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Abstract

In order to comply with the Paris Agreement and the European Green Deal, the
communication community has recognised the network energy efficiency as a funda-
mental and urgent aspect, to make the communication network sustainable.
In line with this, the contribution of this thesis consists in designing, analysing and
evaluating high energy efficient RANs, in the 4G environment and investigating
various critical issues raised by the introduction of the MEC technology and the
UAV-BSs, pillar technologies for 5G and beyond RANs.
The Base Stations (BSs) account for 80% of the total consumption of the Radio
Access Network (RAN) and their energy needs are expected to further grow because
of the rise of mobile data traffic in the next few years. The BS switching is one of
the most studied approaches for the reduction of the energy consumption of RANs.
We propose different RAN managements, which reach up to 40% energy saving and
good Quality of Service (QoS). The decision to switch a BS to sleep mode is driven
by the future traffic demand and/or the future generation of a Renewable Energy
Source (RES), typically a Photovoltaic (PV) panel system, which is locally installed.
In order to access these predictions, Artificial Intelligence (AI) and Machine Learn-
ing (ML) based approaches are used in this work. The network performances reveal
that ML approaches are necessary to achieve significant energy saving and good QoS.
Nevertheless, a careful processing of the traffic predictions and the understanding of
the overall traffic pattern is fundamental and result more impacting on the achieved
RAN performances than the careful selection of the traffic predictor. The impact of
the BS switching on the BS failure rate is also analysed in this work.
Besides the RAN energy efficiency, the future generation of RANs is envisioned
to expand the existing mobile networks, achieving ultra-low delays, extensive cov-
erage, as well as ultra-high reliability. In order to achieve this, the Multi-access
Edge Computing (MEC) is considered a promising solution. In RANs, it consists
of the placement of computing and storage servers, directly at each BS of these
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networks. In this work, the simultaneous employment of the MEC technology and
BSs switching is considered, providing an overview of their mutual effects. The
employment of the MEC technology increases the RAN energy consumption, since
the MEC platforms have to be powered to provide the service, while the BS switching
dynamically activates and deactivates resources, and consequently the MEC servers,
impacting its performance. New user association policies are proposed, in order to
totally exploit the MEC technology and reduce the network energy consumption.
Simulation results reveal that, thanks to the MEC and the proposed methodologies,
the experienced delay and the energy consumption drop, respectively, up to 60% and
40%.
Moreover, Unmanned Aerial Vehicles equipped with Base Stations (UAV-BSs) are
considered an effective support for 5G RAN, to dynamically provide additional
capacity, in case of network congestion or emergency situations. Our evaluation
reveals that UAV-BSs need frequent replacement because of the scarce on-board
energy availability on UAV-BSs, provided by on-board batteries. In addition, simula-
tions show that the Backhaul (BH) network often saturates, due to its low available
bandwidth, deteriorating the network QoS. To cope with the latter, we use the MEC
paradigm, to cache popular contents on each UAV-BS and decrease the occupancy
of the BH network. It results effectively, reducing the lost traffic by 33%. In order
to address the former issue, we consider a solar-powered UAV-BSs. The model of
a Long Term Evolution (LTE) Multi User (MU)-Multiple Input Multiple Output
(MIMO) UAV-BS, powered by a PV panel system, is formalised, to derive the energy
production levels that are needed to satisfy the traffic demand, the probability to
waste energy and the proper PV panel capacity.
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Chapter 1

Introduction

The supply of the Information and Communication Technology (ICT) sector was re-
sponsible for 3% of the global carbon emissions in 2018 and, according to forecasts,
following its current trend, will be responsible for up to 14% in 2040, making this
field a direct contributor to the climate change [5]. For this reason, the European
Commission, in [6], under the need for actions to improve the energy efficiency in
communications, in line with the Paris Agreement and the European Green Deal,
which aim at achieving net zero greenhouse gas emissions by 2050, has formalised a
policy for the regulation of the energy consumption and the carbon emissions of the
Broadband Communication Equipment. In particular, according to this document,
known as Code of Conduct, the total European consumption of at least 50 TWh per
year was estimated for the year 2015 for broadband equipment. This document dis-
cusses the policy for slightly reducing or keeping constant the broadband equipment
electricity consumption compared to a business as usual scenario with the current
growing usage and penetration of broadband equipment in the EU, through the smart
stand-by equipment and the energy aware management.
Meanwhile, the communication community has recognised the network energy
efficiency as a fundamental and urgent aspect, to make more sustainable the com-
munication network. As well known, the BSs have been identified as the most
energy consuming components of mobile networks [7], accounting for 80% of the
total energy consumption of the RANs. The BSs energy consumption is expected
to further grow because of the rise of the mobile IP traffic, which will reach 77.5
exabyte (EB) per month by 2022 and 5 016 EB per month in 2030 [7–9], more than,
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respectively, 6 and 400 times larger than 11.5 EB per month occurred in 2017.
Because of this, a lot of effort has been put in the transition towards more sustainable
and energy efficient RAN and results can be classified in two domains. The first
refers to the improvements of the energy characteristics of the telecommunication
equipment themselves, aiming at reducing the RAN power consumption through the
use of low-power components, the adoption of more efficient power amplifiers, the
increase of the thermal operation range to reduce the need for cooling, etc [10]. This
has been largely adopted by Mobile Network Operators (MNOs). For example, BSs
of 3G systems have a typical peak power consumption of about 3.5 kW, while 4G
BSs consume less than 1 kW.
The second domain refers to network-level resource management algorithms, that
leverage the temporal and spatial variations of traffic loads, using sleep (or Low
Power Idle) modes, to achieve energy efficiency [11–14]. In particular, Resource
on Demand (RoD) strategies are RAN management approaches that dynamically
adapt the active resources to the traffic demand. The traffic demand in a RAN varies
over time, presenting peaks for relatively short periods, and long periods of resource
under-utilisation that induce waste of energy. This waste of energy is because the
energy consumption of the 4G BSs is very little proportional to the traffic demand
and when it is low, unneeded resources are kept active, consuming energy. For this
reason, while during traffic peaks all the available RAN resources must be activated,
when the traffic demand is low, unnecessary BSs are switched in sleep mode. In
this way, the amount of active networking equipment is reduced to the minimum
necessary, to provide the desired capacity to serve the instantaneous traffic demand
while keeping the desired QoS level. Nevertheless, activating and deactivating BSs
impacts the BS failure rate: on the one side, switching is harmful to BS failure rate;
on the other side, the time spent in sleep mode saves the BS from deterioration. The
balance between these two phenomena depends on the hardware (HW) components
of the BS, and on the RAN management strategy. The deterioration of the failure
rate of the BS directly impacts its maintenance and operation cost for the operator.
According to [15], this cost accounts for 3 k¤ and 1 k¤, per year, for each macro
and micro cell BS, respectively. Up to 4 billions of BSs were counted worldwide
back in 2012, as described in [16], and this number is bound to remarkably increase
because of the RAN densification, planned with the 5G RAN deployment [17]. Thus,
in addition to energy saving and QoS, these RAN management strategies have to
be designed taking into consideration the impact on the BS failure rate, in order to
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avoid the explosion of the RAN Operational (OPEX) cost.
Besides the reduction of the absolute value of the energy consumption of telecommu-
nication networks through this dynamic resource allocation, a trend in networking
considers the availability of the energy produced by RES [18, 19]. In particular,
RES are integrated in the mobile networks and are installed in proximity to the BSs
networks. This means that the RAN is powered by both the "green" energy, produced
by RES and the energy taken from the power grid, which can be considered "brown",
since it is largely produced by burning fossil fuels. Besides the improvement of the
RAN sustainability, this solution is effective to reduce the network electricity bill, by
reducing the amount of energy that has to be purchased from the power grid, which
is the key contributor for the increase of the OPEX. Because of this, according to
[20] between 2014 and 2020 the number of renewable powered BSs increases by
45%, accounting for 70 000 towers powered by solar powered worldwide in 2020,
and their deployment is expected to significantly advance in 6G RANs [9]. Also in
literature, many works consider a PV panel system to reduce the CO2 emissions used
to generate energy by burning fossil fuels, when powering a RAN [21, 22]. While
the solution is promising, various issues need to be addressed, among which the solar
panel dimensioning and the possible lack of energy generation due to its intermittent
nature. Indeed, the solar energy harvesting presents, as other RES, randomness,
dependence on the weather conditions and daily and seasonal variability, making
these BSs self-survival unstable. To address this issue, the green energy generation
has to be combined with resource management strategies, in order to optimise its
usage with respect to the brown energy. If the available green energy is properly
managed, the network becomes more independent from the power grid, making this
solution very suitable for remote areas and regions where the electricity system is
unreliable, because of frequent black-outs. To this end, AI and ML based solutions
offer great support. The growth of computational power, the availability of data, the
improvement of learning algorithms are the boosts behind the pervasiveness of new
AI- and ML-based mechanisms to respond to the new challenges of today’s networks,
which are often too complex to be properly understood, modelled, and managed with
traditional approaches, as the case of decision making for network management for
RAN energy efficiency. In addition, these approaches are also fundamental to catch
the effect of complex interactions among multitudes of heterogeneous users, network
elements (such as macro and small cells in heterogeneous networks) and different
energy supplies, as well as to understand the hidden correlations among systems.
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These advances respond to the energy efficiency requirements of the new genera-
tions of networks. Indeed, 5G systems aim at consuming a fraction of the energy
consumption of 4G mobile networks, even if, as mentioned above, the amount of
traffic which 5G networks are supposed to manage is much larger than in 4G ones
[23]. In addition, discussions about 6G networks have identified 1 Tbit/W as the
energy efficiency constraint for that generation of RANs. Nevertheless, besides the
RAN energy efficiency, the next generation of networks is envisioned to expand the
existing mobile networks, achieving ultra-low delays, extensive coverage, as well
as ultra-high reliability. This allows to deploy plenty of services and applications,
which require strict constraints in terms of latency, throughput and reliability, from
various sectors such as automotive, entertainment, e-Health and e-Industry. In order
to reply to these requirements, the MEC paradigm has been introduced [24–26]. It
pushes computing and storage resources in physical proximity of end users, placing
servers on the edges of the network [27]. In this way, the execution of applications,
the pre-processing of data and the caching of popular contents are performed in
proximity of end users. In RANs, these servers are co-located on BSs. Therefore,
these infrastructures provide storage and computation services, in addition to access
services [28]. Several benefits are derived from the introduction of this technology
[29, 30]. First, the backhaul traffic load is reduced, since the access to the cloud
is unneeded and handled at the network edge. Second, as proved in [31–33], the
ultra-low delays are ensured, since the service and content location are very close to
the end users. On the other hand, the employment of the MEC technology worsens
the RAN energy efficiency. Indeed, in addition to the energy needed for the supply
of the communication unit, the computing and/or caching platforms has to be pow-
ered to provide the service, generating the growth of the RAN energy consumption
[34, 35]. Meanwhile, the BSs switching used by the RoD approaches dynamically
activates and deactivates resources, and consequently the MEC servers, impacting
its performance.
Moreover, in order to satisfy the new generation RAN requirements, the Third Gen-
eration Partnership Project (3GPP), in [36], identified the aerial networks as the
complementary infrastructure to the terrestrial 5G RAN [37]. This aerial network
relies mainly on UAVs. UAVs are typically drones and can operate between 80 m and
400 m from the ground. Mounting a BS on UAVs has been proposed as a promising
solution to dynamically deploy fast and flexible communication facilities, where
traditional ground infrastructures are not feasible or cost-effective [38]. Through
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the additional capacity provided by UAV-BSs, connectivity is brought to the users
that are suffering from low-quality service. In particular, UAV-BSs adapt their aerial
position where needed, based on position and traffic requirements of users, who are
connected to the UAV-BSs through access links, while UAV-BSs are connected to the
Core Network (CN), establishing BH links between them and an Access Point (AP).
The BH network is the most challenging part of this network. Indeed, its links repre-
sent the bottleneck of the system. According to [4], if the LTE traditional frequency
is used, not enough spectrum is available, while higher frequency employment suf-
fers from high path loss. Another important challenge that needs to be addressed is
related to the scarce on-board energy availability that is provided to UAV-BSs by
on-board batteries. This is an issue which actually characterises UAVs in general but,
when they are used as communication infrastructure, the situation worsens. Indeed,
besides the energy needed for the flight of the UAV, also the communication unit has
to be powered to provide the service [39], resulting in a higher energy consumption
and reduction of the UAV-BS lifetime. To cope with this, solar-powered UAV-BSs
are a viable solution, which result in a longer UAV-BS survival, without adding
significant mass to the device [40, 41]. This is possible because of the advance of
the UAV structure, which makes most recent drones able to carry up heavy payloads.
Nevertheless, the solar panel dimensioning and the understanding of the effect of
intermittent energy production on the communication service provided by UAV-BSs
network are fundamental steps in the design of this network infrastructure.

1.1 Main Contributions

The contribution of this thesis consists in designing, analysing and evaluating high
energy efficient RANs, investigating various critical issues raised by the introduction
of the MEC technology and the UAV-BSs, pillar technologies for 5G and beyond
RANs. Firstly, we design and investigate the suitability of ML algorithms as support
for the implementation of BS switching mechanisms, which aim at the network
energy consumption reduction. Then, we design, implement and assess the perfor-
mances of the mutual effect of the MEC paradigm and the BS switching mechanisms.
Finally, we design and validate an UAV-BS-aided RAN, used in case of crowded and
emergency situations. Further details about the main contributions and the topics
covered in this work are presented below.
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Suitability, adaptation and analysis of ML-based solutions for RAN energy
efficiency

Dynamic resource allocation is one of the most effective approaches to reduce the
heterogeneous RAN energy consumption. It is based on the sleep mode of BSs. In
particular, when RoD based approaches are used, a BS is switched to sleep mode, in
case its traffic demand is low. Alternatively, in case the RAN is supplied by a RES
system, the BS switching decisions are based on the amount of available renewable
energy, which is locally produced. In particular, a BS is put in sleep mode, when that
quantity is not sufficient for the network supply, to minimise the energy which has to
be purchased from the grid. We propose different approaches for this scenario and
results highlight the fundamental role of the macro cell BSs in hierarchical RANs, in
order to provide the adequate QoS, while reducing the network energy consumption.
The decisions for the BS switching are driven by the future traffic demand and/or
the future renewable energy production. Assuming them perfectly known is an
optimistic and unrealistic assumption. In order to overcome it, we use different
ML algorithms for their prediction. First, a clear understanding of the effects on
the network operation of the introduction of ML algorithms for the forecast of
future traffic and/or the PV panel production is provided. Results, obtained through
simulations, reveal that they are suitable for this application and allow to achieve
significant energy saving. Nevertheless, the achieved energy saving strongly depends
on the traffic pattern. For this reason, ML approaches are necessary, since they are a
versatile framework, which adapts the network operation to the traffic characteristics
typical of each area and to its evolution, which cannot be performed autonomously
and that needs continuous updates to follow traffic pattern variations. Nevertheless,
QoS may be compromised because of incorrect BS deactivation, with a limited
sensitivity to the type of ML algorithm, which is used. This is because critical BS
(de)activation decisions are taken in correspondence of specific traffic values, and
high accuracy in the estimations is not required in general, but only close to the
values which trigger a BS switching. For this reason, traffic predictions performed
over a shorter time scale, combined with a careful processing of the predictions are
proposed, resulting in very effective performance improvement, measured in RAN
energy saving and QoS. To do this, different Artificial Neural Network (ANN)-based
approaches are proposed for the traffic forecast, whose input features are analysed
and discussed. The processing of the predictions aims at detecting the overall trend
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of the traffic profile and combining predictions at different time lags. They result
more impacting on the achieved RAN energy efficiency and QoS than the careful
selection of the traffic predictor.
The impact of the BS switching on the BS failure rate is also analysed in this work.
To do this a failure rate model is employed, which accounts for the time a BS spends
in sleep mode, which saves from deterioration, as well as for the BS switching
frequency, which is harmful for its HW components. Energy saving strategies based
on conservative processing of the traffic demand forecasts reach significant energy
consumption reduction, preserving QoS, as well as the BSs failure rate, also in case
the BS HW has not been designed for dynamic switching. When the processing of
the traffic demand predictions results in a dynamic BSs activation and deactivation,
energy saving is further slightly improved, at the expense of a small loss in QoS and
in the BS failure rate, suggesting that these approaches are suitable only in case the
BS HW design is optimised for BS switching.
Within the ML-based solution for RAN energy efficiency, our contributions can be
found in:

• Donevski, I., Vallero, G., & Marsan, M. A. (2019, April). Neural networks for
cellular base station switching. In IEEE INFOCOM 2019-IEEE Conference on
Computer Communications Workshops (INFOCOM WKSHPS) (pp. 738-743).
IEEE.

• Vallero, G., Renga, D., Meo, M., & Marsan, M. A. (2019). Greener RAN
operation through machine learning. IEEE Transactions on Network and
Service Management, 16(3), 896-908.

• Vallero, G., Renga, D., Meo, M., & Ajmone Marsan, M. (2020, November).
Processing ANN Traffic Predictions for RAN Energy Efficiency. In Proceed-
ings of the 23rd International ACM Conference on Modeling, Analysis and
Simulation of Wireless and Mobile Systems (pp. 235-244).

• Vallero, G., Renga, D., Meo, M., & Marsan, M. A. (2021). RAN energy effi-
ciency and failure rate through ANN traffic predictions processing. Computer
Communications.
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Analysis and optimisation of the simultaneous employment of MEC technology
and RAN dynamic resource allocation

The MEC paradigm has been introduced in 5G networks, in order to reply to the
requirements of services and applications, which require strict constraints in terms
of delay, from different sectors (automotive, e-Health, etc). Analysing the simulta-
neous employment of the MEC technology and BSs switching for the RAN energy
efficiency is fundamental. Indeed, because of the MEC servers’ supply, the RAN
energy consumption increases, while BS switching deactivates RAN resources and,
as a consequence, also these MEC platforms. We evaluate these aspects through
a simulation-based approach, which simulates the RAN located in the city centre
of Ghent, in Belgium. The impact of the MEC server capacity, as well as of the
traffic characteristics, on the RAN performances is analysed. Results show that
caching at the edge and the dynamic activation of the BSs is promising in reducing
latency and the network energy consumption, respectively, without deteriorating
their performances because of their coexistence. In addition, the spread of the cache
capacity among the BSs in heterogeneous RAN is investigated. Caching on the
macro BSs is always needed to significantly reduce delays, while caching also on
the micro cells relieves the effort on the macro cell.
Different association policies are proposed, which minimise the RAN energy con-
sumption and/or the experienced delay, in order to maximise the benefits provided
by the MEC technology usage, ensuring also the achievement of the network energy
efficiency. Because of the high complexity of the problem, we propose a greedy
approach for its resolution. This is strictly necessary, since the association procedure
is performed while the system is operating, which means that a solution is needed on
the fly.
Within the the simultaneous employment of the MEC technology and BSs switching,
our contributions can be found in:

• Vallero, G., Deruyck, M., Joseph, W., & Meo, M. (2020, June). Caching at
the edge in high energy-efficient wireless access networks. In ICC 2020-2020
IEEE International Conference on Communications (ICC) (pp. 1-7). IEEE.

• Vallero, G., Deruyck, M., Meo, M., & Joseph, W. (2021). Base Station
switching and edge caching optimisation in high energy-efficiency wireless
access network. Computer Networks, 192, 108100.
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Design, modelling and evaluation of UAV-BS networks

UAV-BSs-aided networks are a suitable solution, to dynamically deploy fast and
flexible communication facilities, to cope with the terrestrial network failures, due to
network overloads or physical unavailability. They are also envisioned as a support
to reply to the large traffic demand of the 5G and 6G RAN. In order to evaluate
UAV-BSs networks in crowded scenarios, we implement an ad-hoc simulator, which
accounts for the real 3D environment of the considered area and traffic demand
collected in crowded environments. From our evaluation, the BH links emerge as the
most challenging part of the network because of its frequent saturation, due to the
scarce available bandwidth. We propose the employment of the MEC paradigm, in
order to cache popular contents on each UAV-BS and decrease the occupancy of the
BH network. Results reveal that this is a very effective solution, even if the achieved
performances are strongly dependent on the traffic characteristics.
In addition, another important problem which is revealed by our simulations is
related to the scarce on-board energy availability, provided by on-board batteries. As
previously mentioned, the UAV lifetime is constrained by the time for the depletion of
the on-board energy battery. When UAVs are used as BS, the UAV-BS lifetime further
decreases because, besides the energy needed for the flight, also the communication
HW needs to be powered. In order to address this issue, we consider a solar-powered
UAV-BSs. In particular, in order to properly design and quantify the effects of the
changes of its components to satisfy the needed requirements, the model of a LTE
MU-MIMO UAV-BS, powered by a PV panel system, is formalised. In order to do
this, the queuing theory and a discretized representation of the data and energy flows,
as Data Packets (DPs) and Energy Packets (EPs), respectively, are used, to investigate
the interplay between the traffic demand and the energy generation. Through this
model, the energy production levels that are needed to satisfy the traffic demand,
the probability that an EP is unused and the proper PV panel dimensioning are
analytically derived, also considering the time dependence of both the traffic demand
and the PV panel production.
Within the UAV-BS topic, our contributions can be found in:

• Castellanos, G., Vallero, G., Deruyck, M., Martens, L., Meo, M., & Joseph,
W. (2021). Evaluation of flying caching servers in UAV-BS based realistic
environment. Vehicular Communications, 32, 100390.
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• Vallero, G., & Meo, M. (2021, June). Modelling Solar Powered UAV-BS for
5G and Beyond. In 2021 19th Mediterranean Communication and Computer
Networking Conference (MedComNet) (pp. 1-8). IEEE.

1.2 Outline of the Thesis

The rest of the thesis is organised as follows:

• Chapter 2 contains the related work information, along with the related open
issues and further details about the objectives and the various topics addressed
in our study.

• Chapter 3 considers a portion of an heterogeneous RAN and, in order to
dynamically manage the RAN resources, uses AI/ML-based approaches, which
receive as input real data traffic. In particular, in this part of the study, the RoD
switching approach is used: micro cell BSs are put in sleep mode in case the
forecast traffic demand is low, to reduce the network energy consumption. The
effects of the usage of ML algorithms for the forecast of future traffic demand
on BS switching are evaluated.

• Chapter 4 discusses the impact of the time granularity of the traffic predictions,
which drive the BS switching decisions. Different ANN-based methodologies
for the traffic prediction are proposed and evaluated. Approaches which aim at
carefully processing the traffic forecasts and understanding the overall traffic
pattern are proposed to improve the network performance. Finally, the impact
of the BS activation/deactivation on the BS lifetime is quantified.

• Chapter 5 envisions the employment of a RES system for the RAN supply.
In particular, in this part of the work, the BS switching operates according
to the available renewable energy, which is produced by a PV panel system,
locally installed. Different BS switching strategies are proposed and evaluated.
Afterwards, ML algorithms are used for the prediction of the RES production,
as well as of the traffic demand, and decisions for the BS deactivation are
taken according to them. The effects of the accuracy of the ML algorithms are
discussed and evaluated.
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• Chapter 6 investigates the MEC paradigm and, in particular, analyzes the
scenario which uses the BS switching and the MEC paradigm simultaneously.
In order to do this, the portion of RAN located in the city centre of Ghent,
in Belgium, is simulated. The growth of the energy consumption due to the
supply of the MEC servers installed on each BS is discussed, as well as the
effects of the dynamic activation/deactivation of the BSs, and consequently
of the MEC servers, on the experienced delay. Moreover, the impact of
the different spread of the cache capacity among the BSs of the network is
analysed. New association policies are introduced, in order to minimise the
MEC-enabled RAN energy consumption and/or the experienced delay, in order
to maximise the benefits provided by the MEC technology usage, ensuring
also the achievement of the RAN energy efficiency.

• Chapter 7 is devoted to investigate and design UAV-BSs-aided networks.
The MEC paradigm is used to address the issue related to the BH network
congestion, analysing the derived benefits, as well as the growth of the network
energy consumption and the drop of the time of life of each drone.

• Chapter 8 focuses on the modelling of a UAV-BS, equipped with a PV-panel,
for the communication unit supply, in order to address the issue related to the
scarce on-board energy availability. Using queuing theory and data and energy
flows discretization, the PV panel is dimensioned and the energy wasting is
formalised, considering the time variation of the traffic demand and of the PV
panel production.

• Chapter 9 summarises the work and the contributions presented in this
manuscript.



Chapter 2

Contribution and Related
Works

The related works in relation to the main topics of this study are detailed in this chap-
ter, highlighting the open issues which are addressed and the specific contribution
which are provided by this study. Section 2.1 revises the literature about the dynamic
resource allocation in RAN. In section 2.2 an overview about the MEC paradigm is
provided, while section 2.3 describes related works reviewing the usage of UAVs in
wireless communications.

2.1 Dynamic Resource Allocation

In the green networking literature, many RAN management solutions have been
proposed. The RoD-based approaches exploit the daily variability of the traffic
demand and adapt the RAN capacity to it. An overview of these RoD strategies is
presented in [11, 42, 43].
The RoD is typically employed for the reduction of the RAN energy consumption.
This is the case of the work presented in [13]: it formalises the optimisation problem,
whose objective is the minimisation of the total power consumption of the RAN
through the regulation of the transmission power and the BS switching to/from sleep
mode, while satisfying the minimum data rate for each served user. With the same
objective, authors in [44] adapt the energy consumption to the actual traffic load. In
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Table 2.1 Summary of references for RoD topic.

[11, 42, 43] Overviews of RoD strategies
[13, 44, 14] RoD for RAN energy consumption minimisation

[45, 46]
RoD for the improvement of the interaction with the smart grid,
reducing the electricity bill and providing ancillary services

[47] Prediction of mobile data traffic through ARIMA
[48] Prediction of mobile data traffic through SA
[49] Markovian models for traffic prediciton
[48, 50] Hourly TCP/IP traffic prediction through ANNs
[51, 52] Mobile traffic prediction through RNNs

[53]
Mobile traffic prediction through an ANN combined with a
RNN

[54] Mobile traffic prediction through Support Vector Machines
[55] Mobile traffic prediction through Linear Regression
[56] Effects of sleep mode on the BS lifetime

[57, 58]
Formalisation of the optimal BS switching to maximise
the RAN lifetime

[59, 60]
Effects of network device switching in optical backbone
networks

[61–63]
RES employment for RAN energy efficient improvement and
electricity bill reduction

[64], [65], [66], [67] PV panels dimensioning problem

[19, 21]
Energy-aware managements of RAN BSs, supplied by a RES
system

order to do this, they analytically derive the optimum value which triggers the BS
deactivation, in order to reduce the network energy consumption. Similarly, the work
presented in [14] dynamically allocates the RAN resources, through a time varied
probabilistic on/off switching approach, whose switching decisions are based on a
risk level, which provides a measure of the reliability of the network. With a different
goal, RoD strategies are applied in [45, 46], in order to improve the interaction with
the smart grid in a demand-response scenario, thus reducing the electricity bill and
providing ancillary services.
Many of these works, which focus on BSs switching, aim at dynamically allocating
resources, under the assumption that the future traffic demand is exactly known. This
means that predictions of the amount of traffic demand is necessary in order to make
the proposed approaches viable. This aspect is very critical, since errors in these fore-
casts can significantly affect the performance of these strategies. If the traffic demand
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is overestimated, waste of energy occurs; in case of traffic underestimation, incorrect
BS deactivations may deteriorate the QoS. In literature, many works focus on traffic
estimation. In [47], an Auto-Regressive Integrated Moving Average (ARIMA) is
used for the prediction of mobile data traffic and a Seasonal ARIMA (SA) model
is used in [48]. These works demonstrate that these two methods provide high
accuracy, but require slow training and forecasting, which make them impractical
for on-line forecasting. The work presented in [49], uses Markovian models, while
[48], [50], [51], [52], [53], [54], [55] employ ML approaches. According to [48]
and [50], ANNs provide promising results in forecasting the hourly amount of traffic
in TCP/IP networks. In [51], very good performance is reached in the forecast of
the mobile traffic of an LTE BS, using a Recurrent Neural Network (RNN) and 1
ms resolution data. High accuracy in traffic predictions is achieved with the same
approach, in [52]. A hybrid scheme, structured in an ANN and a RNN is discussed
in [53]. Moreover, [54] and [55] predict traffic demand with Least Squares Support
Vector Machines and a a Linear Regression based approach, respectively.
In accordance with these studies available in literature, different ML algorithms for
the traffic prediction are used in our work, and these predictions are used to drive the
RoD decisions. Similarly to what done in [68], a clear understanding of the effects,
measured in energy consumption reduction and QoS loss, on network operation of
the introduction of ML algorithms for the forecast of future traffic is provided in
chapter 3. Differently from the previous literature, in chapter 4, traffic predictions
are performed over a shorter time scale, combined with processing techniques on
the traffic forecasts, which aim at the understanding of the overall traffic trend. The
resulting energy efficiency and QoS is more impacted by these processing techniques
than by the careful selection of the traffic predictor.
Recently, the effects of the BS switching on the lifetime of the BSs have been investi-
gated. The authors of [56] showed that putting a BS in sleep mode, besides reducing
its energy consumption, increases its lifetime, since the BS operating temperature
is reduced. This reduction depends on its HW components, i.e., on the materials
used to build the device, and on the time spent in sleep mode. However, the same
paper highlights also that power states transitions, which imply transition in the
HW operating temperature, negatively affect the BS lifetime. For this reason, the
works presented in [57, 58], formalise the optimal BS switching to maximise the
RAN lifetime; the problem is solved through an heuristic, which allows to save up
to 40% of energy during night, without decreasing the network survival duration.
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The effects of the network device switching are also analysed in optical backbone
networks, in [59, 60]. Chapter 4 introduces the BS failure rate as a new variable in
the design space of the RAN management. For networks not designed for highly
dynamic resource allocation, conservative approaches better prevent BSs from HW
failure; with the deployment of new devices suited for strongly dynamic networks,
less conservative approaches can be used, which achieve higher energy saving.
Many works consider RES power supply for the BSs of RANs. Indeed, RES are
widely adopted in real implementations to make communication networks more
energy efficient and to reduce the electricity bill [61–63]. Various papers address the
critical issue of properly dimensioning these RES systems. The sizing process entails
trading off self-sustainability, cost and feasibility constraints due to the installation
of a RES system. In [64], the problem of a proper dimensioning of the PV panels is
investigated via simulation, whereas authors in [65], [66] and [67] deploy models
to derive the optimal RES system dimensioning for powering a BS. In [65] the
predefined constraint on the worst month outage probability is considered, whereas
in [66] costs are minimised taking into account the limit on the maximum allowed
battery depletion probability. The PV panel system capacity model in [67] is derived
as the balancing between the need for satisfying the network energy demand and
the target degree of network independence from the power grid. Works presented
in [19, 21] investigate the integration of energy-aware managements of RAN BSs,
supplied by a RES system. These management strategies switch BSs to/from sleep
mode, according to the renewable energy availability, for both reducing the RAN
energy consumption and complying with the typically intermittent availability of
RES production, due to the varying weather conditions. With these objectives, in
chapter 5, different RAN management strategies are proposed. These strategies
switch BSs to/from sleep mode according to the amount of renewable energy, which
is produced by a PV panel system, locally installed, aiming at coping with the inter-
mittent nature of the solar energy. As for the RoD approach, in literature, the future
traffic demand and the future RES production, on which BS switching decisions
are based, are unrealistically and optimistically assumed perfectly known. For this
reason, in section 5.4, ML approaches are employed in order to forecast the future
RES production, as well as the future traffic demand, using real historical data.
These predictions are used for the RAN management, and their effects on the RAN
performance are evaluated.
A summary of the cited works is given in table 2.1.
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Table 2.2 Summary of references for MEC topic.

[69, 70] Overview of the MEC technology utilisation
[31–33] MEC paradigm for content caching

[2, 25, 26, 29, 35, 71–73]
Formulation of the optimisation problem to select the
contents to cache in MEC servers used for content
caching.

[2]
Formulation of the optimisation problem to select the
contents to cache in MEC servers used for content
caching, to minimise the experienced delay.

[71, 29]
Formulation of the optimisation problem to select the
contents to cache in MEC servers used for content
caching, to maximise the local hit.

[72, 35]

Formulation of the optimisation problem to select the
contents to cache in MEC servers used for content
caching, to maximise the local hit and minimise the
power consumption.

[73]
Allocation of femto cells and WiFi off-loading, to
optimise the experienced delay.

[26]

Formulation of the optimisation problem to select the
contents to cache in MEC servers used for content
caching, to minimise the experienced delay and
network cost.

[25]
Content caching replacement algorithm, through
predictions of the future content request.

2.2 Multi Access Edge Computing

The MEC technology that uses computing and caching power at the edges of the
network, has received much attention in the literature. It provides several benefits,
such as the reduction of the experienced latency and of the load in the core network
[29, 30]. In [69, 70], surveys of the MEC technology utilisation are provided. The
overview presented in [69] distinguishes the MEC mechanisms into mechanisms
for computation offloading and mechanisms for caching, while [70] mainly focuses
on caching features, discussing in details the caching optimisation and the content
insertion/expulsion policies. The reduction of the latency given by the adoption of
the MEC paradigm, used for content caching, in wireless networks is demonstrated
in [31–33]. In [31], different use cases show the drop of the delay and backhaul
links utilisation, with the employment of the MEC paradigm, whereas the work



2.2 Multi Access Edge Computing 17

presented in [32] highlights that the spectral and energy efficiency are improved with
caching at the wireless edges. Authors in [33] propose the Dynamic Programming
based Adaptive Caching Algorithm, which, besides the minimisation of the expe-
rienced delay, optimise also the provided video quality. Many works formulate an
optimisation problem to select the contents to cache in order to improve the network
performance, when the MEC technology is used, [2, 25, 26, 29, 35, 71–73]. Authors
in [2] aim at minimising the experienced delay in an heterogeneous RAN, where
caching servers are placed on each BS. In [71], the optimisation problem maximises
the local hit, proposing a reduction of the problem in order to treat it analytically.
With the same objective, in [29], the optimal content placement problem is given.
The work discussed in [72] formulates through an integer programming problem
the most appropriate content placement in order to optimise the system towards the
hit occurrences and the power consumption, considering users mobility. Also in
[35], the experienced delay and power consumption are jointly optimised and results
are obtained through simulations. In [73], the allocation of femto cells and WiFi
off-loading, used as helper where some contents are cached, is optimised in order to
minimise the time needed for each download. [25] proposes a content caching re-
placement algorithm, which uses predictions of the future request references, derived
from a polynomial fit algorithm. Authors in [26] formulate an optimisation problem,
which minimise the network cost and content delivery delay, in order to determine
which chunks of a content should be cached and how they should be transcoded.
The problem is solved applying the relaxation to the constraints and proposing an
heuristic.
The energy efficiency in RAN and the employment of the MEC technology in these
networks have been largely investigated in the literature as detailed above, but the
impact of the MEC technology employment on the network energy efficiency is usu-
ally neglected. Meanwhile, the effect of the BSs switching on the MEC technology
performance is ignored, as well. Indeed, these two topics are typically considered
separately and their coexistence has not been investigated yet. For this reason,
chapter 6 considers their simultaneous employment and provides an evaluation of
their mutual effects. Using different traffic characteristics and different MEC server
capacity, the growth of the energy consumption due to the supply of the MEC servers
installed on each BS is analysed in chapter 6, as well as the effects of the BSs
switching, and consequently of the MEC server deactivation, on the experienced
delay. Association procedures, which aim at further improving the network energy
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Table 2.3 Summary of references for UAV-BS networks topic.

