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1Edificio Politécnico, Dcho E-246, Campus Universitario, Alcala de Henares, Madrid 28805, Spain
2Graduate School of Engineering, Nagoya Institute of Technology, Room 701, Building No. 4, Gokiso, Showa, Nagoya 466-8555, Japan
3KU Leuven, Kasteelpark Arenberg 10, Box 2444, Room 02.21, 3001 Leuven, Belgium
4KU Leuven, Kasteelpark Arenberg 10, Box 2444, 3001 Leuven, Belgium
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Wireless technologies have reached an impressive popularity
in the last years. However, the radio spectrum is very limited,
and therefore as wireless communications have becomemore
and more widespread, problems related to spectrum scarcity
have arisen. Radio spectrum, as the physical support for
wireless communication, both for fixed applications and
especially for mobile broadband, is becoming an extremely
strategic, valued, and demanded resource. Therefore, tech-
nologies and techniques enabling a more flexible access for
service providers and clients and amore efficient and effective
usage are needed.

Spectrum scarcity can be addressed from many different
perspectives. For instance, from the point of view of signal
processing, we can look for higher spectral efficiency in
modulations. In the paper “Simple Algorithms for Estimating
the Symbol Timing Offset in DCT-Based Multicarrier Sys-
tems,” F. Cruz-Roldán et al. enhance multicarrier modulation
based on discrete cosine transform (DCT-MCM), proposing
two new blind algorithms to perform tight timing offset
and coarse frequency synchronization, which addresses the
problem of symbol timing offset in these modulations.

Scheduling the usage of radio resources is also an effec-
tive strategy, especially in cellular networks. In the paper
“Dynamic Tradeoff between Energy and Throughput in
Wireless 5GNetworks,” C. Gueguen andM. Manini consider
radio resource allocation for the mobiles within a single
access point coverage zone. Their Dynamic Tradeoff sched-
uler is able to prioritize energy efficiency or spectral efficiency
and delay depending on the network traffic load.

Cognitive radio takes amore active approach, making the
devices responsible of efficient spectrum utilization by sens-
ing spectrum usage and adjusting transmission parameters to
accommodate communications in unused resources. In the
paper “Discrete-Time Analysis of Cognitive Radio Networks
with Nonsaturated Source of Secondary Users,” V. Pla et
al. address one of the fundamental problems in cognitive
radio: sensing for the detection of white spaces when they
occur. Authors useMarkovianmodels to analyze and evaluate
sensing strategies.

On a higher level, coordination may happen in a cen-
tralized or distributed manner, by establishing protocols
allowing base stations and clients to increase spectrum uti-
lization while avoiding interferences. Distributed scenarios
like multihop wireless networks may be specially challeng-
ing to coordinate. In the paper “Optimal Multicommodity
Spectrum-Efficient Routing inMultihopWirelessNetworks,”
M. Saad addresses the optimization of end-to-end spectral
efficiency in Multihop Wireless Networks where there are
multiple source-destination pairs active at the same moment.
Authors provide two alternative approaches, using fixed-size
and variable-size time slots.

Optimization techniques, artificial intelligence approach-
es, or economic paradigms may contribute greatly to a
more efficient spectrum usage in wireless communications.
Regarding optimization techniques, in the paper “On the
Goodness of Using Orthogonal Channels in WLAN IEEE
802.11 in Realistic Scenarios,” J. M. Gimenez-Guzman et al.
study the behavior of optimization techniques and heuristics
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inWi-Fi channel assignments, evaluating the gain (or rather,
the lack of gain) of having more available channels instead
of the usual “orthogonal” set. For a different domain, in the
paper “Optimization of Cell Size in Ultra-Dense Networks
with Multiattribute User Types and Different Frequency
Bands,” Y.Wei and S.-H.Hwang propose amultiple-objective
optimizationmodel for ultra-dense cellular networks (UDN),
showing the potential of new higher frequency bands in these
scenarios.

An economic paradigm is explored in the paper “Strategic
Interaction between Operators in the Context of Spectrum
Sharing for 5G Networks.” E. J. Sacoto-Cabrera et al. ana-
lyze spectrum sharing in 5G networks from an economic
perspective, comparing the monopoly situation, the pooling
agreement, and the priority sharing agreement. For this last
scenario, authors show the conditions in which network
sharing is incentive compatible.

Finally, regulatory frameworks like the recent Licensed
Shared Access (LSA) may play a crucial role in helping
mobile networks operators to make a more efficient usage
of the scarce bandwidth resources. In the paper “A Practical
Perspective on 5G-Ready Highly Dynamic Spectrum Man-
agement with LSA,” P. Masek et al. explore an experimental
extension of LSA-based spectrummanagement in LTEwhich
is able to operate in a highly dynamic manner.
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2University of Manitoba, Winnipeg, MB, Canada
3University of Pretoria, Pretoria, South Africa

Correspondence should be addressed to Vicent Pla; vpla@upv.es

Received 22 June 2018; Accepted 22 November 2018; Published 2 January 2019

Guest Editor: Takayuki Ito

Copyright © 2019 Vicent Pla et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Sensing is a fundamental aspect in cognitive radio networks and one of themost complex issues. In the design of sensing strategies, a
number of tradeoffs arise between throughput, interference to primary users, and energy consumption.This paper provides several
Markovian models that enable the analysis and evaluation of sensing strategies under a broad range of conditions. The occupation
of a channel by primary users is modeled as alternating idle and busy intervals, which are represented by a Markov phase renewal
process. The behavior of secondary users is represented mainly through the duration of transmissions, sensing periods, and idle
intervals between consecutive sensing periods. These durations are modeled by phase-type distributions, which endow the model
with a high degree of generality. Unlike our previous work, here the source of secondary users is nonsaturated, which is a more
practical assumption.The arrival of secondary users ismodeled by the versatileMarkovian arrival process, andmodels for both finite
and infinite queues are built. Furthermore, the proposed models also incorporate a quite general representation of the resumption
policy of an SU transmission after being interrupted by PUs activity. A comprehensive analysis of the proposed models is carried
out to derive several key performance indicators in cognitive radio networks. Finally, some numerical results are presented to show
that, despite the generality and versatility of the proposed models, their numerical evaluation is perfectly feasible.

1. Introduction

The evolution and widespread deployment of wireless com-
munications have generated an incessant and increasing
demand for radio spectrum. This, combined with the static
spectrum allocation policies that have been in place for quite
some time, has led to a situation of spectrum scarcity (i.e., of
unassigned frequency bands), at the same time, an important
underutilization of a substantial part of the assigned bands.

Cognitive Radio (CR) is viewed as the enabling technol-
ogy for dynamic spectrum access, which would allow solving
the seeming paradox between spectrum scarcity and under-
utilization [1]. The basic idea of CR is to allow the unlicensed
users, known as secondary users (SUs), to access licensed
channels opportunistically when they are not in use by
licensed users, known as primary users (PUs). This way, the
interference that SUs produce to PUs should be kept to a
minimum.

In this context, white space refers to spectrum that is not
used by the PUs during a certain time interval at a specific
location. The key to success for CR consists of effectively and
efficiently sensing radio channels to detect white space when
it occurs. An ideal, although unrealizable, sensing strategy
would detect a portion of white space right after it starts
and, likewise, would detect the end of it immediately after
the transmission of a PU begins. Furthermore, such an ideal
sensing strategy would only consume the minimum amount
of energy needed for sensing. There has been a considerable
long list of research papers over the years dealing with how
to manage and implement CR. For details see [2] and other
references therein.

As noted in [3], sensing is a major and challenging issue
in CR networks. The choice of detection parameters poses
a series of tradeoffs between achievable throughput, energy
consumption, and interference caused PUs [4–13]. In general,
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if SUs spend more time on channel sensing, they obtain
lower throughput, but the interference caused to PUs is also
lowered. This is referred to as the sensing-throughput tradeoff
(STT), which has been studied in a large number of papers
(e.g., [4, 5, 9] and references therein). Furthermore, more
channel sensing also raises the consumption of energy, which
constitutes a critical aspect in certain scenarios (e.g., sensor
networks). Consequently, a significant number of studies
have considered energy efficiency a crucial part of spectrum
sensing [7, 8, 10–13].

Several aspects come into play while considering sensing.
Some examples are the duration of sensing periods, the width
of the frequency band being scanned to search for unused
channels, etc. For details see [2]. The vast majority of the
models developed for studying CR networks, and specifically
for spectrum sensing, assume that busy and idle times follow
an exponential distribution (or geometric in discrete time);
for example, see [14, 15] and all the above references to sensing
studies. Using measurements, the authors of [16] showed
that the channel idle time can be modeled by a lognormal
distribution. This result was confirmed in [17], where it is
shown that idle times follow a lognormal distribution for
long durations, and a geometric distribution for short dura-
tions. Correlations between idle and busy times were also
overlooked by most the previous papers. However, one could
logically expect that some correlation exists between different
intervals, as has in fact been noted in [17]. Our previous work
in [2] was one of the first few ones to introduce correlation
and also allow more general intervals.

The research on sensing strategies for CR networks is not
new, and neither is the application of mathematical modeling
for analysis and optimization of those strategies. However,
the models presented in this paper embody a number of
contributions which stem from the generality of the model
assumptions. Our purpose in this paper is to propose a
number of models that enable the analysis and evaluation
of sensing strategies in cognitive radio networks under a
broad range of conditions. More specifically, a Markov phase
renewal process [18] is used to model the channel availability
for SUs.This allows to consider a wide variety of distributions
for the duration of idle and busy intervals and also to capture
correlations between consecutive intervals. The authors of
[19] proposed a similar model for the activity of PUs.
However, correlations between different intervals were not
considered in their model.

The behavior of SUs is represented mainly through the
duration of transmissions, sensing periods, and idle inter-
vals between consecutive sensing periods. These durations
are modeled by phase-type distributions [18], which endow
the model with a high degree of generality. In the litera-
ture of mathematical modeling, it is widely acknowledged
that phase-type distributions offer an excellent compromise
between applicability and tractability.

Our model of SUs also allows sensing errors, which can
be misdetections and false alarms. For both of them, two
different situations are distinguished, depending on whether
the SU is only sensing or sensing and transmitting. This
allows us to capture a broad range of SUs sensing capabili-
ties.

However, most important in this paper is that we now
have to introduce the arrival process of the SUs since the
source is no longer saturated. We used the Markovian arrival
process (MAP) to represent the SU arrival process.TheMAP
is a very versatile arrival process which can capture correla-
tions and still allow modeling and computational tractability.

In our previous paper [2] on this class of problems, we
assume that the source of SUs is saturated (i.e., there is
always at least an SU waiting and ready to transmit). That
assumption is not too realistic, even though it does give us
an idea of the best we can achieve if there are always some
SUs looking to transmit. In this current paper, we have
relaxed that assumption. Thismakes the model more realistic
while making it slightly more challenging as now we need to
introduce an arrival process for the SUs. In addition, this new
model creates a situationwhere a channel could be idle simply
because there are no PUs or SUs needing to use it. These are
the main contributions of this paper.

The rest of this paper is organized as follows. Section 2
introduces the model of the channel from the perspective
of the SUs. The model of the secondary network, which
includes the behavior of SUs, is described in Section 3. In
Section 4 we describe the models for the complete system
and their analysis when sensing is assumed to be ideal; this
assumption is relaxed in Section 5. Some numerical results
are presented in Section 6 to exemplify the capabilities of
the proposed models and to show the feasibility of their
numerical evaluation. Finally, the paper is concluded in
Section 7.

2. Channel Availability

Weconsider a single channel that can be idle or busy from the
perspective of the SUs. The activity of PUs in this channel is
described by a discrete-time Markov chain (DTMC)𝑋𝑘 with
state space {1, 2, . . . , 𝑛𝑏, 𝑛𝑏+1, . . . , 𝑛𝑏+𝑛𝑖}.The channel is busy
(b) if 𝑋𝑘 ∈ {1, 2, . . . , 𝑛𝑏}, and idle (i) if 𝑋𝑘 ∈ {1, 2, . . . , 𝑛𝑏}. We
assume that during a time slot the condition of the channel
changes at most once.

Let the matrix 𝐷𝑏 represent the transitions between busy
states and 𝑑𝑏𝑖 represent the transitions from busy to idle
states. Similarly, 𝐷𝑖 represents the transitions between idle
states, and 𝑑𝑖𝑏 represents the transitions from idle to busy
states.Thematrices𝐷𝑏 and𝐷𝑖 are substochastic and of orders𝑛𝑏 and 𝑛𝑖, respectively.

Based on this, the transition matrix of 𝑋𝑘 can be written
as

𝐷 = [𝐷𝑏 𝑑𝑏𝑖𝑑𝑖𝑏 𝐷𝑖] . (1)

3. Secondary Network

This section discusses SUs actions and how SUs interact
with PUs through the channel status. Throughout this paper,
sometimes we use “the SU” to refer to the set of all the SUs
that can use the channel or to the SU that is at the head of the
waiting line of SUs. We assume there is some coordination
mechanism among SUs to perform channel sensing and to
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Table 1: State classification in the saturated system.

state
state # Channel SU phases defining internal states number of internal states1 busy sleeping BPH, LPH, TPH∗ 𝑛𝑏𝑛ℓ(𝑛𝑡 + 1)2 busy sensing BPH, TPH∗ 𝑛𝑏1(𝑛𝑡 + 1)3 idle sleeping IPH, LPH, TPH∗ 𝑛𝑖𝑛ℓ(𝑛𝑡 + 1)4 idle sensing IPH, SPH, TPH∗ 𝑛𝑖𝑛𝑠(𝑛𝑡 + 1)5 idle transmitting IPH, TPH 𝑛𝑖𝑛𝑡
BPH: channel busy phase; IPH: channel idle phase; LPH: SU sleeping phase; SPH: SU sensing phase; TPH: SU trans. phase; TPH∗: TPH (extended) at
interruption.

arrange channel access. Although this coordination mecha-
nism is not trivial, its study is beyond the scope of this paper.

The SU can be in one of the following three modes:
sleeping, sensing, or transmitting. The continuous period of
time that the SU remains in one of these modes is called a
cycle or period. Thus, we talk about, for example, a sleeping
period or a sensing cycle. Next, we detail the characteristics of
each type of cycle and how they alternate between them.

(a) Sleeping. The duration of a sleeping period is modeled
by the phase-type distribution (𝛿, 𝐿) of order 𝑛ℓ. A sleeping
period is always followed by a sensing cycle.

(b) Sensing. During a sensing cycle, the SU performs a series
of consecutive channel statemeasurements. If ameasurement
senses the channel as busy, the sensing period is interrupted
and the SU enters the sleeping mode.Themaximum number
of measurements that would be taken is defined by the PH
distribution with representation (𝛽, 𝑆), of order 𝑛𝑠. If the
channel is sensed as idle in all the measurements of the cycle,
the SU can initiate a transmitting period.

(c) Transmitting. During a transmitting cycle the SU attempts
to transmit a message. The required transmission time (i.e.,
the number of time slots) to transmit the message is given by
the PH distribution with representation (𝛼, 𝑇) of order 𝑛𝑡. If
the channel becomes busy and the SU is capable (can sense
the channel while transmitting) of detecting it, the message
transmission is interrupted and the SU switches to sleeping
mode. If the transmission of the message is fully completed,
the SU goes into sensing mode.

The SUs arrive according to a Markovian arrival process
(MAP) represented by two substochastic matrices 𝐺0 and𝐺1 of order 𝑛𝑎. Then, the mean arrival rate, 𝜆, is given as𝜆 = 𝜋𝐺𝐺11, where 𝜋𝐺 is the probability vector satisfying
𝜋𝐺 = 𝜋𝐺(𝐺0 + 𝐺1) and 𝜋𝐺1 = 1 and 1 is a column vector
of ones of appropriate dimensions.

An SU that arrives and finds the channel busy waits in a
buffer of size𝑁 ≤ ∞.

If an SU is in service when a PU arrives, the SU’s service
is interrupted since the PU has preemptive priority. Now
we specify the resumption policy followed by SUs when a
message transmission was interrupted by PUs activity. This
policy is described by matrix 𝑄 with elements 𝑄𝑖𝑗. Suppose
the SU’s service was interrupted in phase 𝑖, let its service
restart in phase 𝑗with probability𝑄𝑖𝑗 at resumption. It is clear

that if it is a preemptive resume then 𝑄 = 𝐼, whereas if it is
a preemptive repeat then 𝑄 = 1𝛼. Hence, the matrix 𝑄 is a
general representation.

4. System Model I: Ideal Sensing

For the sake of clarity, we first assume that the SU receives
perfect knowledge of the state of the channel. In Section 5 we
relax that condition and assume that there could be errors in
the sensing carried out by the SU.

Sensing takes place only when there is an SU in the system
waiting to get access.Hence, when there is an SU in the system
either it is receiving service because there is white space or it
is waiting. The waiting could be because the channel is busy
with PUs, there are other SUs ahead of it, or it is sensing the
system for white space.

Here we assume that the time needed to perform a
channel measurement cannot be neglected compared to the
transmission time of a data unit.The length of a time slot is set
so that a sensing measurement can be performed and know
the result by the end of the slot. A conservative approach
is applied to establish the outcome of the measurement: a
sensing measurement taken during the time slot [𝑘 − 1, 𝑘)
does not return idle as a result if the channel was busy at time
instants 𝑘 − 1 or 𝑘.

Although, as mentioned above, the duration of a single
measurement cannot be neglected, in this section we assume
that SUs can sense and transmit simultaneously. This could
reflect instances in which SUs are equipped with two radios.
The case in which SUs cannot transmit and sense simulta-
neously can be covered by the model with imperfect sensing
described in Section 5.

4.1. Head-of-the-Line (HoL) SU. Even though we are mainly
interested in the nonsaturated case, first we consider the satu-
rated case, from which we obtain the DTMC that constitutes
the basis for the nonsaturated model.

Let the states of this system be classified as shown in
Table 1.

In all states, we keep track of the channel phase (either a
busy or an idle phase). When the SU is transmitting, we need
to keep track of the transmission phase. Similarly, when the
SU is sleeping (sensing) we need to keep track of the sleeping
(sensing) phase, and also of how the last transmission epoch
ended. A transmission epoch can finish because the channel
becomes busy, or because the SU transmission finishes. In the
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first case, we record at which of the 𝑛𝑡 transmission phases
the SU was interrupted, and an additional phase is used to
indicate that the SU transmission finished completely. Thus,
in total 𝑛𝑡 + 1 phases are used to represent how the last
transmission epoch ended. Note also that when the channel

is busy and the SU starts a sensing cycle, only the first sensing
phase is required as the SU switches to the sleepingmode after
the first sensing measure. Naturally, this situation will change
when we consider imperfect sensing later on.

Then we have the following discrete-time Markov chain
(DTMC) for the saturated case:

𝑃(sat)1 = [[[[[[[[[

𝐷𝑏 ⊗ 𝐿 ⊗ 𝐼 𝐷𝑏 ⊗ 𝑙 ⊗ 𝐼 𝑑𝑏𝑖 ⊗ 𝐿 ⊗ 𝐼 𝑑𝑏𝑖 ⊗ (𝑙𝛽) ⊗ 𝐼 0𝐷𝑏 ⊗ 𝛿 ⊗ 𝐼 0 𝑑𝑏𝑖 ⊗ 𝛿 ⊗ 𝐼 0 0𝑑𝑖𝑏 ⊗ 𝐿 ⊗ 𝐼 𝑑𝑖𝑏 ⊗ 𝑙 ⊗ 𝐼 𝐷𝑖 ⊗ 𝐿 ⊗ 𝐼 𝐷𝑖 ⊗ (𝑙𝛽) ⊗ 𝐼 0𝑑𝑖𝑏 ⊗ (1𝛿) ⊗ 𝐼 0 0 𝐷𝑖 ⊗ 𝑆 ⊗ 𝐼 𝐷𝑖 ⊗ 𝑠 ⊗ 𝑄∗𝑑𝑖𝑏 ⊗ 𝛿 ⊗ 𝑇 0 0 𝐷𝑖 ⊗ 𝛽 ⊗ 𝑡 𝐷𝑖 ⊗ 𝑇
]]]]]]]]]
, (2)

where 𝑇 = [𝐼 0], 𝑡 = [0 𝑡], and 𝑄∗ = [ 𝑄
𝛼
].

This transition matrix captures the full behavior of this
saturated system with general preemptive discipline.

However, in order to study the nonsaturated system, we
need to extract, from the above matrix, the following four
matrices:

𝐻1 =
[[[[[[[[[

0 0 0 0 00 0 0 0 00 0 0 0 00 0 0 0 00 0 0 𝐷𝑖 ⊗ 𝛽 ⊗ 𝑡 0
]]]]]]]]]
, (3)

𝐻0 = 𝑃(sat)1 − 𝐻1, (4)

𝐹0 = [0 𝐷𝑏 ⊗ [01×𝑛𝑡 1] 0 𝑑𝑏𝑖 ⊗ 𝛽 ⊗ [01×𝑛𝑡 1] 00 𝑑𝑖𝑏 ⊗ [01×𝑛𝑡 1] 0 𝐷𝑖 ⊗ 𝛽 ⊗ [01×𝑛𝑡 1] 0] , (5)

and

𝐹1 =
[[[[[[[[[

0 00 00 00 00 𝐷𝑖 ⊗ 𝑡
]]]]]]]]]
. (6)

The matrices 𝐻0 and 𝐻1 are used to capture the transi-
tions that affect the state of the channel and the state of the
head-of-line SU:𝐻0 corresponds to the case where the head-
of-line SU does not finish its service and𝐻1 to the one when
it does. In 𝐻0 and 𝐻1, it is assumed that there is at least one
SU in the queue (at both the initial and the final state). In a
similar manner, the transitions from and to an empty queue
are captured by 𝐹0 and 𝐹1, respectively. Note that the arrival
process has not been taken into account yet.

4.2. Number of SUs in the System: The Nonsaturated Case.
In order to study the distribution of the number of SUs in
the system, we use a quasi-birth-and-death (QBD) Markov

chain structure. The level of the QBD represents the number
of SUs in the system, and the phases in each level represent
the rest of the system state information. Specifically, for levelℓ = 0 (i.e., when the queue is empty) the phases of the level
represent the phase of the arrival process (i.e., the MAP) and
the phase of the channel. For the rest of levels (ℓ = 1, 2, . . .),
the phases represent the phase of theMAP plus the same state
information as in the saturated case.

We now consider the cases of finite buffer (𝑁 < ∞) and
infinite buffer (𝑁 = ∞) separately.

