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Abstract

Edge computing is projected to become the dominant form of cloud computing in the future because of the significant
advantages it brings to both users (less latency, higher throughput) and telecom operators (less Internet traffic, more
local management). However, to fully unlock its potential at scale, system designers and automated optimization
systems alike will have to monitor closely the dynamics of both processing and communication facilities. Especially
the latter is often neglected in current systems since network performance in cloud computing plays only a minor
role. In this paper, we propose the architecture of MECPerf, which is a solution to collect network measurements in
a live edge computing domain, to be collected for offline provisioning analysis and simulations, or to be provided in
real-time for on-line system optimization. MECPerf has been validated in a realistic testbed funded by the European
Commission (Fed4Fire+), and we describe here a summary of the results, which are fully available as open data and
through a Python library to expedite their utilization. This is demonstrated via a use case involving the optimization of
a system parameter for migrating clients in a federated edge computing system adopting the GSMA platform operator
concept.
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1. Introduction applications with a very high social and economic im-
pact, like healthcare IoT [6], multimedia IoT [7] and
Industry 4.0 [8], to be unlocked at their full potential,
as currently unattainable thanks to: ultra low latency,
very high throughput, indoor/outdoor geographical lo-
calization, on-premises processing of Artificial Intelli-

gence (Al)/Machine Learning (ML) data streams.

The widespread adoption of edge computing is shift-
ing the computation from remote data centers to loca-
tions closer to the users [1] for mainly three reasons:
1) users in some communities (e.g., Industry 4.0 [2]) or
for some applications (e.g., real-time face recognition
or behavior analysis [3]) may have concerns regarding
the privacy of their data being processed in the public
cloud; ii) reaching remote data centers incurs an extra
delay, which latency-sensitive applications (e.g., Aug-
mented Reality (AR)/Virtual Reality (VR) [4]) might
be unwilling to pay; iii) some applications have very
high bandwidth requirements (e.g., real-time video an-
alytics [5]), which increases the cost of outbound traf-
fic and may cause congestion on the network links to-
wards the Internet. Edge computing will result in many

In the scientific literature and the market press, the
term edge computing is associated with many different
concepts, which we can classify into three broad cate-
gories, depending on where the services run: i) on end
devices sharing their available computation capabilities
with peers (e.g., [9]); ii) on far-edge devices that are
very close to the end devices, typically just one hop
away like Internet of Things (IoT) gateways [10] or base
stations in cellular systems [11].; and, iii) on near-edge
devices, which have been provisioned in the core net-
work of telecom operators for the purpose of providing
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a better service for some applications [12]. In this pa-
per, we focus on the latter, i.e., which is being covered
by all major cloud providers in partnership with telecom
operators (e.g., Microsoft Azure Zones, AWS Wave-
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length) and is the target of the European Telecommu-
nications Standards Institute (ETSI) Multi-access Edge
Computing (MEC) industry study group [13], which
has released at the time of writing a reference archi-
tecture 2.0 and related Application Programming Inter-
faces (APIs) to take advantage of emerging communi-
cation paradigms, such as in a connected-vehicle sce-
nario [14].

However, transitioning from cloud computing to edge
computing will not be fully transparent to either plat-
forms and applications, and in fact, there are several as-
pects that are still under scrutiny by the research com-
munity [15]. In this work, we focus on the collection
of network performance measurements and on their use
for improving design and runtime decisions. Network
measurements are relevant because the network alone
is responsible for two of the three major reasons why
one service provider can be interested in edge comput-
ing, i.e., delay and bandwidth (the other one is privacy,
which we do not consider in this paper). In all the sce-
narios where there is high variability of the network
conditions, which can be due to the individual devices
(especially if mobile), to the aggregate traffic of a group
of user devices, or to the backhaul connections (i.e., the
links between the core network of the operator and the
Internet), it is of the utmost importance to monitor the
network performance and take appropriate decisions:
for a user device this can mean migrating to another
network or modifying some application-level parame-
ters [16]; on the other hand, the platform might allocate
further resources, e.g., via Software Defined Network-
ing (SDN) and Network Function Virtualization (NFV)
solutions [17].

The objective of this paper is many-fold:

1. illustrate the motivation of MECPerf as a toolbox
for collecting and using measurements in an edge
system with the goal of runtime optimization at
application-, service-, or system-level (Section 3);

2. describe the architecture of the MECPerf Collection
System, which is designed for the acquisition of mea-
surements in three modes (active, passive, self), each
with a different objective and performance implica-
tions (Section 4);

3. describe the MECPerf Library, which we have devel-
oped to allow researchers and practitioners to easily
access our open dataset and integrate it in their own
performance evaluation tools (Section 5);

4. disseminate the results we have obtained in exper-
iments carried out within the Fed4Fire+ project,

'Funded by the European Commission in the H2020 program,

which consisted of measuring the network perfor-
mance in a realistic edge computing testbed, with
Wi-Fi and LTE access technologies (Section 6);

5. discuss a case study where orchestration extends
across two federated edge computing infrastructures
as an illustrative example of the MECPerf collection
system and library (Section 7).

Before delving on the main contribution sections of
the paper, we summarize the most relevant literature on
this topic in Section 2, while concluding remarks are re-
ported in Section 8. All software tools, both for collect-
ing and retrieving the data, are made available as open
source on GitHub?, and the full dataset is open data and
can be retrieved from Zenodo®.

2. Related Work

Even though edge computing is a relatively recent
technology trend, it has already attracted significant in-
terest in the scientific and industrial research commu-
nities. As a matter of fact, there are already survey pa-
pers dealing with specific research aspects: computation
offloading modeling [18], resource management [19],
communication aspects [20], service orchestration [21].
The interested reader can also find a 360-degree intro-
duction in [10].