[74–81, 39]
Overviews that cover different aspects of the UAV-aided
networks.

[80, 81] UAV-BS network design and planning in 3D aerial networks.

[82, 82, 4, 83, 84]
Study, evaluaiton and design of BH network in the UAV-BS-
aided networks.

[85]
Prototype of a mm-Wave antenna steering for the BH link to
an aerial BS.

[86] Simulations of realistic access and BH links.
[87–90] Optimisation for solving the BH constraints.

[9, 91–94]
Simulations which highlight the scarce on-board energy
availability.

[40, 41] Prototype of a solar-powered drone.
[95] Simulations of a solar-powered drone.

[96]
UAV-BSs network, powered by PV panel on each drone, and
maximisation of the system throughput.

[97]
Optimisation of the trajectory and resource allocation in a
solar powered UAV-BSs network.

[98, 99]
Discretization of data flow, in DPs, and energy flow, in terms
of EPs.

[100–102]
Markov model of a BS powered by renewable energy
sources.

[103]
Formalization of the outage and the overflow probabilities due
to lack of energy and the throughput.

efficiency, as well as the latency reduction, are proposed. The MEC switching is also
introduced to guarantee load balancing among the active BSs.
A summary of the cited works is given in table 2.2.

2.3 UAV-BS networks

Recently, several studies about the concept of BSs mounted on UAVs, have been
published [74–81]. Mozaffari et al. in [74] introduce an extensive tutorial about wire-
less networks aided by UAVs. In this work, the classification of a wireless network
with UAVs, the open issues related to the channel modelling, the optimal trajectory
and deployment, the network planning, and the resource management are presented.
Authors in [75–77] provide diverse overviews that cover different aspects of the
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UAV-aided networks, starting from the fundamentals of aerial channel modelling
to specific performance indicators to evaluate aerial wireless networks. The survey
in [78] focuses on the challenges of the physical aspects of multi-UAV networks
such as the flight control and trajectory planning and cross-layer network design
for mission control applications. The work in [79] presents the characterisation of
UAV-BSs based networks, their architectures and the problematic of data routing,
handovers and the impact of the energy efficiency, highlighting its impact on the
UAV-BS network lifetime. In [80] and [81], the concept of 3D aerial networks is
presented and discussed, providing a framework to properly UAV-BS network design
and planning.
The study about the design of the BH network in the UAV-BS-aided networks is
relatively recent. In [82] a multi-hop BH network is proposed to maximise the bit
rate of the UAV-BS nodes through a network formation game algorithm. The authors
in [82] provide a BH network for UAV-BS based on mm-Wave 3GPP standards,
evaluating the impact of moving 3D objects on the propagation links of mm-waves.
Works presented in [4] and [83] propose similar evaluations for LTE based BH links
for UAV-BS. The authors agree that the increment of the users density leads to a
deterioration of the BH network quality, due to the saturation of the Resource Blocks
(RBs) of this network. Similarly, in [84], an optimal solution for an LTE in-band
integrated access and BH network is evaluated for a single drone where the usage of
UAV-BS enhances the throughput. Pokorny et al., in [85], present a prototype of a
mm-Wave antenna steering for the BH link that provides connectivity to an aerial BS.
Likewise, in [86] simulations and measured camping results are provided to explore
realistic access and BH links. This work highlights that the flight time, the BH links
and the mm-Wave alignments are the most challenging aspects of the UAV-BS. The
BH constraints are solved through optimisation methods in [87–90].
In this work (chapter 7), we first investigate the performance of the UAV-BS-aided
RAN in a crowded scenario. In order to evaluate it, we implement a simulation
tool, which considers the real 3D environment located in the city centre of Ghent, in
Belgium, using real traffic data to shape the traffic demand. While the solution is
promising, two big challenges emerge from our results. First, the QoS is significantly
deteriorated, during the traffic demand peaks, because of the BH links saturation. To
address this issue, the MEC paradigm is considered (section 7.5). In particular, each
UAV-BS is equipped with a MEC server, which is used to store the most popular
contents. In case a user requires a content which is cached on the MEC server of
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the UAV-BS, with which he/she is associated, that content is directly transmitted
to the user, making the access to the cloud and to the BH network unneeded. The
employment of MEC servers significantly improves the QoS, but its impact strictly
depends on the traffic characteristics. In addition, this installation does not signifi-
cantly impact the UAV-BS energy consumption, and, consequently, its lifetime.
The second issue which is highlighted by our simulation results is the scarce energy
availability, provided on-board batteries. Because of this, each UAV-BSs needs an
hourly replacement, because of the energy battery depletion. In literature, this issue
is highlighted in [9, 91–94]. To overcome this, solar-powered UAV-BSs have been
proposed in literature. Besides the studies discussed in section 2.1, about the usage of
the solar energy for the RAN BS supply for the network self-sustainability, energy ef-
ficiency and reduction of the electricity bill [104, 105, 63–66], many studies discuss
UAV-BSs, equipped with PV panels to produce electricity, without adding significant
mass or size [39]. Authors in [40] and [41] prototype a solar-powered drone, which
can fly for 28 hours, while in [95], authors simulate an UAV powered by a PV panel,
via MATLAB/Simulink software, analysing also the effects of weather conditions.
In [96], Sun et al. maximise the system throughput of a UAV-BSs network, powered
by PV panels, which are installed on each drone, maximising the system throughput.
In [97], the optimisation problem for the optimal trajectory and resource allocation
in a solar powered UAV-BSs network is formulated and results highlight that the
flight altitude is a trade-off in order to harvest more energy, without deteriorating the
quality of the signal.
Also the modelling community focuses on the dynamics of the renewable energy
harvesting in communication systems, to derive its formal representation, which is
fundamental for its proper design, dimensioning and quantification of the effects
of the changes of its components to satisfy the needed requirements. These works
typically use a discretized representation of data flow, digitalized in DPs, as well
as of energy, in terms of EPs, which correspond to the amount of energy which
is needed to process a DP [98, 99]. Authors in [100] provides the Markov model
of a BS totally powered by renewable energy sources. The model consists of a
three-queue system: the first acts as an energy storage, the second is the data queue
and the third is used as a reserve energy queue. An analytical model for a generic
energy harvesting transmitter, equipped with an energy battery, where incoming
EPs are stored, is presented in [103], which formulates the outage and the overflow
probabilities due to lack of energy and the throughput. In [101, 102], in order to
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study the performance of an energy-harvesting sensor node, a Markovian queuing
system, composed by two queues, one used as energy battery and the other as data
buffer, is proposed and analysed, to evaluate the impact of the energy harvesting
process and the optimal data collection process, respectively, on the communica-
tion performances. Nevertheless, the survey in [39] highlights that the solar panel
dimensioning and the understanding of the effect of intermittent energy production
on the communication service provided by UAV-BSs network is usually neglected in
literature. The proper size of the PV panel system is a challenging aspect. On one
hand, it has to be large enough to provide the needed energy and extend the UAV-BS
lifetime as long as possible. On the other hand, it can not be too large because of the
UAV-BS payload constraint, i.e. the area and the weight which a UAV-BS is able to
carry. For this reason, in this work (chapter 8), the queuing theory and a discretized
representation of data and energy flows, as DPs and EPs are used to model an LTE
MU-MIMO UAV-BS equipped with a PV panel, used as energy source. The PV
panel dimensioning that is needed to satisfy the traffic demand and the probability
that an EP is unused are analytically derived, also considering the time dependence
of the traffic demand and the PV panel production.
A summary of the cited works is given in table 2.2.



Chapter 3

Greener RAN operation
through Machine Learning

Part of the work presented in this chapter has already been published in:

• Vallero, G., Renga, D., Meo, M., & Marsan, M. A. (2019). Greener RAN
operation through machine learning. IEEE Transactions on Network and
Service Management, 16(3), 896-908.

As discussed in chapter 1, the mobile access equipment, i.e. the BSs, has been
identified as the most energy consumer actor in the communication network. The
RoD mechanism is one of the most studied approaches, to reduce the BS energy
consumption. It dynamically switches the BSs, according to the user traffic demand.
It exploits the variability of the traffic demand in RAN, which presents peaks for
relatively short periods, and long periods of resource under-utilisation that leads to
waste of energy, since useless resources are kept active, consuming energy. The RoD
is hence needed to dynamically adapt the available resources to the current traffic
demand. While during traffic peaks all the available resources must be activated,
when the traffic demand is low, unnecessary BSs are switched to sleep mode and
some energy is saved. The RoD strategy has already proved to be very effective
in optimising radio resource usage, reducing the RAN energy consumption and
minimising the operational costs [12, 13]. Nevertheless, these works make the
optimistic and unrealistic assumption that both the future traffic demand is exactly
known.
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In this chapter, we overcome this unrealistic assumption and consider a scenario in
which the network operation is decided based on traffic predictions. These predictions
are derived through ML algorithms trained with past traffic patterns. The estimation
of traffic demand is clearly extremely critical: if traffic is underestimated, BSs
deactivation may lead to QoS deterioration; conversely, if traffic is overestimated,
lower energy saving than possible is achieved. Our key contribution is to provide a
clear understanding of the effects on network operation of the introduction of ML
algorithms for the forecast of future traffic demand. The general conclusions that
come out of our investigation are that a large error in the traffic forecast does not
always imply an increase in the energy consumption of the network or a deterioration
of QoS. Many of the considered ML algorithms succeed in achieving a good trade-off
between energy consumption and QoS. Results also highlight that energy savings
strongly depend on traffic patterns that are typical of the considered area. This implies
that a widespread implementation of these energy saving strategies without the
support of ML would require a careful tuning that cannot be performed autonomously
and that needs continuous updates to follow traffic pattern variations. On the contrary,
ML approaches provide a versatile framework for the implementation of the desired
trade-off that naturally adapts the network operation to the traffic characteristics
typical of each area and to its evolution.
Section 3.1 describes our scenario and section 3.2 presents the employed traffic
predictors. Details of the RoD strategy are given in section 3.3. Our methodologies
are evaluated using the Key Performance Indicators (KPIs) defined in section 3.4.
Results and comparisons among the used traffic forecast algorithms are discussed in
section 3.5 and our findings are drawn in section 3.6.

3.1 RAN Management for Energy Saving

In this part of the work, we look at portions of a LTE-A RAN, structured as depicted
in Fig. 3.1. As can be noticed from the figure, each RAN portion offers services over
a specific service area, and consists of one cluster comprising one macro BS that
defines a cell over the whole service area, and a few micro BSs that define small cells
providing additional capacity in hot spots within the service area during peak traffic
demand. Thus, the small cells area coverage overlaps with the coverage of the macro
cell. This is a typical scenario considered for 5G and beyond RAN architectures that
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Fig. 3.1 A cluster composed by one macro BS and a few micro BSs.

Fig. 3.2 Flowchart of the two-step network operation.

leverage small cell BSs exploiting high frequency bands (typically millimetre wave).
In order to reduce the RAN energy consumption, so as to obtain both a reduction
in energy cost, and a more energy parsimonious network operation, the centralised
Management and Orchestration System (MANO) predicts the future traffic demand in
the cluster and, according to these predictions, it applies some resource management
strategy.

As shown in Fig. 3.2, the MANO operation consists of 2 steps:

1. Training phase. The algorithms used to predict the the traffic demand (orange
shapes in Fig. 3.2) are trained using historical data. This phase is performed
off-line.

2. Run-time phase. At the beginning of each time slot (that we assume to last
1h), the traffic demand is forecast, using the predictor previously trained (red
rectangle in Fig. 3.2). Given this prediction, the network is operated according
to the implemented power saving strategy (blue shape in Fig. 3.2).
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Fig. 3.3 Considered traffic areas: the Duomo di Milano (red), a business (dark green), a
residential (yellow), the train station (purple), the San Siro (grey), the Politecnico di Milano
(light green), an industrial (magenta) and the Rho (brown) areas.

3.2 Traffic Prediction

In this section, we present the traffic prediction tools used during the BS run-time
as a preliminary step to the BS management decision. For the prediction of the
traffic load of each BS, we consider and compare a number of machine learning
techniques, which are trained in the training phase (see orange shapes in Fig. 3.2),
using historical data.

3.2.1 Traffic Input Data

Data provided by a large Italian mobile network operator is used in this study. They
report the traffic demand volume, in bits, of 1420 BSs, located in the city of Milan
(Italy) and in a wide area around it, for two months in 2015, with granularity of 15
minutes. This time period includes typical weeks, as well as Easter week, when a
brief vacation occurs. During typical weeks, people follow their usual working and
activities routine. As a result, the considered period provides a good representation
of the traffic demand volume dynamics. The traffic traces are normalised; hence, the
peak of each traffic pattern is equal to the maximum capacity of each BS. Note that
this is a pessimistic assumption with respect to energy saving possibilities, since the
capacity of the network is usually overdimensioned. Then, data is aggregated, in
order to obtain the hourly granularity.
For our work, eight portions of the city are selected, which are shown in Fig. 3.3.
The traffic pattern of a BS taken in each of these areas during two weeks is reported
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 3.4 Traffic pattern in the considered traffic areas: (a) Tran Station, (b) Rho, (c) PoliMi,
(d) Duomo, (e) San Siro, (f) Business (dark green), (g) Residential, (h) Industrial areas.
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in Fig. 3.4. These areas were selected as samples of quite different scenarios, and,
hence, traffic patterns. All together, the selected areas are representative of the
various zones that coexist in an urban environment.
The train station area (purple square in Fig. 3.3) is characterised by intense activity
levels, especially at the end of the working hours, specifically at 8 p.m., as shown
by the purple curve in Fig. 3.4a. The Rho district (brown in Fig. 3.3) is an area that
hosts big events, fairs and exhibitions that last for a few days which determine the
growth of the traffic demand, see brown curve in Fig. 3.4b. The Duomo di Milano
area (red square in Fig. 3.3) is a touristic area, with high activity during several hours
of the day. As indicated by the curve in Fig. 3.4d, it remains close to its peak value
from 8 a.m. to 10 p.m. with no significant difference between weekends and working
days. The Politecnico di Milano area (light green in Fig. 3.3) hosts a large campus
with many students. Its peak during the weekends is about half than in working days,
as shown by the light green curve in Fig. 3.4c. The San Siro neighbourhood includes
a large soccer stadium (grey in Fig. 3.3), and the activity here is quite low, but with
very high peaks according to the scheduled matches and concerts, see grey curve
in Fig. 3.4e. A part of a business neighbourhood and some residential streets (dark
green and yellow squares in Fig. 3.3) are also considered: the traffic in these areas
follows the typical behaviour of people in their daily life. The peak of the business
area on weekends is almost half that of the working days, whose traffic demand
reaches the peak during the central hours of the day and sharply drops from 5 p.m.
on, see dark green curve in Fig. 3.4f. In the residential area a traffic rise is observed
in the evening, as highlighted by the yellow curve in Fig. 3.4g and during the week
ends. Finally, the industrial zone (magenta in Fig. 3.3 and in Fig. 3.4h) is a particular
case of a business area.
In each of these portions of the RAN, we assume that one macro BS and 6 small cell
BSs are present, so that the service area is covered by one macro cell which overlaps
with 6 small cells. To do this, for each area, we selected 7 traffic patterns recorded in
that area. The trace which presents the highest traffic demand is chosen as the macro
cell BS, while the remaining six as micro cell BSs.
After having investigated the performance of the considered ML approaches in
support of network management decisions for these eight areas, we will look also
into other areas, to make our conclusions more robust.
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3.2.2 ML Approach for Traffic Prediction

In this work, different ML techniques are employed, to evaluate and compare their
performances. The data of 47 days (out of the 61 for which we have data) are used
for the training phase, i.e. for their training.

Block Linear Regression

Block Linear Regression (BLR) is proposed in [55] to forecast the traffic demand
in wireless communication networks. This predictor reflects the daily and weekly
periodicity of mobile traffic, and is formulated using linear regression. A single
model is constructed to forecast the traffic of all the considered BSs, starting from
the past traffic data of all BSs. As in [55], to predict the traffic demand of BS b at
hour t of day d, the model receives as input 24 traffic samples, which are the traffic
demand of the previous 24 hours.

Artificial Neural Network

The ANN model proposed in [106] is used, considering separate ANNs for each BS.
Each ANN is composed of 4 layers: the input layer which has 5 nodes, 2 hidden
layers with 4 nodes each, and the output layer with one node.
In order to predict the traffic demand, the ANN must be fed with carefully selected
input features. As in [106], the input features are chosen according to the daily
periodicity of the traffic and to the high correlation between consecutive samples. In
particular, the selected input features are chosen according to the daily periodicity, as
well as the high correlation between consecutive samples. In more detail, to predict
the traffic demand of BS b at hour t, the following values are given as input to the
network:

• T(b,t–1): traffic on BS b at hour t-1;

• T(b,t–24): traffic one day before the current time slot t on BS b;

• T(b,t–1–24): traffic one day before the time slot just passed, on BS b;

• T(b,t–48): traffic on BS b two days before the current time slot t;
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Fig. 3.5 Scheme of the LSTMC.

• T(b,t–48–1): traffic two days before the time slot just passed, at BS b.

Four different prediction methods are considered; for each BS:

• 1 ANN is used, without distinction between week-day and week-end traffic
patterns;

• 24 ANNs are separately trained, one per each hour of the day;

• 2 ANNs are separately trained, one for the week-day traffic pattern and the
other for the week-end pattern;

• 48 ANNs are separately trained, 1 for each of the 24 hours of the week-day
traffic pattern and the remaining 24 for each of the 24 hours of the week-end
pattern.

When the distinction between week-day and week-end patterns is considered, the
inputs of the ANN, which belong to past days, are taken from the corresponding
pattern. Therefore, the samples of past days of a week-end day (or a week-day) are
taken in the previous week-end days (or a week-day).

Long Short Term Memory Cell

When Long Short Term Memory Cell (LSTMC) is used, RNN is trained for each
BS. This kind of neural network is called recurrent since the output of the hidden
layers is fed back into the network itself, as shown in Fig. 3.5, in which on the right
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part we show the unrolled version of what the left part shows [107]. As in [107], the
RNN is obtained with a single LSTMC layer. An LSTMC has an internal memory
state which is added to the processed input. Therefore, the cell is responsible for
remembering and computing the value of the state.

Baseline

In order to assess the effectiveness of the prediction approaches presented above, we
need to compare their performance against some simple baseline cases. The simplest
baseline estimation consists in computing for each BS the average traffic demand
for each hour, and in using such an average as the predictor. In particular, for each
BS b, an hourly predictor for week-days and an hourly predictor for week-ends are
computed with the traffic samples belonging to the training data-set:

T(b,t∗) =
1
D

D

∑
d=0

t%24==t∗

T(b,t), t∗ = 1, ...,24 (3.1)

where T(b,t) is the traffic demand at the BS b at time interval t and D is the number
of days available for the training phase, in the pattern considered (week-day or
week-end). The traffic demand on BS b at hour t is forecast using the t∗-th sample of
the baseline of b, given by t%24:

T̂(b,t) = T(b,t%24) + D(b,t%24) (3.2)

where D(b,t) is the difference between the baseline and the actual traffic demand of
base station b at time t. The estimation of D(b,t) is given by:

D(b,t) = K · std(b,t∗) (3.3)

where K is a scalar parameter set to achieve always at least 90% of carried user data
in a slot, and std(b,t∗) is the standard deviation at time t∗, computed as t%24, on BS
b.
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Table 3.1 Values of the parameters of the consumption model for macro and small cell BSs.

BS type Ntrx Pmax (W) P0 (W) Δp
Macro 6 20 84 2.8
Micro 2 6.3 56 2.6

Baseline with ANN

This prediction algorithm is similar to the previous one, but differs in the way in
which the estimation of Db,t is computed. In this case, Db,t is forecast using an ANN.
To forecast the traffic demand of BS b at hour t, the ANN inputs are the following:

• T(b,t) – T(b,t): difference on BS b between the baseline and the actual traffic
demand at the time slot just past;

• T(b,t) – T(b,t–24): difference on BS b between the baseline and the traffic one
day the current time slot;

• T(b,t) – T(b,t–1–24): difference on BS b between the baseline and the actual
traffic demand one day before the time slot just past;

• T(b,t) – T(b,t–48): difference on BS b between the baseline and the actual traffic
demand two days before the current time slot;

• T(b,t) – T(b,t–1–48): difference on BS b between the baseline and the actual
traffic demand two days before the time slot just past.

3.3 Energy Reducing Strategy

In the run time phase, at the beginning of each time slot, the future traffic demand is
forecast as described in the previous sections. The power saving strategy is employed
to allocate the needed network resources, making decisions based on the predictions.
We consider the RoD strategy, proposed in [44]. It aims at minimising the network
energy consumption by adapting the network capacity to the traffic demand. When
the traffic demand of a micro cell BS is low, that micro cell BS is switched in sleep
mode and its corresponding traffic is carried by the macro cell. In this thesis the
traditional sleep mode is considered. It completely deactivates the BS, i.e. it puts
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it in a deep sleep state where the BS is out of operation, with negligible power
consumption This sleep mode differs from the Advanced Sleep Modes, typical of 5G
BSs, see [108], since they consist of different levels of sleep mode, which gradually
deactivate the BS components and differ for energy consumption, time of duration,
activation and deactivation to return to the active state for the BS.
In order to apply the RoD, at the beginning of each time slot, the traffic demand of
each BS is predicted. Then, for each micro cell BS, if both the following conditions
are verified, that micro BS is put in sleep mode:

• The forecast traffic load of the considered micro cell BS is lower than the
threshold ρ∗. As demonstrated in [44], the optimal value of ρ∗ is 37% of the
maximum load of the BS. This threshold depends on the energy consumption
per carried bit: when the traffic is below ρ∗, the energy needed to carry a
unit of traffic in the micro cell is larger than in the macro, so that it is more
convenient to switch off the small cell BS, if this is possible in terms of total
capacity. In particular, P(t,ρ(t)) is the input power required for the operation
of a BS at time t, when its traffic load is ρ(t), defined as the ratio between the
traffic carried by the BS, in bit/s, and the BS capacity, in bit/s. It is derived
according to the EARTH model proposed in [109]:

P(t,ρ(t)) = Ntrx · [P0 +ΔpPmaxρ(t)], 0 ≤ ρ≤ 1 (3.4)

where Ntrx is the number of transceivers, P0 represents the power consumption,
in watt, when the radio frequency output power is null, Δp is the slope of the
load dependent power consumption. Pmax is the maximum radio frequency
output power, in watt, at maximum load. Table 3.1 summarises the value of
the parameters for macro and small cell BSs [109].
Given ρm(t) and ρM(t), the traffic load on a micro BS and on a macro cell BS,
respectively, switching that micro cell BS off is convenient if:

P(t,ρm(t) + ρM(t)) < P(t,ρm(t)) + P(t,ρM(t)) (3.5)

It follows that the deactivation of a micro cell BS saves energy if:

ρm(t) <
Ntrx,m ·P0,m

(Ntrx,M ·Δp,M ·Pmax,M) – (Ntrx,m ·Δp,m ·Pmax,m)
(3.6)
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where Ntrx,m, Pmax,m, P0,m, Δp,m and Ntrx,M, Pmax,M, P0,M, Δp,M are, for
the micro and macro cell BS respectively, Ntrx, Pmax, P0, Δp, respectively.
Adopting the parameter values reported in Table 3.1, the optimal value for ρ∗

is 0.37. This means that when the traffic load on the micro is larger than 0.37,
the additional cost to carry the traffic of the micro BS through the macro BS
does not compensate for the savings that can be achieved by switching off the
micro BS.

• In addition to the condition discussed above, a micro cell BS can be deactivated
if the available capacity of the macro cell BS is enough to carry the traffic of
the considered micro cell BS.

Each of the considered micro cell BSs is analysed for its possible deactivation as
described above, starting from the least loaded to the most loaded, in the following
hour. Given that the load of a micro BS is lower than ρ∗, its energy consumption per
bit is larger, if its load is smaller. Thus, giving larger priority to micro BSs in the
deactivation procedure leads to minimum network energy consumption [44].

3.4 Key Performance Indicators

Our scenario and methodologies are evaluated in terms of the following Key Perfor-
mance Indicators (KPIs).

Average Relative Error

In order to evaluate the accuracy of the prediction algorithms, we use ARE (Average
Relative Error), which measures the average ratio between the real and predicted
traffic patterns. It is computed as:

ARE =
1

NBS

NBS

∑
b=1

RE(b) (3.7)



34 Greener RAN operation through Machine Learning

where NBS is the number of the considered BSs and RE(b) is the RE (Relative Error)
on BS b, derived as:

RE(b) =
1
H

H

∑
t=1

|T(b,t) – T̂(b,t)|
T(b,t) (3.8)

where T(b,t) is the real traffic demand at time t on BS b, T̂(b,t) is the forecast traffic
demand at time t on BS b, H is the duration of the testing period, in number of time
slots.

Average Mean Error

In addition to ARE, the AME (Average Mean Error) is employed as an error metric
defined as:

AME =
1
B

NBS

∑
b=1

ME(b) (3.9)

where NBS is the number of the considered BSs and ME(b) (Mean Error) on BS b is
derived as:

MEb =
1
H

H

∑
t=1

(T(b,t) – T̂(b,t)) (3.10)

where Tb,t is the real traffic demand at time t on BS b, T̂b,d,t is the forecast traffic
demand at time t on BS b, and H is the duration of the testing phase. In the
AME, negative and positive values are possible; indeed, AME indicates whether
the considered algorithm systematically overestimates or underestimates the traffic.
When the AME is positive, the algorithm tends to underestimate the traffic demand,
while in case of negative values of the AME, the traffic is usually overestimated.
AME is complementary to ARE which is a measure of the prediction error in absolute
terms.

Average capacity

The average capacity of the BS cluster is computed again considering that in each
time slot some BSs are active and provide capacity, while some others are sleeping
and do not provide capacity.
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Energy Consumption

The energy consumption of the BS cluster, ETOT, in watt, is computed considering
that in each time slot some BSs are active and consume energy, while some others
are in sleep mode and consume no energy. It is given by:

ETOT =
H

∑
t=1

NBS

∑
b=1

E(b,t)
TOT (3.11)

where E(b,t)
TOT is the energy consumption of BS b, at time t; it is computed as in Eq.

(3.4). NBS is the number of the considered BSs, H is the number of time slots of
the testing phase. The energy consumption of a BS in sleep mode is considered
negligible.

Energy Consumption Reduction

When the resource allocation strategies presented in section 3.3 are used, in each
time slot some BSs are active and consume energy, while some others may be in
sleep mode and thus consume no (or very little) energy. The energy consumption is
computed as described above. In order to measure the effectiveness of the energy
reducing strategy, the energy saving is computed. It is calculated with respect to the
Always ON scenario: this is the case in which all BSs are always active regardless of
the amount of traffic demand. It is computed as follows:

ERED = 100 · EON – ETOT
EON

(3.12)

where EON is the energy consumption in the Always ON scenario; ETOT is the
energy consumption with the considered strategy, computed as detailed above.

Lost Traffic

In the Always ON scenario, each BS is always active and able to carry its traffic
demand. In case resources are dynamically allocated according to the strategies
described above, the situation is different. The Lost Traffic, LT, is defined as the
percentage of the traffic demand that cannot be carried by the network, accounting
for the fact that in each time slot some BSs are active and can handle their traffic
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demand, while some others may be off and thus cannot provide any service. Let us
define the traffic that overflows from the micro cell BS b to the macro cell as:

O(b,t) =





T(b,t) if b is in sleep mode

0 if b is active
(3.13)

the lost traffic is given by:

LT =
∑H

t=1 max(0,T(B,t) + ∑NBS
b=1 O(b,t) – C)

∑H
t=1

�
T(B,t) + ∑NBS

b=1 T(b,t)
� ·100 (3.14)

where C is the capacity of a macro BS and H the duration of the testing phase. The
lost traffic is the percentage of traffic that cannot be carried by the macro cell BS
when traffic overflows from deactivated small cell BSs.

The performance indicators obtained using the traffic and energy predictions provided
by the proposed algorithms are compared to each other. In addition, they are
compared with the performance of the Always ON scenario, where all the BSs
are always active regardless of the amount of traffic demand and produced energy.
Moreover, the achieved results are compared with the Ideal Case in which the RoD
energy saving strategy is applied, according to the perfect knowledge of the future
traffic demand.

3.5 Performance Analysis

In this section, we compare the accuracy of the traffic prediction algorithms and we
investigate their effectiveness when introduced in the RoD strategy of the considered
RAN portions. As previously mentioned, we use the data of 47 days for the training
phase, while the remaining 14 days for the run-time phase.
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Fig. 3.6 Comparison of the effectiveness of prediction techniques under RoD: (a) Energy
consumption ETOT, (b) Energy consumption reduction.
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Fig. 3.7 Comparison of the effectiveness of prediction techniques under RoD: Percentage of
lost traffic LT.

3.5.1 Comparison among ML algorithms

Figs. 3.6 and 3.7 report the results of the application of the RoD strategy coupled
with the various traffic forecast algorithms, in each one of the 8 considered RAN
portions. The plot of Fig. 3.6a shows the energy consumption values, while the radar
plot of Fig. 3.6b reports the corresponding energy consumption reduction, computed
with respect to the Always ON scenario, in which no action is taken to reduce the
energy consumption. Fig. 3.7 shows the percentage of lost traffic.
The figures indicate that, in all the considered areas, the benefit of the proposed
approach is significant, with energy saving up to 40% and never below 10%. Com-
paring the effectiveness of the different algorithms, results indicate that, with all
the considered traffic forecast algorithms, except for the Baseline with and without
ANN, energy consumption is very close to the ideal case (where we assume perfect
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knowledge of future traffic demand). The Baseline with and without ANN show the
highest and the lowest energy consumption drops, respectively. From Fig. 3.7 we
see, however, that energy reduction is achieved at the cost of QoS deterioration. With
the exception of the Baseline with ANN, the other ML algorithms have equivalent
performance within each zone, with QoS deterioration that depends on the area but is
usually below 5%. When BLR, LSTMC and one or more ANNs are used, differences
among the network performance indicators are limited, so that these approaches can
be considered equivalent. Even if one of them may provide a more energy consuming
configuration during some hours, it will provide a less energy consuming one during
others.
Observe now in Fig. 3.8 the ARE (i.e., the error of the ML algorithms in predicting
the traffic). ARE is, in general, quite small. Interestingly, the Baseline, despite
showing good QoS (low lost traffic), reaches 3.17 in ARE, which is the largest error
among the considered prediction techniques. This happens because for our combined
energy saving and QoS goals, the correct estimation of traffic is important only
around the values that are taken as thresholds for the decision to switch on or off
some small cell BSs. Large errors in traffic estimations in periods of low or high
traffic are irrelevant, since no network operation action is taken. This is revealed
also in Fig. 3.9, where the hourly lost traffic and the hourly ARE, for the Industrial
zone, obtained with Baseline and 1 ANN are plotted. The figure highlights that
peaks in the ARE do not correspond to peaks of lost traffic. Indeed, at 2 a.m., the
Baseline presents the maximum ARE. Nevertheless, no traffic is lost. Moreover,
even if the Baseline usually presents higher ARE than 1 ANN, it does not provide
larger lost traffic. For example, at 10 p.m., even though 1 ANN has lower ARE than
the Baseline, it causes larger lost traffic. Therefore, a larger error could not imply
the deterioration of the quality of service.
Now, we analyse the pros and cons of each ML algorithm. They are reported in Table
3.2. The table contains the number of trained models. As mentioned in Section 3.2,
a single model is trained when BLR is used. When LSTMC or the Baseline are used,
a model is employed for each BS. The number of models with ANN varies: 1, 2, 24,
or 48 models are needed, when 1 ANN, 2 ANNs, 24 ANNs, or 48 ANNs are used,
respectively. In the case of Baseline with ANN, 2 models are trained for each BS.
As a result, when BLR is used, increasing the number of BSs does not increase the
number of trained models, but the dimension of the training set. When the other ML
approaches are employed, the number of trained models linearly grows with the BSs.
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Fig. 3.8 ARE of the traffic forecast algorithms.

Increasing the number of trained models, the computational power and time increase.
Nevertheless, the training of prediction models is computed off-line and for this
reason the time for the training phase does not represent a strict constraint for this
application. Moreover, the table includes the adaptability to variation of each traffic
pattern. It means that when a traffic pattern modifies for example its mean value,
the ML algorithm is able to detect this variation. In Fig. 3.10a, a traffic trace which
changes its mean value in time is plotted, as well as the predicted samples obtained
with each considered forecast algorithm. The figure shows that the Baseline and
the Baseline with ANN are not able to follow the actual trace. This is because the
Baseline does not use recent samples for the forecast of the current one. The table
also indicates if hyperparameters are needed for the considered algorithm. When
ANNs or the LSTMC are used, the number of hidden layers, as well as the number of
neurons for each layer should be decided. If the Baseline and the BLR are chosen, no
hyperparameters are needed. Therefore in these two cases, the design of the model
is easier.

3.5.2 Impact of traffic patterns

We now investigate the impact of traffic patterns. As already visible in the previous
figures, there is quite some difference among the performance indicators in the vari-
ous geographical areas. To better catch this, Fig. 3.11 combines energy consumption
and lost traffic by representing each prediction algorithm in each area with a marker
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Fig. 3.9 Hourly ARE and hourly lost traffic in the Industrial zone

Table 3.2 Pros and cons of each ML algorithm.