4.2.1. Stationary Behavior for Finite Buffer (𝑁 < ∞). When
the buffer size is finite, we have the discrete-time Markov
chain (DTMC) with transition matrix

𝑃 =
[[[[[[[[[[[[

𝐵 𝐶𝐸 𝐴1 𝐴0𝐴2 𝐴1 𝐴0𝐴2 𝐴1 𝐴0
d d d𝐴2 𝐴1 + 𝐴0

]]]]]]]]]]]]
, (7)

where 𝐵 = 𝐺0 ⊗ 𝐷, (8)𝐶 = 𝐺1 ⊗ 𝐹0, (9)𝐸 = 𝐺0 ⊗ 𝐹1, (10)

and 𝐴0 = 𝐺1 ⊗ 𝐻0, (11)𝐴1 = 𝐺0 ⊗ 𝐻0 + 𝐺1 ⊗ 𝐻1, (12)𝐴2 = 𝐺0 ⊗ 𝐻1. (13)

Note that the number of block rows and block columns of the
transition matrix 𝑃 coincides with the number of levels of the
QBD, that is,𝑁 + 1.
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Let the stationary vector associated with this DTMC be
𝑥 = [𝑥0,𝑥1, . . . ,𝑥𝑁]. Then we have

𝑥 = 𝑥𝑃,
𝑥1 = 1. (14)

This vector 𝑥 exists and is unique, provided the DTMC
represented by 𝑃 is irreducible.

The vector 𝑥 can be obtained by standard methods used
for finite structured DTMCs (e.g., the block state reduction,
the block state reduction, or the folding algorithm). Given the
vector 𝑥, we can easily obtain the following performance
measures.

(a) Mean Number of SUs in the System. Let 𝑋 be the number
of SUs in the system at steady state, and let𝑝𝑘 = P (𝑋 = 𝑘) = 𝑥𝑖1, 𝑘 = 0, . . . , 𝑁. (15)

Then,

E [𝑋] = 𝑁∑
𝑖=1

𝑖𝑝𝑖. (16)

(b) Loss Probability.The probability that an SU is lost because
there is no buffer space to accommodate it is referred to as the
loss probability, and it is given as

𝑃𝐿 = 𝑥𝑁𝐴01𝜆 . (17)

(c) Throughput (or Effective Utilization). Let us define the
throughput, 𝛾, as the probability that an SU is transmitting
during a time slot of white space or, equivalently, the mean
number of SU transmitting slots per time unit.

Let us first introduce

𝜋 = [𝜋1 𝜋2 𝜋3 𝜋4 𝜋5] = ( 𝑁∑
𝑛=1

𝑥𝑛) ⋅ (1 ⊗ 𝐼) (18)

which contains the marginal probabilities for states of the
saturated system; first the marginal distribution of the phases
for levels above 0 is computed, and then the phase of the
arrival process is dropped by summing along its dimension
(right multiplication by 1 ⊗ 𝐼).

Now an expression for the throughput can be written as

𝛾 = 𝜋51 = 𝑁∑
𝑛=1

𝑥 ⋅ (1 ⊗ 𝐼)[[[[[[[[[

0
0
0
0
1

]]]]]]]]]
= 𝑁∑
𝑛=1

𝑥 ⋅((
(

1 ⊗ [[[[[[[[[

0
0
0
0
1

]]]]]]]]]
))
)

.
(19)

(d) Goodput. Goodput 𝛾𝑔 is the mean number of useful data
units transmitted by an SU per unit of time. Even though we
still are assuming perfect sensing, not all transmitted data
units can be considered useful. For example, the data unit
transmitted during a slot in which the presence of the PUwas
detected does not represent a useful transmission. Moreover,
depending on the service resumption policy, a part or all
of the transmitted units up to this point may not be useful
transmissions either.

Nonetheless, if the system is stable (and it is clearly the
case when 𝑁 < ∞) all SUs accepted to the system are
eventually served in full. Therefore, the goodput can be easily
obtained as 𝛾𝑔 = 𝜆 (1 − 𝑃ℓ)E [𝐿 𝑡] , (20)

where𝐿 𝑡 is themaximum length of an SU transmission phase,
and its mean value is given by E[𝐿 𝑡] = 𝛼(𝐼 − 𝑇)−11.
(e) Distribution of the Sojourn Time of SUs That Joined
the Queue. Here we develop the expressions to obtain the
distribution of the time an SU spends in the system (𝑊),
which includes the time spent at the head of the line. A similar
approach could be followed to derive the distribution for the
waiting time until the SU reaches the head of the line.

Let 𝑦 = [𝑦0,𝑦1, . . . ,𝑦𝑁−1] be the probability vector as
seen by arriving customers that are not blocked. Then

𝑦0 = (𝜆 (1 − 𝑃ℓ))−1 (𝑥0 (𝐺1 ⊗ 𝐹0) + 𝑥1 (𝐺1 ⊗ 𝐻1)) , (21)

𝑦𝑛= (𝜆 (1 − 𝑃ℓ))−1 (𝑥𝑛 (𝐺1 ⊗ 𝐻0) + 𝑥𝑛+1 (𝐺1 ⊗ 𝐻1)) ,𝑛 = 1, . . . , 𝑁 − 1. (22)

We now consider the block absorbing DTMC with tran-
sition matrix

�̃� = [[[[[[[[[

𝐼𝐼 ⊗ 𝐹1 𝐼 ⊗ 𝐻0𝐼 ⊗ 𝐻1 𝐼 ⊗ 𝐻0
d d𝐼 ⊗ 𝐻1 𝐼 ⊗ 𝐻0

]]]]]]]]]
, (23)

with the initial probabilities given by [0 ,𝑦0,𝑦1, . . . ,𝑦𝑁−1].
This DTMC can be further simplified by leaving out the

DTMC the phase of the arrival process. By doing this, the
transition matrix becomes

�̂� = [[[[[[[[[

𝐼𝐹1 𝐻0𝐻1 𝐻0
d d𝐻1 𝐻0

]]]]]]]]]
, (24)

and the initial probabilities are given by
𝑧0 (0) = 0, (25)

𝑧𝑛 (0) = 𝑦𝑛−1 (1 ⊗ 𝐼) , 𝑛 = 1, . . . ,𝑁, (26)
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or equivalently,

𝑧0 (0) = 0, (27)

𝑧1 (0) = (𝜆 (1 − 𝑃ℓ))−1⋅ (𝑥0 ((𝐺11) ⊗ 𝐹0) + 𝑥1 ((𝐺11) ⊗ 𝐻1)) , (28)

𝑧𝑛 (0) = (𝜆 (1 − 𝑃ℓ))−1⋅ (𝑥𝑛−1 ((𝐺11) ⊗ 𝐻0) + 𝑥𝑛 ((𝐺11) ⊗ 𝐻1)) ,𝑛 = 2, . . . , 𝑁, (29)

Now, the probabilities at time 𝑘 can be obtained recursively
as

𝑧0 (𝑘) = 𝑧0 (𝑘 − 1) 𝐼 + 𝑧1 (𝑘 − 1) 𝐹1 = 𝑧1 (𝑘 − 1) 𝐹1, (30)

𝑧𝑛 (𝑘) = 𝑧𝑛 (𝑘 − 1)𝐻0 + 𝑧𝑛+1 (𝑘 − 1)𝐻1,𝑛 = 1, . . . ,𝑁 − 1, (31)

𝑧𝑁 (𝑘) = 𝑧𝑁 (𝑘 − 1)𝐻0 (32)

and, from here, the distribution of the sojourn time follows
easily 𝑃 (𝑊 ≤ 𝑘) = 𝑧0 (𝑘) 1 𝑘 = 0, 1, . . . . (33)

4.2.2. Stationary Behavior for Infinite Buffer (𝑁 = ∞).
Suppose now the buffer space for the SUs is unlimited. Then
we have the associated transition matrix for the DTMC given
as

𝑃 = [[[[[[[[[

𝐵 𝐶𝐸 𝐴1 𝐴0𝐴2 𝐴1 𝐴0𝐴2 𝐴1 𝐴0
d d d

]]]]]]]]]
. (34)

The associated stationary vector 𝑥 = [𝑥0,𝑥1, . . .] can be
obtained by using the matrix-geometric method. First, we
point out that this stationary vector 𝑥 exists and is unique,
provided that the standard stability conditions are met.These
conditions are given as follows. Let 𝐴 = 𝐴0 + 𝐴1 + 𝐴2 with
𝜋 = 𝜋𝐴, 𝜋1 = 1. We know that provided 𝐴 is irreducible,
then 𝜋 exists and it is unique. The conditions for the vector 𝑥
to exist and be unique are that 𝜋𝐴21 > 𝜋𝐴01. Provided these
conditions are met, we have

𝑥𝑖+1 = 𝑥𝑖𝑅, 𝑖 ≥ 1, (35)

where 𝑅 is the minimal nonnegative solution to the matrix
quadratic equation𝑅 = 𝐴0 + 𝑅𝐴1 + 𝑅2𝐴2. (36)

The boundary vectors 𝑥0 and 𝑥1 are obtained from solving

[𝑥0,𝑥1] = [𝑥0,𝑥1] [𝐵 𝐶𝐸 𝐴1 + 𝑅𝐴2] , (37)

normalized by

𝑥01 + 𝑥1 (𝐼 − 𝑅)−1 1 = 1. (38)

From the knowledge of the vector 𝑥 we can easily obtain
the performance measures of interest, which are the same as
in the finite buffer case in Section 4.2.1. Here, clearly, 𝑃ℓ =0. The expressions for the other performance measures are
given below; we focus only on the changes with respect to
Section 4.2.1.

(a) Mean Number of SUs in the System. Let 𝑋 be the number
of SUs in the system and 𝑝𝑘 = 𝑥𝑖1 𝑘 ≥ 0 its distribution, then𝑝0 = 𝑥01,𝑝𝑘 = 𝑥𝑘1 = 𝑥1𝑅𝑘−11, 𝑘 ≥ 1, (39)

and

E [𝑋] = ∞∑
𝑖=1

𝑖𝑝𝑖 = 𝑥1(∞∑
𝑖=1

𝑖𝑅𝑖−1) 1 = 𝑥1 (𝐼 − 𝑅)−2 1. (40)

(b) Throughput. Now

[𝜋1 𝜋2 𝜋3 𝜋4 𝜋5] = (∞∑
𝑛=1

𝑥𝑛) ⋅ (1 ⊗ 𝐼)
= 𝑥1 (𝐼 − 𝑅)−1 (1 ⊗ 𝐼) , (41)

and thus,

𝛾 = ∞∑
𝑛=1

𝜋51 = 𝑥1 (𝐼 − 𝑅)−1((
(

1 ⊗ [[[[[[[[[

0
0
0
0
1

]]]]]]]]]
))
)

. (42)

(c) Goodput 𝛾𝑔 = 𝜆E [𝐿 𝑡] = 𝜆𝛼 (𝐼 − 𝑇)−1 1. (43)

(d) Distribution of the Sojourn Time of SUs That Joined the
Queue 𝑃 (𝑊 ≤ 𝑘) = 𝑧0 (𝑘) 1. (44)

As in Section 4.2.1,

𝑧0 (𝑘) = 𝑧0 (𝑘 − 1) 𝐼 + 𝑧1 (𝑘 − 1) 𝐹1, (45)

𝑧𝑛 (𝑘) = 𝑧𝑛 (𝑘 − 1)𝐻0 + 𝑧𝑛+1 (𝑘 − 1)𝐻1, 𝑛 > 0, (46)

and

𝑧0 (0) = 0, (47)

𝑧1 (0) = 𝜆−1 (𝑥0 ((𝐺11) ⊗ 𝐹0) + 𝑥1 ((𝐺11) ⊗ 𝐻1)) , (48)

𝑧𝑛 (0) = 𝑥𝑛−1𝐽 = 𝑥𝑛−2𝑅𝐽 = ⋅ ⋅ ⋅ = 𝑥1𝑅𝑛−2𝐽, 𝑛 > 1, (49)

where 𝐽 = 𝜆−1((𝐺11) ⊗ 𝐻0 + 𝑅((𝐺11) ⊗ 𝐻1)).
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4.3. Comparison of Sensing Strategies. In order to compare
any two sensing strategies, we need to determine what
performance measure is going to be used for that purpose.
In the finite buffer case, we can compare, for the two sensing
strategies, the number of SUs in the system, the throughput,
the loss probabilities, etc. Each of those comparisons requires
that we compute the stationary vector associated with the
finite state Markov chain.

However, if we assume that the buffer size is large enough
to be approximated by an infinite buffer system, then we can
just compare the distribution of the number of SUs in the
system. For a service provider, themost relevant performance
measure for comparison in that case is the tail behavior of the
system. As done in practice, we can assume that when one
system is dominant in queue length, then it is also dominant
in waiting times. Thus, for a quick comparison of different
sensing strategies, we can use the tail behavior and skip
the steps that require us to obtain the vector 𝑥 or even the
matrix 𝑅.
4.3.1. Tail Probabilities for Comparing Sensing Strategies. Now
we assume that our buffer size is infinite and show how to
compare the tail behavior of the number of SUs in the system.

For a quasi-birth-and-death (QBD) type ofMarkov chain,
we know from the literature that the probability that the
number of customers in the system is at least 𝑘, 𝜎𝑘, can be
approximated as𝑝𝑘 = 𝜎𝜂𝑘 + 𝑜 (𝜂𝑘) , as 𝑘 → ∞, (50)

where 𝜂 is called the decay rate and is equal to Perron
Frobenius eigenvalue of the matrix 𝑅, and 𝜎 is a constant
which depends on the boundary behavior of the Markov
chain.The decay rate 𝜂 can be obtained as the unique solution
in (0, 1) to the nonlinear equation𝜂 = 𝜒 (𝜂) , (51)

where 𝜒(𝑧) is the maximal absolute eigenvalue of the matrix𝐴 (𝑧) = 𝐴0 + 𝑧𝐴1 + 𝑧2𝐴2, |𝑧| ≤ 1. (52)

Generally, 𝜂 can be computed using the bisection method.

4.3.2. Hazard Rate Order for Comparisons. In this section,
we present a simple tool for comparing different sensing
strategies. Since the primary interest is in not letting very long
queues build up for the secondary users, a good measure is
the tail probability of the number of SUs in the system. The
hazard rate order is a useful tool for this purpose.

Consider two discrete random variables 𝑋 and 𝑌. Shaked
and Shanthikumar showed in [20, Theorem (1.B.7)] that 𝑋 is
less than 𝑌 based on hazard rate, that is, 𝑋≤ℎ𝑟 𝑌, if

P {𝑋 ≥ 𝑘}∑𝑖≥𝑘 P {𝑋 ≥ 𝑖} ≤ P {𝑌 ≥ 𝑘}∑𝑖≥𝑘 P {𝑌 ≥ 𝑖} , ∀𝑘 ≥ 0. (53)

Similarly, we say 𝑋 is stochastically less than 𝑌 (i.e.,𝑋≤𝑠𝑡 𝑌) if
P {𝑋 ≥ 𝑘} ≤ P {𝑌 ≥ 𝑘} , ∀𝑘 ≥ 0. (54)

Table 2: Sensing errors and their probabilities.

Misdetection False alarm
Type 1 𝜙1 𝜃1
Type 2 𝜙2 𝜃2

In [20, Theorem (1.B.1)] they further showed that

if 𝑋≤ℎ𝑟 𝑌,
then 𝑋≤𝑠𝑡 𝑌. (55)

Now consider two sensing strategies 𝐴 and 𝐵, with the
number of SUs in the systemgiven as𝑋𝐴 and𝑋𝐵, respectively.
Letting 𝑝𝑘(𝐴) an 𝑝𝑘(𝐵) be the associated tail probabilities as
mentioned in Section 4.3.1, and also with 𝜂𝑗, and 𝜎𝑗, 𝑗 = 𝐴, 𝐵
being the respective decay rates and constants, then we can
write𝑝𝑘 (𝑗) = 𝜎𝑗𝜂𝑘𝑗 + 𝑜 (𝜂𝑘𝑗) , as 𝑘 → ∞, 𝑗 = 𝐴, 𝐵. (56)

Let us now assume that there is a𝐾 < ∞ such that 𝑜(𝜂𝐾+𝑘𝑗 ) =0, 𝑘 ≥ 0, then we can say that𝑝𝐾+𝑘 (𝑗) = 𝜎𝑗𝜂𝐾+𝑘𝑗 , ∀𝑘 ≥ 0, 𝑗 = 𝐴, 𝐵. (57)

For the purpose of comparing two sensing strategies, we apply
the following theorem.

Theorem 1. If our threshold of the number in the system is 𝐾,
then 𝑋𝐴 ≤𝑠𝑡𝑋𝐵 if 𝜂𝐴 ≥ 𝜂𝐵. (58)

Proof. This is based on the fact that

P {𝑋 ≥ 𝑘}∑𝑖≥𝑘 P {𝑋 ≥ 𝑖} = 𝜎𝜂𝑘∑𝑖≥𝑘 𝜎𝜂𝑖 = 𝜎𝜂𝑘𝜎𝜂𝑘 (1 − 𝜂)−1 = 1 − 𝜂,𝑘 ≥ 𝐾. (59)

In summary, we have, for a threshold of 𝐾,𝑋𝐴 ≤𝑠𝑡𝑋𝐵 if 𝜂𝐴 ≥ 𝜂𝐵. (60)

5. System Model II: Imperfect Sensing

In this model we allow sensing errors, which can be mis-
detections and false alarms. A misdetection (false alarm)
occurs when the channel is considered to be idle (busy)
when it is actually busy (idle). In addition, for both of them
(misdetection and false alarm) we differentiate two different
types, depending on whether the SU is only sensing (type 1)
or sensing and transmitting (type 2). The probability that a
type-𝑖misdetection occurs is 𝜙𝑖, with 𝜙𝑖 = 1 − 𝜙𝑖 and 𝑖 = 1, 2;
and the probability that a type-𝑖 false alarm occurs is 𝜃𝑖, with𝜃𝑖 = 1 − 𝜃𝑖 and 𝑖 = 1, 2; Table 2 shows a summary of these
probabilities.
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Table 3: State classification in the saturated system with sensing errors.

state
state # channel SU phases defining internal states number of internal states1 busy sleeping BPH, LPH, TPH∗ 𝑛𝑏𝑛ℓ(𝑛𝑡 + 1)2 busy sensing BPH, SPH, TPH∗ 𝑛𝑏𝑛𝑠(𝑛𝑡 + 1)3 busy transmitting BPH, TPH 𝑛𝑏𝑛𝑡4 idle sleeping IPH, LPH, TPH∗ 𝑛𝑖𝑛ℓ(𝑛𝑡 + 1)5 idle sensing IPH, SPH, TPH∗ 𝑛𝑖𝑛𝑠(𝑛𝑡 + 1)6 idle transmitting IPH, TPH 𝑛𝑖𝑛𝑡
BPH: channel busy phase; IPH: channel idle phase; LPH: SU sleeping phase; SPH: SU sensing phase; TPH: SU trans. phase; TPH∗ : TPH (extended) at
interruption.

We add another state to the set from Model I (channel
busy, SU transmitting). Now, the states of this system are
classified as shown in Table 3.

Unlike in Model I, in (channel busy, SU sensing) we now
have to keep track of the sensing phase.The case in which the
system is saturated with SUs is considered first.

The associated transition matrix is

𝑃(sat)2 =
[[[[[[[[[[[[[

𝐷𝑏 ⊗ 𝐿 ⊗ 𝐼 𝐷𝑏 ⊗ (𝑙𝛽) ⊗ 𝐼 0 𝑑𝑏𝑖 ⊗ 𝐿 ⊗ 𝐼 𝑑𝑏𝑖 ⊗ (𝑙𝛽) ⊗ 𝐼 0𝜙1𝐷𝑏 ⊗ (1𝛿) ⊗ 𝐼 𝜙1𝐷𝑏 ⊗ 𝑆 ⊗ 𝐼 𝜙1𝐷𝑏 ⊗ 𝑠 ⊗ 𝑄∗ 𝜙1𝑑𝑏𝑖 ⊗ (1𝛿) ⊗ 𝐼 𝜙1𝑑𝑏𝑖 ⊗ 𝑆 ⊗ 𝐼 𝜙1𝑑𝑏𝑖 ⊗ 𝑠 ⊗ 𝑄∗𝜙2𝐷𝑏 ⊗ 𝛿 ⊗ 𝑇 𝜙2𝐷𝑏 ⊗ 𝛽 ⊗ 𝑡 𝜙2𝐷𝑏 ⊗ 𝑇 𝜙2𝑑𝑏𝑖 ⊗ 𝛿 ⊗ 𝑇 𝜙2𝑑𝑏𝑖 ⊗ 𝛽 ⊗ t 𝜙2𝑑𝑏𝑖 ⊗ 𝑇𝑑𝑖𝑏 ⊗ 𝐿 ⊗ 𝐼 𝑑𝑖𝑏 ⊗ (𝑙𝛽) ⊗ 𝐼 0 𝐷𝑖 ⊗ 𝐿 ⊗ 𝐼 𝐷𝑖 ⊗ (𝑙𝛽) ⊗ 𝐼 0𝜙1𝑑𝑖𝑏 ⊗ (1𝛿) ⊗ 𝐼 𝜙1𝑑𝑖𝑏 ⊗ 𝑆 ⊗ 𝐼 𝜙1𝑑𝑖𝑏 ⊗ s ⊗ 𝑄∗ 𝜃1𝐷𝑖 ⊗ (1𝛿) ⊗ 𝐼 𝜃1𝐷𝑖 ⊗ 𝑆 ⊗ 𝐼 𝜃1𝐷𝑖 ⊗ 𝑠 ⊗ 𝑄∗𝜙2𝑑𝑖𝑏 ⊗ 𝛿 ⊗ 𝑇 𝜙2𝑑𝑖𝑏 ⊗ 𝛽 ⊗ 𝑡 𝜙2𝑑𝑖𝑏 ⊗ 𝑇 𝜃2𝐷𝑖 ⊗ 𝛿 ⊗ 𝑇 𝜃2𝐷𝑖 ⊗ 𝛽 ⊗ 𝑡 𝜃2𝐷𝑖 ⊗ 𝑇

]]]]]]]]]]]]]
. (61)

As we did in Model I, in order to study the case of
nonsaturated SUs we need to extract, from the above matrix,
the following set of matrices:

𝐹0
= [0 𝐷𝑏 ⊗ 𝛽 ⊗ [01×𝑛𝑡 1] 0 0 𝑑𝑏𝑖 ⊗ 𝛽 ⊗ [01×𝑛𝑡 1] 00 𝑑𝑖𝑏 ⊗ 𝛽 ⊗ [01×𝑛𝑡 1] 0 0 𝐷𝑖 ⊗ 𝛽 ⊗ [01×𝑛𝑡 1] 0] , (62)

𝐹1 =
[[[[[[[[[[[[

0 00 0𝜙2𝐷𝑏 ⊗ 𝑡 𝜙2𝑑𝑏𝑖 ⊗ 𝑡0 00 0𝜙2𝑑𝑖𝑏 ⊗ 𝑡 𝜃2𝐷𝑖 ⊗ 𝑡

]]]]]]]]]]]]
. (63)

𝐻1 =
[[[[[[[[[[[[

0 0 0 0 0 00 0 0 0 0 00 𝜙2𝐷𝑏 ⊗ 𝛽 ⊗ 𝑡 0 0 𝜙2𝑑𝑏𝑖 ⊗ 𝛽 ⊗ 𝑡 00 0 0 0 0 00 0 0 0 0 00 𝜙2𝑑𝑖𝑏 ⊗ 𝛽 ⊗ 𝑡 0 0 𝜃2𝐷𝑖 ⊗ 𝛽 ⊗ 𝑡 0

]]]]]]]]]]]]
, (64)

𝐻0 = 𝑃(sat)2 − 𝐻1. (65)

Using the same ideas as in the case of Model I, we can
easily study the nonsaturated cases, both finite and infinite
buffer situations. We skip this for Model II as it is merely a
repetition of the procedure used in Model I.