2.1. Open Data on Edge Computing

Few works had, as one of their main goals, the col-
lection of open performance data about edge computing
systems. A collection of experimental data was carried
out on a prototype testbed implementation of a Mixed
Reality (MR) application based on edge computing, to
be the basis for further simulative studies [22]. Edge
workload traces derived from speech-based and MR ap-
plications are publicly available [23]. Another available
dataset provides measurements about placement and ex-
ecution of functions in a mixed cloud-edge cluster [24].
Some summary statistics about an edge-based architec-
ture, where the computing facilities are pushed in the
proximity of, or co-located on, the machine that pro-
vides the radio access services, are also available [25].
The execution traces of an ML application were first ac-
quired on a real testbed and then used for evaluating the
container scheduling strategies for serverless edge com-
puting [26]. Traces are publicly available and contain
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the execution time of functions belonging to the con-
sidered machine learning workflow, as well as the time
needed for transferring the data [27]. Latency traces be-
tween six cloud data centers have been collected in a
study aimed at improving the performance of state ma-
chine replication [28]. The traces are available to the
public but do not include edge-based measurements. A
different approach is proposed in [29], where a work-
flow called DoppelGANger, based on generative adver-
sarial networks, is used to build open synthetic datasets
with minimal expert knowledge. DoppelGANger is
specifically designed to produce time-series belonging
to the networking domain (e.g., loss rate) together with
the associated metadata (e.g., ISP).

Overall, these studies highlight that the availability
of data collected from real systems is of paramount im-
portance in the evaluation of applications executed in
the edge. However, no comprehensive dataset encom-
passing all the key characteristics of edge computing is
available today [30] and the available data generally fo-
cus on the computing perspective of edge infrastructure,
whereas the networking performance is only marginally
considered.

2.2. Benchmarking Edge Computing Platforms

EdgeBench is a benchmarking solution tailored for
serverless edge computing, based on the execution
of some canonical applications [31]. In particular,
EdgeBench was used to compare the performance of
two commercial edge/cloud providers (AWS Green-
grass and Azure IoT Edge). Another study ana-
lyzed three connectivity options between large cloud
providers [32]. The three options, based on the pub-
lic Internet, private Cloud connectivity, or third-party
private providers, were characterized using active mea-
surements (but without a specific focus on the edge).
DeFog is a benchmarking suite aimed at evaluating the
performance of a fog-based platform compared to a
cloud-based one [33]. Benchmarking relies on the ex-
ecution of a number of containerized applications. Ap-
plications include speech-to-text conversion, real-time
face detection from video streams, and others that are
suitable for being executed in cloud-only and fog-only
mode. A mixed cloud-fog mode that involves long-
haul communication between a central cloud infrastruc-
ture and peripheral nodes is also considered. Collected
metrics include latency, number of CPUs/cores, execu-
tion time, amount of bytes transferred, and several oth-
ers. In [33], the authors highlighted the lack of publicly
available benchmarks useful to estimate the advantages
of fog/edge-based computing compared to more tradi-
tional solutions. We share the same motivation, but our

approach takes different directions compared to DeFog.
First, the metrics we collect are more network-oriented.
Second, our goal is not really related to benchmarking:
we do not compute summary indexes but collect raw
data that can be used for optimizing runtime decisions
or improve the design of edge systems and applications.

2.3. Edge Computing Emulators and Simulators

Emulators can be used for testing real applications
and protocols under network conditions defined by the
experimenter, whereas simulators are used for evaluat-
ing the impact of design choices and tuning the param-
eters of operations.

openLEON is an end-to-end emulation platform that
covers the network between a mobile user and the edge
data center [34]. The system is based on srsLTE [41] for
the wireless part and Containernet [42] for the emula-
tion of the data center. Being an emulation platform that
includes some hardware elements, the path followed by
openLEON is clearly different from our one, which is
instead dedicated to software-only solutions.

There are several simulators focusing on the differ-
ent facets of edge computing. A simulator about cen-
tralized, distributed, and hybrid orchestration models
for clusters of edge nodes is described in [35]. In
particular, each cluster can be turned on/off depending
on network-/cluster-level efficiency and performance
strategies. FogNetSim++ is a simulator based on OM-
NeT++ aimed at evaluating task scheduling algorithms
and considering factors such as the utilization of fog
nodes, SLAs, and handovers [36]. iFogSim, instead, al-
lows evaluating the performance of IoT applications in
terms of latency, network congestion, power consump-
tion, and other cost metrics [37]. iFogSim provides dif-
ferent placement strategies to deploy application mod-
ules in the edge-cloud continuum. EdgeCloudSim is
a simulator based on CloudSim aimed at studying or-
chestration of VMs, resource management, and task of-
floading [38]. YAFS is a simulator for IoT scenarios in
fog computing that allows defining complex networks
by importing CAIDA and BRITE topologies, but where
links are characterized by deterministic bandwidth and
latency values [39].

Table 1 summarizes the main characteristics of the
above emulation and simulation platforms. For the vast
majority of them, the network model does not include
the transport, network, data-link, and physical layers,
and communication between the considered end-points
is just characterized according to simple bandwidth and
delay models. The adoption of simple network mod-
els is probably due to considering edge computing just



Tool Based on Type Simulated/emulated Network model
devices
openLEON srsLTE, Emulator Edge data center, and End-devices access technology: LTE.
[34] mininet cloud data center Network topology: a real smartphone connects to the eNB using dedicated
hardware. The rest of the network is emulated using Containernet.
Link characteristics: real, between user equipment and eNB, emulated
according to mininet the rest.
Network stack: real.
SPHERE [35] SCORE Simulator IoT, mobile devices, End-devices access technology: not simulated.
simulator independent clusters of  Network topology: defined by the programmer.
cloudlets and clouds Link characteristics: deterministic latency and bandwidth.
Network stack: not simulated.
FogNetSim++  OMNeT++, Simulator IoT, mobile devices, fog  End-devices access technology: both wired and wireless.
[36] INET nodes, and cloud data  Network topology: defined through a GUI or a configuration file.
center Link characteristics: according to INET models.
Network stack: simulated physical, link-layer, network, transport, and ap-
plication layers.
iFogSim [37] CloudSim Simulator IoT, fog nodes, cloud End-devices access technology: wireless
data center Network topology: defined by through a GUI or a configuration file.
Link characteristics: fixed latency and bandwidth.
Network stack: not simulated.
EdgeCloudSim  CloudSim Simulator Mobile devices, edge End-devices access technology: wireless.
[38] servers, and cloud data  Network topology: defined through an XML file.
center Link characteristics: simple queue model, empirically derived properties.
Network stack: not simulated.
YAFS [39] Python, Simulator IoT, fog nodes, and End-devices access technology: not simulated.
Simpy, and cloud data center Network topology: defined through a configuration file or imported
NetworkX (CAIDA, BRITE topologies).
Link characteristics: fixed latency and bandwidth.
Network stack: not simulated.
ECSim++ OMNeT++, Simulator Mobile devices, edge End-devices access technology: both wired and wireless.
[40] INET nodes, and clouds Network topology: defined through a GUI or a configuration file.

