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Abstract

New generations of mobile communication are expected to support QoS constraints ranging from
low latency (few milliseconds) and extreme reliability (> 99.99%), enabling Ultra-Reliable Low
Latency Communication (URLLC). Beside health risks of electromagnetic radiation, URLLC
devices usually have limited power resources, which dictates careful planning of throughput
maximization with green communication schemes. Hence, it becomes crucial to optimize resource
allocation and study the interplay between power, delay, and reliability.

Effective Capacity (EC) indicates the maximum communication rate subject to a certain delay
constraint while effective energy efficiency (EEE) denotes the ratio between EC and power
consumption. We analyze these metrics in ultra-reliable networks and characterize the
performance gap resulting from finite blocklength operation. Our analysis determines the upper
bounds for EC and delay constraint when varying transmission power. We characterize the power-
delay trade-off for fixed EC and propose a power saving scheme which exploits the asymptotic
behavior of EC in the high SNR regime. We study different models for energy efficient
transmission such as empty buffer probability and adaptive retransmission. We obtain closed form
expressions for EC and EEE in fading channels as a function of power, error probability, and
delay. Moreover, the optimum power allocation strategy for maximizing EEE is defined for each
model.

Next, we present an opportunistic spectrum sharing scheme that applies ARQ with successive
interference cancellation. The proposed scheme outperforms the open loop and non-opportunistic
scenarios in terms of secondary user transmit power and primary user reliability. In the context of
retransmissions, we also illustrate a power saving uplink algorithm by optimally allocating time
and frequency resources for packets with heterogeneous reliability requirements.

Finally, in the context of massive access schemes, we assume discrete Markovian events that
activate IoT devices. We develop efficient traffic prediction scheme which exploits the traffic
correlation on the event and temporal dimensions. This enables a fast uplink (FU) grant procedure,
which outperforms conventional random access and time division duplex in terms of regret and
system usage, while maintaining its age superiority over random access in massive deployments.

Keywords: effective capacity, energy efficiency, fast uplink grant, finite blocklength,
HARQ retransmission, internet of things (IoT), Machine-Type Communication,
resource allocation, spectrum sharing, Ultra-Reliable Low-Latency Communications
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Tiivistelmä

Uuden sukupolven liikkuvan tietoliikenteen odotetaan tukevan Keskeiset erittäin luotettavan pie-
nen latenssin tiedonsiirron (URLLC) ja palvelun laadun (QoS) vaatimukset vaihtelevat pienestä
muutaman millisekunnin luokkaa olevasta viiveestä äärimmäiseen, yli 99,99 % luotettavuuteen.
Sähkömagneettisen säteilyn terveysriskien lisäksi, useimmissa tapauksissa URLLC-laitteilla on
rajalliset virtalähteet, joka ekologista energiatehokasta viestintäjärjestelmää unohtamatta. Tässä,
on ratkaisevan tärkeää optimoida resurssien kohdentamista ja tehon, latenssin ja luotettavuuden
välistä vuorovaikutusta.

Efektiivinen kapasiteetti (EC) ilmaisee suurimman tiedonsiirtonopeuden tietyllä viivekritee-
rillä, kun taas efektiivinen energiatehokkuus (EEE) tarkoittaa EC:n ja energiankulutuksen suh-
detta. Analysoimme näitä mittareita erittäin luotettavina verkoissa ja luonnehdimme äärellisen
lohkon pituudesta johtuvaa suorituskykyä. Analyysi määrittelee myös EC:n ylärajat ja viivera-
joitukset lähetystehoa vaihdettaessa. Tehon ja viiveen välistä kaupankäyntiä luonnehditaan kiin-
teällä EC:llä ja tehonsäästöön ehdotetaan EC:n asymptoottista käyttäytymistä suurilla signaali-
kohinasuhteilla hyödyntävää. Erilaiset energiatehokkaan siirron mallit vaihtelevat aina täyden
puskurin mallista malleihin, jotka pohjautuvat uudelleenlähetyksiin. Tutkittavalle metriikalle
johdetaan suljetun muodon lausekkeita häipyvissä kanavissa tehon, virhetodennäköisyyden ja
latenssin funktiona. Lisäksi jokaiselle mallille määritetään optimaalinen tehonjakostrategia
EEE:n maksimoimiseksi.

Seuraavaksi esitetään opportunistinen taajuuksien jakamisjärjestelmä, joka soveltaa auto-
maattista toistopyyntöä (ARQ) ja peräkkäistä häiriönpoistoa. Ehdotettu järjestelmä on parempi
kuin avoimeen silmukkaan ja ei-opportunistisiin skenaarioihin perustuvat järjestelmät toissijai-
sen käyttäjän lähetystehon säästön ja ensisijaisen käyttäjän luotettavuuden kannalta. Uudelleen-
lähetysten yhteydessä havainnollistetaan myös nousevan siirtotien tehonsäästöalgoritmia varaa-
malla optimaalisesti aika- ja taajuusresurssit paketeille, joilla on heterogeeniset luotettavuusvaa-
timukset.

Äärimmäisen massiivisia pääsyjärjestelmi yhteydessä, oletuksena on, että IoT-laitteiden toi-
mintaa voidaan mallintaa Markovin tapahtumina. Kehitämme tehokas liikenteen ennakointijär-
jestelmä, joka hyödyntää liikenteen korrelaatiota tapahtumien ja ajallisten ulottuvuuksien. Tämä
mahdollistaa nopeat nousevan siirtotien lähetysjaksot. Ehdotetun järjestelmän suorituskyky ylit-
tää sekä tavanomaisen satunnais- että aikajakoisen yhteyden osumatarkkuudessa ja järjestelmä-
käytön tehokkuudessa. Samalla se on satunnaiskäyttöä parempi keskimääräisen tiedon iän suh-
teen.

Asiasanat: efektiivinen kapasiteetti, energiatehokkuus, erittäin luotettava pienen
latenssin tiedonsiirto, konetyyppinen tietoliikenne, resurssiallokaatio, äärellinen lohkon
pituus
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ε error probability

εt target error probability

ε∗ optimum error probability

ζ inverse drain efficiency

ηα compensation loss priority factor
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1 Introduction

Modern communication systems are everyday use equipments everywhere around us
becoming an indispensable part of our lives. Cellular communications have experienced
a paradigm shift in recent years, stimulated by new service modes to cope with the new
use cases driven by the market demands. As a result of this shift, the fifth generation of
mobile communication (5G) introduced new features such as Ultra Reliable Low Latency

Communications (URLLC) and massive Machine Type Communication (m-MTC) [1–6].
These features may serve many yet unforeseen applications and support a multitude
of smart devices interconnected via machine type networks to enable the Internet of
Things (IoT). IoT aims at bringing connectivity to anything that can benefit from internet
connection [7].

To this end, the advent of IoT has led to a surge in the number of devices aiming to
realize the 2030 vision of data driven societies [8]. This vision is mainly dominated by a
large number of machine type devices, which will be used for environment monitoring,
remote surgery, autonomous objects, and many yet unforeseen applications. The number
of connected devices is expected to cross the 28 billion border in 2021, where a single
macro-cell may need to uphold up to 10,000 or more devices in the future [9, 10]. Many
smart IoT applications such as traffic control, autonomous vehicles, environmental
monitoring, surveillance and crowd sensing are enabled by MTC [11, 12]. In general,
MTC refers to networks that can support a variety of connected smart devices at the
same time with the same base station (BS). MTC has gained an increasing interest
in recent years via employing new multiple radio access technologies and efficient
utilization of spectrum resources to improve reliability and robustness [13–15].

The traffic behavior of MTC is quite different from the HTC (Human-type communi-
cation), where [16]:

– MTC is coordinated (i.e. there are simultaneous access attempts from many machine
reacting to the same events), while HTC is uncoordinated.

– MTC uses short as well as small number of packets.
– MTC traffic is real as well as non-real time, periodic and event driven.
– MTC QoS requirement is different from HTC (i.e. different reliability and latency

requirements).
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URLLC or critical MTC (c-MTC) has emerged to provide solutions for reliable
and low latency transmissions in wireless systems. The design of URLLC systems
imposes strict quality of service (QoS) constraints to fulfill very low latency in the order
of milliseconds with expected reliability of higher than 99.99% [1, 4]. In [17], Schulz et
al. discussed the reliability requirements for different IoT applications. According to
their study, latency bounds range from 1 ms in factory automation to 100 ms in road
safety. In addition, the packet loss rate constraints range from 10−9 in printing machines
to 10−3 for electricity distribution [18]. Such requirements are far more stringent than
the ones in the previous long term evolution (LTE) standards [19].

On the other hand, m-MTC traffic is characterized by intermittent transmissions
at low data rates with typically low reliability targets. In both cases, the payload is
typically small, whereas the traffic profile can be random with intermittent/bursty arrival
or follow a regular pattern [20]. Projected use cases for MTC in 5G and beyond include
industrial automation, smart home, V2x communication, and smart agriculture.

1.1 Thesis motivation

Towards short packet transmission

Traditional communication systems are based on Shannon theoretic models and utilize
metrics such as Shannon capacity or ergodic capacity [21]. In these systems, information
is commonly conveyed in the form of data bits which are then transformed to coded
packets. Packets are then transmitted in noisy mediums which are affected by fading.
For a particular communication channel, Shannon capacity determines the attainable
rate by which information can be transmitted with almost no error. Conventionally,
communication systems are designed based on Shannon theory, which resorts to the
transmission of relatively long data packages when there is a large number of channel
uses per packet.

C-MTC services typically require fast channel access to meet the tight latency
requirements with very high reliability. In general, MTC systems ranging from sensor to
vehicular networks often have strict delay constraints, where packets are relatively short
and required to be transmitted at minimum latency and a high level of reliability. QoS
constraints ranging from low latency in the order of few milliseconds and packet loss
rate (< 10−4) are key requirements for URLLC [22]. This is not merely achieved via
conventional coding with long blocklength. Meanwhile, ultra-reliable communication
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(URC) has evolved to propose solutions for reliable and low latency communication.
The next generations of mobile communication are expected to support such demands
via MTC [1, 23, 24].

Unlike classical systems, MTC networks are designed to communicate on short
packets due to the short payload messages, which are usually transmitted and received by
MTC devices. This also aims at satisfying the extreme low latency requirement in real
time applications and emerging technologies such as e-health, industrial automation, and
smart grids whenever data sizes are reasonably small such as sensor readings or alarm
notifications. In the finite blocklength regime, the length of metadata is of comparable
size with the length of data. Moreover, transmission of short packets does not comply
to Shannon capacity, which becomes a poor performance metric at finite blocklength
as pointed out in [23]. In this context, conventional metrics (e.g. channel capacity
or ergodic capacity) become highly suboptimal [23], which requires new analytical
approaches and metrics. Such issues stimulated a revolutionary trend in information
theory studying communication at finite blocklength (FB) [23, 25, 26].

Another research topic that has gathered much attention is cooperative transmission
in MTC, where in [10] the authors proposed a location-based cooperative strategy to
reduce the error outage probability, but without study of the latency aspects.

Towards green and ultra-reliable IoT

Energy efficient transmission while guaranteeing QoS is an ultimate goal in the design of
future IoT networks. In order to boost throughput and reliability while guaranteeing low
latency, it becomes crucial to investigate and optimize the resources that are allocated
for transmission. In most cases, MTC devices such as remote sensors have limited
energy resources which dictates careful planning of throughput maximization with
wise energy consumption models [27]. Furthermore, besides possible health risks
of electromagnetic radiation in over populated areas such as city centers [28], the
information and communication technology industry was projected to contribute to 6%
of global CO2 emission in 2020 [29]. This urges the invention of low power consumption
green communication schemes which are still able to perform with QoS guarantees.
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Towards massive access with extreme low latency

A central element in supporting MTC devices is the design of protocols with efficient
access procedures that are suited for spontaneous transmissions. Traditional massive
access schemes such as random access (RA) and time division duplex (TDD) suffer
from significant shortcomings that render them unsuitable for applications with strict
requirements to both latency and reliability.

At the opposite side is the uncoordinated RA [30], where devices attempt to transmit
their data in randomly selected transmission slots without relying on any scheduling
procedure. This results in large number of collisions which leads to waste of power
and longer delays. Meanwhile, alternative schemes such as TDD and access class
barring (ACB) [31] were concluded to be inefficient in terms of delay. Hence, the road
to extreme low latency urges the invention of novel massive access schemes that depart
from the shortcomings associated with the classic ones and exploit activation correlation
and the prediction of traffic patterns.

1.2 Scope, objectives, and methods

Scope: Modern communication technologies have become an indispensable part
of our daily life allowing several applications that facilitate the control of different
processes within our homes, workplaces or outdoor areas. The new generation of mobile
communication is expected to support a multitude of smart devices interconnected
via MTC networks, enabling the Internet of Things (IoT). QoS constraints ranging
from low latency in the order of few milliseconds and packet loss rate (PLR) < 10−4

are key requirements for URLLC [2]. In most cases, URLL application devices have
limited power resources which dictates careful planning of throughput maximization
with wise energy consumption models. In order to boost throughput and reliability
while guaranteeing low latency, it becomes crucial to investigate and optimize the
resources that are allocated for transmission. Thus, energy efficient transmission while
guaranteeing quality-of-service (QoS) is an ultimate goal in the design of 5G and 6G. The
research question in our study is how to invent robust, low power consumption, energy
efficient, and green communication schemes for MTC in beyond 5G and 6G ? This
question has been investigated on a very limited level so far and without incorporating
the characteristics of MTC traffic such as short packet transmission and stringent QoS
constraints.
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In addition to investigating and optimizing the resources allocated for transmission,
studying the interplay between power, delay and reliability is necessary for boosting
throughput and reliability and whilst guaranteeing low latency. To achieve low latency,
information bits are usually transmitted through non ideal channels in the form of coded
short packets. In most cases, URLL application devices have limited power resources
which dictates the invention of low power consumption, green communication schemes.
In our research, we study the QoS provisioning metrics such as EC and the EEE of
ultra-reliable networks operating in the finite and infinite blocklength regimes. We seek
different models for energy efficient transmission which include always full buffer,
EBP, and retransmission schemes which rely on EBP. Furthermore, we study predictive
resource allocation schemes in order to reduce latency and optimize network energy
resources with the aid of AoI metric. The impact of this research is the contribution to a
green, low latency IoT and extending the battery life of remote sensors.

Objectives: The main focus of this thesis is developing energy efficient designs
for real time, delay limited applications in the fifth and sixth generations of mobile
communication. Thus, we provide a general mathematical framework for statistical
QoS provisioning for wireless networks and define performance benchmarks for energy
efficiency and power consumption. In this context, we study the performance gap of EC
and EEE when utilizing short packets as compared to the long packets classical model.
The results include a comparison between Shannon and finite blocklength model and
optimal power allocation to maximize the EC and EEE for short packet communication.

We also aim at developing optimum resource allocation schemes for ultra-reliable
and low latency networks, characterizing the energy efficiency and inventing power
saving algorithm. In this context, we study the application of HARQ protocol for
retransmission when the buffer is empty which means that there is no packet to transmit
and optimize the error probability of each transmission when channel state information
is available at the transmitter. In addition, we study the optimum resource block and
power allocation for ultra-reliable transmission of heterogeneous packets when each
packet has its own reliability and latency constraint. Moreover, we aim at addressing the
shortcomings of classical RA and TDD schemes by developing a novel framework for
traffic prediction of IoT devices activated by binary Markovian events by exploiting the
correlation between the devices. This allows for an efficient and collision-free access
scheme to enable extreme low latency communication.

Methods: To achieve the required objectives, we resort to information and commu-
nication theories in conjunction with solid theoretical framework. We resort to well
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established mathematical tools of the related field and optimization theory in order to
build comprehensive mathematical frameworks to analyze QoS provisioning in wireless
networks. Validation of the derived theories, and performance evaluation of the devised
methods and algorithms were corroborated by Monte Carlo simulations via computer
software such as Matlab, Mathematica and Python. State-of-art benchmark performance
results were also provided and compared to the proposed algorithms whenever possible .

1.3 Literature review and thesis outline

This section reviews the existing literature on the main and information and communica-
tion theory issues related to the proposed schemes.

Communication in the finite blocklength regime

In order to satisfy extremely low latency in real time applications and emerging
technologies such as e-health, industrial IoT, and autonomous vehicles, an attractive
solution is communication with short messages [3]. In short packet transmission,
machines communicate using short messages whenever data sizes are reasonably small
such as sensor readings or alarm notifications, which is the case in the most of MTC
scenarios [1, 17]. Therein, the lengths of the packets to be communicated are short, but
their importance is extremely high. When the packets are short and delay requirements
are stringent, performance metrics, such as Shannon capacity or outage capacity, provide
a poor benchmark, and therefore, fundamentally new approaches are needed [25, 32].

As a result of the failure of Shannon’s model to provide an accurate benchmark for
it, finite blocklength communication has been extensively studied recently [1, 3, 23, 25,
33–37]. This occured following the seminal work in [38], where coding rates of short
packets are defined for the additive white Gaussian noise (AWGN) channel as a function
of blocklength and error probability. For instance, [25] characterizes the throughput
of delay constrained systems communicating on short packets, while [3] defines the
maximum achievable rate and throughput of ARQ protocols in the finite blocklength
regime.

Later, in [35] the authors determined the maximum communication rate as a function
of blocklength and error outage probability in quasi-static fading. The results highlighted
a constant gap between their achievability bound and practical coding schemes which are
implemented in current standards. However, the gains in latency due to short messages
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come at a cost of reliability as discussed in [23]. In [3], a per-node throughput model
was introduced for AWGN and quasi-static collision channels where interference is
treated as additive Gaussian noise while considering average delay.

In [19], the authors analyzed the effect of using smaller resource blocks on error
probability bounds in OFDM. The effect of relaying of blocklength-limited packets was
studied and compared to direct transmission in [39], [40] where the authors concluded
that relaying is more efficient than direct transmission in the FB regime specially with
average channel state information (CSI). Furthermore, the authors of [3] introduced a
per-node throughput model for additive white Gaussian noise (AWGN) and quasi-static
collision channels. Therein, average delay is considered and interference is treated as
AWGN.

To this end, we start by presenting the notion of finite blocklength transmission in
which short packets are conveyed at rate that depends not only on the SNR, but also on
the blocklength n given in the unit of "symbol periods", and the probability of error
ε [23]. In this case, ε has a small but not vanishing value. For error probability ε ∈ [0,1]
and a signal to noise ratio equal to ρ , the maximal coding rate for various channels in
the finite blocklength regime is given by

R∗(n,ε) =C(ρ)−
√

V (ρ)

n
Q−1(ε)+

log2 n
2n

, (1)

where Q(x) =
∫

∞

0
1√
2π

e
−t2

2 dt is the Gaussian Q-function, C(ρ) is the Shannon limit for
long packets and V (ρ) is the channel dispersion. The Capacity C(ρ) and the channel
dispersion for AWGN channels are given by

C(ρ) = log2(1+ρ), (2)

V (ρ) = ρ
2+ρ

(1+ρ)2 (log2(e))
2. (3)

The relationship between the transmission rate R and error probability ε shows that
R is increasing in ε because the inverse Q-function Q−1(ε) is a decreasing function in ε .
This means that by allowing higher error probability, we can transmit with a higher
rate. This may be applicable in some streaming application where high reliability is
not a critical issue (e.g football match streaming). The maximal coding R∗(n,ε) rate is
expected to reach an asymptotic value of C as the packet length n approaches ∞.

In Fig. 1, we illustrate a normalized plot for the relation between the capacity and
achievable rate of finite short packets for AWGN channel as ε = 10−3 and ρ = 1. We
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Fig. 1. Normalized achievable rate R(n,ε) vs the packet length n for AWGN channel with
parameters ε = 10−3 and ρ = 1.

notice that the normalized achievable rate increases with the packet length n till reaching
the capacity C(ρ) at infinite blocklength. We conclude that at blocklength n < 1000
symbol periods, the achievable rate is less than 90% of the capacity and hence Shannon
limit is not accurate in this case. This inaccuracy becomes more significant for even
shorter packets with blocklength n. To this end, we manage to characterize how different
communication metrics react in this finite blocklength regime.

Effective capacity

As envisaged by [41], the design of URLLC focuses on the tail distributions of reliability
and latency instead of average metrics. Here arises the challenge of how to incorporate
energy efficiency with the data rates, delay, and reliability requirements imposed by the
International Telecommunication Union (ITU) and for MTC towards 6G. In this sense,
metrics such as effective capacity (EC) and effective energy efficiency (EEE) are meant
to capture tail statistical delay requirements in parallel with transmission throughput. To
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model the delay requirements in URLLC and MTC networks, we resort to the EC metric
which was introduced in [42].

Effective capacity (EC) is defined as a measure of the highest arrival rate which
can be served by the network under particular latency constraint. It is a metric which
was first introduced in [42] to capture the physical and link layers characteristics by
insuring specific quality of service guarantees. Thus, it allows us to investigate further
the latency-reliability trade-off. In [36] and [37], finite blocklength performance of
cooperative and relay-assisted networks was discussed but without considering power
allocation or latency aspects. In our work, we resort to the EC theory to analyze the
latency and data rate for finite blocklength packets. Unlike the the Delay-Sensitive Area
Spectral Efficiency metric which only accounts for the transmission delay [43], the
EC accounts for the statistical QoS aspect in terms of delay outage probability and the
maximum delay bound.

In [25], Gursoy discussed the statistical framework of effective capacity given in bits
per channel use (bpcu) of one node in Rayleigh block fading environment where the
channel coefficients are constant through one block transmission time. The EC was
defined as a function of error probability and delay quality of service (QoS) exponent.
However, he did not present a closed form expression for the EC in their work. Moreover,
in [44], Gursoy et al. extended their analysis to multiple users but without considering
the power consumption and energy efficiency aspects.

Exploiting the EC theory, the authors of [45] characterized the latency-throughput
trade-off for cellular networks . In [46], Musavian et al. analyzed the EC maximization of
secondary node with some interference power constraints for primary node in a cognitive
radio environment with interference constraints. Three types of constraints were imposed
namely average interference power, peak interference power and interference power
outage. The fundamental trade-off between EC and consumed power was studied
in [47] where the authors suggested an algorithm to maximize the EC subject to power
constraint for a single node scenario.