6. Numerical Results

In this section, we present some results to exemplify the
capabilities of the proposedmodels and to show the feasibility
of their numerical evaluation.

Since the source of SUs is not saturated, the arrival process
of SUs must be taken into account. In our numerical results,
the arrival of SUs ismodeled by a platoon arrival process (PAP)
in which the following magnitudes follow geometric distri-
butions: interplatoon times (mean value, 100); intraplatoon
interarrival times (mean value, 20); and number of arrivals
in a platoon (mean value,𝑁𝑝); see [18, pp. 49&#x2013;50] for
further details. Themean number of arrivals in a platoon,𝑁𝑝,
is varied from 1 to 40 so that the arrival rate of SUs varies from0.01 to 0.0455 arrivals per time slot. Then, the matrices of the
MAP are

𝐺0 = [[[
1 − 1100 0
0 1 − 120

]]] , (66)
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𝐺1 = [[[[[
1𝑁𝑝 1100 (1 − 1𝑁𝑝) 11001𝑁𝑝 120 (1 − 1𝑁𝑝) 120

]]]]]
. (67)

The number of slots in a sensing cycle has a deterministic
value equal to 4, that is,𝑛𝑠 = 4, (68)

𝛽 = [1 0 0 0] , (69)

𝑆 = [[[[[[
0 1 0 00 0 1 00 0 0 10 0 0 0

]]]]]]
. (70)

The duration of a sleep period is uniformly distributed in{1, 2, . . . , 10}: 𝑛ℓ = 10, (71)

𝛿 = [0.1 0.1 ⋅ ⋅ ⋅ 0.1] , (72)

𝐿 = [[[[[[[[[

01 01 0
d d1 0

]]]]]]]]]
. (73)

The duration of an uninterrupted SU transmission fol-
lows a negative binomial distribution with mean 10 slots and
variance 2.5: 𝑛𝑡 = 8, (74)

𝛼 = [1 0 0 0 0 0 0 0] , (75)

𝑇 = [[[[[[
0.6 0.40.6 0.4

d d0.6 0.4
]]]]]]
. (76)

A preemptive repeat scheme is used when the transmis-
sion of an SU is interrupted by the transmission of a PU.Thus,

𝑄 = 1𝛼 = [[[[[[[
1 0 ⋅ ⋅ ⋅ 01 0 ⋅ ⋅ ⋅ 0... ... ...1 0 ⋅ ⋅ ⋅ 0

]]]]]]]
. (77)

Finally, we consider ideal sensing, 𝜙1 = 𝜙2 = 𝜃1 = 𝜃2 = 0,
and four different buffer sizes,𝑁 = 1, 10, 100,∞.

As in [2], the model proposed in [21] is used for channel
occupancy. This model exhibits a self-similar behavior over

an adjustable range of time-scales.Then, the transitionmatrix
in (1) becomes

𝐷

=
[[[[[[[[[[[[[[[[[[[

1 − 𝑛−1∑
𝑘=1

1𝑎𝑘 1𝑎 1𝑎2 ⋅ ⋅ ⋅ 1𝑎𝑛−1𝑏𝑎 1 − 𝑏𝑎(𝑏𝑎)2 1 − (𝑏𝑎)2... d

(𝑏𝑎)𝑛−1 1 − (𝑏𝑎)𝑛−1

]]]]]]]]]]]]]]]]]]]

(78)

where 𝑛, 𝑎, and 𝑏 are the parameters of the model. The range
of time-scales where the process shows a self-similar behavior
can be adjusted the value of parameter 𝑛. Once the value of𝑛 is set, the values of 𝑎 and 𝑏 can be determined by fitting
the channel utilization factor 𝜌PU = (1 − 1/𝑏)/(1 − 1/𝑏𝑛), and
the average burst length E[𝐵] = (∑𝑛−1𝑘=1 𝑎−𝑘)−1. The following
values have been considered here: 𝑛 = 8, 𝜌PU = 0.2, and
E[𝐵] = 10.

The chosen channelmodel, arrival process, and PHdistri-
butions donot intend to fit any specific scenario characterized
by empirical results. Instead, our purpose is to show how
a wide variety of distributions and characterizations can
be easily incorporated into our models and to show the
feasibility of their numerical evaluation. For this purpose,
the channel model and the PH distributions that have been
used are of a relatively high number of phases and, as shown
in this section, the resulting DTMC is still amenable to
numerical evaluationusing a conventional desktop computer.
Using distributions and models with a similar number of
phases would allow obtaining a good fit of the available
data in a broad variety of practical cases, while the required
computational effort would be comparable to that of the
examples shown here.

Figures 1, 2, 3, and 4 show, respectively, the mean number
of SUs in the system, loss probability, throughput, and
goodput. All of them are represented as a function of the
mean number of arrivals in a platoon (𝑁𝑝) for different sizes
of the buffer.When𝑁𝑝 increases so do the rate and burstiness
of the arrival process of SUs. Thus, as it may be expected, the
curves for in all four graphs exhibit an increasing trend.

In the cases where buffer size is finite, the value of
the mean number of SUs in the system (Figure 1) rapidly
saturates to about half the size of the buffer. This observation
is consistent with the behavior of the loss probability (see
Figure 2).

The curves for the throughput and goodput (Figures 3
and 4) show a similar shape, but the values of the goodput
are lower than those of the throughput (around 12% lower
on average). The latter is due to the fact that unfinished SU
transmissions have to be repeated from the beginning the
next time the SU gains access to the channel.



10 Wireless Communications and Mobile Computing
E[
X]

Np

106

105

104

103

102

101

100

10−1

0 5 10 15 20 25 30 35 40

N = 1
N = 10

N = 100
N = ∞

Figure 1: Mean number of SUs in the system, E[𝑋].
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Figure 2: Loss probability, 𝑃𝐿.
In our examples here, more important than the values of

the performance parameters themselves is the computational
effort required to compute them. In Figure 5 we show the
required execution time for our implementation of the
analysis in Matlab 2015 that was run in a laptop with an Intel
Core i7-4702MQ, 2.2 GHz, and 16 GB RAM.

As observed, the execution time is of the order of 1minute
in the worst case (𝑁 = 100). It is also observed that, for
the finite buffer model, the required execution time increases
linearly with the buffer size. Therefore, when the buffer size
increases, at some point the computational effort for the
finite buffer case exceeds that of the infinite buffer one. Note,
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Figure 3: Throughput, 𝛾.
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Figure 4: Goodput, 𝛾𝑔 .
however, that if the buffer size is large enough, then it can be
approximated by an infinite buffer system.

7. Conclusions

In this paper, we have proposed and analyzed a number of
Markovian models that enable the analysis and evaluation
of sensing strategies in cognitive radio networks under a
broad range of conditions. The proposed models are quite
versatile and general. AMarkov phase renewal process is used
to model the channel availability for secondary users (SUs).
This allows considering a wide variety of distributions for the
duration of idle and busy intervals and also capturing corre-
lations between consecutive intervals. The behavior of SUs is
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modeled using general phase-type distributions and sensing
capabilities. A major contribution with respect our previous
work is that the unrealistic assumption that the source of SUs
is saturated has been relaxed in the models presented here,
and the arrival process of the SUs is introduced. This arrival
process is represented by the Markovian arrival process,
which is also very general and versatile. Furthermore, we
consider a general buffer size, either finite or infinite, for
the waiting SUs and a fairly general resumption of an SU
transmission after being interrupted by PUs activity. Finally,
some numerical examples and results have been presented to
show the capabilities of our models and the feasibility of their
numerical analysis.
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Due to the high density of Wi-Fi networks, especially in the unlicensed 2.4 GHz frequency band, channel assignment has become
a critical duty for achieving a satisfactory user experience. Probably, the main peculiarity of Wi-Fi networks is the partial overlap
of the radio channels that can be used by access points. For that reason, a number of works avoid cochannel interferences by using
only channels which are far enough from each other to have no interferences, the so-called orthogonal channels. However, there is
a range of choices between using the whole spectrum and using only orthogonal channels. In this work we evaluate the influence
of the choice of channel set in realistic settings, using both optimization and heuristic approaches. Results show that the optimizer
is not able to achieve better results when using the whole spectrum instead of restricting to only the orthogonal channels. In fact,
the optimizer uses mainly the orthogonal channelswhen they are available, while the heuristics considered lose performance when
more channels are available. We believe this insight will be useful to design new heuristics for Wi-Fi channel assignment.

1. Introduction and State of the Art

Wireless technologies have reached an impressive popularity
in the last years. Probably, the most widespread wireless
technology is the one based in the standard family IEEE
802.11, commercially known as Wi-Fi. However, the radio
spectrum is very limited, and this scarcity is especially
important in unlicensed frequency bands, like the ones where
Wi-Fi operates in. Moreover, in unlicensed frequency bands,
in addition to the Wi-Fi devices we also find other devices
that can cause harmful interferences toWi-Fi, likemicrowave
ovens, Bluetooth devices, or baby monitors. Due to this
high saturation and scarcity of the radio spectrum, it is of
paramount importance for Wi-Fi devices to choose the ade-
quate channel to operate in, from the set of available channels.

One of the prominent peculiarities of Wi-Fi networks is
that the available frequency channels are partially overlapped.
For example, in the most popular 2.4GHz frequency band,

from the 13 available channels (depending on the world
region this number can be different) only a subset of them
do not overlap (orthogonal channels). As the problem of
channel assignment in WLAN environments is a current
and increasingly important problem, it has been extensively
studied by the scientific community. Doubtlessly, the main
work that compiles the most prominent efforts in this area
is the survey [1]. In this work, WLAN channel assignment
techniques are classified into two categories: (i) centrally
managed and (ii) uncoordinated. In addition to the papers
cited in [1] related to channel assignment, since its publication
to the present, some of the most prominent works published
in this category are [2–8].

Although the classification provided in [1] is themost log-
ical when studying the problem ofWi-Fi channel assignment,
there is an additional dimension which is especially relevant
for this work: whether they consider only the orthogonal
channels or the whole spectrum of channels. Note that the
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orthogonal channels are channels 1, 6, and 11 when we have
11 available channels at hand (e.g., in the US) and channels
1, 7, and 13 when we have 13 channels available (e.g., in the
EU).Themain efforts that consider only the three orthogonal
channels are [2, 3, 5, 9–12]. On the other hand, there are
many approaches that consider the whole spectrum, like,
for example, [13–17]. At this point, one could wonder why
there are so many papers that consider only three orthogonal
channels. Probably, the first idea could be that solving the
problemwith three nonoverlapping channels is easier to solve
that its counterpart that considers 13 overlapped channels.
In addition, using three orthogonal channels is easier to
evaluate, especially with simulators, as many of them do not
consider overlaps between channels.

On the other hand, some of the works [18–20] studying
the effect of using partially overlapped channels draw contra-
dictory conclusions. For example, in [18, 19] authors conclude
that using partially overlapped channels in Wi-Fi enables a
performance improvement. However, other approaches like
[20] consider that the gain of using partially overlapped
channels is not guaranteed. We believe the respective biases
of those studies are due to the fact that the comparison is
done using only a heuristic approach, so the results strongly
depend on the heuristic considered.

One of the reasons to use heuristics for these studies is
the high complexity of optimal channel assignments in Wi-
Fi networks, which is already stated in [1, 21]. Some papers
[5, 21] formulate channel assignment as an optimization
problem, but due to its NP-hardness, they propose a heuristic
algorithm to solve it. From the works cited in the survey [1],
only two of them [9, 16] make use of optimization techniques
(in particular, they both use Integer Linear Programming).

In this paper we thoroughly study the effect of varying
the distance betweenWi-Fi channels allowed in assignments,
ranging from 1 (using the whole spectrum) to 6 (using only
orthogonal channels in a 13 channel spectrum), and we
perform this study not only analyzing the usual heuristics, but
also optimal assignments obtained via nonlinear optimizers.
The main contributions of this paper can be summarized as
follows:

(i) We model the problem of Wi-Fi channel assign-
ment as a multilayer weighted geometric digraph
(Section 2.2).

(ii) Wemodel the goodness ofWi-Fi channel assignments
with a nonlinear utility model, which takes into
account the saturation effect occurring when signal
to interference ratio (SIR) is either very high or very
low (Section 2.4).

(iii) We consider channel assignments obtained by a
centralized nonlinear optimizer based on simulated
annealing, apart from the usual channel assignment
heuristics (Section 3).

(iv) We propose a set of realistic Wi-Fi scenarios for
performance evaluation, constructed from real Wi-Fi
maps from University buildings (Section 4.1).

(v) We study the effect of increasing the number of
available channels, either with or without taking

into account cochannel interference (Section 4). We
also compare the overall gain obtained for the most
widespread channel spectrum settings: 11 and 13
channels. We analyze not only the aggregate utility of
the solutions, but also the distribution of channels in
the assignments.

This is, to the best of our knowledge, the first time
that the effect of channel distance and number of channels
on the goodness of channel assignments is studied, using
optimization techniques and in a realistic setting. Since the
publication of [1], the only works (apart from our own [22–
24]) that use optimization techniques to solve the channel
assignment problem in WLANs are [11, 12]. However, nei-
ther of these papers studies the effect of using overlapping
channels instead of using nonoverlapping channels. As the
papers that have study the possibility of using overlapping
channels have contradictory conclusions, we think that this
paper fills a gap in the literature, as it tackles the channel
assignment as an optimization problem. Moreover, another
novelty of the paper consists of considering intermediate
cases in the set of available channels that can be assigned to
access points, i.e., intermediate situations between using only
the three nonoverlapping channels and using all the channels
of the spectrum, as we can have more than three channels
at hand while avoiding the severe interferences that appear
between adjacent channels.

The paper can be structured as follows. In Section 2 we
describe the Wi-Fi architecture under consideration, later
describing accurately the model we propose for such an
architecture. Section 3 is devoted to the description of the
optimization and heuristic algorithms used for assigning
channels inWi-Fi settings. The scenarios under study and the
results of the paper are shown in Section 4. Finally, Section 5
summarizes the paper and the most important conclusions,
proposing some future research lines.

2. Network Model

2.1. Wi-Fi Architecture. IEEE 802.11 technology, commer-
cially known as Wi-Fi, is, without any doubt, the most
widespread WLAN technology currently deployed. We focus
onWi-Fi networks operating in infrastructuremode, so there
are two types of wireless network elements: access points
(APs) and wireless devices (WDs). The goal is to assign a
channel to each AP, which will be the channel used for the
communication between that AP and its associated WDs.
Note that the termWD includes a wide range of devices, such
as laptops, smartphones, ebooks, TVs, or any other device
able to connect to a Wi-Fi network. In infrastructure mode,
direct communication occurs only between WDs and APs,
as communications between WDs are not permitted without
passing through an AP.

Although the frequency band of 5GHz is also used inWi-
Fi, we focus on the most used and congested frequency band
where Wi-Fi can operate, the unlicensed 2.4GHz frequency
band. This band is composed by 11 to 14 frequency channels
where devices can operate. The choice between 11, 13, or 14
channels depends on the world region, with 11 channels used
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(a) Connectivity layer (b) Signal layer

Figure 1: Example of graph layers of a Wi-Fi scenario.

in USA and 13 channels used in Europe. For that reason, we
focus on the scenario where we have 13 channels at hand,
although in the results we compare the differences of having
11 instead of 13 available channels.

The main peculiarity of the Wi-Fi technology is that
those channels partially overlap, which makes the problem
of frequency assignment more complex, as each channel
may interfere its neighboring channels. A first decision when
assigning channels toAPs in aWi-Fi networkwill be to decide
the number of channels to take into consideration. Many
of the algorithms and implementations for Wi-Fi channel
assignment focus on the use of orthogonal channels only (i.e.,
channels that do not interfere with each other). This choice
has the advantage that there are less harmful interferences.

2.2. Graph Modeling. In this work, we model the Wi-Fi
network by means of a multilayer graph [25]. Multilayer
graphs have recently emerged as a powerful tool tomodel and
capture multiple related aspects of complex systems. In our
model, we consider two layers: connectivity layer and signal
layer. Both layers are geometric graphs with two different
kinds of vertices: APs and WDs.

The connectivity layer is a geometric undirected graph,
where the edges represent the logical links between APs and
WDs; i.e., the connectivity layer links each WD to the AP to
which it is attached to. As it is expected that a WD attaches
to the AP that offers the most powerful signal and we assume
that power losses depend on the distance, we have attached
each WD to its closest AP.

On the other hand, the signal layer is a geometric
weighted directed graph (or weighted digraph), whose edges
represent all the signals that are received in each vertex. Note
that each edge will have a weight that represents the power
signal received. We use a directed graph to account for the
higher impact of an interference signal coming from an AP
rather than coming from a WD; i.e., we consider that the
interference produced from an AP is more harmful than
the one produced by a WD. For that reason, we have two

edges between eachWDandAP verticeswhich interfere, with
different weights for the edge representing the interference
from the AP to the WD and the edge representing the
interference from the WD to the AP.

In the signal layer two vertices are connected by an edge
provided that the distance between them is lower than the
coverage area (𝐶𝐴), which is defined as the distance at which
the power signal has decreased enough to be equal than the
sensitivity of the receiver. Section 2.3 defines the propagation
and interference models, and describes how to compute 𝐶𝐴.

Note that in the signal layer we have two types of edges:
interferences and the desired signal. Interferences are those
undesired received signals that can come from other APs
or from WDs that are attached to other APs. Note that two
WDs attached to the same AP do not interfere, as these
communications are coordinated by that AP. On the other
hand, the desired signal is the information signal we want to
receive.

A graphical example of the layers of a Wi-Fi scenario
with 14 APs and 49 WDs is shown in Figure 1. Figure 1(a)
represents the connectivity layer, while Figure 1(b) shows
the signal layer, according to the definitions previously
provided. For practical purposes, note that in the graphical
representation of the undirected graph of the signal layer we
join the two edges between vertices (one for each direction)
into a single one.

2.3. Propagation and Interference Models. The geometric
properties of the multilayer graph allow us consider realistic
propagation effects of the radio signals. Our purpose is to
assign weights to the edges of the signal layer in such a
way that, as mentioned above, each weight represents the
power of the signal represented by each edge. First of all, we
have to define the propagation model used to represent the
power losses that a radio signal suffers from transmission to
reception. We have made use of the model proposed in [26],
which defines that power loss (in dB) as

𝑃𝑙𝑜𝑠𝑠 = 40 log10𝑑 + 20 log10𝑓 − 20 log10 (ℎ𝑡ℎ𝑟) . (1)
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Table 1: Spectral overlap betweenWi-Fi channels [27].

|𝑐𝑖 − 𝑐𝑗| 0 1 2 3 4 5 6 ...
Spectral overlap 1 0.8 0.5 0.2 0.1 0.001 0 0

Equation (1) is defined for situations where transmitting
and receiving antennas are close to the ground (between
1m and 2.5m), being ℎ𝑡 and ℎ𝑟 their height above the floor
expressed in meters. Note that 𝑑 represents the distance
between the transmitter and the receiver (in meters) and 𝑓
is the frequency (in GHz) of the signal. As the frequency for
the different channels whereWi-Fi operates in is very similar,
we have assumed 𝑓 to be constant and equal to 2.4GHz,
obtaining

𝑃𝑙𝑜𝑠𝑠 = 7.6 + 40 log10𝑑 − 20 log10 (ℎ𝑡ℎ𝑟) . (2)

As we want to assign the weights to each edge of the
signal layer, we are going to identify two different cases: (i)
the signal is the one we want to receive, i.e., it contains the
desired information, and (ii) the signal is undesired, i.e., it is
an interference.

As theWi-Fi network is operating in infrastructuremode,
the desired signal is produced always between a WD and the
AP to which theWD is attached to and vice versa.The weight
of the edges that represent the desired signal between vertices
𝑖 and 𝑗 (𝑉𝑖 and 𝑉𝑗) can be computed as

𝑆𝑉𝑖→𝑉𝑗 = 𝑃𝑡 + 𝐺𝑡 + 𝐺𝑟 − 𝐿 − 𝑃𝑙𝑜𝑠𝑠, (3)

where𝑃𝑡 stands for the transmitting power, expressed in dBm,
𝐺𝑡 and 𝐺𝑟 stand for the transmission and reception antennas
gains, respectively, 𝐿 stands for losses due to obstacles, like
walls, windows, and so on, and is expressed in dB, and P𝑙𝑜𝑠𝑠 is
computed with (2).

To compute the weight of the edges representing interfer-
ences in the signal layer (between 𝑉𝑖 and 𝑉𝑗) we use

𝐼𝑉𝑖→𝑉𝑗 = 𝑃𝑡 + 𝐺𝑡 + 𝐺𝑟 − 𝐿 − 𝑃𝑙𝑜𝑠𝑠 + Ψ + 𝜂 (
𝑐𝑖 − 𝑐𝑗

) , (4)

where every value is expressed in logarithmic scale. It is
important to define parameters Ψ and, specially, 𝜂(|𝑐𝑖 − 𝑐𝑗|).
First, we can define Ψ as the activity index that represents
the aforementioned more harmful effect of the interferences
produced by APs (Ψ = 0.5) rather than produced by WDs
(Ψ = 0.2). Second, the 𝜂 function represents the cochan-
nel interference, so it is a paramount parameter for the
purpose of this work. We have considered the effect of
partially overlapped channels, represented by this function
𝜂, empirically measured in [27], although the results are not
very different from those obtained in other works [18, 28,
29]. More specifically, 𝜂(|𝑐𝑖 − 𝑐𝑗|) represents the cochannel
interference between vertices 𝑖 and 𝑗 when they are assigned
channels 𝑐𝑖 and 𝑐𝑗, respectively. Table 1 shows the cochannel
interference defined in [27] and used in this work. As we
can see, the overlap between channels decreases as they are
farther apart in the spectrum.