Link characteristics: according to INET models.
Network stack: simulated physical, link-layer, network, transport, and ap-
plication layers.

Table 1: A comparison of the main network-related characteristics of edge computing emulators and simulators.

a variation of cloud computing (many of the above-
mentioned simulators are derived from already exist-
ing cloud-specific ones). However, while in a cloud-
centric scenario, the assumption of links characterized
by fixed values of bandwidth and delay is reasonable,
the same cannot be said when including the elements at
the edge of the network: the presence of wireless links
make connections possibly intermittent and character-
ized by significant changes in terms of observed perfor-
mance. Similar considerations can be made about long-
haul paths connecting the periphery of the network to a
centralized cloud infrastructure.

Some simulators, such as ECSim++ [40], include
a more detailed model of the network, with support
for simulating the transport layer and the lower ones.

However, some parts of a typical edge-cloud infras-
tructure cannot be easily modeled, for instance, the
backhaul connections and the presence of cross-traffic.
MECPerf allows experimenters the collection of traces
in a real setting and their use in simulators. As a con-
sequence, MECPerf better supports the design of edge-
based mechanisms where the interaction with a more
realistic network model is pivotal.

3. MECPerf Overview

Design and runtime optimization in edge comput-
ing may benefit from the adoption of a measurement-
driven methodology, where network-related KPIs are
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Figure 1: MECPerf Architecture. MECPerf is composed by two
building blocks: i) the MECPerf Collection System, which runs mea-
surements in the MEC and stores them for future use; ii) the MECPerf
Library which is used to retrieve measurement traces that can be used
for simulations or analyses

collected and used to improve existing applications, ser-
vices and systems. This can be done both at the applica-
tion/service level, by supporting decisions (e.g., about
migrating application components from the cloud to the
edge), and at the system level, by providing insights
about the performance of specific subsystems (e.g., the
impact of different access technologies).
We identify the following three phases:

o Collection of KPIs. Several flavors of delay and
throughput can be collected along with the most rel-
evant segments of the edge-cloud continuum and ac-
cess network. Different approaches are possible to
cope with the constraints imposed by the specific sys-
tem under observation or the required level of integra-
tion. In many cases, the current status of the network
is not enough when considered in isolation, and it
must be combined/compared with information about
the past dynamics. Thus, measurement results are
saved onto persistent storage together with the main
characteristics of the evaluated scenario to ease the
extraction of information according to simple crite-
ria.

e Using KPIs in design. A quantitative assessment
of the network is the substrate upon which design
choices can be taken. Measurement results allow the
designer to better understand the impact of the pos-
sible alternatives in terms of technologies and archi-
tectures. For instance, a simulator fed with the KPIs
collected in a given scenario can make more clear if
and how a given application must be decomposed for
being relocated, as a whole or just in part, to the edge.

e Using KPIs for runtime optimization. Information
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Figure 2: Architecture of the MECPerf Collection System.

about the current environment, in terms of network
performance, can be used, at runtime, to optimize al-
gorithms operating at the application/service level.

For this reason, we designed and implemented
MECPerf: a system for collecting network performance
in an edge computing scenario and making the data
easily available. MECPerf is composed of two ma-
jor elements: the MECPerf Collection System and the
MECPerf Library (shown in Figure 1). The former col-
lects information about the delay and bandwidth of the
most relevant network segments involved in a typical
MEC-enabled application, such as the one between the
users and the MEC node and the one between the MEC
node and a centralized cloud. To collect network per-
formance indicators, MECPerf relies on the presence
of measuring elements deployed on users’ devices, on
MEC nodes, and on the other hosts that are relevant
for the considered application, even when they are far
from the edge of the network. The MECPerf Library
allows experimenters to easily extract network perfor-
mance traces that have been previously collected. In
particular, experimenters just have to provide a high-
level description of the properties of the network they
are interested in to obtain the relevant data. The overall
goal is to capture the real behavior of an edge-based net-
work and use it, for instance, to improve the fidelity of
simulative studies, which are frequently based on sim-
ple models for what concerns the characteristics of the
network.

4. The MECPerf Collection System

In this section, we describe the architecture of the
MECPerf Collection System, along with the measure-
ment methods and collected metrics.



4.1. Architecture

Figure 2 shows the architecture of the MECPerf Col-
lection System, which is deployed inside a mobile net-
work operator’s network. The MECPerf Collection Sys-
tem consists of multiple components: i) the MECPerf
Client, which runs on a UE in the access network; ii)
the MECPerf Observer, which runs on MEC application
servers in the MEC network; iii) the MECPerf Remote
Server, which is executed on a centralized cloud; iv) the
MECPerf Aggregator that can reside anywhere in the
operator’s network.

The MECPerf Client, the MECPerf Observer, and the
MECPerf Remote Server cooperate to collect network
KPIs. Three types of measurements are supported: ac-
tive, self, and passive. In active measurements, pairs
of MECPerf measuring end-points inject traffic onto
the network to compute network performance indexes.
Self measurements provide information about the per-
formance of third-party applications. In particular, the
application under observation is instrumented with code
useful to contribute its measurements to the MECPerf
repository. However, the production of traffic still takes
place under the application’s responsibility, i.e., the ap-
plication does not generate additional traffic compared
to the traffic it would generate in normal operations. In
passive measurements, the traffic of applications is pas-
sively collected and analyzed to compute the metrics of
interest. Differently from self measurements, applica-
tions are now unaware of the measuring process. Most
of operations are, in passive measurements, carried out
by the MECPerf Observer, as it is located on a partic-
ularly significant vantage point. Finally, the MECPerf
Aggregator stores the measures collected from the other
components onto persistent memory, using a relational
database, and makes the results available for future use.
All the interactions with the MECPerf Aggregator, i.e.,
sending measurement results or extracting the collected
metrics, are performed via a REST interface.