ML
algorithm

Number
trained models

Adaptability to
variation

Hyper
parameters

1 ANN 1 for each BS Yes Yes
2 ANNs 2 for each BS Yes Yes

24 ANNs 24 for each BS Yes Yes
48 ANNs 48 for each BS Yes Yes

BLR 1 No No
LSTMC 1 for each BS Yes Yes
Baseline 1 for each BS No No
Baseline

with ANN 2 for each BS No Yes

positioned so that the x-axis value corresponds to the energy consumption and the y-
axis value corresponds to the percentage of lost traffic. We clearly see that results are
clustered according to the geographical area. The area-dependent behaviour derives
from the traffic patterns that characterise the areas. The Train Station and PoliMi
areas have a typical traffic demand which is larger than the threshold for many hours
(around 40% of the testing phase). Because of this, the energy consumption can not
be reduced significantly (Fig. 3.6b), since each BS is needed to carry the traffic and
cannot enter sleep mode. In the Business, Duomo, Residential and Industrial zones
the traffic pattern is larger than the threshold for shorter periods than in the previous
case. For this reason, the RoD strategy results in more effective energy consumption
reduction, as can be seen in Fig. 3.6b. The average (among all ML algorithms) ARE
in the Industrial area increases by 23% with respect to the one given by the Train
Station area (Fig. 3.8). Nevertheless, Fig. 3.7 reveals that the lost traffic is almost
the same: 1.9%, on average. This results from different average distances from the
threshold. Indeed, in the Train Station area the average distance of the hourly amount
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Fig. 3.10 Forecast of the traffic demand: Rho (a) and Duomo (b)

of traffic is approximately 7.8· 1010 bit, while in the Industrial zone it is larger than
10· 1010 bit. Thus, even presenting larger ARE, an incorrect deactivation is less
frequent thanks to the large distance from the threshold, preventing the deterioration
of the QoS. Finally, the RAN portions that we called San Siro and Rho exhibit the
most favourable patterns, with long periods of low traffic demand. This leads to the
largest reductions of energy consumption (see Fig. 3.6b), since, in these areas, during
the day, the traffic demand is usually lower than the threshold. Nevertheless, these
areas present sometimes unpredictable and random very high peaks which result in
the largest ARE and the worst QoS (Fig. 3.6b, 3.8). Because of the shortness of the
duration of the data trace, the prediction models can not learn these peculiar and
irregular behaviours.
We now consider two quite different areas: Rho and Duomo (see Figs. 3.4b, 3.4d,
respectively). Figs. 3.12a and 3.12b highlight the inter-relations among the different
performance indicators obtained with RoD, using different traffic demand forecast al-
gorithms in each area. As expected, the performance in the two areas is significantly
different for all indicators. This means that a widespread implementation of energy
efficient strategies without the support of ML algorithms would require a complex
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Fig. 3.11 Energy consumption and lost traffic, with different prediction techniques under
RoD.
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Fig. 3.12 Comparison among performance indicators under RoD for two quite different
zones: Rho (a) and Duomo (b).

tuning of the network management algorithms. In addition, since traffic patterns
change with time, a careful adaptation to these variations would also be necessary.
An automatic learning process of the traffic patterns, and a consequent automatic
tuning of the energy efficiency strategies, are clearly necessary.
We can again observe from Figs. 3.12a and 3.12b, that higher values of ARE do not
always imply higher energy consumption or worse QoS. Indeed, energy consumption
and amount of lost traffic depend on the configuration of the network, which can
be correct (i.e., the same as in the ideal case), even with a large error in the traffic
forecast.
The average capacity of the considered RAN portion, which depends on the average
number of active BSs, and the AME, which depends on the prediction trend, provide
information about the behavior of the traffic forecast algorithms. Large average
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Fig. 3.13 AME of the traffic forecast algorithm.

capacity means that the conditions to put in sleep mode the micro BSs are verified
infrequently. The same happens when negative AME is achieved. In such a case, the
forecast traffic may be overestimated. On the contrary, low average capacity and
positive AME indicate traffic underestimation. These trends affect QoS and energy
consumption. A detailed comparison of the traffic forecasts for the areas Rho and
Duomo is shown in Figs. 3.10a and 3.10b, respectively. When the Baseline algorithm
is used, traffic is overestimated and, hence, the average capacity is always larger than
in all the other cases (blue curve in the figures) and the AME is always more negative
than in all the other cases (blue curve in Fig. 3.13). The energy consumption drops
by 10% and 22%, respectively in the two areas, without any lost traffic. In the cases
of BLR, LSTMC and one or more ANNs, the average capacity decreases, since the
traffic is better estimated. In such a case, the AME (Fig. 3.13) is closer to zero. This
means that the overestimated samples compensate for the underestimated ones. The
average capacity further decreases when the Baseline is combined with the ANN.
The AME reaches large positive values, since this model underestimates traffic.

3.5.3 Performances evaluation over many additional areas

The last part of this work consists in the evaluation of the KPIs obtained with
the proposed methodology over 8 additional areas to test the robustness of our
considerations. We use 8 new portions of the RAN that are indicated in Fig. 3.14.
As before, each area is covered by one macro cell BS which overlaps with 6 micro
cell BSs. The results are presented in Fig. 3.15, where the power consumption and
the percentage of lost traffic are plotted, using RoD. Each area is identified by an
integer. Integers from 1 to 8 correspond to the previously considered areas numbered
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Fig. 3.14 Considered traffic areas: a touristic (orange), a theatre (green), a residential
(magenta), a portion of Monza city (purple), the Mediolanum Forum sports facility in Assago
(red), the Milano’s airport (light blue), an highway (grey) and a park (brown) areas.

according to the following order: 1 - Train Station; 2 - Rho; 3 - Duomo; 4 - PoliMi;
5 - San Siro; 6 - Business; 7 - Residential; 8 - Industrial areas. Numbers from 9
to 16 are related respectively to: 9 - an area rich in tourist attractions (orange in
Fig. 3.14); 10 - a urban zone, including a theatre (green); 11 - a portion of the
Assago village, where a famous sports facility is located (red); 12 - a residential
neighborhood (magenta); 13 - an area containing a section of the highway (grey); 14
- the zone of the Milano’s airport (light blue); 15 - a district in Monza city (purple);
16 - a park (brown).
Results are similar to the ones presented in the previous sections. When RoD is used,
the power consumption is reduced by up to 40% and never below 9% (Fig. 3.15a).
The reduction in power consumption strictly depends on the traffic pattern. The ML
algorithms do not impact the energy consumption: each of them provides a reduction
very close to the ideal case. As shown in Fig. 3.15b, this reduction is achieved at the
expense of a deterioration of QoS: some traffic is lost, but usually not more than 5%,
except for the Baseline with ANN. As before, the Baseline combined with the ANN
provides the highest power consumption reduction, but the worst QoS: up to 20% of
traffic is lost (Figs. 3.15a, 3.15b).
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Fig. 3.15 Comparison of the energy consumption and the percentage of lost traffic: (a) Energy
consumption and (b) Percentage of lost traffic with RoD.
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3.6 Final remarks

In this part of the work, we considered different portions of a RAN providing services
in the city of Milan, each one corresponding to a cluster comprising one macro cell
and 6 micro cell BSs.
We investigated the effectiveness of ML algorithms to forecast the future traffic
demand. The predictions are used by the MANO, to allocate the RAN resources
according to the RoD, used as dynamic resource allocation, to reduce the RAN energy
consumption. In particular, the RoD approach activates the minimum number of
small cell BSs necessary to satisfy the forecast traffic demand. Our results show that
ML algorithms are necessary to achieve a good trade-off between energy efficiency
and QoS. Moreover, results point out that large errors in the forecast do not always
imply bad network performance. Indeed, the correct estimation of traffic is important
only around the values that are taken as thresholds for the decision to activate or
deactivate some micro cell BSs. This makes the RAN performance slightly sensible
to the used ML algorithm.
Obviously, forecast algorithms that tend to overestimate traffic, yield lower energy
saving without deteriorating QoS. On the contrary, forecast algorithms that tend
to underestimate traffic yield losses of traffic, but higher energy saving: up to 5
percentage points more than the ideal case.
Results also reveal that energy savings strongly depend on traffic patterns that are
typical of the considered area. This implies that a widespread implementation of
these energy saving strategies without the support of ML would require a careful
tuning that cannot be performed autonomously and that needs continuous updates to
follow traffic pattern variations. On the contrary, ML approaches provide a versatile
framework for the implementation of the desired trade-off that naturally adapts
the network operation to the traffic characteristics typical of each area and to its
evolution.
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ANN Traffic Predictions
Processing for RAN Energy
Efficiency

Part of the work presented in this chapter has already been published in:
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• Vallero, G., Renga, D., Meo, M., & Marsan, M. A. (2021). RAN energy effi-
ciency and failure rate through ANN traffic predictions processing. Computer
Communications.

In the previous chapter, we show that the ML approaches are a necessary support to
solve the problem of RAN management for network energy efficiency. Indeed, they
provide traffic predictions, which allow the activation of the minimum number of
micro cell BSs, necessary to satisfy the traffic demand. This means that when the
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traffic is predicted to be small enough, some micro cell BSs can be deactivated, and
their traffic is carried by their macro BSs that remain active. Conversely, when the
forecast traffic grows and additional capacity is needed, some BSs in sleep mode are
re-activated. Results pointed out that a good trade-off between energy efficiency and
QoS is achieved when ML is used for the traffic prediction. Nevertheless, the results
showed a limited sensitivity to the type of employed ML techniques. Indeed, critical
BS (de)activation decisions are taken in correspondence of specific traffic values,
and high accuracy in the estimations is not required in general, but only close to the
values where decisions are taken. For this reason, in this chapter, to significantly
improve the performance, traffic predictions are carefully processed in order to
understand the overall pattern. With this objective, we use traffic predictions over a
shorter time scale and their processing and results show that this is fundamental in
order to significantly improve the QoS.
In addition, we also introduce the BS failure rate as a new variable in the design
space of RAN management. Activating and deactivating BSs has an impact on BS
failure rate. On the one side, switching is harmful to the BS failure rate; on the other
side, the time spent in sleep mode saves the BS from deterioration. The balance
between these two phenomena is discussed in this chapter. It depends on the HW
components of the BS, as well as on the RAN management strategy.
Section 4.1 presents the scenario of our study. We model each BS as defined in
section 4.2 and the employed RoD strategies use traffic predictions, obtained with the
tools that are presented in section 4.3, and on the prediction processing algorithms
that are reported in section 4.4. After presenting performance indicators in section 4.5,
results are discussed in section 4.6. Section 4.7 summarises our findings.

4.1 Scenario

As in chapter 3, a portion of an heterogeneous LTE RAN is considered, comprising
one macro cell BS, and a few small cell BSs, whose coverage overlaps with the
macro cell, see Fig. 3.1. Small cell BSs are deployed to provide additional capacity
during high traffic demand periods. As in the previous chapter, the MANO decides
the activation of resources (i.e., micro cell BSs), according to predictions of the
future traffic demand. In this part of the work, these predictions are performed on a
temporal horizon of 15 minutes (which is the time granularity chosen by the operator
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whose data we used in this work, and is thus taken as the time slot). According
to the RoD energy saving strategy, micro cell BSs can be switched on and off to
reduce the RAN energy consumption, with attention to the QoS. This means that,
when not all the capacity is needed to satisfy the predicted traffic demand, some
small cell BSs are put in sleep mode. On the contrary, all BSs are activated in those
periods in which all the capacity is required for the traffic demand satisfaction. The
activation/deactivation of a BS cannot occur at intervals shorter than one hour, to
avoid too frequent switches.
In this part of the work, only ANNs are employed for traffic predictions. Nevertheless,
these predictions are also processed before reaching a decision about BS activation
and deactivation. Similar to what depicted in Fig. 3.2 and presented in chapter 3,
the BS management works in two phases. First, Training phase, performed only
once, as a preliminary step of our online management system. In this step, the ML
algorithm used to predict the traffic demand is trained using historical data. Then,
the Run-time phase, which uses the previously trained ANN for the BS activations
or deactivations. During this phase, at every time slot, i.e., every 15 minutes, the
traffic demand is forecast for the following 4 time slots through the predictor trained
in the training phase. In addition to what has benn done in chapter 3, these four
predictions are processed by the MANO, in order to understand the traffic pattern,
detect the overall trend and correctly decide which small cell BS must be active in
the next hour.

4.2 Modelling the BS

The input power, in watt, required for the operation of a BS at time slot t, denoted
as Pin(t), is derived according to the EARTH linear model proposed in [109] and
described in section 3.3. According to this model, the BS energy consumption is
given by a fixed and a traffic load dependant component.
We adopt the model of the BS failure rate depicted in [58] and [110]. The model
treats the BS as a whole, i.e. as a single entity, rather than using a model for each
single component of the BS, even if this assumption results in a less detailed model,
which does not specify the dependencies among the BS components. The failure rate
of a BS, and in general, of an arbitrary device, is given by the Arrhenius law [111],
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in failure/hour:
γ = γ0e– EA

KT (4.1)

where γ0 is the failure rate, in failure/hour, assuming an infinite operating tempera-
ture, EA is the minimum activation energy, in joule, K is the Boltzmann constant,
in joule/kelvin, and T is the operating temperature, in kelvin. From the model, we
notice that putting a BS in sleep mode positively impacts the failure rate, since the
operating temperature of a device in sleep mode is usually lower than in normal
operating condition.
Nevertheless, the power state change negatively affects the failure rate, tending to
increase it [58, 110, 57]. This is because, as explained in [112], the metal struggles
with temperature variations and, in particular, to state cycling. For a BS, which is
dynamically activated/deactivated, a state cycle is the variation of operating temper-
ature between the active and sleep mode and is modelled with the Coffin-Manson
equation, in failure/hour:

γTR =
fTR
NF

(4.2)

where fTR is the frequency of the thermal cycling, in failure/hour. This means that it
refers to the periodicity between two consecutive events of the same type (switch
on-switch on, i.e. the cycle is from the time in which the BS is activated to the next
time in which it is reactivated after a deactivation). NF is the number of cycles to
failure, computed as

NF = C0(
ΔT –ΔT0

F
)–q (4.3)

where C0 is a constant which depends on the material and q is the Coffin-Manson
exponent. ΔT is the temperature variation of the cycle,ΔT0 is maximum variation of
temperature which avoids variation of the failure rate and F is a factor of temperature
normalisation.
In order to derive the total failure rate of a BS, Eqs. (4.1), (4.2) and (4.3) are used,
assuming that the failure rates due to the different effects, i.e. to the time spent in
sleep mode and the switching, are statistically independent from each other and
act in an additive manner. As a result, the resulting failure rate of a aBS b, γ(b) is
computed by:

γ(b) = (1 – τS)γON + τSγS +
fTR
NF

(4.4)

where τS is the fraction of time the device spends in sleep mode, γON and γS, in
failure/h, are the failure rates when the BS is active and in sleep mode, respectively,
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computed with the Arrhenius law, see (4.1). The parameter fTR, in cycle/h, is the
frequency of the sleep mode cycle and NF, in cycle/failure, is the number of cycles
supported by the device before a failure occurs, derived as in (4.3). Usually, to
measure the impact of the device switching on its lifetime, the Accelerator Factor
(AF) is estimated. This indicator provides the mean lifetime increase/decrease with
respect to the always on condition, as the ratio between the resulting failure rate and
the failure rate of the always on scenario. A value of AF larger than 1 means that
the failure rate increases, while a value smaller than 1 indicates that the failure rate
decreases. Similar to (4.4), the resulting AF is given by two contributions: the time
spent in sleep mode, which decreases the BS failure rate (and AF), and the frequency
of the operating state changes, which deteriorates the BS failure rate (and increases
AF). For each BS b, the AF can be computed over a period of duration θ, as follows:

AF(b,θ) =
γ(b)

γ(b)
ON

= 1 – (1 – AFS)τS| {z }
Lifetime Increase

+ χfTR|{z}
Lifetime Decrease

(4.5)

where AFS is the AF, computed assuming that the device is always kept in sleep
mode. According to [111], it is always lower than 1, otherwise putting the device
in sleep mode would mean increasing the failure rate of the device. Then, τS is the
fraction of time the BS has spent in sleep mode in the period of duration t. The
parameter fTR, in cycle/h, is the frequency of the switching cycle which is measured
over t and χ, in h/cycle, is defined as 1

γ(b)
ONNF

and acts as weight of the frequency

fTR. As a result, the drop of the BS failure rate is achieved when χfTR < (1 – AFS)τS.
Notice that the parameters χ and AFS depend on the HW component used to build
the BS, while τS and fTR depend on the switching strategy.

4.3 Traffic predictions

In this section, we present the traffic prediction tools used during the BS run-time
as a preliminary step to the BS management decision. An ANN-based approach is
used for this purpose. This is because, besides the potentiality of ANN has been
widely demonstrated in [48] [50], chapter 3 shows that the performance of the BS
activation/deactivation are not significantly affected by the ML approach used for
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Fig. 4.1 Spatial cross-correlation among cells with lag= 15 minutes.

the traffic predictions. Thus, the usage of a simple ANN represents a good trade-off
between performance and complexity.

4.3.1 Input Data

We use data provided by a large Italian mobile network operator, presented in section
3.2. They report the traffic demand volume, in bit, of 1420 BSs located in the city of
Milan (Italy) and in a wide area around it, for two months in 2015, with granularity
of 15 minutes. As in section 3.2, the traffic traces are normalised and eight portions
of the city are selected as selected areas are representative of the various zones that
coexist in an urban environment. As in chapter 3, in each of these portions of the
RAN, we assume that one macro BS and 6 small cell BSs are present. For each area,
we selected 7 traffic patterns recorded in that area and the trace which presents the
highest traffic demand is chosen as the macro cell BS, while the remaining six as
micro cell BSs.

4.3.2 Selection of the ANN input features

In order to predict traffic demand, the ANN must be fed with carefully selected input
features. In this part of the work, because of the lower employed granularity than the
on used in chapter 3, the investigation of the best choice for the ANN input features
was made accounting for the temporal, as well as the spatial correlations of traffic.
In particular, we exploit the traffic temporal periodicity (which we observed to be
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present in most traffic patterns) due to the periodicity of human activities, and we
investigate the possibility of also using the spatial correlation which is expected to
be present among adjacent cells. In Fig. 4.1, the cross-correlation obtained between
the traffic at one BS in the city centre, indicated in red, and all others is plotted,
choosing as time lag one time slot, i.e., 15 minutes. We can see that correlation
only mildly depends on the spatial closeness to the considered BS (darker colours
correspond to higher correlation values). Indeed, high correlation values are present
even among cells that are very far from each other. For this reason, we focus only on
input features based on the temporal periodicity of traffic patterns.
Let us define by Tb,i the traffic demand at BS b and time slot i. For simplicity
of notation, in what follows we drop the index b if there is no ambiguity. At the
beginning of each time slot t, the traffic demand at time slot t (the time slot that is
just beginning), t+1 (the following time slot), t+2 and t+3 are predicted; predictions
are denoted by T̂(t), T̂(t+1), T̂(t+2), T̂(t+3), respectively.

Similar to chapter 3, the prediction tool receives as inputs:

• T(t–1): the traffic at the time slot just past, i.e., t – 1;

• T(t–(24·4)): the traffic one day before the current time slot (the factor 4 comes
from our time slots being 15 minutes long);

• T(t–1–(24·4)): the traffic one day before the time slot just past;

• T(t–(48·4)): the traffic two days before the current time slot;

• T(t–1–(48·4)): the traffic two days before the time slot just past.

4.3.3 Traffic Forecast Approach

Different ANN-based prediction approaches are tested.

1 ANN-4 outputs

One ANN for each BS is used. At time t, the ANN outputs the traffic demand
samples at time slots t, t+1, t+2 and t+3 (see Fig. 4.2a).
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(a) (b)

(c)

Fig. 4.2 Scheme of the three proposed prediction techniques: (a) 1 ANN-4 outputs, (b) 1
ANN-1 output, (c) 4 ANNs-1 output

1 ANN-1 output

One ANN for each BS is used. The ANN is trained to predict the traffic demand
at the current time slot, e.g. at time t, and it is used in cascade to predict also the
three future traffic samples, e.g. at time t + 1, t + 2, t + 3. This means that the ANN
produces the prediction of the traffic demand at time t, namely T̂(t), using in input
the traffic at previous time slot, T(t–1), as well as the traffic of previous days. Once
T̂(t) is computed, for predicting the traffic at time t + 1, the same ANN is used but it
receives as input the predicted traffic T̂(t) instead of T(t) that is unknown. Similarly,
for the prediction of traffic at times t + 2 and t + 3, predictions are used instead of
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traffic samples for the unknown values of the input. The logical schema is reported
in Fig. 4.2b.

4 ANNs-1 output

Four ANNs are used for each BS. Each ANN is dedicated to the prediction of the
traffic demand at a given time lag. This means that the 4 future traffic samples are
separately predicted, using 4 different ANNs, but the inputs are as in the previous
case: predictions are used instead of missing samples whenever needed. The schema
is reported in Fig. 4.2c.

As in chapter 3, each ANN mentioned above is structured in 3 layers: the input layer
which has 8 nodes, one hidden layer with 17 nodes, and the output layer with one
node, if 1 ANN-1 output and 4 ANNs-1 output are employed, or 4 nodes in case
of 1 ANN-4 outputs usage. The number of layers, as well the number of nodes for
each layer are among the hyper-parameters which need to be selected. These have
been chosen in order to achieve a good trade off between the accuracy and the time
needed to train the network. Each ANN is trained minimising the Mean Squared
Error (MSE) over the data of the first 47 days of the considered time period.

4.4 Processing traffic predictions

After the ANN has generated traffic predictions, they must be processed by the
MANO to decide about micro cell BS (de)activation, with the objective to save energy,
without compromising QoS. In this section, we propose strategies for processing the
predictions and deciding micro cell activation and deactivation.

4.4.1 Resource Allocation

Different algorithms can be used to combine traffic predictions in a BS management
strategy, based on the approach in chapter 3, which states that a micro cell BS is
switched off if its traffic demand is lower than a threshold ρ∗, provided that such
amount of traffic can be carried by the macro cell BS. As in chapter 3, the threshold
depends on the energy consumption per carried bit: when the traffic is below ρ∗, the
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energy needed to carry a unit of traffic in the micro cell is larger than in the macro,
so that it is more convenient to switch off the small cell BS, if this is possible in
terms of total capacity. As discussed in chapter 3, the optimal value of the threshold
is 37% of the maximum load of the BS.

Max2Max

In this case, resources can be allocated only at the beginning of each hour: at 00:00,
01:00, etc. At the beginning of each hour, T̂(b,t), T̂(b,t+1), T̂(b,t+2), T̂(b,t+3), the 4
traffic demands corresponding to that hour are predicted for each micro cell BS b, as
well as for the macro cell B; predictions in the macro are denoted by T̂(B,t), T̂(B,t+1),
T̂(B,t+2), T̂(B,t+3). Among these 4 samples, the maximum, M̂(b), for each micro cell
BS b and the maximum, M̂(B), for the macro cell are computed:

M̂(b) = max
�

T̂(b,t), T̂(b,t+1), T̂(b,t+2), T̂(b,t+3)
�

(4.6)

M̂(B) = max
�

T̂(B,t), T̂(B,t+1), T̂(B,t+2), T̂(B,t+3)
�

(4.7)

A micro cell BS b is switched off if M̂(b) is lower than the threshold, and its traffic
can be carried by the macro, given that the macro is expected to be carrying an
amount of traffic M̂(B):

if
�

M̂(b) < ρ∗
�
∧
�

M̂(B) + M̂(b) < C
�
→ switch off b (4.8)

where C is the capacity of the macro cell B. Basically, the decision is taken based
on the maximum of the predicted traffic samples. As the decision is taken, M̂B is
updated accordingly, to account for the traffic load that will be transferred from the
considered BS.

Max2Max Continuous

This strategy is very similar to Max2Max, but, in this case, it is applied at the
beginning of each 15 minute time slot and not only at the beginning of an hour, as in
the previous case. The decision to switch off a cell for 4 consecutive time slots (1
hour) can be taken in any time slot.
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I2I

When this strategy is used, the switch on/off is possible only at the beginning of each
hour. Given the four predicted traffic demands belonging to the considered hour, for
each micro cell BS b and for the macro cell BS B, a micro cell BS b is switched off
when, for every slot t + i with i = 0,1,2,3, the estimated traffic T̂(b,t+i) is lower than
the threshold ρ∗ and there is enough available capacity on the macro BS:

if ∀i = 0, · · · ,3 (T̂(b,t+i) < ρ∗)∧ (T̂(b,t+i) + T̂(B,t+i) < C)

→ switch off b (4.9)

In this case, the decision to switch off is taken if the requested conditions are verified
slot by slot.

I2I Continuous

When this strategy is used, I2I is applied at the beginning of each time slot. As in
Max2Max Continuous, each micro cell BS remains active or in sleep mode for at
least 1 hour (4 consecutive time slots), but a change of state can happen in any time
slot.

I2I Flexible

This is a further variation of I2I Continuous. As before, at the beginning of each time
slot, I2I is applied. Nevertheless, when a micro cell BS has been put in sleep mode
for at least one hour, it remains sleeping if the necessary conditions are verified for
one more time slot. This means that when we are at time t, given that the micro cell
BS has been deactivated since at least t-4, that micro cell BS remains in sleep mode,
if T̂(b,t) is lower than ρ∗, provided that T̂(b,t) can be carried by the macro BS during
the t-th time interval.

As in chapter 3, the conditions to switch to sleep mode a micro cell BS are verified,
starting from the least loaded to the most loaded, in the following hour. Indeed,
in case of traffic load lower than ρ∗, the energy consumption per bit is larger. As
explained in chapter 3, in order to minimise the network energy consumption, larger
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priority is given to micro BSs which carry the minimum traffic load. The load during
the following hour on each micro BS is given by summing the traffic demand during
the 4 time slots belonging to that hour.

4.4.2 Descending front detection

The presence of noise in traffic patterns may result in incorrect deactivation of the
small cell BSs, thus deteriorating QoS. For this reason, the concept of Descending
Front Detection (DFD) is introduced in the processing of traffic predictions. In
particular, the switching from active to sleep mode of a micro cell BS is permitted
only if a descending front is detected: if an active micro cell BS is detected to be in a
descending phase, the necessary conditions for the micro cell switch off are checked.
Because of the noise inherent in traffic patterns, a negative first derivative is not a
sufficiently good indicator of a descending front. Therefore, a moving average filter
is used for this purpose. It smooths data by replacing each traffic sample with the
average of the neighbouring samples. This operation practically acts as a low-pass
filter on traffic patterns. In our case, a triangular smoothing is applied twice. In
particular, at time t, the following expression is computed, for z = t-4, t-5, t-6:

S′(b,z) =
1

81

2

∑
j=–2

(3 – |j|)
2

∑
i=–2

(3 – |i|)T(b,z+j+i) (4.10)

where T(b,z+j+i) is the real traffic demand on BS b at time z+j+i. However, notice
that for z = t – 4 and for j = 2 and i = 2, T(b,z+j+i), is T(b,t), which is not known. Thus,
its prediction, T̂(b,t) is used in this case. The maximum z is chosen equal to t-4, in
order to avoid using other predicted samples.
If S′(b,t–4) < S′(b,t–5) < S′(b,t–6), we conclude that a descending front is detected. If
this is the case, the necessary micro cell BS switch off conditions are checked. If
they are verified, as described in section 4.4.1, the considered micro cell BS can be
deactivated.
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4.5 Key Performance Indicators

In this part of the study, the ARE, i.e. the average relative error, the Energy Con-
sumption Reduction, ERED, i.e. the percentage of energy saving with respect to
the Always on, and the percentage of Lost Traffic, LT, detailed in section 4.5 are
employed. The following additional KPIs are also evaluated.

Accelerator Factor for each micro cell BS

For each BS b, we measure AF(t,b) and AF(b) which are, respectively, the AF of that
BS b, measured at time t and at the end of the considered operating period, i.e. in
steady state, given by (4.5).

Accelerator Factor

For each considered portion of network, we measure AF which is the average AF of
that area at the end of the considered operating period, i.e. in steady state:

AF =
1

NBS

NBS

∑
b=1

AF(b) (4.11)

where NBS is the number of micro cell BS in the considered portion of RAN and
AF(b) is the AF, for each BS b in the considered area, computed as in (4.5).

4.6 Performance evaluation

In this section, we discuss numerical results obtained by experimenting with the
different prediction, processing and decision algorithms presented in the previous
sections on the considered RAN portions. Out of the 61 days for which we have real
traffic data, the first 47 are used for the ANN training phase, while the remaining 14
days are used for the run-time phase.
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Table 4.1 Average relative error, ARE, with the different approaches at different time lags.

1 ANN-
4 outputs

1 ANN-
1 output

4 ANNs-
1 output

4 ANNs-
1 output
(spatial)

AREt 0.33 0.33 0.33 0.37
AREt+1 0.43 0.44 0.43 0.47
AREt+2 0.52 0.52 0.48 0.52
AREt+3 0.61 0.57 0.52 0.54

4.6.1 Choice of the ANN

As a first step, we analyse the effectiveness of the different ANN configurations for
traffic predictions, using the previously defined ARE (Average Relative Error) as a
performance metric. The results provided by the considered ANN configurations,
namely 1 ANN-4 outputs, 1 ANN-1 output and 4 ANNs-1 output, for each time
lag, are reported in Table 4.1, averaged over the eight considered geographical
areas. Observe that numerical results confirm what is intuitively expected, and
was quantitatively shown in [51]: the error increases with the time horizon of the
predictions. Moreover, typically, the 1 ANN-4 outputs provides the largest ARE.
This is because, when the other 2 approaches are used, the sample corresponding
to the most recent traffic demand, even if only predicted, is provided as an input
feature. In Fig. 4.3, the percentage of the reduction of ARE gained with 1 ANN-1
output and 4 ANNs-1 output, with respect to 1 ANN-4 outputs, are shown in blue
and orange, respectively. The reduction of the estimation error is the largest for 4
ANNs-1 output, especially when the time horizon of the predictions is longer. This is
because this ANN configuration uses 4 ANNs: during the training phase, each ANN
learns how to forecast the desired output, managing the error which affects the input
traffic sample derived from a prediction. For these reasons, in the rest of this study
we will use 4 ANNs-1 output for traffic forecast, unless otherwise specified.
In order to confirm the mild correlation among adjacent cells, we also report the
ARE which is obtained when we provide to 1 ANN-4 outputs an additional input
feature. In order to select this additional input feature, the cross-correlation between
the traffic demand of the current BS and each of its adjacent ones, is performed.
Then, the argmax function is computed, in order to select the BS bsMAX and the
time lag lMAX which provide the largest value of cross-correlation. Thus, when we
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Fig. 4.3 Percentage of the reduction of absolute relative error, ARE, obtained by 1 ANN-1
output or 4 ANNs-1 output with respect to the 1 ANN-4 outputs, for different time lags.

are predicting the traffic demand at time t, the additional input feature is the traffic
demand on bsMAX at time t-lMAX. Similarly, for the prediction of the traffic demand
at t+1, t+2 and t+3, the traffic demand on bsMAX at time t+1-lMAX, t+2-lMAX,
t+3-lMAX, respectively, are given as additional input feature. From Table 4.1, it is
possible to notice that the presence of this feature deteriorates the precision of the
forecast.

4.6.2 Dynamic resource allocation performance

We now investigate the performance of the resource allocation strategies presented
in Section 4.4.1. Our solutions are compared against 3 benchmarks: (i) the TNSM19
approach presented in chapter 3, which allocates the resources of a RAN according
to the hourly traffic predictions obtained using an ANN, with no processing of the
ANN outputs; (ii) the PIMRC18 approach: in this case the traffic is predicted using
the LSTM network proposed in [51] and resources are allocated based on I2I; (iii)
the 15 min approach, similar to the TNSM19 case, but operated over 15 minutes time
slots. With this approach, each small cell BS can be switched to/from sleep mode as
soon as needed, with no constraint on the frequency of switching.
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Fig. 4.4 Comparison of dynamic resources allocation strategy in the various areas: (a) ERED
and (b) LT.

Effect of traffic pattern shape and load distribution

For each strategy and zone, Fig. 4.4a reports the energy consumption reduction
computed with respect to the always ON scenario, and Fig. 4.4b reports the per-
centage of lost traffic. First, it is possible to confirm that, as discussed in chapter
3, the percentage energy saving directly depends on the shape of the traffic pattern
(peak/off-peak ratio, duration of peaks, ...), which is characteristic of the considered
area. If the traffic demand is low for many hours, the BS management approach can
be very effective: up to 40% of the energy consumed with respect to the always ON
approach can be saved, as we see in the San Siro and Rho areas. When the traffic
demand is larger than ρ∗ for longer periods, the small cell BSs can be switched off
for shorter periods, and a lower amount of energy is saved. This is the case of the
PoliMi and Train Station areas, where the energy saving is lower than 15%. In Fig.
4.5a, the traffic demand during 5 days of the simulation of a micro cell BS in the
Train Station and San Siro areas is plotted, in dark and light grey, respectively. The
former presents a traffic volume usually larger than the threshold, indicated by the
black horizontal line, while the latter almost always lower than ρ∗. As a consequence,
their sleeping time ratio τS is very different, as can be noticed in Fig. 4.5b, where
τS is plotted, for each dynamic resource allocation approach. In particular, τS is
never larger than 0.25 and lower than 0.9 for the micro cell BS located in the Train
Station and San Siro areas, respectively. Nevertheless, the frequency switching fTR,
reported in Fig. 4.5c, assumes very close values for both cases, since the micro cell
BS located in the Train Station zone is usually ON and is deactivated only during
the night, while the one placed in the San Siro area is usually in sleep mode and
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Fig. 4.5 Comparison of dynamic resources allocation strategies with different traffic demand
pattern: (a) traffic demand, (b) τS and (c) fTR of a BS in San Siro and Train Station areas; (a)
traffic demand, (b) τS and (c) fTR of two different micro cell BSs in the Residential areas.

is active only during public events, when additional capacity is needed in order to
satisfy the traffic demand. Fig. 4.5d reports the traffic demand during 5 days of
simulation of two micro cell BSs, BS A and BS B, of the residential district. These
two patterns, reported in dark and light grey in the figure, are very similar in shape
and volume and are lower than the threshold for most of the time. However, their
corresponding τS assume very different values. This is because micro cell BS A
presents a lower traffic demand than micro cell BS B. Therefore, it has priority to
be put in sleep mode, and is in sleep mode for more than 80% of the time, for each
dynamic resource allocation. Because of this, the macro cell BS carries also the
amount of traffic demand of micro cell BS A, making not possible the deactivation
of micro cell BS B, to avoid macro cell BS overloading, even if its traffic demand
is lower than the threshold. This suggests that the switching of a single micro cell
BS and, consequently, its energy consumption, depends on its traffic demand, as
well as on the traffic demand of the other micro cell BSs, which belong to the same
hierarchical RAN cluster.

