some periodicities in the
RTT sequences. Our preliminary analysis shows
that such behavior is related to the packet loss trend
[33].
Entropy: In order to better understand the variability of the collected samples we have also evaluated the entropy of each trace. Generally
speaking, entropy is a measure of the uncertainty
of a random variable X. It is deﬁned as
X
H ðX Þ ¼ 
P ðxÞ  log2 P ðxÞ;
ð3Þ
x2X

where P(x) is the probability of each sample value x.
For the sake of comparing entropy values of different conﬁgurations, when estimating such parameter, we used the same bin size for all the
conﬁgurations instead of that suggested by the
Scott’s rule. Indeed, the Scott’s rule provides a bin
size that varies with the samples number and values.
For this reason, in the RTT case we used a ﬁxed bin
width equal to 0.01 seconds while for the jitter the
bin width is equal to 0.001 seconds.
Table 6 presents entropy values calculated for the
jitter and RTT samples. Such table shows that the
entropy values obtained on the GPRS-to-Ethernet,
Ethernet-to-GPRS, and UMTS-to-Ethernet paths
are always higher than those achieved with all the
other conﬁgurations. Furthermore, the reported
values prove that the randomness introduced by
GPRS and UMTS connections inﬂuences both the
delay and its variations (jitter). Finally, it is interesting to note that when the GPRS is used at sender
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Table 6
Entropy of Jitter and RTT [bit]
End-to-end path

GPRS-to- Eth

UMTS-to-Eth

ADSL-to-Eth

Eth-to-GPRS

Eth-to-ADSL

Eth-to-WLAN

Jitter
RTT

3.978
4.399

3.258
6.406

0.465
2.976

6.079
8.504

0.628
2.562

0.910
1.571

side, both RTT and jitter entropy values are
much higher than the other direction of the
communication.
Tail analysis: In order to analyze the tail behavior
we sketch the plot of the complementary CDF
(CCDF) in logarithmic scales. With such a plot it
turns visible the presence of a heavy tail in the distribution. It is important to underline that a close
relationship exists between the delay tail behavior
and the LRD of the traﬃc. When inputting self-similar traﬃcs into routers, the queue length distribution exhibits a heavy-tail behavior. In Fig. 6 the
CCDF of the jitter samples is depicted. In such ﬁgure it is also reported a line representing the exponential decay (it is a straight line in logarithmic
axes). Therefore, such a line allows to evaluate if a
distribution presents an heavy tail behavior, that
is, if it has decay rate lower than exponential. With
such plot it becomes clear that the jitter presents a
heavy tail behavior for all the analyzed
conﬁguration.
In Fig. 7 the CCDF of RTT samples is sketched
using logarithmic scales. In contrast to the previous
parameter, there is no evidence of a heavy tail
behavior. Indeed, for all the considered conﬁgurations, the sample distributions decay to zero with
an over-exponential rate.
Bivariate analysis: In Fig. 8 the distributions of
throughput and jitter are depicted, in a single plot,
as the PDF of a bivariate random variable. With
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such plot it is possible to understand the relation
between the distributions of the two parameters.
Such ﬁgure shows that in nearly all the conﬁgurations the higher jitter values have been achieved
with the median throughput. As an exception, in
the Ethernet-to-GPRS case, the higher jitter values
have been obtained with the lowest throughput.
Further, we can observe that the highest throughput
values are not associated with the highest jitter
values.
4.3. Discussion
In our opinion, the approach carried out in this
work underlines the importance of performing a statistical characterization based on a combined
approach composed of both concise and detailed
statistics. We proposed an active measurement
approach using a robust platform called D-ITG.
Thanks to the proposed approach interesting
insights came out. As for GPRS and ADSL based
conﬁgurations we have observed a relevant diﬀerence on the collected statistics depending on the
communication direction. In particular, the PDFs,
ACFs, and entropy values of RTT samples collected
injecting traﬃc in the uplink direction, are diﬀerent
from those related to the other direction. This
behavior is partially hidden when applying just a
concise statistical approach. Also, a similar consideration applies for the jitter and throughput
samples.

A. Botta et al. / European Journal of Operational Research 191 (2008) 1075–1088

1085

Fig. 8. Bivariate analysis of UDP throughput and jitter: (a) GPRS-to-Ethernet; (b) UMTS-to-Ethernet; (c) ADSL-to-Ethernet; (d)
Ethernet-to-GPRS; (e) Ethernet-to-ADSL; and (f) Ethernet-to-WLAN.