Finally, once the interferences have been defined, we can
define howwe have computed the coverage area (𝐶𝐴) defined

in Section 2.2. As we stated, 𝐶𝐴 represents the distance at
which the power signal transmitted by a device is equal to
the sensitivity of the receivers (𝜎). From the definitions above
this 𝐶𝐴 can be easily computed as

𝐶𝐴 = 10(𝑃𝑡+𝐺𝑡+𝐺𝑟−𝐿−𝜎−7.6+20 log10(ℎ𝑡ℎ𝑟))/40. (5)

2.4. Utility of the Solutions. Tomeasure the goodness of a par-
ticular channel assignment we use the signal to interference
ratio (𝑆𝐼𝑅). As the edges of the signal layer include the power
of the different signals that appear in the network, 𝑆𝐼𝑅 can be
directly computed from that layer.

The computation of the 𝑆𝐼𝑅 is slightly different depending
on whether the 𝑆𝐼𝑅 is being computed for a WD or an AP, so
we distinguish both cases. For the 𝑖-th WD (vertex 𝑉𝑖 in the
graph), that is attached to 𝑗-th AP (vertex 𝑉𝑗 in the graph),
𝑆𝐼𝑅 can be computed as the quotient between the weight of
the edge of the desired signal and the sum of the weights of
the edges representing interferences (denoted by subindex 𝑘);
i.e.

𝑆𝐼𝑅𝑖 =
𝑆𝑉𝑗→𝑉𝑖

∑𝑘 𝐼𝑉𝑘→𝑉𝑖
. (6)

We have distinguished the 𝑆𝐼𝑅 value forWDs and for APs
as, for APs, we have somany desired signals (𝑆𝑉𝑗→𝑉𝑖) asWDs
it has attached that AP. In that case, we have chosen the worst
case; i.e., for the desired signal we have chosen the one that is
receivedwith less power, resulting in the 𝑆𝐼𝑅 that isminimum
for every WD.

Although the SIR represents a good performance param-
eter to evaluate channel assignments, it can be improved
to represent a more realistic situation. As we know, user
experience depends on the 𝑆𝐼𝑅, but this experience has upper
and lower bounds, as shown in [30]. If 𝑆𝐼𝑅 value for a certain
device is below a certain value (𝑆𝐼𝑅𝑚𝑖𝑛), the signal quality
is very poor and devices cannot keep connected and, thus,
throughput (and hence perceived utility) equals to zero. On
the other hand, when 𝑆𝐼𝑅 is above a certain value 𝑆𝐼𝑅𝑚𝑎𝑥 the
throughput is limited by the technology, so it has no impact
to increase the 𝑆𝐼𝑅 beyond that value. For those reasons we
introduce, as a performance parameter, the utility for device
𝑖, named 𝑈𝑖. Parameter 𝑈𝑖 ranges from 0 to 1, representing 0
the situation where the 𝑆𝐼𝑅 is below 𝑆𝐼𝑅𝑚𝑖𝑛 and 1 when 𝑆𝐼𝑅 is
above 𝑆𝐼𝑅𝑚𝑎𝑥. For the values between 𝑆𝐼𝑅𝑚𝑖𝑛 and 𝑆𝐼𝑅𝑚𝑎𝑥 we
have used a linear function, as shown in Figure 2.

Finally, the utility for a certain channel assignment can be
computed as the sum of the utilities for all the vertices in the
graph:

𝑈 = ∑
∀𝑖

𝑈𝑖. (7)
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Figure 2: Relation between 𝑆𝐼𝑅 and utility for vertex 𝑖.

3. Channel Assignment Approaches Used in
the Comparison

In our study, according to the classification in the afore-
mentioned survey [1], we have chosen for benchmarking
both a centralized and a distributed approach. We have also
made experiments with random assignments, to use them
as a baseline. In the following we briefly describe the three
channel assignment techniques used in the study.

3.1. Baseline: Random Channel Assignment. As a reference,
we have used random channel assignments; that is, we
have measured the utility values obtained when choosing a
random channel for each AP, using a uniform distribution.
This gives us a baseline to compare with other approaches,
and to have a better view of whether they achieve a reasonably
good solution or not. As we will discuss in Section 4, this also
gives us an indication of how the search problem becomes
harder as the number of available channels change.

3.2. Least Congested Channel Search (LCCS). Distributed
heuristics are the de facto standard for Wi-Fi-channel assign-
ment. In particular, Least Congested Channel Search (LCCS)
[31] works by letting each access point to choose its desired
channel autonomously. In order to do so, access points peri-
odically count the number of active wireless devices at each
channel, choosing the least used channel for operation. Since
LCCS is asynchronous by definition and its convergence is
not guaranteed, it is difficult to define a final assignment
to use for comparison. To overcome this difficulty, we have
implemented a LCCS hill-climber, which means that we
conduct a number of iterations, allowing the LCCS algorithm
to run asynchronously once for each of the APs (with the
ordering of the APs randomly changing) at each iteration. If,
at the end of the iteration, the overall utility has increased,
we keep the changes. Otherwise, we revert the channel
assignments before iterating again. We have set the number
of iterations to 3000 in our setting.

3.3. OptimizationUsing SimulatedAnnealing (SA). Simulated
annealing is a centralized nonlinear optimization technique
[32], which we have used successfully in the past in frequency
assignment problems [22]. The idea of simulated annealing
is to search through the solution space at each iteration of
the algorithm by evaluating some neighboring solutions to
the current state, and deciding whether to move to one of
these neighboring solutions with a finite probability, which
depends on the utility variation of the movement (the greater

Figure 3: Layout under study.

the utility loss, the less likely to move) and a parameter called
annealing temperature, with higher probability of moving
when the temperature is high. The temperature is progres-
sively decreasing as the algorithm progresses, guaranteeing
its convergence. In this study we used an implementation of
SA similar to the one used in [22], with only one neighboring
solution evaluated at each iteration (generated by randomly
changing the channel assigned to a randomly chosen AP),
and by using 𝑃𝑎 = 𝑒−Δ𝑢/𝑇 as the probability of movement,
where Δ𝑢 is the utility loss for the movement and the
temperature 𝑇 starts at 1 and decreases linearly down to zero
as the algorithm iterates. We have used the same number of
iterations for SA as the one set for LCCS.

4. Numerical Study

4.1. Scenarios under Study and Parameters Used. We have
made use of realistic settings to evaluate the effect of the use
of orthogonal channels inWi-Fi technology. In particular, we
have considered the real layout of the Wi-Fi campus network
from the ScienceBuilding of theUniversity of Burgos (Spain),
whichwe show as a heat map representation in Figure 3.With
this layout, we have considered a wide range of situations
increasing the density of WDs. More specifically, we have
considered scenarioswith 50, 100, 150, 200, 250 and 300WDs.
This choice originates very different situations regarding
interferences, as it can be seen in Figure 4, where we show
the graph models for some of these scenarios, including
the simplest (with 50 WDs) and the most complex (with
300 WDs). In this figure, we have merged the two layers
of the graph model, showing APs as green circles and WDs
as smaller black squares. Moreover, the edges of the signal
layer are depicted with solid red lines and the edges of the
connectivity layer with black dashed lines.

As mentioned before, our goal will be to assign the
frequency channels to the different devices in the network in
order tomaximize the experience perceived by network users,
i.e., in order to maximize the utility function 𝑈 defined in
Section 2.4. Typically, channel assignment can be recognized
as a graph coloring problem [33], so an example of the result
of applying any of the channel assignment algorithms can be
shown in Figure 5, where we have represented each of the 13
Wi-Fi channels by a color.
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(a) 50 WDs (b) 150 WDs (c) 300WDs

Figure 4: Graph model.
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Figure 5: Example of coloring with 300WDs.

Table 2: Summary of parameters.

Parameter Value
𝑃𝑡 30mW
𝐺𝑡 0 dB
𝐺𝑟 0 dB
𝐿 40 dB
𝜎 −90 dBm
ℎ𝑡 1.5m
ℎ𝑟 1.5m
Ψ (APs) 0.5
Ψ (WDs) 0.2
𝑆𝐼𝑅𝑚𝑖𝑛 10 dB
𝑆𝐼𝑅𝑚𝑎𝑥 40 dB

As there are many parameters that define the models
proposed in Section 2, we summarize the parameters used in
Table 2, as defined in [22].

4.2. Effect of the Number of Channels. In this section we
evaluate the impact of considering the use of only orthogonal
channels, in comparison with the use of a wider number of
channels up to a maximum of 13 channels. In all cases we
have considered evenly spaced possibilities. For that reason,
the number of channels used in each case, together with the
specific channels considered for each setting, is as shown in

Table 3: Number of channels and channels in use.

Number of
channels Separation Channels in use

3 6 1, 7, 13
4 4 1, 5, 9, 13
5 3 1, 4, 7, 10, 13
7 2 1, 3, 5, 7, 9, 11, 13
13 1 1-13

Table 3. Note that we have considered all the possibilities that
produce evenly spaced channels.

4.2.1.Without Cochannel Interference. First of all, we evaluate
the effect of the number of channels assuming there are no
cochannel interferences, i.e., assuming that all the available
13 channels are orthogonal. Although this situation is not
realistic, this experiment is performed to analyze the effect
that cochannel interference has on performance, because all
the subsequent experiments consider such an interference.
In addition, this first experiment lets us validate the model
and analyze the effect of the number of channels if cochannel
interferences could be avoided.

In this setting, the cochannel interference is 1 for 𝑐𝑖 =
𝑐𝑗 and 0 otherwise. Results are shown in Figure 6. This
figure shows themean and 95% confidence intervals (showed
with the shaded area) obtained as a result of 100 random
assignments, and for the different number of WDs under
study. Comparing the different curves, we conclude that, as
the number of WDs increases, the utility also increases. This
is an expected result, as there are more devices to account
for the utility when the number of WDs increases. Another
identified pattern, also expected, is that the obtained utility
increases as we can make use of more channels. This makes
sense, since the availability of new channels reduces the
amount of “monochromatic edges”, that is, adjacent vertices
in the signal layer using the same channel, so interference
reduces drastically. In the limit, if we had as many available
channels as APs, interference would be zero and utility would
be maximized.

4.2.2. With Cochannel Interference. In spite of the results
shown in the previous section, it is of paramount importance
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Figure 6: Effect of the number of channels without cochannel
interference.

to consider the cochannel interference, as it is probably the
most peculiar feature of Wi-Fi networks. As stated above, for
the cochannel interference we have used the data obtained in
[27].

Now we evaluate the effect that considering orthogonal
channels has in performance, in comparison with using an
increasing number of evenly spaced channels. This experi-
ment has been driven for different scenarios and using dif-
ferent algorithms to assign channels. The behavior is shown
in Figure 7, where we also show the confidence intervals
at 95%. To make confidence intervals narrow enough for
the the results to be statistically significant, we have run
the LCCS and random channel assignment approaches 1000
times, while the SA optimizer has been run for 50 times (the
standard deviation for the SA results is much lower). It is very
remarkable the local minimum that appears at every curve
when we have 4 channels at hand. This effect is due to the
fact that the experiments that consider 4 channels are the
only ones that cannot use channel 7, and, as we will see later,
channel 7 is one of the most widely used in optimal assign-
ments. In particular, having 4 channels available permits us
to use channels 5 and 9, which are not orthogonal either to
each other or to channels 1 and 13, respectively. However,
results show that it is better to use those new channels (and
hence enduring the associated interferences) than to avoid
them (therefore having only the two channels 1 and 13, which
are orthogonal, but being forced to have a number of high-
interference monochromatic edges).

However, themain conclusion fromFigure 7 is that, when
we increase the number of available channels and consider
cochannel interference, the utility achieved does not increase.
This result is counterintuitive, and it probably justifies the
wide number of research studies that only consider three
orthogonal channels in Wi-Fi. In fact, following Figure 7
we could recommend not to use more than 3 channels, as
the complexity of the problem increases with no gain in
performance, probably because the network layout can be
efficiently covered with three colors or, for the scenarios

under study, because the AP placement has been done
considering that only the orthogonal channels were to be
used. In particular, we notice that the optimizer SA is not
able to obtain higher gains in utility when it can use a higher
number of channels. In addition, it must be noted that the
problem complexity of using 13 channels is much higher than
considering 3, as the state space of possible solutions increases
from 3𝑁 to 13𝑁, where𝑁 is the number of APs in the network.

If we compare the performance of the different techniques
under evaluation (Figure 7), we notice that random is the
worst technique, followed by LCCS. As it could be expected,
SA offers the best results. In fact, as SA is an optimizer, we
could consider that the results obtained by SA can be con-
sidered as upper bounds in performance. As SA requires the
complete information about the network, we do not present
SA as a realistic technique to be easily used in real networks (it
could only be used whenwe use a central controller). For that
reason, comparing the performance of Random and LCCS
with SA we can estimate the room for improvement that
widely used techniques have. Moreover, it is very important
to note that, analyzing the utility achieved by Random and
LCCS as the number of available channels increase, this utility
decreases. This conclusion is very important, as it can be
deduced that when using random or LCCS assignments,
it is worth to use 3 nonoverlapping channels, because not
choosing the channel correctly can generate more undesired
interferences.

In addition to the previous comparison, we now inspect
the channels used by the different techniques and for the
different deployments. First, and for the sake of space, it
is important to note that we focus on the scenario with
200 WDs as a reference, but identical conclusions can be
drawn from the rest of scenarios. On one hand, Figure 8
shows the proportion of colors actually used in the channel
assignments obtained by the optimizer for the different
number of available colors. When we use 3 channels, we
note that they are used evenly, as they do not interfere with
each other at all. However, when 4 channels are available,
we note that channels 5 and 9 are less used than 1 and 13, so
the conclusions given before about the utility achieved when
having 4 channels are confirmed. Finally, it is worth to note
that when we have 5 and 7 channels available, the optimizer
only uses the three orthogonal channels (1, 7, and 13), being
the use of other channels negligible. A similar conclusion can
be given when we have 13 available channels, although the
use of other channels different than 1, 7 and 13 is a bit higher.

On the other hand, Figure 9 is the equivalent but for
LCCS. In this case, we can notice that LCCS makes use of
more channels than the three orthogonal ones, but the most
widely used are channels 1 and 13.

4.3. Comparison between the Use of 11 and 13 Channels.
As it has been previously shown, increasing the number
of channels does not increase the performance, when we
consider cochannel interference. For that reason, now we
conduct a study comparing the performance that can be
achieved when using 11 or 13 channels. Although the choice of
having 11 or 13 channels at hand depends on the world region
and cannot be chosen individually, following the results of
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Figure 7: Achieved utility for different number of available channels.

the previous section, it is worth to evaluate the differences
that both possibilities have.Themain results are summarized
in Figure 10, where we show the quotient between the utility
achieved when letting the use of 13 channels and 11 channels.
Results show that, for all the assignment algorithms under
study, the performance of having 13 channels at hand is about
15%-25%better thanhaving only 11 channels.This effect is due
to the fact that, although the best choice is to use a reduced
number of channels, those channels are more spaced when
using 13 channels.

5. Conclusions

Channel assignment is probably the most important con-
figuration issue when deploying Wi-Fi networks. As there
is an increasing number of Wi-Fi networks, together with
other devices like microwaves, baby monitors, and so on
sharing the same spectrum, we must accurately choose in
which frequency channelmust operate each access point.This
frequency planning problem becomes more complex as one
of the most peculiarities of Wi-Fi networks is that frequency
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Figure 8: Proportion of colors used in SA with 200WDs.
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channels partially overlap between them, raising the problem
of cochannel interference. Many works devoted to channel
assignment in Wi-Fi networks avoid the use of overlapped
channels by using a reduced number of noncolliding chan-
nels, called orthogonal channels. In this paper we evaluate the
goodness of using only the orthogonal channels instead of a
higher number of overlapping channels up to the maximum
number of channels available. Moreover, we evaluate our
proposal in realistic settings. Although we also consider
some usual heuristic channel assignments algorithms, we
also use an optimization algorithm based on the simulated
annealing technique.Due to its complexity, theWi-Fi channel
assignment problem has been very scarcely addressed as an
optimization procedure, beingmost of the proposals heuristic
approaches.

The first study performed in the paper is related to the
impact of the number of channels available when we do
not consider the cochannel interference. Although this situa-
tion is unrealistic, it is included in order to compare its results
to the situations where we consider cochannel interference.
Results show that, increasing the number of nonoverlapping
channels, we improve performance as we have more oppor-
tunities to choose a channel that avoids interferences with the
channels used in other access points.

Secondly and introducing cochannel interference, we
have also studied the effect of the number of channels avail-
able. In this comparisonwehave first determined that the best
performance is obtained by the optimizer based on simulated
annealing, followed by the heuristic LCCS and, finally, the
random assignment, which is useful mainly as a baseline.
Furthermore, we conclude that the optimizer is not able to
achieve better channel assignments when it is permitted to
use more channels than just the orthogonal ones. In fact, it
is shown that the algorithm mainly uses the three orthogonal
channels even when it is allowed to use the whole spectrum.
It is particularly significant the fact that LCCS (the de facto
standard for Wi-Fi channel assignment) degrades as more
channels are available to choose, probably due to the fact that
local interference evaluation avoids channel choices which
would be necessary for the globally optimal solutions (we
could talk of “sacrificing local utility for the global welfare”).
This leads us to think that better heuristics could be designed
taking into account the aggregation of utilities further than at
the access point level (e.g., considering clusters of APs). The
design of such heuristics and the study of the conditions in
which they succeed will be the scope of our most immediate
future work. Finally, we would like to introduce dynamicity
in our model, to see how the different approaches react to
changes during and after convergence and the utility loss
associated with the cost of (re)convergence.

Data Availability

The layout of the scenarios under study can be found on
the following public URL: http://www.ubu.es/servicio-i
de-informatica-y-comunicaciones/catalogo-de-servicios/red-
wifi-vpn/wi-fi/planos-de-cobertura-de-la-red-wifi. Regarding
the reproducibility of the results, the authors have included
in the paper all the information needed to replicate them.

http://www.ubu.es/servicio-de-informatica-y-comunicaciones/catalogo-de-servicios/red-wifi-vpn/wi-fi/planos-de-cobertura-de-la-red-wifi
http://www.ubu.es/servicio-de-informatica-y-comunicaciones/catalogo-de-servicios/red-wifi-vpn/wi-fi/planos-de-cobertura-de-la-red-wifi
http://www.ubu.es/servicio-de-informatica-y-comunicaciones/catalogo-de-servicios/red-wifi-vpn/wi-fi/planos-de-cobertura-de-la-red-wifi
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However, and upon a request, they can send the resulting
channel assignments obtained in the paper, which constitute
the results of the experiments of the paper.
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Ultra-dense cellular networks (UDNs) represent the trend for 5G networks in dense urban environments.With the aim of exploring
the optimal extent of network densification under different performance requirements and the trade-off between the network
capacity and deployment cost in UDNs, a multiple-objective optimization model is proposed. This novel optimization design
consists of amultiattribute user type in whichusers are grouped based on their propagation conditions and an infinitesimal dividing
modeling method termed the ring method for network capacity dimensioning. The optimal cell size is estimated to maximize
the total network capacity and minimize the deployment cost under different levels of user capacity demand. Additionally, the
corresponding total network capacity and the required number of base stations are presented. Furthermore, two conventional
frequency bands, 800 MHz and 1.8 GHz, and two new bands, 3.5 GHz and mmWave 28 GHz, are considered to investigate their
feasibility and the potential of higher frequency bands in the 5G network.

1. Introduction

Existing cellular networks are being challenged by the explo-
sive growth of traffic demand from a variety of mobile and
internet services such as high definition live video streaming
and mobile online gaming. This challenge will become more
severe with emerging new services such as 3D multime-
dia, augmented reality, and virtual reality. Because these
new services will progressively be delivered over wireless
communication, the mobile and wireless traffic volume has
been predicted to increase 1000-fold in the near future
[1]. More specifically, the area throughput in some densely
populated areas may reach tens of Tb/s/km2 and the data rate
experienced by users might exceed 1 Gbps [2]. To improve
system capacity and meet the expected demand, better
wireless modulation and additional spectrum bandwidth can
be employed. However, the potential gain seems to be limited.
Therefore, the most efficient way to increase cell density is by
reducing coverage [3].

Motivated by the above, the ultra-dense cellular net-
work (UDN) is emerging as a promising technology with

new characteristics for fifth-generation (5G) networks [3–5].
The network evolved from the traditional macro-cell-only
Homogenous Network (HomNet) to a multiband Hetero-
geneous Network (HetNet) where macro cells operating at
low frequency bands underlie small cells operating at high
frequencies. The UDN can be seen as another evolution
fromHetNet with further densification of small cells [5]. The
basic idea of this new paradigm is to shorten the distance
between the access node and end user as much as possible
and thus densely deploy small cells in crowded districts
or hotspots where enormous data traffic is generated. The
average intersite distance (ISD) for UDNs is reduced to
around or less than 100 m in contrast to the 400 m distance
in the traditional 4th-generation (4G) deployment [6]. The
UDN can be defined as small cell deployment in dense urban
scenarioswhere the active user density is high, with about 600
active users per km2 [5–7]. Together with higher frequency
bands where much wider bandwidth is available, UDNs are
expected to fulfill very high demands on system capacity and
achievable end-user data rates [8]. Currently, cellular systems
mainly operate at frequency bands below 3 GHz. However,
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higher frequencies up to millimeter-wave (mmWave) are
considered candidates for 5G deployment [9].

The strategy of operating UDNs on new and higher
frequency bands brings new and multiple challenges for
network operators in network planning and actual deploy-
ment, including network architecture, resourcemanagement,
difficult handover control, and interference management [3].
Other specific challenges this paper focuses on are as follows.