4.2. Measurement Methods and Collected Metrics

Different versions of delay and bandwidth metrics
can be collected, depending on the needs of the exper-
imenter and the characteristics of the system under ob-
servation. In general, delay and bandwidth, collected
at different layers of the TCP/IP stack, are the most
common metrics used to evaluate the performance of
a network or networked applications. More complex
(and application-specific) metrics can be derived from
delay and bandwidth measurements (jitter or QoS can
be typical examples). To keep the MECPerf Collection

System simple and independent from specific applica-
tions, we decided to collect just these two metrics. How-
ever, the MECPerf Collection System is easily extensi-
ble, and more complex or specific metrics can be added
in the future. In addition, as highlighted in the follow-
ing paragraphs, application developers can provide the
metrics that are most relevant for their application, en-
abling maximum flexibility in applications performance
analysis.

As stated above, all the collected metrics are sent to
the MECPerf Aggregator via a REST interface. The
transfer is based on JSON objects that contain not only
the measurement results but also the metadata useful for
retrieving traces at a later time.

Active Measurements

The metrics measurable through active methods are
TCP bandwidth, UDP bottleneck capacity, and both
TCP-based and UDP-based latency. The TCP band-
width is computed at the receiver as the bandwidth of
a data stream transfer, thus it is at the application layer,
while the UDP bottleneck capacity is computed using
a known technique based on UDP packets that are sent
back to back [43] (other, more sophisticated, techniques
can also reuse the packets normally generated by ap-
plications to reduce the amount of injected traffic [44]).
The bottleneck capacity is the capacity of the narrowest
link in a path and it is computed at the network layer.
Capacity is not dependent on the presence of cross-
traffic, at least in principle, as it represents a physical
property of the link. Finally, the latency between two
end-points is computed by sending a message and wait-
ing for the response, then computing the round-trip time
(RTT). Both UDP and TCP can be used when measur-
ing latency. TCP latency is an application layer mea-
surement, as TCP is equipped with connection-oriented
and reliability mechanisms. UDP is instead best effort,
thus the UDP latency measurement can be considered
at the network/transport layer. Each metric is collected
in all the network segments of the MECPerf Collection
System’s architecture, as highlighted in Figure 2, i.e., in
the access-MEC segment between MECPerf Client and
MECPerf Observer, and in the MEC-cloud segment be-
tween MECPerf Observer and MECPerf Remote Server.
Each metric can be taken in both directions, i.e., up-
stream and downstream. Finally, all metrics are sent by
the MECPerf Observer to the MECPerf Aggregator, via
the REST interface.

The metrics collected with active measurements are
intended to characterize the general performance of the
MEC and cloud infrastructure of a mobile network op-
erator independently from specific applications. The re-
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ments through traffic analysis.

sults obtained with these measurements can enable the
evaluation of the suitability of a specific MEC/cloud
configuration for the desired application. For exam-
ple, for applications like 4K or 8K video streaming,
or 360-degree video, the bottleneck capacity measure-
ments could be useful to preliminary understand if the
network edge infrastructure will be able to handle their
massive bandwidth requirements. Active latency mea-
surements will be useful to developers of applications
such as autonomous vehicle or traffic management in
a smart city context, as they need to know if the net-
work will be able to provide the extremely low latency
requirements needed for those applications. In addi-
tion, having measurements for different segments of the
network infrastructure will be able to help application
developers decouple their application’s functions in the
most efficient way.

Self Measurements

In this case, an application can choose when and
how its performance indicators must be collected. This
means that different client applications might measure
different metrics, as every application may use a slightly
different definition. For instance, a video streaming ap-
plication may collect the average bitrate obtained dur-
ing application-defined intervals. Then, the client ap-
plication shares the collected metrics with the MECPerf
Aggregator using the REST interface. This collection
method is intended to give the possibility for differ-
ent application developers or providers to collect their
custom metrics according to the intrinsic characteris-
tics and requirements of a specific application. The
decision on which metrics to collect, how to collect
them, and when to provide them to the MECPerf Col-
lection System is completely up to the application de-
velopers, as well as the responsibility for the imple-
mentation of the desired measurement functionalities,
which will require modifications to the original applica-

tion. Self measurements are particularly useful as they
provide application-aware feedback for both application
providers and the network operator itself on how the ap-
plications are performing and which applications are ex-
periencing performance degradation due to the network
status. For example, an autonomous vehicle application,
having information about the performance of its net-
work functions, can improve its decision-making pro-
cesses by choosing whether or not to rely on network as-
sistance, and for example reduce speed or increase dis-
tance from other vehicles if the network is not perform-
ing well. Ultra HD video streaming applications could
increase or decrease buffering capabilities according to
the measured network performance in terms of band-
width and latency. On the network side, having informa-
tion about the performance experienced by all the appli-
cations running on the edge infrastructure, and knowing
their requirements, can help runtime optimization of re-
sources, such as adding/removing VMs or moving VMs
from cloud to edge or vice-versa.

Passive Measurements

Passive measurements rely on a traffic redirection
mechanism, as shown in Figure 3. The data gener-
ated from the client application is transparently redi-
rected to a packet sniffer that generates pcap files con-
taining traffic traces. Then, the application traffic is sent
to the application server while the pcap file is sent to
the MECPerf Observer. When the MECPerf Observer
receives a pcap file, it looks for packets that match
the application under observation. For each flow, the
MECPerf Observer uses the timestamp and the payload
size of each packet to compute the throughput of both
TCP and UDP traffic. The throughput is computed us-
ing the payload of the transport layer, i.e., the appli-
cation layer data. Instead, latencies are computed as
the difference between the time of arrival of the ACK
packet and the correspondent ACKed packet previously
sent. This means that latency metrics can be com-
puted only for TCP flows, and are to be considered at
the transport layer. After completing the analysis of
the file, the MECPerf Observer uses the REST inter-
face to send all the computed metrics to the MECPerf
Aggregator. It must be noted that the performance in-
dices computed in this way are those as observed from
an external point of view, which is unaware of appli-
cation dynamics. This means that if the application is
just staying idle measurements cannot be collected. For
this reason, we choose to collect just the general met-
rics such as bandwidth and delay, which can be suitable
for a basic performance evaluation of all networked ap-
plications. In particular, the applications whose perfor-



mance is best captured by passive measurements are the
ones that produce a constant stream of data, such as file
transfer. Other kinds of applications that produce inter-
mittent traffic patterns, as for example, vehicle to vehi-
cle communication, are not best characterized with this
measurement approach, as it lacks the knowledge of the
application internal functioning. However, in absence
of self measurements, the passive measurements collec-
tion can still be valuable, as it allows an at least rough
analysis of the performance of applications that do not
share their metrics.