In [33], the author of this thesis studied the per-node EC in MTC networks operating
in quasi-static Rayleigh fading proposing three methods to alleviate interference namely
power control, graceful degradation of delay constraint and the joint method. To the best
of our knowledge, EC for FB packets transmission in multi-node MTC scenario has not
been investigated until part of the work in this thesis was presented in [33], which will
be depicted here with extra details.
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Effective energy efficiency

Effective energy efficiency is defined as the ratio between EC and the total power
consumption. In this sense, EEE captures the interplay between power, delay, and
reliability and thus, fits well for dealing with the inherent energy-limited and bursty
traffic scenarios in MTC characterized by URLLC. The maximization of EEE is of
great importance for green IoT, where the goal is to maximize the throughput for each
consumed unit of power. The EEE can be used as a measure of how efficient an IoT
system is in terms of power consumption and energy saving. This is a very useful metric
in the study and design of remote IoT devices that run on installed batteries with limited
energy supply and are required to communicate with URLLC requirements. We refer to
the novel factors that affect energy efficiency in MTC, which are strict delay and error
constraints, bursty traffic, EBP, and communication on finite blocklength packets.

In [48], the EBP model was considered as an EEE booster for long packets transmis-
sion. The energy efficiency gap which results from utilizing finite blocklength packets
and the optimum power allocation in this case were characterized in [49] for Rayleigh
fading channel. The trade-off between EEE and EC was studied in [47], where the
authors suggested an algorithm to maximize the EC subject to EEE constraint. However,
the probability of transmission error that appears in finite blocklength communication
due to imperfect coding was not considered. The authors of [50] showed that the relation
between EEE and delay in wireless systems is not always a trade-off. They concluded
that a linear relation between service rate and power consumption leads to an EEE-delay
non-trade-off region.

Retransmission schemes for ultra-reliablilty

It has been well-established that achieving ultra reliability requires the utilization of
diversity schemes such as ARQ retransmission protocols. The utilization of this family
of protocols has been embraced by several up to date systems such as 5G NR [51]. In this
context, the authors of [52] discussed the EC of ARQ schemes for matrix-exponential
distributed fading channels. They suggested that exploiting spatial diversity as the case
in MIMO would reduce the sensitivity of EC to variations in the delay exponent θ .
However, only the work in [53] studied the finite blocklength effect in ARQ Assisted
URLLC but without accounting power consumption as in the EEE metric.
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Fig. 2. Average power required to achieve a target outage probability for rate r = 1 npcu when
the maximum number of transmissions is fixed to M = 2 and M = 3 (Reprinted by permission
[54] ©2020 IEEE).

Fig. 2 evaluates the average transmit power required to achieve a certain level of
reliability for different ARQ schemes when the number of transmissions is increased.
To attain this figure, we set M = 2,3 transmission and the rate to 1 nats per channel
use (npcu). From it, we notice that the amount of power that is saved per transmission
on average is significant, especially when compared to the open loop setup. Further,
we notice that as we increase the number of transmissions, we save more power on
average. For example, the average power consumption to achieve an error of 10−7 using
3 transmissions via IR-HARQ is 15 dB. This power consumption level is very low
compared to the power hungry 70 dB open loop setup in this case.

On the other hand, spectrum sharing has always been an imminent research topic
through the current decade. Due to spectrum scarcity, researchers are studying the use of
higher frequency bands e.g. millimeter-wave (mm-Wave) to uphold ultra-broadband
systems in fifth generation networks. Applying cognitive radio schemes represents
a promising alternative and parallel solution at the same time [55]. Cognitive radios
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allow a primary user (PU) to share its licensed channel resources namely spectrum to
unlicensed cognitive secondary user (SU). Previous works considered collision scenarios
where the SU is allowed to transmit with constraints on the interference temperature
affecting the PU [55–59]. For example, [56] proposes a three-dimensional Markov chain
model to analyze the SU performance in dynamic spectrum access with interference
temperature constraints. In [58], the authors studied the capacity and optimal power
allocation in collision scenarios with PU SINR guarantees. Fan et al. introduced a
non-cooperative game to maximize the throughput of mm-Wave ultra-dense networks
(UDNs) using dynamic spectrum sharing in [55]. Makki et al. approached finite
blocklength spectrum sharing via rate adaption in [59] and suggested ARQ protocol as a
potential extension to their work. However, non of these endeavors studied applying
ARQ and successive interference cancellation (SIC) in the finite blocklength regime.

Multiple access techniques "The state of art"

In conventional LTE/LTE-A RA scheme [60], devices which have packets to transmit
access the channel resources in a slotted ALOHA fashion by selecting a random slot
in which they send scheduling requests to the BS. In return, the BS schedules the
successfully decoded requests to available transmission slots. This approach suffers
from large signalling overhead and collisions between scheduling requests that lead to
longer delays and higher probability of packet drop. Several of the MTC services require
strict end-to-end QoS guarantees such as ultra-reliable and near-instant connectivity for
m-MTC networks [61]. Hence, an extremely low per-link delay, in the sub-millisecond
range, will be a necessary requirement in order to maintain the aggregate end-to-end
latency in the order of a few milliseconds.

Due to the diversity among MTC scenarios, the QoS requirements vary. Therefore
understanding their heterogeneous traffic behaviour becomes an essential part in any
communication system [62]. In this context, traffic modeling aims to capture the
behaviour of the traffic using a probabilistic model that can be implemented easily and
provide feasible means for efficient allocation of network resources.
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1.4 Thesis contributions and outline

Although the above introduced topics have been research focus of both, academia and
industry in the last few years, much more work is still needed to support the foreseen
ultra-high-tech society of the future.

1.4.1 Key contributions

Based on its intuition, the EC theory provides a mathematical framework to study
the interplay among transmit power, interference, delay, and the achievable rate for
different wireless channels. In Chapter 2, we derive a mathematical expression for EC
in quasi-static Rayleigh fading for delay constrained networks. Our results depict that a
system can achieve higher reliability with a negligible sacrifice in its EC. We consider
dense MTC networks and characterize the effect of interference on their EC. We propose
three methods to allow a certain node maintain its EC which are: i) Power control; ii)
graceful degradation of delay constraint; and iii) joint model. Power control depends on
increasing the power of a certain node to recover its EC which in turn degrades the
SINR of other nodes. Our analysis proves that SINR variations have limited effect on
EC in networks with stringent delay limits. Hence, the side effect of power control is
worse for less stringent delay constraints and vice versa. We illustrate the trade off
between power control and graceful degradation of delay constraint.

Furthermore, we introduce a joint model which combines both of them. The
operational point to determine the amount of compensation performed by each of the
two methods in the joint model is determined by maximization of an objective function
leveraging the network performance. Later in Chapter 3, our analysis also determines
the upper bounds for EC and delay constraint when varying transmission power. We
characterize the power-delay trade-off for fixed EC and propose a power saving scheme
which exploits the asymptotic behavior of EC in the high SNR regime.

In order to incorporate energy efficiency with the data rates, delay, and reliability
requirements imposed by the International Telecommunication Union (ITU) and for
MTC in 5G and beyond, we resort to metrics such as EC and EEE. In Chapter 4, we
analyze the EEE of ultra-reliable networks operating in the finite and infinite blocklength
regimes. We seek different models for energy efficient transmission which include
always full buffer, EBP and retransmission schemes which rely on EBP. We obtain
closed form expressions for the EEE in fading channels as a function of power, error
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probability, and delay. We define the optimum power allocation strategy maximizing the
EEE for each model.

Chapter 6 presents a novel framework for traffic prediction of IoT devices activated
by binary Markovian events. First, we consider a massive set of IoT devices whose
activation events are modeled by an On-Off Markov process with known transition
probabilities. Next, we exploit the temporal correlation of the traffic events and apply the
forward algorithm in the context of hidden Markov models (HMM) in order to predict
the activation likelihood of each IoT device. Finally, we apply the fast uplink grant
scheme in order to allocate resources to the IoT devices that have the maximal likelihood
for transmission. In order to evaluate the performance of the proposed scheme, we
define the regret metric as the number of missed resource allocation opportunities. The
proposed fast uplink scheme based on traffic prediction outperforms both conventional
RA and TDD in terms of regret and efficiency of system usage, while it maintains
its superiority over RA in terms of average age of information (AoI) for massive
deployments.

1.4.2 Author’s contribution to the publications

This thesis is written as a monograph based on the following seven original publications:
three published journal articles [63–65], and three published conference papers [49, 66,
67] as well as one filed patent [68]. The author of this thesis had the main responsibility
in finding the original ideas of the developed methods, formulating the mathematical
problems and deriving their analytical solutions, compiling the MATLAB and Python
codes to run performance analysis simulations, and writing the original international
peer-reviewed publications. Other co-authors provided valuable guidance for research
directions, ideas on developed methods/algorithms, and comments during the preparation
of the manuscripts to improve their quality.

1.4.3 Thesis outline

The rest of the thesis is organized as follows. Chapters 2–5 address the QoS provisioning
approaches for energy efficient MTC scenarios. Chapter 6 proposes a predictive resource
allocation scheme for massive MTC, while Chapter 7 concludes the thesis while
discussing also future research directions.
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2 Effective capacity and power allocation in
the finite blocklength regime

As defined in the introduction, the EC determines the maximum communication rate
subject to a particular delay constraint. In this chapter, we analyze the EC of ultra-
reliable MTC networks operating in the finite blocklength regime under delay exponent
limit. The motivation of this work is to provide a mathematical framework for the
performance analysis of ultra-reliable low latency MTC. First, we present a closed
form approximation for EC in quasi-static Rayleigh fading channels. Our analysis
reveals that the EC and the delay constraint have an upper bound which is a function of
the blocklength and the transmission power. We determine the upper bounds for EC
and delay constraint when varying transmission power. Finally, we characterize the
power-delay trade-off for fixed EC and propose an optimum power allocation scheme
which exploits the asymptotic behavior of EC in the high SNR regime. The results
illustrate that the proposed scheme provides significant power saving with a negligible
loss in EC.

The contributions of this chapter are summarized as follows: we analyze the EC of
short packet transmission in quasi-static Rayleigh fading channels. Moreover, we aim at
characterizing the power delay relation and how to allocate power efficiently in the high
SNR regime. The contributions of this work are summarized as follows:

– A closed-form approximation for the EC is obtained in terms of incomplete gamma
function, which facilitates the derivation of the optimum error probability that
maximizes the EC, therefore the maximal transmission rate

– We derive an upper bound for EC for fixed delay exponent and an upper bound of
delay exponent for fixed EC.

– We characterize the amount of power required to support a certain EC while meeting
its delay requirement; and

– We propose a power saving scheme which determines the optimum power allocation
at the high SNR regime.

The chapter is organized as follows: in Section 2.1, we explain some details about
the channel coding rate in the finite blocklength regime and how EC is formulated for
short packet transmission. Next, Section 2.2 introduces the system model and defines the
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upper bounds of EC and the delay constraint in the finite blocklength regime. The same
section presents a tight closed form approximation for the EC in quasi-static Rayleigh
fading environment and characterizes the optimum error probability. In Section 2.3, we
discuss the power-delay trade-off and propose an optimum power allocation scheme in
the high SNR regime. The results are depicted and discussed in Section 2.4, where we
present different plots to elucidate the upper bound of EC and delay constraint as well as
the power saving gains that are obtained from applying the optimum power allocation
strategy, which is characterized in 2.3. Finally, Section 2.5 concludes the chapter.

2.1 Preliminaries

Effective capacity at finite blocklength

The concept of EC indicates the capability of communication nodes to exchange data
with maximum rate and certain latency constraint and thus, guarantees QoS by capturing
the physical and link layers aspects. For low latency communication, EC (Ce) is a
powerful metric that characterizes the relation between the communication rate and
the tail distribution of the packet delay violation probability [41]. A statistical delay
violation model implies that for relatively large delay, an outage occurs when a packet
delay exceeds a maximum delay bound Dmax and its probability is defined as [22] [42]

Pout_delay = Pr(delay≥ Dmax)≈ e−θ .Ce.Dmax , (4)

where Pr(·) denotes the probability of a certain event. Conventionally, a system’s
tolerance to long delay is measured by the delay exponent θ . The system tolerates large
delays for small values of θ (i.e. θ → 0) while for large values of θ , it becomes more
delay strict.

For example, a system with unity EC and a delay outage probability Pout_delay = 10−3

can tolerate a maximum delay Dmax = 691 symbol periods for θ = 0.01 and 23 symbol
periods when θ = 0.3. Another exemplary scenario, consider 5G NR numerology 1
with symbol period of 35.7 micro-seconds, EC of 1 bpcu and θ = 0.01. For a delay
outage probability of Λ = 10−5 (i.e. 99.999% reliability, the network can tolerate, on
average, a maximum delay of δ = 1151 symbol periods (≈ 41 ms) for θ = 0.01, and
δ = 115 symbol periods (≈ 4.1 ms) when θ = 0.1.
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For block fading channels, the achievable rate expression is affected by the fading
coefficient and the normalized achievable rate in bits per channel use (bpcu) is given by

r ≈ log2(1+ρ|h|2)−

√√√√1
n

(
1− 1

(1+ρ|h|2)2

)
Q−1(ε) log2(e), (5)

where |h|2 is the channel fading coefficient, whose (probability density function) PDF is
denoted as fz(z). Herein, the achievable rate is a function of the blocklength n.

In quasi-static fading, the channel remains constant within each transmission period
n [40], and the EC in bpcu is [25]

Ce(ρ,θ ,ε) =−
1

nθ
log
(

Ez=|h|2
[
ε +(1− ε)e−nθr

])
, (6)

where r is given in (5). In [25,69], the EC is statistically studied for single node scenario,
but never to a closed form expression. It has been proven that the EC is concave in ε and
hence, has a unique maximizer. Here, we present a part of the results discussed in [25].
Also, as the delay constraint θ becomes higher (i.e, more strict), the EC decreases as
appears from (6). In Fig. 3, we plot the EC vs error probability ε for different values of
delay constraint θ to depict the EC-θ trade-off. The figure shows that when the delay
constraint becomes more strict (has higher value), the EC decreases and vice versa. The
figure also shows the concavity of EC in ε where ε has a unique optimum value which
maximizes the EC in each curve. Later in the thesis, we define the optimum value of
error probability ε∗ analytically.

Define reliability as (1− ε)(1− pout), where ε is the packet detection error probabil-
ity and pout is the probability of outage due to exceeding the latency bound. Fig. 4
depicts the trade-off between reliability, latency, and power consumption from the EC
perspective for 5G NR numerology 1 with symbol period of 35.7 micro-seconds and
transmission rate of 1 bpcu. The figure reveals the contradicting achievability of high
reliability and low latency where achieving both requires high power consumption. We
observe that there is a dead zone of extremely low reliability (below 1ms) and high
reliability that can not be achieved at the same time for this setup. A research question
rises here where one of the proposed solutions is to utilize even smaller symbol periods
for further reducing latency at this level of reliability.
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Fig. 3. Effective capacity vs error probability ε for different values of θ in Rayleigh fading
where ρ = 2, n = 1000 (Reprinted by permission [63] ©2018, Springer).

Fixed rate transmission

In some applications, it is more efficient to transmit with a invariable rate or the
transmitter does not have enough channel information and hence, unable to adapt its
transmission rate to the channel conditions. In contrary to flexible rate transmission
where the rate depends on fading conditions, the normalized achievable rate is kept at a
fixed value r f while the probability of error becomes variable and is defined as

ε = Q

 log2(1+ρ|h|2)− r f√
1
n

(
1− 1

(1+ρ|h|2)
2

)
log2 e

 . (7)

Finally in Fig. 5, we compare the EC vs the delay constraint θ for fixed and variable
rate transmissions. The SNR and the blocklength are set as ρ = 1, and n = 1000,
respectively. It can be observed that for high values of θ , fixed rate transmission
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Fig. 4. Trade-off between reliability, latency, and power consumption for 5G NR in Rayleigh
fading.

performs strictly better since it allows for higher transmission rates disregarding the
error probability, which satisfies the stringent delay requirement. Meanwhile, variable
rate transmission outperforms fixed rate for less stringent delay constraints. The figure
also confirms the fact that EC degrades with the increase of delay constraint θ .

Also in [25], the EC has been shown to be concave in r f and hence the EC has
a unique fixed rate maximizer. The fixed rate has the same behavior as EC with the
delay constraint θ where increasing the value of θ (i.e. more stringent delay constraint)
degrades the transmission rate. Fixed rate also have a unique maximum value r∗f which
will be determined analytically in the next chapter.

2.2 System layout

We consider a point to point transmission in which short packets are transmitted through
a quasi-static fading channel, full CSI is assumed, thus allowing rate adaption as in [25].
Also, the fading is considered to be Rayleigh distributed where the coefficients remain
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Fig. 5. Comparison between fixed rate transmission and variable rate for different values of
delay constraint θ where ρ = 1, and n = 1000.

constant over n symbols spanning the whole packet duration. Note that the fading
coefficients Z = |h|2 are exponentially distributed, thus fZ(z) = e−z. In short packet
transmission, packets are conveyed at a rate that is not only a function of the SNR,
but also the blocklength n, and the probability of error ε ∈ [0,1] [23], as illustrated in
Fig. 6. In this case, ε has a small value but not vanishing. In Fig. 6, a packet buffer is the
memory space which stores packets awaiting transmission over the network. Packets are
stored temporarily and then transmitted in a FIFO process. Thus, transmission delay
occurs for packets while waiting in the buffer. Assume that each symbol is transmitted
with SNR ρ in a channel whose fading coefficients are denoted by h and the noise is
zero-mean AWGN. Thus, the normalized achievable rate in bpcu is approximated by1

r ≈C
(
ρ|h|2

)
−
√

V (ρ|h|2)
n Q−1(ε), (8)

1The approximation is accurate for blocklength n≥ 100 as demonstrated in [38, Figs. 12 and 13] for AWGN
channel, and in [35] for fading channels.
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symbols (Reprinted by permission [64] ©2019, IEEE).

where C(x)= log2(1+x) is Shannon’s channel capacity, V (x)=
(

1− (1+ x)−2
)
(log2 e)2

denotes the channel dispersion [25], Q(x) =
∫

∞

x
1√
2π

exp(−t2

2 )dt is the Gaussian Q-
function.

Remark 1. Contrary to the infinite blocklength model (as in [47]), the EC is upper

bounded in the finite blocklength regime by

Ceb = lim
ρ→∞

− ln
(
EZ
[
ε +(1− ε)e−nθr

])
nθ

=− ln(ε)
nθ

, (9)

where the rate r also tends to inf. It follows that the EC is asymptotically bounded at the

high SNR regime towards − ln(ε)
nθ

which is independent of power. Likewise, there is an

upper bound for the delay exponent that can be supported by a buffer with constant EC

which is given by

θb = lim
ρ→∞

− ln
(
EZ
[
ε +(1− ε)e−nθr

])
n Ce

=− ln(ε)
n Ce

. (10)

Note that, the bounds in (9) and (10) disappear as the blocklength tends to infinity
and the error probability vanishes. The EC is asymptotic in the finite blocklength regime
and not monotonically increasing as in the infinite blocklength model.

Effective Capacity in quasi-static Rayleigh fading

In [25], a stochastic model for EC under finite blocklength coding was introduced,
but numerically evaluated. Herein, we propose a tight approximation for the EC in
quasi-static Rayleigh fading.

Lemma 1. For a quasi-static Rayleigh fading channel with blocklength n, the EC is

approximated as

Ce(ρ,θ ,ε)≈−
1

nθ
ln [ε +(1− ε) J] , (11)

37



where

J=e
1
ρ ρ

α

[
(κ+1)Γ

(
α +1,

1
ρ

)
−

κ− β

2
ρ2 Γ

(
α−1,

1
ρ

)]
, (12)

and κ = β 2

2 +β , α = −θn
ln2 , β = θ

√
nQ−1(ε) log2 e, and Γ(·, ·) is the upper incomplete

gamma function [70, §8.350-2].

Proof. Please refer to Appendix 1.

Lemma 2. There is a unique global maximizer for the EC in the error probability ε in

quasi-static Rayleigh fading channels which is given by

ε
∗(ρ,α,β )≈ arg min

0≤ε≤1
ε +(1− ε) J. (13)

Proof. The expectation given by (128) in Appendix 1 was proven to be convex in ε

in [25] for any distribution of the channel coefficients. Note that J is a function of ε and
the auxiliary variable β . Therefore, the unique maximizer of the EC is the same as the
minimizer of (128) given by ε∗ in (13).

Note that c = θ
√

nQ−1(ε) log2 e is not a function of the fading coefficient, so it
can be taken out of the integration which simplifies the optimization problem. Herein,
ε∗ from Lemma 2 is attained via exhaustive search (or numerical solvers available in
Matlab). Then the maximum EC Cemax is obtained by plugging the solution of (13) into
(11). Thus, the importance of Lemma 2 is to assure that for delay limited applications, in
order to maximize the rate subject to a certain delay constraint, it is optimal to transmit
with a non-zero error probability.

2.3 Asymptotic analysis

Due to the asymptotically bounded nature of EC in the finite blocklength regime which
is concluded in (9), there is a slight gain in EC when increasing transmit power in the
high SNR region. In this section, we aim at observing the delay bound characterized in
(10) for fixed EC and exploit the asymptotic behavior of EC in the high SNR regime in
order to save power. For this purpose, from Lemma 1 we propose a tight approximation
for the power delay profile at high SNR as follows:

Lemma 3. At high SNR (ρ→∞), the required SNR to achieve an EC of Ce for a certain

delay constraint θ is approximated as
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ρ(Ce,θ ,ε)≈
1

W
(

G
F

) , (14)

where G= e−nθCe−ε

1−ε
, F =

κ− β

2
α−1 −

κ+1
α+1 , and W (.) is the Lambert-W function [71].

Proof. Please refer to Appendix 2.

Note that (14) gives the amount of power needed for a certain buffer to support a
fixed EC in the high SNR regime. In order to reduce power consumption and guarantee
negligibly degraded EC, we maximize the EC subject to a constraint on the rate of
change of EC with respect to SNR. This can be formulated as the following minimization
problem with a maximum power constraint ρmax:

Problem 1.

min
ρ≥0

ψ(ρ,θ ,ε) = ε +(1− ε)J, (15a)

s.t ρ ≤ ρmax, (15b)

∂Ce

∂ρ
≥ µ. (15c)

Note that µ is the power saving factor and the minimum acceptable rate of change of
the EC with respect to power. The constraint (15c) guarantees that if transmit power is
raised, there will be a reasonable gain in EC. Moreover, µ is chosen to be a positive
number close to zero so that the constraint is not extremely tight and the loss in EC is
negligible. For instance, for a noise power of 1 mW, µ = 10−2 means that doubling the
transmit power results in only 10−2 bpcu increase in the EC.