(i) One challenge is to find the fundamental limits in
network densification, i.e., to what extent the cell
size can be reduced. Network densification cannot be
continued since too close a distance between cells will
generate high interference [5]. As discussed in [4],
this is considered a key question for future network
designs

(ii) Another is tominimize the cost of the network design.
There is always an inherent trade-off between the cost
and other objectives such as capacity and quality of
service (QoS) [10].This ismore significant in network
densification since the cost will increase greatly as
more cells are needed

(iii) There are various propagation conditions for massive
numbers of users in the urban environment. Line-of-
sight (LOS) components becomemore probablewhen
users are closer to the base station (BS). Therefore,
both LOS and non-line-of-sight (NLOS) should be
considered in the study of dense networks [5]. The
target for UDNs is usually dense urban areas where
users are often located in buildings and above the
ground. It is important to emphasize indoor usage
because up to 80% of data traffic is generated in
indoor environments [11]. Therefore, it is necessary
but difficult to take all these factors into consideration
in UDN network research

(iv) Another challenge is to further study the feasibility
of high frequency bands in dense urban scenarios.
As argued in [12], the value and feasibility of higher
frequency bands need to be further considered. This
is because, at lower and higher frequency bands, each
spectrumhas its own pros and cons in urban environ-
ments. At lower frequencies, the signal has less path
and penetration loss. Meanwhile, the interference
from adjacent cells is higher. On the other hand, at
higher frequencies, the available system bandwidth is
increased, and the interference is decreased. However,
more signal loss occurs

With the aims of exploring the proper extent of cell
densification and investigating the trade-off between capacity
and deployment cost for UDNs, this work proposes an
innovative optimization model to determine the cell size
in UDNs with multiple objectives including maximizing
network capacity, minimizing the deployment cost, and guar-
anteeing each user’s capacity demand. Multiple factors are
taken into consideration in the system model such as various
user propagation conditions, 3D urban environments, and
two urban network deployment scenarios. Furthermore, four
frequency bands are employed for the carrier frequency to

investigate their pros and cons in UDN deployment. The
paper is organized as follows: In Section 2, we review the
related literature.The systemmodel is introduced in Section 3
and the optimization formulation is described in Section 4.
Based on the simulation, numerical results are presented
in Section 4. Finally, our findings and further works are
described in Section 5 along with the conclusion.

2. Related Works

Since it evolved from multiband HetNet, 5G UDN jointly
consists of small cells and macro cells. However, the macro
cells will probably be configured only to transmit control
data to solve user handover problems in the small cells
while the small cells will be in charge of high speed user
data transmission [4].Many advanced handover technologies
have been proposed for UDNs. A software defined network-
enabled authentication handover system was proposed in
[13] that involves user-specific context information sharing
and privacy protection using multiple network paths to
transmit data. These two solutions have been proven to
simplify the handover by reducing latency and enhancing
privacy protection in 5G networks. In [14], measurement-
based mmWave dynamic channel models were innovatively
employed to study the handover in mmWave systems. With
extensive simulation, the proposed dual connectivity frame-
work, which allows fast switching between LTE andmmWave
radio access as well as secondary cell handover across
mmWave eNodeBs (eNBs), was demonstrated to improve the
latency and throughput stability of mmWave systems.

On the other hand, many studies place emphasis on the
user throughput and network capacity of UDNs since this is
the motivation for network densification. Aiming at bringing
detailed analysis of user throughput and network capacity of
UDN, a networkmodelwith various configurations including
different ISDs, user equipment (UE) densities, and frequency
bands was used in [15] to reveal the gain of network
densification. The simulation results showed that dense cell
deployment with an ISD of 35m can increase the average UE
throughput by more than 7.56 times and that using a 10GHz
band with a bandwidth of 500 MHz can further increase the
network capacity up to 5-fold.

However, finding the optimal site position or configu-
ration for the purpose of planning objectives like coverage,
capacity, and deployment cost requires further research
such as network planning or cell optimization. Since these
objectives are always interdependent and interrelated [10],
joint optimization of multiple objectives is an important
research topic in UDN deployment for further investigation
[5]. A novel Cognitive Radio Network- (CRN-) applied
5G UDN architecture was designed in [16] and a graph-
based algorithm and genetic-based algorithm were used to
maximize the user throughput andminimize communication
interference. The results showed that the proposed optimiza-
tion algorithms can effectively improve network performance
in terms of throughput and signal-to-interference-plus-noise
ratio (SINR). A novel optimization design for UDNs that
involves dividing massive numbers of users into groups based
onmoving speed and selecting suitable subnets was proposed
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in [17]. Optimization is then performed to coordinate suitable
UDN subnets for each group to meet huge service demands
with the minimum quantity of resources. The numerical
results showed that the proposed approach can make the best
use of bandwidth resources to provide services that meet
user demands. With the purpose of balancing the trade-
off between energy efficiency (EE) and spectrum efficiency
(SE), an improved version of the nondominated sorting
genetic algorithm-II (NSGA-II) [18] intelligent approach was
proposed in [19] to optimize the performance of EE and SE by
jointly allocating transmission power and resource blocks to
users inUDNs.Thiswas the first timeNSGA-IIwas applied in
aUDN for such optimization and the novel improved version
has several advantages including fast nondominated sorting
and less complexity. All the aforementioned literature details
optimization cell planning for 5G UDN but the objective and
methods are distinctive. The distinctive contributions and
innovations of the proposed system model in this paper are
summarized as follows.

(i) Instead of optimizing either the network capacity or
deployment cost, this work is aimed at balancing the
trade-off between both parameters for dense small
cells

(ii) The optimal solutions, i.e., optimal ISDs within the
constraint of different user capacity demands, provide
insights to determine the ideal extent of network
densification

(iii) A novel method involving multiattribute user types
is utilized in the proposed system model. Instead of
grouping a large number of users based on single user
attributes, like user mobility in [17], this method is
designed to cover all possible propagation conditions
for users including LOS or NLOS, outdoor or indoor,
andUE heights. Other works [15–17, 19] consider only
individual or limited combinations of these possible
propagation conditions in real urban environments.
This method is described in more detail in Section 3

(iv) An innovative infinitesimal dividing modeling
method termed the ring method is proposed in
this work for network capacity dimensioning and
optimization. Compared to the summation of the
capacity of all users in the network in [15, 16, 19], the
ring method is specially designed to properly derive
the number of users in each group since the LOS
probability is assumed to be a function of the distance
between the user and the BSs. Detailed analysis of
the proposed ring method is presented in Section 4

(v) Compared to other works, several frequency bands,
specifically two conventional frequency bands (800
MHz and 1800 MHz) and two 5G frequency bands
(3.5 GHz and 28 GHz), are investigated in both urban
macro (UMa) and urbanmicro- (UMi-) street canyon
deployment scenarios. Although multiple frequency
bands can be deployed in the two 5G frequency
bands, small cells using high frequency bands will
be in charge of high speed user data transmission
and macro cells at low frequency bands will probably
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Figure 1: Cell layout of network.

be configured only to transmit control data regard-
ing handovers [4]. Therefore, the two 5G frequency
bands are the main targets and the two conventional
bands are also investigated for comparison and to
demonstrate they may be not competent in the task
of transmitting user data in UDNs

3. System Model

We consider the deployment of a UDN cellular network in
a dense urban area of 1 km2. The goal is to maximize the
total network throughput and minimize the deployment cost
under certain user capacity constraints. The system model is
as follows.

3.1. Cell Layout. Figure 1 details the cell layout in this work.
The hexagonal grid three-sector site described in [20] is used.
A frequency reuse number of three is assumed where the
frequencies used in three sectors of each cell are different. Due
to the above, the user only receives interference signals from
three BSs when the interference is only considered on the first
tier. Generally, there are two kinds of small cell BSs, namely,
fully functioning BSs (picocells and femtocells) and macro-
extension access points [5]. Here, picocells installed outdoors
are considered the BSs in the network.

3.2. User Distribution and Multiattribute User Types. The
users are assumed to be uniformly distributed in the target
area, which means that the number of active users equals the
product of active user density and area. In reality, users in
urban areas are always in different propagation conditions
such as LOS or NLOS and outdoor or indoor. As shown
in Table 1, the users are classified into four types by using
different propagation conditions as multiple attributes. The
detailed conditions for each user type are presented in Fig-
ure 2. The specific number of users of each type is calculated
according to the indoor user ratio and LOS probability in
[20].

3.3. Carrier Frequency and System Bandwidth. This work
investigates four carrier frequencies, namely, 800 MHz, 1800
MHz, 3.5GHz, and 28GHz. 800MHzwas popular for cellular
network deployment before the 3G. Frequency bands below
3 GHz such as 1.8 GHz were introduced in order to employ
3G and 4G mobile communication services. For the 5G,
higher frequency bands up to mmWave bands are expected
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Table 1:Multiattribute user types in urban scenario.

User type User condition
Type 1 LOS + outdoor
Type 2 LOS + indoor
Type 3 NLOS + outdoor
Type 4 NLOS + indoor

User Type1:
LOS+Outdoor

User Type2:
LOS+Indoor

User Type3:
NLOS+Outdoor

User Type4:
NLOS+Indoor

Figure 2: Diagram for four user types.

to providemore bandwidth resources to fulfill the anticipated
capacity demand. Among them, 3.5 GHz and 28 GHz are
two important candidate bands because a large portion of
spectrum resources is available at 3.5 GHz below 6 GHz and
at 28 GHz above 6GHz [9]. Regarding the system bandwidth,
5% of the carrier frequency is assumed. It is reasonable
and necessary to consider different bandwidths for different
carrier frequencies, since much larger available bandwidth is
the main motivation for the consideration of high frequency
bands in 5G.

3.4. Radio PropagationModel. Empirical propagationmodels
are broadly used to predict the path loss in feasibility
studies and initial deployment in cellular network planning.
Conventional propagation models like the Hata and Stanford
University Interim (SUI) models used in another of our
research works [21] are only applicable to low frequency
bands and lack the parameters to simulate an urban environ-
ment. Therefore, the 3D propagation model from 3GPP [20]
is used. This model supports frequencies ranging from 500
MHz to 100 GHz in urban scenarios and provides diverse
parameters such as 3D propagation distance, environment
height, standard shadow fading, LOS probability, indoor user
rationing, and outdoor-to-indoor penetration loss. These
parameters are critical for simulation of the proposed model
with multiattribute user types based on user propagation
conditions. The urban scenario is further divided into two
subscenarios in [20]: UMa and UMi-street canyon. In the
UMa urban scenario, the BS antennas are mounted above
the rooftop level of surrounding buildings. In contrast, the

antennas are below the building rooftops in the UMi-street
canyon scenarios. Another difference is that the ISD for UMa
is larger than that for the UMi-street canyon. These two
scenarios are, respectively, investigated in this work.

4. Problem Formulation and Optimization

4.1. Problem Formulation Using the Ring Method. For UDN
deployment, the key challenge is to provide top quality
services while minimizing network cost. Focusing on this
issue, the goal of this work is to maximize the total network
capacitywhile keeping the deployment cost as low as possible.
The total cost is roughly proportional to the number of
deployed small cells in the network. Therefore, the total cost
of the network is measured as the number of BSs that need
to be deployed in the network. The constraint is to guarantee
that every user is satisfied with a specific capacity demand,
which means the capacity of every user should be higher
than or equal to the demand bound constraint. Therefore,
it becomes a multiple-objective optimization problem which
can be formulated as

Maximize {𝐶𝑛𝑒𝑡𝑤𝑜𝑟𝑘} ,

Minimize {NBS} ,
(1)

within the constraints

𝐶𝑢𝑠𝑒𝑟 ≥ 𝐶0, (2)

where 𝐶𝑛𝑒𝑡𝑤𝑜𝑟𝑘 is the total capacity of the network, C0 is the
capacity demand bound constraint, and𝑁𝐵𝑆 is the number of
required BSs:

𝑁𝐵𝑆 =
10002
𝑆𝑐𝑒𝑙𝑙

= 10002
3 ∗ (2.6 ∗ (𝐼𝑆𝐷/3)2)

, (3)

where 𝑆𝑐𝑒𝑙𝑙 is the area of one cell and is determined by the ISD
(m).

Now the main challenge is how to quantify the total net-
work capacity 𝐶𝑛𝑒𝑡𝑤𝑜𝑟𝑘. An infinitesimal dividing modeling
method termed the ring method is proposed in this work.
As Figure 3 shows, one cell is divided into many small parts
and the width of each part is 1 m. 𝑑𝑖 is the distance between
the inflection point (marked as a dot in Figure 3) and the BS.
Because 1 m is quite small compared to the cell coverage, each
part can be seen as a circular arc, which is referred to as a
ring here. All users in any single ring Ringi can be assumed
to have the same distance 𝑑𝑖 to the BS. Four types of users
are distributed in Ringi, according to the LOS probability and
indoor user ratio.

Figure 4 is the flowchart for the method used to derive
the total network capacity 𝐶𝑛𝑒𝑡𝑤𝑜𝑟𝑘. The detailed process is
explained as follows. As defined in [22], the minimal distance
between the UE and picocell BS is 2 m.Therefore, the area of
Ringi can be expressed as

𝑆𝑖 =
{{{
{{{
{

√3𝑑𝑖 +
√3
2 , 2 ≤ 𝑑𝑖 ≤

𝐼𝑆𝐷
3 − 1

√3
3 𝐼𝑆𝐷, 𝐼𝑆𝐷

3 − 1 < 𝑑𝑖 ≤
2
3𝐼𝑆𝐷 − 1.

(4)



Wireless Communications and Mobile Computing 5

＞Ｃ＞Ｃ ＞Ｃ+1
＞Ｃ+1

２ＣＨＡＣ

1m

Figure 3: An illustrative diagram of the ring method.
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Figure 4: Flowchart for the derivation of total network capacity.

Since the users are uniformly distributed in the cell, the
number of active users𝑁𝑖 inRingi equals the product of active
user density 𝜌𝑢𝑠𝑒𝑟 and ring area 𝑆𝑖:

𝑁𝑖 = 𝜌𝑢𝑠𝑒𝑟 ∗ Si. (5)

It is assumed that bandwidth is uniformly allocated to every
user in the cell so the bandwidth 𝐵𝑖 allocated to each user
equals

𝐵𝑖 =
0.05 ∗ 𝑓C

𝑁𝑟𝑒𝑢𝑠𝑒 ∗ 𝑁𝑐𝑒𝑙𝑙
= 0.05 ∗ 𝑓C

𝑁𝑟𝑒𝑢𝑠𝑒 ∗ (𝜌𝑢𝑠𝑒𝑟 ∗ 𝑆𝑐𝑒𝑙𝑙)
, (6)

where𝑓𝐶 is the carrier frequency,𝑁𝑟𝑒𝑢𝑠𝑒 is the frequency reuse
number which equals three here, and 𝑁𝑐𝑒𝑙𝑙 is the number of

users in one cell. Ignoring feeder loss, the received power 𝑃𝑖𝑗
of UE type 𝑗 in Ringi can be expressed as

𝑃𝑖𝑗

= {
{
{

𝑃𝑇 + 𝐺𝑇 + 𝐺𝑅 − 𝑃𝐿 𝑖𝑗 (𝑑𝑖) − 𝑆𝐹, outdoor UE

𝑃𝑇 + 𝐺𝑇 + 𝐺𝑅 − 𝑃𝐿 (𝑑𝑖) − 𝐿𝑂2𝐼 (𝑓𝑐) − 𝑆𝐹, indoor UE,
(7)

where𝑃𝑇 is the transmitter power of the base station antenna,
𝐺𝑇 is the transmitter antenna gain, 𝐺𝑅 is the receiver antenna
gain, and SF is shadow fading. The path loss, 𝑃𝐿 𝑖𝑗, and
the outdoor-to-indoor penetration loss, 𝐿𝑂2𝐼, are calculated
using the 3D path loss model and the low-loss out to indoor
penetration model in Technical Report 38.901 by 3GPP,
respectively [20]. Note that the indoor user is assumed to
be standing by the wall or window where there is no inside
loss after signal penetration through the wall or window. In
Figure 2, the interference 𝐼ij of UE type 𝑗 in Ringi is the sum
of the power of three received interference signals transmitted
by the adjacent three BSs:

𝐼𝑖𝑗

=
{{{{{
{{{{{
{

3

∑
𝑘=1

{𝑃T + 𝐺𝑇 + 𝐺𝑅 − 𝑃𝐿 𝑖𝑗𝑛 − 𝑆𝐹} , outdoor UE

3

∑
1

{𝑃T + 𝐺𝑇 + 𝐺𝑅 − 𝑃𝐿 𝑖𝑗𝑛 − 𝑆𝐹 − 𝐿𝑂2𝐼 (𝑓𝐶)} , indoor UE,

(8)

where 𝑃𝐿 𝑖𝑗𝑛 is the path loss of the interference signal trans-
mitted by interference BS 𝑛 and is also calculated with the 3D
path loss model. After deriving the received signal power 𝑃𝑖𝑗
and the interference 𝐼ij power, the 𝑆𝐼𝑁𝑅𝑖𝑗 of UE type 𝑗 inRingi
can be achieved by

𝑆𝐼𝑁𝑅𝑖𝑗 =
𝑃𝑖𝑗

𝑁𝑜𝑖𝑠𝑒 + 𝐼𝑖𝑗
. (9)

Then 𝐶𝑖𝑗, the user maximum achievable capacity of UE
type 𝑗 in Ringi, can be calculated using the Shannon capacity:

𝐶𝑖𝑗 = 𝐵𝑖 ∗ log2 (1 + 𝑆𝐼𝑁𝑅) . (10)

As defined in [20], the indoor user ratio is 80% in urban
areas and the LOS probability is a function of the distance
𝑑𝑖. Then, 𝑁𝑖𝑗, the user quantity of UE type 𝑗 in Ringi, can be
calculated as

𝑁𝑖𝑗 =

{{{{{{{
{{{{{{{
{

0.2𝑁𝑖 ∗ 𝑃𝐿𝑂𝑆 (𝑑𝑖) , 𝑗 = 1
0.8𝑁𝑖 ∗ 𝑃𝐿𝑂𝑆 (𝑑𝑖) , 𝑗 = 2
0.2𝑁𝑖 ∗ (1 − 𝑃𝐿𝑂𝑆 (𝑑𝑖)) , 𝑗 = 3
0.8𝑁𝑖 ∗ (1 − 𝑃𝐿𝑂𝑆 (𝑑𝑖)) , 𝑗 = 4.

(11)

Note that when 𝑁𝑖𝑗 is smaller than 1, it represents the
probability that the user is in Ringi and under type 𝑗.
Combining (10) and (11), the total capacity of Ringi equals the
sum of the capacities for all users:

𝐶𝑖 =
4

∑
𝑗=1

𝐶𝑖𝑗 ∗ 𝑁𝑖𝑗. (12)
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The sum of the total capacity of all rings is the total capacity
of one cell 𝐶𝑐𝑒𝑙𝑙:

𝐶𝑐𝑒𝑙𝑙 =
(2/3)𝐼𝑆𝐷−2

∑
𝑖=1

𝐶𝑖. (13)

Finally, the total capacity of the network is

𝐶𝑛𝑒𝑡𝑤𝑜𝑟𝑘 = 𝐶𝑐𝑒𝑙𝑙 ∗ 𝑁𝑐𝑒𝑙𝑙, (14)

where the number of cells in the network 𝑁𝑐𝑒𝑙𝑙 is determined
by the optimization ISD result. At this point, optimization
objective equation (1) and constraint equation (2) are ready
for the following optimization procedure.

4.2. Optimization Procedure. The goal of this work is to
maximize the total network capacity while keeping the
deployment cost as low as possible within the constraint that
every user is satisfied with a specific capacity demand. In
this optimization problem, ISD is the only variable and the
two objectives are maximizing the total network capacity
and minimizing the number of deployed small cells. It is
difficult to handle small cell planning for UDNs by con-
sidering multiple-objective functions at the same time and
within the constraints. The genetic optimization algorithm
is introduced to solve this multiple-objective optimization
problem and derive the optimal ISD.The genetic algorithm is
a type of optimization algorithm that imitates the biological
processes of reproduction and natural selection to solve for
the target function solutions [23]. It is widely used in wireless
communication [16, 19], and results in [16] indicate that the
genetic algorithm outperforms other network planning algo-
rithms like graph theory. The NSGA-II [18] is exoteric non-
domination-based and is arguably the most famous genetic
algorithm for optimizing multiobjectives. With the aim of
a less bug-prone and convenient implementation, we use
the gamultiobj function in the MATLAB global optimization
toolbox. It uses a controlled, elitist genetic algorithm, which
is a variant of the NSGA-II. The gamultiobj function can be
expressed as

𝑋 = 𝑔𝑎𝑚𝑢𝑙𝑡𝑖𝑜𝑏𝑗 (𝑓fitness, 𝑛VARS, 𝐿𝐵, 𝑈𝐵, 𝑓constraint) , (15)

where 𝑋 is a set of optimization results, i.e., optimal ISDs.
Here, the fitness function 𝑓fitness is represented by (1) and the
constraint function 𝑓constraint by (2), 𝑛VAS is the dimension of
the optimization problem (equal to one here since ISD is the
only variable), andLB andUB are the lower and upper bounds
of the variable ISD, respectively.

During the optimization procedure, gamultiobj first ran-
domly creates the initial population, which is a set of
individuals (variable ISDs), with respect to the bounds.
Then gamultiobj evaluates the objective function 𝑓𝑓𝑖𝑡𝑛𝑒𝑠𝑠 and
constraint 𝑓constraint for the population and uses those values
to create scores for the population. Next, the individuals
with the best scores are selected as parent individuals to
create children individuals of the next generation bymutation
and crossover. This iteration starts over until a termination
criterion applies, such as when the average relative change

Table 2: Simulation parameters [15, 20, 22, 24, 25].

Parameters UMa UMi-street
canyon

Carrier frequency 𝑓
𝐶

800 MHz
1.8 GHz
3.5 GHz
28 GHz

System bandwidth 5% ∗ 𝑓
𝐶

TX antenna height (m) 25 10
Outdoor user RX antenna height
(m) 1.5 1.5

Indoor user RX antenna height (m) 9 9
TX antenna gain, GT (dBi) 5 5
RX antenna gain, GR (dBi) 2 2
BS TX power, PT (dBm) 30 30
Thermal noise density (dBm/Hz) -174 -174
Effective environment height (m) 1 1
Active user density 𝑑

𝑢𝑠𝑒𝑟

(users/km2) 600 600

Indoor user ratio 0.8 0.8
Minimum distance between UE and
BS (m) 2 2

Shadow fading in LOS (dB) 4 4
Shadow fading in NLOS (dB) 6 7.82

in the best fitness function value is less than or equal
to a predefined FunctionTolerance or when the generation
number exceeds the given MaxGenerations. At this point,
gamultiobj will output the optimized ISD.

5. Simulation Results

Four carrier frequency bands are investigated and the avail-
able system bandwidth is set to 5% of the carrier frequency.
For each carrier frequency, the maximum achievable capacity
guaranteed for every user will be limited. In the simulation,
the optimization algorithms cannot provide the right result
when the capacity demand bound constraint C0 reaches its
limit. Due to this, the optimal ISD is derived against C0
varying from 1 Mbps to the maximum value. The initial
population in MATLAB gamultiobj is randomly created so
the optimization result for each run can be slightly different.
The results presented in this section are the average values
from 10 runs. The simulation parameters including the pico-
cell BS antennas and 3D propagation model are summarized
in Table 2. Table 3 lists the gamultiobj parameters which
are tuned for proper functioning and relative stable output
results. The other gamultiobj parameters all use the provided
default values.