Performance Implications

Active measurements are intended to be performed
in a condition of an unloaded network, thus they do not
interfere with the overall system performance. Passive
measurements are computed by parsing pcap files col-
lected via a traffic sniffing mechanism. To not interfere
with the system’s performance, there is no need to parse
the files in a hard real-time fashion. The system can thus
be tuned to run this task at low priority for not degrad-
ing the overall performance. In addition, the analysis of
the pcap files can be performed on a dedicated infras-
tructure (machines and networks) separated from the
production environment. Self measurements are com-
pletely under the control of application developers, and
itis up to them to implement these measurements to not
degrade their application’s performance. Finally, it must
be noted that sending the measurements to the MECPerf
Aggregator uses network resources, even if these data
transfers are typically in the order of few kilobytes per
second or even less, thus a negligible amount in modern
networks.

4.3. Validation

The implementation of the active mechanisms for
measuring the delay and the bandwidth has been vali-
dated using a controlled testbed. In particular, artificial
latency values and bandwidth restrictions were applied
using tc-netem, and we verified that the measured val-
ues were consistent with the set ones (the details can be
found in [45]). Passive measurements have been vali-
dated in a similar way. We issued a TCP data transfer
with iPerf between two machines hosted on the same
LAN at the University of Pisa, and we applied band-
width and latency restrictions with tc-netem. In partic-
ular, we restricted the bandwidth to 10, 20, 30, 40, and
50 Mbps and set additional latencies to 10, 50, and 100
ms. In all cases, the bandwidth and latency values mea-
sured with passive measurements were consistent with
the set ones. In addition, the measured bandwidth val-
ues were consistent with the ones measured with iPerf.

In particular, for the bandwidth restrictions, MECPerf
passive measurements were able to measure 9.6, 19.1,
28.7, 38.2, and 47.4 Mbps, which differ by less than 1%
from the values measured by iPerf. The measured laten-
cies were instead 10.8, 50.8, and 100.8 ms, being 0.8 ms
the latency between the two machines when tc-netem is
disabled. Self measurements do not need any validation
as they are under the application responsibility.

5. The MECPerf Library

The measuring tools previously described are cou-
pled with a library that eases the implementation of
simulators based on real-world network conditions. In
detail, the library provides access to trace-based band-
width and latency values collected in a real setting, and
it can be included in simulators aimed at understanding
the behavior of applications and protocols when operat-
ing in an edge computing environment.

5.1. Architecture

A simulator that wants to use the network metrics col-
lected by MECPerf mainly interacts with a Network-
TraceManager (NTM) entity. The NTM shields the
simulator from the intricacies of accessing the metrics
stored in raw files. In particular, it allows the program-
mer to express, by means of a configuration descriptor,
the network properties of the environment under study.
The library is composed of the NTM class and a set of
input files containing bandwidth and latency measures
obtained from real-world experiments. For each experi-
ment, there is an input file containing the raw observed
values and their timestamps. The NTM class uses the
input files to extract bandwidth and RTT traces for a
specific network segment. Then, whenever requested by
the simulator logic, bandwidth and delay values are re-
turned. The library includes a JSON file that maps each
input file with the setup used during the measure. The
setup includes the type of measure, the segment mea-
sured, the direction of communication, the access tech-
nology used, and the amount of cross-traffic injected
into the network. The properties that can be specified
are visually represented in Figure 4.

The library is implemented in Python, and it is avail-
able at https://github.com/MECPerf. The library
is bundled together with the input files resulting from
the experiments carried out in a testbed belonging to the
Fed4FIRE+ infrastructure, according to the setup and
procedures described in Section 6.
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Figure 4: Type of measurements and related properties. Collected
measurements are available for the three approaches, both in terms
of delay and bandwidth. For each metric, both UDP- and TCP-based
versions are available, with the exception of the passive-delay metric
which is available only in the TCP-based version. For all of them,
there are multiple levels of cross-traffic and number of clients (the
latter only for passive and self approaches). Active measurements
are more application neutral, whereas self and passive ones are more
application specific.

5.2. Programming Interface

When a simulator is interested in obtaining band-
width or latency values for a network segment, it can
instantiate an NTM object. First, the NTM receives as
input a JSON description of the setup of interest and
the seeds needed to ensure repeatable results. Then, the
NTM uses the JSON description to identify the set of
input files that correspond to the properties specified by
the experimenter. Finally, the NTM randomly chooses
an input file from the set of files matching the properties
and uses it to generate the traces of latency and band-
width values.

Once the traces are generated, bandwidth and latency
values can be requested using the get_bandwidth and
get_rtt methods, which take as input the timestamp of
the requested trace value. Since traces are collected in
the real world, it is possible that there is no value cor-
responding to the specified timestamp, for example, be-
cause of a failed latency measurement. In these cases,
NTM returns a value according to a sample-and-hold
approach. It is also possible to manage a trace accord-
ing to a circular logic, in case the required amount of
samples exceeds the number of available ones. The li-
brary also takes care of aligning the bandwidth and la-
tency traces when collected samples are not perfectly
synchronized.

6. Experiments and Collected Data

We collected experimental data using the NITOS
testbed, hosted by the University of Thessaly, Greece.
NITOS is a wireless experimentation facility that par-
ticipates in the Fed4Fire+ European federation of Next-
Generation Internet testbeds*. NITOS makes possible
the execution of experiments using different wireless
technologies (Wi-Fi, LTE) in a realistic setting. Ta-
ble 2 summarizes the testbed characteristics. The setup
also includes cloud infrastructure belonging to the Uni-
versity of Pisa, Italy. The two locations are connected
through the public Internet to include long-haul connec-
tions in the experiments and thus take into account their
impact when accessing resources hosted in a centralized
cloud infrastructure (and in the end to highlight the pos-
sible differences between an edge-based solution com-
pared to a more traditional one).