Theorem 1. At high SNR, the solution of Problem 1 admits an optimum power allocation

policy given by

ρ
∗ = min


2√

1+4
√

µnθε

(1−ε)F −1
,ρmax

 , (16)

where F is defined in Lemma 3.

Proof. Please refer to Appendix 3.

Now, the saved power in dB is given by

η = ρmax−ρ
∗. (17)
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Fig. 7. Effective capacity as a function of SNR in quasi-static Rayleigh fading for n = 500,
ε = 10−4 (Reprinted by permission [64] ©2019, IEEE).

2.4 Numerical results

This section illustrates the numerical results to validate the analysis in the previous
sections and show the bounds of the EC in the finite blocklength regime. Furthermore,
we show the amount of power saving which is obtanied by applying the optimal power
allocation strategy given by Theorem 1. In Fig. 7, we present the EC in quasi-static
Rayleigh fading channel when varying delay exponents. The plots apply the expectation
in (6) and Lemma 1. The system parameters are n = 500 channel uses, ε = 10−4, which
are realistic values for URLLC applications. The figure corroborates the accuracy of
Lemma 1 especially in the high SNR regime of interest with an error of 0.001% where
the error is defined as 100×|(a−b)|/a, where a is given in (6) and b denotes (11). It ts
obvious that the EC is a decreasing function of the delay constraint θ where it becomes
lower for more strict delay requirements. Furthermore, the figure shows the upper bound
of EC in the finite blocklength regime obtained from (9) and the unbounded EC when
applying Shannon’s model which assumes infinite blocklength and zero error. This
result is expected since in the finite blocklength regime, the rate is not only bounded
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Fig. 8. Power delay profile for fixed EC buffers with n = 500 and ε = 10−4 (Reprinted by per-
mission [64] ©2019, IEEE).

to the SNR but also to the error probability. However, the performance gap is only
significant in the high SNR regime. That is why we concentrated our analysis in Section
2.3 on the high SNR region, while [47] provides an alternative for other transmission
regions relying on conventional coding.

Fig. 8 depicts the power delay profile for different QoS constraints at high SNR
operating with fixed EC. We obtain these plots by applying Lemma 3. The figure shows
that for a fixed EC value, the consumed power grows exponentially when the delay
exponent becomes more strict. Furthermore, we observe the upper bound of the delay
exponent that can be supported for each fixed EC value obtained from (10) which also
validates the tightness of Lemma 3. Thus, in order to support higher delay constraints,
EC should be suppressed. This implies low rate transmission with ultra low latency
which serves the intuition of MTC sensors transmitting small alarm packets with low
data rates and extreme low latency requirements.

In Fig. 9, we plot the power gain obtained from applying Theorem 1 for n = 500,
ρmax = 20 and 30 dB and ε = 10−4. This figure illustrates the benefits of applying
the optimal power allocation strategy given by Theorem 1. Note that the red curve
represents the no gain line (µ = 0,η = 0 dB). We observe that higher power gains can
be achieved when the power saving factor µ and the delay constraint θ increase. This

41



10-3 10-2 10-1

Delay exponent 

0

2

4

6

8

10

12

  (
dB

)

=0

max
=30 dB, =10-4

max
=30 dB, =10-3

max
=30 dB, =10-2

max
=20 dB, =0.1

max
=20 dB, =1

Fig. 9. Power saving vs the delay exponent θ for n = 500,ε = 10−4, and ρmax = 20,30 dB
(Reprinted by permission [64] ©2019, IEEE).

occurs due to the fact that rising the transmit power renders limited gain in EC for delay
strict networks as pointed earlier in Proposition 1 in [33]. Notice that as the power
saving parameter µ becomes higher, we obtain higher power gain. However, this comes
at the cost of greater loss in the EC as pointed out in Fig. 10, which shows the EC as
function of the delay exponent.

Fig. 10 depicts the EC loss due to the power saving obtained from our proposed
power allocation strategy. We can observe that the amount of loss in EC when applying
the optimal power allocation strategy is generally small. It is obvious that the asymptotic
nature of the EC in the finite blocklength regime provides considerable power saving at
a very low loss in EC. This can be noticed especially at the high SNR regime where the
simulation is performed.

2.5 Summary and discussion

In this chapter, we thoroughly analyzed the EC for short packets transmission in MTC
networks. First, we showed the performance gap that exists when applying Polyanski’s
equations in the finite blocklength regime, where the achievable rate is lower for smaller
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Fig. 10. Effect of power saving in quasi-static Rayleigh fading, where n = 500,ε = 10−4, and
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packets. This occurs due to the presence of the channel dispersion term, which is a
function of the blocklength n. For quasi-static Rayleigh fading channels, we obtained
a tight closed form approximation for the EC in terms of well known mathematical
functions namely upper incomplete gamma function. Since the EC of short packets
transmission is a concave function of the error probability, we also characterized the
optimum error probability for maximizing the EC. We concluded that for high values of
θ , fixed rate transmission performs strictly better than variable rate transmission, unlike
the case of less strict delay constraint. This acually matches the intuition of transmission
with strict delay QoS requirements where the transmitter sends information with fixed
rate without aquiring CSI in order to adjust its rate, which might cause larger delays due
to the channel estimation process.

Furthermore, in contrary to the infinity blocklength case, we showed that in the finite
blocklength regime, the EC is upper bounded in high SNR, which is a consequence of
the short blocklength and error probability imposed by the system design. The upper
bound of the EC capacity is not a function of the SNR and therefore, consuming more
power would not increase the EC beyond a certain threshold and would lead to a waste
of scarce energy resources. Finally, we discussed the power-delay relation and proposed
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an optimum power allocation scheme in the high SNR regime exploiting the asymptotic
behavior of EC. The proposed power allocation strategy leads to considerable power
saving. The cost of this power saving would be a very limited loss in EC. This all occurs
due to the assymptotic behaviour of the EC of short packets in the high SNR regime.

To this end, it is clearly obvious that utilizing Shannon’s model in the design of strict
delay constrained networks would result in large performance gap and waste of energy
resources. The results of this chapter encouraged the authors to study the effect of
interference channels on EC and EEE in multi-node MTC networks. In the next chapters,
we move forward to the characterization of the EC of short packets transmisssion in
interference channel. Then, we also study the performance gap between EEE of short
packets and that of Shannon’s case.
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3 Statistical QoS provisioning for MTC
networks under finite blocklength

This chapter analyzes the EC of delay constrained MTC networks operating in the finite
blocklength regime. First, we derive a closed-form mathematical approximation for
the EC in quasi-static Rayleigh fading channels. We characterize the optimum error
probability to maximize the concave EC function with reliability constraint and study the
effect of SINR variations for different delay constraints. The trade-off between reliability
and EC maximization reveals that we can achieve higher reliability with limited sacrifice
in EC specially when the number of machines is small. Our analysis reveals that
SINR variations have less impact on EC for strict delay constrained networks. We
present an exemplary scenario for massive MTC access to analyze the interference effect
proposing three methods to restore the EC for a certain node which are power control,
graceful degradation of delay constraint and joint compensation. Joint compensation
combines both power control and graceful degradation of delay constraint, where
we perform maximization of an objective function whose parameters are determined
according to delay and SINR priorities. Our results show that networks with stringent
delay constraints favor power controlled compensation and compensation is generally
performed at higher costs for shorter packets.

The motivation beyond the work in this chapter is to provide a solid understanding
of the trade-off between power, delay, and reliability in MTC networks in the finite
blocklength regime. Our objective is to pave the road for utilizing short packets in 5G
and machine type networks. Extra plots that were not present in [33] are illustrated to
provide the reader with full understanding of the objective function in joint compensation
and the compensation process itself. Moreover, we extend the analysis in [33] by solving
the optimization problem to obtain the optimum error probability which maximizes the
EC in the ultra-reliable region. We also characterize the trade-off between reliability
and EC which shows that we can obtain a huge gain in reliability in return for a slight
reduction in EC.

The chapter is organized as follows: in Section 3.1, we introduce the system
model and define some concepts such as communication at finite blocklength and EC.
In the same section, we also show the effect of interference on the per-node EC in
multi-node MTC networks. Next, Section 3.2 shows the trade-off between EC and
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outage probabillity and depicts the optimization problem to maximize the EC in the
ultra-reliable region, where the error probability is extremely low. We present the
interference alleviation methods and the trade-off between them in Section 3.3. Section
3.4 shows the analytical results for the EC of multi-node networks and discusses the
numerical aspects of interference alleviation methods. Finally, Section 3.5 presents a
summary and discussion for the chapter.

3.1 Preliminaries

Network model

We consider a transmission scenario in which N nodes transmit packets with equal
power to a common controller through a quasi-static Rayleigh fading collision channel
with blocklength n as shown in Fig. 11. For convenience in this chapter, we refer to
one machine terminal as node. Given that all nodes transmit at the same time slot, the
controller attempts to decode the transmitted symbols arriving from all nodes. When the
controller decodes one node’s data, the other streams appear as interference to it. For
this model, imagine that a node needs to raise its rate temporarily for a critical reason.
Later on, we study the interference alleviation scenarios for one node at a certain time
slot while all nodes also keep transmitting at the same time.

Based on our network model, the received vector yn ∈ Cn of node n is given by

yn = hnxn+ ∑
s6=n

hsxs +w, (18)

where xn ∈ Cn is the transmitted packet of node n, hn is the fading coefficient for node
n which is assumed to be quasi-static with Rayleigh distribution. This implies that
the fading coefficient hn remains constant for each block of n channel uses which
span the whole packet duration and changes independently from one block to another.
The index s includes all N−1 interfering nodes which collide with node n, and w is
the additive complex Gaussian noise vector whose entries are defined to be circularly
symmetric with unit variance. Given the signal to noise ratio ρ of a single node, the
signal-to-interference-plus-noise ratio of any node n is

ρi =
ρ

1+ρ ∑s |hs|2
. (19)

To simplify the analysis, we assume that: i) each node always has a packet to transmit
(buffer is always non-empty); ii) all nodes are equidistant from the common controller
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Fig. 11. Network Layout (Reprinted by permission [63] ©2018, Springer).

(i.e., same path loss); and iii) the fading coefficients hs are independent and identically
distributed and perfectly known to the receiver. Thus, as the number of nodes increases,
the sum of Rayleigh distributed fading envelopes of N−1 interfering nodes becomes

∑s |hs|2 ≈ N−1 [72], and the interference resulting from nodes in set s can be modeled
as in [3] where (19) reduces to

ρi =
ρ

1+ρ (N−1)
. (20)

Note that CSI acquisition in this setup is not trivial and its cost is negligible whenever
the channel remains constant over multiple symbols. Additionally, as in [3] we aim to
provide a performance benchmark for such networks without interference coordination.

Effective capacity model

In this chapter, we apply FB transmission, in which short packets are conveyed at rate
that depends not only on the SNR, but also on the blocklength and the probability of
error ε [23]. In this case, ε has a small value but not vanishing. For error probability
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ε ∈ [0,1], the normalized achievable rate in bpcu is given by

r ≈C
(
ρi|h|2

)
−
√

V (ρi|h|2)
n Q−1(ε), (21)

where

C(t) = log2(1+ t) (22)

is Shannon’s channel capacity for sufficiently long packets, while

V (t) =
(

1− (1+ t)−2
)
(log2 e)2 (23)

denotes the channel dispersion which appears for relatively short packets (n < 2000
channel uses) [25], Q(t) =

∫
∞

t
1√
2π

e
−s2

2 ds is the Gaussian Q-function, and Q−1(t)

represents its inverse, ρi is the SINR and |h|2 is the fading envelope.
The channel is assumed to be Rayleigh quasi-static fading where the fading coef-

ficients remain constant over n symbols which span the whole packet duration. For
Rayleigh channels [73], the fading coefficients Z = |h|2 have the following probability
density function distribution

fZ(z) = e−z. (24)

For the model in this chapter, the EC capacity is defined as

EC(ρi,θ) =−
lnEZ

(
e−θnC(ρi|h|2)

)
nθ

, (25)

In quasi-static fading, the channel remains constant within each transmission period
n [40], and the EC is subject to the finite blocklength error bounds and thus, according
to [25] can be written as

EC(ρi,θ ,ε) =−
lnψ(ρi,θ ,ε)

nθ
, (26)

where

ψ(ρi,θ ,ε) = EZ

[
ε +(1− ε)e−nθr

]
. (27)

In [25] and [69], the EC is statistically studied for single node scenario in block
fading, but never to a closed form expression. It has been proven that the EC is concave
in ε and hence, has a unique maximizer. The EC expression for quasi-static Rayleigh
fading was presented in the previous chapter.
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Fig. 12. Per-node effective capacity in bpcu as a function of error outage probability ε for
different number of nodes, with n = 1000,ρ = 2, and θ = 0.01 (Reprinted by permission [63]
©2018, Springer).

Having obtained the closed-form solution for EC in Chapter 2, we proceed with
studying the effect of multi-node interference on the per-node EC. We elaborate the
effect of interference in quasi-static Rayleigh fading by plotting the per-node EC
obtained from Lemma 1 and (20) for 1, 5 and 10 machines in Fig. 12. The network
parameters are set as n = 1000,ρ = 2, and θ = 0.01. It is obvious that the per-node
EC decreases when increasing the number of machines N as more interference is
added. Notice that the EC curves are concave in ε as envisaged by [25] and hence,
have a unique maximizer which is obtained from Lemma 2 and depicted in the figure.
Another observation worth mentioning is that the optimum probability of error ε∗ which
maximizes the EC becomes higher when increasing the number of machines. Notice
that Fig. 12 confirms that Lemma 2 renders an accurate approximation to (26).
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3.2 Maximization of effective capacity in the ultra-reliable region

Taking a closer look at Fig. 12, we observe the trade-off between the per-node EC

and error probability ε . It is apparent that we can earn a lower error probability ε by
sacrificing only a small amount of EC. For example, we observe that for the 5 nodes
network operating in quasi-static Rayleigh fading channel, if we tolerate a decrease
in the EC from 0.11 to 0.1 bpcu, the error probability ε improves to 10−3 instead
of 2.5×10−2. Thus, sacrificing only 9% of the EC maximum value boosts the error
probability by nearly 1250% and hence, leads to a dramatic enhancement of reliability.
This observation is an open topic for analysis of the EC-ε trade-off with a target of
maximizing the EC with some error constraint reflecting the reliability guarantees.

In this section, we discuss the EC maximization in ultra-reliable (UR) region (i.e
when the probability of error is extremely low). We maximize the EC so that the error
outage probability stays below a very small target value εt . We define the optimization
problem as

max
ε

EC(ρi,θ ,ε)

s.t ε ≤ εt ,
(28)

which can be interpreted to

min ψ(ε)≈ ε +(1− ε)
2

∑
n=0

∫
∞

0
(1+ρiz)d (cx)n

n!
e−zdz,

s.t ε ≤ εt .

(29)

The solution of (29) renders the operational EC which guarantees ultra-reliability
according to the error constraint. Operational EC in this case is smaller than or equal to
the maximum effective capacity ECmax obtained from Lemma 2. Due to the convexity of
ψ(ε) [25], the first derivative of ψ(ε) is positive if ε is greater than the global maximum
and vice versa. Thus, we can check if the optimum solution is given by εt or not through
the first derivative of ψ(ε). To elucidate, we write down the Lagrangian of (29) as

L(ε,λ ) = ψ(ε)+λ (ε− εt), (30)

where λ is the Lagrangian multiplier. This leads to the following Karush−Kuhn−Tucker
(KKT) conditions [74]

∂L

∂ε
=

∂ψ(ε)

∂ε
+λ = 0 (31a)

λ (ε− εt) = 0. (31b)
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From the second condition, if λ is greater than zero, this means that the constraint is
active, where ε∗ = εt and ∂ψ(ε)

∂ε
|ε=εt is indeed negative. Reversing this conclusion, we

can infer whether the constraint is active or not from the sign of ∂ψ(ε)
∂ε
|ε=εt so that

ε
∗ =

{
εt

∂ψ(ε)
∂ε
|ε=εt < 0

argminε≥0 ψ(ε), ∂ψ(ε)
∂ε
|ε=εt > 0

. (32)

The first derivative of ψ(ε) with respect to ε is derived as follows. From the proof of
Lemma (1), we have

J =
2

∑
n=0

∫
∞

0
(1+ρiz)d (cx)n

n!
e−zdz

= J1 + cJ2 +
c2

2
J3,

(33)

where

J1 = e
1
ρ ρ

d
Γ

(
d +1,

1
ρ

)
J2 = e

1
ρ ρ

d
Γ

(
d +1,

1
ρ

)
− 1

2
e

1
ρ ρ

d−2
Γ

(
d−2,

1
ρ

)
,

J3 = e
1
ρ ρ

d
Γ

(
d +1,

1
ρ

)
− e

1
ρ ρ

d−2
Γ

(
d−2,

1
ρ

)
,

(34)

Let δ = θ
√

n log2 e, then

∂ψ(ε)

∂ε
≈ 1+(1− ε)

∂J

∂ε
−J

≈ 1+(1− ε)
(
δq(ε)J2 +δ

2Q−1(ε)q(ε)J3
)
−J,

(35)

and q(ε) = ∂Q−1(ε)
∂ε

=−
√

2πe
Q−1(ε)

2 is the first derivative of Q−1(ε) w.r.t ε . Substituting,
we get

∂ψ(ε)

∂ε
≈ 1− (1− ε)δ

√
2πe

(Q−1(ε))2
2 (J2 +δJ3)−J . (36)

3.3 Methods for interference mitigation

Given that all nodes transmit at the same time slot, the controller attempts decoding the
transmitted symbols arriving from all of them. When the controller decodes one node’s
data, the other streams appear as interference to it [3]. For this model, imagine that
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a node needs to raise its EC in order to meet its QoS constraint. At the first glance,
applying SIC at the BS would seem to be attractive solution. However, this will result in
extra delay for lower priority nodes where the decoder must wait for the higher priority
packets to be decoded first to perform interference cancellation which dictates parallel
decoding [75]. We study the interference alleviation scenarios for one node at a certain
time slot, while other nodes’ packets also are transmitted and decoded at the same time
as a lower bound worse case.

Power control

The method of power control is based on increasing the SNR of node n to allow it
recover from the interference effect. Let ρc be the new SNR of node n, while the other
nodes still transmit with SNR equal to ρ . Then, we equate the SINR equation in (20) to
the case where no collision occurs (N = 1) to obtain

ρc = ρ (1+ρ(N−1)). (37)

When a certain node transmits with SNR of ρc, its EC is the same as in the case
when transmitting with SNR equals to ρ while other nodes are silent. The method of
power control is simple; however, it causes extra interference to other nodes due to the
power increase of the recovering node.

From (37), we define the SINR of other nodes colliding in the same network (nodes
in set s) after the compensation of one node as

ρs =
ρ

1+ρc +ρ(N−2)
(38)

=
ρ

1+ρ (ρ +1)(N−1)
. (39)

Now, we are interested in comparing the per-node EC in 3 cases: i) No collision, ii)
collision without compensation, and iii) collision with compensation of 1 node. Here,
we look for the maximum achievable per-node EC in each case. Define the collision loss
factor α as the ratio between the maximum effective capacity ECmax in case of collision
and in case of no collision as

α =
EC(ρi,θ ,ε

∗
i )

EC(ρ,θ ,ε∗)
, (40)

where ε∗ and ε∗i are the optimal error probabilities for the cases of no collision (N = 1)
and collision without compensation, respectively and both are obtained from (32).
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To determine the effect of compensation of one node on the other nodes, we define
the compensation loss factor αc as the ratio between maximum EC of other nodes (set s)
in case of one node compensation and in case of no compensation. That is

αc =
EC(ρs,θ ,ε

∗
s )

EC(ρi,θ ,ε∗i )
, (41)

where ε∗s is the optimum error probability obtained from Lemma 2 when the SINR is set
to ρs. To understand the effect of increased interference on the network performance, we
study the effect of SINR variations on EC for different delay constraints.

Proposition 1. SINR variations have relatively limited effect on EC when the delay

constraint becomes more strict and vice versa.

Proof. Differentiating (26) with respect to ρi

∂EC
∂ρi

=
∂EC
∂ r

∂ r
∂ρi

=
e−nθr

ε +(1− ε)e−nθr K ,

where K = ∂ r
∂ρi

(1− ε) is strictly positive since the achievable rate r is an increasing
function of the SINR ρi. Differentiating once more with respect to θ

∂

∂θ

(
∂EC
∂ρi

)
=− K nre−nθr

(ε +(1− ε)e−nθr)
2 , (42)

which is strictly negative and thus, validating our proposition.

Furthermore, we include the compensation factor γc as the ratio of the maximum
achievable EC of the compensated node after and before compensation which is
expressed as

γc =
EC(ρ,θ ,ε∗)

EC(ρi,θ ,ε∗i )
=

1
α
, (43)

where γc is a gain factor (i.e., γc ≥ 1). Finally, we define the total loss factor αt as the
ratio between the maximum attainable EC of colliding nodes in the system (set s) when
a node compensates to the maximum attainable EC of these nodes if they were not
colliding at all. That is

αt =
αc

γc
= α.αc. (44)
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Graceful degradation of the delay constraint

Here, we discuss how to compensate for the decrease in the per-user EC for the multiuser
interference scenario by changing the value of delay constraint θ . More specifically, we
determine how the delay exponent θ should be gracefully degraded to obtain the same
ECmax as if the target node was transmitting without collision. This represents the cases
where a node has flexible QoS constraint delay wise, so that the EC could be attained
given a slight variation on the overall delay as envisioned in [1]. Let θ be the original
delay exponent and θi represent the new gracefully degraded one; θi is obtained by
solving

EC(ρ,θ ,ε∗) = EC(ρi,θi,ε
∗
i ), (45)

where ε∗i is the maximizer of EC for the parameters (ρi,θi) and ε∗i is the optimum
error probability for (ρi,θi). The solution of (45) renders the necessary value of θi

to compensate for the EC decrease due to collision in this case. Notice that (45) can
be solved numerically to obtain the necessary value of θ2 to compensate for the rate
decrease due to collision in this case.