The results for the optimal ISD against the capacity
demand bound constraint are presented in Figure 5. The
corresponding total network capacity and the number of
BSs needed are shown in Figures 6 and 7, respectively. In
Figure 5, the optimal ISD decreases as the user capacity
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Figure 5: Optimal ISD vs. user demand bound constraint. (a) UMa scenario; (b) UMi-street canyon scenario.

Table 3: Parameters used in MATLAB gamultiobj function.

Parameters Value
LB 5 (m)
UB 500 (m)
FunctionTolerance 1e-6
MaxGenerations 300
PopulationSize 100
ParetoFraction 0.3

demand increases. In smaller cells, the path losses for users
are smaller and the bandwidth allocated to each user becomes
larger since fewer users exist in the cell. For the same user
demand bound, the higher the frequency is, the smaller the
optimal cell size becomes. Because higher frequencies suffer
severe path and penetration loss, the cell size needs to be
reduced to provide sufficient SINR to the cell edge and indoor
users. In the UMa scenario, the maximum capacity which
every user can be satisfied with is 43 Mbps for a frequency
of 800 MHz and ISD of 65 m and 87 Mbps for a frequency of
1.8 GHz and ISD of 47 m. For 3.5 GHz, up to 145Mbps can be
guaranteed when the ISD is reduced to 30 m.

There are two reasonswhyhigher frequencies can support
higher user demand. One is that higher frequencies may
bring about lower intercell interference. Another reason is
that the achievable capacity is determined by bandwidth as
well as SINR. For the same SINR, a smaller bandwidth of 800
MHz and 1.8 GHz limits the maximum achievable capacity.
Meanwhile, 3.5 GHz can provide much wider bandwidth,
which can support much higher user demand. However,
note that 28 GHz can guarantee almost the same maxi-
mum achievable capacity as 3.5 GHz despite the enormous
bandwidth. This is because the propagation loss for 28
GHz is so high in the UMa scenario that even the huge
bandwidth cannot compensate for it. On the other hand,

the bandwidth of 28 GHz is shown to be advantageous
in the UMi-street canyon scenario as every user can be
guaranteed up to 1.3 Gbps when ISD is decreased to 10 m.
Additionally, 3.5 GHz yields 50Mbps higher guaranteed user
capacity in the UMi-street canyon scenario. The difference
between the two scenarios results from the 15 m higher BS
antenna height in the UMa scenario compared to the UMi-
street canyon scenario. In the 3D propagation model, the
propagation distance has three dimensions, which means a
higher antenna can provide longer propagation distance for
the same horizontal distance between BS and UE. That is,
the BS antenna is much closer to users in the UMi-street
canyon scenario.The primary disadvantage of high frequency
bands, i.e., severe propagation loss, has a lighter effect on user
achievable capacity. Therefore, the achievable capacity can
be increased with the wider bandwidth of higher frequency
bands.

Figure 6 shows the total network capacity versus user
demand bound constraints. Generally, the network capacity
keeps growing but reaches a limit as the guaranteed user
demand increases. In Figure 6(a), the total network capacity
for 28 GHz reaches the peak rapidly and then starts to
decrease. The network needs to be densely positioned to
provide higher capacity to users at the cell edges or indoors.
However, the total network capacity cannot increase without
limit because the number of active users in the network is
limited. Therefore, some cells may not include active users
when cells are extremely dense. In addition, when network
densification surpasses a certain threshold, some users may
receive more severe interference from the interfering BSs.
When conventional bands such as 800 MHz and 1.8 GHz are
employed, the maximum network capacity is limited below
12 Tbps/km2 in UMa and 20 Tbps/km2 in the UMi scenario.
New bands at higher frequencies have larger total network
capacity. For 3.5 GHz, the total network capacity can reach
up to 50 Tbps/km2 in the UMi scenario. For 28 GHz, the
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Figure 6: Total network capacity vs. user demand bound constraint. (a) UMa scenario; (b) UMi-street canyon scenario.
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Figure 7: Number of needed BSs vs. user demand bound constraint. (a) UMa scenario; (b) UMi-street canyon scenario.

capacity may be about 80 Tbps/km2 in the UMa scenario
and hundreds of Tbps/km2 in the UMi scenario. Similar to
Figure 5, UMi is advantageous compared to UMa since the
BS antennas are closer to users in the UMi-street canyon
scenario. UDNs are expected to cover urban areas with small
cells, providing a higher data rate than 100Mbps to every user
[6]. Several services in 5G may require a user achievable data
rate of at least 1 Gbps and an area capacity of tens of Tbps/km2
[26]. Figures 5 and 6 show that it is difficult to meet these
requirements if UDNs are deployed with conventional bands
such as 800MHz and 1.8GHz.Thenew 28GHzband has been
proven to have the potential to meet the requirements for 5G.
Furthermore, it is more advantageous in the UMi scenario,
i.e., lower antenna heights.

There is a cost when high frequency bands are employed.
Figure 7 shows the number of BSs per km2 when every
user is guaranteed a certain capacity. The cost of network
deployment is generally proportional to the number of BSs
in the area. In both UMa and UMi scenarios, the higher the
carrier frequency is, the more the BSs needed for the same
user demand bound constraint are. In particular, the number
of BSs required for 28 GHz is almost five times that required
for 800 MHz or 1.8 GHz. To provide at least 1 Gbps for every
user, operators have to deploy around 3500 BSs per km2.
Therefore, the deployment cost with high frequency bands
is much higher than that with conventional bands. To meet
lower user demand, the conventional lower frequency band
can be amore economical choice for the deployment ofUDNs
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since the number of BSs is lower. However, even though the
network capacity for 3.5 GHz is twice that for 1.8 GHz, the
number of BSs is slightly different.Therefore, 3.5 GHzmay be
the more economic choice. If the target area is a hotspot that
requires an extremely high user data rate and area capacity,
higher frequencies such as 28 GHz, at the expense of great
deployment cost, may be the only choice for operators.

6. Conclusions

In this paper, a multiple-objective optimization model for
UDNs was proposed for both UMa and UMi-street canyon
scenarios. The novel optimization design includes multi-
attribute user types in which users are grouped based on
their propagation conditions and an infinitesimal dividing
modeling method termed the ring method for network
capacity dimensioning. The optimal ISD was evaluated to
maximize the total network capacity while minimizing the
deployment cost under certain user capacity demand bound
constraints. Four frequency bands, 800 MHz, 1.8 GHz,
3.5 GHz, and 28 GHz, were investigated for the carrier
frequency. The numerical results showed that it would be
difficult for conventional bands to meet the requirements of
UDN deployment for 5G services. Meanwhile, new higher
frequency bands demonstrated the potential to provide 100
Mbps or up to 1 Gbps for every user in the network and
tens or even hundreds of Tbps/km2 in terms of total network
capacity. Considering the trade-off between the capacity and
deployment cost, 3.5 GHz can be a more economical choice
for operators with user demands lower than 200 Mbps. For
hotspots with extremely high user-experienced data rates and
dense data traffic, 28 GHz in the UMi-street canyon scenario
can be employed but the ISD needs to be less than 20 m.This
may result in huge deployment costs such as thousands of BSs
per km2.
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5G networks will make network sharing agreements between mobile operators technically possible. However, depending on the
agreed and implemented quality-of-service isolation, the provision of services may lead to unsustainable business cases. In this
paper, the economic feasibility of such arrangements is analyzed for the case of two operators. Concretely, while one network
operator owns the spectrum, one virtual operator does not, and each one provides service to its subscriber base. Two sharing
alternatives, namely, pooling and priority sharing, are studied regarding the profits that each operator gets. We conclude that the
network operator is worse off under any circumstances under a pooling agreement, while a lump sum payment may leave the
network operator better off under a priority sharing agreement.

1. Introduction

Thefifth generation (5G) wireless networks will appear in the
market in 2020 and is expected to improve customers’ quality
of service (QoS) significantly with the increasing of data
volume in mobile networks [1]. Furthermore, 5G networks
will have the capacity to provide different QoS to users with a
wide range of needs, such as new applications, different traffic
types, and a wide range of services [2, 3].

The sharing of any sort of resources among network
operators has been shown as an efficient way of spreading out
the technology at a lower cost.The resources in this paper will
be typically spectrum that is owned by the network operator,
but similar analysis may be performed when the resources
are, e.g., radio-access-network (RAN), network roaming, and
core-network [4, 5]. We will refer to the sharing of resources
with the general termnetwork sharing. Authors of [6] describe
a scenario where infrastructure providers enable the leasing
of resources, which allow service providers to share the cost
of providing coverage with virtual operators, Over-The-Top
providers and industry vertical market players. However,

network sharing is based on the dynamic deployment and
scaling of functions in the 5G networks and requires a careful
orchestration of resources to preserve bilateral agreements
among operators, as stated by [7].

Regarding the costs involved in moving to 5G, they
can be significantly reduced through network densification
and network sharing. The business models analyzing these
scenarios such as [8] are usually focused on the relation be-
tween the service provider and the network operator, where
their physical and logical network infrastructures are tightly
coupled. There are several ways to implement network shar-
ing, as proposed in [9]. A possible new business model could
be based on the sharing of resources, where the owner of
the resources and the operator of the resources are different
actors.

In the literature, some researches are focused on the
study of the economic feasibility of different network sharing
scenarios based on elements of queuing theory, such as [10,
11], as well as microeconomics and game theory concepts [12,
13]. For instance, in the context of network sharing, in [14] the
effects of infrastructure sharing and competition regulation
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on cellular network planning are analyzed. The authors of
[15] analyze a network slicing scenario, based on game theory
and a framework called “share-constrained proportional allo-
cation”; the results obtained provide an effective and imple-
mentable scheme for dynamically sharing resources across
slices. In [16], the authors investigate the generic instruments
for addressing a spectrum sharing in 4G networks from a
cooperative games perspective and conclude that, in most
of the considered instances, the mobile network operators
(MNOs) are better off building a unique shared RAN than
creating subcoalitions or building individual RANs due to the
combined gain from spectrum aggregation and cost reduc-
tion from sharing the network infrastructure. In [17], the
authors investigate a particular class of congestion games and
learning mechanisms to design a distributed solution to the
wireless network slicing problem. In the same way, there are
some studies that analyze the network sharing, based on game
theory, such as [18–21]. In the framework of the queue theory,
in [22] the effects of queueing delays and users’ related costs
on the management and control computing resources are
analyzed. The authors of [23] propose an analysis from a
pricing perspective, based on priority queuing (PQ) and
Generalized Processor Sharing, with the issue of maximizing
networks operators revenue. In [24], the authors investigate
the priority queuing as a way to establish service differentia-
tion; to do that, they consider the Discriminatory Processor
Sharing discipline for two models of service with different
QoS and determine the prices that maximize the provider’s
profit. In the same way, [25] studies pricing for heterogeneous
services based on a priority queuing as a way to establish ser-
vice differentiation. Additionally, in [26] the authors analyze
the cooperation strategies among mobile network operators
competitors, customers, and different types of partners based
on network sharing. However, the mentioned studies do
not analyze the incentives to mobile operators to engage in
spectrum sharing schemes using priority sharing disciplines
in a network sharing environment from an economic point of
view.

Our aim in this paper is to proceed one step further and
model the strategic interaction in network sharing between a
network operator and a virtual operator, providing service to
their users. We analyze two alternatives: pooling and priority
sharing. The analysis is conducted by means of game theory.
Our main contribution is to prove that network sharing
is economically viable and allows the network and virtual
operators to coexist under a priority sharing agreement.

The rest of this paper is organized as follows. In Section 2,
we describe in detail the model with the actors, the utility of
each actor, and the pricing scheme. In Section 3, we analyze
and solve the subscription and pricing strategies of the differ-
ent models. In Section 4, we show and discuss the results.
Finally, in Section 5, we present the conclusions.

2. Model Description

2.1. General Model. This section models the following two
sharing agreements:

(i) Pooling: the operators share equally the resource.
(ii) Priority sharing: the operators share the resource

under different priorities.

In addition, we analyze in the Appendix the case where
there is only one operator providing service; i.e., no priority is
implemented and the operator behaves as a monopolist. This
case will be used as a baseline for comparison in Section 4. A
summary of the notation used in this paper is given in Table 1.

The network operator (aka. Operator 1) is the spectrum
owner, while the virtual operator (aka. Operator 2) leases the
resource under the specific sharing agreement. As part of the
sharing agreement, the operator undertakes to communicate
the data of the number of users to the other operator. We
assume that each operator has its own subscriber base.

The network, i.e., the spectrum resource that is used for
providing service, is modeled as an M/M/1/∞ queue, where
packets are generated by the subscribers of the two opera-
tors and are served according to the scheduling discipline
described below. Operator 𝑖 has 𝑛𝑖 subscribers that indepen-
dently generate packets following a Poisson process with a
rate 𝜆𝑑, so that for each operator we can define a Poisson
packet arrival process with rate 𝜆𝑖 = 𝜆𝑑𝑛𝑖, and the sum of the
twoprocesses is also Poissonwith rate𝜆 = 𝜆1+𝜆2.The service
times of all packets are exponentially distributed with mean1/𝜇. We assume for stability reasons that 𝜆 < 𝜇.

Under the pooling agreement, the scheduling discipline
is First-Come-First-Served and there is no priority.Themean
packet system time 𝑇𝑖 can be computed as

𝑇1 = 𝑇2 = ( 1𝜇 − (𝑛1 + 𝑛2) 𝜆𝑑) . (1)

Under the priority sharing agreement, we propose that
the service provided by the network be modeled by a
Discriminatory Processor Sharing (DPS) discipline, where
each customer has a relative priority and receives service at an
instantaneous rate proportional to the priority [11, 27, 28]. A
DPS queue basically works as follows: if there are 𝑛 customers
with priorities 𝑥1, 𝑥2, . . . , 𝑥𝑛 (𝑥𝑖 ≤ 1 for 𝑖 = 1, . . . , 𝑛), then the
customer 𝑖 is served at a fraction 𝑥𝑖/∑𝑛𝑗=1 𝑥𝑗 of the servers
capacity [11]. In our analysis we use a DPS model with two
relative priorities: 𝑥1 = 1 − 𝛾 for the network operator and𝑥2 = 𝛾 for the virtual operator, where 𝑥1 + 𝑥2 = 1 and0 ≤ 𝛾 ≤ 1. DPS is a mechanism much more flexible than
priority queuing in order to model the sharing of a common
resource, thanks to the 𝛾 parameter. 𝑇𝑖 can be computed [11]
as

𝑇1
= 1𝜇 − 𝜆𝑑𝑛1 − 𝜆𝑑𝑛2 (1 + 𝜆𝑑𝑛2 (2𝛾 − 1)𝜇 − (1 − 𝛾) 𝜆𝑑𝑛1 − 𝛾𝜆𝑑𝑛2) , (2)

𝑇2
= 1𝜇 − 𝜆𝑑𝑛1 − 𝜆𝑑𝑛2 (1 − 𝜆𝑑𝑛1 (2𝛾 − 1)𝜇 − (1 − 𝛾) 𝜆𝑑𝑛1 − 𝛾𝜆𝑑𝑛2) . (3)

Note that Preemptive Resume PQ, if the users were
serviced in a processor sharing manner, is a special case of
DPS discipline, since 𝛾 = 0 gives strict priority to operator 1
users while 𝛾 = 1would give strict priority to operator 2 users
[24].
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Table 1: Summary of notations.

Eq.
General Model
Mean packet system time 𝑇𝑖 (1)
Mean service rate 𝜇 (1)
Subscribers mean arrival rate 𝜆𝑑 (1)
Operator 1’s number of users 𝑛1 (1)
Operator 2’s number of users 𝑛2 (1)
Virtual Operator’s relative priority 𝛾 (2)
Quality perceived by the users 𝑄𝑖 (4)
Users sensitivity to delay 𝛼 (4)
Conversion factor 𝑐 (4)
Users utility 𝑈𝑖 (5)
Price charged by operator 𝑖 𝑝𝑖 (5)
Operator i’s profits Π𝑖 (6)
GameModel
Operator 1’s best response 𝐵𝑅1 (11)
Operator 2’s best response 𝐵𝑅2 (12)
Operator 1’s equilibrium price 𝑝∗1 (13)
Operator 2’s equilibrium price 𝑝∗2 (14)
Operator 1’s equilibrium number of users 𝑛∗1 (16)
Operator 2’s equilibrium number of users 𝑛∗2 (16)
Arbitrarily small positive value 𝜖
Boundary cases I-II 𝑝1𝛾 (34)
Boundary cases I-II 𝑝2𝛾 (35)
Boundary cases III-IV 𝑝1𝑈 (36)
Boundary cases II-IV 𝑝2𝑈 (37)
TheAppendix- Monopoly
Monopolistic operator’s profits Π0 (A.1)
Monopolistic operator’s number of users 𝑛0 (A.1)
Price charged by monopolistic operator 𝑝0 (A.1)
Users Utility 𝑈0 (A.3)
Monopolistic operator’s optimal price 𝑝∗0 (A.9)

We quantify the quality perceived by the users of each
operator borrowing a variation of the expression used in
[23, 25, 29, 30]. In order to analyze the impact of the priority
parameter 𝛾, we assume that the users are homogeneous in
their service time requirements for both operators.

𝑄𝑖 ≡ 𝑐𝑇−𝛼𝑖 , 𝑖 = 1, 2, (4)

where 𝑐 > 0 is a conversion factor and 𝑇𝑖 has been de-
fined and computed above. We define 0 ≤ 𝛼 ≤ 1 as the user
sensitivity to delay, since a greater 𝛼 translates into a worse
perceived quality, for a given delay. The user utility is
proposed to be given by the difference between the quality
perceived by the users in monetary units minus the price
charged by the operator. Specifically, the user utility we
model has the advantage of being interpretable in monetary-
equivalent terms: since 𝑐𝑇𝛼𝑖 is the value that the outcome has
to user 𝑖 and 𝑝𝑖 (inmonetary units per second (m.u./s.)) is the

price that the user pays,𝑈𝑖 can be seen as the benefit (m.u./s.)
of user 𝑖. 𝑈𝑖 ≡ 𝑐𝑇−𝛼𝑖 − 𝑝𝑖, 𝑖 = 1, 2. (5)

We set the utility when users do not subscribe to the
service to zero.

Note that a similar approach for modeling the user utility
can be found at, e.g., [22, 31–33]. And this form of utility
function can be related to the quasi-linear function widely
used in microeconomic and telecommunications networks
analysis as described in [34].

The network operator charges a price𝑝1 to its users, while
the virtual operator charges a price 𝑝2. We assume that no
costs are incurred by the operators.The operators’ profits will
then be given byΠ𝑖 = 𝜆𝑑𝑛𝑖 (𝑝𝑖) 𝑝𝑖, 𝑖 = 1, 2. (6)

Remark that the profits functions described in (6) should
have been decreased by the operator’s costs. Important
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components of these costs are the operating costs and the
investment costs. We do not consider the operating costs, as
their inclusion does not provide additional insight since they
do not depend on the price of the service, while it makes the
expression of profits less explicit. Related to the investment
costs, we can consider themconstant, given that the time scale
on which the provider can adapt his network capacity 𝜇 is
relatively long compared to the time scale on which prices
vary [25, 30].

2.2. GameModel. From the above model description, we can
observe the following strategic interactions:

(i) Flow i’s subscription decision is influenced by opera-
tor i’s pricing decision.

(ii) Operator i’s profit depends on flow i’s subscription
decision.

(iii) Flow i’s subscription decision depends on flow j’sdeci-
sion with (𝑗 ̸= 𝑖), through the 𝑄𝑖 factor.

(iv) Operator i’s profit is then influenced by operator j’s
pricing decision, indirectly through flow j’s subscrip-
tion decision.

We conclude then that the above strategic scenario is
amenable to game theory. Specifically, each operator will
choose its pricing strategy 𝑝𝑖 aiming at maximizing its profitΠ𝑖.

We will use a two-stage sequential game of the multi-
leader follower kind, where, in the first stage, each operator
chooses a price𝑝𝑖 in order tomaximize its profitΠ𝑖.The game
is solved using backward induction [35], which means that at
Stage I players proceed strategically anticipating the solution
of Stage II.

In the second stage, for each operator, the following
applies. Each user takes its own subscription decision, trying
to maximize the utility it gets from either subscribing to the
operator or not. The user will observe the price published by
the operator andwill take the decision of service subscription.
Assuming that number of users is high enough, the individual
subscription decision of one user does not affect the utility of
the rest of the users. Under these conditions, the equilibrium
reached is that postulated by Wardrop [36]. Applying this
notion of equilibrium, known asWardrop equilibrium, to the
user subscription problem, we postulate that

(i) either 𝑛𝑖 ≥ 0 and 𝑈𝑖 = 0
(ii) or 𝑛𝑖 = 0 and 𝑈𝑖 < 0.

Combining the above alternatives, we can identify four out-
comes:

(i) Case I:

𝑈1 = 0,
𝑈2 = 0

and 𝑛1 ≥ 0,
𝑛2 ≥ 0

(7)

(ii) Case II:

𝑈1 = 0,
𝑈2 < 0

and 𝑛1 ≥ 0,
𝑛2 = 0

(8)

(iii) Case III:

𝑈1 < 0,
𝑈2 = 0

and 𝑛1 = 0,
𝑛2 ≥ 0

(9)

(iv) Case IV:

𝑈1 < 0,
𝑈2 < 0

and 𝑛1 = 0,
𝑛2 = 0

(10)

In the first stage, each operator chooses a price in order
to maximize its profits in a simultaneous and independent
way. Each operator is not only aware of the users subscription
decision in the second stage, but also of the rational behavior
of the other operator. Under such circumstances, the equilib-
rium reached is the Nash equilibrium [37], where no player
has an incentive to change its own strategy unilaterally.

The general method to discover the set of Nash equilibria
is to obtain the best-response (BR) function of each operator
and identify the crossing points [34]. The BR functions are
defined as follows:𝐵𝑅1 (𝑝2) = argmax

𝑝1
Π1 (𝑝1, 𝑝2) , (11)

𝐵𝑅2 (𝑝1) = argmax
𝑝2

Π2 (𝑝1, 𝑝2) . (12)

Once we have obtained the BR functions, we can obtain
the set ofNash equilibria solving the following systemof equa-
tions: 𝑝∗1 = argmax

𝑝1
Π1 (𝑝1, 𝑝∗2 ) , (13)

𝑝∗2 = argmax
𝑝2

Π2 (𝑝∗1 , 𝑝2) . (14)

3. Models Analysis

In this section, we analyze the models described in Section 2.