Comparing resource allocation strategies

Focusing again on Fig. 4.4a, it is possible to notice that the reduction of the energy
consumption obtained with our proposals is slightly lower than with the chosen
benchmarks. Indeed, with our proposals the energy consumption increases, at most,
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Fig. 4.6 Comparison of dynamic resources allocation strategies in the various areas: (a)
Max2Max and I2I and (b) Cont version.

by 1.7%, 1.9% and 2.9%, with respect to the TNSM19, 15 min and PIMRC18
benchmarks. This is because our approaches are slightly more conservative in energy
saving, but better preserve QoS, measured as the percentage of lost traffic. When
TNSM19 is used, resources are allocated under the unrealistic assumption that the
traffic demand is uniformly distributed within a whole hour. For this reason, the lost
traffic is higher than with the other approaches. With PIMRC18, up to 4% of traffic
is lost. Even if it provides traffic predictions affected by lower ARE (0.29, 0.37, 0.42,
0.47, for the forecast at time t, t+1, t+2 and t+3, respectively), it usually generates
more underestimated traffic samples that contribute to QoS deterioration.
The comparison with the 15 min case is also interesting. The 15 min case is based
only on traffic predictions performed over a time horizon of 15 minutes for which the
error is lowest (see table 4.1). Nonetheless, in this case no processing of the ANN
outputs is performed; hence, despite the small error in predictions, the lost traffic is
quite large. This is a clear indication of the importance of the processing of ANN
outputs.
Let us now focus on the proposed approaches. The lost traffic is lower in the
Max2Max case than in the I2I one, since its switching condition is stricter. Fig. 4.6a
shows the status of a micro cell BS of the Train Station area in orange and blue,
when I2I and Max2Max are used, respectively. The micro cell BS traffic demand is
reported in grey and ρ∗ with the dashed grey curve. Even if these two approaches
use the same prediction samples for resource allocation, Max2Max makes the BS
active sooner than I2I. At 7.00 a.m., predictions of the traffic demand during the
following hour are erroneously smaller than the threshold. Nevertheless, Max2Max
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switches BSs if the maximum, among the traffic demand samples belonging to that
hour, is smaller than ρ∗ and can be carried by the macro cell, supposing that it is
managing an amount of traffic which is the maximum traffic demand among the 4
traffic demand samples of that hour. Thus, the micro BS is activated, since its traffic
demand cannot be carried by the macro BS because of the capacity constraint.
The use of the cont variation provides benefits in terms of QoS in both strategies,
Max2Max and I2I. When cont is used, the effect of higher errors, which characterises
traffic predictions over longer time lags, is further mitigated, so that a more accurate
resource allocation can be performed. As a result, the lost traffic is always less
than 2%. Specifically, in the areas where the resource allocation is more difficult
due to the unpredictability of traffic demand, i.e., Rho and San Siro, 1.6% and 2%
of the traffic is lost. In areas where patterns are more regular, values are always
lower than 1.4%. Similar results are given by I2I Flex: the lost traffic is lower than
the chosen benchmarks because the BS switching can react to the traffic demand
every 15 minutes, provided that the last switching has occurred for at least 1 hour.
This can be observed in Fig. 4.6b, where each curve corresponds to the status of a
micro cell BS of the Duomo area, obtained with each of the considered allocation
approaches. Also its traffic demand (in grey) and ρ∗ (grey dashed curve) are reported.
The cont variation and I2I Flex react as soon as the traffic demand increases (at
8.30). When I2I and Max2Max are used, resources are allocated at 8.00 a.m., and
the prediction with lag equal to 3 is used for that time slot. Because of the large
error which affects this forecast, this sample results lower than the threshold, and
the micro cell BS is not activated. Thus, from Figs. 4.6a and 4.6b, it is possible to
notice that strategies behave similarly if the traffic demand is far from the threshold.
Indeed, in this case, the large error, which affects typically deeper forecasts used by
I2I and Max2Max, does not impact resource allocation, correctly detecting the value
of the traffic demand with respect to the threshold. As soon as the traffic demand
moves closer to the threshold, even if based on the same predictions, the resources
allocation is different. In case of max, conditions for the deactivation are stricter;
with cont based approaches, more accurate predictions can be used. This results in
more likely activation of micro BSs and, consequently, in lower lost traffic.
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(a)

(b)

Fig. 4.7 Impact of descending front detection for two areas: (a) detection of fronts and (b)
switch off decisions with and without DFD.

4.6.3 Impact of descending front detection

We now investigate the impact of the use of DFD in resource allocation. When DFD
is used, the deactivation of a micro cell BS is possible only if a descending front
is detected, according to the conditions described in Sec. 4.4.1. In Fig. 4.7a, blue
triangles mark the detection of a descending front during one day of the run-time
phase of 2 micro cell BSs, belonging to the PoliMi and Rho Fiere areas. As can
be observed, descending fronts are mostly correctly identified. Since the current
predicted traffic demand has lower impact on DFD than past samples, see equation
(4.10), it is possible that DFD is activated after a local minimum.
Fig. 4.8 reports the energy consumption reduction, in bars, and the lost traffic,
indicated by the blue and red lines with circle markers. Blue markers refer to no
DFD, while red markers refer to DFD. The results of the chosen benchmarks are



4.6 Performance evaluation 67

PIMRC18
TNSM19

15 min  
Max2Max

    Max2Max

cont
I2I I2I

cont
I2I

Flex

0

10

L
T  (%

)E
R
E
D

 (
%

)

Train Station

PIMRC18
TNSM19

15 min  
Max2Max

    Max2Max

cont
I2I I2I

cont
I2I

Flex

0

20

Rho

PIMRC18
TNSM19

15 min  
Max2Max

    Max2Max

cont
I2I I2I

cont
I2I

Flex

0

20
Duomo

PIMRC18
TNSM19

15 min  
Max2Max

    Max2Max

cont
I2I I2I

cont
I2I

Flex

0

10

PoliMi

PIMRC18
TNSM19

15 min  
Max2Max

    Max2Max

cont
I2I I2I

cont
I2I

Flex

0

25

San Siro

PIMRC18
TNSM19

15 min  
Max2Max

    Max2Max

cont
I2I I2I

cont
I2I

Flex

0

20

Business

PIMRC18
TNSM19

15 min  
Max2Max

    Max2Max

cont
I2I I2I

cont
I2I

Flex

0

20
Residential

PIMRC18
TNSM19

15 min  
Max2Max

    Max2Max

cont
I2I I2I

cont
I2I

Flex

0

20

Industrial

ERED without DFD ERED with DFD ERED with benchmarks

0.50

0.75

2

4

1.0

1.5

0.50

0.75

2

4

1.0

1.5

1

2

1

2

LT without DFD LT with DFD LT with benchmarks

Fig. 4.8 Energy consumption reduction and lost traffic in each area, with each dynamic
resource allocation with and without descending front detection, DFD.

reported in grey. The figure reveals that the usage of DFD generates a systematic drop
in both energy efficiency, for a small amount, and lost traffic, for more significant
values. The energy consumption reduction remains between 10% and 39%, similar
to the case of no DFD, when TNSM19, 15 min and PIMRC18 are used, but QoS
improves significantly: lost traffic is usually below 1%. In the San Siro and Rho
Fiere areas, because of the critical characteristics of traffic patterns, this value is
between 1% and 1.5%. The reductions of lost traffic are due to the stricter conditions
to switch off the micro cell BSs. This can be seen in Fig. 4.7b, which illustrates
an example of the traffic demand, in black, of the 2 small cells BSs of Fig. 4.7a.
In Fig. 4.7b, the orange and blue points indicate the time slot during which the
considered micro cell BS is in sleep mode when I2I cont and I2I cont with DFD are
used, respectively. During periods of almost constant but noisy traffic demand, if
traffic values are close to the threshold ρ∗, incorrect small cell BSs deactivations may
occur. Indeed, for those traffic values, even a small error in the traffic predictions
can determine a wrong allocation of resources. This is the case reported in the
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Fig. 4.9 AF(t,b) for a micro cell BS of the Train Station area, with χ=0.5, varying AFsleep

figure: with DFD, incorrect deactivation of the considered small cell BSs is avoided
since a descending front is not detected. Without DFD, with the I2I cont alone, the
estimation error (even if small) makes the predictions lower than ρ∗, and a wrong
switch off decision is taken. With DFD, the small cell BS is not switched off because
the descending front is not detected. This behaviour explains the slight increase of
energy consumption when DFD is applied. However, in spite of a very limited raise
in energy consumption, the traffic loss can be reduced by up to 74% with respect to
the benchmarks.

4.6.4 Impact on the BS failure rate

The impact of the proposed dynamic resource allocation schemes on the BS failure
rate is now discussed. Each curve in Fig. 4.9 represents the behaviour of AF(t,b)

versus time for a micro cell BS in the Train Station area, obtained with a different
value of AFsleep, when I2I is employed, with χ equal to 0.5, that is the value measured
in an LTE BS in [57]. At the beginning of each simulation, AF(t,b) is lower than 1,
since the simulation starts at midnight and the micro BS can be put in sleep mode,
making AF(t,b) small. Then, at 7 a.m. it starts growing, since the BS is activated
due to increasing daily traffic demand. After some fluctuations, due to BS activation
and deactivation that follow the daily traffic demand variations, AF(t,b) stabilises,
since τS and fTR stabilise as well. When large values of the parameter AFsleep are
considered, AF(t,b) is large due to more significant BS deterioration in sleep mode.
Fig. 4.10 reports the value of AF(b), on the z-axis for a BS in the Train Station area;

different values of AFsleep in the interval [0.1,0.9] are considered on the x-axis, and
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Fig. 4.10 AF(b) for a micro cell BS of the Train Station area: (a) with I2I-based approaches
and (b) with Max2Max-based approaches.

different values of χ in [0.1,2.0], on the y-axis. Each plotted plane corresponds to a
different dynamic resource allocation approach. In particular, the I2I and Max2Max
strategies are considered, with and without the cont variant and the use of DFD.
From these figures, we first notice that the growth of AFsleep and χ implies a growth
of AF(b). If AFsleep is large, the time in sleep mode is less beneficial to the BS
failure rate; while large values of χ corresponds to the growth of the cost of the
BS switching, see (4.5). When AFsleep and χ are large enough, more conservative
dynamic resource allocations provide lower values of AF(b), than more dynamic ones.
Indeed, the DFD variant, which uses the strictest switching conditions, provides
the lowest AF(b), because of the reduction of the switching frequency fTR, without
significant reduction of the sleeping time ratio τS, see Figs. 4.5b, 4.5c, 4.5e and
4.5f. The largest values of AF(b) are obtained when the cont variation is used, since,
as mentioned in the previous section, it promptly reacts to the low traffic demand.
This increases fTR and, as a consequence, AF(b). For small values of AFsleep and
χ (bottom left part of the plots in Fig. 4.10), the situation is different. Indeed, with
small values of χ and AFsleep the cost of a BS switching does not significantly impact
the BS failure rate, and spending time in sleep mode largely decreases it. Therefore,
in this interval of values, the approaches which put the micro cell BS in sleep mode
for a longer time, provide lower values of AF(b), as in the case of cont variants.
Fig. 4.11 combines energy consumption and AF by representing each dynamic
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(a) (b)

(c)

Fig. 4.11 Energy Consumption Reduction and AF, obtained using different dynamic resource
allocation, in each area, with χ and AFsleep equal to (a) 0, (b) 0.2, 0.5 and (c) 1.9, 0.9.

resource allocation algorithm in each area with a marker positioned so that the y
coordinate corresponds to the energy consumption reduction and the x coordinate
corresponds to the value of AF. Fig. 4.11a reports the AF values, with AFsleep and χ
equal to 0, which corresponds to the ideal case in which in sleep mode the BS failure
rate goes to 0, meaning that its lifetime goes to infinity, and the BS switching does not
affect it. Results in Fig. 4.11b are provided for AFsleep = 0.2 and χ = 0.5, as measured
in [57] for an LTE BS. Finally, in Fig. 4.11c, the parameters are set pessimistically
to 0.9 and 1.9, meaning that the sleep mode only slightly reduces the BS failure rate
and the BS switching is highly costly, significantly affecting the BS deterioration.
As expected and discussed in section 4.6, results are clustered according to the
geographical area, because of the different achieved energy consumption reduction,
which strictly depends on the traffic pattern that is characteristic of each zone. When
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AFsleep and χ are 0, AF is always lower than 0.7, meaning that the average failure
rate of the BS is decreased by 30%. In addition, we notice that AF is directly
proportional to the energy consumption reduction, since AF is only affected by the
time spent in sleep and active mode, not by the BS switching. As a result, the 15
min approach always provides the lowest AF, since it rapidly reacts to the low traffic
demand, immediately turning the micro cell BSs into sleep mode. When AFsleep and
χ increase, the dynamism of this resource allocation approach negatively impacts
the AF, which results the largest among the ones provided by our strategies, see Figs.
4.11b and 4.11c. Indeed, when the parameter χ grows, each BS switching is very
costly. Thus, when AFsleep and χ are 0.2 and 0.5, I2I and Max2Max approaches
provide the lowest value of AF, since the most suitable balance between τS and fTR
is achieved. This does not occur with the cont variant: the large values of τS are not
sufficient to compensate for the large values of fTR. Similarly, with the adoption of
DFD, the small values of τS, because of the strict conditions for the BS deactivation,
generate larger values of AF than with I2I and Max2Max. If AFsleep and χ are 0.9
and 1.9, the situation further worsens and AF is usually larger than 1, meaning that
dynamic resource allocation increases the BS failure rate, because of the high cost of
switching and the low benefit of being in sleep mode. Only for the San Siro area,
values of AF lower than 1 are obtained because of the very long time the micro
cell BSs spend in sleep mode. In this scenario, I2I DFD and Max2Max DFD are
needed to reach the minimum AF values, since their strict deactivation requirements
prevent frequent highly costly switching. Furthermore, under high values of AFsleep
and χ, the variable traffic patterns observed in the different zones can make even
more critical the selection of the proper resource allocation scheme, whose impact
on AF may result more significant. Indeed, whereas in the Train Station area the
worst performing prediction algorithm increases AF by about 10% with respect to
the lowest values obtained under I2I DFD and Max2Max DFD, in other traffic zones,
like the Residential area, the worst performing scheme provide AF values that result
up to almost 40% higher than the AF value under the best approach, that is anyway
larger than 1.

4.6.5 Impact of the traffic prediction technique

Finally, let us consider the impact of the traffic prediction technique. Fig. 4.12 reports
with the blue and the orange bars, the energy consumption reduction achieved with
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Fig. 4.12 Energy consumption reduction and lost traffic in each area, with each dynamic
resource allocation with and without descending front detection, DFD, in each area, using 1
ANN-4 outputs and 4 ANNs-1 output.

and without DFD, if the traffic demand is forecast with 4 ANNs-1 output, in each
area. The resulting lost traffic is shown with the red and blue lines with triangle
markers, if the DFD is used or not, respectively. Similarly, the green and red bars
in Fig. 4.12 indicate the energy consumption reduction obtained with and without
DFD, when the traffic demand is forecast with 1 ANN-4 outputs, which is the ANN
that we identified as the one performing worst in predicting traffic. The obtained lost
traffic is reported, respectively, with the red and blue lines with circle markers. In
spite of the larger estimation error with respect to 4 ANNs-1 output (see Table 4.1),
performance is very similar: the values of lost traffic and energy consumption are
almost equal to the previous case. Indeed, lost traffic drops up to 1%, while energy
consumption is reduced between 9% and 40%. Similar results are achieved in the
other areas. This means that the choice of an effective processing algorithm can
have more impact on performance than the choice of the ANN. Only with careful
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processing, the ANN prediction errors are mitigated, and a good trade-off between
energy consumption reduction and QoS is achieved.

4.7 Final Remarks

This part of the work confirms that the allocation of heterogeneous hierarchical RAN
resources according to traffic demand is promising, but the provided energy saving
of each BS is strictly related to its traffic demand pattern, as well as to the traffic
patterns over the whole considered area. Dynamic resource allocation requires the
knowledge of the actual traffic demand and, hence, ML approaches are needed to
accurately predict it so as to enable network management mechanisms that adapt to
traffic variability. This is interesting in perspective, for the promising possibilities
offered toward the deployment of new networks that are easily and automatically
reconfigurable. However, ML approaches become particularly effective only if their
outputs are integrated into decision processes that are driven by a deep domain
knowledge. If the traffic predictions are carefully processed, QoS deterioration is
avoided, while significant energy saving can be achieved. Prediction processing
requires both the understanding of traffic patterns over long time scales, so as to
detect the overall trend of increasing or decreasing traffic, as well as strategies to
combine predictions at different time lags.
Finally, prediction processing and the consequent dynamic resource allocation affect
the BS failure rate in different ways. Switching a BS is harmful to its failure rate
while the time spent in sleep mode prevents its deterioration. The actual impact of
the combination of these two phenomena depends on the HW components of the
BS, as well as on the RAN management strategy. In case the switching of a BS is
not costly, less strict switching conditions can be applied: the BS failure rate is not
affected while larger energy saving is achieved. Conversely, when the BS is sensitive
to switching, more conservative resource allocations should be employed. For
existing networks, not designed for highly dynamic resource allocation, conservative
approaches better prevent BSs from HW failures; however, in perspective, with the
deployment of new devices suited for strongly dynamic networks, less conservative
approaches, which frequently activate and deactivate BSs, can be used, and higher
energy saving is expected.



Chapter 5

Renewable Energy Sources for
RAN Energy Efficiency

Part of the work presented in this chapter has already been published in:

• Vallero, G., Renga, D., Meo, M., & Marsan, M. A. (2019). Greener RAN
operation through machine learning. IEEE Transactions on Network and
Service Management, 16(3), 896-908.

• Vallero, G., Deruyck, M., Joseph, W., & Meo, M. (2020, June). Caching at
the edge in high energy-efficient wireless access networks. In ICC 2020-2020
IEEE International Conference on Communications (ICC) (pp. 1-7). IEEE.

• Vallero, G., Deruyck, M., Meo, M., & Joseph, W. (2021). Base Station
switching and edge caching optimisation in high energy-efficiency wireless
access network. Computer Networks, 192, 108100.

As discussed in chapters 1 and 2, a recent trend in networking is to consider the
availability of energy produced by Renewable Energy Source (RES), which are
integrated in the mobile networks and installed in proximity of the BSs networks. In
this way, the RAN is supplied by the "green" energy produced by RES and by the
energy taken from the grid, which is considered "brown", since it is largely produced
by burning fossil fuels. As a results, the RAN sustainability is improved and the
electricity bill is reduced, by reducing the amount of energy that has to be purchased
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from the power grid, which is the key contributor for the increase of the OPEX.
While the solution is promising, various issues need to be addressed, among which
the possible lack of energy generation due to its randomness, dependence on the
weather conditions and daily and seasonal variability. To address these issues, the
green energy generation has to be combined with resource management strategies,
so as to optimise its usage with respect to the brown energy. If the available green
energy is properly managed, the network results more independent from the power
grid, making this solution very suitable for remote areas and regions where the
electricity system is unreliable, because of frequent black-outs.
In this chapter, we consider a portion of a RAN, powered by a PV panel system,
energy batteries and the power grid. Details of the considered scenario are given
in section 5.1. In case the green available energy, given by the amount of energy
produced by the PV panel system and stored in the batteries, is not sufficient for
the RAN supply, an energy reducing strategy is applied. As detailed in section 5.2,
the proposed strategies switch micro cell BSs in order to reduce the network energy
consumption and, consequently, the amount of energy which has to be bought from
the grid; the performances are discussed in section 5.3. As discussed in chapter 2,
the BS switching is performed under the unrealistic and optimistic assumption that
the future traffic demand and the PV panel generation are perfectly know. For this
reason, in section 5.4, ML algorithms are used to predict the future traffic demand
and PV panel production and these predictions drive the BS switching.

5.1 Scenario

For our evaluation, the portion of the heterogeneous RAN in the orange rectangle of
Fig. 5.1 is considered, which provides service to an area of 0.3 km2. It is the real
portion of the RAN located in the city centre of Ghent, in Belgium. It is composed of
8 macro cell BSs, marked by the blue points in Fig. 5.1, each supported by 4 micro
cell BSs, indicated with the brown points in the figure, whose radio coverage overlaps
with the macro cell. Thus, as in scenarios used in chapters 3 and 4, the micro cell
BSs are deployed to provide additional capacity during high traffic demand periods.
As in the previous chapters, the LTE-A is the wireless technology considered with a
frequency of 2.6 GHz and a channel bandwidth of 5 MHz with a single transmitting
and receiving antenna, i.e., Single Input Single Output (SISO) for both the micro
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Fig. 5.1 Considered portion of RAN of the city centre of Ghent (Belgium), composed by 8
macro cell BSs, each supported by 4 micro cell BSs.

Centralised Energy Management

Fig. 5.2 Scheme of the the energy supply system in the considered portion of RAN.

and macro cell BSs. The link budget assumed in this work is the same of [113] and
they are reported in Table 5.1.
With respect to the energy supply of the cluster, as depicted in Fig. 5.2, a centralised
PV panel system, an energy battery, and the power grid are considered. As in [21],
the capacity of the PV panel is 100 kWp, while the effective battery size is 50 kWh,
with actually 71 kWh, since we consider a maximum Depth of Discharge (DOD)
of 70%, which allows the battery to operate for more than 500-600 cycles before
being replaced [114], [115]. Losses of 25% in energy efficiency due to the charging
and discharging processes are considered [116]. The energy generated by the PV
panel is used to power the BSs and in case of additional production, is conserved
in the battery. If no renewable energy is available, the BSs take the required energy
from the power grid. The data of the produced energy are taken by PVWATT [117].
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Fig. 5.3 Different steps of each time interval of each simulation.

The data estimates the electricity production of a typical poly- or mono-crystalline
silicon PV-panel system, taking into consideration realistic solar irradiation patterns,
corresponding to the typical meteorological year in the considered area, with a
granularity of one hour. The main typical losses occurring in a real PV panel system
during the process of solar radiation conversion into electricity are accounted for
14% and the efficiency is 20%. The data collected during the week from 3 January to
9 January, in Turin (Italy) are used in our simulations. The use of winter data leads
to a worst case scenario in terms of produced energy.

5.2 Simulations

In order to evaluate the scenario described above, see section 5.1, we simulate
it, assuming that it operates for 1 week and accounts for the 3D city environment,
located in the considered portion of the city of Ghent. Each time interval of each
simulation is structured in different steps. First, the traffic during each hour is
generated: the number of active users, as well as their position and required bit rate
(Step 1 in Fig. 5.3). Once, each user has been associated with a BS (Step 2 in Fig.
5.3), if possible, the total RAN energy consumption is computed (Step 3 in Fig. 5.3).
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Table 5.1 Link budget parameters for the LTE-A macro cell and micro cell BS.

Parameters Macro cell BS Micro cell BS
Frequency 2.6 GHz

Maximum input power antenna 43 dBm 33 dBm
Antenna gain base station 18 dBi 4 dBi

Antenna gain mobile station 2 dBi
Soft hand over gain 0 dB

Feeder loss base station 0 dB
Feeder loss mobile station 0 dB

Fade margin 10 dB
Yearly availability 99.995%

Cell interference margin 2 dB
Bandwidth 5 MHz

Receiver SNR

1/3 QPSK = –1.5 dB,
1/2 QPSK = 3 dB,

2/3 QPSK = 10.5 dB,
1/2 16-QAM = 14 dB,
2/3 16-QAM = 19 dB,
4/5 16-QAM= 23 dB,

2/3 64-QAM = 29.4 dB
Used sub-carriers 301
Total sub-carriers 512

Noise figure mobile station 8 dB
Implementation loss mobile station 0 dB

Height mobile station 1.5 m
Coverage requirements 90%

Shadowing margin 13.2 dB
Building penetration loss 8.1 dB

If it is larger than the available green energy, i.e. the amount of energy stored in the
battery and produced by the PV panel system, an energy reducing strategy is applied
(Step 5 in Fig. 5.3). Details of each step are given in the following sections.

5.2.1 Generation of the traffic

In this stage (see Step 1 in Fig. 5.3), the number of active users is determined. As
in [18, 21, 118], in order to do this, a user distribution is used. This distribution
varies according to the hour of the day, to reflect the typical behaviour of the daily



5.2 Simulations 79

traffic demand. Then, the position of each user u is determined, as 3D coordinates
(x(u),y(u), z(u)), located inside the orange area depicted in Fig. 5.1. The coordinates
are generated according to a uniform distribution. The choice of the uniform distribu-
tion is because in the considered area there are no hot-spots such as tourist attractions
or parks, meaning that each location has the same chance to be chosen as possible
location for each user. In addition to the position, the requested bit rate is determined
(Step 1 in Fig. 5.3). We assume that the bit rate required by each user is 1 Mbps
[18, 119].

5.2.2 Creation of the network

The RAN adapts its capacity to the instantaneous bit rate requested by the active
users. This means that, as in [18], the capacity of the network is not always totally
used, but it dynamically responds to the instantaneous traffic demand. In order to do
this, the input power of each BS is reduced as much as possible, while guaranteeing
the user coverage [18]. In particular, in each time slot, once the position and the
required bit rate have been determined for each user, the association process starts
(Step 2 in Fig. 5.3). In order to associate each user with a BS, a list of possible
BSs is created, to which the user can be connected. A BS is inserted in the list, if
(i) it is active, (ii) it can provide the requested bit-rate and (iii) the experienced path
loss is lower than an allowable maximum. To determine the experienced path loss,
the direct line between the user and each considered BS is determined. In order to
do this, the presence of existing buildings is taken into account, whose 3D data are
provided by a shape file of the city of Ghent. As a result, it is possible to determine
if the user is in a Line-of-Sight (LoS) or Non-Line-of-Sight (NLoS). According to
this, the appropriate Walfish Ikegami (WI) propagation model is used [120]. This
path loss has to be lower than the maximum allowable, in order to guarantee to still
have sufficient quality at the receiver side. If the experienced path loss is larger than
the allowable maximum, the input power of the BS is increased until the path loss
becomes acceptable. In case the input power reaches the maximum allowable input
power, but the path loss is still larger than the maximum, that BS is not inserted in
the list. The user is associated with the BS of the list from which he/she experiences
the lowest path loss (Step 2 in Fig. 5.3). In case the list results empty, the same
procedure is performed using only the inactive BSs, i.e. removing the first condition
for the insertion of a BS in the list. In case also this procedure provides an empty
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list, the user remains uncovered. When an off BS is activated, the simulator checks
if it is possible to transfer users already covered by other BSs to this "new" BS, if
the available bit rate is sufficient and the experienced path loss is lower than the one
experienced from the "old" BS, eventually increasing the transmitting power of the
"new" BS, if possible and necessary. If all users of a certain BS are moved to this
"new" BS, that BS is switched off.

5.2.3 Energy reduction strategy

In each time slot, once each user has been associated to a BS, if possible, the
RAN energy consumption for the current time slot t is computed (Steps 3 in Fig.
5.3). Details of this computation are given in section 5.2.4. If the RAN energy
consumption is larger than the renewable energy, which is available during that time
interval, given by the energy produced by the PV panel system and stored in the
battery, an energy reduction strategy is applied (Steps 4-5 in Fig. 5.3). The following
energy reducing strategies are used in this part of the work:

1. Always ON: in this case, no action is taken during that time slot.

2. Resource on Produced Energy (RoPE): micro cell BSs are put in sleep
mode in case of energy shortage, i.e. in case the available renewable energy
is lower than the energy consumption of the network for the considered hour,
but are switched off gradually. To do this, the network energy consumption
is computed, when switching off 1, 2, 3 or 4 micro cell BSs per macro cell.
As soon as the network consumption becomes smaller than the amount of
available renewable energy, that number of micro cell BS per macro cell BS is
deactivated. The order in which the micro cell BSs are turned off follows the
ascending number of users served by each micro cell BS. The users who have
been connected to each deactivated micro cell BS are reconnected to an active
BS, if possible, e.g., if there is an active BS that has enough available capacity
and if the experienced path loss is lower than the maximum possible.

3. Strict RoPE: all micro cell BSs are deactivated during that hour, in case
the generated and the stored renewable energy are not enough to power the
network. Similar to RoPE strategy, the users who were connected to a micro
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Table 5.2 Values of the parameters of the consumption model for the access and BH network.

Macro BS Micro BS
Nsec 3 1
nTX 1 1

Prect [W] 100 100
Pmwl [W] 80 0
Pairco [W] 225 60
Pamp [W] 12.8 12.8
Ptrans [W] 100 100
Pdsp [W] 100 100

cell BS, which has been switched to sleep mode, are reconnected to an active
BS, if possible.

4. Super Strict RoPE: once the network energy consumption is computed, in
case the available renewable energy is smaller than the energy consumption of
the network for the considered hour, macro cell BSs and their corresponding
micro cell BSs are gradually switched in sleep mode. We do this by computing
the energy consumption of the network, when switching off 1, 2,.., 8 macro
cell BSs and the corresponding micro cell BSs. As soon as the available
renewable energy becomes sufficient for the network supply, that number of
BSs is deactivated. The order in which the macro BSs are selected to be
turned off, follows the number of users served by each macro BS. After the
deactivation, the users who were connected to a sleeping BSs are reconnected
to an active BS, if possible.

5.2.4 Key Performance Indicators

The detailed scenario is evaluated with the following KPIs.

Energy consumption

The total energy consumption of the network ETOT, in watt hour, during the simula-
tion is computed as:

ETOT =
H

∑
t=1

E(t)
C (5.1)
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where H is the duration of the simulation, i.e. the number of time slots, 168 in our
simulations, given by 7 days in a week times 24 hours in a day, and E(t)

C is the energy
consumption of the network at time t, in watt hour. It is computed according to
the models for the macro cell and micro cell BS proposed and discussed in [113],
which was validated by temporal measurements in the considered portion of RAN.
Similar to the EARTH model, see [109] and section 3.3, these models are given by a
constant and a load dependent components. In particular, for each BS, the energy
consumption is modelled as:

E(b,t)
C =

h
NsecPrect + Pmwl + Pairco + Nsec

�
nTX · (Pamp + Ptrans) + Pdsp

�
ρ(t)

i
τ (5.2)

where Nsec is the number of sector of the BS, Prect, Pmwl and Pairco are the power
consumption, in watt, respectively, of the rectifier, the microwave link (if present)
and the air conditioning system. The parameter nTX represents the number of
transmitting antennas, Pamp, Ptrans and Pdsp are the power consumption of the power
amplifier, the transceiver and the Digital Signal Processor, respectively, ρ(t) is the
traffic load at time t and τ is the time duration of a time slot (in hour, 1 in our case).
The values, for micro and macro BSs, are reported in Table 5.2.
If a BS is in sleep mode, its energy consumption is assumed negligible.

Lost Traffic

The lost traffic, LT, is the percentage of unserved traffic, considering that a user can
be associated with a BS only if he/she experiences a path loss lower than a given
threshold and if that BS has enough capacity to provide the required bit rate.

5.3 Performance Evaluation

In this section we discuss the impact of the proposed energy reducing strategies. In
Figs. 5.4a and 5.4b, the network energy consumption and the number of active BSs,
are plotted, respectively, for each time slot of the simulation. The curves in blue
and orange in the figures correspond to, respectively, Always ON and RoPE, which
gradually deactivates micro cell BSs in case the renewable energy is not sufficient
for the network supply. The green and red lines in Figs. 5.4a and 5.4b are the cases
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Fig. 5.4 Usage of the energy reducing strategies: (a) Energy Consumption and (b) Number
of active BSs.

in which Strict RoPE and Super Strict RoPE are employed. In case the renewable
energy is smaller than the network consumption, Strict RoPE deactivates each micro
BSs, RoPE gradually deactivates each macro BSs and its micro BSs, to make the
available green energy sufficient for the RAN supply. From these figures, we notice
that, while the energy consumption and the number of active BSs are almost the same
during the light hours for each used strategy, see Figs. 5.4a and 5.4b, the situation is
different from 14:00 to 8:00. Indeed, in this time interval, since the renewable energy
results insufficient to power the network because of lack of solar production, when
Strict RoPE, RoPE and Super Strict RoPE are used, BSs are deactivated, reducing
the RAN energy consumption, see orange, green and red curves in Figs. 5.4a and
5.4b. Strict RoPE and RoPE behave very similarly in terms of number of switched
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(a)

(b)

Fig. 5.5 Usage of the energy reducing strategies: (a) Amount of Used Green and Brown
Energy and (b) User Coverage.

micro cell BSs and energy consumption. This is because, even if the latter puts in
sleep mode only the number of micro cell BSs which makes the renewable energy
sufficient for the network supply, actually it often needs to deactivate all micro BSs
(see Fig. 5.4b). As a consequence, it switches only a slightly lower number of
BSs than the former strategy. This results in a very similar energy consumption,
which is, respectively for Strict RoPE and RoPE, 1900 and 1940 kWh, 40% lower
than Always ON case, whose consumption accounts for 3148 kWh. Besides the
reduction of the network energy consumption, Strict RoPE and RoPE allow to buy
from the grid a lower amount of brown energy. Fig. 5.5a reports, for each hour
of the simulation, in green the amount of used renewable energy and in brown the
amount of brown energy, which is bought from the grid, for each energy reducing
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strategy, indicated with a different marker. The amount of green energy is almost
the same for each strategy, but with Strict RoPE and RoPE, between 46% and 55%
less energy is bought from the grid than when Always ON is used, which needs to
buy 86% of its energy consumption from the grid. This shows that making the RAN
more sustainable through the usage of renewable energy sources has to be coupled
with the micro cell BS switching, in order to be effective. Indeed, if this is the case,
the energy consumption and the bought energy are strongly decreased, reducing the
OPEX expenditure and improving the RAN self-sufficiency. The inverse trend of the
energy consumption and of active BSs presented by Strict RoPE and RoPE strategies
occurs for the lost traffic, which results larger than when Always ON is employed,
because of micro cell BSs deactivation, but rarely larger than 5%. This growth of
the lost traffic underlines the key impact of the micro cell BSs on the QoS: they are
necessary in order to always provide an optimal user coverage, i.e. lost traffic lower
than 1%, which is provided when the micro cell BSs are not deactivated, as when
Always ON strategy is used.
The situation is different for Super Strict RoPE. Indeed, it often deactivates all
BSs during the night, generating interruption of the service, as shown by the curve
marked by triangles of Fig. 5.4b. As a consequence, even if more than 64% of
energy is saved, its nightly lost traffic goes to 100%, resulting in unacceptable QoS
(see green curve in Fig. 5.5b). This highlights the fundamental role of the macro cell
BSs in hierarchical RANs, in order to provide an adequate QoS, revealing that the
deactivation of the macro cell BSs to save energy is not a feasible solution for our
scenario. For this reason, this strategy is not considered in the following discussions.

5.4 RES production management through Machine
Learning

As seen in the previous sections, micro cell BS switching according to the green
energy availability allows to significantly reduce the usage of the brown energy,
as well as to reduce the RAN energy consumption. Nevertheless, decisions are
made assuming a perfect knowledge of the future green energy generation and RAN
energy consumption, which depends on the traffic demand. In this part of the work,
similar to what done in chapter 3, in order to overcome this unrealistic and optimistic
assumption, we use RES production and traffic demand predictions.
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Fig. 5.6 Flowchart of the two-step network operation.