Joint compensation model

To mitigate the side effects of power control and graceful delay constraint degradation,
we apply a joint model in which both methods are partially employed. Define the
operational SINR in power controlled compensation for nodes in set s as ρso , where
ρso lies on the interval [ρs ρi] as will be clarified in the results section. Using (38), the
operational SNR for the recovering node can be written as

ρco =
ρ

ρso

−1−ρ(N−2), (46)

and the operational point of the compensation loss factor αco is

αco =
EC(ρso ,θ ,ε

∗
so)

EC(ρi,θ ,ε∗i )
, (47)

where ε∗so is the optimum error probability obtained from (13) for the parameters (ρso ,θ1).
αco is considered to be the loss factor caused by the part of compensation performed via
power control.
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Next, we perform the rest of compensation via graceful degradation of θ as in
Section 3.3. To obtain θ2, we solve

EC(ρ,θ ,ε∗) = EC
(

ρco

1+ρ(N−1)
,θ2,ε

∗
2

)
. (48)

From (48), we compute the necessary value of θ2 to continue the compensation process
via graceful degradation of the delay constraint.

Now, we propose an objective function leveraging the network performance for the
joint model. First, we define the priority factor ηα as a measure of the risk of decrease
in EC of nodes in set s when the compensating node boosts its transmission power. In
other words, the higher the value of ηα , the more important it is not to allow much
degradation of EC of nodes in set s and hence, we try not to compensate via power
control and shift compensation towards θ graceful degradation. On the other hand, we
define the priority factor ηθ as a measure of strictness of the delay constraint (i.e., the
higher the value of ηθ , the more strict it is not to degrade delay constraint and hence, the
less we are allowed to relax θ to get higher EC for the compensating user). Thus, we
can formalize our objective function as the summation

η = ηα αco +ηθ θ2, (49)

where (αco ,θ2) is the operational point. Now, we choose this operational point to satisfy

ηmax =max
θ2≥0

ηα αco +ηθ θ2

s.t ρs ≤ ρso ≤ ρi,
(50)

where the solution to this problem gives the optimum operational point which can be
found from (46), (47) and (48).

3.4 Numerical results

Fig. 13 depicts the operational and maximum EC as a function of the number of nodes
N for n = 1000,ρ = 10 dB, εt = 10−3, and different values of θ . The figure reveals that
operating in the UR region necessitates a considerable sacrifice in the EC. Specifically,
as the number of nodes increases and the SINR decreases, the amount of EC sacrifice
becomes more significant as the gap between operational and optimum EC becomes
higher. For example, at N = 30, the nodes lose up to 50 % of their EC to maintain
reliability. This is due to the increased concavity of the curve and the shift of the
maximum EC towards higher error probability as shown in Fig. 12.
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Fig. 13. Operational and maximum effective capacity vs number of machines N for n = 1000,
and ρ = 10 (Reprinted by permission [63] ©2018, Springer).

As an example, consider 3 colliding nodes where n = 500,θ = 0.01, and ρ = 0.5.
Applying (37), we get ρc = 1. Hence, the interference effect is canceled for a certain
node by boosting its SNR from 0.5 to 1. To elucidate more, Fig. 14 shows the effect of
collision of 5 nodes with and without compensation for n = 1000,θ = 0.1, and ρ = 1.
We plot the per-node EC before compensation of 1 node. Then we compare it to the
effective capacities of the 4 remaining nodes after 1 node compensates using (37). The
figure also shows the EC of the compensating node, which increases significantly unlike
the other nodes which suffer from more interference.

Consider n = 1000 and ρ = 1, then the left axis of Fig. 15 depicts the compensation
loss factor αc for different number of nodes N with θ = 0.1 and 0.001. The figure shows
that αc is lower for smaller values of θ . Hence, the effect of compensation appears to
be more severe for less stringent delay constraints. This follows from Proposition 1,
which states that SINR variations have less of an effect on delay strict networks and vice
versa. Finally, we notice that the compensation loss factor decreases rapidly for a less
dense network. The right axis of Fig. 15 shows the compensation factor γc versus the
number of nodes in the system N. γc appears to have a linear behavior as a function of N.
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Fig. 14. Per-node effective capacity as a function of error outage probability ε with n = 1000,
θ = 0.1, and ρ = 1 (Reprinted by permission [63] ©2018, Springer).

That is, the effect of compensation for the compensated node increases linearly with
N. The rate by which γc increases is faster for smaller θ . The compensation factor γc

(compensation gain) is higher for less stringent delay constraint (less θ ). It appears that
αc and γc are inversely correlated to each other as envisioned by (43).

The collision loss factor α and the total loss factor αt are also depicted in Fig. 16. As
observed from the figure, the total loss is nearly the same as the collision loss for small
N. The gap starts to appear and becomes almost constant for high number of nodes. This
gap is tighter in the case of small θ (i.e., the collision loss α is more dominant). Also,
there is higher loss (both collision and total) in case of less stringent delay constraint
θ . Thus, the effect of collision and compensation is more annoying in case of less
stringent delay constraint (smaller θ ). Furthermore, α and αt have the same behavior as
αc. They decrease rapidly for small number of nodes and tend to be constant for high
N. Therefore, increasing the number of nodes beyond a certain threshold will have a
marginal effect on EC.

In Fig. 17, we illustrate the graceful degradation of the delay constraint as a
function of the target error outage probability. Consider (45) with N = 5, θ1 = 0.05,
ρ = 1 and n = 1000, we get θi = 0.023. Thus, by gracefully degrading the delay
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Fig. 15. Compensation loss factor αc as a function of the number of nodes N, for distinct
QoS exponents (Reprinted by permission [63] ©2018, Springer).
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constraint from 0.05 to 0.023, we attain the same value for the maximum effective
capacity ECmax = 0.066. Next, in Fig. 18, we illustrate the graceful degradation of
the delay constraint by plotting the delay outage probability Pout_delay as a function
of the maximum delay bound Dmax before and after compensation. The figure shows
that for a delay outage probability of 10−3, the compensation process is performed
by extending the allowable delay Dmax from 3600 to 4600 channel uses. We perform
a limited delay extension (≈ 25%) because the rise in EC partially compensates the
graceful degradation of θ in (4). Note that the optimum error probabilities have different
values in each case due to the change in SINR in (J ) [33].

Fig. 19 illustrates different operational points for the joint model for different
blocklength n where N = 5, ρ = 1, Pout_delay = 10−3 and θ1 = 0.1. For example, when
n = 700, we select the operational point αco = 0.9,θ2 = 0.075. This implies that a part
of compensation will be performed via power control, which leads to 10% loss in EC of
other nodes (set s). Then, the rest of compensation will be performed by gracefully
degrading its θ from 0.1 to 0.075. The maximum delay of the recovering node remains
2500 channel uses before and after recovery as restoring the EC compensates for the
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Fig. 18. Graceful degradation delay constraint θ in case of 5 nodes colliding where n = 1000
and ρ = 1 (Reprinted by permission [63] ©2018, Springer).

decrease in θ in (4). The figure also shows that for smaller packet sizes, the amount of
losses due to compensation are higher.

According to the system parameters, certain values of the priority factors ηα and
ηθ may produce a concave maximization problem for the objective function η . For
an MTC network with 15 devices where n = 1000,ρ = 2,θ1 = 0.1,ηα = 1 and ηθ = 4,
the optimum value of ρso which maximizes the objective function η will be 0.057
according to Fig. 20. This value corresponds to the operational point αco = 0.9397
and θ2 = 0.053. The SNR of the recovering node becomes ρco = 8.08. In other words,
in order to maximize the network throughput according to the given priority factors,
the compensating node boosts its SNR from 2 to 8.08 (which corresponds to a +6 dB
increase) and gracefully degrades its delay exponent from 0.1 to 0.053. This results in
only 6 % loss in EC of other nodes as depicted in Fig. 21, which illustrates the EC of
the nodes beffore and after compensation. Meanwhile, the EC of the compensating
node increased by about 50 %.Priority factors are left for the designer’s preferences
depending on reliability or latency requirements.
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3.5 Summary and discussion

In this chapter, we presented a detailed analysis of the EC for delay constrained
MTC networks in the finite blocklength regime and discussed different methods to
alleviate interference for multi-node MTC scenarios. For quasi-static Rayleigh fading
channels, we proposed an approximation for the per-node EC, defined the optimum
error probability, and investigated the effect of interference on the per-user EC. The
approximation presented was shown to be tight for all reliability and SNR ranges.
The problem of maximization of the EC in the ultra-reliable region at the cost of less
reliability deserved a closer look on the trade-off between EC and reliabilility. We
characterized the optimization problem to maximize EC with error constraint which
showed that there is a relatively small sacrifice in EC for high SINR and ultra reliablity
region.

For multi-node MTC networks, our analysis indicated that SINR variations have
minimum effect on EC under strict delay constraints. In a dense MTC network
scenario, we illustrated the effect of interference on EC. We suggested three methods to
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Fig. 20. Throughput η for n = 1000,θ = 0.1,ρ = 2, and N = 15 (Reprinted by permission [63]
©2018, Springer).

compensate for this collision effect. The first technique is power control where one of
the users is allowed to raise its transmission power which causes more interference to
other users in return. Power control is shown to be more adequate for systems with less
stringent delay constraints. The second method is graceful relaxation of delay constraint,
where we showed that a minimal reduction in the delay bound could successfully recover
the EC. Joint compensation emerges as a combination between these two methods
where an operational point is selected to maximize an objective function according
to the system design aspects. Priority factors are left for the designer’s preferences
depending on the network requirements in terms reliability or latency. The results of
implementing this method showed that for shorter packets, the amount of compensation
needed by both θ relaxation and power increase is higher when a point is moved to the
new curve. Thus, it is more costly to compensate networks transmitting shorter packets.
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4 Effective energy efficiency of ultra-reliable
Low latency communication

As defined earlier, EC defines the maximum communication rate subject to a specific
delay constraint, while EEE indicates the ratio between effective capacity and power
consumption. In this chapter, we analyze the EEE of ultra-reliable networks operating in
the finite blocklength regime. We obtain a closed form approximation for the EEE in
quasi-static Nakagami-m (and Rayleigh as sub-case) fading channels as a function of
power, error probability, and latency. Furthermore, we characterize the QoS constrained
EEE maximization problem for different power consumption models, which shows a
significant difference between finite and infinite blocklength coding with respect to EEE
and optimal power allocation strategy. The results also reveal that accounting for EBP in
MTC and extending the maximum delay tolerance jointly enhance the EEE and allow
for adaptive retransmission of faulty packets.

Herein, we build upon [49] and propose a finite blocklength model for the EEE
in quasi-static Nakagami-m fading assuming a linear power consumption model. We
characterize the optimum power allocation strategy that maximizes the EEE. We account
for the EBP and in power consumption model and prove that this model is valid for
short packets. Our analysis indicates that considering EBP with short packets allows
for a more precise characterization of the EC and EEE. Results show that higher EC
and EEE are obtained under EBP in contrast to the full buffer scenario. Besides, we
illustrate the EEE gap between infinite and the finite blocklength models, and highlight
the effect of network congestion on the EEE performance. We analyze how the optimum
power allocation is affected by limiting the packet length and the performance gap that
appears accordingly for different types of fading. In addition, we evaluate the trade-off
between the EEE and the delay tolerance.

The rest of the chapter is organized as follows: in Section 4.1, we introduce the
system model and clarify the relation between EC and EEE. Next, Section 4.2 presents
the EEE analysis in Nakagami-m quasi-static fading and characterizes optimum error
probability and power allocation for the linear power consumption model. We illustrate
the EBP model in finite blocklength transmission and characterize the EEE maximization
with reliability, latency, and power consumption constraints in Section 4.3, while the
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results are discussed in Section 4.4. Finally, Section 4.5 summarizes and concludes the
chapter.

4.1 System model and preliminaries

We consider a communication scenario in which an energy-limited sensor transmits
data to a common aggregator through a quasi-static Nakagami-m fading channel. The
received vector y ∈ Cn is

y = hx+w, (51)

where x ∈ Cn is the transmitted packet, and the block flat-fading coefficient is denoted
by h ∈ C which is assumed to be independent and identically distributed (i.i.d). This
implies that h remains constant over the blocklength n, but changes from block to block.
The blocklength is assumed to be smaller than the channel’s coherence time. Lastly, w
is the additive complex Gaussian noise vector whose entries are of unit variance. We
assume that CSI is available at each node. Note that CSI acquisition at the transmitter in
the URLLC setup is feasible whenever the channel state remains constant over multiple
symbols. In most communication environments, the channel coherence time is much
larger than the URLLC transmissions in mini-slots of duration 0.1 ms, and thus spans
multiple transmission time intervals (TTIs). This gives the transmitter sufficient time to
perfectly acquire CSI [76].

Remark 2. Channel estimation is a cumbersome task for conventional systems as

well as under URLLC constraints. However, estimates can be reliably acquired via

feedback channel in FDD system, or by exploiting channel reciprocity in TDD in line

with channel inversion power control methods. CSI is obtained at reception if the latency

constraint allows additional overhead due to pilot based transmissions, or alternatively

via non-coherent transmissions [22].

Moreover, recent machine learning tools facilitate this task especially if the channel

coefficients are highly correlated within a short period of time. In this case, the

transmitter node can exploit a recently received signal from the other node or request a

training sequence in order to estimate the channel [77]. Additionally, as in [3], we aim

to provide a performance benchmark for energy efficiency of these networks, where the

effect of imperfect CSI is beyond the scope of this chapter.

In finite blocklength transmission, unlike Shannon’s model, short packets are
conveyed at rate that depends on the blocklength n and the packet error probability
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ε ∈ [0,1], which is small but not vanishing. The normalized achievable rate, in (bpcu),
is [25]

r(ρ)≈log2(1+ρ|h|2)−Q−1(ε) log2(e)√
n

√
1− 1

(1+ρ|h|2)2 , (52)

where Q(·) =
∫

∞

·
1√
2π

e
−t2

2 dt is the Gaussian Q-function, and Q−1(·) represents its
inverse, ρ is the average SNR which frankly represents the transmit power in watts
since the noise is assumed to be normalized to unity. and |h|2 is the envelope of the
channel coefficients. The fading coefficients are presented by the random variable
Z = |h|2, which is gamma distributed with probability density function given as [73, Eq.
(2.21)], [46]

fZ(z) =
mmzm−1

Γ(m)
e−mz, (53)

where low values of m indicate severe fading, high values of m mark the presence of line
of sight (LOS) and m = 1 represents Rayleigh fading.

The relation between Effective Capacity and Effective Energy Efficiency

Recalling Chapter 2, the EC equation (6) assumes an underlying simple ARQ process
and indicates that higher service rates reduce the amount of data bits stored in the queue,
and hence also reduce the delay required to transmit, which boosts the EC. Thus, the EC
is a measure of the throughput while statistically guaranteeing the delay tolerance.

Remark 3. Note that, we resort to the more practical concept of service rate as in [25]

rather than the departure rate model in [42]. The intuition is that the service rate metric

is more suitable for the characterization of the re-invented EC (or effective rate) for

discrete short packets operating in the finite blocklength regime. Herein, we consider

short packets with a packet drop probability of ε to measure reliability. Reliability could

be well mapped via service rate rather than departure rate which does not account for

the dropped packets with probability ε . This model allows us to combine the latency and

reliability aspects and accommodate them in the characterization of QoS constrained

energy efficiency.

In [25], the EC is studied for single node scenario, but never to a closed form
expression. It has been proven that the EC is concave in ε , and hence has a unique
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global optimum. From (52) and (7), we observe that increasing the transmission
power would definitely raise the EC. However, this comes at the expense of increased
power consumption, which is not suitable for energy-limited (battery-operated) IoT
devices. Thus, it is necessary to study the trade-off between enhancing EC and power
consumption.

In this context, EEE is defined as the achieved EC per unit of consumed power. The
EEE captures the trade-off between the throughput of the communication link, the
overall power consumption, and latency. Thus, EEE is a suitable metric to quantify
and optimize the throughput of the communication link per each consumed watt for
energy-limited, low latency IoT. Hence, the optimization of EEE is of great importance
for IoT devices, which are isolated from stationary power sources and are required to
deliver packets with low latency in the order of milli-seconds [78]. In what follows, we
study the EEE for short packet communication.

4.2 Effective energy efficiency under linear power consumption
model

In our analysis, we resort to a linear power consumption model defined as [79]

Pt(ρ) = ζ ρ +Pc, (54)

with ζ ≥ 1 being the inverse drain efficiency of the transmit amplifier and Pc the
hardware power dissipated in circuit in watts. The linear power consumption model is a
well-established and accepted model that has been widely used in many studies related
to energy efficiency of wireless systems [48,79–81]. This model captures the linear
increase of the power consumption as a function of the transmit power and the inverse
drain efficiency as well as the idle circuit power consumption. Furthermore, it facilitates
the analysis that aims at providing a performance benchmark for the EEE in the context
of short packet and low latency communication of IoT devices.

For this model, the EEE is given by

ηee =
− 1

nθ
ln
(
EZ
[
ε +(1− ε)e−nθr

])
ζ ρ +Pc

. (55)

This scenario assumes an always full buffer and does not account for EBP. In [25],
EC was studied, but never to a closed form expression. Herein, we present a tight
approximation for the EC and hence, the EEE.
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Lemma 4. The EC in Nakagami-m quasi-static fading is approximated by

Ce(ρ,θ ,ε)≈−
1

nθ
ln
[

ε +(1− ε)
mm

Γ(m)

·
2

∑
n=0

β n

n!

∫
∞

0
(1+ρz)α

γ
nzm−1e−mzdz

]
,

(56)

where α = −θn
ln2 , β = θ

√
nQ−1(ε) log2 e, and γ =

√
1− 1

(1+ρz)2 .

Proof. Please refer to Appendix 4

Remark 4. It is quite straightforward to conclude that EEE is an increasing function of

the fading parameter m. That is, the EEE becomes worse when the fading becomes more

severe (i.e. m→ 1
2 ). Hence, starting from here, we focus our analysis on quasi-static

Rayleigh fading to provide a benchmark of the EC and EEE in the proposed scenarios,

where the results can also be extended to any type of Nakagami-m fading. However,

Lemma 4 facilitates the following derivation of the EEE in Rayleigh fading and later,

comparing the optimum power allocation in each fading scenario.

Theorem 2. For a Rayleigh quasi-static fading channel with blocklength n, the EEE of

the linear power consumption model is approximated as

ηee(ρ,θ ,ε)≈−
ln [ε +(1− ε) J ]

nθ (ζ ρ +Pc)
, (57)

where

J=e
1
ρ ρ

α

(β 2

2
+β+1

)
Γ

(
α+1,

1
ρ

)
−
(

β 2

2
+β

)
Γ

(
α−1, 1

ρ

)
ρ2

, (58)

where Γ(·, ·) is the upper incomplete gamma function [82].

Proof. The coefficients of Rayleigh channel are distributed according to the probability
density function (PDF) fZ(z) = e−z. This corresponds to a Nakagami-m fading parameter
m = 1. Applying the second order Taylor expansion to obtain eβγ = 1+(βγ)+ (βγ)2

2 , it
follows from Lemma 1 that for Rayleigh distributed channels

ψ(ρ,θ ,ε) = ε +(1− ε)

[∫
∞

0
(1+ρz)α e−zdz+

β

∫
∞

0
(1+ρz)α

γe−zdz+
β 2

2

∫
∞

0
(1+ρz)α

γ
2e−zdz

]
.

(59)
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The first integral can be written as e
1
ρ ρα Γ

(
α +1, 1

ρ

)
By applying Laurent’s expansion

for γ [83], we obtain γ ≈ 1− 1
2(1+ρz)2 . Hence, the second and third integrals can be writ-

ten as e
1
ρ βρα

(
Γ

(
α +1, 1

ρ

)
−

Γ

(
α−1, 1

ρ

)
ρ2

)
, and e

1
ρ

β 2

2 ρα

(
Γ

(
α +1, 1

ρ

)
−

Γ

(
α−1, 1

ρ

)
ρ2

)
,

respectively leading to (58).

Remark 5. It was shown in [49] that both EC and EEE are concave functions of the

error probability ε , and the optimum value of ε that maximizes them in this case is given

by

ε
∗(ρ,α,β )≈ arg min

0≤ε≤1
ε +(1− ε) J. (60)

In what follows, we study the behaviour of EEE as a function of transmit SNR ρ .

Theorem 3. The EEE function in Theorem 2 is a quasi-concave function of the transmit

SNR for URLLC scenarios.

Proof. Please refer to Appendix 5

Fig. 22 illustrates the EEE in Rayleigh block fading channel for different delay
exponents, while applying the expectation in (55) and Theorem 2. The network
parameters are n = 500 symbol periods and ε = 10−4. The figure proves the accuracy of
Theorem 2 as a tight approximation for the EEE, which is also well established for the
EC in [64]. However, unlike the EC which is an asymptotically increasing function of
the SNR, the figure shows the convexity of the upper contour of the EEE in the transmit
power and that the approximation in Theorem 2 captures this quasi-concavity precisely
as stated in Theorem 3. Note that the EEE declines when the delay constraint becomes
more strict. Meanwhile, it is also observed that the optimum transmit power shifts to a
higher value for less strict delay constraints. Finally, we plot the EEE also for smaller
packets with length of n = 50 symbol periods. As we can observe, the EEE is higher for
smaller packet size as the delay is minimized which boosts the EC. The approximation
holds tightly for this setup as well.

The quasi-concavity of the EEE in the SNR aids to characterize the optimum power
allocation which maximizes the EEE in the linear power consumption model.
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Theorem 4. The optimum power allocation for maximizing the EEE is ρ∗, which is the

solution of

ηee(ρ
∗)≈− 1

nθ

(
J

′
(ρ∗)

J (ρ∗)

)
, (61)

where κ1 =
β 2

2 +β +1 and κ2 =
β 2

2 +β , and

J = e
1
ρ ρ

α

(
κ1Γ

(
α +1,

1
ρ

)
− κ2

ρ2 Γ

(
α−1,

1
ρ

))
, (62)

J
′
(ρ∗) =

∂J

∂ρ

=− 1
ρ2

[(
1+

α

ρ

)
J +

(1−κ1)e
− 1

ρ

ρα
− 2κ2

ρ
Γ

(
α−1,

1
ρ

)]
.