3.1. Pooling. In this subsection, operator 1 and operator 2 are
sharing the spectrum resource.The utility of the users can be
obtained replacing (1) in (5).

𝑈𝑖 = 𝑐 ⋅ (𝜇 − (𝑛1 + 𝑛2) ⋅ 𝜆𝑑)𝛼 − 𝑝𝑖 𝑖 = 1, 2 (15)
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We obtain the equilibrium values for 𝑛1 and 𝑛2, given 𝑝1
and 𝑝2, as follows.

(i) Case I: from (7) and (15) we obtain

𝑛∗1 + 𝑛∗2 = [𝜇 − (𝑝1/𝑐)1/𝛼]𝜆𝑑 = [𝜇 − (𝑝2/𝑐)1/𝛼]𝜆𝑑 , (16)

which is only feasible if 𝑝1 = 𝑝2. Without loss of
generality, we can assume that 𝑛∗1 = 𝑛∗2 , so that

𝑛∗1 = [𝜇 − (𝑝1/𝑐)1/𝛼]2𝜆𝑑 , (17)

𝑛∗2 = [𝜇 − (𝑝2/𝑐)1/𝛼]2𝜆𝑑 . (18)

(ii) Case II: from (8) and (15) we obtain

𝑛∗1 = [𝜇 − (𝑝1/𝑐)1/𝛼]𝜆𝑑 , (19)

𝑛∗2 = 0, (20)

𝑝1 ≤ 𝑐𝑢𝛼. (21)

𝑝2 > 𝑝1. (22)

(iii) Case III: from (9) and (15) we obtain

𝑛∗1 = 0, (23)

𝑛∗2 = [𝜇 − (𝑝2/𝑐)1/𝛼]𝜆𝑑 , (24)

𝑝2 ≤ 𝑐𝑢𝛼, (25)

𝑝1 > 𝑝2. (26)

(iv) Case IV: finally, from (10) and (15)

𝑛∗1 = 0 (27)

𝑛∗2 = 0, (28)

𝑝1 > 𝑐𝜇𝛼, (29)

𝑝2 > 𝑐𝜇𝛼. (30)

As a corollary, price values for Case I comply with 𝑝1 ≤𝑐𝜇𝛼.
Table 2 summarizes the results of the users’ subscription

decision under a pooling agreement. Figure 1 shows a graph-
ical representation of the regions for a specific configuration
of the parameters.
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Figure 1: Wardrop equilibrium regions for pooling with 𝑐 = 1, 𝛼 =0.8, 𝜇 = 1 packets per second (p/s), 𝜆𝑑 = 0.5 p/s.

At this point we proceed to analyze the equilibrium prices𝑝∗𝑖 , given the values for 𝑛∗1 and 𝑛∗2 . For this purposewe use (6)
and we obtain the BRs as defined by (11) and (12):

𝐵𝑅1 (𝑝2) =
{{{{{{{{{{{{{

𝑝1 ≥ 0 if 𝑝2 = 0
𝑝2 − 𝜖 if 0 < 𝑝2 ≤ 𝑝∗0
𝑐𝜇𝛼 ( 𝛼1 + 𝛼)𝛼 if 𝑝2 > 𝑝∗0

𝐵𝑅2 (𝑝1) =
{{{{{{{{{{{{{

𝑝2 ≥ 0 if 𝑝1 = 0
𝑝1 − 𝜖 if 0 < 𝑝1 ≤ 𝑝∗0
𝑐𝜇𝛼 ( 𝛼1 + 𝛼)𝛼 if 𝑝1 > 𝑝∗0

(31)

where 𝑝∗0 is the profit maximizing price for a monopolistic
operator, which is given by (A.9), and 𝜖 is an arbitrarily small
positive value.TheNash equilibrium is the intersection of the
BRs, which is easily derived as 𝑝∗1 = 0 and 𝑝∗2 = 0, with zero
profits Π∗1 = 0,Π∗2 = 0. We conclude that a pooling agree-
ment between a network operator and a virtual operator
generates strategic interaction that drives prices and profits
to zero.

3.2. Priority Sharing. In this section, we analyze the case
where operator 1 and operator 2 share the spectrum resource
according to a distribution of relative priority. As justified in
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Table 2: Users subscription decision-pooling.

Case 𝑛∗1 𝑛∗2 𝑝1 𝑝2
I

[𝜇 − (𝑝1/𝑐)1/𝛼]2𝜆𝑑 [𝜇 − (𝑝2/𝑐)1/𝛼]2𝜆𝑑 𝑝1 ≤ 𝑐𝑢𝛼 𝑝2 = 𝑝1
II

[𝜇 − (𝑝1/𝑐)1/𝛼]𝜆𝑑 0 0 ≤ 𝑝1 ≤ 𝑐𝜇𝛼 𝑝2 > 𝑝1
III 0

[𝜇 − (𝑝2/𝑐)1/𝛼]𝜆𝑑 𝑝1 > 𝑝2 0 ≤ 𝑝2 ≤ 𝑐𝜇𝛼
IV 0 0 𝑝1 > 𝑐𝜇𝛼 𝑝2 > 𝑐𝜇𝛼
Section 2.1, this distribution is modeled bymeans of DPS and𝑇𝑖 are now given by (2) and (3), so that the user utility will be

𝑈1
= 𝑐( 𝜇 + (𝛾 − 1) (𝜆𝑑𝑛1 + 𝜆𝑑𝑛2)(𝜇 − 𝜆𝑑𝑛1 − 𝜆𝑑𝑛2) (𝜇 − 𝛾𝜆𝑑𝑛2 + (𝛾 − 1) 𝜆𝑑𝑛1))

−𝛼

− 𝑝1,
(32)

𝑈2
= 𝑐( 𝜇 − 𝛾 (𝜆𝑑𝑛1 + 𝜆𝑑𝑛2)(𝜇 − 𝜆𝑑𝑛1 − 𝜆𝑑𝑛2) (𝜇 − 𝛾𝜆𝑑𝑛2 + (𝛾 − 1) 𝜆𝑑𝑛1))

−𝛼

− 𝑝2.
(33)

Following a similar reasoning as in Section 3.1, we obtain
the equilibrium values for 𝑛∗1 and 𝑛∗2 and the constraints on𝑝1
and𝑝2, which are shown inTable 3. Figure 2 shows a graphical
representation of the cases for a specific configuration of the
parameters.

The following expressions for the cases boundaries apply:

𝑝1𝛾 = 𝑐( 𝛾𝜇 (𝑝2/𝑐)−1/𝛼 − 𝛾 + 1
−𝛾𝜇 + 𝛾 (𝑝2/𝑐)1/𝛼 + 𝜇)

−𝛼 , (34)

𝑝2𝛾 = 𝑐((𝑝1/𝑐)−1/𝛼 ((𝛾 − 1) 𝜇 − 𝛾 (𝑝1/𝑐)1/𝛼)
(𝛾 − 1) (𝑝1/𝑐)1/𝛼 − 𝛾𝜇 )

−𝛼

, (35)

𝑝1𝑈 = 𝑐𝜇𝛼, (36)

𝑝2𝑈 = 𝑐𝜇𝛼. (37)

Note that when 𝛾 = 1/2, the priority sharing agreement
reduces to the pooling agreement, since FCFS and DPS result
in the same value for 𝑇𝑖.

Unlike Section 3.1, we have proceeded numerically in the
analysis of Stage I, as regards the BRs and the Nash equili-
brium.

4. Results and Discussion

In this section, numerical values are computed for the users,
prices, and profits for the network and virtual operators under
a priority sharing agreement. Note that the prices and the
profits are zero for pooling, as concluded in Section 3.1.
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Figure 2:Wardrop equilibrium regions for priority sharing with 𝛾 =1/10, 𝑐 = 1, 𝛼 = 0.8, 𝜇 = 1 packets per second (p/s), 𝜆𝑑 = 0.5 p/s.

We set the parameters 𝛼 = {0.5, 0.8, 1}, 𝑐 = 1, 𝜇 = 1
packet/s, 𝜆𝑑 = 0.01 packet/s and we vary 𝛾 ∈ [0, 1]. Figures
3, 4, 5, 6, 7, and 8 show the prices, the number of users, and
profits, respectively. The values 𝑝∗0 , 𝑛∗0 , and Π∗0 refer to the
monopoly (the Appendix), while the values 𝑝∗1 , 𝑛∗1 , and Π∗1
refer to the network operator, and the values 𝑝∗2 , 𝑛∗2 , and Π∗2
refer to the virtual operator.

Figure 3 shows the effect of 𝛼 and 𝛾 (the virtual operator’s
relative priority) on the equilibrium prices of the monopolis-
tic operator and operator 1. The price 𝑝1 decreases as 𝛼 and 𝛾
increase, since the QoS and priority (1− 𝛾) of the service that
the network operator can provide to its subscribers are lower.
However, when 𝛾 approaches 1 the price 𝑝1 increases. In this
situation the network operator is giving strict priority to the
virtual operator; i.e., the DPS discipline behaves as a PQ.
This specific setting is analyzed in [24, 29, 30] and the results
match those shown in Figure 3. The monopolistic price 𝑝∗0 is
a constant value because it does not depend on 𝛾 (Table 4).
When 𝛾 ∈ ]0, 1[, 𝑝∗0 is greater than the equilibrium prices,
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Table 3: Users subscription decision-priority sharing.

Case 𝑛∗1 𝑛∗2 𝑝1 𝑝2
I (𝛾 ̸= 1/2)

1𝜆𝑑 1(𝛾 − 1) (𝑐/𝑝1)1/𝛼 + 𝛾 (𝑐/𝑝2)1/𝛼− 1𝜆𝑑 𝜇𝛾 (𝑐/𝑝2)−1/𝛼 (𝑐/𝑝1)1/𝛼 + 𝛾 − 1

1𝜆𝑑 𝜇(𝛾 − 1) (𝑐/𝑝2)1/𝛼 (𝑐/𝑝1)−1/𝛼 + 𝛾− 1𝜆𝑑 1(𝛾 − 1) (𝑐/𝑝1)1/𝛼 + 𝛾 (𝑐/𝑝2)1/𝛼
𝑝1 ≤ 𝑝1𝛾 𝑝2 ≤ 𝑝2𝛾

I (𝛾 = 1/2) [𝜇 − (𝑝1/𝑐)1/𝛼]2𝜆𝑑
[𝜇 − (𝑝2/𝑐)1/𝛼]2𝜆𝑑 𝑝1 ≤ 𝑝1𝛾 𝑝2 = 𝑝1

II [𝜇 − (𝑝1𝑐 )1/𝛼] ( 1𝜆𝑑 ) 0 0 ≤ 𝑝1 ≤ 𝑝1𝑈 𝑝2 > 𝑝2𝛾
III 0 [𝜇 − (𝑝2𝑐 )1/𝛼]( 1𝜆𝑑 ) 𝑝1 > 𝑝1𝛾 0 ≤ 𝑝2 ≤ 𝑝2𝑈
IV 0 0 𝑝1 > 𝑝1𝑈 𝑝2 > 𝑝2𝑈
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Figure 3: Prices of users for the network operator and the monop-
olistic operator as a function of 𝛾 for different values of 𝛼.

whereas𝑝∗𝑖 = 𝑝∗0 when operator 𝑖 is given strict priority, since
it receives a preemptive priority service; i.e., it is not affected
by the nonpriority users.

Figure 4 shows the effect of 𝛼 and 𝛾 on the equilibrium
prices of operator 2. The prices (𝑝1, 𝑝2) behavior is symmet-
rical; i.e., 𝑝2 exhibits the same behavior as the one described
above but when 𝛼 increases and 𝛾 decreases from 1 to 0.

We can conclude that the entry of the virtual operator
causes the price charged both by the network operator and
by the virtual operator to decrease; therefore, it is beneficial
for the users. And we have numerically investigated that PQ
is the limit case of DPS always providing the highest prices.

Figure 5 shows the effect of 𝛼 and 𝛾 on the number of
users of operator 1. 𝑛1 increases when 𝛼 increases from 0 to 1
and 𝛾 increases from 0 to 0.5, which can be explained by the
decrease in price 𝑝1. At the same time, operator 2 loses all its
users, and 𝑛2 gets to zero. When 𝛾 = 0.5, the system behaves
as in the pooling agreement, i.e., zero prices and equal level of
subscription. When 𝛾 increases from 0.5 to 1, the number of
users switches and operator 1 loses its users. Figure 6 shows
the effect of 𝛼 and 𝛾 on the number of users of operator 2.The
behavior of 𝑛2 and 𝑛1 is symmetrical; i.e., 𝑛2 exhibits the same
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Figure 4: Prices of users of the virtual operator as a function of 𝛾
for different values of 𝛼.

behavior as the one described above but when 𝛼 increases
from 0 to 1 and 𝛾 decreases from 1 to 0.

The results show that the operator with the higher priority
(e.g., operator 1 in the left hand side of Figure 5) is able to
provide a satisfactory service to amaximum number of users,
although the equilibrium price needs to be very low but non-
null (Figure 3). For 𝛾 near the values of 0 and 1, the number
of users that the operator with the higher priority can serve is
lower than the maximum; however, the equilibrium price is
not so low as before, and the profits are greater (Figure 7).This
specific setting is analyzed in [24, 29, 30], where the discipline
was Preemptive Resume Priority Queueing (which, if users
are served in a processor-sharing manner, is equivalent to
DPS for 𝛾 = 0 or 1).The explanation for these results is related
to the fact that only when 𝛾 is near 0 or 1, the QoS received
by each user group is sufficiently different from each other
so that the competition between the two operators is not too
fierce and the prices need not be too low.

Figure 7 shows the equilibrium profit of each operator as𝛼 and 𝛾 vary. We observe that the network operator suffers a
significant reduction in its profitΠ1 when𝛼 and 𝛾 increase be-
tween 0 < 𝛾 < 1. The profits only recover when 𝛾 approaches
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Table 4: Users, prices, and profit of one operator case.

Case 𝑛∗0 𝑝∗0 Π∗0 (𝑝0)
I [𝜇 − (𝑝𝑜𝑐 )1/𝛼] ( 1𝜆0 ) 𝑝∗0 = 𝑐𝜇𝛼 ( 𝛼1 + 𝛼)𝛼 Π0(𝑝∗0 ) = 𝑐𝜇𝛼+1 ( 𝛼1 + 𝛼)𝛼+1 ( 1𝛼)
II 0 𝑝0 > 𝑐𝜇𝛼 Π0(𝑝∗0 ) = 0
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Figure 5: Number of users for the network operator and the mono-
polistic operator as a function of 𝛾 for different values of 𝛼.
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Figure 6: Number of users for the virtual operator as a function of𝛾 for different values of 𝛼.

0 or 1; i.e., the DPS discipline behaves as a PQ. The behavior
described is consistent with the combined behavior of the
prices and the number of users, described above. The virtual
operator behavior is symmetrical; i.e., Π2 exibits the same
behavior as the one described above but when𝛼 increases and𝛾 decreases from 1 to 0.

When compared to the profit that the network operator
would get in a monopoly, Π0 (the Appendix), we conclude
that the network operator is always worse off under a priority
sharing agreement. Obviously, it is also worse off under a
pooling agreement. However, we can determine a lump sum
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Figure 7: Profits for the network operator and the virtual operator
as a function of 𝛾 for different values of 𝛼.
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Figure 8: Π∗1 + Π∗2 and profits for the monopolistic operator as a
function of 𝛾 for different values of 𝛼.

payment 𝑚 that the virtual operator would make to the
network operator in order to provide an incentive to the latter.
Indeed, this payment should not only improve the situation
of the network operator, that is, Π1 + 𝑚 ≥ Π0, but also allow
the virtual operator to obtain nonnegative profitsΠ2−𝑚 ≥ 0.
Joining the two conditions we obtain Π0 − Π1 ≤ 𝑚 ≤ Π2.
Thus, a necessary condition for the existence of a possible
payment is Π1 + Π2 ≥ Π0. This condition obviously does
not hold for the pooling agreement. As regards the priority
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sharing agreement, Figure 8 shows that this condition holds
only for sufficiently small values of 𝛾 or 1 − 𝛾.

We can conclude that network sharing is incentive com-
patible under the following conditions: first, that a priority
sharing agreement is reached and second, that either a very
low or a very high relative priority is granted to the virtual
operator willing to access the network operator resources.

5. Conclusions

In this paper, we have evaluated the issue of network sharing
between a network operator and a virtual operator for profit-
maximization purposes. We have studied the economic
viability of the sharing under pooling and priority sharing
agreements, and these are compared with a monopoly. Our
main results suggest that the network operator is worse off
under any circumstances under a pooling agreement. The
entry of a virtual operator is desirable from the point of
view of the users’ prices. Additionally, for each parameter
configuration there exist a range of values of 𝛾, for which
a lump sum payment can be designed so that the network
operator has an incentive to let the virtual operator enter.

Appendix

Monopoly

In this appendix, we study the case where only the net-
work operator provides the service to users. The first stage
described in Section 2.2 is reduced to an optimal decision
by the network operator in order to maximize its profits
(A.1),whereas the second stage is reduced to two cases.

Π0 = 𝜆0𝑛0𝑝0 (A.1)

The utility in this case is

𝑈0 = 𝑐𝑇−𝛼0 − 𝑝0 (A.2)

where 𝑇0 = (1/(𝜇 − 𝑛0𝜆0)), and replacing 𝑇0 in (A.2), we
obtain

𝑈0 = 𝑐 (𝜇 − 𝑛0𝜆0)𝛼 − 𝑝0 (A.3)

Analyzing the users’ subscription decision we observe
that given a price 𝑝0 announced by the operator, theWardrop
equilibrium will be as follows.

(i) Case I: the number of users subscribing increases
until the utility is zero. Therefore, the condition for
this case is

𝑈0 = 0 (A.4)

Solving (A.3) under condition (A.4), the number of
users is then

𝑛0 = [𝜇 − (𝑝𝑜𝑐 )1/𝛼]( 1𝜆0) (A.5)

(ii) Case II: the price in (A.3) is so high that the utility is
always negative. Therefore the condition for this case
is

𝑈0 < 0 (A.6)

Under condition (A.6), the users do not subscribe the
service. Therefore, the number of users is

𝑛0 = 0 (A.7)

Assuming equilibrium is Case I, we can obtain the
profits replacing (A.5) in (A.1).

Π0 = [𝜇 − (𝑝0𝑐 )1/𝛼]𝑝0 (A.8)

We can maximize the profit setting its derivative with
respect to the price (𝑝0) equal to zero; the result of (𝑝∗0 ) is

𝑝∗0 = 𝑐𝜇𝛼 ( 𝛼1 + 𝛼)𝛼 (A.9)

Finally we can obtain the maximum profit replacing (A.9)
in (A.1).

Π0 (𝑝∗0 ) = 𝑐𝜇𝛼+1 ( 𝛼1 + 𝛼)𝛼+1 ( 1𝛼) (A.10)

Table 4 shows the results of the prices and profit for this
case.
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ter, “A survey on networking games in telecommunications,”
Computers & Operations Research, vol. 33, no. 2, pp. 286–311,
2006.

[33] P. Belleflamme and M. Peitz, Industrial organization: markets
and strategies, Cambridge University Press, 2015.
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Even though system energy and spectral efficiency are major issues in wireless network, reaching these objectives conjointly
seems very difficult and requires the usage of tradeoffs. Moreover, depending on the context, the importance of either varies. In
underloaded context, guaranteeing highQuality of Service (QoS) is easily achievable due to large surplus of available radio resources
and focus should be put on energy rather than system throughput. On the contrary, in an overloaded context, the lack of available
radio resources required that resources allocation algorithms focus on system capacity in order to preserve QoS. Since the major
issue of the network is to satisfy users, in this specific case, energy consumption must become lesser important. Many specialized
solutions have been proposed that focus either on energy saving or on throughput maximization.They provide high performances,
respectively, on their specific network traffic load context, previously described, but are not optimized outside. Other solutions
that proposed static tradeoffs provide average performances but can not be fully efficient in all scenarios. In this paper, we propose
a Dynamic Tradeoff between energy and throughput efficiency that adapts the scheduler priorities to the network context and
particularly to the traffic load. Considering the context, the scheduler is able to adjust its behavior in order to maintain high QoS
while reducing as much energy as possible. Performance evaluation will show that the proposed solution succeeds to minimize
energy consumption better than energy focused scheduler in underloaded context while being able to reach the same spectral
efficiency as throughput oriented scheduler in highly loaded context.

1. Introduction

The constant growing number of users which each are
more and more demanding in terms of throughput and
delay constraints leads us to develop new resource allocation
algorithms that increase spectral efficiency while guaran-
teeing high fairness. In addition, ensuring high Quality of
Experience (QoE) can not be reached without offering a
good and sustainable mobility that required new resource
allocation strategies which provide low energy consumption
in order to increase battery lifetime.

Traditional resource allocation strategies used in wire-
less networks were originally and primarily designed for
the wired context. Consequently, these conventional access
methods like Round Robin (RR) and Random Access (RA)
are not well adapted to the wireless environment and provide
very poor throughput. Intensive research efforts have been

given in order to propose throughput efficient schedulers
and opportunistic approaches have emerged as the best
way. The best known is called Maximum Signal to Noise
Ratio (MaxSNR) scheduler [1, 2]. It preferably allocates the
resources to the user with the most favourable channel
conditions at a given time. It takes benefit of multiuser and
frequency diversity in order tomaximize the system through-
put (Figure 1(b)). However users close to the access point
have a better average throughput per Resource Unit (RU)
than far users. This induces that, with MaxSNR scheduler,
close users have statistically more chances to have access
to the medium. In consequence, far users will often obtain
radio resources after close users making them overpassing
their QoS requirement and being unsatisfied. In order to
solve this issue, Proportional Fair (PF) and PF-based algo-
rithms have been proposed [3–8]. The basic principle is to
allocate resources to a user when its channel conditions are
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Figure 1: Benefit of opportunistic scheduling strategies on spectral efficiency and system capacity.

the most favourable with respect to its time average. This
approach is more fair than MaxSNR since all users have
statistically the same probability to access radio resources.
Therefore, PF increases the benefits of multiuser diversity
which reinforce the opportunistic resource allocation behav-
ior conducting in spectral efficiency increase. However, all
these schedulers have a severe lack in terms of energy
management.