As a general comment, we can state that there is a
clear impact of the connection bandwidth on all the
presented parameters and thanks to our approach
we are able to completely characterize it. As an
example, if we look at the RTT and jitter entropy
of GPRS based conﬁgurations, we observe much
higher values when the GPRS is present at receiver
side. This behavior can be probably justiﬁed considering that, in this case, the packets are queued in
some segment of the end-to-end path close to the
receiver side. This is suitable with the low capacity
of the GPRS access network. In the opposite case,
with the GPRS at sender side, just the allowed packets traverse the end-to-end path and the randomness
is lower than in the other communication direction.
Presented results have shown evidence that the
jitter has a heavy tail behavior. Indeed, its CCDF
decays with a rate lower than the exponential one.
By the observation of the ACFs, we have noticed
that RTT shows, in most cases, a LRD behavior.
While, just for GPRS/UMTS based connections,
the ACF also presents some periodicities.
As for the comparison between wireline and wireless connections, we have observed that RTT samples collected on GPRS and UMTS based
conﬁgurations present the lowest values of correlation and the highest entropy values. A higher
entropy value has been observed in both RTT and
jitter samples. This behavior is probably due to

the fact that to transmit IP packets on a cellular network, a number of architecture elements have to be
traversed before to reach the Internet. Each of these
elements has its own protocol stack and gateway to
the Internet. Furthermore, cellular networks have
been designed to mainly transport voice traﬃc at
64 Kbps. Therefore, at higher bit rate, they introduce considerable latency in IP packet transmission.
Also, they contribute to increase delay variation (jitter) value as already been remarked in Section 4.1.
Further analysis aiming to fully understand the
driving phenomena at the base of the measured
results are the subject of our ongoing work. But,
on the base of current results, we are able to characterize heterogeneous wireline/wireless networks,
using QoS statistics in order to propose novel
approaches for network management and control.
5. Using QoS statistics to manage and control
Heterogeneous Networks
In previous sections we presented a careful statistical analysis of QoS parameters giving both results
and insights regarding jitter, throughput, and delay
evaluated over heterogeneous wired/wireless networks. In this section we provide some example of
using both concise and detailed statistics to control
and manage heterogeneous networks. More precisely, we ﬁrst describe a QoS-based framework
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Successively, we use the test set for the identiﬁcation process. In this stage, the classiﬁcation algorithm attributes each elements of the test set to
some class. Its decision is based on what it discovered in the previous stage. Looking at the classiﬁcation results, we can therefore consider a vector of
statistics as correctly identiﬁed if the classiﬁcation
algorithm ascribes it to the correct class.
Preliminary results have proved that the identiﬁcation is feasible and that high level of accuracy (i.e.
the percentage of correctly identiﬁed characteristics)
can be obtained (P70%). However, this framework
is still in its early stage and several aspects have still
to be investigated.
This approach can be ascribed to a ‘‘Phenomenological Identiﬁcation’’ framework. Using QoS statistics (that depend on network behavior) we try to
identify network elements.

for the identiﬁcation of network elements (see Section 5.1) and we then present a QoS-based framework for anomaly detection (see Section 5.2).
5.1. Identiﬁcation of network elements using QoS
statistics
Here we present a preliminary study we are conducting aimed to identify the component of an endto-end path. In particular, we are working towards
the development of a framework in which, by using
some selected statistics of QoS parameters, it is possible to identify the single elements that compose an
end-to-end communication path. As said in Section
3.1, we attribute a broad meaning to the term endto-end path including, in its deﬁnition, also some
characteristics of the end hosts. Therefore, using
our approach it is possible to detect both the characteristics of the communication (Protocol and
Bitrate) and the characteristics of the end hosts
(Operating System, User Device, Access Network).
In order to decide the QoS parameter statistics to
choose, a preliminary analysis has been conducted.
Thanks to it we learned that the identiﬁcation performs more accurately when considering the statistics contained in Table 7. In such table, r is related
to the correlation coeﬃcient of Pearson evaluated
as in Eq. (2), s refers to the correlation coeﬃcient
of Kendall, and s is the correlation coeﬃcient of
Spearman. For all of them, the number in parenthesis specify the lag at which they are calculated.
The identiﬁcation framework can make use of
any supervised classiﬁcation algorithms. Among
them we have already tried Bayesian Networks and
Naive Bayes. The identiﬁcation process can be summarized as follows.
First we select, for each end-to-end path, some
vectors each containing values of the 13 chosen
QoS parameter statistics (as in Table 7). We than
partition the set of those vectors in two, obtaining
a training and a test set.
Thereafter, for each component to be identiﬁed,
we instruct the classiﬁcation algorithm using the
training set. To this aim, the vectors of this set are
manually labeled with the tuple characterizing the
path they were collected on. In the training phase,
the classiﬁer discovers and stores the similarities
and the diﬀerences between the vectors.