The purpose of these experiments is twofold. First,
we show the capabilities of the MECPerf Collection
System and how it can be used to obtain network and
application performance indices that can help the op-
timization of network runtime operations. Second, we
describe the most interesting characteristics of an ex-
tensive dataset of network measurements that we make
available as open data on Zenodo. The provided data
is also used as input to the MECPerf Library and can
be used to produce realistic simulations concerning an
edge computing environment. In addition, we provide
suggestions and useful takeaways on how the three mea-
surement approaches can be combined to obtain a de-
tailed picture of the performance of a MEC/cloud envi-
ronment and the applications running in it.

6.1. Active measurements

The setup used for active experiments is depicted in
Figure 5. First, we built a wired MEC-enabled network
and a wireless access network inside the NITOS testbed.
The access network hosted a MECPerf Client and an-
other device that was used to generate different levels of
cross-traffic. The goal was to collect real-world data that
can be representative of the experienced network per-
formance when the access network is characterized by
a non-negligible load, possibly imposed by other users.
Cross-traffic was produced using iPerf3. We collected
measurements using both Wi-Fi and LTE as access tech-
nologies.

Two MECPerf Observers were deployed as measur-
ing end-points: the first was hosted inside the MEC

4https://www.fed4ﬁre.eu/



NITOS Indoor RF Isolated Testbed details

Icarus nodes details

Nodes 50 Icarus nodes

LTE connectivity 8 nodes equipped with LTE don-
gles

LTE dongles Huawei E392, Huawei E3272,
and Huawei E3372

Topology Grid topology with adjacent

nodes separated by 1.2 meters

oS Ubuntu 14.04.1 LTS for LTE nodes and
Ubuntu 12.04.1 LTS for the remining nodes

CPU Intel® Core™ i7-2600 Processor, 8M
Cache, at 3.40 GHz

RAM 8GiB DDR3

Wireless Inter- | Atheros 802.11a/b/g and Atheros

faces 802.11a/b/g/n (MIMO)

University of Pisa cloud infrastructure details

Guest OS

Host CPU

Number of allocated cores 2
Guest RAM 4GiB

Ubuntu 18.04.3 LTS
Intel(R) Xeon(R) Gold 5120 CPU @ 2.20GHz

Table 2: The setup used to collect experimental data.
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Figure 5: The setup used to collect active measurements.

network, and it was used to collect the performance
metrics of the access-MEC segment, while the second
was hosted ad the University of Pisa and it was used to
collect the access-cloud segment performance metrics,
i.e., corresponding to a scenario where the cloud is ge-
ographically far from the client. Initially, the MECPerf
Client interacts with an ETSI MEC server to find the
instance of MECPerf Observer to be involved in the
data collection. Finally, a MECPerf Aggregator and
a MECPerf Remote Server were hosted at the Univer-
sity of Pisa. The physical distance between the NITOS
testbed and the remote server is compatible with the one
of a client accessing the cloud in the core network (i.e.,
not in close proximity and involving transit on the pub-
lic Internet).

We performed a set of experiments using both Wi-Fi
and LTE access technologies. For LTE, we used Huawei
E3272 modules, which have a maximum communica-
tion speed of 150 Mbps in download and 50 Mbps
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in upload. We repeated the experiment eight times a
day at regular intervals to capture the possible effects
due to external traffic, especially on the public Inter-
net when communicating with the remote cloud. We
also varied the amount of cross-traffic on the access net-
work from 0 to 50 Mbps. Each experiment included 10
upstream measurements and 10 downstream measure-
ments of both bandwidth and latency. Measurements
were based on both TCP and UDP. In detail, we used
a stream of 1024 packets of 1420 bytes for each TCP
bandwidth measurement, 25 packet pairs of 1420 bytes
for the UDP capacity, and 25 RTT with transfers of 1
byte for both TCP and UDP latency.

Figure 6 shows the results for TCP bandwidth mea-
surements. The bandwidth measured in the access-
MEC segment is always higher than the bandwidth of
the access-cloud segment. This is explained by the fact
that the TCP protocol throughput is negatively influ-
enced by the delay (the higher the delay, the lower the
throughput). Similar results have also been obtained
in the opposite direction. Wi-Fi and LTE react differ-
ently when cross-traffic is injected into the access net-
work. For the Wi-Fi experiments, the access-MEC and
the access-cloud TCP bandwidth values decrease as the
cross-traffic increases. As the amount of cross-traffic
gets larger, the difference between the bandwidth on the
access-MEC segment and the bandwidth on the access-
cloud segment becomes smaller. In particular, for cross-
traffic rates higher than 20 Mbps, the difference be-
comes negligible. In other words, for the considered in-
carnation of the edge computing paradigm, a moderate
competition with other users on the Wi-Fi access can be
sufficient to vanish the benefits, in terms of bandwidth,
brought by the reduced distance of the edge-based so-
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lution. Results concerning bandwidth measurements
when using LTE, show that the performance seems to be
marginally affected when the level of cross-traffic gets
higher. Results are also characterized by increased vari-
ability. These somehow counter-intuitive results can be
explained in different ways. First, the nominal capacity
of LTE is higher than the one of Wi-Fi, so the amount of
cross-traffic is less likely to produce a large, negative in-
terference. Second, the different access mechanisms to
the medium, as well as the scheduling mechanisms of
LTE, tend to isolate the application traffic from the one
artificially injected. In addition, the difference between
the two paths (access-MEC vs. access-cloud) remains
significant even in the presence of a large amount of
cross-traffic.

Takeaway

The relative networking performance induced by the
different placement strategies (centralized vs. edge)
is significantly affected by the adopted communication
technology and by the load on the network. These fac-
tors are not adequately considered in most of the exist-
ing studies, where the adoption of simplified network
models is not fully representative of the complexity of
the involved elements and their interaction.