To do this, we look at the portions of a LTE-A RAN of chapter 3. In each of these
RAN portions, there is a macro BS that defines a cell over the whole service area, and
a few micro BSs that define small cells, whose coverage overlaps with the one of the
macro, thus providing additional capacity in hot spots during peak traffic demand.
In this case, we assume that each cluster operates by using green energy provided by
a PV panel system, and an energy storage (one or more batteries). The BSs use green
energy generated by this PV panel; if extra energy is produced, it is stored in the
battery, while if additional energy is needed to power the BSs, it is drained from the
battery. Additionally, a connection to the power grid is available, to survive periods
of insufficient or no RES production and empty battery; this is the brown energy
component of the cluster. Hence, brown energy is used if the energy generated by
the PV panel and the one stored in the battery are not enough to power the BSs.
In order to reduce the RAN energy consumption, so as to obtain both a reduction in
energy cost, and a more energy parsimonious network operation, the MANO predicts
the future PV panel production and the future traffic demand, to derive the RAN
energy consumption, and, according to these predictions, it applies some resource
management strategy.
Similar to chapter 3, as shown in Fig. 5.6, the MANO operation consists of 2 steps:

1. Training phase. The algorithms used to predict the RES production (green
shapes in Fig. 5.6) and the traffic demand (orange shapes in Fig. 5.6) are
trained using historical data. This phase is performed off-line.
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2. Run-time phase. This is the operating part of the MANO operation. At the
beginning of each time slot (that we assume to last 1h), the RES production and
the traffic demand is forecast, using the predictor previously trained (red and
dark green rectangles in Fig. 5.6). Given these predictions, the RAN energy
consumption is computed and in case it is larger than the forecast available
green energy, given by the amount of forecast energy generated by the PV
panel and the stored energy, the network resources are allocated according to
the implemented energy saving strategy (blue shape in Fig. 5.6).

5.4.1 Traffic Prediction

For the prediction of the traffic load of each BS, we use the data about many BSs
located in Milan and in a wide area around it, discussed in 3.2, which report the
traffic demand volume for two months in 2015, with granularity of 15 minutes. Data
are aggregated to derive an hourly granularity and split in training set and data set.
The former accounts for 75% of the data and is used in the training phase, see Fig.
5.6, and the latter corresponds to the remaining 25% of the data and is employed for
the run time phase, see Fig. 5.6. The ML approaches presented and discussed in
section 3.2 are employed for the forecast: 1/2/24/48 ANNs, LSTMC, BLR, Baseline
and Baseline with ANN.

5.4.2 PV Panel Production Prediction

In this section, the ML approach used for the prediction of the energy generated by
the PV panel is described. As for the traffic prediction, see section 5.4.1, it is trained
in the run time phase, with historical data and is employed to the resource allocation
in the run time phase.
Data about RES production in Milan are estimated using the data set used in section
5.1, provided by PVWATT [117]. As depicted in section 5.1, the PVWATT data
are derived based on realistic solar irradiation patterns, corresponding to the typical
meteorological year in the considered area, with a granularity of one hour. The main
typical losses occurring in a real PV system during the process of solar radiation
conversion are taken into account. In our work, the PV panel system has a capacity
of 10 kWp. Lead-acid batteries are considered for energy storage. Each element has
capacity 200 Ah and voltage 12 V. The storage capacity, defined as the number of
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battery units, is equal to 5. As in section 5.1, the maximum DoD is 70% and the
losses in energy efficiency in the charging and discharging processes account for
25%.
The amount of the energy produced at time t is predicted using linear regression,
giving as input the following features:

• month, day, current hour,

• average of the beam irradiance at time t-1 (W/m2),

• average of the diffuse irradiance at time t-1 (W/m2),

• average of the ambient temperature at time t-1 (°C),

• average of the wind speed at time t-1 (m/s) ,

• average of the plane of array irradiance at time t-1 (W/m2),

• average of the PV cell temperature at time t-1 (°C)

5.4.3 Energy Reducing Strategy

As energy reducing strategy, we use RoPE and Super Strict RoPE, implemented
similarly to the ones used in section 5.2. Super Strict RoPE, discussed in section 5.2,
is not considered because of the unacceptable QoS which is obtained when it is used.
The micro cell BSs are switched off if the local available green energy is not enough to
power the BSs and the macro cell can carry the traffic of the micro cells. In particular,
in each time slot, the traffic demand of each BS and the PV panel production
are forecast. Then, the RAN energy consumption is computed, using the traffic
predictions. If RoPE is employed, when the predicted amount of available green
energy (produced and stored) is lower than the predicted energy necessary to operate
the cluster in the next time slot, the micro cell BSs are switched off gradually,
provided that their forecast traffic can be managed by the macro cell, until the
predicted available green energy becomes sufficient to operate the cluster in the next
time slot.
When Strict RoPE is used, in case the predicted available green energy (produced
and stored) is lower than the predicted energy required to power the cluster in the
next time slot, the micro cell BSs are switched off, if their forecast traffic can be
carried by the macro cell BS.
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5.4.4 Key Performance Indicators

As in chapter 3, we evaluate the scenario in terms of total energy consumption
ETOT, in Wh, computed as in section 3.4, where the energy consumption of each
BS is derived through the EARTH model. Also the percentage of lost traffic, LT, is
measured, as discussed in section 3.4. The predictions of the traffic demand have
been already discussed in section 3.5, in terms of AME and ARE. In this chapter, in
order to evaluate the RES prediction accuracy, they are computed for the forecast of
the green energy generation. In particular, AME refers to the difference between the
real and predicted energy generation by RES, it is computed as:

ARE =
1
H

H

∑
t=1

|E(t) – Ê(t)|
E(t) (5.3)

where E(t) is the real renewable energy production at time t, Ê(t) is the forecast
renewable energy production at time t, H is the duration of the testing period, in
number of time slots.
The AME indicator is also evaluated. It is the difference between the real and
predicted energy generation by RES:

AME =
1
H

H

∑
t=1

(E(t) – Ê(t)) (5.4)

where E(t) is the real renewable energy production at time t, Ê(t) is the forecast
renewable energy production at time t and H is the number of time slots of each
simulation.

5.4.5 Performance Evaluation

We now evaluate the performance of the RoPE and Strict RoPE energy consumption
reduction strategies, which deactivate micro BSs, gradually and totally, respectively,
when the available energy is lower than the consumed one, provided that their traffic
can be carried by the macro BS. Super Strict RoPE, discussed in section 5.2, is not
considered because of the unacceptable QoS which is obtained when it is used. We
compare the results with the ones presented in section 3.5, obtained with RoD as
energy consumption reduction strategy, which turns to sleep mode a micro cell BS, if
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Fig. 5.7 Total Energy Consumption ETOT, in kWh, using RoPE (a), Strict RoPE (b) and RoD
(c).
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Fig. 5.8 Total Energy Consumption Reduction ERED, using (a) RoPE, (b) Strict RoPE and
(b) RoD.
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Fig. 5.9 Lost Traffic LT, using (a) RoPE, (a) Strict RoPE and (c) RoD.
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Fig. 5.10 Real and forecast energy generation by RES and real and forecast energy consump-
tion.

its traffic demand is lower than ρ∗, provided that that traffic demand can be handled
by the macro BS, see section 3.1.
The bar plots of Figs. 5.7a, 5.7b and 5.7c show the total energy consumption, ETOT,
distinguishing the green (lighter) and the brown used energy, when RoPE, Strict
RoPE and RoD are used, respectively. The energy consumption reduction, ERED,
computed with respect to the Always ON scenario, in which no action is taken to
reduce the energy consumption, is reported in the radar plots of Figs. 5.8a, 5.8b and
5.8c, when these three strategies are employed, respectively. Figs. 5.9a, 5.9b and 5.9c
show the percentage of lost traffic with RoPE, Strict RoPE and RoD, respectively.
Figs. 5.7a, 5.7b and 5.7c show that the energy consumption achieved when ML
algorithms are used is almost identical to the ideal case, which assumes a perfect
knowledge of the future traffic demand, as well as of the PV panel production. In
addition, we notice that most of the consumed energy is produced locally by PV
panels, and only a small amount, between 14% and 22% with RoPE, between 14%
and 23% with Strict RoPE and between 7% and 22% with RoD, is purchased from
the power grid, typically during the night, when energy is cheaper.
The figure indicates that, in all the considered areas, the energy saving with RoPE
and Strict RoPE is between 8% and 16%, lower than from 9% to 40%, which is
achieved with RoD. This is because the condition to switch micro cell BSs off with
RoPE and Strict RoPE occurs rarely, if compared with the conditions for the micro
BS deactivation in RoD. To show this, Fig. 5.10 reports the real and the forecast
renewable energy generation (black and red dashed lines, respectively) and the
real and forecast energy consumption in the PoliMi area, computed with the traffic
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predictions given by the different ML algorithms. The ARE and the AME of the
production of RES is 15 and 137 ·103, respectively. These values and Fig.5.10 reveal
that the estimation algorithm fails mainly in the forecast of the peaks. The predicted
amount of RES production is lower than the actual value, but greater than the forecast
and real power consumption. For this reason, the RAN is usually configured properly.
In addition, the figure reveals also that the amount of available renewable energy is
often sufficient to power the cluster, keeping all the micro BSs active (see Fig. 5.10).
During these periods, the obtained network configurations are identical, even using
different traffic prediction algorithms (from 8 a.m. to 10 p.m. in Fig. 5.11a). This
does not occur between 11 p.m. and 7 a.m., when the green energy produced by the
PV panels, collected and stored in the battery during the day, is not sufficient, see
Fig. 5.10. Part of this time interval coincides with low traffic demand periods. In
this case, even with different errors in the forecast, the configurations obtained with
any traffic forecast model are minimal: typically, all the micro BSs are put in sleep
mode. As a consequence, the energy consumption reduction, ERED, achieved with
RoPE and Strict RoPE is less dependent on the traffic pattern, than RoD, see Figs.
5.8a and 5.8c.
For the same reason, under the RoPE and Strict RoPE strategies, the behaviour
is almost the same whatever ML algorithm is used, as can be seen in Figs. 5.11a
and 5.11b, which reports the number of active BSs during one day in the PoliMi
area. Nevertheless, when Strict RoPE is used and Baseline is employed as the traffic
forecast algorithm, the energy saving is no larger than 14% and always smaller
than the reduction achieved with Strict RoPE, when the other ML algorithms are
used, and with RoPE. This is because the Baseline algorithm typically overestimates
the traffic demand, as highlighted in section 3.5. Since Strict RoPE considers the
deactivation of the six micro cell BSs together and not gradually, as in RoPE, the
traffic overestimation makes the available capacity of the macro insufficient to carry
the traffic demand of the micro BSs and, consequently, the micro cell BSs are not
turned off.
Because of these reasons, with RoPE and Strict RoPE, QoS is less compromised than
with RoD: less than 1% of traffic is lost with RoPE and Strict RoPE, see Figs. 5.9a
and 5.9b, while up to 20% with RoD, as can be noticed in see Fig. 5.9c.
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5.5 Final Remarks

In this part of the work, RES is considered for the RAN supply. In particular, we
considered a portion of the network, which is powered by a PV panel system and
energy batteries and, if needed, by the power grid. The energy generated by the PV
panel is used to power the BSs and in case of additional production, is stored in the
battery. If the renewable energy is not sufficient for the network supply, the BSs
take the missing energy from the power grid. In order to reduce the RAN energy
consumption and the brown energy bought from the grid, energy reducing strategies
are applied in case of lack of green available energy. Results highlight that making
the RAN more sustainable through the usage of renewable energy sources has to be
coupled with the micro cell BS switching, in order to be effective. Indeed, if this is the
case, the energy consumption and the bought energy are strongly decreased, reducing
the OPEX expenditure and improving the RAN self-sufficiency. Nevertheless, our
results highlight the fundamental role of the macro cell BSs in hierarchical RANs, in
order to provide an adequate QoS, revealing that the deactivation of the macro cell
BSs to save energy is not a feasible solution for our scenario.
In addition, the usage of ML approaches is effective for the predictions of RES
production and traffic demand. These forecasts drive the decision for the energy
reducing strategies and results show that the network performance does not depend
much on the used ML algorithms. This suggests that the use of RoPE is preferable to
RoD, and that a simple ML algorithm like BLR, which constructs a single model for
all the BSs of all the city areas, or 1 or 2 ANNs combined with RoPE can produce a
very effective and flexible approach for energy efficiency and QoS.
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Fig. 5.11 Number of the active BSs during a day in the PoliMi area, using (a) RoPE, (b)
Strict RoPE and (c) RoD.



Chapter 6

Energy Efficiency and Edge
Caching in RAN

Part of the work presented in this chapter has already been published in:

• Vallero, G., Deruyck, M., Joseph, W., & Meo, M. (2020, June). Caching at
the edge in high energy-efficient wireless access networks. In ICC 2020-2020
IEEE International Conference on Communications (ICC) (pp. 1-7). IEEE.

• Vallero, G., Deruyck, M., Meo, M., & Joseph, W. (2021). Base Station
switching and edge caching optimisation in high energy-efficiency wireless
access network. Computer Networks, 192, 108100.

In chapters 3, 4 and 5, strategies based on the BS switching are used, to reduce the
network energy consumption, without deteriorating the QoS, through the support
of ML approaches. In the new generation of network, in order to cope with the
network traffic demand growth and the strict latency requirements of many services
and applications, the MEC technology has been introduced. It uses caching and
computing platforms, located at the edge of the network and specifically at the BSs,
in the RAN. Nevertheless, the impact of the MEC technology employment on the
network energy efficiency is usually neglected and the effect of the BSs switching
on the MEC technology performance is ignored, as well. For this reason, the simul-
taneous employment of the MEC technology and the BSs switching is considered
in this chapter, providing an overview of their mutual effects. In particular, using a
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Centralised Energy Management

Fig. 6.1 Scheme of the the considered portion of RAN.

simulation-based approach, we quantify the gain as well as the cost, which derive
from the usage of caching servers, placed at each BS. The gain is measured in expe-
rienced delay drop, and the cost is expressed in growth of the energy consumption of
the network. The effects of the traffic characteristic, as well as of the distribution
of the cache among BSs are analysed. These quantities are also evaluated when an
energy reducing strategy is used, which deactivates micro cell BSs in case of local
renewable energy shortage, similar to chapters 3 and 5. In addition, in section 6.5,
we use different association policies which we have designed, in order to minimise
the RAN energy consumption and/or the experienced delay, i.e. to maximise the
benefits provided by the MEC technology usage, ensuring also the achievement of
the network energy efficiency.

6.1 Scenario

The portion of the heterogeneous RAN, illustrated in Fig. 6.1, covering an area of
0.3 km2, used in chapter 5, in the orange rectangle of Fig. 5.1, is considered. As
explained in chapter 5, it includes the 8 macro cell BSs (blue points in Fig. 5.1),
located in the city centre of Ghent, in Belgium. As depicted in Fig. 6.1, each
macro BS is supported by 4 micro cell BSs (brown points in Fig. 5.1), which are
deployed to provide additional capacity during high traffic demand periods. As in the
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previous chapter, the LTE-A is the wireless technology considered with a frequency
of 2.6 GHz and a channel bandwidth of 5 MHz with SISO for both the micro and
macro cell BSs. The link budget assumed in this work is the same as [113] and they
are reported in Table 5.1.
We assume that each BS of the cluster, both macro and micro BS, is equipped with a
caching server, see Fig. 6.1, to push contents closer to the users. Similarly to [1], the
HW technology of each cache is Dynamic Random Access Memory (DRAM). As in
[35] and [73], these servers update their contents according to the Least Frequently
Used (LFU) cache algorithm, to store the most popular contents of a file library
composed of 1000 files, of 100 Mbit size each. Each file has the same dimension,
but this assumption can be easily removed, since in real systems, files can be split
into blocks of the same length [121, 122].
As in chapter 5 and illustrated in Fig. 6.1, a centralised PV panel system, whose
capacity is 100 kWp, is used as primary RAN energy supply. In addition, an energy
battery is used. Its effective battery size is 50 kWh, with actually 71 kWh, since
a maximum Depth of Discharge of 70%, respectively, is assumed, to ensure the
maximum battery life. The energy generated by the PV panel is used to power the
BSs and in case of extra production, is conserved in the battery. If no renewable
energy is available, the required energy is withdrawn from the power grid. As in
previous chapters, the data of the produced energy are taken by PVWATT [117].
The data estimates the hourly electricity production of a typical PV panel system,
considering realistic solar irradiation patterns of the meteorological year in the
considered area, accounting for 14% and 20% of losses occurring in a real PV panel
system during the process of solar radiation conversion into electricity and efficiency,
respectively. Also for this part of the work, the data production of the week from 3
January to 9 January, in Turin (Italy) are used in our simulations, to lead to a worst
case scenario in terms of produced energy.

6.2 Simulations

In order to evaluate the scenario described above, we simulate it, using an extended
version of the simulator described in section 5.2. We assume an operating time of
1 week, considering the 3D city environment, located in the considered portion of
the city of Ghent. In the simulations, the traffic during each hour is generated: the
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Fig. 6.2 Different steps of the simulations.

users, as well as their position, required bit rate and number of requested contents
are determined (Step 1 in Fig. 6.2). Then, each user is associated with a BS (Step 2
in Fig. 6.2), if possible, and the content requested by each user is determined (Step 3
in Fig. 6.2). Then, the energy consumption of the RAN is computed (step 3 in Fig.
6.2) and if it is lower than the available energy, given by the amount of energy which
is produced by the PV panel system and stored in the battery, an energy reducing
strategy is applied (steps 4 and 5 in Fig. 6.2). Finally, the requested contents are
delivered and caches are updated (Step 7 in Fig. 6.2). Details of each step are given
in the following sections.

6.2.1 Generation of the traffic

As described in section 5.2, in order to determine the number of active users in a
time slot, a user distribution is used, which varies according to the hour of the day,
to shape the hourly variation of the daily traffic demand. Then, for each user of
each time slot, the 3D coordinates of each user u, (x(u),y(u), z(u)), are determined
through a uniform distribution, and we assume that each user requires 1 Mbit/s as bit
rate (Step 1 in Fig. 6.2). Afterwards, the number of generated content requests for
each user is determined. To do this, as in [31], a Poisson distribution is used, whose
parameter λ is 1 request/minute.
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6.2.2 Creation of the network

In each time slot, once the position, the required bit rate and the number of content
requested have been determined for each user (Step 1 in Fig. 6.2), the association
process begins (Step 2 in Fig. 6.2). Similar to the procedure described in section
5.2, a user is associated to BS, from which he/she experiences the lowest path loss,
computed as in section 5.2.2, provided that (i) that BS is active, (ii) it has enough
capacity to serve that user and (iii) the experienced path loss is lower than the
maximum allowable path loss to receive the signal with acceptable quality. In order
to verify this last condition, the input power of the BS can be increased until the path
loss becomes acceptable, up to the maximum allowable input power. If there is no
active BS which satisfy these requirements, conditions (ii) and (iii) are verified on
the inactive BSs and the BS from which the user experiences the lowest path loss
is picked. In case an off BS is activated, the simulator checks if it is possible to
transfer users already covered by other BSs to this "new" BS, if the available bit rate
is sufficient and the experienced path loss is lower than the one experienced from the
"old" BS, eventually increasing the transmitting power of the "new" BS, if possible
and necessary. If all users of a certain BS are moved to this "new" BS, that BS is
switched off.
Once a user is associated to a BS, the requested files are determined, according to the
popularity distribution of the BS from which he/she experiences the lowest path loss,
derived as in section 5.2.2 (Step 3 in Fig. 6.2). According to [35, 73, 123, 72, 2, 1],
this popularity distribution is a Zipf distribution, characterised by the parameter α.
This parameter impacts the difference among contents in terms of popularity. A large
α means that the most popular contents are significantly more popular than the other
contents, and decreasing α, the popularity of content behaves more similarly to the
uniform distribution. The level of popularity of each content on each macro cell BSs
is determined starting from a reference popularity and performing random shuffles
on it. In particular, sorting the files of the library from the most popular to the least
popular, according to this reference popularity, the popularity of 30% of content is
randomly swapped to generate the popularity on each macro cell BS, so that slight
differences among the files popularity at different locations (i.e., at different BSs)
are introduced [31]. A similar procedure is performed to determine the popularity at
each micro cell BS. In this case, starting from the popularity of the corresponding
macro cell BS, the popularity of 15% of the contents is shuffled.
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6.2.3 Energy reduction strategy

In each time slot, once each user has been associated to a BS, if possible, we compute
the RAN energy consumption for the current time slot t (Step 3 in Fig. 6.2), as
detailed in section 6.2.6. In case the renewable energy, which is available during that
time interval, given by the energy produced by the PV panel system and stored in
the battery is not sufficient for the RAN energy supply, an energy reduction strategy
is applied (Steps 5-6 in Fig. 6.2):

1. Always ON: in this case, no action is taken during that time slot.

2. RoPE: as in section 5.4.3, micro cell BSs are gradually put in sleep mode. To
do this, the network energy consumption is computed, when switching off 1, 2,
3 or 4 micro cell BSs per macro cell BSs. As soon as the network consumption
becomes smaller than the amount of available renewable energy, that number
of micro cell BS per macro cell BS is put in sleep mode. The order in which
the micro cell BSs are turned off follows the number of users served by each
micro cell BS. The users who have been connected to each deactivated micro
cell BS are reconnected to a macro cell BS, if possible, e.g., if there is a macro
cell BS that has enough available capacity and if the experienced path loss is
lower than the maximum possible.

3. Strict RoPE: all micro cell BSs are deactivated during that hour and the users
who were connected to a micro cell BS, which has been switched to sleep
mode, are reconnected to an active BS, if possible.

6.2.4 Content delivery

In each time interval, once the energy reduction strategy is applied, if needed,
requested contents are delivered (Step 7 in Fig. 6.2). When the requested content is
cached in the server of the serving BS, the content is transmitted directly to the user.
Notice that the content transfer to the user, from the BS, which he/she is associated
with, always incurs [124]. We assume that this access latency Tbs,u for the cells is
identical and equal to 30 ms, as in [2]. If the requested content is not cached by
the serving micro cell BS but by the macro cell BS, the macro cell BS transmits
the content to that micro. The link between a micro cell BS and its corresponding
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macro is wired, through optic fibres. Nevertheless, due to the insufficient capacity of
the BH links, which causes a bottleneck in this segment of the network, its latency
contribution, TBS,bs, is significant [125], but lower than the one in the wireless link,
between the user and the micro BS. We assume that it is equal to 20 ms [2]. The
resulting latency is given by TBS,bs + Tbs,u [2]. If the content is not present not even
on the macro cell BS, the request is forwarded to the content provider. In this case,
the experienced latency is given by Tcp,BS + TBS,bs + Tbs,u, with Tcp,BS equal to 50
ms, giving a total latency equal to 100 ms, as in [2, 124]. In case a user is associated
with a macro cell BS, which is caching the requested content, that content is received
with latency Tbs,u. If that content is not stored in the server of that macro cell BS, it
is retrieved on the content provider and the user receives it with delay Tcp,BS + Tbs,u.
The values of the latency are summarised in Table 6.1.
After each content delivery, the cache is updated (Step 7 in Fig. 6.2), according to
the LFU cache algorithm, so as to always cache the most popular contents.

6.2.5 Initial state of caches

We determine which contents are stored in each cache at the beginning of each simu-
lation, through a preliminary phase. For each value of α, the scenario is simulated,
assuming that the considered RAN operates for 100 weeks. Each simulation begins
with empty caches and the occurrences of a content request are updated, as well as
the stored files in each cache, at each time slot. When the number of variations in
each cache stabilises, the transient phase for each cache filling is assumed to be over.
As a result, the files in each cache at that time interval are the initial state of the
caches in simulations.

6.2.6 Key Performance Indicators

The detailed scenario is evaluated with the following KPIs.

Energy consumption

As in chapter 5, the total energy consumption of the network ETOT, in watt hour,
is given by ETOT = ∑T

t=1 E(t)
TOT, where T is the number of time slots, 168 in our
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simulations, i.e. the number of hours in a week, and E(t)
TOT is the energy consumption

of the network at time t, in watt hour, which takes into account both the energy
needed for the communication unit supply and the MEC server supply:

E(t)
TOT =

NBS

∑
b=1

E(b,t)
C +

NBS

∑
b=1

E(b,t)
MEC (6.1)

where NBS is the number of the active BSs, E(b,t)
C is the energy consumption of

the BS b at time t, due to the communication features and E(b,t)
MEC is the energy

consumption of the BS b at time t, due to the supply of the cache located on that BS.
According to [1] and [35], E(b,t)

MEC, in watt hour, is given by:

E(b,t)
MEC = ωMECCMECτ (6.2)

where ωMEC is in W/bit, CMEC is the capacity of the server and τ the time duration
of a time slot (in hour, 1 in our case).
The E(b,t)

C is the energy needed for the communication unit and is computed with the
model for the macro cell and micro cell BS of (5.2), with parameter values reported
in Table 5.2.

Lost Traffic

As in chapter 5, the lost traffic, LT, accounts for the percentage of unserved users,
considering that a user can be associated to a BS only if he/she experiences a path
loss lower than a given threshold and if that BS has enough capacity to provide the
required bit rate.

Average Delay

This is the average delay experienced by users and it is given by:

DAVG =
1

∑T
t=1 Ut ∑Ut

u=1 Ru

T

∑
t=1

Ut

∑
u=1

Ru

∑
r=1

d(u,r) (6.3)
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Fig. 6.3 Average delay (in blue) and energy consumption (in orange) varying the dimension
of each cache, for different values of the parameter α.

where d(u,r) is the delay which is experienced by the user u, for the content request
r. Ru, Ut and T correspond to the number of requests required by the user u, the
number of served users at time t and the duration of the simulation, respectively.

Hit - 1 hop probability

This is the probability that the requested content is stored locally on the BS to which
the considered user is connected.

Hit - 2 hops probability

This is the probability that the content requested by a user associated with a micro
cell BS is not cached on that micro cell BS but on the corresponding macro cell.

Miss probability

This is the probability that the requested content is taken from the content provider,
since it is not stored in the cache of the BS, to which the user is associated nor in
the one of the corresponding macro cell BS, if the considered user is associated to a
micro cell BS.
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Table 6.1 Values of parameter used in simulations [1, 2].

Parameter Value
Tbs,u 30 ms

TBS,bs 20 ms
Tcp,BS 50 ms
ωMEC 2.5 ·10–9 W/bit

6.3 Energy Efficiency Effects of MEC

6.3.1 Impact of the size of the cache

In this section, we analyse the benefits provided by the caching on the BSs, as well
as the effects of the parameters which affect the performance of the local caching. To
do this, we simulate the scenario described in section 6.1, using Always ON as the
energy reduction strategy. Fig. 6.3 shows on the left y-axis the average experienced
latency, in blue, and on the right y-axis the energy consumption, in orange, varying
the size of the cache on each micro and on each macro (the cache on the macro is
double the one on the micro BSs), given in percentage of stored library. Each curve
of the figure corresponds to different values of the parameter α, which characterises
the Zipf’s distribution. When the percentage of stored library is zero, we are in the
case in which no local caching is performed. The growth of the size of the cache
generates a reduction of the experienced delay, since more content can be stored
locally. This reduction strictly depends on the characteristics of the popularity, i.e.,
on the parameter α. Indeed, as already mentioned, a large value of α means that
there is a small part of the library which is very popular. If this is the case, even
a small cache drastically reduces the experienced delay. When α is larger than 1,
the experienced delay is reduced up to 50%, if 1% of the library is locally stored.
Conversely, a small value of α indicates that the files have similar popularity. In
this scenario, larger caches are needed to achieve significant delay reduction: if the
popularity distribution is described by the Zipf’s function with parameter α equal
to 0.56, 10% of the library should be stored to reduce the experienced delay by
30%. The energy consumption increases linearly with the cache size, see Eq. (6.2).
Nevertheless, this growth is limited to 13%, when the cache stores 25% of the library
and lower than 3% if 5% of the library is cached.
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Fig. 6.4 Given a fixed caching capacity equal to 20% of the total library, change of its
distribution among BSs: (a)Avg delay and energy consumption, (b) hit/miss occurrences
probability on micro cell BS.

6.3.2 Impact of the distribution of the cache

Besides the impact of the size of the cache on the user experience, we also investigate
the impact of its distribution. In particular, for each macro cell BS and its 4 micro
cell BSs, a total capacity equal to 20% of the library is considered, and we vary its
distribution among the BSs. We consider the case in which the cache on the macro
cell BSs stores 0%, 5%, 10%, 15% and 20% of the library and, correspondingly, each
micro cell BSs stores 5%, 3.75%, 2.5%, 1.25% and 0%. In Fig. 6.4a, the average
delay (blue bars) and the energy consumption (orange line) are reported, for these
values of cache capacity, for α equal to 0.56 and 1.31, when Always ON strategy
is used. Fig. 6.4b shows the probability of the possible events that a user might
experience when served by a micro cell BS. Blue bins indicate the probability to
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experience a hit - 1 hop, i.e., is the content is cached on that micro cell BS, the orange
bins show the hit - 2 hops probability and the green bins report the miss probability.
As shown by the orange lines in Fig. 6.4a, the energy consumption is constant since
the total capacity does not change. Moreover, the plot reveals again that the delay
reduction strictly depends on the popularity, i.e., on the parameter α and marginally
depends on the cache distribution among BSs. Indeed, as reported in Fig. 6.4b, if
α is 0.56 and the micro cell BSs can store up to 5% of the library, no more than
24% of the requests on a micro cell BSs can be satisfied locally (on that BS), while
this number grows to 83% if α is 1.31. Similarly, when all the considered caching
capacity is put on the macro cell BS, that BS satisfies 43% and 83% of the requests,
respectively. Furthermore, even if the hit with a single hop is less frequent due to the
reduction of the cache capacity installed on each micro cell BS (see Fig. 6.4b), from
Fig. 6.4a, it is evident that putting more cache on each macro cell BS generates the
drop of the experienced delay. This is because the cache on each macro is reachable
by the users connected to it, as well as by users connected to each corresponding
micro cell BS. Therefore, the growth of the capacity on macro cell BSs corresponds
to the growth of the cache capacity, which is reachable by all the users. For the
same reason, the miss probability decreases, when the capacity on each macro cell
BS increases (Fig. 6.4b). Nevertheless, the resources on the macrocell are precious
and it is convenient to install some capacity on micro cell BSs too: this relieves the
effort on the macrocells and allows to achieve some local (1 hop from users) hits,
especially if α is large. Indeed, when α is equal to 1.31 and all the cache capacity
is located on the macro cell BSs, the average delay is larger than the case where
15% and 1.25% of the library are stored on the macro and on the micro cell BSs,
respectively.

6.4 Impact of Energy Reduction Strategy

We now analyse the effect of the energy reduction strategy on the caching paradigm
and vice versa, when Strict RoPE and RoPE are used. As detailed in section 6.2,
Strict RoPE deactivates each micro cell BS in case the RAN energy consumption
is lower than the produced and stored renewable energy. When this occurs, RoPE
gradually switches off micro BSs, until the available renewable energy becomes
enough to power the RAN.
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Fig. 6.5 Delay and energy consumption varying the dimension of each cache, for different
values of the parameter α, when Always ON, RoPE and Strict RoPE are used.

In Fig. 6.5, the impact of the variation of the size of each cache is shown, in terms
of experienced delay (left y-axis) and of energy consumption (right y-axis) in blue,
light blue, pink and in red, orange, yellow, when Always ON, Strict RoPE and RoPE
strategies are used, respectively. As already discussed, the usage of Strict RoPE and
RoPE significantly reduces the energy consumption of the network: when they are
employed, the system drops its consumption by up to 41% and 40%, respectively.
With Strict RoPE and RoPE, the energy consumption does not grow as much as
in the case of Always ON, with the increase of the cache capacity. Indeed, when
each macro cell BS stores up to 25% of the library, the network consumes 4% more
than the case with no caching servers. This is because with a larger cache, it is
more likely that the available renewable energy is insufficient to power the RAN.
As a result the switching of micro cell BSs occurs more often and above a given
storage size (up to when 5% of the library is stored), the system stabilises: micro
cell BSs are deactivated in the same period, since the energy is not sufficient for
the network supply in the same instant. Moreover, with Strict RoPE and RoPE, the
experienced delay is slightly reduced. This is due to the fact that when the micro
cell BSs are deactivated, the users are closer to the content provider, since they are
always at 2 hops distance. This is more evident for low values of α, since in these
cases the content needs to be taken from the content provider more often. Therefore,
the impact of this reduction of distance is higher. The employment of Strict RoPE
and RoPE strategies reduce the user coverage, as noticed above. As can be noticed in
Fig. 6.6, by varying the size of each cache, the lost traffic grows from 1% given with
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Fig. 6.6 User Coverage varying the size of each cache, for different values of the parameter
α, when Always ON, Strict RoPE and RoPE are used.

Always ON, in orange, to, respectively, 4.5% and 4%, in blue and green, which is
acceptable. When Strict RoPE and RoPE are used, the growth of the cache capacity
does not significantly impact the user coverage, since the number of time slots during
which micro cell BSs are deactivated slightly grows by 4%, if 25% of the library is
cached on macro BSs, with respect to the scenario that does not employ MEC server.

6.5 RAN Optimisation through User Association

In order to maximise the benefits provided by the MEC technology usage, ensuring
also the achievement of the energy efficiency, we design different association policies,
which aim at minimising the RAN energy consumption and/or the experienced delay.
Once the traffic has been generated, see section 6.2, for each user u, the list of
possible BSs to which the user can be associated is created. As depicted in section
6.2, in order to be inserted in the list, a BS b must be active, have enough available
capacity and the path loss which the user experiences from that BS b, PLb–u, derived
as in section 5.2.2, has to be acceptable, i.e. lower than PLMAX. Our association
policies determine the BS of the list the user should be associated with, through a
fitness function f. This fitness function f is computed for each BS of the list and
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Algorithm 1 Given a user u, select the BS the user is associated with.
Input: User u, BaseStation [] BSs
Output: Association of a user (for the given user, the BS which is associated with)

1: function SELECTION OF THE BS(User, BaseStation[ ])
2: MAXf ← -1
3: BSMAXf ← null
4: for BaseStation b in BSs do ▷ Iterate over the BSs
5: if b is ON and b has enough capacity and PLb–u ≤ PLMAX then

6: fb ← w1 · (1 – Ê(t)
C

EMAX
) + w2 · (1 – D̂(t)

AVG
DMAX

)
7: if MAXf ≤ fb then ▷ BS b improves the solution
8: MAXf ← fb
9: BSMAXf ← b

10: end if
11: end if
12: end for
13: return BSMAXf
14: end function

gives a measure of the energy consumption and of the delay experienced by users,
assuming that the considered user is associated with that BS. The fitness function is
defined as follows:

f = w1 · (1 –
Ê(t)

C
EMAX

) + w2 · (1 –
D̂(t)

AVG
DMAX

) (6.4)

where w1 and w2 are weight factors between 0.0 and 1.0. The value of Ê(t)
C , in

watt, is the energy consumption of the current solution, EMAX, in watt, is the
energy power, consumed by the network when all BSs are active and consuming the
maximum energy. D̂(t)

AVG is the average experienced delay, in milliseconds, if the
current network is used and DMAX is the average experienced delay if each requested
content is retrieved in the cloud. Higher values of f mean that the network performs
better in terms of power consumption and/or experienced delay. Once this function
has been computed for each BS, the one that maximises it is picked. The pseudo
code of the selection of the BS is reported in Alg. 1. In case this procedure does
not provide any BS for the association of the given user, then the same procedure is
repeated using the inactive BS, i.e. removing the first condition in line 5 of Alg. 1.
As for the simulations presented in section 6.2, if a "new" BS is activated, we check
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Table 6.2 Summary of the different user association strategies.