(63)
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Proof. Based on the quasi-concavity of the EEE function which was proven in Theorem
3, we differentiate (57) with respect to ρ and equate to zero as follows

∂ηee

∂ρ
=−

 (1−ε)J
′
(ζ ρ+Pc)

ε+(1−ε)J −ζ ln(ε +(1− ε)J )

nθ(ζ ρ +Pc)2


≈−

 J
′
(ζ ρ+Pc)

nθJ (ζ ρ+Pc)
− ζ ln(ε+(1−ε)J )

nθ(ζ ρ+Pc)

(ζ ρ +Pc)

= 0,

(64)

where the above approximation is valid since J is much larger than 1, and the reliability
constraint ε is very small (i.e. J >> ε). Then, to differentiate J , we apply the
derivative of the upper incomplete gamma function [70], which yields

∂J

∂ρ
=− 1

ρ2

[
J +

α

ρ
J−κ1e−

1
ρ

ρα
−2κ2

ρ
Γ

(
α−1,

1
ρ

)
+

e−
1
ρ

ρα

]
, (65)

and after algebraic manipulation we obtain (63), which concludes the proof.

Despite the fact that we were able to find the partial derivative of J , a closed
form solution for (61) does not exist. For this purpose, we can compute a point-wise
numerical solution or utilize Matlab root-finding functions, e.g., fzero in a similar way
to [47].

4.3 Empty buffer probability model

Previously, we assumed that the buffer is always full which practically is not always the
case. In real scenarios, there would be instants in which a certain IoT device becomes
idle and therefore has no data to transmit. Thus, we need to account for the case when
the buffer is empty. Accordingly, we apply the model considered in [48] to networks
operating in the finite blocklength regime with non-vanishing probability of error ε .
After accounting for EBP, the transmission probability Pnb is equal to (1− the probability
of empty buffer) and the transmission process appears in Fig. 23.

For an average arrival rate of λ and a stable queue, the power consumption becomes

Pt(ρ) = Pnbζ p+Pc =
λ

E [r]
ζ ρ +Pc, (66)
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Fig. 23. Transmission with empty buffer probability in quasi-static channel with blocklength
n (Reprinted by permission [65] ©2021, IEEE).

with Pnb =
λ

E[r] denoting non-empty buffer probability (NBP), which is bounded between
0 and 1. The EEE with EBP is

ηee =
− 1

nθ
ln [ε +(1− ε) J ]

λ

E[r]ζ ρ +Pc
, (67)

where the numerator represents the EC in the finite blocklength regime as defined in
Theorem 2.

Note that similar to the fluid model2, the NBP indicates the average asymptotic
probability of transmission over relatively long time, where Pnb = 1 means that the
average serviced amount of data per packet time is equal to the average amount of data
arrival per packet time. This indicates that, in average, transmission always occurs.

Verifying the EEE model with empty buffer probability in finite blocklength

According to [80], an energy efficiency function must be non-negative, must be zero
when the transmit power is zero, and must tend to zero as the transmit power tends to
infinity. It was shown in [48] that the EBP model is valid for Shannon model. In the
following Lemma, we verify that this EBP power consumption model is valid as well for
short packets transmission.

Lemma 5. The EEE in (67) is zero for ρ = 0 and tends to 0 when ρ → ∞.

2The reason behind the choice a fluid model is that these fluid models are motivated as approximations to
discrete queueing systems. Fluid flow queues have been well accepted as a useful mathematical tool for
modeling and have long been used to evaluate the performance of telecommunication and computer systems.
In particular, we apply the fluid model to characterize the asymptotic delay probability, and to approximate the
NBP by arrival rate divided by average service rate. The exact (non-asymptotic) analysis of delay outages and
empty buffers is outside the scope of this chapter.
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Proof. For ρ = 0, the achievable rate r = 0 and the numerator of (55) becomes 0.
Applying L’Hopital’s rule for the denominator, we have

lim
ρ→0

ρ

E [r]
= lim

ρ→0

1

E
[
z
(

1
(1+ρz) ln2 −

Q−1(ε) log2(e)√
n(1+ρz)3

γ

)] = 0. (68)

Thus the denominator of (55) equals to Pc yielding 0 for the EEE.
For the second condition, the numerator of (55) is upper bounded by − lnε

nθ
, while

L’Hopital’s rule for the denominator, we obtain

lim
ρ→∞

1

E
[
z
(

1
(1+ρz) ln2 −

Q−1(ε) log2(e)√
n(1+ρz)3

γ

)] = ∞. (69)

Thus, the denominator of (55) tends to infinity which nulls the EEE. Hence, (67) holds
as well under finite blocklength regime, which concludes the proof.

Effective energy efficiency maximization with buffer constraints

We investigate the EEE maximization with EC, delay, and power constraints. EC should
be larger than the arrival rate λ to guarantee a stable queue, while the transmission SNR
ρ is bounded by ρmax. Thus, the optimization problem is formulated as

max
ρ≥0,θ≥0

ηee =
− 1

nθ
ln [ε +(1− ε) J ]

Pnbζ ρ +Pc
,

s.t Ce(ρ,θ ,ε)≥ λ ,

Pnbe−θλδ ≤ Λ

ρ ≤ ρmax,

ε ≤ εt , 0≤ Pnb ≤ 1.

(70)

Note that the reliability constraint here, which is the error probability constraint on the
first transmission, is important to improve QoS in URLLC. Meanwhile, the second
constraint guarantees that the delay outage probability is below a certain threshold Λ

and this constraint does not necessarily guarantee reliability if the ε constraint is not
imposed.

For the full buffer model, we set Pnb to 1. We perform a line search for ρ in the
interval [0,ρmax]. The optimum error probability is min [ε∗,εt ] where ε∗ is obtained
from Remark 5. When analyzing the empty buffer scenario, we set Pnb =

λ

E[r] . Here, Λ
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is the maximum allowed delay outage probability. In all cases, the optimal value of θ

can be obtained from the second constraint at equality as

θ
∗(ρ) =

1
λδ

ln
Pnb

Λ
. (71)

4.4 Numerical results

In this section, we present numerical results to illustrate the behaviour of the EEE
function and the trade-off between the EEE, power allocation and latency for Shannon’s
model and finite blocklength in different transmission scenarios. We compare our
results to the infinite blocklength case to show the performance gap that results from
applying the short packet information theoretic approach which is more suitable for
delay constrained analysis and compare this gap to the long packets ideal case. Firstly,
Fig. 24 illustrates the EEE of short packet transmission as a function of the delay
exponent θ in quasi-static Rayleigh fading for n = 500, ρ = 3 dB, error probability
ε = 10−4, and different circuit powers Pc. The figure highlights the energy efficiency
gap between long packet transmission which is analyzed via Shannon capacity model
and the finite blocklength model. The EEE of short packets is less than the infinite
blocklength Shannon’s model by about 20% in this case. Moreover, the figure shows
that the EEE declines when the delay exponent becomes more strict and when the
consumed power in circuitry is higher.

In Fig. 25, we elucidate the EEE for different transmission probabilities (i.e. when
the buffer is not empty). The figure shows the EEE gap between infinite and finite
blocklength models. Again, it is noted that higher circuit power significantly deteriorates
the EEE. It is observed that the EEE monotonically decreases with the increase of
arrival rate (or alternatively Non-EBP) which indicates higher congestion in the network.
However, this effect becomes marginal when the circuit power is higher as the circuit
power becomes a dominant factor in the calculation of EEE. Thus, for Pc = 0 dB, the
EEE is nearly constant as a function of the arrival rate. Therefore, careful studying of
EEE for different source arrival rates is crucial for low circuit power.

For the following simulations, we fix the network parameters as follows: Λ ={
10−2,10−3

}
,Pc = 0.2 W, ζ = 1.2, λ = 1, δ = 500 symbol periods, and n = 500

symbol periods, unless stated otherwise. In Fig. 26, we evaluate the EEE as a function
of error probability ε in case of EBP and compare it to the case where the buffer is
always full while fixing the transmit power at ρ = 10 dB. We observe that the EEE is
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Fig. 24. Effective energy efficiency as a function of the delay exponent θ in quasi-static
Rayleigh fading for n = 500, ρ=3 dB, error probability ε = 10−4, and different circuit powers Pc

(Reprinted by permission [65] ©2021, IEEE).

concave in ε as stated in Remark 5. It is obvious that considering the probability of
empty buffer reflects a gain in the EEE over the full buffer model, while decreasing the
delay outage probability reduces the EEE. Moreover, the figure depicts that Shannon’s
model considered in [48] overestimates the EEE by more than 20% when compared to
the finite blocklength model.

Fig. 27 depicts the maximum achieved EEE obtained from (70) for different delay
limits δ , where ρmax = 13 dB (variable transmission power), and εt = 10−4. We observe
that the EEE increases when extending the delay bound δ and relaxing the delay outage
probability Λ. This implies that networks which can tolerate longer packet transmission
delay are more energy efficient. From another perspective, it is clear that the sporadic
NBP transmission scenario allows for a better modelling of the power consumption in
MTC. This reflects that full buffer is the worst case, where we assume that all power
will be consumed. Meanwhile, the NBP models the fraction of time that is actually used

76



0 0.2 0.4 0.6 0.8 1

Non-Empty Buffer Probability P
nb

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2
E

ff
e

c
ti
v
e

 E
n

e
rg

y
 E

ff
ic

ie
n

c
y
 (

b
p

c
u

/w
a

tt
s
)

Shannon

Finite blocklength

P
c
= - 6 dB

P
c
= 0 dB

Fig. 25. Effective energy efficiency vs as a function of the NBP Pnb in quasi-static Rayleigh
fading for n = 500, SNR=3 dB, error probability ε = 10−4, θ = 0.01 and different circuit powers
Pc (Reprinted by permission [65] ©2021, IEEE).

for transmission of packets according to the queue congestion, which interprets the
gain of this model compared to the always full buffer model. Furthermore, the figure
verifies the inaccuracy of Shannon’s model when computing the EEE for relatively
small packets where the inaccuracy gap reaches more than 30% in higher delay region.

In order to present an insight about how EBP would affect the performance of
multi-user network, we consider a simple exemplary setup where 2 users transmit short
packets to a common BS. The BS applies SIC where User 1 is the primary user assumed
to be ultra-reliable with εu1 = 10−4, and therefore decoded last while it transmits with
higher power 6 dB. Meanwhile, User 2 is the secondary which has lower priority, where
it transmits with low transmit power of 0 dB, and reliability of εu1 = 0.1. Fig. 28 depicts
that the NBP of User 1 does not only affect the EEE of User 1, but also affects both the
EEE and NBP of User 2.
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Taking a close look at Fig. 28, we observe that adjusting the arrival rate of User
1 to a lower level reduces its NBP probability and improves the EEE of both users.
Meanwhile, the NBP probability of User 2 increases when the buffer of User 1 is more
busy. This happens because User 2 suffers from excess interference from User 1, which
forces User 2 into reducing its transmission rate. Hence, packets accumulate in the
buffer of User 2 which in turn becomes more congested.

In Fig. 29, we plot the optimum power allocation for maximizing the EEE as a
function of the maximum delay δ in case of EBP and always full buffer where ρmax = 10
dB. The target error outage probability is fixed at ε = 10−4. The plot shows that the
optimal power allocation is significantly higher when the delay outage probability Λ is
lower and when EBP is considered. The figure also depicts that Shannon’s model does
not render an accurate power allocation to maximize the EEE; in fact, it underestimates
the optimum power allocation when compared to the finite blocklength model. The
power gap ranges from 2 to 4 dB as shown in the figure. Thus, we can exploit the
extra power allocation that results from considering empty buffer and applying the
finite blocklength model in order to efficiently boost the EC. It is also observed that
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the optimal power allocation increases when the delay tolerance becomes higher. The
intuition behind this is that when the network tolerates higher delays, it allows for
improving the throughput by allocating higher power without wasting the network
resources. This improvement occurs in the same way when considering EBP and when
increasing the line of sight (e.g. Ricean fading where m > 1).

4.5 Summary and discussion

Effective energy efficiency is a powerful metric that reflects the throughput of delay
constrained MTC networks for each unit of power consumption. In this chapter, we
presented a detailed analysis of the EEE for ultra reliable delay constrained networks in
the finite blocklength regime. The discussed different scenarios for the EEE analysis
for always full buffer and the case when the buffer is not always full in single and
multi-user MTC networks. For Nakagami-m quasi-static fading channels, we proposed
an approximation for the EC. Then we characterized the EEE maximizers in terms
of optimum error probability and power allocation for the Rayleigh fading case. The
results revealed that Shannon’s model overestimates the EEE and underestimates the
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optimum power allocation when compared to the finite blocklength model. Further
results indicated that allowing for larger delays significantly boosts EEE.

The contributions of this chapter are summarized as follows:

– We derived closed form approximation for the EEE under quasi-static fading.
– We characterized the optimum power allocation that maximizes the EEE3 for linear

and EBP power consumption models and highlight the trade-off between EEE and
latency.

– We showed the performance and optimal power allocation gap that results from
utilizing short packets when compared to finite blocklength. Unlike [64], where we
maximized EC via optimal power allocation under Rayleigh fading while neglecting
energy consumption of the devices, herein we analyzed the optimal power allocation
for different Nakagami-m fading setups.

The chapter showed that the advantage of considering NBP and flexible transmission
power is twofold since it significantly improves the EEE of networks operating in
3It is worth noticing that in [49] we evaluated only numerically the optimal power allocation that maximizes
the EEE under Rayleigh fading and without any assumptions on the EBP.
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the finite blocklength regime and allows for retransmission of faulty packets with a
significant boost in the EEE, reliability, and limited delay extension as will be shown in
the next chapter.
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5 Energy efficient approaches for ultra-reliable
communication via retransmission schemes

As asserted in the literature, achieving ultra-reliability using one transmission consumes
huge amount of power, which is not favourable for energy limited IoT devices [2]. To
this end, this chapter explores different energy efficient retransmission scenarios to
acheive ultra-reliability in low latency networks, cognitive networks, and heterogenous
packet tranmsission.

First, accounting for EBP in MTC and extending the maximum delay tolerance
jointly enhances the EEE and allows for adaptive retransmission of faulty packets. Our
analysis reveals that obtaining the optimum error probability for each transmission by
minimizing the NBP approaches EEE optimality, while being analytically tractable via
Dinkelbach’s algorithm. Furthermore, the results illustrate the power saving and the
significant EEE gain attained by applying adaptive retransmission protocols, while
incurring a limited increase in latency. A key contribution of this chapter is that we
exploit the NBP model by incorporating retransmission of faulty packets in the instants
when the buffer is empty, which renders an EBP-ARQ scheme. We evaluate the EEE of
the proposed scheme and also compare this case to the basic EBP model. The results
show that this scenario grants a significant improvement in the EEE and reduction in
the power consumption. Our analysis characterizes the optimum transmission error
probability for each transmission so that the global EEE is maximized and the power
consumption is minimized. The average latency is also analyzed for this scenario where
the results indicate a very limited increase in latency as a cost of the high gain in EEE.

Next, the chapter proposes a novel opportunistic spectrum sharing scheme that
applies ARQ protocol to achieve ultra-reliability in the finite blocklength regime. A
primary user shares its licensed spectrum with a secondary user, where both communicate
to the same BS. The BS applies ARQ with the secondary user, which possess a limited
number of trials to transmit each packet. We resort to the interweave model in which the
secondary user senses the primary user activity and accesses the channel with access
probabilities that depend on the primary user arrival rate and the number of available
trials. We characterize the secondary user access probabilities and transmit power in
order to achieve target error constraints for both users. Furthermore, we analyze the
primary user performance in terms of outage probability and delay. The results show
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that our proposed scheme outperforms the open loop and non-opportunistic scenarios in
terms of secondary user transmit power saving and primary user reliability.

Finally, the chapter presents a brief description of an invention that introduces
an algorithm for simultaneous transmission of packets with heterogeneous reliability
constraints. The major objective of this invention is to solve the problem of power
consumption in massive machine type communication (m-MTC). The aim is to achieve
URLLC with minimum power consumption by optimally allocating packets to their
corresponding resource blocks in the time-frequency grid.

The rest of the chapter is organized as follows: Section 5.1 studies the retransmission
of faulty packets in the empty buffer instants. In Section 5.2, we present the opportunistic
transmission scheme in cognitive setup where we analyze the PU outage probability and
delay along with the SU transmit power. The performance of the proposed scheme
is evaluated in the same section. Finally, the proposed invention for simultaneous
transmission of heterogeneous packets is illustrated in Section 5.3, while Section 5.4
concludes the chapter.

5.1 Adaptive retransmission scenario

In this section, we build on the EBP model in Chapter 4 to introduce the adaptive EBP
retransmission scenario. First, consider the same transmission scenario with EBP as in
Chapter 4. Herein, we present a basic framework for applying ARQ by considering
adaptive rate retransmission of faulty packets when the buffer is empty in the EBP
model in order to achieve ultra-reliability. In this framework, at a certain time instant t,
we assume a buffer-aware transmission as in [84, 85]; this allows the transmitter to have
a prior knowledge of whether the buffer will be empty or there is a packet that needs to
be delivered at the next time slot t +1. Then the following is applied:

1. If a packet arrives at time slot t and there is also a packet arrival at t +1, normal
transmission occurs at t with rate r(ε).

2. If a packet arrives at time slot t and there is no packet arrival at t +1, we transmit the
with rate r(ε1 > ε) and apply ARQ at t +1.

However, the NBP in this case will be slightly changed to P
′
nb due to the rate

variations. The first case occurs when the buffer is full at t +1. Assuming i.i.d arrivals,
the probability of occurrence of case number 1 is the same as the NBP P

′
nb.
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In case 2, we apply the type-I ARQ protocol. In type-I ARQ protocol, the node is
allowed to retransmit its packet if it receives a NACK feedback from the receiver, which
indicates that the packet is not successfully decoded. We assume a maximum of only 1
retransmission in order to satisfy the stringent delay requirements in URLLC. Note
that, the transmitter performs the first transmission with an error probability of ε1 and
the second transmission with an error probability of ε2 such that the aggregate error
probability satisfies the reliability constraint (i.e, ε1ε2 ≤ ε). Thus, both ε1 and ε2 are
higher than ε . The fact that the transmission rate is an increasing function of the error
probability implies that both r(ε1) and r(ε2) are higher than r(ε), which reflects the rate
gains of this model. In other words, we obtain a significant rate gain in the likely event
of successful first transmission. Moreover, the aggregate packet error probability when
applying ARQ would be ε which maintains the reliability level. This can be performed
by rate adaption as in [86], where sensors generate data in the form of bits that can be
relocated from one packet to the other. This rate adjustment occurs when the buffer is
empty in the next time instant t +1 with probability 1−P

′
nb and results in a rise in the

instantaneous rate with symbols resizing. Generally let r0 = E [r(ε)], r1 = E [r(ε1)] and
r2 = E [r(ε2)]. Then the average rate becomes

E [r] = p
′
nbr0 +(1− p

′
nb)
[
(1− ε1)r1 +

ε1r2

2

]
= p

′
nb (r0−κ)+κ, (72)

where κ = (1− ε1)r1 +
ε1r2

2 . Note that the rate is divided by 2 in case of retransmission
because the time duration of transmitting n symbols is approximately the double as
expressed in the last term of (74). Due to the rate variation, the modified NBP should
satisfy

p
′
nb =

λ

E [r]
=

λ

p′nb (r0−κ)+κ
. (73)

Solving (73) for p
′
nb, we obtain

p
′
nb =

−κ +
√

κ2 +4(ro−κ)λ

2(ro−κ)
≤ 1, (74)

and the EC in this case is given by

Ce2 =
−1
nθ

ln
(
EZ

[
p
′
nb(ε +(1− ε)e−nθr0)+

(1− p
′
nb)
(
(1− ε1)e−nθr1 + ε1(1− ε2)e−nθ

r2
2 + ε

)])
. (75)
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To clarify (75), we mention that the transmission occurs with rate r0 when the
buffer is not empty in the next time slot. This is indicated by the first term in equation
(25) and occurs with probability p

′
nb. When the buffer is empty in the next slot with

probability (1− p
′
nb), one transmission occurs rate r1 if there is no error where the no

error probability is 1− ε1. However, the rate is divided by 2 to become r2/2 in case
of retransmission when an error occurs in the first transmission only with probability
ε1(1− ε2). While the rate is considered to be zero when both transmissions fail with
probability ε1ε2 = ε . In order to map the impact of the second transmission on the
overall EC, we calculate the average of the rate of the first transmission which is zero in
case of error and the second transmission which is r(ε2). Since the transmission occurs
in the duration of 2 time slots, the rate is virtually divided by 2 as indicated in the second
term of (75).

Since the channel coefficients change from one transmission to the other, we need to
vary the transmit power in order to compensate for the channel coefficient variation
so that the product ρ|h|2 is the same for both transmissions. Although the transmit
power varies, the average transmit power E[ρ] is the same for both transmissions and
independent from p

′
nb or any other parameter. Thus, the consumed power for this

scenario is a probabilistic function of the transmit power of one or two transmissions
which after manipulations is allowed to be expressed as

Pt =
[

p
′2
nb + p

′
nb(1− p

′
nb)(1+ ε1)

]
ζ ρ +Pc, (76)

Defined by the quotient of EC to the transmit power, the EEE of this scenario is
formulated as

ηee2 =
Ce2[

p′2nb + p′nb(1− p′nb′)(1+ ε1)
]

ζ ρ +Pc
. (77)

Note that the optimum error probability of each transmission in the EBP model
with two ARQ transmissions is not simply the square root of the aggregate target error
probability ε = εt . Therefore, we define the optimization problem to determine the
optimum error probability of the first transmission that maximizes the EEE subject to a
target reliability constraint as

max ηee2(ε1,ε2) (78)

s.t 0 < ε1ε2 ≤ εt

An interesting analysis is to determine the asymptotic behaviour of the EEE as the delay
constraint θ → ∞ or 0. This corresponds to extremely strict or no delay constraint,
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respectively. It is straight forward to conclude that the EEE tends to zero for extremely
stringent delay constraint (i.e, when θ → ∞). Herein, we derive the upper bound of the
EEE for relaxed latency constraint as θ → 0.

Theorem 5. The EEE of the proposed retransmission scenario is upper bounded by

lim
θ→0

ηee2=
p
′
nb(1−ε)ro+(1−p

′
nb)
[
(1−ε1)r1+ε1(1−ε2)

r2
2

][
p′2nb+p′nb(1−p′nb′)(1+ε1)

]
ζ ρ+Pc

(79)

Proof. Please refer to Appendix 6.