5.2. QoS statistics-based anomaly detection systems
All the QoS parameter statistics we collected on
the real test-bed of Fig. 1 allowed to deeply understand the behavior of a heterogeneous wired/wireless network. Moreover, as they were collected on
a controlled test-bed, we can be conﬁdent that the
characterized network was in its non-anomalous
(i.e. normal) state. That is, we can state that those
statistics identify the behavior of the network in
its normal state. Therefore, approaches can be
designed to detect an anomalous behavior of the
network using those QoS parameter statistics. In
more details, confronting the current values (and
trends) of some selected statistics with those we collected in the normal state, we can devise if the network is behaving normally.
The network presents an anomaly when, for
example, there is an attack by a group of hackers,
a link is not properly working, misconﬁgurations
occur, etc. Despite this, it may happen that the measurements indicate the network is not behaving normally even if no real causes of anomalies are
present. This is the case, for example, of a problem
in the measurement station or an expected but not
considered route change. For this reason, in our
anomaly detection research work, we are pursuing
a twofold approach. The aim is to devise the best
strategies to detect, on one hand, network anoma-

Table 7
Considered statistics
Mean

Median

Standard deviation

Min

Max

IQR

r(2)

r(10)

s(2)

s(10)

s(2)

s(10)

Entropy
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lies due to real causes, and on the other hand, measurement methodology errors.
In this framework, we have already started to
investigate the more eﬀective way to detect these
two kinds of anomalies by looking at QoS parameter statistics. Our work is actually concerned with
evaluating two diﬀerent groups of factors fundamental for the detection framework, that are, the
statistics to be considered and the methodologies
to be utilized.
Relating to the ﬁrst group, for each QoS parameter, we are investigating the capability of all the
considered statistics to characterize the network
behavior. This activity is carried out by injecting
speciﬁc anomalies into the network and observing
the variation of the diﬀerent QoS parameter statistics. Clearly, depending on the type of the anomaly
we inject, the most aﬀected parameter, together with
its most aﬀected statistic, changes. Therefore, the
most useful parameter (e.g. jitter, packet loss, . . .)
and statistic (e.g. median, IQR, . . .) will be the one
that guarantees, on average, the best performance
for all the considered anomalies.
Furthermore, despite the optimal parameter and
statistic, referring to the second group, automatic
detection techniques have to be designed. In this
framework, we are performing an evaluation of different methodologies able to correctly detect instantaneous value or average trend variation. The
schemes we are considering are based on the following concepts: Thresholds (static or dynamic), HoltWinters, Wavelet spectrum, and Principal Component Analysis.
6. Conclusions
All over the world heterogeneous wireline/wireless networks are being used to support mobile services and innovative multi-scenario applications.
Unfortunately, even if our knowledge on their performance is increasing, a lot of work is still needed.
In this work we presented a general framework
for performance characterization in real heterogeneous wireline/wireless networks from a end-user
perspective. Our work extends previous works on
TCP and UDP performance over WLANs in many
directions. Indeed, it steps from the assumption that
a current realistic scenario must consider the fusion
of wired and wireless networks, several kinds of user
devices, diﬀerent operating systems and users’ applications. More precisely, in this paper we presented
some results of our empirical performance study
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of a number of end-to-end heterogeneous paths,
we discussed them, and ﬁnally we proposed some
novel approaches to control and manage these
scenarios.
A number of tests conducted on our real test-bed
yielded important properties of throughput, delay,
and jitter in terms of both concise (minimum, maximum, average, median, standard deviation, and
IQR values) and detailed (PDF, ACF, entropy, tail
analysis, and bivariate PDF) statistics. Thanks to
this combined approach, several behaviors – hidden
when applying just concise statistics – have been
analyzed. Among them we can summarize the following: (i) we have assessed the impact of network
path bandwidth on RTT and jitter and the diﬀerence between such parameters distributions for
uplink and downlink traﬃc; (ii) we have veriﬁed
that the jitter presents evidences of heavy tail; (iii)
the ACF analysis of the RTT reveals LRD in all
cases except the GPRS/UMTS path where we found
a periodic behavior; (iv) we found highest values of
entropy (of both jitter and RTT) in the case of path
containing GPRS and UMTS connections.
Preliminary results have shown that the considered parameters, collected at the edge of the network, present a behavior diﬀerent from the ones
collected on the backbone. This suggested us to
use the QoS statistics in both identiﬁcation of network elements and anomaly detection frameworks.
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