6.2. Passive and Self Measurements

Passive and Self measurements have been performed
together. This happened for two reasons. First, the
two approaches do not interfere with each other, thus
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we were able to optimize the execution times of the ex-
periments. Second, running both approaches together
allows us to perform a comparison between them, as
highlighted below. Similarly to active measurements,
we built a wireless access network and a MEC-enabled
network inside NITOS. The application server was ex-
ecuted, alternatively, both in the NITOS’s edge infras-
tructure and in the remote cloud infrastructure belong-
ing to the University of Pisa. The considered appli-
cation was video streaming, as video streaming is one
of the six relevant use cases originally identified by
ETSI for MEC [46]. Our experiments were based on
the Dynamic Adaptive Streaming over HTTP protocol
(DASH) [47]. From 1 to 10 clients of a DASH video
streaming application were positioned in the access net-
work, together with the cross-traffic generator, all con-
nected via Wi-Fi technology. The DASH streaming app
client is able to measure the downlink bandwidth at
which the video is downloaded from a server and com-
municates it to the MECPerf Aggregator. At the same
time, the video streaming traffic is intercepted by the
MECPerf Observer, positioned in the MEC-enabled net-
work, and used to compute the KPIs according to the
passive approach. KPIs were computed when down-
loading videos from two separate DASH servers, as
mentioned, one positioned in the MEC network and the
other in the remote cloud. Thus, the first is used to com-
pute the access-MEC performance, and the other one
the access-cloud performance. The DASH servers pro-
vide four videos with different lengths: 1, 5, 12, and
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Figure 7: Boxplots of the self and passive bandwidth measurements.

25 minutes. Each video is encoded in chunks at multi-
ple bitrates: 200 Kbps, 500 Kbps, and 700 Kbps. The
DASH video clients initially interact with an ETST MEC
server to obtain the address of the DASH server to be
used. Then the clients start downloading video frag-
ments at different bitrates, depending on the network
conditions that they experience.

We first compare the results obtained via self mea-
surements and via passive measurements. Figures 7a
and 7c show an example of the results obtained by the
two methods. For simplicity, we choose to show just
the results for the access-MEC segment of the down-
load of the 25 minutes video with no cross traffic, as
the other configurations produced similar results. Since
passive measurements return the number of bytes con-
tained in each sniffed packet and the timestamp at which
the packet has been captured, to compute the bandwidth,
we divided the duration of a single run of the experi-
ments into bins of 0.5 seconds. For each bin, we com-
puted the average bandwidth. As can be observed, the
performance computed via passive measurements is al-
ways lower than the one computed via self measure-
ments. This highlights the importance of self measure-
ments if one is interested in simulating applications that
do not produce a constant stream of data at the applica-
tion level. However, it must be noted that the passive
measurement results are produced by aggregation, and
every packet can be found in the raw measurement val-
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ues, thus they can be more suitable for simulating a data
stream of a certain application at the network level.

We then compare the results obtained by self mea-
surements in the access-MEC and access-cloud seg-
ments, as shown in Figures 7a and 7b. We observe that,
when increasing the amount of traffic in the access net-
work, e.g., with a high number of DASH clients, the
bandwidth median values for the access-MEC segment
start to decrease with respect to the ones of the access-
cloud segment. We attribute this behavior to the dif-
ferent setup of the server machines hosting the DASH
server. In particular, the machines located at the Uni-
versity of Pisa are more powerful and can better handle
a high number of clients. This happens because when
dealing with real-world devices not everything can be
in control of the experimenter. While this aspect could
be considered as an anomaly, we believe that it is instead
evidence of the importance of deriving models and re-
sults from real systems.

When multiple clients are involved, some of them can
gain an advantage over the others, as can be seen in Fig-
ure 7a when observing the results of the access-MEC
segment for eight clients. We confirmed this behavior
by analyzing the raw results obtained by each client.
Figure 8 shows the bandwidth values plotted over the
time for both self and passive measurements. The fig-
ure clearly shows that three out of eight clients com-
plete the video transfer in approximately half the time



100 client 1 I client 1
VQ“ 50 Ié“lD
a 1 e}
= =
° t ° t
100 client 2 2 client 2
¥4 v T
» .,,,x;‘: )"-’-i":' " EART 1 -
&= “% 80 33 8w slggggii: F. -!,'5)
= = , z
0 0 ’~‘ &-‘-
t t

client 3

Mbps

Mbps

client 5

client 5

100 20
2 50 g 10
) 2
= =
° t ° t
client 6 client &
100 20
a a
o 50 a1
= =
° t ° t
00 client 7 2 client 7
a
& 50
=

Mbps

(a) Self measurements.

R o0
o §
o

(b) Passive measurements.

Figure 8: Bandwidth values over time for self and passive measurements.

compared to the others. In addition, the passive mea-
surements show how the average bandwidth of the other
clients is distinctly lower in the first half of the experi-
ment and raises when the three “fast” clients complete
their transfer. We believe that this behavior is caused by
internal mechanisms of the DASH client, which can not
be reproduced without a complex analysis of the client
source code. This again highlights the importance of
having real-world data for generating realistic simula-
tions.

The DASH client uses multiple flows for download-
ing video chunks at different bitrates and audio chunks.
MECPerf is able to identify the multiple flows and, via
self measurements, also to tag the type of transfer ac-
cording to the video quality or whether or not it is an
audio chunk, as highlighted in Figure 9, which shows
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the bandwidth values measured via self measurements
for the different types of chunks. As can be observed,
there is some sort of layering in the values, which is par-
ticularly evident in the audio chunks. In addition, the
chunks encoded at the different bitrates are downloaded
according to a time-division behavior. We believe that
these elements can again be exploited to enrich the data,
which can be subsequently used to produce more real-
istic and detailed evaluations. For instance, real-world
traces were used for understanding the different behav-
iors of adaptive video streaming algorithms [48].

Takeaway

Active measurements are able to provide application-
independent indicators that capture the performance of
the networking infrastructure. Passive and self mea-
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Figure 9: Bandwidth values over time for self measurements.

surements provide a better view when the communi-
cation and execution schemes of an application are in-
tertwined. In detail, self measurements provide a view
of the edge network from the application side, whereas
passive ones capture the communication patterns as
seen from a bottom-up perspective. Despite perform-
ing similar operations and starting from macroscopi-
cally equal conditions, clients are characterized by per-
formance levels that are not always homogeneous.