Remark 6. As the system approaches ultra-reliability (i.e, ε → 0 ), the EC of one

transmission converges to r0, while the EC of the proposed EBP-ARQ scehme converges

to p
′
nbro +(1− p

′
nb)r1. Hence, the EC is raised to r1 for (1− p

′
nb) portion of the time

which indicates the gain in the EC of the proposed EBP retransmission scheme.

5.1.1 Power saving and average latency

Power saving

Returning to (76), which represents the average power consumption, we study the effect
of varying the NBP p

′
nb on the power consumption by obtaining the first derivative of

(76) as

∂Pt

∂ p′nb
=
[
−2ε1 p

′
nb +(1+ ε1)

]
ζ ρ, (80)

which is strictly non-negative for all possible values of p
′
nb and ε1 (i.e, 0≤ p

′
nb,ε1 ≤ 1).

Thus, the power consumption pt is still an increasing function of the NBP p
′
nb. Hence,

minimizing the NBP also reduces the transmit power which leads to a longer battery life
for remote sensors that are located far from energy sources.

Theorem 6. The NBP p
′
nb in (72) is a pseudo-convex function in ε1 and therefore, the

minimization of p
′
nb is a fractional program.

Proof. Please refer to Appendix 7.

Furthermore, being a psuedo-convex fractional program and due to the analytical
intractability, it is easier to find the global minimum of p

′
nb using well known optimization

algorithms such as Dinkelbach’s algorithm [80] to minimize p
′
nb and hence, the total
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transmit power. Later the results section shows that this optimal solution for minimizing
the transmit power also highly approaches optimality for maximizing the EEE in this
case. Moreover, it is more efficient and numerically tractable4 to minimize the transmit
power instead of the EEE function given in (78). Hence, the problem becomes

min p
′
nb(ε1,ε2) (81)

s.t 0 < ε1ε2 ≤ εt .

Note that the target is to minimize the transmit power. Thus, it is straightforward to
conclude that the reliability constraint is optimally achieved at equality since more
power is needed to achieve lower error and higher reliability. As proven in Theorem
6, the problem in (81) is a pseudo-convex fractional program. Therefore, the global
optimum exists, and can be found by utilizing the Dinkelbach’s algorithm as introduced
in Section 3.2 in [80]. It is a parametric algorithm of which the basic idea is to tackle a
pseudo-convex problem by solving a sequence of easier problems which are guaranteed
to converge to the global optimum. The minimization procedure is depicted in Algorithm
1.

Algorithm 1: Minimization of p
′
nb

Input :Fσ0 > δ > 0; n = 0; σ = 0;
Output :ε∗1

1 while Fσn > δ do
2 ε∗1 = argmin{−κ(ε1)+

√
κ(ε1)2 +4(ro−κ(ε1))λ −σn2(ro−κ(ε1))};

3 Fσn =−κ(ε∗1 )+
√

κ(ε∗1 )
2 +4(ro−κ(ε∗1 ))λ −σn2(ro−κ(ε∗1 ));

4 σn+1 =
−κ(ε∗1 )+

√
κ(ε∗1 )

2+4(ro−κ(ε∗1 ))λ
2(ro−κ(ε∗1 ))

;

5 n = n+1;

6 end

The intuition behind the algorithm is as follows. It starts from some arbitrary
estimate of ε∗1 and analyzes the level sets of the original problem, which are evidently
convex. Then, as the algorithm progresses, it iteratively corrects the estimate of ε∗1
and checks if the stopping criterion is satisfied, i.e. a δ -suboptimal solution has been
4Taking into account the energy consumption and computational complexity for the original online optimization
algorithm, it might even turn out that the suboptimal one proposed here leads to an overall better EEE and
lower latency.
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obtained. If the tolerance margin has not yet been satisfied, then the algorithm continues
scanning through the level sets of the function until convergence. Notice that the
worst-case computational complexity of the algorithm is dominated by step 2, which can
be solved using interior point methods. As a consequence, the convergence rate in the
sub-problem sequence is super-linear [74, 87].

Average latency

Herein, we analyze the average extra packet delay induced due to retransmissions
when applying the proposed EBP-ARQ with empty buffer instants. Let δ1 be the
delay per packet in the single transmission scenario and δ2 be the total delay when
two transmissions occur. Then the expected delay when applying ARQ with two
retransmissions would be

τ = δ1

(
P
′
nb +(1−P

′
nb)(1− ε1)

)
+δ2(1−P

′
nb)ε1. (82)

In case of error in the first transmission, the 1 bit NACK feedback could be transmitted
in a span of ≈ 6 symbols according the Physical Uplink Control Channel (PUCCH)
Format 1 in 5G NR [88]. Assuming the same transmission rate for the NACK packet,
the extra delay due to the NACK packet would be ∆ = 6

n δ1. This occurs before the
second transmission and is very small compared to the one packet transmission time.
Thus, we can state that δ2 = 2δ1 +∆ =

(
2+ 6

n

)
δ1. Hence, the normalized delay with

respect to one transmission time δ1 can be written as

τn = P
′
nb +(1−P

′
nb)(1− ε1)+

(
2+

6
n

)
(1−P

′
nb)ε1, (83)

where τn ≥ 1. Herein, (83) provides an indication of the QoS when applying ARQ with
EBP for boosting the EEE. Note that we mainitain the same QoS constraints θ snd ε

throughout the whole analysis.

5.1.2 Numerical analysis

This section illustrates the performance of the EBP ARQ scheme by presenting different
plots for the EEE gain, power saving and average latency caused by applying the
proposed EBP ARQ scheme. First, Fig. 30 illustrates the EEE gain of the EBP
retransmission scenario. The system parameters are ρ = 6 dB, ε = 10−9,λ = 0.5.
The figure shows that our proposed EBP scheme with ARQ enhances the EEE when

89



0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1 0.11

Delay exponent 

10
-2

10
-1

e
e

2

 (
b
p
c
u
/j
o
u
le

)

optimum error allocation

minimum power consumption

equal error allocation

EBP with no retransmission

Full buffer

ARQ

Fig. 30. Effective energy efficiency ηee for different delay exponents θ , where ρ = 6 dB, n =

500,ε = 10−9, Pc = 0.2,ζ = 1.2,λ = 0.5 (Reprinted by permission [65] ©2021, IEEE).

compared to the classical EBP and full buffer models. In fact, the EEE of EBP model
with ARQ is more than double of the conventional EBP case when the delay constraint
is very strict and the delay exponent approaches high values at θ > 0.1. Thus, the
EEE gain is more relevant for delay stringent networks. In this case, the EEE is upper
bounded by 1.07 (bpcu/watt) as obtained from Theorem 5. The plot also compares
different error allocation strategies for the first and second transmission rounds. It is
obvious that the equal error allocation is not optimal enough to maximize the EEE.
However, the minimum transmit power strategy highly approaches EEE optimality.

In Fig. 31, we depict the total power consumption accompanied by each scenario as
function of the arrival rate. The network parameters are ρ = 6 dB, n = 500,ε = 10−9,

θ = 0.01, where λ is varied this time as shown on the figure x-axis. Although this effect
is marginal for the full buffer model, the figure depicts that higher arrival rates consume
more power as there are more packets to transmit. However, the power consumption is
lower for the EBP model. Despite retransmissions which consume high power, the EBP
model with retransmissions is the most power saving scheme, since the packets are
transmitted with higher error probabilities for each single transmission which boosts
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the service rate and reduces the traffic congestion at the buffer and hence, the power
consumption of the whole network.

Finally, Fig. 32 illustrates the normalized delay τn as a function of arrival rate λ for
the EBP-ARQ scheme with two transmissions. The figure shows that the normalized
delay τn diminishes as the network traffic becomes higher. This is because, when the
queue becomes more congested, there are fewer chances for the buffer to become empty
and hence, the opportunity for a second transmission disappears. Hence, the delay
becomes only one transmission delay which is lower than the delay in case of two
transmissions. It is noted that the delay becomes worse for lower reliability requirement
as the error is also relaxed in the first transmission which leads to higher probability of
occurrence for the second transmission and longer delay.

Moreover, for the same reliability constraint, boosting the transmit power does
not reduce latency. This is because for this high power, if the network becomes more
congested, it slightly affects the NBP which maintains its low value and allows for
second transmission which causes longer delay. The delay in its worst case is still only
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3% higher than the delay of the one transmission scheme. Hence, we obtain significantly
higher EEE with only limited increase in the delay, while maintaining reliability at the
same level.

5.2 Ultra-reliable communication via opportunistic ARQ
transmission in cognitive networks

In brief, this section proposes a novel opportunistic transmission framework for an
SU in interweave model in the finite blocklength regime. In an interweave model, the
SU senses the PU activity and decides whether to transmit or not according to some
QoS (outage) guarantees [57]. If the PU is active, the SU accesses the channel with a
certain access probability based on the PU and SU arrival rates as characterized in our
work. The BS applies ARQ and SIC to the SU packet. In ARQ protocol, the SU is
allowed to retransmit its packet if it receives a NACK feedback from the BS, which
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means the packet is not successfully decoded. The SU possesses M trials to transmit a
single packet, where M depends on the SU arrival rate to retain the SU queue stability.
Once the BS decodes the SU packet, it applies SIC to eliminate interference from the SU
packet and subsequently, reduces the error outage probability for the PU. Furthermore,
we analyze the PU expected delay, which occurs due to the SIC process and the SU
retransmissions. The results will show that this scheme provides ultra-reliability for both
the PU and SU while reducing the SU transmit power.

5.2.1 Preliminaries

System layout

Consider an uplink scenario where the PU and the SU convey short packets with a fixed
rate R bpcu to a common BS. For finite blocklength transmission, packets are conveyed
with error probability ε ∈ [0,1] given by [3, 23]

ε(σ) = Eσ

[
Q

(
n log2(1+σ)−nR+0.5log2 n√

nv(σ)

)]
, (84)

v(σ) =

(
1− 1

(1+σ)2

)
(log2 e)2 , (85)

where σ denotes the SINR, n is the blocklength and v(σ) is the channel dispersion.
Both PU and SU have a Bernoulli distributed arrival process with packet arrival

probabilities of λp and λs, respectively as in [89]. This implies that although we know
the average arrival probability of the PU, we can not predict exactly when the PU will
have packets to transmit. Whenever a packet arrives to the PU, the PU transmits it only
once and remains silent until the next packet arrival. On the contrary, the SU applies
opportunistic transmission. The SU possesses M trials to transmit a single packet where
m ∈ {1,2, ...,M} denotes the mth trial. According to Loynes’ theorem [90], a queue is
stable if its average service rate is higher than the average arrival rate. To guarantee SU
queue stability at steady state and boost reliability, M varies from one packet to the other
such that M = d 1

λs
e for α fraction of time and M = b 1

λs
c for 1−α fraction of time. α is

selected to be slightly higher than or equal to αo with

αo = mod
(

1
λs

,b 1
λs
c
)
. (86)
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Fig. 33. System layout (Reprinted by permission [66] ©2018, IEEE).

On the other side, the BS applies the ARQ protocol with the SU where the BS
calls the SU to retransmit its packet if an error occurs. Given that the SU’s packet
is not successfully decoded before the mth trial, the SU accesses the channel with
probability 1 if the PU is silent and with access probability qm ∈ {q1,q2, ...,qM} if the
PU is transmitting a packet. Here, we assume that the SU is able to sense the PU
transmission perfectly as in [56].

Let pp and ps be the transmit powers of the PU and SU, respectively, while |hp| and
|hs| denote their channel coefficients, respectively as shown in Fig. 33. Both channels
are i.i.d quasi-static Rayleigh fading with coherence time of n symbol periods, and the
channel coefficients are available at the BS. The noise entries are additive complex
Gaussian of unit variance. Define the PU packet outage probability as εp and the SU
packet outage probability after exhausting its M trials as εs. If both users transmit at the
same time, the BS applies SIC on the PU received signal. The BS is able to decode the
SU interfering packet successfully with probability 1− εs. In this case, the PU SINR
is the same as if the PU transmits while the SU is silent, which is σp = pp|hp|2. This
renders an outage probability of εp1 = ε(σp). Likewise, the BS fails to decode the SU

packet with probability εs, which renders a PU SINR of σpi =
pp|hp|2

ps|hs|2+1 . This causes an
outage probability of εp2 = ε(σpi). It is straightforward to infer that εp2 ≥ εp1 due to the
interference in the second case. Leveraging, in case of simultaneous transmission, the
PU outage probability is

εp = (1− εs)εp1 + εsεp2 . (87)

94



At the mth trial, the SU has an outage probability of εs1 = ε(σs) if the PU is silent and
εs2 = ε(σsi) in case of concurrent transmission, where σs = ps|hs|2 and σsi =

ps|hs|2
pp|hp|2+1 .

The targets of our analysis are as follows:

1. Compute the PU and SU outage probabilities.
2. Optimize the SU access probabilities to minimize the SU transmit power subject to

outage constraints.
3. Assess the performance of opportunistic ARQ transmission in terms of SU power

saving and PU reliability.

Secondary user Outage Probability

We start by deriving the outage expression for the SU in closed form. At a certain
instant, suppose that a packet arrives at the SU’s buffer; the SU user starts to sense
the channel for PU transmission and admits opportunistic transmission with ARQ as
detailed in Section 5.2.1. Define the probability of reaching the mth trial as PSU (m). The
probability tree of success and failure at the mth is projected in Fig. 34.

Lemma 6. The SU’s cumulative outage probability εs can be formulated as

εs = PSU (M+1) =
M

∏
i=1

θi =
M

∏
i=1

βqi +T, (88)

where β = λp(εs2 −1), and T = λp(1− εs1)+ εs1 .

Proof. At the mth trial and according to Fig. 34, we define the following probabilities;
the probability that the SU transmits at the mth trial is given by

PSU (Tx | m) = λpqm +(1−λp)

= 1−λp(1−qm), (89)

while the probability that it remains silent is

PSU (no Tx | m) = λp(1−qm). (90)

Thus, the probability of success at the mth trial is

PSU (suc | m) = λpqm(1− εs2)+(1−λp)(1− εs1). (91)
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Fig. 34. Probability tree of the mth trial (Reprinted by permission [66] ©2018, IEEE).

For the mth time slot, we obtain the fail probability as

PSU (fail | m) = 1−PSU (suc | m)

= λpqmεs2 +λp(1−qm)+(1−λp)εs1 , (92)

which for m = 1 corresponds to the probability of reaching the second trial. Similarly,
we obtain the probability of reaching the third trial as

PSU (3) =PSU (fail | 1) ·PSU (fail | 2)

=[λpq1εs2 +λp(1−q1)+(1−λp)εs1 ] ·

[λpq2εs2 +λp(1−q2)+(1−λp)εs1 ] . (93)

Following the above pattern, we attain the probability of reaching the mth trial as

PSU (m) = ∏
i=1

[λpqiεs2 +λp(1−qi)+(1−λp)εs1 ]

=
m−1

∏
i=1

[βqi +T ] . (94)
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The SU’s cumulative outage probability εs can be projected as the virtual probability
of reaching the (M+1)th trial after the Mth trial fails. That is, εs = PSU (M+1) which
according to (94) leads to (88).

Proposition 2. The SU outage probability is lower bounded by εsl = (β +T )M , and

upper bounded by almost surely εsu
a.s.
= T M .

Proof. The lowest possible SU outage probability εsl occurs when the SU always
transmits regardless of the state of the PU. Substituting {qm = 1, ∀m} in (88), we obtain

εsl =
M

∏
i=1

β +T = (β +T )M (95)

Likewise, the worst case outage occurs when the SU never transmits whenever the PU is
active; that is {qm = 0, ∀m} in (88), which yields

εsu
a.s.
=

M

∏
i=1

T = T M. (96)

Here, εsl and εsu are the lower and upper bounds, respectively for the SU outage
probability and εs lies in the interval

[
εsl ,εsu

]
, where the value of εs is determined

according to the access probabilities {q1,q2, ...,qM}.

5.2.2 Secondary user transmit power

In this section, we derive the SU transmit power required to achieve a target SU outage
probability εst in the open loop, non-opportunistic, and opportunistic schemes. First, we
start by the open loop scenario.

Open loop scenario

To achieve a transmission rate R at a target SU error probability εst with single transmis-
sion (open loop), the amount of allocated power p∗s (σ) according to (84) is the root
of

Eσ

[
Q

(
n log2(1+σ)−nR+0.5log2 n√

nv(σ)

)]
= εst , (97)
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which can be obtained using Matlab root-finding functions, e.g., fzero or plotting
when setting σ = σs = p∗s |hs|2 in a similar way to [58]. Taking into consideration the
interference that occurs when the PU has a packet arrival with probability λp, the SU
SINR becomes σ = σsi =

p∗s |hs|2
pp|hp|2+1 . Thus, the open loop SU transmission power is

psol = λp p∗s (σsi)+(1−λp)p∗s (σs), (98)

where p∗s (σs) and p∗s (σsi) are obtained by solving (97).

Non-opportunistic Scenario

In non-opportunistic transmission, the SU keeps retransmitting its message with
probability 1 untill it is successfully decoded regardless of the state of the PU. In this
case the SU needs Mno trials to convey its packet, which can be obtained from the lower
bound equation in (95) as

Mno =
logεst

β +T

=
logεst

log [(1−λp)εs1 +λpεs2 ]
, (99)

Thus, the transmit power is given by

psno =
logεst

log [(1−λp)εs1 +λpεs2 ]
ps. (100)

Opportunistic scenario

Back to the transmission process, exploiting (89) and (94), we can say that a transmission
occurs at the mth trial with probability

PSU (mth Tx) = PSU (Tx | m) ·PSU (m)

= [λpqm +(1−λp)]
m−1

∏
i=1

θi. (101)

Thus, the SU transmit power needed to deliver one packet psop can be formulated as the
sum of transmission probabilities φ times the power per transmission ps. That is

psop = φ · ps, (102)
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with

φ = λpq1 +(1−λp)︸ ︷︷ ︸
1st Tx

+
M

∑
k=2

[λpqk +(1−λp)]
k−1

∏
i=1

θi. (103)

Since ps is constant in (103), it is clear that the power consumed per packet transmission
solely depends on the objective function φ .

Reversing the problem, we aim at computing the necessary access probabilities
q1,q2, ...qM to satisfy a certain target SU outage probability εs = εst such that εst ≥ εsl .
A feasible solution can be obtained by setting q = q1 = q2 = ...= qM , which implies
equal access probabilities for all trials. From (88), we have

εs =
M

∏
i=1

θi =
M

∏
i=1

θ

= θ
M = εst , (104)

where θ = βq+T . The solution of (104) gives

q =
ε

1
M

st −T
β

. (105)

Indeed (105) represents a feasible solution that satisfies the outage constraint. The
consumed power per packet can be obtained by substituting the resultant q in (103), then
(102). However, this solution seems to be sub-optimal since there is no evidence that it
minimizes the objective function φ and hence, the consumed power per packet in (102).

To obtain the optimum access probabilities, we cast the following optimization
problem to minimize the objective function φ with both PU and SU outage constraints

min
q1,..,qM

φ , (106)

s.t εs ≤ εst

εp ≤ εpt

0� {q1, ..,qM} � 1.

Taking a closer look on the above problem, we recognize that neither φ nor εs has a
positive definite Hessian matrix and hence, neither is convex. Consequently, this problem
can not be solved using Karush-Kuhn-Tucker (KKT) conditions [74]. Nevertheless, this
problem can be easily solved by a numerical search with the same approach implemented
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in [57], since the access probabilities are bounded between 0 and 1. Moreover, the
numerical search can be further simplified bearing that the optimum solution must be
such that q1 ≤ ..≤ qM , which can also be proven straightforward.

5.2.3 Primary user performance analysis

Herein, we analyze the PU performance when the SU packet inter-arrival time is
constant, which is the worst-case scenario for the PU as the SU always has a new packet
to transmit once it exhausts its M trials for the previous packet.

Primary user outage probability

Proposition 3. The minimization of the objective function φ not only minimizes the SU

transmit power, but also minimizes the PU overall outage probability εp.

Proof. First, we characterize the PU outage probability. Considering that (103) repre-
sents the SU transmission probabilities and that a PU packet can arrive at any SU trial
with probability 1

λp
, we can infer the probability of simultaneous transmission in terms

of φ as

P(Simultaneous Tx) =
φ

λp
. (107)

From (87), the PU outage probability can be written as

εp =
φ

λp
[(1− εs)εp1 + εsεp2 ]+

(
1− φ

λp

)
εp1 , (108)

and the first derivative of εp w.r.t φ is

∂εp

∂φ
=

1
λp

(εsεp2 + εp1 − εsεp1 − εp1)

=
εs

λp
(εp2 − εp1) , (109)

which is strictly positive since εp2 > εp1 .

Primary user delay

When decoding the PU packet, an extra delay occurs when the PU suffers from
interference from the SU. This is because the decoder must wait for the SU packet to be
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P(δ = 0) =
1
M

[
M−1

∑
m=1

[(
1−

m−1

∏
i=0

θi

)
1

+

(
m−1

∏
i=0

θi

)
2

(qm(1− εs2)+(1−qm))

]
+13

]
.
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P(δ = l) =
1
M

[
M−δ−1

∑
m=1

[
qmεs2 (λpqm+l(1− εs2)+(1−λp)(1− εs1))

m+l−1

∏
i=1,i6=m

θi

]

+qM−δ εs2

M−δ+l−1

∏
i=1,i6=M−δ

θi

]
.

(112)

decoded first to perform interference cancellation which may take up to M time slots;
then it can decode the PU packet without interference. To analyze the delay δ , first
we assume that once the SU packet has been received with no error, the BS requires a
virtual zero processing time to decode the SU packet and perform SIC. Thus, the only
delay occurs due to the decoder waiting time for the SU retransmissions. A PU packet
can arrive at any SU trial with probability 1

M . Therefore, at the mth time slot, PU suffers
a virtual zero delay in the following cases:

1. The SU is not present (did not reach the mth trial).
2. It is present and decides not to transmit or transmits successfully.
3. The SU is at its Mth trial.