Strategy Objective Macro BS MEC Switching
PL Opt Min. path loss No
DAVG Opt Min. DAVG No
ETOT Opt Min. ETOT No
DAVG-ETOT Opt Min. DAVG and ETOT No
PL Opt WS Min. path loss Yes
DAVG Opt WS Min. DAVG Yes
ETOT Opt WS Min. ETOT Yes
DAVG-ETOT Opt WS Min. DAVG and ETOT Yes

if it is possible to move users already covered by already active BSs to this "new"
one, if the available bit rate is enough, the experienced path loss is acceptable and
the value of the fitness function increases, increasing the transmitting power of the
BS, if needed and possible. If all users of a certain BS are moved to this "new" BS,
that BS is switched off.
The way the weights are set, determines which aspect of the network is optimised
while the association procedure is performed:

• ETOT Opt: the network energy consumption is optimised; to realise this, w1 is
1 and w2 is 0;

• DAVG Opt: the network is optimised towards the experienced delay, thus w1
and w2 are 0 and 1, respectively;

• DAVG-ETOT Opt: in this case the optimisation is performed with respect to
both the network energy consumption and the experienced delay, w1 and w2
are 0.5.

• PL Opt: the goal is to select the solution that makes the users suffer the
lowest path loss, and w1 and w2 are equal to 0. This is the typical association
procedure and we use it as a benchmark. This is the case used in simulations
discussed in section 6.3.

The usage of the fitness function for the association procedure to minimise the
network energy consumption and/or the experienced delay, provides a greedy solu-
tion. Indeed, it takes optimal local decisions for each user and the association of a
“new” user does not consider the association of the already associated ones, unless
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a new BS is activated. This reflects the actual temporal succession of user arrival
and the possible handover when a BS is activated, making our approach realistic
for the real RAN environment. Moreover, the greedy approach is necessary since
the optimisation of the network energy consumption and/or the experienced delay,
controlling the BS emitted power and the user association, is an NP-Hard problem,
as illustrated in [126]. Nevertheless, the association procedure is performed while
the system is operating that means that a solution is needed on the fly. This makes
the optimisation approach a not feasible solution.
Finally, we introduce the variant which uses the MEC switching. In this case, the
MEC servers, which are installed on each macro BS, are deactivated during the day,
from 5 a.m. to 11.00 p.m. and the cache capacity of each macro BS is distributed
equally to its 4 micro cell BSs. The described association policies are named as
ETOT Opt WS, DAVG Opt WS, DAVG-ETOT Opt WS and PL Opt WS. A summary of
the used association strategies is given in Table 6.2.

6.5.1 Performance Evaluation of User Association Policies

Now we analyse the effects of these user association policies. Figs. 6.7a and 6.7b
show the delay and the energy consumption with the different user association
policies, with α equal to 0.56 and 1.31, respectively, increasing the cache capacity
from 0% to 25% of the library. First, since the characteristic of the traffic demand,
i.e. of the parameter α, has no impact on the network energy consumption, when
ETOT Opt is used, variations on the characteristic of the traffic do not impact the
associations and, as a consequence, the network energy consumption, as can be
noticed by the orange bars in the two figures. Moreover, when compared to the case
in which the experienced path loss is minimised, between 22% and 27% of network
energy consumption reduction is achieved. Using this users association procedure,
users are typically associated with macro BSs, meaning that having a few but heavily
loaded macro BSs is more efficient than having many active BSs under utilised. This
also shortens the time needed to reach the cloud and because of this, when retrieving
contents in the cloud occurs often, i.e. α is lower than 1 and/or the server size is
small, a slight delay reduction, between 2.5% and 4%, with respect to PL Opt policy,
is achieved.
When users are associated while minimising the experienced delay, i.e., DAVG Opt is
used, the delay drops up to 10% (see red bars in Fig. 6.7) with respect to the case with
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Fig. 6.7 Energy consumption and delay achieved with the proposed users association policies,
with (a) α=0.56 and (b) α=1.31.

the same cache capacity, but where PL Opt is used as the association approach. This
drop is more significant when misses are more likely, i.e. for decreasing cache size
and α parameter, because performance can be improved significantly. Moreover, in
order to make the access to the cloud faster, this policy forces users to be associated
with the macro BS, which maximises the local hit. This is also because if a user is
associated with a macro BS, the cloud is reached with 2 hops, while if associated
with a micro BS, 3 hops are necessary to reach it. Thus, being associated with a
macro makes the access to the cloud faster. Because of this trend, to achieve a path
loss low enough to receive an acceptable quality of the signal, the output power
of a BS results higher than when PL Opt is used. This determines the growth of
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Fig. 6.8 Number of users who are associated to micro BSs, the cache capacity on each macro
is 10% of the library.
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Fig. 6.9 Energy Consumption and Delay with different user association policies, if the cache
capacity on each macro is 10% of the library.

the network energy consumption by 4%. When α is larger than 1, this policy is not
particularly effective, as already mentioned, making the energy consumption and
the delay almost unchanged. In case the association procedure aims at the joint
minimisation of delay and energy consumption, both of them are reduced by 5% and
20%, respectively.

6.5.2 Effects of the MEC switching
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We have observed that the proposed association procedures tend to associate users to
macro BSs, but this violates the load balancing. Fig. 6.8 shows the number of users,
that are associated with a micro cell BS, in each time slot of the simulation. This
value is shown for α equal to 0.56, on the left and to 1.31, on the right, assuming that
each cache, which is installed on each macro cell BS, stores up to 10% of the library.
We consider all the association policies, with and without variant which switches the
MEC servers installed on the macro BSs. As can be observed from the figure, if users
are associated according to DAVG Opt, in blue, DAVG-ETOT Opt, in purple, and
ETOT Opt, in red, users associated with micro cell BSs are 0, 1 and 6, respectively,
against 19, obtained when PL Opt is used. As shown in [118], this increases the
electromagnetic exposure of human beings, besides worsening the QoS, as claimed
in [127, 128]. To solve this issue, we introduce the variant, which deactivates the
MEC server of each macro BSs, between 5 a.m. and 11 p.m., distributing equally
that amount of capacity from each macro cell BSs to its 4 micro cell BSs). Therefore,
in this time interval, the MEC capacity on each micro cell is a quarter of the MEC
capacity of its macro cell BS, in addition to the capacity of its MEC server, while no
cache capacity operates on macro BSs. Fig. 6.9 shows the delay, for each association
policies and for α equal to 0.56, on the left and to 1.31, on the right, assuming that
each cache on each macro stores up to 10% of the library, with the light blue and
blue bins, when MEC switching variant is used or not, respectively. The network
energy consumption is given by the red and orange lines, respectively.
First, we focus our attention on the cases that associate users according to DAVG Opt
or DAVG-ETOT Opt policies. In these cases, users tend to be associated with micro
cell BSs during the day (from 5.00 a.m. to 11.00 p.m.), to minimise the delay. As a
consequence, when α is 0.56, the WS variant slightly increases the number of users
served by the micro BSs from 0 with DAVG Opt to 11 with DAVG Opt WS and from
1 with DAVG-ETOT Opt to 7 with DAVG-ETOT Opt WS. With α equal to 1.31, this
growth is more evident: from 4 to 22 and from 3 to 9, if DAVG Opt, DAVG Opt WS
and DAVG-ETOT Opt and DAVG-ETOT Opt WS are used, respectively. With low
values of α this improvement is less evident. This is because in these cases access
to the cloud is frequently needed. For this reason, users continue to be associated
with macro BSs to reduce the time to retrieve contents, despite the WS variant
employment. With large values of α, several local hits occur. Hence, the WS variant
induces the association of users with micro BSs and this increases the network energy
consumption, which grows up to 16% (see Fig. 6.9). As regards the experienced
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delay, it grows by up to 68%. This is because, since the cache capacity is moved
from each macro BS towards its micro cell BSs, less cache is reachable by users. In
addition, since users tend to be associated with micro cell BSs, they are further from
the cloud (3 hops) than if they are associated with the macro BS (2 hops), making
the access to the cloud slower. When ETOT Opt is employed as association policy,
the usage of the WS variant does not improve the load-balancing issue, since it is
independent of the MEC server presence and capacity. As a consequence, the WS
does not impact the energy consumption of the PL Opt, as well as of the ETOT Opt.
Nevertheless, the delay grows by up to 70%, in case the WS variant is used. As
already mentioned, removing cache capacity on the macro and spreading it among
its micro cell BSs, deteriorates the delay, as less capacity is reachable from users.

6.6 Final Remarks

In this chapter, the delay reduction and the network energy efficiency are revised and
discussed. A portion of an heterogeneous hierarchical RAN is considered, where
the MEC technology is employed, to push the most popular contents closer to users
so as to reduce latency. The considered RAN is powered by a PV panel system and
an energy battery and is connected to the power grid. Different users association
policies are proposed in order to further improve the experienced delay and the
energy consumption of the network. We notice that, even if strictly dependent on
the characteristics of the traffic and on the server capacity, the MEC technology
reduces the experienced delay up to 60%, without generating significant growth of
the network energy consumption, limited to 7%. In addition, the employment of an
energy reduction strategy, applied in case of renewable energy shortage, reduces the
energy consumption but does not impact the experienced delay. The proposed users
association policies effectively provide reductions of delay and power consumption.
Our results lead to three conclusions. First, caching at the edge and dynamic
activation of the BSs, can be very effective in reducing latency and reducing the
network power consumption, without deteriorating their performances because of
their coexistence. Second, caching on the macro BSs is always needed to significantly
reduce delays, while caching also on the micro cells relieves the effort on the macro
cell. Finally, association procedures which minimise the delay and/or the energy
consumption tend to associate users with macro BSs. In this way, when the network



118 Energy Efficiency and Edge Caching in RAN

energy consumption is optimised, also the experienced delay is slightly reduced.
Meanwhile, in case the association procedure is based on the minimisation of the
delay, the energy consumption increases, since users can be associated to BS which
are far, and the emitted power has to be increased so as to receive the signal with the
adequate quality.



Chapter 7

Evaluation of flying caching
servers in UAV-BS based
realistic environment

Part of the work presented in this chapter has already been published in:

• Castellanos, G., Vallero, G., Deruyck, M., Martens, L., Meo, M., & Joseph,
W. (2021). Evaluation of flying caching servers in UAV-BS based realistic
environment. Vehicular Communications, 32, 100390.

UAV-BSs are drones on which BS equipment is mounted. This is possible because
of the advance of the structure of the most recent drones, which makes them able to
carry up heavy payloads. Up to some years ago, no more than 600 g payload could
be brought, while the most recent drones can transport up to 8 kg, much more than
the 2 kg weight needed to bring the network equipment [129]. This has contributed
to consider the UAV-BSs one of the possible key actors to dynamically and rapidly
deploy communication facilities, where traditional ground network infrastructures
are not feasible or cost-effective. These UAV-BSs fly where users, who are suffering
from low-quality of service, are located, to bring them connectivity. Users are
connected to the UAV-BSs through access links, while UAV-BSs are connected to the
CN, establishing BH links between them and an AP. In 5G and beyond 5G systems,
UAV-BSs are envisioned as support for the ground RAN, in case of terrestrial network
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Fig. 7.1 Scenario for the city centre of Ghent with 250 users

failures due to network overloads or physical unavailability, while in 6G networks,
UAV-BSs, beside being employed to provide additional radio coverage, are also
thought as content providers and computing servers, in order to bring these platforms
in proximity to users and meet the strict delay requirement of some applications.
In this chapter, the potential of mounting BSs on drones to offer a solution for
crowded scenarios where the ground RAN is overwhelmed is considered. This
scenario is detailed and modelled in sections 7.1 and 7.2, respectively. Then, the
performance of the support of UAV-BSs is evaluated, through an ad-hoc simulator,
presented in section 7.3. Results, shown in section 7.4, reveal that, because of the
scarce on-board energy availability on UAV-BSs, which is provided by on-board
batteries, UAV-BSs need frequent replacement because of the lack of energy. In
addition, simulations show that the BH network often saturates, due to its low
available bandwidth, which limits its capacity and significantly deteriorates the
network QoS. To cope with this issue, we propose to resort to the MEC paradigm.
In particular, MEC servers which provide caching are installed on each UAV-BS, in
order to store popular contents and reduce the usage of the BH network. Section 7.5
shows the improvement achieved when MEC servers are used; in section 7.6, the
final remarks of the chapter are drawn.

7.1 Scenario

In this part of the work, we consider a crowded environment, located in an area of
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Fig. 7.2 Network structure

1 km2, delimited by the orange shape in Fig.7.1, situated in the city centre of Ghent,
in Belgium. We assume that the typical yearly festival is taking place. The total
event duration is 6 hours, from 7 p.m. to 1 a.m.. We assume that the users in this
scenario are mostly static since typically in situations such as festivals and sport
events, they either maintain their position or move at a very slow pace.
We assume that, in order to support the user communication requirements in a
crowded scenario, like the festival we are considering, an UAV-BS aided network is
employed. Similarly to [3, 4, 91], the network is structured as depicted in Fig.7.2.
The ground users, green stars in Fig. 7.1 and human icons in Fig.7.2, access
the communication service through the access network (orange links in Fig.7.2),
provided by UAV-BSs, acting as traditional BSs, indicated by the drone icon in
Fig. 7.1. These UAV-BSs reach the CN, by BH links (blue links in Fig.7.2). Each
BS equipment is mounted on a quadcopter MD4-1000, which can carry wireless
communication equipment payload, which accounts for less than 2 kg, according to
[129]. These drones have a maximum speed of 45 km/h powered by a 22.2 V battery
with a capacity of 17.33 Ah [130]. As described in [4], the connection between the
UAV-BSs and the CN for a fast deployable network is given by an antenna on a truck
or on a crane to increase its height, as shown in Fig.7.2, indicated by the orange
triangle in Fig. 7.1. This facility can provide up to 25 simultaneous drones, and
up to 500 battery packages to rapidly replace drones that are running out of energy,
allowing the system to maintain up to 25 simultaneous UAV-BSs with nearly 20
takeovers per drone. In the considered network, the height of this antenna is 60 m to
avoid the majority of the building heights in the centre of Ghent [4].
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Table 7.1 Link budget parameters for simulation [3, 4]

Parameters Access BH
Frequency 2.6 GHz 3.5 GHz
Bandwidth 5 MHz 20 MHz

Max Tx Power 33 dBm 43 dBm
Antenna Gain 4 dBi 5 dBi

Antenna Height 1.5 m 60 m
Noise Figure 8 dB 5 dB
Fade Margin 10 dB 1 dB0

Shadowing Margin 8.2 dB 8.2 dB
Interference Margin 2 dB 0 dB

MCS and SNR

1/3 QPSK = -1.5 dB
1/2 QPSK = 3 dB

2/3 QPSK = 10.5 dB
1/2 16-QAM = 14 dB
2/3 16-QAM = 19 dB
1/2 64-QAM = 23 dB

2/3 64-QAM = 29.4 dB

LTE release 14 working on the 3.5 GHz band is used for the BH links with a
bandwidth of 20 MHz consisting of 100 RBs [131, 132]. The access network uses a
2.6 GHz LTE femtocell based technology. Its details are discussed in chapter 6. The
link budget for the access and BH network is reported in Table 7.1.

7.2 System Model

In this section we provide details about the model of our scenario. We assume that
time is slotted in T time intervals, 5 minutes long. The used notation is reported in
Table 7.2.

7.2.1 Traffic Demand Modelling

In order to model the traffic demand during public events, such as football matches,
concerts, we use data presented in chapters 3 and 4. These data report the traffic
demand volume, in bits, of many BSs located in the city of Milan (Italy) and in a
wide area around it, for two months in 2015, with granularity of 15 minutes. In this
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Table 7.2 Summary of the system model notation.

Notation Definition
N Number of UAV-BS in the fleet
U Number of users
T Number of time slots
C Maximum number of cached contents
Ba Maximum access capacity of each UAV-BS

BBH Maximum BH network capacity
b(t)

a,n Traffic volume carried by UAV-BS n in the access network
b(t)

BH,n Traffic volume carried by UAV-BS n in the BH network
F Set of contents in the library
F Number of contents in the library
S Size of each content

PF ,n(f) PDF of the content popularity of UAV-BS n
α Parameter of the Zipf’s distribution

phit Hit probability
pmiss Miss probability
l(t)u Traffic volume requested by user u at time t
P(t) The network power consumption at time t
P(t)

a,n The access power consumption of UAV-BS n, at time t
P(t)

BH,n The BH power consumption of UAV-BS n, at time t

P(t)
c,n The caching power consumption of UAV-BS n, at time t
D Average transmission delay

Dhit Time needed to send a content from an UAV-BS to a user
Dmiss Time needed to send a content from the cloud to a user

part of the work, we update the value of the traffic based on the average increment,
equal to 7.5 times, of the mobile market in Italy from 2015 to nowadays, as reported
in [133]. Then, we transform the traffic volume in bit rate, normalising the values by
the granularity of samples, i.e., 15 minutes. Then, we select the trace corresponding
to the BS which covers the soccer stadium of San Siro, which typically hosts public
events, and we investigate its traffic profile. The black line in Fig.7.3a is the mean
bit rate in each 15-minutes long time interval, computed using the whole traffic trace,
while each coloured curve shows the bit rate, in Mbps, of each match, that took place
there during the Spring of 2015. From the figure, it is visible that the traffic demand
significantly increases during matches with respect to the average traffic demand
(black line in Fig.7.3a). Then, we also notice that the bit rate during each event
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Fig. 7.3 Traffic Analysis, Modelling and Generation: (a) Traffic demand, in bits, during
public events at the San Siro soccer stadium, (b) PDF of the Increasing Factor, (c) Requested
capacity for an average value of 0.24 for different users scenarios. U:Users

typically starts growing prior to the beginning of a match, indicated by the vertical
black line in the figure. Shortly before the kickoff, which starts in correspondence to
the second vertical black line, it slightly decreases and when the intermission starts,
the traffic demand always presents the peak, decreasing again as soon as the match
resumes.
To shape this behaviour, we assume that the bit rate β(t) which is requested during
these special events, at time t, is given by:

β(t) = BAVG ·U(t) ·K(t) (7.1)

where BAVG is the average required bit rate, in Mbps, given by the average of each
point of the black circle marked line in Fig.7.3a; U(t) is a shape function, used to
model the trend of the bit rate during each event and K(t) is a scalar, which scales
the average traffic demand. In order to build the U(t) function, we normalise the
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bit rate trace corresponding to each match, reported in Fig.7.3a, by its peak. Then,
we average these normalised bit rates, time interval by time interval, to obtain its
average shape during a public event. In the end, in order to determine the value of
K(t), we collect the increasing factors for each bit rate sample, with respect to the
average. These increasing factors are computed as β(t)/β(t)AVG, where β(t)AVG is the
the th–samples of the black curve in Fig. 7.3a. We build the Probability Density
Function (PDF) of these increasing factors which is reported in Fig.7.3b, where in
blue there is the histogram plot of these data, while the green line is the PDF of
an exponential distribution that best fits it, whose parameter is λ=0.24. As a result,
assuming that the number of users remains constant during the event, the bit rate of
each user u, λ(t)u , from which it is possible to derive the traffic demand volume l(t)u
discussed in section 7.2, is as follows:

λ(t)u = ΛAvg ·U(t) ·K(t) (7.2)

where U(t) is the shape function, computed as described above, and K(t) is a sample
extracted from an exponential distribution. ΛAvg is the average bit rate, assumed
equal to 0.225 Mbps, which is acquired empirically from the data provided by
the MANO, assuming that there are 250 users. As a result, the total required bit
rate is shown in Fig.7.3c, where each curve corresponds to a different number of
users U. Observe that the shape of each curve well fits the typical behaviour which
characterises the public events (see Fig.7.3a). The requested traffic presents a peak
of 235 Mbps, in the scenario where there are 250 users, as can be noticed in Fig.7.3c.

7.2.2 Network Modelling

In order to model the architecture depicted in Fig.7.2, a fleet of NUAV–BS UAV-BSs,
acting as traditional BSs is used. The UAV-BSs provide the communication service
to the U ground users. Each ground user u access this service through the access
network (orange links in Fig.7.2), provided by the UAV-BSs. The UAV-BSs reach the
CN through BH links (blue links in Fig.7.2). Each UAV-BS n ∈ [1, NUAV–BS] has a
certain access capacity, i.e., in the access network, it can deliver up to BA ≥ 0 data
volume, in bits, within each time interval t. As regards the BH network, BBH ≥ 0 is
the maximum traffic volume which can be carried in the BH network, within each
time slot t. This means that, given T(b,t)

A and T(b,t)
BH the traffic volume carried by
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Table 7.3 Values of the parameters of the consumption model for the access and BH network.

Network Nsec Prect Pmwl Pairco nTX Pamp Ptrans Pdsp
Access/BH 1 0 0 0 1 12.8 1.8 7.9

Table 7.4 Summary of the channel model notation.

Notation Definition

N
Normal Distribution for the excess path loss

for the access network
μ Mean of N

σ Standard Deviation of N
θ Elevation angle between users and UAV-BS
a Frequency parameter for access PL model
b Environmental parameter for access PL model

d3D 3D distance between TBS and UAV-BS
fc Central frequency of the BH PL model

hTBS Height of the Terrestrial BS

each UAV-BS b in the access and BH network at time t, respectively, the following
conditions have to be satisfied:

T(b,t)
A ≤ BA ∀b ∈ [1, NUAV–BS],BA ≥ 0,T(b,t)

A ≥ 0 (7.3)

N

∑
n=1

T(b,t)
BH ≤ BBH BBH ≥ 0,T(b,t)

BH ≥ 0 (7.4)

Since the traffic demand of each user is transmitted in the access, as well as in the
BH networks, we have T(b,t)

A =T(b,t)
BH .

7.2.3 Path Loss and Channel Modelling

Several path loss models are used to evaluate the aerial to ground communications
as described in [134]. For the access network link, we consider the aerial to ground
model from Al-Hourani et al. [135], which offers a statistical path loss model for
sub-6GHz bands. It is based on the Free Space Path Loss (FSPL) model using ray
tracing for urban and suburban environments accounting for the effects of buildings
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into the model. The Al-Hourani path loss model is modelled as :

PLA = FSPL +N (μ,σ2) (7.5)

where FSPL is the Free Space Path Loss model from the Friss equation. N is the
normal distribution for the excess path loss with a mean of μ, and standard deviation
σ as:

σ = a · e(–b·θ) (7.6)

where a and b are frequency and environment-dependent variables and θ is the
elevation angle between the ground and the aerial nodes. This model is suitable for
urban environments with building representation. To account for that, we use the
model in the 2.6 GHz band setting the μ, a and b values to 1.67, 8.59 and 0.04 for
the LoS model, while the values for the NLoS are 18, 26.53 and 0.003 respectively.
For the BH network we consider the TR 36.777 path loss model since it is more
suitable for the communication between the terrestrial BSs and aerial nodes in the
3.5GHz band [136]. This model is suitable for antennas higher than 22 m and
distances up to 4 km. The LoS path loss model is computed as:

PLBHLoS = 28 + 22log10(d3D) + 20log10(fc) (7.7)

where d3D is the three-dimensional distance between the terrestrial BS and the UABS
and fc is the central transmission frequency.
The NLoS path loss model is described as:

PLBHNLoS =
�
46 – 7log10(hTBS)

�
log10(d3D) + 20log10

�
40πfc

3

�
– 17.5 (7.8)

where hTBS is the height of the terrestrial BS. Detailed parameters of the link budget
that influence the channel model are described in Table 7.1.

7.2.4 Power Consumption Modelling

The network power consumption at time t is the total power consumption of the
wireless network, considering the power needed to provide the access and BH
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Fig. 7.4 Steps of each simulation.

features in the network, at time t:

E(t)
TOT =

NUAV–BS

∑
b=1

�
E(b,t)

A + E(b,t)
BH

�
(7.9)

where E(b,t)
A and E(b,t)

BH are the access and BH energy consumption of each UAV-BS
b during time slot t. If UAV-BS n is not active, E(b,t)

A and E(b,t)
BH are zero. The LTE

energy consumption models, in watt hour, for the access and BH networks, for
each UAV-BS b are as in Eq. (5.2), with parameters reported in Table 7.3. In the
computation, the power needed by an UAV-BS for flying is not considered.

7.3 Simulation

We evaluate the detailed scenario through simulations. The employed tool is based
on the one implemented and discussed in chapter 6. We assume that each simulation
covers an operating time of 6 hours, from 7:00 p.m. to 01:00 a.m.. Time is slotted in
5 minutes long time intervals.
In Fig.7.4 the structure of the simulations is depicted. Before the actual simulation
begins, we first determine the coordinate of the location of each user u in the yellow
area depicted in Fig.7.1. As mentioned above, differently to the scenario depicted in
chapter 6, the position of each user is assumed static, meaning that it remains the
same for the whole simulation, i.e. for the whole duration of the public event. This is
a realistic assumption for the considered overcrowded scenario, where users maintain
their position or move at a very slow pace and for a very small space. Because of this
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static behaviour of the ground users, handovers and frequency allocation analysis
are not considered. As in chapter 6, these coordinates are assumed to be uniformly
distributed over the considered area, since in this area, attractions are uniformly
distributed, resulting in an uniform distribution of users, meaning that each location
has the same chance to be chosen as a possible location for the user. In order to
place the UAV-BSs, a set of possible locations for the NUAV–BS available drones is
created. This set contains a list of possible aerial positions, where UAV-BS could
hover. There are as many UAV-BS positions as ground users. Each grid point uses
the same (x(b),y(b)) coordinates of users while (z(b)) is set to 80 m or above, if a
building is present.
For each time slot t, the bit rate required by each user is determined, using the model
described in section 7.2.1. Once the position of each user has been generated, he/she
is associated with the UAV-BS from which he/she experiences the lowest path loss,
provided that that UAV-BS has enough available capacity in both the access and BH
network, to serve him/her. Details of each step are given below.

7.3.1 Dynamic traffic generation

At the beginning of each time slot t, λ(u,t), the bit rate of each user u, is determined.
To do this, we use the model of Eq. (7.2). From the bit rate λ(u,t), the traffic demand
volume l(u,t) is derived.

7.3.2 Network Generation

In this step of the simulation, each user is associated with an UAV-BS, if possible. As
in chapter 6, the list of UAV-BS is generated, to which the user u can be connected.
This list contains the active UAV-BSs, which provide the requested traffic demand
in both the access and BH network and from which the experienced path loss is
lower than an allowable maximum, in order to guarantee to the user to receive the
signal with a sufficient quality. The model of (7.5) is employed for the path loss
computation and if this path loss is greater than the allowable maximum, the input
power of the UAV-BS is increased until it becomes acceptable. In case the input
power reaches the maximum allowable input power, but the path loss is still larger
than the maximum, that UAV-BS is not inserted in the list.
A user can be associated with a UAV-BS if that UAV-BS provides the required bit
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rate in the access as well as in the BH network. The user traffic demand in the access
and in the BH network is l(u,t), or λ(u,t) if expressed in bit rate. This means that an
UAV-BS b is able to provide the required traffic demand in the access network, if the
following condition is verified:

l(u,t) + ∑
v∈U (b,t)

l(v,t) ≤ BA (7.10)

where U (b,t) is the set of user already associated with UAV-BS b, l(v,t) is their traffic
demand, BA is the maximum access volume, equal to 5.07 ·103 Mb, assuming that
its maximum bit rate is 16.9 Mbps and each time slot 5 minutes long. As regards the
BH network, an UAV-BS b is able to carry the needed traffic demand at time t in the
BH network, if following condition is verified:

l(u,t) +
NUAV–BS

∑
ν=1

b(ν,t)
BH ≤ BBH (7.11)

where NUAV–BS is the number of UAV-BSs, BBH is the maximum BH traffic volume
in a time slot 5 minutes long, set equal to 21.6 ·103 Mb, assuming that its maximum
bit rate is 72 Mbps. Then, b(ν,t)

BH is the sum of the traffic demand of the set of users
U (ν,t) associated with UAV-BS ν during the time slot t:

b(ν,t)
BH = ∑

v∈U (ν,t)
l(v,t) (7.12)

where l(v,t) is the traffic demand at time t of each user v, as above.
Summarising, if an UAV-BS transmits and the user receives the signal with acceptable
quality, i.e. with acceptable path loss, and UAV-BS satisfies (7.10) and (7.11), that
UAV-BS is inserted in the list. The user is associated with the UAV-BS from which
he/she experiences the lowest path loss among the UAV-BSs in the list.
In case the list results empty, the same procedure is performed using only the inactive
UAV-BSs. In this case, the path loss experienced by the considered user in the access
network has to be acceptable, as well as the path loss in the BH network, experienced
by the considered drone, computed using the models reported in Eq. (7.7) and (7.8).
In case also this procedure provides an empty list, the user remains uncovered.
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7.3.3 Key Performance Indicators

The performances of the proposed methodologies are evaluated using the KPIs
described below.

Capacity

The capacity of the network is defined as follows:

• Access Capacity: This is the total used access capacity of the network in a
time slot, measured in Mbps, indicated with b(t)

A .

• BH Capacity: This provides the total used BH capacity, b(t)
BH, during a time

slot, in the network, in Mbps.

• Number of Used Resource Blocks: This is the total number of used RBs in the
BH network, in each time slot. Its notation is RBs(t).

We also measure the average access and the BH capacity, as well as the number of
RBs which are used on average in each simulation. In order to distinguish from the
previous KPIs, we name them Average Access Capacity, bA, Average BH Capacity,
bBH, computed as 1

H ∑H
t=0 b(t)

A and 1
H ∑H

t=0 b(t)
A , respectively, where H is the duration

of the simulation. The Average Number of RBs, RBs, is 1
H ∑H

t=0 RBs(t).

Lost Traffic

As in previous chapters, the Lost Traffic measures the percentage of traffic which can
not be handled by the network, since there is not enough available capacity in the
access and/or in the BH network and/or the experienced path loss is unacceptable. It
is denoted as L(t)

T , if it is measured in a single time slot, while as LT, if it is computed
as LT= 1

H ∑H
t=0 L(t)

T , where H is the number of time slots in the simulation.

Energy Consumption

As in previous chapters, the Energy Consumption, ETOT, is the energy consumption
of the wireless network. In this part of the work, it accounts for the energy needed
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for the access and BH network supply:

ETOT =
H

∑
t=1

E(t)
TOT (7.13)

where E(t)
TOT is the power consumption in time slot t, computed as in (7.9), which

sums the power needed by each UAV-BS to provide the access and BH network
supply. H is the duration of the simulation.
We also measure the average energy consumption EAVG, which is the average energy

consumption of each active UAV-BS, given by ∑H
t=1

E(t)
TOT

N(t)
UAV–BS

, where N(t)
UAV–BS is the

number of active UAV-BSs at time slot t.

UAV-BS

The UAV-BS provides the number of average UAV-BS locations needed during each
simulation, given by 1

H ∑H
t=1 N(t)

UAV–BS.

7.4 Performance Evaluation

In this section the scenario previously presented is evaluated, assuming a user density
equal to 250 user/km2. In Fig. 7.5a, on the left y-axis, the requested bit rate, the
provided access and BH capacity are plotted in black, blue and cyan curves, in each
time interval of the considered operating time. On the right y-axis, the number of
used RBs in the BH network is provided. From this figure, it is possible to notice
that, until 19:50, the used access and BH capacity, see the blue and cyan curves,
respond instantaneously to the required bit rate. Then, at 19:50, the used access and
BH capacity become flat and are unable to provide the required bit rate (black curve
in Fig.7.5a). This is because the available RBs are totally used (orange curve in
Fig.7.5a), which means that the BH network is saturated. After the peak, the traffic
demand decreases. After 23:10, traffic demand is so low that not all the BH RBs’ are
needed. This means that the network is not saturated anymore and can provide the
required bit rate. This impacts the lost traffic, plotted in Fig. 7.5b, which is almost
zero until 19:50. Then, because of the BH network saturation, it starts growing, up
to 75%, at 21:45, when the traffic demand peak occurs. After this, since the traffic
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Fig. 7.5 (a) Used capacity and (b) Lost Traffic L(t)
T .

demand drops and the BH network is not saturated anymore, it decreases, as well.
Table 7.5 summarises the simulation results. It reports the total access and BH

capacity, bA and bBH, respectively, as the average energy consumption EAVG and
the average number of UAV-BS locations. The table indicates that, in order to
cover the considered area, 10.6 UAV-BS locations are needed, each consuming on
average 8.8 Wh, as indicated by the EAVG column, resulting in a total consumption
of 90.8 Wh. This means that the flight duration of each drone is 69 minutes, meaning
that 5 drones per each locations are needed in our scenario.
These results highlight two issues which need to be addressed, in order to make this
solution effective to support RANs. First, the BH network saturation significantly
deteriorates the QoS, since it limits the user coverage. Then, the scarce on-board
energy availability that is provided to UAV-BSs by on-board batteries has to be faced.
Indeed, each of them needs to be replaced 6 times, assuming a simulation time
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Table 7.5 Simulation results.

bBH/bA RBs LT EAVG ETOT UAV-BS
41.85 Mbps 79 41.9% 0.7 kWh 6.8 kWh 10.6

equal to 6 hours. In the next session, we employ the MEC technology to improve
the network capacity and consequently the QoS, while in chapter 8, solar-powered
UAV-BSs are discussed, which result in a longer UAV-BS survival.

7.5 QoS improvement through MEC technology

From the previous analysis, it is evident that the BH network is the most challenging
part of our scenario. As discussed, the average lost traffic is more than 25% because
of the capacity constraints of the BH links. In this part of the work, to address this
issue, the MEC technology is considered. As described in chapter 6, it pushes storage
and computing platforms at the edge of the network. In this way, in case a user
requires a content which is stored in the MEC server of its UAV-BS, that UAV-BS
directly transmits that content to that user. If this is the case, the access to the cloud
is unneeded and the BH network is not used to satisfy that request. In the following
section the model and the simulator used for the evaluation of the proposed scenario
are detailed.