7. A Case Study

This section summarizes the different contributions
of the paper within the use case of edge computing
platform federation, as envisioned by Global System
for Mobile communications Association (GSMA) and
briefly introduced below. We have developed a toy sim-
ulator of two edge domains where MECPerf (see Sec-
tion 3) is used to collect real-time measurements of the
network performance, which are exchanged between
the two operators. The simulator is bundled as an exam-
ple with our software on GitHub, which uses the library
described in Section 5, which in turn is driven by the
dataset collected as illustrated in Section 6.
Background. In early 2020, the GSMA has published
a white paper [49] that introduces the operator plat-
form concept, which is a first attempt to standardize in
a top-down manner the federation of edge computing
resources belonging to multiple operators. This effort,
which is still ongoing, complements the technical ac-
tivities within ETSI and Third Generation Partnership
Project (3GPP) related to managing virtualized compu-
tation, storage, and communication resources within a
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Figure 10: GSMA edge operator use case.

single Mobile Network Operator (MNO), and it is very
significant since it comes from the biggest global associ-
ation of telecom operators. The operator platform con-
cept envisions the definition of many interfaces among
all the actors in an edge computing scenario: application
provider (today’s Over The Top (OTT) players), edge
computing platform provider, end-users, and operators.
Quite understandably, the role of the operator is central,
according to GSMA. Since one of the most compelling
reasons to use edge computing resources at all is that
the user terminals can enjoy lower latency and higher
throughput, we believe that real-time measurement of
the network performance, as enabled by MECPerf, will
be pivotal to adapt the system configuration to (possi-
bly fast) changing conditions and provide the end-users
with best possible Quality of Experience (QoE).

Use case. In Figure 10 we show a scenario with two
telco operators OP1 and OP2, both with edge comput-
ing resources. We assume that the respective resource
orchestrators are federated via a dedicated management
interface, whose details are irrelevant to this study. Ac-
cording to the architecture of MECPerf discussed so far,
the logical location of its modules would be: MECPerf
client integrated with the user terminal operated by the
end-user, one or more MECPerf observers executing
on edge computing platform resources, and a single
MECPerf Aggregator, which can be co-located with the
orchestrator since it provides the latter with useful infor-
mation for dynamic system optimization. For example,
one optimization performed by both orchestrators could
be the following: if the network performance of a given
client using edge computing resources becomes too low,
then migrate the client to the peer operator.

Toy simulator. The simulations are time-discrete and
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include 100 clients, all potentially connected to both
OP1 and OP2 via their respective access networks,
which have independent network characteristics. Each
client alternates active and inactive periods of random
duration, both drawn an exponentially distributed ran-
dom variables with a mean 10 time slots. At the be-
ginning of an active period, the client is associated with
two network measurement traces, one per access net-
work, and it subscribes to the edge computing services
of an operator, picked at random. Every network mea-
surement trace can be LTE or Wi-Fi and have any pos-
sible cross-traffic amount from 0 Mbps to 50 Mbps, as
available in the Fed4Fire+ MECPerf dataset provided.
At the end of every time slot, each orchestrator collects
RTT measures from the subscribed clients (= it queries
the MECPerf Aggregator), then it forces the migration
of a fraction of users y to the other operator, i.e., those
with higher RTT values reported. Such 7y is a system
parameter that in practice would be subject to optimiza-
tion: a higher y means a more aggressive stance towards
migration of clients, which seeks to improve network
performance at the cost of a higher rate of migrations,
which are costly operations (such cost is not accounted
for in our simplified simulation model).

Results. In Figure 11, we report the 0.5, 0.75, and 0.95
quantiles of RTT when increasing y from O (i.e., no mi-
gration) to 0.5 (i.e., at every time slot half clients are
migrated to the peer operator). A 95% confidence inter-
val is also shown in the plot, measured across 20 inde-
pendent replications of each scenario. As can be seen,
for all the quantiles, the trend is not monotone: migra-
tion helps in keeping a lower RTT, but as y increases
too much, then the RTT quantiles increase again. These
simple simulations show that an optimum value of y ex-
ists around 0.1 in terms of the RTT alone and that an
overall optimum value also considering the migration
rate can be found by an appropriate weighting of the
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two metrics.

Wrap-up. This section has served as a step-by-step
guide from the identification of a use case relevant to
MECPerf (i.e., edge domain federation) to the imple-
mentation of a simulator for performance evaluation
(available as an example) and collection and analysis
of results.

8. Conclusion and Future Directions

Edge computing has the potential to bring huge ben-
efits in terms of network performance, from the reduced
latency and increased bandwidth experienced by clients
when accessing networked services to the improved lo-
cality of Internet traffic. However, to fully unlock the
potential of edge computing, system designers need to
quantitatively assess the impact of the different design
alternatives or dynamically tune their runtime optimiza-
tion strategies.

A measurement-driven approach to design and run-
time optimization can be effective in achieving such
goals, especially in an edge computing scenario. In fact,
the performance of edge-based systems is heavily influ-
enced by a mix of computational and networking fac-
tors that is difficult to reproduce when facing the prob-
lem from a purely analytic or simulative perspective.
Both MECPerf and the collected data are available to
other researchers and practitioners interested in evalu-
ating their edge computing infrastructure or improving
existing simulators and/or models. We also believe that
this paper contributes to the landscape of edge comput-
ing literature by providing a view that is not limited to
a tool or to the results originated from a data collec-
tion. The importance of the methodology that we pre-
sented by describing the collection tool, the data collec-
tion phase, and the results of the experiments is demon-
strated by the case study, where the most relevant pa-
rameter of operation of the evaluated migration strategy
is tuned through a measurement-driven approach.

As future work, we would like to integrate MECPerf
with the MEC Orchestrator, which is responsible for
managing the MEC applications, e.g., by selecting the
proper target MEC server, while taking into account the
requirements of the applications themselves (in terms of
throughput and latency). Finally, MECPerf is currently
able to provide information about the current status of
the network and about its past. We would like to add
forecasting capabilities, even limited to a short time-
frame, as information about the future of the network
can be extremely valuable for managing components
and applications. Techniques like the one described in



[29] could be adapted to steer the prediction as soon as
new measurements are collected.
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