Thus, the virtual zero latency probability can be formulated by (111) on the the top
of the next page and the above 3 cases are highlighted below each term. Following a
similar procedure, we attain the probability of integer (l : 0 < l < M) packet duration
latency as (112). The PU expected delay is bounded by

El [δ ] =
M−1

∑
l=0

l.P(δ = l). (110)

5.2.4 Performance evaluation

This section includes different plots to elucidate the performance of ARQ opportunistic
transmission with SIC in terms of SU outage, SU power allocation, and PU reliability.
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Fig. 35. SU outage probability εs vs PU arrival rate λp for n = 500, R = 0.25, M = 3, pp = 30 dB,
ps = 32 dB (Reprinted by permission [66] ©2018, IEEE).

We also compare the proposed ARQ opportunistic transmission with SIC and optimum
power allocation to the open loop (one shot) transmission ,the equal power allocation
scenario, and non-opportunistic scenario. The following parameters are fixed for all
plots: R = 0.25 bpcu, pp = 30 dB, ps = 32 dB, n = 500, and λs =

1
3 (M = 3).

In Fig. 35, we plot the SU outage probability εs as a function of the PU arrival rate
λp according to (88). In this simulation, the SU access probabilities qm are constant
for all trials as detailed in the figure. The plot shows the SU outage bounds obtained
from Proposition 2. It is clear that the SU outage probability increases when the PU
has higher arrival rate as well as when the SU access probability q is low. Here, the
UR region for the SU user lies below an SU outage probability of εs = 10−3. Thus, to
achieve ultra-reliability for the SU when the PU has high arrival rates, it is essential to
rise the SU access probabilities.

In Fig. 36, we compare the SU power allocation in opportunistic transmission to
non-opportunistic transmission and open loop (one shot) scenarios. The target outage
constraints are set as εst = εpt = 10−3 for the next 3 figures. Fig. 36 shows the power
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Fig. 36. Power allocation vs PU arrival rate λp for εst = εpt = 10−3, R = 0.25, pp = 30 dB, ps = 32
dB, n = 500, and M = 3 (Reprinted by permission [66] ©2018, IEEE).

allocation necessary to achieve the target SU outage probability in each scenario for
different PU arrival rates λp. The figure depicts that the opportunistic scheme with
equal or optimum power allocation requires significantly less power when compared
to non-opportunistic transmission, while the open loop setup is the worst case. The
amount of power saving increases when the PU queue becomes more congested, where
it reaches more than 3 dB (half power) for λp = 0.9 with respect to non-opportunistic
transmission and up to 20 dB with reference to the open loop scenario. It is also obvious
that more power is consumed when the PU arrival rate λp increases. We also notice
that the power gap between the optimum and equal power allocation is very tight and
hence, the equal power allocation strategy highly approaches power optimality with low
complexity.

Another observation worth mentioning is that although the transmission rate is
low (R = 0.25) bpcu, we had to transmit with high SNR to achieve ultra-reliability as
envisaged by [2]. Bearing in mind that transmit power is normalized to a unit power of
noise, transmission with 32 dB in case of opportunistic transmission is considered to be
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Fig. 37. PU error probability εp vs PU arrival rate λp for εst = εpt = 10−3, R = 0.25, pp = 30 dB,
ps = 32 dB, n = 500, and M = 3 (Reprinted by permission [66] ©2018, IEEE).

practically plausible especially when compared to 52 dB in the single transmission
scheme or 35 dB in the non-opportunistic scenario. The fact that the SU has more
chances to transmit when the PU is silent leads to the minimization of the interference
for both users. This in turn reduces the power needed by the SU to transmit its packet
and the sacrifice of reliability for the PU when the SU is present.

Fig. 37 depicts the PU error outage probability εp with and without the presence
of SU for different PU arrival rates. The figure shows that the PU outage probability
rises from around 1.5×10−4 to 2×10−4 when introducing the SU and applying the
proposed opportunistic scheme. It is obvious that applying the ARQ opportunistic
scheme guarantees a very limited declination in the PU reliability in terms of error while
serving the SU. Thus, we attain URC for both PU and SU at the same time.

Finally, we plot the PU average delay obtained from (110) as a function of PU arrival
rate in Fig. 38. The figure shows that the PU average delay for non-opportunistic scheme
is higher than when applying the opportunistic transmission whether with equal or
optimum power allocation. Unlike, the results in Fig. 36, the optimum power allocation
strategy renders a considerable reduction in PU delay when compared to equal power
allocation. For example, when λp = 0.5, the delay is only 2 % of packet duration, while
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Fig. 38. PU average delay εp vs PU arrival rate λp for εst = εpt = 10−3, R = 0.25, pp = 30 dB,
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it is around 3 % for both the equal power allocation and non-opportunistic schemes. In
all cases, the PU delay rises when the PU queue becomes more congested.

5.3 Optimum resource block and power allocation for ultra-reliable
transmission of heterogeneous packets.

In our proposed methodology, we assume multi-packet transmission in equally divided
time-frequency resource blocks (RBs), where each packet has its own fixed rate and
transmission error probability constraint in infinite blocklength. The technique will
achieve its objectives by optimizing the allocation of RBs across the time-frequency
grid and the transmit power at each RB such that the aggregate error probability of
the transmission (reliability constraint) is achieved for each packet with minimum
power consumption. Our model is based on transmission of heterogenous packets from
the same device with different rate, reliability and latency constraint. For simplicity
and obtaining a benchmark for the power and resource allocation problem, we apply
Shannon’s capacity with a fixed transmission rate, in which the blocklength can be
sufficiently long, and the maximal achievable rate in the finite blocklength regime
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is lower than Shannon’s capacity. The reliability constraints are defined as extreme
low error outage probabilities which are functions of the transmission power and
rate. The basic assumption is that if the SNR is higher than a threshold such that
Shannon’s capacity is higher than the required data rate, then the packets are transmitted
successfully. Otherwise, the transmission fails, and which adds the penalty in the system.

The proposed approach minimizes the overall power consumption needed for
achieving ultra-reliability by scoring extremely low error probabilities. In conventional
random resource block allocation approaches, if the transmission is unsuccessful the
system adds plenty of power to maintain high reliability and low latency. As a result, it
sums the power consumption of all the unsuccessful resource blocks which also leads to
the increase of the overall power consumption of the transmission.

In our technique, we assume multi-packet transmission in equally divided time –
frequency resource blocks (RBs), where each packet has its own rate and reliability
constraint. Each RB has its own specific error probability and power consumption. The
transmitter will send the packets at fixed data rate due to unknown channel conditions.
The invented technique achieves its objectives by optimizing the allocation of RBs across
the time-frequency grid and the transmit power at each RB such that the aggregate error
probability of the transmission (reliability constraint) and latency constraint (maximum
number of time slots) are achieved for each packet with minimum power consumption.

In the proposed methodolgy the transmitter will send the information at the fixed
data rate due to unknown channel conditions. Meanwhile, the receiver knows the
channel conditions and based on CSIR. M time slots ×N frequency slots resource blocks
are assumed. Moreover, packets have different data rates Rn and reliability constraint εn

for each packet and n is the packet index.
Fig. 39 depicts the reduction in consumed power which results from our proposed

algorithm compared to one shot transmission and random RB allocation for 2 packets in
a 2 x 3 grid where R1 = 1, R2 = 2, and ε1 = 10−4. We obtain the optimumr esource
block and power allocation by solving the optimization problem using Matlab fmincon
function. It is obvious that the amount of saved power is more significant for lower error
probability values. Thus, the proposed optimum power and RB allocation scheme is
seamlessly convenient for ultra-reliable transmission, when compared ot the single shot
transmission or the random resource allocation.
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Fig. 39. Optimum resource block and power allocation.

5.4 Summary and discussion

In this chapter, we showed that the advantage of considering NBP and flexible trans-
mission power is twofold as it significantly improves the EEE of networks operating
in the finite blocklength regime and allows for retransmission of faulty packets with
a significant boost in the EEE, reliability, and limited delay extension. For the EBP
retransmission scenario, we derived the upper bound of the EEE and provided a low
complexity solution for the optimization problem of maximizing the EEE and minimiz-
ing the power consumption. The solution showed that EBP model with retransmission
is an ultra-reliable power saving scheme which improves the energy efficiency with
limited increase in latency.

Hence, the contributions of the first section of this chapter are summarized as
follows:

– We presented a basic framework for applying ARQ by considering retransmission of
faulty packets in the EBP model. A buffer aware strategy is adopted to allow for rate
adaption when the buffer is empty in the time slot following the current transmission.
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The proposed framework allows for a significant rate gain and renders a significant
boost in the EEE, while maintaining a limited increase in average latency.

– We solved the optimization problem for optimum error allocation at each transmission
with a target reliability constraint via low complexity Dinkelbach’s algorithm. The
solution shows that minimizing the NBP jointly reduces the power consumption and
maximizes the EEE.

Next, we introduced an efficient spectrum sharing model to achieve URC for short
packets. The proposed model relies on ARQ opportunistic transmission of the SU after
sensing the PU activity in an interweave scenario. We derived the SU outage expressions
and defined the upper and lower bounds for this outage as a function of PU arrival rate.
We characterized the optimum access probability and analyzed the average delay of the
PU packets. The results showed that opportunistic transmission requires significantly
lower power when compared to non-opportunistic and open loop scenarios. Moreover,
the equal access probabilities highly approaches optimality in terms of power saving.
However, we observe that applying the proposed opportunistic scheme with optimum
power allocation strategy significantly reduces the PU delay. The proposed scheme
serves the SU with a negligible sacrifice in the PU reliability.

Finally, we presented a brief description of an invented scheme for transmission of
heterogeneous packets with minimum power consumption. The main contribution of our
work that diverges from the state of art is that we consider the uplink of heterogeneous
packets generated at the same time with different reliability and rate constraints. The
scheme aims at minimizing the power consumption required to upload all these packets
by optimally allocating these packets to the time-frequency grid and optimally allocating
transmit power to each resource block. Our model is generic and scalable to any kind of
application. This idea was never considered or discussed in the literature to the best of
our knowledge.
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6 Traffic prediction based fast uplink grant for
IoT devices driven by Markovian events

As discussed in the introduction, classical access schemes such as RA [91] and time
division duplex suffer from drawbacks among which are large number of collisions, long
delays and high power consumption and waste of resources. For instance, in the LTE
systems, devices attempt to access the medium via RA procedures. Thus to obtain a
radio resource and transmit a packet, a user equipment (UE) undergoes a four-handshake
procedure. This procedure suffers from high signaling overhead, which causes longer
delays that prevent achieving the URLLC QoS requirements [92]. It also fails to meet
one of the most challenging requirement of smart IoT, namely real-time performance
due to high latency [93]. Additionally, highly dense MTC deployments with hundreds of
devices competing for meager resources will suffer from large number of preamble
collisions, which cause longer delays and even packet drop [94]. To handle such issues,
many solutions have been implemented as complementary features to the existing
RA resource allocation algorithm, but they fail to guarantee MTC demands. Other
researchers proposed credible techniques such as grant-free (GF) transmission, where
each device chooses randomly a resource to transmit its packets without requests [95].

Although GF solutions overcome the exchange of messages that causes signaling
overhead problem, highly dense mMTC scenarios, where the number of devices is
usually larger than the number of available resources, still suffer from large number
of collisions and longer delays. To address such problems, authors in [96] suggest a
dynamic resource allocation scheme, that resolves the preamble collisions rather than
avoiding it. Authors in [97] present a GF solution based on non-orthogonal multiple
access (NOMA). Unfortunately, the proposed solutions suffer from undesired signaling
overhead and collisions [98].

To this end, the road to an extreme low latency (<1 ms) [99] urges the invention
of novel massive access schemes that depart from the shortcomings associated with
the classic ones [100]. Those are expected to exploit activation correlation and the
prediction of traffic patterns.

In order to illustrate the effects of traffic correlation, we consider the following
example: let event 1 correspond to the existence of fire, and event 2 correspond to
someone who smokes a cigarette. Meanwhile, sensor 1 and sensor 2 are heat and smoke

109



detectors, respectively. In case of fire, both sensors will detect the event. However, in
case of smoking a cigarette, event 2 will only be detected by sensor 2. Hence, we infer
that if sensor 1 is active, sensor 2 will be active with high probability but not vice versa.
This scenario illustrates the ability to forecast the activation of a certain sensor when
observing the activation of another one, and hence, allocating resources to the sensor
which is anticipated to transmit. In this context, Fast Uplink (FU) grant was introduced
in [94] to allow for resource allocation according to traffic prediction.

Fast Uplink Grant

To elaborate on the FU grant, consider the availability of L transmission slots and K

IoT devices where K� L and each device is triggered to generate packets at different
times depending on different events. When a device generates a packet, it requires a
transmission slot to transmit this packet. In the FU grant scheme, the common aggregator
allocates available transmission slots to IoT devices based on a traffic prediction scheme,
where the learning procedure exploits the correlation of traffic patterns on the temporal
and event dimensions. The advantages of the FU grant scheme are:

– Reduced power consumption of the devices and decreased latency since there are no
scheduling requests and no collisions;

– No signalling overhead between the devices since learning occurs only at the side of
the aggregator;

– Permits usage of the uplink grant signal in order to partially or fully enable channel
estimation at the IoT devices before uplink (CSIT).

Note that the channel estimation is a proposed advantage of applying the FU grant
scheme that could be investigated for possible future implementation.

The proposed FU grant model is depicted in Fig. 40 for k = 4 devices and L = 2
slots at a certain time instant, where only 2 out of 4 devices are active. The FU approach
suggests that the aggregator is able to predict the likelihood of the traffic pattern of the 4
devices and grants the 2 available transmission slots to the 2 devices which are more
likely to transmit. In [101], Samad et al. proposed a multi-armed bandit framework
to perform FU grant for IoT devices. However, the authors did not exploit the traffic
correlation on the event-temporal dimensions. Meanwhile, the authors of [102] exploited
the correlated activity of devices to develop heuristic RA protocols. Moreover, works
such as [103,104] characterized device activations according to coupled Markovian
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Fig. 40. Fast Uplink scenario. The common aggregator grants access to devices 1 and 3,
while 2 and 4 remain inactive (Reprinted by permission [67] ©2020, IEEE).

traffic models but without addressing the resource allocation problem based on these
traffic models.

Herein, we assume discrete events that induce the activity of IoT devices and such
events are modeled based on an On-Off Markov arrival process. Then, we develop an
efficient traffic prediction scheme which exploits the traffic correlation on the event and
temporal dimensions in order to predict the likelihood of transmission of each device
and enable the FU grant procedure.

Outline

The rest of the chapter is organized as follows: in Section 6.1, we introduce the system
model for the IoT device stimulated by Markovian events. Next, Section 6.2 proposes
the forward algorithm which is applied in order to predict the traffic pattern of IoT
devices. It also introduces performance metrics which will be used to evaluate the
performance of the proposed FU scheme. After that, Section 6.3 shows and discusses
different results for the performance evaluation. Finally, Section 6.4 concludes the
chapter and discusses future research directions.
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Fig. 41. The considered activation model, in which N On-Off processes control the activation
of K devices. If process n is in the On-state it activates device k with probability qnk (Reprinted
by permission [67] ©2020, IEEE).

6.1 System model

We consider the uplink model depicted in Fig. 41, with K IoT devices and a single
aggregator. The radio link is divided into time slots, and in each time slot the BS can
schedule up to L devices for transmission in L transmission slots, as in LTE FU. The
scheduled devices are allotted dedicated resources, and transmit only if they are active,
i.e. if they have data to transmit. If an inactive device is scheduled for transmission, the
uplink resource is wasted.
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We denote the activation of device k in discrete time slots t = 1,2, . . . by the random
variable A(k)

t , which is equal to one if the device is active and zero otherwise. The IoT
devices activation vector at time t is given by At =

{
A(1)

t , ...,A(K)
t

}
.

The activation pattern of the devices is controlled by N independent two-state
Markov processes. Each Markov process is characterized by On and Off states, where
the state at time t, S(n)t ∈ {1,0}, is governed by temporal transition probabilities ε

(n)
1 ,

ε
(n)
0 as shown in Fig. 41, where

Pr
(

S(n)t+1 = 0
∣∣∣S(n)t = 1

)
Pr
(

S(n)t+1 = 1
∣∣∣S(n)t = 0

)
Pr
(

S(n)t+1 = 0
∣∣∣S(n)t = 0

)
Pr
(

S(n)t+1 = 1
∣∣∣S(n)t = 1

)

=


ε
(n)
0

ε
(n)
1

1− ε
(n)
1

1− ε
(n)
0

 . (113)

Moreover, we define the state vector at time t as St =
{

S(1)t , ...,S(N)
t

}
. The Markov

processes that are in the On state, i.e. S(n)t = 1, may activate certain IoT devices. More
specifically, the probability that Markov process n activates device k in the On state is
qnk.

6.2 Traffic prediction and key performance indicators

In this section, we analyze the device temporal activation probabilities and exploit them
develop the traffic prediction based FU scheme. Next, we introduce the notion of regret,
system usage, and age of information (AoI) as performance metrics. These metrics are
useful in the evaluation of the performance of the proposed FU scheme.

Device activation probabilities

A device is active if any of the N Markov processes activates the device, so that the
probability that device k is active at time t is

Pr
(

A(k)
t = 1

∣∣∣St

)
= 1−

N⋂
n=1

Pr
(

A(k)
t = 0

∣∣∣S(n)t

)
(114)

= 1−
N

∏
n=1

(1−qnk)
S(n)t , (115)

where we resorted to the fact that the activation is conditionally independent given the
state vector St .

113



Moreover, the probability of IoT device k to be active at time t +1 given the state
vector at time t is as

Pr
(

A(k)
t+1 = 1

∣∣∣St

)
= 1−

N⋂
n=1

Pr
(

A(k)
t+1 = 0

∣∣∣S(n)t

)
(116)

= 1−
N

∏
n=1

h(n), (117)

where

h(n) =

1− ε
(n)
1 + ε

(n)
1 (1−qnk), S(n)t = 0

ε
(n)
0 +(1− ε

(n)
0 )(1−qnk), S(n)t = 1.

(118)

Traffic Pattern Prediction

The states of the Markov processes are generally unknown to the BS, which has to
continuously estimate them based on the device activation. To this end, we exploit that
the activation observed by the BS can be described by an N-Hidden Markov Model
(HMM) [105], where the total number of possible states at a certain time slot is 2N . In
particular, we apply the forward algorithm to determine the probability of the process
being in a state, given a history of observations, and use the resulting state distribution to
predict future device activation.

The forward algorithm computes the joint probability p(St ,At) efficiently by
formulating the problem recursively [106]. In the notation of this paper, the forward
algorithm can be formulated as

p(St ,A1:t) = p(At |St) ∑
St−1

p(St |St−1) p(St−1,A1:t−1). (119)

This joint probability can be used for predicting the most likely state, given a series of
observations as

S∗t = argmax p(St ,A1:t), (120)

or, similarly, for predicting the most likely set of active devices in the next time step

A∗t+1 = argmax
K

∏
k=1

Pr
(

A(k)
t+1 = bk

∣∣∣S∗t ) . (121)

Here A∗t+1 is the maximum likelihood estimate of the set of active IoT devices at t +1
with bk ∈ {1,0}. Then, (121) can be iteratively used to predict the state of events at
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t +2 using (120) after partial correction of the activation pattern by setting the activation
indicator A(k)∗

t+1 to zero (limited information) for devices that were granted transmission
but did not transmit.

When performing uplink grant allocation, we have L slots to use at each time
t. While the activation pattern most likely to be observed is given by (121), we are
interested in selecting the L devices which are most likely to be active. Since (121) only
evaluates the probability of a full pattern and does not consider the activation probability
of individual devices, it becomes difficult to determine which devices in A∗t+1 are most
likely to be active. To find these devices we instead assume that the system is in the
most likely state, as found in (120), and use that assumption to calculate probability
that a device is active in the next time slot using (117). The devices are sorted by their
probability of activation, and the L devices most likely to be active are scheduled in the
next slot.

Next, we define some performance metrics that could be useful to evaluate the
performance of the proposed FU grant scheme with traffic prediction.

Regret

The performance of a FU scheme can be quantified using the notion of regret [94]. Here,
regret can be defined as the missed opportunity that occurs when a slot is allocated to an
inactive device, while there is another device that has data to transmit but receives no
grant. We consider the problem of predicting and subsequently scheduling the active
devices in each time slot. To this end, regret is cumulative number of wasted resources
that could have been allocated to active unserved devices. Hence, the regret can be
considered as an indicator of the efficiency of the system usage. In order to capture the
scheduling decisions at time t, consider the uplink grant vector Gt =

{
g(1)t , . . . ,g(K)

t

}
,

where g(k)t is equal to 1 if a slot is allocated to device k and 0 if no slot is allocated to
device k. In this case, the number of wrong allocations is defined as the number of slots
that are allocated to devices, that have no data to transmit which is

ωt =
K

∑
k=1

[
g(k)t −A(k)

t

]+
, (122)
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where [x]+ = max(0,x). Moreover, the number of missed allocations is defined as the
number of devices which have data to transmit but do not receive a grant. That is

γt =
K

∑
k=1

[
A(k)

t −g(k)t

]+
. (123)

Hence, we define the regret function at time t as

R(t) = min{ωt ,γt} . (124)

Then the overall goal is to minimize the long-term R(t).
To obtain some intuition about the regret function, we consider the regret in three

scenarios. In the first, suppose there are M > L active devices, and that all L uplink
grants are given a subset of the active devices. In this case ωt = 0 and γt = 0, and so the
regret R(t) = 0, which reflects the fact that the number of unserved devices is minimized.
In the opposite extreme case, 0 devices are active, and the L grants are given to inactive
devices. In this case ωt = L and γt = 0, and thus R(t) = 0 also in this case, which again
reflects the fact that the number of unserved devices is minimized. Now, suppose that
M ≤ 2L devices are active, and that half of the active devices are given grants, while the
remaining L−M/2 grants are given to inactive devices. We then have ωt = L−M/2
and γt = M/2, so R(t) = min(L−M/2,M/2), which is the number of unserved devices
that could have been served by proper allocation of the grants.

System usage

In order to quantify the efficiency of the proposed resource allocation scheme, we
propose the system usage metric. The average system usage ηt at time t is simply the
time averaged ratio between the number of transmission slots that are being successfully
used by a transmitting device and the total number of slots L. That is

ηt =
1
tL

t

∑
τ=0

(L−ωτ). (125)

The average system usage indicates the percentage of resources successfully allocated
and used for transmission by IoT devices.