7.5.1 MEC-enabled System Model

We assume that each UAV-BS b is equipped with a MEC server, that provides the
storage capability. Similarly to chapter 6, the server of each UAB-BS b updates its
cached contents according to the LFU cache algorithm, to store the C most popular
contents. A library F={1,2, ..,F}, composed by F content items is considered and
each file has size S, in bits. Moreover, each file has its popularity, which varies
geographically, i.e., each UAB-BS b is characterised by a specific order of popularity
of contents, described with a PDF P(b)

F (f). As consequence, it is possible that the
probability that the content f is required on UAV-BS b0 is different than on UAV-BS
b1. Nevertheless, for each UAV-BS b, b ∈ [1, NUAV–BS], ∑F

f=1 P(b)
F (f) = 1. As in
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chapter 6, the popularity is described by a Zipf’s distribution, which is expressed as:

P(b)
F (f) =

Ω
fα

(7.14)

where Ω = (∑F
i=1

1
iα )–1 [35]. The parameter α impacts the difference among contents

in terms of popularity and defines the steepness of the Zipf’s distribution. A large
value of α (i.e., α > 1) means that the most popular contents are significantly more
popular than the other contents. By decreasing α, the popularity of content behaves
more similarly to a uniform distribution. As in [35], since the local most popular
contents are stored in the server of each UAV-BS b, the hit probability is as follows:

pHIT = 1 –
∑F

f=C
1
fα

∑F
f=1

1
fα

(7.15)

where, as previously mentioned, C is the number of contents stored in each cache, F is
the number of items in the library. As can be noticed in Eq. (7.15), pHIT is monotonic
increasing with C. The miss probability pMISS is computed as pMISS = 1 – pHIT,
resulting in monotonic decrease with C.
As in section 7.2, l(u,t) is the traffic volume which is associated with the user u, u ∈
[1, U], at time t. The number of contents, which each user u requires is modelled as
⌊ l(u,t)

S ⌋, where the ⌊·⌋ operator is needed to represent an integer number of requests
for content per user. Given the set of users who are associated with UAV-BS b at
time t, U (b,t), the access traffic demand on that UAV-BS b, is given by:

b(b,t)
A = ∑

u∈U (b,t)
l(u,t) l(u,t) ≥ 0,∀n ∈ [1, N] (7.16)

Since the MEC technology is now employed, b(b,t)
A ̸= b(b,t)

BH . This is because, in case a
user u is associated with an UAV-BS b and he/she requires a content which is stored
on that UAV-BS, that content is not transmitted in the BH network, but is directly
sent to that user. As a result, the traffic demand in the BH network is:

b(b,t)
BH = pMISS ∑

u∈U (b,t)
(⌊ l(u,t)

S
⌋S) + ∑

u∈U (b,t)
(l(u,t) mod S) (7.17)

As derived from (7.15), the miss probability pMISS is 1 if the MEC technology is
not employed and it decreases with the growth of the server capacity. Knowing this,
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Fig. 7.6 Network allocation algorithm of the tool

(7.17) shows that the MEC technology and the rise of its size prevent the BH network
from congestion, since b(b,t)

BH linearly drops with pMISS.
The network energy consumption has to account also for the supply of the MEC
server, which is installed on each UAV-BS. As a result, Eq. (7.9) has an additional
contributor:

E(t) =
NUAV–BS

∑
b=1

�
E(b,t)

A + E(b,t)
BH + E(b,t)

MEC

�
(7.18)

where E(b,t)
A and E(b,t)

BH , in watt hour, are the energy consumption for the access and
BH network, respectively, and are computed as in Eq. (5.2), with the parameters
reported in Table 7.3. As regards E(b,t)

MEC, it is the energy consumption of the MEC
server, in watt hour, and is computed as in Eq. (6.2).
As mentioned above, in case a user u needs a content which is stored locally on the
UAV-BS b with which he/she is associated, that content is directly sent to him/her.
If this is not the case, the content is retrieved in the cloud, reached through the BH
network. The average transmission delay is:

D = pHIT ·DHIT + (1 – pHIT) ·DMISS (7.19)

where pHIT is given by (7.15), DHIT is the time needed to send a content from an
UAV-BS to a user and DMISS is the time needed to bring a content from the cloud
to a user. This results in DHIT < DHIT and, hence, from (7.19), the growth of pHIT
makes D drop. As already mentioned and highlighted in (7.15), pHIT grows with the
growth of the number of stored contents C, i.e. with the cache capacity.
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7.5.2 MEC-enabled Simulations

In order to evaluate our scenario, we extend the simulator described in section 7.3.
Also for these simulations, the considered operating time starts at 7:00 p.m., ending
at 01:00 a.m. and the time is discretized in 5 minutes time slots. Each UAV-BS of
the fleet is equipped with a MEC server, which stores popular contents, whose HW
technology is DRAM. The servers update their contents according to the LFU cache
algorithm, to store the most popular contents of the file library composed of 1000
files, of 50 Mbit size each, as in chapter 6. In case a user requires a content which is
stored in the MEC server of its UAV-BS, that UAV-BS directly transmits that content
to that user, without accessing the cloud nor the BH network. The position of each
user is determined through the uniform distribution previously described, which
corresponds to the set of possible location for the UAV-BSs. Each of these UAV-BS
locations is characterised by a specific order of popularity, which is described by
a Zipf’s distribution, as discussed in chapter 6. The level of popularity of each
content on each UAV-BS is determined starting from a reference popularity and
performing random shuffles from it, to introduce some slight differences among the
file’s popularity at different locations [31].
At the beginning of each time interval of the simulation, the traffic demand volume
l(u,t) of each user is determined as described in section 7.2.1. From this, the number
of content requests is derived as ⌊ l(u,t)

S ⌋, where S is the size of each content, which is
50 Mbit, as in [35].
Then, each user is associated with an UAV-BS, if possible. Before starting this
procedure, for each user, which contents are requested is determined. To do this,
for each user, given the set of possible UAV-BSs locations, we picked the one
from which that user experiences the lowest path loss, computed as in section 7.2.3.
The Zipf’s distribution associated with that UAV-BS location is used to determine
which contents are requested by that user. At this point, the association procedure
actually begins. The list of active UAV-BS is generated, inserting an UAV-BS if
(i) the experienced path loss is lower than an allowable maximum, increasing the
transmitting power, if needed and (ii) it can provide the requested traffic demand
in the access and BH network. An UAV-BS n is able to provide the required traffic
demand in the access network, if Eq. (7.10) is verified. The traffic demand in the
BH network depends on the contents, which are requested by the user and which
are stored on the considered UAV-BS b. Indeed if a requested content is stored on
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that UAV-BS b, in case that user is associated with b, that content is directly sent to
the user and the BH network is not used for that delivery. As a result, in order to
verify if an UAV-BS b is able to carry the needed traffic demand at time t in the BH
network, the following condition is verified:

(l(u,t) – Hit(u) ·S) +
NUAV–BS

∑
ν=1

b(ν,t)
BH ≤ BBH (7.20)

where Hit(u) is the number of contents which are requested by user u and stored in
the UAV-BS b, S is the size, in bits, of each content, assumed 50 Mbit, NUAV–BS
is the number of UAV-BSs, BBH is the maximum BH traffic volume in a time slot
5 minutes long, set equal to 21.6 ·103 Mb, assuming that its maximum bit rate is
72 Mbps. Notice that in order to compute Hit(u), we are optimistically assuming to
perfectly know which contents are requested by user u. To overcome this assumption,
the prediction of the content requests is needed, which typically uses Machine
Learning-based approaches or Lagrange interpolation, as in [25, 137]. Nevertheless,
without loss of generality, this is out of the scope of this thesis, and we leave it as
future work.
Then, b(ν,t)

BH is the sum of the traffic demand of the set of users U (ν,t) associated with
UAV-BS ν during the time slot t:

b(ν,t)
BH = ∑

v∈U (ν,t)
(l(v,t) – Hit(v) ·S) (7.21)

where l(v,t) is the traffic demand at time t of each user v, as above, Hit(v) is the
number of contents which are requested by user u and stored in the UAV-BS ν and S
is 50 Mbit.
Summarising, if an UAV-BS transmits and the user receives the signal with acceptable
quality, i.e. with acceptable path loss, and UAV-BS satisfies (7.10) and (7.11), that
UAV-BS is inserted in the list. The user is associated with the UAV-BS from which
he/she experiences the lowest path loss among the UAV-BSs in the list. In case the
list remains empty, the inactive UAV-BSs are evaluated with the same procedure. If
at its end the list is still empty, the user remains uncovered.
In each time slot t, once each user has been associated with an UAV-BS b, if possible,
the requested contents are delivered. As already mentioned, if a content f, requested
by the user u, is cached in the serving UAV-BS b, a hit occurs and the content is
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directly transmitted to the user. In case of miss, i.e. the required content is not cached
at the UAV-BS b, that content is retrieved from the content provider, reached by the
CN, accessed through the BH network. We assume that each requested content is
transmitted at the minimum bit rate which allows to receive it within a time slot, i.e.
0.17 Mbps, independently on the required bit rate λ(u,t). As a result, the transmission
time in case of hit, similar to [35], is:

DHIT =
S
λS

(7.22)

where S is 50 Mbit and λS is 0.17 Mbps. In case of miss, the transmission time is
the transmission time in the access network, in the BH network and in the CN:

DMISS = DA + DBH + DCN (7.23)

where DA, the time needed to transmit the content from the UAV-BS to the user is
as in (7.22) and DBH is the transmission time in the BH network. We assume that
the bit rate for the download in the BH network is λS equal to 0.17 Mbps, but this is
increased when the allocated bit rate in the BH network, for the UAV-BS b, given by
the bit rate in each allocated RB, is larger than the needed:

DBH =
S

(λS + 1
miss(b,t) (RB(b,t) ·βRB – b(b,t)

BH )
(7.24)

where S is 50 Mbit, miss(b,t) is the number of miss at time t, on UAV-BS b, i.e. the
number of requests which need the BH network to retrieve the content, λS equal to
0.17 Mbps, βRB is the bit rate per RB, equal to 0.72 Mbps, RB(b,t) is the number
of RB which are used by UAV-BS b at time t. DCN is the time needed in the CN
and, as in [2, 34], is 50 ms. Once each requested content is delivered, each cache
is updated, according to the LFU cache algorithm, so as to always cache the most
popular contents.

7.5.3 MEC-enabled Performance Evaluation

The results are evaluated varying the capacity of each MEC server and for different
values of the parameter α, characterising the contents’ popularity distribution. The
effects of the growth of the user density, from 50 to 250 users/km2 are also investi-
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gated. First, we analyse the capacity of the access network, the capacity of the BH
network and by the covered users. Next, the delay performance of the cache system is
described after presenting the evaluation of the network power consumption. Finally,
we discuss the impact of the user density on our system proposal.

Access and BH Capacity
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Fig. 7.7 Used capacity with α equal to 1.06: (a) Used Access Capacity (Mbps), (b) Used BH
Capacity (Mbps), (c) Used BH RBs.

Figs. 7.7a, 7.7b and 7.7c show the behaviour of the used access, BH capacity, and the
number of BH RBs, respectively, with 250 users/km2, considering the α parameter to
describe the popularity of contents. In these figures, α equals 1.06, an average value
for the Zipfs’s distribution. The dashed line is the total required bit rate and each of
the other curves corresponds to the used access and BH capacity, with a different
capacity of each MEC server, measured in percentage of the library that the server
can store. If it is equal to 0%, we are considering the scenario that does not use the
MEC technology. This is the case presented and discussed in sections 7.1 and 7.4,
where each content request needs to access the CN, through the BH link in order to
retrieve the file. This means that the BH bit rate needed by each user corresponds to
the total bit rate required by that user, see section 7.1.
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Fig. 7.8 Used capacity varying the capacity of the MEC Server, for different values of the
parameter α.

From Fig.7.7a, it is possible to notice that, as discussed in section 7.4, until 19:50,
the used access and BH capacity, given by the blue curve, respond instantaneously to
the required bit rate. Then, at 19:50, the used access and BH capacity, are unable to
provide the required bit rate (dashed curve in Fig.7.7b), because of the BH network
saturation, see Fig.7.7c. After the peak, the traffic demand decreases and the network
is not saturated anymore and can provide the required bit rate.
When the MEC technology is used, i.e. the capacity of each server is larger than
0%, the used BH capacity, as well as the number of used RBs, is lower than the case
without the MEC technology. This is because, part of the contents that are requested
by the users are stored locally, in the MEC server. Thus, in case of a hit, retrieving
the content at the content provider, reachable through the BH network, is not needed.
This occurs more often with larger cache size, since finding the requested content
locally stored is more likely. For this reason, the BH used capacity, as well as the
number of used BH RBs, is lower if larger caches are considered. The used access
capacity is larger, since the BH network is prevented from saturation: when the
required bit rate becomes significantly large, from 19:50 on, not all the RBs are used.
Nevertheless, when the required bit rate reaches the peak, at 21:45, the BH network
saturates, i.e., the needed RBs are larger than the available ones, and for this reason
the used access capacity is between 50% and 80% of the required bit rate, depending
on the size of the MEC server installed on each UAV-BS.
In Fig. 7.8 the average used access and BH capacity during the whole intervention
are shown varying the capacity of each MEC server, on the left y-axis and right
y-axis, respectively. The blue, orange and green curves provide the used access and
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the BH capacity, with α equal to 0.56, 1.06 and 1.56, respectively. From the figure it
is clear that, as already seen in Fig.7.7, increasing the size the MEC server installed
on each UAV-BS determines the growth of the used access capacity and the drop of
the used BH capacity. This is because if more contents are locally stored, the need
to retrieve the content in the cloud is less likely, and, as consequence, less capacity
is needed in the BH network, avoiding its saturation and permitting to use more
capacity in the access one. Nevertheless, as can be observed in Fig.7.8, the trend
of the capacities strictly depends on the parameter α, characterised by the Zipf’s
distribution, used to describe the popularity of files. Large values of α means that
there is a small part of the library which is very popular. If this is the case, even a
small cache significantly increases the used access capacity, while decreasing the
needed BH capacity. This occurs when α is larger than 1: the used access capacity is
larger than 60 Mbps and the BH capacity is not larger than 24 Mbps if only 5% of
the library is locally stored. In case of a small value of α indicates that the files have
similar popularity. In this case, larger caches are needed to significantly increase the
used access capacity and decrease the used BH one: if the popularity distribution
parameter α is equal to 0.56, 15% of the library should be stored to use 50 Mbps as
the capacity of the access network. With respect to the BH network capacity, it is
not significantly reduced, even if 25% of the library is locally stored, i.e. from 41
Mbps, when the MEC technology is not used, to 40 Mbps. when the cache capacity
is 25% of the library. As an example, when the caching server is deactivated, the
access and BH capacity are the same (41.8 MBps), but will represent 58% of the BH
and only an average of 25% of the access network, and will vary depending on the
number of active UAV-BS used.

Lost Traffic

In this subsection, we discuss the effects of the MEC technology on the lost traffic
LT, which provides a measure of the network QoS. Fig.7.9a shows the percentage of
lost traffic LT versus the capacity of each MEC server, for three different values of α
in the scenario with 250 users/km2. From the figure, it is visible that the growth of
the cache capacity installed on each UAV-BS determines the drop of the lost traffic,
meaning that this improves the network QoS. If larger caches are used, storing locally
a requested content is more likely. This means that, more likely, the access to the
cloud to retrieve that content is unneeded and less BH capacity is employed. As a
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Fig. 7.9 Lost Traffic LT (%), with different values of α and MEC server capacity C (a)
Averaged for whole event, (b) Plot in time.

consequence, the whole network does not saturate and more users can be served,
losing a low amount of traffic. When the MEC technology is not employed, i.e. each
MEC server stores 0% of the file library, all the bit rate required by each user has
to be provided in both access and BH network. This makes the BH network more
exposed to saturation, resulting in more than 40% of lost traffic. In this case, the BH
network saturates as soon as the traffic demand reaches nearly 54 Mbps (see Fig.7.7a).
The MEC technology prevents the BH network from this, decreasing the lost traffic.
This improvement highly depends on the distribution of content popularity. When
there is a small group of very popular contents, (α > 1) between 13% and less than
2% of the traffic is lost, when only 5% of the library is locally stored, since it is
more likely that the required contents are cached. In case all contents have similar
popularity, since requesting for a cached content is less frequent, larger capacity of
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(a) (b)

Fig. 7.10 Energy consumption analysis: (a) EAVG and (b) EAVG, varying the capacity of
each MEC server.

the MEC servers is needed in order to significantly reduce the lost traffic: when 10%
of the library is locally stored, 33% of the traffic is lost.
A more detailed analysis of the peak hour and the provided users is found in Fig.7.9b,
where the percentage of lost traffic versus time, L(t)

T , is shown for different values
of the MEC servers’ capacity. Typically, at the beginning of each simulation no
traffic is lost, but as soon as the required bit rate increases, the benefits provided
by the employment of the MEC technology are more evident. When MEC is not
used, i.e. the MEC server capacity is equal to 0%, the lost traffic significantly grows,
see section 7.4. When the traffic demand reaches its peak, at 21:45, without MEC
technology, only 76.5% of traffic is handled. This is between 71.2% and 62.7%, if
MEC servers are installed on each UAV-BS and contents have similar popularity,
i.e. if α is 0.56. Up to 16.3% and 10.8% of traffic is unserved during the peak if
α is larger than 1 for MEC capacities of 5% and 25%, respectively. However, for
α = 0.56 the enhancement was not so good; as shown by the blue lines in Fig.7.9b
several users remain unconnected at the beginning of the match and in the half time
break. At this peak period, the served traffic ranges between 71.2% to 62.7% for the
different sizes of the MEC server.

Energy Consumption

From Fig.7.10a, the energy consumption of each UAV-BS presents a linear behaviour
only dependent on the size of the MEC server. It is given by the average energy
needed by each UAV-BS to provide the access and BH links, as well as the power
required for the MEC server during each simulation. The results highlight that, as
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Fig. 7.11 Power consumption analysis: (a) Number of employed UAV-BS locations, varying
the capacity of each MEC server, (b) Power consumption ratio of different UAV-BS sections.

expected, the energy consumption of each UAV-BS is not affected by the character-
istics of the popularity of files distribution and it linearly increases with the MEC
server capacity. This linear trend is due to the model of the MEC server energy
consumption which is used in our simulations, see (6.2). The energy consumption
increases by 12%, if 10% of the library is locally stored and it grows up to 31% if
each server stores 25% of the library, from 0.9 kWh when no caching is used, to
140 kWh.
Now, we investigate the impact of the usage of the MEC technology on the network
energy consumption, reported in Fig.7.10b, where each line is the average network
energy consumption for different values of the α parameter, varying the cache capac-
ity of each MEC server. We notice that the network energy consumption is slightly
higher when the α parameter and/or the capacity of each cache server grows. Indeed,
when each MEC server stored 5% of the library, it increases by 10%, 13% and 17%,
when the α is 0.56, 1.06 and 1.56, respectively, with respect to the case with no MEC
technology employment. This is because the number of UAV-BSs locations slightly
increases with the cache capacity, as can be seen in Fig.7.11a, where the rise of the
number of UAV-BS locations grows for larger values of the cache size and the α
parameter. In particular, the average number of UAV-BSs locations increases from
an average of 10.1 BSs for α and cache capacity equal to 0.56 and 0%, respectively
to 11.4 BSs if they are 1.56 and 25%, respectively. By enlarging the cache size,
a requested content is more likely to be already cached, so that less BH network
capacity is needed, avoiding its saturation and permitting to use more access capacity.
As soon as the access capacity of an UAV-BS is totally used, an unused UAV-BS
is activated, until the BH network saturates, generating a growth in the number of
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used UAV-BS locations, as well as of network power consumption. As a result,
large values of α give higher network energy than low ones, because more drones
are employed, providing more access capacity and, consequently, dropping the lost
traffic.
Fig.7.11b shows each energy consumption contribution, distinguishing among the
energy needed to provide communication (access and BH in green and yellow, re-
spectively) and caching, in blue. Given the total energy consumption of an UAV-BS,
15.4% and 71.8% is used for the access and BH networks, respectively, while 12.8%
for the MEC server supply. Even if the usage of the MEC technology impacts the
energy consumption of an UAV-BS, this does not determine a relevant UAV-BS flight
duration reduction. It decreases by 10%: from 77 min, when no MEC servers are
used, to 69 min, if the MEC server stores 25% of the library. Since the duration of
our event is 375 min, the drop of the flight duration of an UAV-BS determines the
increase of the needed number of drones per location during the simulation from 5
to 6.

Average Transmission Time

Pushing caching resources closer to the users provides significant benefits in terms
of reduction of the latency. Indeed, if a user requests a content which is locally
stored, the BH and CN networks are not accessed and the transmission time is only
the time needed to download the content from the UAV-BS. On the contrary, if that
content is not locally cached, it is retrieved in the cloud. In this case, the content is
downloaded from the cloud through the UAV-BS. The behaviour of the transmission
time, while increasing the capacity of each caching server, installed on each UAV-BS
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Fig. 7.13 DAVG distinguishing between Access, BH and CN contributions, varying the
capacity of each MEC server and the α parameter.

is given in Fig.7.12, where each curve corresponds to a different value of α. The
growth of the size of the cache generates reduction of the transmission time, from
500 s down to 458 s, 398 s and 329 s depending on the value of α in a 25% server
size. Notice that, even if these values appear high, they are as expected, according to
the computation of the experienced latency, see (7.22), (7.23). This reduction of the
transmission time is because more contents can be stored locally and the access to
the cloud is more likely unneeded reducing the transmission time to only the access
network. Also in this case, this reduction strictly depends on the characteristics of
the popularity, used to model the popularity of contents. For larger values α, even
a small cache size drastically reduces the transmission time compared with the no
MEC scenario. When α is 1.56, the transmission time is reduced by 25%, from 500
s to 375 s, with 5% of the library locally stored. A small value of α indicates that
the files have similar popularity and the probability to take a content from the CN is
higher. As a result, for α equal to 0.56, at least 20% of the library should be stored to
reduce the experienced delay by 5% with respect to the no MEC technology usage.
In Fig.7.13, the transmission time is reported, for different values of α, increasing the
cache capacity. The average time needed in the access network is reported by the bars
marked by dark colours, while the time needed in the BH network is indicated with
the bars with light colours. Finally, the time needed in the CN is given by the bars
with the clearest pattern. As in Fig.7.12, the average transmission delay drops if the
cache capacity and/or the α parameter rises. Moreover, from Fig.7.13, we notice that
the CN transmission time is negligible with respect to the access and BH network
transmission delay. In addition, the access transmission delay remains constant,
despite the growth of the cache capacity, as well as of the parameter α, which makes
the hit occurrences more likely. Indeed, the drop of the average transmission delay is
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due to the drop in the average BH network transmission time. This is because, in
case of a hit, which occurs more often with large cache capacity and α parameter,
the resulting BH transmission delay is zero. This reveals that the MEC technology
effectively reduces the transmission time through the reduction of the transmission
time in the BH network, but the access transmission time bounds this reduction.

Variation of the number of users

In this part of the work, we provide an overview of the effectiveness of our method-
ology, varying the user density.
Each curve in Fig.7.14 corresponds to the percentage of provisioned users for dif-
ferent user density, from 50 to 250 users/km2, increasing the capacity of each MEC
server installed on each UAV-BS and using 1.06 as value of the α parameter. Fig.7.14
shows that, if no local caching is performed, (MEC server = 0%), the percentage of
lost traffic LT, is drastically reduced because of the network saturation, with more
than 100 users. Indeed in these cases, more than 15% of the traffic is lost. In case
popular contents are locally stored, the percentage of lost traffic is never larger than
10%, if 10% of the library is locally stored and it is lower than 5%, in case 25% of
the library is cached on each UAV-BS.

7.6 Final Remarks

The usage of fast deployable networks aided by UAV-BS is considered the future
of dynamic network infrastructures. Indeed they result very useful to cope with the
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growth of mobile traffic and suitable for overcrowded scenarios, to rapidly bring
connectivity where needed. In the first part of this chapter, we show that the BH
network is the most challenging part of this network, representing its bottleneck and,
for this reason, limiting the user coverage of these networks.
In order to address this issue, the MEC paradigm is considered in this thesis. In
particular, MEC servers which provide caching capability are installed on each
UAV-BS. In these scenarios, where the attendants share a related interest, the chances
that similar users download the same content is quite high and, for this reason,
MEC caching servers result very suitable for these situations. Using a realistic
traffic demand model and network architecture, composed of a set of UAV-BSs,
which provide communication and caching services, we show that this is a very
promising solution to avoid the BH network saturation. Nevertheless, the achieved
performances are strictly dependent on the characteristics of the traffic, e.g. the
popularity distribution of contents, and on the capacity of each MEC server. We
investigate the effects of the capacity of the MEC server and of the content popularity,
which is modelled as a Zipf’s distribution. To this end, we enhance a capacity
simulation tool that is applied to a realistic scenario in the city centre of Ghent,
Belgium, with realistic traffic acquired from an Italian mobile operator in the San Siro
Stadium (Milan). The results of our simulations show that the proposed architecture
increases the user coverage by 33% and access capacity by 70% while reducing the
BH bandwidth usage up to 55%, as well as the experienced delay by 33%. Also, we
prove that for highly popular content, a small server capacity provides more than
93% of requested traffic in the peak hour.



Chapter 8

Modelling Solar Powered
UAV-BS for 5G and Beyond

Part of the work presented in this chapter has already been published in:

• Vallero, G., & Meo, M. (2021, June). Modelling Solar Powered UAV-BS for
5G and Beyond. In 2021 19th Mediterranean Communication and Computer
Networking Conference (MedComNet) (pp. 1-8). IEEE.

As highlighted in chapter 7, mounting a BS on UAVs is a promising solution to
dynamically deploy fast and flexible communication facilities, to cope with the
terrestrial network failures, due to network overloads or physical unavailability. The
previous chapter highlights that the BH network is the most challenging part of the
UAV-BS-aided network, because of its low available bandwidth, which limits its
capacity. To address this issue, we employ the MEC paradigm, to store popular
contents and reduce the usage of the BH network, resulting in a QoS improvement.
The results also reveal that another important challenge that needs to be addressed
is related to the scarce on-board energy availability that is provided to UAV-BSs by
on-board batteries. This is an issue which actually characterises UAVs in general but,
when they are used as communication infrastructure, the situation worsens. Indeed,
besides the energy needed for the flight of the UAV, also the communication unit has
to be powered to provide the service, resulting in a higher energy consumption and
reduction of the UAV-BS lifetime [39].
To avoid that the energy consumption of the communication unit negatively affects
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the lifetime of the UAV, we assume that the amount of energy needed by the com-
munication unit is provided by a PV panel, while the power for the UAV-BS flight
is taken from the on-board battery. It results in a longer UAV-BS survival, without
adding significant mass to the device [40, 41]. As discussed in chapter 2, even if the
solution is promising, several issues need to be tackled. In [96, 138, 97], the optimal
UAV-BSs location is optimised, revealing that a higher UAV-BSs altitude increases
the PV panel production, while negatively affecting the QoS. The survey in [39]
highlights that the solar panel dimensioning and the understanding of the effect of
intermittent energy production on the communication service provided by UAV-BSs
network is usually neglected in literature.
In this chapter, the dimensioning of the PV power supply system of the LTE MU-
MIMO UAV-BS is investigated, focusing on the interplay between traffic demand
and energy generation. To do this, we model the communication unit supply as a
queuing system using a discretized representation of data and energy flows, as DPs
and EPs. The transmission of a DP is triggered by the arrival of an EP. When an EP
reaches the system, but no DPs are available or the system is already processing a DP,
that EP is unused and, if enough battery capacity is available, moved to the battery
and employed to power the UAV-BS flight. Details of the model of this system
are given in section 8.1. In section 8.2, through the queue stability conditions, we
investigate the energy production levels that are needed to satisfy the traffic demand.
The probability that an EP is unused is derived in section 8.3, and the trade-off
between the system stability and energy losses is discussed. Finally, in section 8.4,
the time variation of both the produced energy and the traffic demand is considered
to make the system more realistic and to derive the proper dimension of the PV panel
which should be installed on the UAV.

8.1 System Description

The considered scenario is depicted in Fig. 8.1. The UAV-BS provides additional
capacity to users, who access the CN using the access links, between users and the
UAV-BS, and the BH links, which are established between the UAV and an AP. As in
chapter 7, we consider a femto cell BS, equipped with multiple antennas, using the
MU-MIMO. The access and BH networks are as in chapter 7. The access network
uses a 2.6 GHz LTE femto cell based technology, whose link budget is set as in
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Fig. 8.1 Solar-powered UAV communication system, where the UAV-BS is equipped with
solar panels that harvest energy from solar source.

Fig. 8.2 Model of the considered system.

Table 7.1, according to which the radio coverage is 830 m, in Line-of-Sight. The
BH links work on the 3.5 GHz frequency and bandwidth of 20 MHz, consisting of
100 RBs [131, 139, 132]. The UAV-BS is equipped with a PV panel that harvests
energy from solar and converts it to electrical energy. The PV panel is used to
supply the transmitting unit of the drone, while the battery is used to make the
drone fly. Without loss of generality, we consider these two energy consuming
entities as independent and we focus on the PV panel which produces energy for data
transmission. The MU-MIMO femtocell BS is modelled as a queuing system with m
servers, as depicted in Fig. 8.2, where each server represents a single MIMO antenna.
As in [98, 99], data and energy flows are discretized in DPs and EPs, respectively,
and the waiting line in which the DPs are waiting to be transmitted is assumed to be
infinite. To transmit a DP, a server needs an EP. This means that as soon as the server
ends the transmission of a DP, it switches to sleep mode until an EP arrives. When
this occurs, if there is at least a DP in the DP waiting line and an available server,
the server is activated and a new transmission starts. In case there are no DPs to be
transmitted, that EP is considered lost and can not be used for the transmission of a
DP. An EP that reaches the system while all the servers are busy, sending DPs, is lost,
as well. As already mentioned and illustrated in Fig. 8.2, actually the lost EPs are not
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Fig. 8.3 Model for the single server DP queue.

wasted, but moved and stored in the energy battery, if enough capacity is available,
and employed to supply the UAV-BS mobility. As in [101, 140], DPs and EPs arrive
at the system according to Poisson processes with rate λ and β, respectively; the DP
transmission time has an exponential distribution with parameter μ.

8.2 Model Description and Analysis

8.2.1 Analysis of the single server DP queue

We start by analysing the LTE BS equipped with a single MIMO antenna. This is
modelled as a single server queuing system, as reported in Fig. 8.2. As described
before, when the server completes a service, it switches to sleep mode, until an EP
arrives; when an EP arrives, if there is a DP in the data queue, a new transmission
starts. The system is equivalent to the one drawn in Fig. 8.3: when the server finishes
a DP transmission, it enters into a vacation time, during which it is inactive and
waiting for the next EP arrival. This is modelled as a sleeping box (represented in
green in Fig. 8.3), acting as a delayer, before the server can start transmitting the
next DP in the queue, if any. The time spent in the sleeping box is exponentially
distributed, with parameter β and we call it sleeping time. Once this time expires,
i.e., an EP arrives, the server is reactivated and, if there is a DP in the waiting line,
the actual transmission starts (see blue part in Fig. 8.3) and lasts for the transmission
time. The service time is defined as the time a DP spends in the orange rectangle
in Fig. 8.3. It is given by the sum of the sleeping time (that is the time waiting
for the EP) and the transmission time. In our case, this is given by the sum of two
exponential random variables with parameters β and μ, respectively. The system can
then be modelled as an M/G/1 queue, where the probability density function of the
service time G, as discussed in [141], is fG(x) = (βμ)/(β–μ)(e–μx – e–βx).
The mean value of the service time, E[G], and the variance Var[G] are, respectively,
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1
β + 1
μ and β

2+μ2

β2μ2 .

The M/G/1 queue is stable if λE[G] < 1, that is λ < 1
E[G] ; hence, the system is stable

if:
λ <

βμ
β+μ

(8.1)

Probability that an EP is lost

The probability that an EP is lost, LEP, can be written as :

LEP = LEP,empty + LEP,busy (8.2)

where LEP,empty is the probability that an EP is lost because when it arrives no DPs
are present in the system, the server remains in sleep mode and no transmission
starts; it is given by the probability to find the queuing system empty:

LEP,empty = 1 –λE[G] (8.3)

LEP,busy is the probability that the EP is discarded since, when it reaches the system,
the server is active and transmitting a DP:

LEP,busy = λE[G]
1/μ

1/μ+ 1/β
=
λ
μ

(8.4)

which is the probability that the queue is not empty (λE[G]) multiplied by the
probability that the server is processing instead of sleeping.
Out of the stability condition, which means that (8.1) is not satisfied, LEP,empty is
zero, since the DP queue diverges and there are always DPs waiting to be transmitted.
Similarly, since there is always some DPs waiting in the queue, transmission times
alternate with times waiting for an EP to arrive, and an EP is lost if it arrives during
a transmission time. The probability that an EP is lost is LEP,busy = 1/μ

1/μ+1/β = β
μ+β .

8.2.2 Analysis of the DP queue with multiple servers

We now discuss the LTE BS, equipped with multiple MIMO antennas, using MU-
MIMO. This is modelled as a multiple server system, each server representing a
single MIMO antenna. The system can be modelled as a bidimensional Continuous-
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Time Markov Chain (CTMC) X = {X(t)} in which the state is given by s = (d,p),
where d is the number of DPs in the system (both waiting or being transmitted) and
p is the number of servers that are transmitting a DP, i.e., the number of transmitting
MIMO antennas. Transitions are reported in Table 8.1. Arrivals occur with rate
λ and increase by one the number of DPs in the system, d. A departure of a DP
occurs with rate pμ, where μ is the service rate and p is the number of servers that are
transmitting a DP. Finally, a transmission starts if there are available servers (p < m),
some DPs that are waiting (d > p) and an EP arrives with rate β.
To study the ergodicity of the system let us focus on the service capacity of the
system with m servers, or the maximum service rate that the system can reach.
The maximum service rate is reached when the load is high and there are always
DPs to transmit. To investigate this situation, we introduce a new model that we
call the maximum service rate model. The model is an M/M/m/m queue in which
services represent DPs transmission, and the customers represent the EPs that enable
a service to start: as soon as an EP arrives, a transmission can start if some server is
available. Since the EPs cannot be stored, the capacity of the waiting line is zero.
The probability to lose an EP in these conditions is denoted by L∗

EP,busy and is given
by the probability that an EP arrives and finds all the m servers already busy. This
probability is the loss probability of the M/M/m/m queue, the very well-known
Erlang-B formula, EB(m,β/μ):

L∗
EP,busy = EB(m,β/μ) =

1/m!(β/μ)m

∑m
i=0 1/i!(β/μ)i (8.5)

The throughput of the service capacity model, which represents the maximum service
rate of the DP queue with multiple servers, is equal to:

SM = β
�

1 – L∗
EP,busy

�
(8.6)

Hence, the DP queue with multiple servers is stable and the CTMC X is ergodic and
reaches a steady-state distribution if the DP arrival rate is smaller than the maximum
service rate, i.e., if the following condition holds:

λ < β
�

1 – L∗
EP,busy

�
(8.7)
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Table 8.1 Transition rate out of state s = (d,p)

Destination State Rate
(d + 1,p) λ

(d – 1,p – 1) for p > 0 pμ
(d,p + 1) for p < m∧d > p β
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Fig. 8.4 LEP (on the left), LEP,Busy (in the middle) and LEP,Empty (on the right), versus λ
and with different number of servers. Vertical lines represent stability conditions, dashed
horizontal lines report the EP loss probability given by the Erlang-B formula in (8.5).