Age of Information

The AoI [57, 107, 108] metric is a key indicator of data freshness. It quantifies the
degree of information freshness that the BS have about each IoT device. In the context
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of our scneario, the AoI of device k is defined as the time elapsed since device k

successfully transmitted a packet, which is the last time device k was activated and
received transmission grant. That is

a(k) = t− tk, (126)

where tk < t is the last time slot before t when A(k)
tk = g(k)tk = 1. As we infer from the

definition, the AoI here is a discrete process whose value is non-negative integer. Hence,
the peak age per device can be defined as maxk{a(k)}, while the average age per device
at a certain time is given by

ā =
1
K

K

∑
k=1

a(k). (127)

The importance of the AoI metric as a performance measure in our scenario is that
it measures the freshness of the data packets received from each device. That is, if a
device is rarely scheduled for transmission, the data stored at the common aggregator
from this sensor will be outdated as the device’s age becomes too high. This could be
considered as a measure of fairness where devices that are fairly scheduled from time to
time would have a relatively low average age.

6.3 Performance evaluation

Consider a setup of N = 10 Markovian events monitored by K = 50 sensors competing
for L = 10 frequency slots at each time slot. The temporal state transition probabilities
are ε

(n)
0 and ε

(n)
1 are uniformly distributed on the interval [0,0.5], where low values of ε

correspond to events which stay in one state for longer times and hence cause more
bursty traffic. Meanwhile the activation probabilities qnk ∈ [0,1].

Fig. 42 demonstrates different performance metrics when applying RA, TDD
(round-robin), FU with limited information, FU with feedback (FB), and the genie-aided
FU. Here, FU with limited information corresponds to the case in which the BS observes
the activation only of the scheduled sensors, while FB allows the BS to observe, through
a feedback signal, the activation also of devices that were not scheduled. Finally, the
genie-aided FU refers to the the case in which the states of the sources are known to the
BS. In Fig. 42a, we evaluate the regret function, where the FU scheme significantly
outperform both RA and TDD. Specifically, when applying the proposed FU scheme,
the regret function is reduced to half the regret in case of TDD and 15 times less than the
regret of RA. Moreover, the FU scheme with limited info, where there is no feedback
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Fig. 42. Performance evaluation for 10 events observed by 50 sensors competing for 10
transmission slots.
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about the active devices or events, renders a very close regret to the one obtained by the
genie-aided model which assumes perfect knowledge of events. The performance is also
close to that of the feedback based FU which assumes knowledge of all active devices at
time slot t to predict the transmission likelihood at t +1. The same behaviour occurs for
the case of K = 100 sensors in Fig. 43a.

Fig. 42 b depicts the average system usage for each resource allocation scheme. It is
observed that the system has nearly a 0.96 system usage for the proposed FU schemes
which means that an average of 96% of the resource blocks are successfully allocated to
transmitting devices. Thus, the proposed FU schemes are more efficient than TDD
which exploits only 89% of the resources. Meanwhile, RA is the worst performer due to
the high number of collisions and its plot is omitted as it corresponds to nearly zero
system usage. Fig. 42 c shows the average age per device, where the proposed FU
schemes has relatively higher ages when compared to RA and TDD. Note that the age
plots capture the saw-tooth behaviour of individual devices as their ages drop down
whenever they are scheduled and transmit.

Fig. 43 demonstrates the same performance metrics for a more massive system
with K = 100 sensors. Again, it is obvious that the proposed FU schemes significantly
outperforms both RA and TDD in terms of Regret and system usage. In this case, FU
successfully allocates more than 92% of the resource blocks to transmitting devices
compared to only 81%. This highlights the efficiency of the proposed FU scheme in
massive networks. Moreover, unlike the case of less-dense network, the proposed FU
schemes performs better in terms of average age per device when compared to RA,
while TDD still renders the least average age.

6.4 Summary and discussion

Efficient traffic prediction could be applied to preemptively allocate resources to IoT
device via resource allocation schemes such as FU grant. In this chapter, we propose a
traffic prediction scheme that efficiently predicts the transmission likelihood of sensors
stimulated by Markovian events in massive IoT scenarios. The proposed traffic prediction
algorithm only uses the network parameters such as state transition probabilities and
state-device activation probabilities in order to perform the prediction in its basic form.
Accordingly resource blocks are allocated to sensors that are most likely to be active at
each time slot via FU grant. The proposed scheme significantly outperforms both RA
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Fig. 43. Performance evaluation for 10 events observed by 100 sensors competing for 10
transmission slots.
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and TDD in terms of regret and system usage, and this performance superiority is more
obvious in more dense networks.

For more dense networks, the average age per device of FU is lower than RA and
thus, it also outperforms RA age-wise. However, for less dense networks, the average
age per device for the proposed FU scheme is higher than both RA and TDD. The
proposed FU grant scheme renders relatively high average age since sensors with very
low transmission likelihood are rarely scheduled.
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7 Conclusions and future work

7.1 Conclusions

The objective of this thesis was to study the problem of QoS provisioning in MTC
networks characterized by URLLC constraints and propose optimum resource allocation
strategy for energy efficient and extreme low latency scenarios. To this end, we discussed
metrics such as EC and EEE for finite blocklength communication scenarios. We
also proposed energy efficient ARQ schemes within the EEE, cognitive networks, and
heterogenous packet transmission frameworks. Finally, we introduced an FU grant
scheme for IoT devices in Markovian envirmonments for extreme low latency packets
uplink.

First, we offered a literature review for FB communication, EC, EEE, retransmission,
and multiple access schemes in Chapter 1. In Chapter 2, EC was discussed for single
link MTC network in the finite link regime, where the upper bounds of the EC and delay
constraint were obtained and an optimum power allocations strategy was suggested.
The results in this chapter revealed that significant power saving could be obtained by
applying the optimum power allocation strategy in the high SNR regime. Following
that, Chapter 3 presented a detailed analysis of the performance of delay constrained
multi-user networks in the finite blocklength regime. We studied the per-node EC
in massive MTC networks and demonstrated three interference alleviation methods,
namely power control, graceful degradation of delay constraint and the hybrid method.

Our analysis was not limited only to the EC as we also explored the EEE of
such networks in Chapter 4. Therein, we studied the EEE of URLLC short packet
transmission where we showed the performance boost that results from exploiting
the EBP model. The chapter also illustrated that Shannon’s model overestimated the
EEE while underestimating the optimum power alloction for maxmimizing the EEE
when compared to the finite blocklength model. We showed that considering NBP
and flexible transmission power significantly improves the EEE. We investigated the
trade-off between EEE and maximum delay limit. The results showed that allowing for
larger delays significantly boosts the per-user EEE.

Next, Chapter 5 discusses three ARQ approaches for URLLC. The first approach
exploits the EBP model to propose an adaptive rate EBP-ARQ scheme. The proposed
EBP-ARQ scheme was shown to enhance the EEE and reduce the power consumption
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of URLLC scnearios with a limited increase in latency. The second approach introduces
an opportunistic ARQ transmission in cognitive networks with SIC. This approach
provides a change for a secondary user to transmit with relatively low power, while
achieving low latency for the PU. The third apporoach proposes an optimum power
and resource block allocation for transmission of heterogeneous packets with different
reliability constraints in a time, frequency grid. The proposed algorithm significantly
reduces the power consumption of the transmitter when compared to the random RB
allocation and one shot transmission.

Finally, Chapter 6 shed light to the problem of multiple access in massive-MTC
scenarios operating at extreme low latency scenarios. In the chapter, we introduced
an algorithm to exploit traffic correlation and perform predictive resort allocation for
IoT devices which are exptected to transmit via FU grant. The introduced algorithm
outperformed both RA and TDD in terms of regret, and system usage (and AoI in
massive deployments).

All in all our proposed techniques demonstrated a great potential to improve
performance indicators of paramount importance for coming wireless systems, such as
throughput , reliability, latency, EE, and power consumption. The derived theoretical
results and analysis have particular significance in establishing performance bounds
for practical methods and can, thus, be used for benchmarking. Finally, our novel
ideas, proposed schemes and discussions are expected to influence the development and
implementation of new and more sophisticated strategies for coping with the increasingly
growing QoS demands of future networks.

7.2 Future work

Many of the ideas discussed in this thesis are subject to potential extensions in the
future. Herein, we suggest possible extensions to the ideas presented in this thesis noting
that the extensions are not limited to these suggestions. For example, for the model
in Chapter 2, we suggest considering EBP for all nodes in a game theoretic model to
maximize EEE and EC.

In our approaches in Chapters 2, 3, and 4, and in order to facilitate the analysis and
obtain a performance benchmark, we have assumed perfect knowledge of CSI which is
not always the case in URLLC scenarios [109]. Future research directions may inlcude
analyzing the impact of imperfect CSI on the EC and coordination algorithms that
maximize EC with fairness constraints. We also suggest considering a game theoretic
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model in which all users are tied to an action-reward game via their transmit powers or
variations in delay constraints. The target would be maxmimizing the overall throughput
of the network as the summation of the EC of each node.

The EBP-ARQ model in Chapter 5 assumes simple Type-I ARQ to illustrate the
idea. Better performance and higher EEE gain could be achieved by applying Chase
Combining (CC-HARQ) and Incremental redundancy (IR-HARQ) protocols [54]. This
is left as possible extension for this work along with the analysis of EEE in multi-user
networks as in Fig. 28 in Chapter 4. Another possible extension is to provide closed
form analytical solution for the optimum power and RB allocation scheme presented in
Chapter 5 Section 5.3.

This AoI fairness issue in Chapter 6 is an open problem for future research where the
target could be minimizing the regret function subject to peak age per device constraint.
Finally, the benefits of efficient traffic prediction in such scenarios could be extended to
the efficient allocation of other types of resources such as in optimum UAV (unmanned
aerial vehicle) positioning and network design as envisioned by [110, 111].

We already have ongoing works on all above interesting scenarios, which promise
opening up new research paths. These and other future works aim to pave the way
towards the 6G era.
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Appendix 1 Proof Of Lemma 1

Let us first define

ψ(ρ,θ ,ε) = EZ

[
ε +(1− ε)e−nθr

]
(128)

=
∫

∞

0

(
ε +(1− ε)e−θnr

)
e−zdz. (129)

From (8) and [33], we have

e−θnr = (1+ρz)α eβγ , (130)

where γ =
√
(1− (1+ρz)−2). Since γ tends to 1 as ρ → ∞ and β → 0 for the cases

under interest (namely, ultra reliable scenarios with finite block length, where n is
small and ε is small but not zero), we can then truncate the Maclaurin series as
eβγ = 1+(βγ)+ (βγ)2

2 and replace it into (130), then (128) becomes

ψ(ρ,θ ,ε) = ε +(1− ε)

[∫
∞

0
(1+ρz)α e−zdz+

β

∫
∞

0
(1+ρz)α

γe−zdz+
β 2

2

∫
∞

0
(1+ρz)α

γ
2e−zdz

]
.

(131)

The first integral reduces to e
1
ρ ρα Γ

(
α +1, 1

ρ

)
. After we apply Laurent’s expansion

for γ [83], we attain γ ≈ 1− 1
2 (1+ρz)−2. Then, the second and third integrals can be

written as

e
1
ρ βρ

α

(
Γ

(
α +1, 1

ρ

)
− 1

2ρ2 Γ

(
α−1,

1
ρ

))
, (132)

and

e
1
ρ

β 2

2
ρ

α

(
Γ

(
α +1,

1
ρ

)
− 1

ρ2 Γ

(
α−1,

1
ρ

))
, (133)

respectively. After some algebraic manipulations we obtain ψ = ε +(1− ε)J where J

is given by (12).
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Appendix 2 Proof Of Lemma 3

According to [112], the gamma function can be represented in terms of the generalized
exponential integral E1−a(·) as

Γ

(
a, 1

ρ

)
= ρ

−aE1−a

(
1
ρ

)
≈−ρ−a

a
, (134)

where lim
ρ→∞

E1−a

(
1
ρ

)
≈− 1

a [113, §8.19.6]. For a = α +1 and a = α−1, it is observed

that the approximation in (134) holds for {a ∈ R|a < 1} which corresponds to all
practical values of α as shown Fig. 44 in the next page. Thus, by applying (134) into
(58), we obtain

J∞ ≈ e
1
ρ

1
ρ

[
−κ +1

α +1
+

κ− β

2
α−1

]
= e

1
ρ

1
ρ

F . (135)

From (57), we isolate J as

J∞ =
e−nθ Ce − ε

1− ε
. (136)

After manipulating (135) and (136) we get (14) with the help of the definition of the
Lambert-W function which is defined as the solution to [71]

f (x) = xex, where x = f−1(x) = W (xex), (137)

which concludes the proof.
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Appendix 3 Proof Of Theorem 1

As envisioned from the literature, EC is an increasing function of the transmit SNR.
However, at high SNR, the rate of increase of EC decreases due to the asymptotic
behaviour which is concluded in Remark 1. Thus, the optimal power allocation is
achieved at equality of the constraint given by (10 c). From (57) and (135), we have

∂Ce

∂ρ
=− (1− ε)

nθψ

∂J

∂ρ
=− (1− ε)

nθψ
F

(
−1
ρ2 e

1
ρ − 1

ρ3 e
1
ρ

)
=

(1− ε)

nθψ

F

ρ2 e
1
ρ

(
1+

1
ρ

)
(l)
≈ (1− ε)

nθψ

F

ρ2

(
1+

1
ρ

)2

, (138)

where in step (l), we applied the first order Taylor expansion of e
1
ρ ≈ 1+ 1

ρ
around zero.

According to (9), as ρ → ∞, ψ converges to ε . At equality of the constraint (15c), we
attain

(1− ε)

nθε

F

ρ2

(
1+

1
ρ

)2

=
(1− ε)

nθε
F

(
1

ρ4 +
2

ρ3 +
1

ρ2

)
=µ, (139)

which leads to (
1

ρ4 +
2

ρ3 +
1

ρ2

)
=

µnθε

(1− ε)F
. (140)

Leveraging the constraint (15b) and (140), we obtain the positive solution to this problem
as in Theorem 1.
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Appendix 4 Proof of Lemma 4

Using (53) in (7), we attain

Ce(ρ,θ ,ε) =

− 1
nθ

ln
(

mm

Γ(m)

∫
∞

0

(
ε +(1− ε)e−θnr

)
zm−1e−mzdz

)
.

(141)

From (52), we have

e−θnr = e−θn log2(1+ρz)e
θ

√
n(1− 1

(1+ρz)2
)Q−1(ε) log2 e

, (142)

where

e−θn log2(1+ρz) = (1+ρz)α (143)

e
θ

√
n(1− 1

(1+ρz)2
)Q−1(ε) log2 e

= eβγ . (144)

We resort to the Taylor expansion to obtain ecx = ∑
∞
n=0

(cx)n

n! . It follows from (142),(143)
and (144) that the expression in (141) can be written as

EC(ρi,θ ,ε) =−
1

nθ
ln
[∫

∞

0
ε

mm

Γ(m)
zm−1e−mzdz

+(1− ε)
∫

∞

0

mm

Γ(m)
(1+ρiz)α

∞

∑
n=0

(βγ)n

n!
zm−1e−mzdz

]
.

(145)

The infinite series in (145) can be truncated to a finite sum of terms and we evaluate the
accuracy of the expression noting that the accuracy increases with the number of terms.
But, it is noticed that when testing for different system parameters (N, ρ , θ , n), the
accuracy for expanding 1 term is 92.7%, 2 terms is 99% and 99.9% for 3 terms only.
Henceforth, in our analysis, 3 terms will be enough and (145) reduces to (56).
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Appendix 5 Proof of Theorem 3

Since the logarithmic term is dominant in the rate equation given in (52), it is quite
straightforward to verify that the rate function has a negative second derivative for
practical rate and SNR regions and therefore is concave in transmit power. The
mathematical proof proceeds as follows. First, let φ =

Q−1(ε) log2(e)√
n and note that φ

should be a strictly positive parameter. Moreover, φ is less than unity for practical
values of n and ε , where n≥ 1 and ε ≤ 0.1, which in fact are guaranteed for URLLC
operation where n>100 and ε < 10−4 [22]. This dictates that the denominator of φ is
higher than its numerator since

√
n will be large enough to exceed Q−1(ε) log2(e). Then

from (52), we have

∂ r
∂ρ

=
z

(1+ρz) log2
− φz

(1+ρz)3
√

1− 1
(1+ρz)2

, (146)

∂ 2r
∂ρ2 =

3φz2

(1+ρz)4
√

1− 1
(1+ρz)2

+
φz2

(1+ρz)6
(

1− 1
(1+ρz)2

) 3
2
− z2

(1+ρz)2 log2
, (147)

which is dominated by the negative term, since the other terms are multiplied by φ / 1
and raised to a high power in the denominator, and thus vanish faster. This firmly holds
for non-extremely low SNR (i.e, ≥−10 dB) regions. Following a similar procedure as
in [47] based on [114], we can conclude that the EEE in the finite blocklength regime is
also a quasi-concave function of power and strictly concave in its upper contour.
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Appendix 6 Proof of Theorem 5

Since the denominator of the EEE does not depend on θ , so the problem is to define the
limits of the EC. First, we define the limit of the EC for one transmission scenario and
extremely strict delay constraint, where θ → ∞ as

lim
θ→∞

Ce1(ε) = lim
θ→∞

−1
nθ

ln
(
EZ

[
ε +(1− ε)e−nθr(ε)

])
= 0, (148)

which means that the EC vanishes as the delay constraint becomes infinitely strict and
consequently, the EEE vanishes too. A similar procedure shows the same zero lower
bound for the retransmission scenario. Next, we define the limit of the EC for loose
delay constraint, where θ → 0 as follows

lim
θ→0

Ce1(ε)= lim
θ→0
− f (θ)

g(θ)
= lim

θ→0
−

∂ f (θ)
∂θ

∂g(θ)
∂θ

= lim
θ→0
−

∂ f (θ)
∂θ

n
, (149)

which follows from L’Hopital rule, where f (θ) = ln
(
EZ

[
ε +(1− ε)e−nθr(ε)

])
and

g(θ) = nθ . Differentiating f (θ) with respect to θ , we get

∂ f (θ)
∂θ

=

∂

∂θ

{
EZ

[
ε +(1− ε)e−nθr(ε)

]}
EZ
[
ε +(1− ε)e−nθr(ε)

]
=

∂

∂θ

∫
∞

0
(
ε +(1− ε)e−nθr

)
e−zdz

EZ
[
ε +(1− ε)e−nθr(ε)

] . (150)

Applying Leibniz’s rule, we obtain

∂ f (θ)
∂θ

=

∫
∞

0
∂

∂θ

(
ε +(1− ε)e−nθr

)
e−zdz

EZ
[
ε +(1− ε)e−nθr(ε)

]
=

∫
∞

0 (1− ε)(−nr)e−nθre−zdz
EZ
[
ε +(1− ε)e−nθr(ε)

]
=
−n(1− ε)EZ

[
re−nθr(ε)

]
EZ
[
ε +(1− ε)e−nθr(ε)

] . (151)

Plugging back into (149), we reach

lim
θ→0

Ce(ε) = lim
θ→0
−

−n(1−ε)EZ[re−nθr(ε)]
EZ[ε+(1−ε)e−nθr(ε)]

n

= (1− ε)EZ [r(ε)] = (1− ε)r0, (152)
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which represents the upper bound throughput of the finite blocklength transmission
when no delay constraint is imposed. Following the same procedure, we can deduce that
the EC of the EBP ARQ scenario is given by the numerator of Theorem 5.

148



Appendix 7 PROOF OF Theorem 6

The proof for the pseudo-convexity of p
′
nb in ε1 goes as follows. At the first glance, it is

possible to prove that κ is a concave function in ε1. First, let

r(ε)≈ log2(1+ρ|h|2)−µQ−1(ε), (153)

where µ =
log2(e)√

n

√
1− 1

(1+ρ|h|2)
2 . Applying the derivatives of the inverse Q-function

from [25], we obtain the derivatives of the rate expectations with respect to ε1 as

∂ r1

∂ε1
= E [µ]

√
2πe

(Q−1(ε1))
2

2 , (154)

∂ 2r1

∂ε2
1
=−E [µ]2πQ−1(ε1)e

(Q−1(ε1))
2

2 , (155)

∂ r2

∂ε1
=− ε

ε2
1
E [µ]

√
2πe

(Q−1(ε1))
2

2 , (156)

∂ 2r2

∂ε2
1
=

ε

ε2
1
E [µ]2πQ−1(ε1)e

(Q−1(ε1))
2

2

+E [µ]
√

2πe
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2

2
2ε
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1

=− ε

ε2
1

∂ 2r1

∂ε2
1
+E [µ]

√
2πe

(Q−1(ε1))
2

2
2ε

ε3
1
. (157)

Then, we obtain the second derivative of κ w.r.t ε1 as follows

∂κ

∂ε1
=−r1 +

∂ r1

∂ε1
(1− ε1)+

1
2

(
ε1

∂ r2

∂ε1
+ r2

)
(158)

∂ 2κ
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2
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∂ε1
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). (159)
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Note that practically, the term ε

2ε1
is close to zero since ε1 >> ε , and hence, (1− ε1)>

ε

2ε1
. Since the derivatives in (154) and (155) are strictly negative, we can deduce that the

second derivative of κ in (159) renders a strictly negative value. Therefore, κ is strictly
concave in ε1. Back to equation (72), the denominator of the NBP is a linear decreasing
function of κ , which indicates that the denominator is a convex function in ε1. The
numerator can be proven to be a convex decreasing function of T which means that the
numerator is a convex function in ε1. First we obtain the derivatives of the numerator of
p
′
nb with respect to T as follows

∂ num
{

p
′
nb

}
∂κ

=
2κ−4λ

2
√

κ2 +4λ (ro−κ)
−1, (160)

∂ 2 num
{

p
′
nb

}
∂κ2 =

4λ (ro−λ )

(κ2 +4λ (ro−κ))
3
2
, (161)

which gives a strictly positive value and hence, the numerator of of p
′
nb is convex in κ .

Since the numerator of p
′
nb is a non-increasing convex function in κ and κ is a concave

function of ε1, it follows from [74] that it is a convex function in ε1, while the numerator
is also a negative function. Hence and according to Proposition 2.9 in [80], minimizing
p
′
nb is a pseudo-convex fractional program.
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