From the solution of the CTMC X under the ergodicity condition, it is possible
to derive the performance indicators when the system is stable. Let π(d,p) be the
steady-state probability to have d DPs in the system and p servers that are processing
DPs. We can derive the probability that an EP is lost because it finds no DP that
needs to be processed:

LEP,empty =
m–1

∑
p=0
π(p,p)

and the probability that an EP is lost because when it arrives at the system all the
servers are already busy processing DPs:

LEP,busy =
∞
∑

d=m
π(d,m)
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8.3 Loss Probability

In this section, the models previously discussed are verified by simulation experi-
ments. We simulate our scenario with m = 1,2,3,4 servers, β and μ equal to 0.5 and
1.0, respectively, and λ varying between 0.1 and 0.89, with granularity 0.01.
We measure the EP loss probability, which is the probability to lose an EP. Remember
that lost EPs are actually not wasted, but moved to the battery and used for the supply
of the UAV-BS flight. Fig. 8.4 reports the total probability of losing an EP, LEP (on
the left), the probability to lose an EP because there are no DPs to serve, LEP,empty
(in the middle), and the probability to lose it because the servers are busy, LEP,busy
(on the right). Loss probabilities are shown versus λ and the cases with m = 1,2,3,4
servers are plotted, respectively, in blue, orange, green and red. Vertical lines show
the ergodicity condition on λ as in (8.7), while the horizontal dashed lines in the plot
on the left indicate L∗

EP,busy as in (8.5).
Observe the two different regions which correspond to the queue being stable or not
and that differ for the behaviour of the loss probabilities. For low values of λ, the
DP queue is stable. As λ grows the probability to lose an EP because it finds the
queue empty (LEP,empty) decreases while it becomes the more and more likely that
the EP finds the server(s) busy (LEP,busy grows). Interestingly, when the system is
stable, LEP assumes the same values, independently on the number of servers. When
the number of servers grows, the probability to lose EPs because the servers are all
busy is smaller but this is compensated by the probability to lose and EP because the
queue is empty.
When the queue becomes unstable, i.e, when λ exceeds the condition in (8.7), the
probability LEP,empty is zero, while the probability LEP,busy is given by L∗

EP,busy, as
in (8.5).
Let us now focus on the ergodicity condition. While increasing the number of
servers from 1 to 2 has an important beneficial effect on the maximum service rate,
any additional server produces only marginal improvements, which tend to vanish.
Indeed, by increasing the number of servers, the probability L∗

EP,busy reduces and
reaches zero, but the maximum service rate in (8.6) converges to the EP arrival rate
β. Hence, we can conclude that by increasing the number of servers, it is possible to
increase the maximum service rate (less tight ergodicity condition) but no benefits
are achieved in terms of EP loss probability. However, the benefits of additional
servers can be observed only as far as their aggregate transmission capacity is small;
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when the transmission capacity is large enough, the system is constrained by the
energy production system. In order to further increase the system service capacity, a
more powerful energy production system is needed.

8.4 Dimensioning UAV-BSs

8.4.1 EP and DP Rates Models

In order to properly model the size of the PV panel which is installed on each
UAV-BS, we consider the hourly fluctuation of the energy production and of the
data traffic. Hence, the EP and DP rates are not constant but time dependent and
denoted by β(t) and λ(t), respectively. To model the hourly variation of the rates, we
start from real PV panel energy production data. To do this, we use data employed
in chapter 6, provided by PV-WATT [117], which reports the hourly estimation of
the electricity production of a typical poly- or mono-crystalline silicon PV-panel
system, accounting for realistic solar irradiation patterns, corresponding to the typical
meteorological year in the considered area. It considers 14% for the main typical
losses occurring during the process of solar radiation conversion into electricity in
the PV panel system. The efficiency is 20%, which means that about 5 m2 can
be assumed per kWp of PV panel capacity [142], while its weight is 2.55 kg per
m2, for off-the-shelf portable PV panels. The elevation at which the PV panel
operates, if it is installed on an UAV-BS, makes it more efficient, since it is working
at lower temperature and this increases the energy production between 7% and 12%,
as reported in [143]. For this reason, the data of energy production provided by
PV-WATT are increased by 7%. We normalise the hourly energy generation during
the year, so that the generated energy in each hour is given as a fraction of the
yearly peak hour production. Then, the meteorological winter and summer periods
are selected, using the normalised energy production from 1st December to 28th
February and from 1st June to 31st August, respectively. The average hourly energy
production during the day is computed, which provides the shape of the hourly EP
arrival rate during the typical day in the winter and summer seasons, which are
reported in Fig. 8.5, in blue and orange, respectively. Thus, the hourly EP arrival
rate, in EP/s, is derived as:

β(t) = B · f(t)
E (8.8)
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Fig. 8.5 Normalised pattern for the hourly traffic demand (in black) and for the hourly energy
production in winter (in blue) and in summer (in orange).

where f(t)
E is the energy production shape as previously derived and B, in EP/s, is the

factor which defines the arrival rate of EPs.
To formalise the variation of the traffic demand, we use the traffic data presented
in chapter 6. As mentioned in the previous chapters, they report the traffic demand
volume, in bits, in a wide area around Milan, in Italy, for a duration of two months in
2015, with granularity of 15 minutes. As in chapter 3, data are aggregated to have an
hourly granularity and the average hourly traffic demand during the day is computed.
Then, data are normalised and the daily pattern f(t)

T is obtained; it is reported in black
in Fig. 8.5. The parameter λ(t), in DP/s, is computed as follows:

λ(t) = L · f(t)
T (8.9)

where L, in DP/s, is a factor, which scales the amplitude traffic rate.

8.4.2 Model of the PV Panel

We now derive the size of the PV panel which has to be installed on each UAV-BS to
make the system stable; i.e., to serve the traffic. The parameter B, in EP/s, is defined
as:

B =
CPV
EPJ

RPEAK (8.10)

where CPV is the capacity of the PV-panel, in watt, EPJ is the energy carried by an
EP, in J/EP, and RPEAK is the ratio between the yearly maximum power production
per hour of the considered PV-panel and its nominal capacity and it varies according



160 Modelling Solar Powered UAV-BS for 5G and Beyond

Table 8.2 Parameters setting

Elevation [m] PA [W] PBH [W] EPJ [mJ]
70 17 79.96 6

120 15.89 93.04 6.33

Table 8.3 Summary of PV panel capacity, surface and weight

B CPV [W] Surface [m2] Weight [kg]
70 m 120 m 70 m 120 m 70 m 120 m

0.1 0.7 0.83 0.04 0.04 0.1 0.1
3 23.68 24.98 0.1 0.1 0.25 0.25
5 39.47 41.64 0.19 0.2 0.48 0.51
7 55.26 58.29 0.28 0.29 0.71 0.74

10 78.95 83.27 0.39 0.41 0.99 1.04

to the location of the PV-panel. Substituting Eqs. (8.8) and (8.10) in Eq. (8.1), the
system results stable if the following condition holds:

λ(t) ·μ
μ–λ(t)

EPJ

RPEAKf(t)
E

< CPV (8.11)

8.4.3 Parameters Setting

In this part of the work, we consider a LTE MU-MIMO UAV-BS, equipped with
a single MIMO antenna, which supports the ground RAN providing additional
capacity to users. We assume that its bit rate BR is the weighted average of the
access and BH bit rate, BRA and BRBH, computed as (BRA ·TA +BRBH ·TBH)/(TA +
TBH), where TA and TBH are the time needed to transmit a DP in the access and
BH networks, respectively. BRA and BRBH, as in chapter 7, are 16.9 Mbit/s and
72 Mbit/s, respectively, while TA and TBH are, respectively, equal to 3.35 ·10–4 s
and 0.79 ·10–4 s, assuming that the size of each DP is 709 bytes, as in [144]. From
these parameters, we derive that BR is 27.38 Mbit/s and μ is 4.28 DP/ms. The size
of each EP, which is the necessary amount of energy needed to transmit a DP, is the
average between the energy needed for the transmission of a DP in the access and
in the BH network. To compute these values, the models employed in [3, 4, 145]
are used, which depend on the HW components of the antenna, as well as on the
transmitted power, which varies with the elevation of the drone. Here, we assume
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Fig. 8.6 Values of B which make the system stable (enough energy for traffic demand) during
each hour under high traffic (L = 0.16) and low traffic (L = 1.72), in summer (a) and (b) and
in winter (c) and (d).

two different elevations, set equal to 70 m and 120 m, since the maximum allowed
drone elevation until 31st December 2020, in Italy, is 70 m but from 1st January
2021 considered drones are allowed to fly up to 120 m, according to the European
regulation reported in [146]. Given the power consumption of the access and the BH
interfaces, PA and PBH, respectively, derived with the simulator discussed in chapter
7 and reported in Table 8.2, at the two considered elevations, the size of each EP,
EPj, in joule, is EPj = 0.5 · (PA ·TA +PBH ·TBH), where TA and TBH denote the time
needed to transmit a DP in the access and BH network, respectively. If the drone is
at 120 m, it transmits more energy to reach the users than when it operates at 70 m.
As a consequence, the size of each EP depends on the elevation of the drone (see
Table 8.2). Finally, from solar production data provided by [117], we know that the
yearly maximum power production of a PV panel installed in Turin, is equal to 76%
of its nominal capacity and RPEAK is set accordingly.
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8.4.4 Performance evaluation

Through the stability of the system, we investigate the capability of the UAV-BS to
serve the traffic demand and the relation between the traffic and the energy produc-
tion. We focus on daylight time, i.e. from 8:00 to 17:00. On x-axis of Fig. 8.6, the
parameter B, which determines the energy production as in (8.8), varies from 0.1 to
10.0. As previously mentioned, the nominal capacity of the PV panel corresponding
to a value of B depends on the elevation at which the UAV-BS is operating. When
B is 0.1, the nominal capacity of the PV panel is 0.79 W and 0.83 W, if it is 70 m
and 120 m, respectively, corresponding to a surface of 0.4 · 10–2 m2 and a weight
no larger than 0.1 kg; with B equal to 10.0, the nominal capacities are 78.95 W and
83.27 W, which means a PV panel surface of 0.4 m2, with weight around 1 kg. For
the considered elevations, the capacity, surface and weight for some values of B
in the considered interval, are reported in Table 8.3. The table indicates that the
considered PV panels are small enough, in terms of both surface and weight, to make
their installation feasible on an UAV-BS.
The green and red bars in Fig. 8.6 indicate the values of B, which make the system
stable and unstable during each hour reported on the y-axis: when the system is
unstable, the energy is not enough to satisfy the traffic demand. Results are given for
two different values of traffic, represented by L equal to 0.16 and 1.72, corresponding
to 0.89 and 9.75 Mbps, respectively, in Figs. 8.6b and 8.6d, in summer and winter.
The figure shows that, as expected, low traffic demand can always be satisfied even
in winter with limited energy production; while high traffic demand is satisfied only
in summer, when the energy production is high and large PV panels are considered.
Larger values of B are needed to serve the traffic during low energy production hours,
from 8:00 to 10:00 and from 14:00 to 16:00, than during the peak energy production
period, from 11:00 to 13:00.
The probability to lose EPs, LEP, is plotted in Figs. 8.7, where each curve corre-
sponds to a given hour of the day; different values of B are considered, from 0.1, in
blue, to 10.0, in red. LEP grows when lower energy production levels are needed:
that is when traffic is low and production is high. Indeed, the peak of LEP always
occurs at 12:00.
In particular, at 12:00, in summer, B equal to 0.15 and 2.85 stabilises the system,
when L is 0.16 and 1.72, see Fig. 8.6b, respectively, maintaining LEP no larger than
0.02 and 0.32. At 16:00 values of B larger than 0.45 and 7.6 are needed. This means
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Fig. 8.7 Hourly LEP in summer with L = 0.16 (a) and L = 1.72 (b) and winter with L = 0.16
(c) and L = 1.72 (d).

that in summer during peak hours production, if the UAV-BS operates at 120 m of
altitude, it needs a PV panel with capacity of 1.2 W and 24 W, while, if it is at 70 m,
the capacity slightly decreases to 1.1 W and 22.5 W. For both the elevations, these
nominal capacities correspond to a panel surface of 0.6 · 10–2 m2 and 0.12 m2, if L
is 0.16 and 1.72, respectively. In case the UAV-BS provides the service out of the
peak of the energy production, the needed PV panel capacity at 120 m increases up
to 3.7 W and 63 W, corresponding to PV panel areas no larger than 0.02 m2 and
0.3 m2. In case the UAV-BS operates at 70 m, the needed nominal capacities are
3.55 W and 60 W, without significant reductions of PV panel surface.
In winter, the situation is similar as illustrated in Figs. 8.6c, 8.6d, 8.7c, 8.7d, even if
larger values of B than in summer are needed and lower values of LEP are reached,
because of the low energy production, which characterises this season, as shown in
Fig. 8.5. At 8:00 and 16:00, when L is 0.16, B greater than 4.2 and 3.35, respec-
tively, is needed in order to stabilise the system, keeping LEP lower than 0.03. This
means that with this traffic intensity, a PV panel whose nominal capacity is between
28 W and 35 W is needed if the UAV-BS is located at 120 m, which has a surface
between 0.17 m2 and 0.14 m2. This capacity rises between 26.4 W and 33 W, with
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Fig. 8.8 Percentage of time during which the system is stable in winter (a) and summer (b);
Average LEP in winter (c) and summer (d).

no significant variation of the needed PV-panel area, if the UAV-BS elevation is 70 m.
At 12:00 B equal to 0.4 is sufficient to make the system stable, provided by a PV
panel with nominal capacity of 3.3 W and surface equal to 0.17 · 10–1 m2. In these
cases, LEP is 0.03. Increasing L up to 1.72, i.e. increasing the traffic intensity, only
during the peak hour production, from 10:00 to 14:00, B larger than 7.05 makes the
system stable, with LEP no larger than 0.32, which is achieved when the installed
PV panel capacity is 71 W, which has a surface of 0.3 m2.
Separately considering winter and summer, Figs. 8.8a and 8.8b provide the percent-
age of time during a day for which the system is stable, increasing the value of L
(and, hence, the traffic) from 0.1 to 3.5. Each curve in the figures corresponds to a
different value of B, from 0.1, in blue, to 10.0, in red. These figures confirm that
large values of L require large values of B to achieve the stability of the system. In
winter, the system is stable 100% of the time (meaning it can serve all the traffic
at each time of the day) only if traffic is low (L is between 0.1 and 0.22), and the
production system is large (B larger than 7.8). The nominal capacity of the PV-panel
that is needed is at least 61.58 W, if the UAB-BS is located at 70 m, while it is at
least 64.95 W, when it works 120 m above the ground. If lower values of B are
used, the system reaches stability less than 80% of the considered time and with B
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Fig. 8.9 Model of the UAV-BS flight supply system.

lower than 1, which corresponds to a nominal capacity smaller than 9 W, for both the
considered elevations, instability occurs for more than half of time. In summer, the
system is stable for the whole considered time even under high traffic (L up to 1.29),
if B is larger than 9.95. The system results stable for more than 80% of the time
when L is 0.43, if B is between 2.0 and 10, i.e. if the nominal capacity of the PV
panel is 15.8 W, if the drone height is 70 m, and 16.7 W, if the UAV-BS is located at
120 m above the ground, but for less than 60%, if B is lower than 1.45, which is the
scenario where a PV-panel with nominal capacity of 12 W is employed.
As discussed above, large values of B and small values of L, beside making the
system stable, generate large values of energy losses LEP as shown in Figs. 8.8c and
8.8d. LEP decreases with B and L, until the region where the system is unstable,
where LEP assumes a constant value, which is up to 0.54, in summer and up to 0.27,
in winter, according to the B and L setting.
These results show how the models proposed in the previous sections can be used to
understand the relation between traffic demand and power supply and to dimension
the UAV-BS power supply system. Results also highlight the importance of the
evaluation of the period of the day and of the year in order to verify the feasibility of
this solution and its proper sizing.

8.4.5 Impact of the PV panel supply on the UAV-BS flight time

In this section, we investigate the impact of the PV panel usage on the flight time of
the LTE MU-MIMO UAV-BS, equipped with a single MIMO antenna. As mentioned
above, the PV panel is used to supply the transmitting unit of the drone, while the
battery is used to make the drone fly. When an EP, produced by the PV panel, reaches
the transmitting unit, if there is at least a DP in the DP waiting line and an available
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server, a new transmission starts, see section 8.1. As depicted in Fig. 8.2, in case an
EP arrives at the transmitting unit but there are no DPs to be transmitted or all the
servers are busy, sending DPs, that EP is considered lost and it is moved and stored
in the energy battery, if enough capacity is available, and employed to supply the
UAV-BS mobility.
In this section, we quantify the impact on the UAV-BS flight time of the EPs which
are considered lost at the transmitting unit but reach the battery used for the supply
of the drone flight. The part which makes the drone fly is modelled as a queuing
system with a single server and a finite waiting line, where the customers, which are
the EPs, are waiting to be consumed for the UAV-BS flight supply, as depicted in
Fig. 8.9. Since the UAV-BS has full battery when it starts to operate, we assume
that when the system starts, the waiting line is full and as soon as it is empty, the
drone operation ends, since no energy is available to supply the flight of the drone.
The EPs which reach the system are the ones which are lost at the transmitting unit.
This means that the EPs are generated according to a Poisson process with rate β,
but they actually reach the battery of the UAV-BS flight part with probability LEP,
see Fig. 8.9. The probability LEP is computed as in (8.2). The processing time of
the customers, i.e. EPs, corresponds to the time which is required to consume an EP
for the supply of the flight of the UAV-BS. We assume that it is constant, with rate
μEP, in EP/ms. As in [3, 147], the battery voltage and the current flight usage of the
UAV-BS which we are considering are 14.3 V and 5 A, resulting in a power flight
usage equal to 71.5 W. This means that the energy needed to fly in 1 ms is 71.5 ·10–3

J, which corresponds to 11.29 EP/ms, assuming that each EP contains 6.33 ·10–3 J,
as in the case the UAV-BS operates at 120 m from the ground. As a result, since the
UAV-BS has a time flight equal to 24 minutes, when no EPs reach the battery used
for the supply of the drone flight, the waiting line can store up to 16265402 EPs.
In Fig. 8.10 the growth of the lifetime of the UAV-BS, because of the EPs which are
lost in the transmitting unit and used for the supply of the drone flight, is reported.
In particular, the duration of the UAV-BS flight is shown, in the summer scenario,
in Figs. 8.10a, 8.10b and, in the winter one, in Figs. 8.10c, 8.10d, for L equal to
0.16 and 1.72, respectively, which correspond to 0.89 and 9.75 Mbps. Each curve in
these figures is the flight time duration, in minutes, for a given hour of the day, from
8:00 to 16:00, increasing the B parameter, which determines the energy production
as in (8.8) and varies from 0.1 to 10.0. As previously discussed, B equal to 0.1
corresponds to a nominal capacity of the PV panel equal to 0.83 W, while with B



8.5 Final Remarks 167

2 4 6 8 10
B

30

40

50

60

70

(m
in

)

SUMMER - L = 0.16

8:00

9:00

10:00

11:00

12:00

13:00

14:00

15:00

16:00

(a)

2 4 6 8 10
B

30

40

50

60

70

(m
in

)

SUMMER - L = 1.72

8:00

9:00

10:00

11:00

12:00

13:00

14:00

15:00

16:00

(b)

2 4 6 8 10
B

25.0

27.5

30.0

32.5

35.0

(m
in

)

WINTER - L = 0.16

8:00

9:00

10:00

11:00

12:00

13:00

14:00

15:00

16:00

(c)

2 4 6 8 10
B

25.0

27.5

30.0

32.5

35.0

(m
in

)

WINTER - L = 1.72

8:00

9:00

10:00

11:00

12:00

13:00

14:00

15:00

16:00

(d)

Fig. 8.10 UAV-BS flight time duration in summer with L=0.16 (a) and L=1.72 (b) and in
winter with L=0.16 (c) and L=1.72 (d).

equal to 10.0, the PV panel nominal capacity is 83.28 W. Similar to the previous
discussion, the growth of the flight time duration strictly depends on the period of the
day and of the year and high traffic demand needs large values of B to significantly
increase the drone flight duration. Indeed, in summer, with B equal to 5, the UAV-BS
is able to fly for up to 45 and 30 minutes, meaning that it grows by up 44% and 24%,
with L equal to 0.16 and 1.72, respectively. When B is equal to 10, the drone is
able to operate for up to one hour. In winter large values of B are needed to achieve
significant rise of flight of the UAV-BS. When B is 10, the lifetime of the drone lasts
up 32 and 28 minutes, with L equal to 0.16 and 1.72, respectively.

8.5 Final Remarks

The use of UAVs, on which BS equipment is mounted, is a promising solution to
dynamically provide additional capacity in RANs. Usually, UAV-BSs are powered
by on-board batteries, which makes their survival short, because of the scarceness of
the energy availability. For this reason, solar-powered UAV-BSs are an interesting
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alternative which, however, raises a number of challenges related to its dimensioning
and the intermittent nature of the energy generation.
In this part of the work, we model a PV-panel powered LTE MU-MIMO UAV-BS
and investigate the different system operation regions, as a function of the traffic
demand and the energy production. Our results reveal that the usage of the PV panel
as a unique energy source for the communication unit of an UAV-BS is an effective
solution but it has to be properly sized in order to operate in stability conditions.
Keeping into consideration the period of the day, of the year and the traffic demand
intensity is fundamental in order to properly design this solution.



Chapter 9

Conclusion

In line with the Paris Agreement and the European Green Deal, the communication
community has recognised the network energy efficiency as a fundamental and
urgent aspect, to make the communication network sustainable. The BS have been
identified as the most energy consuming components of mobile networks, accounting
for 80% of the total consumption of the RAN and their energy need is expected to
further grow because of the rise of the mobile data traffic, expected in the next years.
The contribution of this thesis consists in designing, analysing and evaluating high en-
ergy efficient RANs, investigating various critical issues raised by the introduction of
the MEC technology and the UAV-BSs, pillar technologies for 5G and beyond RANs.
One of the most studied approaches for the reduction of the energy consumption of
RANs is the RAN management, based on the BS switching. It is often combined
with the RAN renewable energy supply, which uses locally installed RES, typically
composed of a PV panel system, to provide the energy needed for the network supply.
The Resource on Demand approaches leverage the temporal variability of the traffic
and it deactivates BSs in case of low traffic demand. Alternatively, in case the RAN
is supplied by a RES system, the Resource on Produced Energy approaches can be
employed. If this is the case, the BS switching decisions are based on the amount
of available renewable energy, which is locally produced. In particular, a BS is
put in sleep mode, when that quantity is not sufficient for the network supply, to
minimise the energy which has to be purchased from the grid. We propose different
approaches for this scenario, which provide up to 40% of energy saving and good
QoS, in the considered scenarios. Results also highlight the fundamental role of
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the macro cell BSs in hierarchical RANs, in order to provide the adequate QoS.
With the employed strategies, the decision to switch a BS to sleep mode is driven
by the future traffic demand and/or the future generation of RES. In order to access
these predictions, AI and ML based approaches are used in this work. We use
different ML algorithms and we also propose and discuss ANN-based solutions to
derive the needed predictions. Our results show that ML algorithms are necessary to
achieve a good trade-off between energy efficiency and QoS. Moreover, results point
out that large errors in the forecast do not always imply bad network performance.
Indeed, the correct estimation of traffic is important only around the values that
trigger the decision to activate or deactivate some micro cell BSs. This makes the
RAN performance slightly sensible to the used ML algorithm. Forecast algorithms
that tend to overestimate traffic, yield lower energy saving without deteriorating
QoS. On the contrary, forecast algorithms that tend to underestimate traffic yield
losses of traffic, despite higher energy saving, increasing it up to 5 percentage points
(which does not compromise QoS). Results also reveal that energy savings strongly
depend on traffic patterns that are typical of the considered area. This implies that
a widespread implementation of these energy saving strategies without the support
of ML would require a careful tuning that cannot be performed autonomously and
that needs continuous updates to follow traffic pattern variations. On the contrary,
ML approaches provide a versatile framework for the implementation of the desired
trade-off that naturally adapts the network operation to the traffic characteristics typi-
cal of each area and to its evolution. However, ML approaches become particularly
effective only if their outputs are integrated into decision processes that are driven by
a deep domain knowledge, which cannot be eliminated if the desired objectives are
to be achieved. Indeed, this thesis shows that if the traffic predictions are carefully
processed, QoS deterioration is avoided, while significant energy saving can be
achieved. Prediction processing requires both the understanding of traffic patterns
over long time scales, so as to detect the overall trend of increasing or decreasing
traffic, as well as strategies to combine predictions at different time lags. Prediction
processing and the consequent dynamic resource allocation affect the BS failure rate
in different ways. In addition, this work investigates the impact of the BS switching
on the BS HW lifetime. Switching a BS is harmful to its failure rate while the time
spent in sleep mode prevents its deterioration. The actual impact of the combination
of these two phenomena depends on the HW components of the BS, as well as on
the RAN management strategy. In case the switching of a BS is not costly, less strict
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switching conditions can be applied: the BS failure rate is not affected while larger
energy saving is achieved. Conversely, when the BS is sensitive to switching, more
conservative resource allocations should be employed. For existing networks, not
designed for highly dynamic resource allocation, conservative approaches better
prevent BSs from HW failure. However, in perspective, with the deployment of new
devices suited for strongly dynamic networks, less conservative approaches, which
frequently activate and deactivate BSs, can be used, and higher energy saving is
expected.
Our work helps understand the simultaneous employment of the BSs switching
and the MEC paradigm. In RANs, the MEC paradigm consists of the placement of
computing and storage servers, directly at each BS of these networks. It is considered
a promising solution, in order to expand the existing mobile networks, achieving
ultra-low delays, extensive coverage and ultra-high reliability. In this work, RANs
which use both the BS switching for the energy efficiency and the MEC for the
delay reduction are investigated, providing an overview of their mutual effects. The
employment of the MEC technology increases the RAN energy consumption, since
the MEC platforms have to be powered to provide the service. Meanwhile, the
BSs switching dynamically activates and deactivates resources, and consequently
the MEC servers, impacting its performance. We notice that caching at the edge
and dynamic activation of the BSs, can be very effective in reducing latency and
reducing the network power consumption, respectively, without deteriorating their
performances because of their coexistence. Indeed, even if strictly dependent on
the characteristics of the traffic and on the server capacity, the MEC technology
reduces the experienced delay up to 60%, without generating significant growth of
the network energy consumption, limited to 7%. In addition, the employment of
an energy reduction strategy, applied in case of renewable energy shortage, reduces
the energy consumption but does not impact the experienced delay. Nevertheless,
caching on the macro BSs is always needed to significantly reduce delays, while
caching also on the micro cells relieves the effort on the macro cell. Finally, we
propose association policies, whose objective is the minimisation of the RAN energy
consumption and/or the experienced delay, in order to maximise the benefits provided
by the MEC technology usage, ensuring also the achievement of the network energy
efficiency. Association procedures which minimise the delay and/or the energy
consumption tend to associate users with macro BSs. In this way, when the network
energy consumption is optimised, it decreases by up to 27% and also the experienced
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delay is slightly reduced by 4%. Meanwhile, in case the association procedure is
based on the minimisation of the delay, it drops by 10%, but the energy consumption
increases by 4%, since users can be associated with BS which are far, and the emitted
power has to be increased so as to receive the signal with the adequate quality.
Moreover, this work investigates the usage of UAV-BS-aided RANs. UAV-BS
networks are fast deployable networks, which use as network infrastructure the
UAV-BSs. Indeed they cope with the growth of mobile traffic and are suitable for
overcrowded and emergency scenarios, to rapidly bring connectivity where needed.
Our simulations point out that UAV-BSs need hourly replacement because of the
scarce on-board energy availability on these drones, provided by on-board batteries.
In addition, simulations show that the BH network often saturates, due to its low
available bandwidth, which limits its capacity and significantly deteriorates the net-
work QoS. To cope with the BH network saturation, which significantly deteriorates
the QoS, we use the MEC paradigm, to cache popular contents on each UAV-BS and
decrease the occupancy of the BH network. Simulations, performed for different
traffic characteristics and different MEC server capacity, reveal that this is a very
promising solution to avoid the BH network saturation. In particular, the QoS is
significantly improved, by reducing the lost traffic by 33%, thanks to a halving of the
BH network capacity needs. As a consequence, the access capacity grows by 70%
while the delay drops by 33%.
In order to address the lack of on-board available energy, we consider a solar-powered
UAV-BSs. The model of a LTE MU-MIMO UAV-BS, powered by a PV panel sys-
tem, is formalised. In order to do this, queuing theory is employed, coupled with
a discretized representation of the data flow and energy flow, as DPs and EPs. The
transmission of a DP is triggered by the arrival of an EP. When an EP reaches the
system, but no DPs are available or the system is already processing a DP, that EP
is unused and, if enough battery capacity is available, moved to the battery and
employed to power the UAV-BS flight. Through this model, we investigate the
interplay between the traffic demand and the energy generation, in particular the
energy production levels that are needed to satisfy the traffic demand, the probability
that an EP is unused and the proper PV panel dimensioning are analytically derived,
also considering the time dependence of both the traffic demand and the PV panel
production. Our results reveal that the usage of the PV panel as a unique energy
source for the communication unit of an UAV-BS is an effective solution, but it
has to be properly sized in order to operate in stability conditions. Keeping into
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consideration the period of the day, of the year and the traffic demand intensity is
fundamental in order to properly design this solution.

Concluding, this work shows that RAN resource management is an effective solution
to respond to the sustainability and energy efficiency constraints, established by
European policies, as well as the requirements which are emerging from the 6G
discussions in the communication community. The urgency of the RAN energy effi-
ciency is also due to the need for cooperation in facing the climate change problem,
which will characterise the era which we are entering in.
This RAN aspect steers further research efforts in the next year to come. Indeed,
in the future, the role of renewable energy, the optimisation of RAN resource man-
agement are bound to become even more relevant, in view of the deployment of
5G RANs, as well as the design of the 6G mobile network standard. This brings
new directions to be taken. First, the employment of other RES, such as wind,
geothermal, etc., is envisioned to become even more relevant because of sustainabil-
ity requirements, also motivated by the imminent deployment and marketing of more
efficient RES infrastructures. In addition, the application of Resource on Demand
and Resource on Produced Energy approaches will have to be adapted to the new 6G
scenarios. Indeed, the future network will be a large decentralised system, where
intelligent decisions are made at different granular levels. To accelerate the learning
and improve the reliability, distributed AI will leverage increasingly powerful dis-
tributed computation, communication, caching and control resources, meaning that
BSs will also provide these features. Hence, the BS activation/deactivation decisions
will no longer be based only on traffic demand and/or RES production, posing new
challenges to this extent. In this scenario, as already investigated, the RAN can
profitably interact with the Smart Grid and become an active actor in the energy
market, acting as a prosumer, withdrawing and injecting energy from/in the electric
grid. To this extent, dynamic and energy-aware service availability could be suitable,
adapting the provided services or their prices, to meet the energy availability in the
grid, as well as the locally produced. On the other hand, the deployment of shared
distributed resources for computation, communication, caching and control among
service providers leads to the employment of new economic models such as shared,
or circular, economic, whose usage in this field has to be investigated.
Nevertheless, in this scenario, some challenges arise. While the application of AI
in 5G networks is limited to the optimisation of the network architecture, since the
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5G network did not take it into account at the beginning of its design, the situation
is different for the 6G network. As a consequence, the high penetration of AI is
envisioned as the key element, to make the network as smart, agile, and able to learn
and adapt itself according to the changing network dynamics as possible. Because of
the long training running on a huge number of Graphical Processing Units, using
large data-sets, it brings to an ever-growing energy needs [148]. For this reason, in
order to achieve the energy efficiency requirement, it will be necessary to include
this aspect as a new variable in the design space of the optimisation of the network
energy efficiency. Furthermore, with the high penetration of the services provided
by RAN, the need for reliable power supply for this network becomes more and
more urgent, mainly in emerging countries, whose RAN traffic demand is expected
to significantly grow, but which can not rely on a continuous power supply service.
Finally, the new quantum computing system has been emerging as the future of high
performance computing platforms, able to solve complex problems faster than classi-
cal computers, representing a great support for the network. Its study is dawning,
even if the investment in this field has increased in the public and private sectors, but
its power consumption is one of its many open issues which has to be investigated.
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Appendix A

List of Acronyms

3GPP Third Generation Partnership Project

AF Accelerator Factor

AI Artificial Intelligence

AME Average Mean Error

ANN Artificial Neural Network

AP Access Point

ARE Average Relative Error

ARIMA Auto-Regressive Integrated Moving Average

BH Backhaul

BLR Block Linear Regression

BS Base Station

CN Core Network

CTMC Continuous Time Markov Chain

DFD Descending Front Detection

DOD Depth of Discharge



190 List of Acronyms

DP Data Packet

DRAM Dynamic Random Access Memory

EP Energy Packet

HW Hardware

ICT Information and Communication Technology

KPI Key Performance Indicator

LFU Least Frequently Used

LSTMC Long Short Term Memory Cell

LTE Long Term Evolution

LoS Line-of-Sight

MANO Management and Orchestration System

ME Mean Error

MEC Multi-access Edge Computing

ML Machine Learning

MNO Mobile Network Operators

MSE Mean Squared Error

MU-MIMO Multi User - Multiple Input Multiple Output

NLoS Non-Line-of-Sight

OPEX Operational Expenditure

PV Photovoltaic

QoS Quality of Service

RAN Radio Access Network

RB Resource Block
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RE Relative Error

RES Renewable Energy Source

RNN Recurrent Neural Network

RoD Resource on Demand

RoPE Resource on Produced Energy

SA Seasonal ARIMA

SISO Single Input Single Output

UAV Unmanned Aerial Vehicles

UAV-BS Unmanned Aerial Vehicles - Base Station

WI Walfish Ikegami
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