In order to offer more battery autonomy to users,
solutions focusing on energy have been developed. The
Power-based Proportional Fairness (PPF) [9] proposes PF-
based scheduler that avoids the inefficient allocations (with
low SNR) and delays flows that have high average energy
consumption. This slightly increases energy efficiency since
this gives access to the medium only to users with good
SNR and allows always using higher modulation orders that
are the most profitable but potentially could segregate users
with high traffic load (that will use more radio resources
and consequently use more energy). In addition, the best
way to minimize energy consumption is not only to optimize
the modulation but mainly to maximize the sleep time. The
Opportunistic Energy Aware scheduler (OEA) [10] is built
on this principle. It exploits active-sleep mode and channel
condition together. While other schedulers can potentially
activate all users, the OEA limits this number. This allows
compressing the transmission time (i.e., activemode), greedy
in energy. Considering the channel condition in the alloca-
tion process, only allocations with good modulation are also
conserved. T-MAC [11] is another strategy that can be consid-
ered as an extreme version of OEA. It only schedules a single
user by time slots that strongly maximize sleep time but, by
losing multiuser diversity benefit, provide lower throughput.
All these energy specialized schedulers lack fairness and have
limited spectral efficiency. Therefore this limits their scope
of usage to underloaded context. Since energy efficiency
guarantee must not evade QoS requirement and the system
capacity optimization, new approaches must be developed
in order to bring together high spectral efficiency, fairness,
and energy consumption minimization whatever considered
traffic load.

Previously we had proposed a Fairness-Energy-
Throughput Optimized Tradeoff Scheduler (FETOT) [12].
This solution tries to provide the best tradeoff between system
capacity and energy efficiency while providing fairness. It
takes into account the radio condition in order to avoid bad
allocation in terms of throughput. A correction factor on the
distance is adequately integrated in the algorithm in order
to offer the same high fairness considering far and close
users like PF. This scheduler is also built to compress the
transmission time but, contrary to the OEA, FETOT is able
to take a full benefit on the multiuser diversity thanks to a
new tradeoff parameter. The result is that FETOT combined
the advantages of MaxSNR, PF, and OEA, respectively, on
system capacity, fairness, and energy efficiency. However
this tradeoff is static and performances can be enhanced
making the tradeoff dynamic and always adapted to the
context.

In this paper, we propose a new algorithm Dynamic
Tradeoff scheduler (DT) that dynamically adjusts its behavior
to the traffic load context. In an underloaded system, radio
resources are abundant and the system can easily satisfy all
users. Consequently, in these contexts, DT detects the surplus
of unused radio resources and orients its scheduling strategy
to be energy aware. It makes a better usage of multiuser
diversity than OEA that allows to preserve more energy than
this specialized algorithm even in its scope of usage. In an
overloaded system, radio resources are highly valued and
system meets high difficulties to satisfy all users. In these
contexts, DT detects the lack of available radio resources and
orients its scheduling strategy to increase spectral efficiency
in order to withstand the load increase. It offers the same
system capacity as PF and outperforms MaxSNR. Between
these two extreme contexts, DT takes into account the
bandwidth usage ratio to smoothly adapt and adjust its
energy-throughput tradeoff to the traffic load. Performance
evaluation will show that users are always satisfied with
fairness as well as PF while always preserving as much energy
as possible.

This paper is constructed as follows: Section 2presents the
systemdescription, Section 3 describes theDynamic Tradeoff
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Figure 2: Allocation of radio resources among the set of mobiles
situated in the coverage zone of an access point.

algorithm, Section 4 shows performances evaluations, and
Section 5 is the conclusion.

2. System Description

We focus on the proper allocation of radio resources among
the set of mobiles situated in the coverage zone of an access
point (Figure 2). We consider a centralized approach. The
packets originating from the backhaul network are buffered
in the access point which schedules the downlink transmis-
sions. In the uplink, the mobiles signal their traffic backlog to
the access point which builds the uplink resource mapping.

We assume that the physical layer is operated using
the structure described in Figure 3 which ensures a good
compatibility with the OFDM based transmission mode of
the IEEE 802.16-2004 [13, 14]. The total available bandwidth
is divided into subfrequency bands or subcarriers. The radio
resource is further divided into the time domain in frames.
Each frame is itself divided into time slots (TS) of constant
duration. The time slot duration is an integer multiple of the
OFDMsymbol duration.Thenumber of subcarriers is chosen
so that the width of each subfrequency band is inferior to
the coherence bandwidth of the channel.Moreover, the frame
duration is fixed to a value much smaller than the coherence
time (inverse of the Doppler spread) of the channel. With
these assumptions, the transmission on each subcarrier is
subject to flat fading with a channel state that can be
considered static during each frame.

The elementary Resource Unit (RU) is defined as any
(subcarrier, time slot) pair. Each of these RUs may be allo-
cated to any mobile with a specific modulation order. Trans-
missions performed on different RUs by different mobiles
have independent channel state variations [15]. On each RU,
the modulation scheme is QAM with a modulation order
adapted to the channel state between the access point and
the mobile to which it is allocated. This provides the flexible
resource allocation framework required for opportunistic
scheduling.

The system is operated using time division duplexing
with four subframes: the downlink feedback subframe, the

downlink data subframe, the uplink contention subframe, and
the uplink data subframe. The uplink and downlink data
subframes are used for transmission of user data. In the
downlink feedback subframe, the access point sends control
information towards its mobiles. This control information is
used for signalling to each mobile to which RU(s) has been
allocated in the next uplink and downlink data subframes,
the modulation order selected for each of these RUs, and
the recommended emission power in the uplink. In the
uplink contention subframe, the active mobiles send their
current traffic backlog and information elements such as
QoS measures and transmit power. The uplink contention
subframe is also used by the mobiles for establishing their
connections. This frame structure supposes a perfect time
and frequency synchronization between the mobiles and the
access point as described in [16]. Therefore, each frame starts
with a long preamble used for synchronization purposes.
Additional preambles may also be used in the frame.

3. Dynamic Tradeoff Scheduler

The DT scheduling algorithm relies on weights that set the
dynamic priorities for allocating the radio resources. These
weights are built in order to satisfy three major objectives
that are explained separately in the following: system capacity
maximization, fairness, and energy consumption minimiza-
tion. Then we will present a calibration of the function
that adds an ability for the scheduler to adequately tune
the multiuser diversity usage considering the context and
relative objectives, merging previous weights in a balanced
DT solution.

3.1. System Throughput Maximization. The DT scheduler
optimizes the system throughput in a MAC/PHY oppor-
tunistic approach. Data integrity requirements of users are
enforced considering each user independently, adapting the
modulation and the transmit power to the user specific chan-
nel state. At each frame allocation, the scheduler computes
the maximum number of bits 𝑞𝑘,𝑛 that can be transmitted in
a TS of subcarrier 𝑛 if assigned to user 𝑘 while keeping below
its Bit Error Rate target (𝐵𝐸𝑅𝑡𝑎𝑟𝑔𝑒𝑡,𝑘), for all 𝑘 and all 𝑛:
𝑞𝑘,𝑛 ≤ [[[[log2(1 +

3𝑃 × 𝑇𝑠 × (1/𝑑𝑘)𝛽 × 𝛼2𝑘,𝑛2𝑁0 [erfc−1 (𝐵𝐸𝑅𝑡𝑎𝑟𝑔𝑒𝑡,𝑘/2)]2)
]]]] , (1)

where 𝑃 is the transmission power,𝑁0 is the spectral density
of noise, 𝑇𝑠 is the OFDM symbol duration, 𝑑𝑘 is the distance
to the access point of the user 𝑘, and 𝛼2𝑘,𝑛 represents the flat
fading experienced by this user on subcarrier 𝑛. In the follow-
ing, 𝛼𝑘,𝑛 is Rayleigh distributed with an expectation equal to
unity. The exponent 𝛽 corresponds to the experienced path
loss and goes from 2 to 4 considering environment density
level. Due to multipath fading, the potential number of bits
that a user can transmit on a RU will fluctuate around this
value over the time.

We further assume that the supported QAMmodulation
orders are limited such that 𝑞 belongs to the set 𝑆 ={0, 2, 4, . . . , 𝑞𝑚𝑎𝑥}. Hence, the maximum number of bits 𝑚𝑘,𝑛
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that will be transmitted on a TS of subcarrier 𝑛 if this RU is
allocated to the user 𝑘 is

𝑚𝑘,𝑛 = max {𝑞 ∈ 𝑆, 𝑞 ≤ 𝑞𝑘,𝑛} . (2)

MaxSNR based schemes allocate the RU to the user
which has the greatest 𝑚𝑘,𝑛 values. This strategy maximizes
the system capacity at short time scale but is highly unfair
considering users far to the access point that are often
delaying out of their delay requirement. In order to provide
more fairness considering users locations while preserving
the system throughput maximization, a fairness parameter is
introduced in DT.

3.2. Fairness Guarantee. DT integrates in its scheduling
process the fairness parameter proposed in [8]. Called “Com-
pensation Factor” (𝐶𝐹𝑘), this parameter takes into account
the current path loss impact on the average achievable bit rate
of mobile 𝑘:

𝐶𝐹𝑘 = 𝑏ref𝑏𝑘 . (3)

𝑏ref is a reference number of bits that may be transmitted on a
subcarrier considering a reference free space path loss 𝑎ref for
a reference distance 𝑑ref to the access point and a multipath
fading equal to unity:

𝑏ref = log2(1 + 3𝑃𝑚𝑎𝑥 × 𝑇𝑠 × 𝑎ref2𝑁0 [erfc−1 (𝐵𝐸𝑅𝑡𝑎𝑟𝑔𝑒𝑡/2)]2) . (4)

𝑏𝑘 represents the same quantity but considering a distance 𝑑𝑘
to the access point:

𝑏𝑘 = log2(1 + 3𝑃𝑚𝑎𝑥 × 𝑇𝑠 × 𝑎ref × (𝑑ref/𝑑𝑘)
𝛽

2𝑁0 [erfc−1 (𝐵𝐸𝑅𝑡𝑎𝑟𝑔𝑒𝑡/2)]2 ) , (5)

with 𝛽 the experienced path loss exponent.

Adequately combining and taking into account both𝑚𝑘,𝑛 and 𝐶𝐹𝑘 in the allocation process (𝑚𝑘,𝑛 ∗ 𝐶𝐹𝑘), DT
considers all mobiles virtually at the same position in the
scheduling decision. 𝐶𝐹𝑘 adequately compensates the lower
spectral efficiency of far mobiles bringing high fairness in
the allocation process. An equal throughput can be provided
to each mobile while keeping the MaxSNR opportunistic
scheduling advantages thanks to the 𝑚𝑘,𝑛 parameters which
take into account the channel state. Moreover, in contrast
with MaxSNR which satisfy much faster the mobiles which
are close to the access point, DT keeps more mobiles active
but with a relatively low traffic backlog. Satisfaction of delay
constraints is more uniform and, by better preserving the
multiuser diversity, a more efficient usage of the band-
width has been highlighted. This jointly ensures fairness
and system throughput maximization. If two mobiles have
an equal priority for RU, this one is given to the mobile
which has the highest buffer occupancy further strengthening
fairness. At this step, DT optimizes the throughput and
guarantee high fairness but highly suffers of an inefficient
energy management as the same level as PF. In order to
provide energy consumption minimization while preserving
the system throughput maximization and fairness, an energy
parameter is introduced.

3.3. Energy Consumption Minimization. The third major
objective of the DT is to provide efficient energy manage-
ment in addition to the system throughput optimization
and fairness. Existing opportunistic resource mapping (as
MaxSNR or PF for example) basically overexploits multiuser
diversity which induces horizontal allocation. Indeed, due
to flat fading during a frame, often the same user strictly
experienced the greatest channel condition on each TS of a
given subcarrier. Consequently, with classical opportunistic
schedulers, the same user often receives all the TS of a
subcarrier and needs to stay in active mode during a long
time. We can potentially have one different selected user on
each available subcarrier. Consequently, during all TS, many
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selected users can not be set in sleep mode. They consume a
lot of power to transmit few bit during a long time (withmany
allocated TS but on few subcarriers).

The DT scheduler integrates a modified version of the
energy efficient OEA solution [10], keeping its energy benefit
without its fairness and system capacity failure. Energy
consumption is minimized particularly by increasing the
sleeping mode duration. In order to achieve this goal, DT
extends the classical OEA opportunistic cross-layer design
to obtain a new vertical opportunistic resource mapping.
When a user is in active mode, DT tries, like OEA, to
benefit from its activation in order to compress its time of
activity and to transmit more bit per “used” TS. Like this, DT
allows to significantly increase sleeping mode duration and
energy preservation. Originally, OEA scheduler computed an
“energy transmission cost” (𝐸𝑇𝐶𝑘) parameter (in Watt). It is
based on the energy cost of user 𝑘 to transmit on a RU:

𝐸𝑇𝐶𝑘 = 𝐴𝑘 ∗ 𝐶𝑛𝑘 + (1 − 𝐴𝑘) ∗ (𝐶𝑘 + 𝐶𝑛𝑘) . (6)

When the user 𝑘 is in active mode, 𝐴𝑘 = 1 otherwise 𝐴𝑘 = 0
(i.e., sleep mode). In addition, 𝐶𝑛𝑘 and 𝐶𝑘 are two constants
(in Watt). 𝐶𝑘 represents the energy needed to wake up the
user 𝑘 from the sleepmode to the activemode.𝐶𝑛𝑘 represents
the energy needed to transmit on a 𝑛𝑡ℎ allocated subcarrier.
The energy cost to transmit on the first RU (𝐶𝑘) is higher than
the cost to transmit on 𝑛𝑡ℎ (𝐶𝑛𝑘) since the cost to move to
sleepmode to activemode and transmit is greatly higher than
just transmit some supplementary bits while user is already
active.𝐸𝑇𝐶𝑘 is used in OEA scheduler but has the negative
side effect to highly reduce the usage done of the multiuser
diversity. This drastically and negatively impacts the OEA
system capacity optimization. In order to keep its energy
minimization properties while fixing this throughput issue,
DT integrates a modified 𝐸𝑇𝐶𝑘 parameter that we called
“Throughput-Energy Tradeoff” parameter 𝑇𝐸𝑇𝑘:

𝑇𝐸𝑇𝑘 = 𝐴𝑘 ∗ 𝐶𝑛𝑘 + (1 − 𝐴𝑘) ∗ ( 𝐶𝑘𝑀𝐷 + 𝐶𝑛𝑘) , (7)

where 𝑀𝐷 is a multiuser diversity factor. The higher 𝑀𝐷
is, the more the system increases the number of active
users at the same time, intensifying the multiuser usage and
consequently the global system throughput at the expense
of the energy consumption (infinite𝑀𝐷 value makes 𝑇𝐸𝑇𝑘
constant and induces DT similar to a PF resource allocation).
On the contrary, low 𝑀𝐷 value makes DT decreasing the
number of active users at the same time, reducing energy
consumption at the expense of the multiuser diversity usage
that provides a resource allocation close to OEA scheduling
(excepting that this version is strongly more fair due to
Section 3.2). After large performance evaluation studies we
found that 𝑀𝐷 = 10 provides a very efficient static
tradeoff between energy consumption minimization and
spectral efficiency. These works had led to a proposition of
a new scheduler called FETOT in [12]. It allowed making an
adequate usage of the multiuser diversity in order to provide
the same system capacity as MaxSNR, same fairness as PF,
and an energy minimization very close to the OEA results.

However, we are convinced that the usage of a static MD
value is not optimal. Even if FETOT provides a very good
static overall tradeoff, this can be highly improved with a
solution able to adapt and tune the MD (and consequently
the tradeoff) to the network traffic load context. Indeed, in
very low traffic load context, energy minimization must be
the only objective. With the increase of the traffic load, more
attention must be done on spectral efficiency in adequate
tradeoff. In high traffic load, to improve spectral efficiency
becomes the primary goal in order to continue to satisfy
users and energy minimization priority must be relegated.
The main contribution of this paper is to propose a new
scheduler that combined all previously described parameters
and used a dynamic MD parameter to adapt priority to the
context.

3.4. DT Merging of Priorities. TheDT scheduler allocates the
radio resource 𝑛 to the mobile 𝑘 that has the greatest 𝐷𝑇𝑘,𝑛
value such as

𝐷𝑇𝑘,𝑛 = 𝑚𝑘,𝑛 ∗ 𝐶𝐹𝑘𝐴𝑘 ∗ 𝐶𝑛𝑘 + (1 − 𝐴𝑘) ∗ (𝐶𝑛𝑘/𝑀𝐷 + 𝐶𝑛𝑘) (8)

Taking into account𝑚𝑘,𝑛 allows optimizing system capac-
ity avoiding unprofitable radio resource allocation, 𝐶𝐹𝑘
allows staying fair in the allocation process regarding user
location, and the other parameter allows fighting versus
energy waste. Particularly, by adjusting the multiuser diver-
sity usage thanks to good function of𝑀𝐷, DT could select the
minimumnumber of users per timeslot to have a good energy
efficiency while respecting the QoS requirements. However
when the system is more loaded, DT could increase the
multiuser diversity thanks to a higher value of𝑀𝐷 in order
to obtain a better spectral efficiency to support the load.

3.5. Study of the Multiuser Diversity Factor. The multiuser
diversity has an important impact on the load resistance and
on the energy consumption. Finding an efficient way to adapt
its usage to the context thanks to a well-tuned MD factor is
challenging:

(i) The first step would be to determine the extremes
values of the 𝑀𝐷 which correspond the best to
extreme configurations: when the system is clearly
underloaded, the only concern is the energy con-
sumption, and when the system is largely overloaded,
the main focus has to be on the QoS requirements.

(ii) The second step is to find a smooth and adequate
transition between those two extremes values based
on adapted inputs.

3.5.1. Study of Different Static MD Values in order to Detect
the More Efficient in Extreme Scenarios. Figure 4 shows the
performances of preliminary versions ofDTusing static value
of 𝑀𝐷 factor. For different traffic loads it shows the energy
transmission cost per bit (Figure 4(a)), the spectral efficiency
(Figure 4(b)), the bandwidth usage ratio (bandwidth usage
ratio of the number of allocated resource units divided by the
total number of radio resource units in the system, in average,
per frame) (Figure 4(c)), and the packet delay (Figure 4(d)).
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Figure 4: System capacity and spectral efficiency study obtained with different static𝑀𝐷 values.

In a noncongested system (i.e., when delay and band-
width usage ratio are low, here with a number of users <
15 users), the focus should exclusively be put on the energy
efficiency. As we can see in Figure 4(a) a value too big of𝑀𝐷 (>10) induces excessive consumption due to several users
simultaneously active on same time slots. However choosing
the smallest value is not a good option either. Indeed if
the 𝑀𝐷 is too small, opportunistic behavior is drastically
reduced, and the spectral efficiency (Figure 4(b)) is not good

enough to evacuate the necessary amount of information
in a short time. Even if the scheduler could appear to be
more energy efficient due to a drastically limited number of
active user at the same time, it is not at long time scale since
users will transmit during longer periods due to very low
spectral efficiency. Consequently, in extreme and very low
loaded context, 𝑀𝐷 = 3 seems to be the most adequate
value in order to reach theminimization energy consumption
objective (Figure 4(a)).
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In a congested system (i.e., when delay is high, bandwidth
usage ratio very close or equal to 100 %, here with a number
of users > 20 users), the focus should exclusively be put on
the spectral efficiency since the priority is to maintain a good
level of QoS. Concerning bandwidth usage ratio, Figure 4(c)
underlines that all𝑀𝐷 values superior or equal to 100 allow
better withstanding extreme traffic loads providing same
spectral efficiency (Figure 4(b)) and best delays (Figure 4(d)).
However, having a look at the energy efficiency (Figure 4(a)),
we notice a slight advantage to𝑀𝐷 = 100 over superior value
that drive us to consider MD value around 100 as the most
adequate values in this extreme highly loaded context.

3.5.2. Dynamic MD Function Calibration. Originally in pre-
vious works (FETOT) [12], we show that a fixed 𝑀𝐷 value
set at 10 could represent an average good tradeoff. However it
is not the best suitable solution for extreme cases as shown
above. Adaptive solution can be developed to outperform
FETOT in those situations with a dynamic usage of multiuser
diversity that can be obtained thanks to a dynamic 𝑀𝐷
according to the context and particularly to the traffic
load (that should define the scheduler priorities/goals). We
propose in DT to define 𝑀𝐷 as an increasing function
of the bandwidth usage ratio. This parameter simply and
accurately informs on the state of the system and on the
difficulties or not for the scheduler to maintain the QoS to
user. Low bandwidth usage ratio values, inducing low MD
value (MD=3), underline to DT to focus on energy. High
bandwidth usage ratio, which required to focus on spectral
efficiency, will induce high MD value (MD around 100) that
will improve multiuser diversity usage. In order to link these
two extremes, we proposed an heuristic:

𝑀𝐷𝑥 = 𝐶 + 𝛽𝑥𝛼 (9)

where 𝑥 is the bandwidth usage ratio, 𝐶 is a constant that
defined the starting value of the MD function when the
system is underloaded, and 𝛽 corresponds to the other
extreme when the system is overloaded. In the following,
we set C to 3 and 𝛽 to 100 according to Section 3.5.1. The
parameter 𝛼 allows setting the reactivity of the function to
the traffic load variation. An appropriate calibration of 𝛼 is
highly important.

3.5.3. Studies of 𝛼. It is important that the MD function gives
low values when bandwidth usage ratio is low. Since QoS
is easily guaranteed, DT has to limit the multiuser diversity
usage in order to focus on energy consumptionminimization.
When traffic load increases, MD function must increase its
output in adequation with the difficulties met by the sched-
uler to conserve high QoS. Figure 6 represents𝑀𝐷 variation
depending on traffic load (measured with the bandwidth
usage ratio) for different value of 𝛼. As we can notice in this
figure, the 𝛼 parameter directly impacts how this𝑀𝐷 value
will increase from the traffic load. If 𝛼 is set equal to 1, the𝑀𝐷 function is linear and multiuser diversity usage will be
constantly increased with the bandwidth usage ratio. It is not
optimal since no QoS difficulties are met with low bandwidth
usage ratio values and problems are experienced only when

we they come closer to 100%. On the contrary, high value of𝛼 (typically 𝛼 = 40) makes MD function growing too late
in order to satisfy the QoS. Indeed, in realistic scenario, with
the variability of the traffic, even with an average measurable
bandwidth usage ratio inferior to 100% but close to this limit,
temporary short term congestion can occur decreasing QoS.
In these cases multiuser diversity usage must be intensified
and this can be done by DT scheduler if MD function is well
calibrated. Detecting when MD function must begin to grow
is a difficult task and relies on the elasticity of the traffic.
In order to define the best value of 𝛼 we decide to evaluate
all possible 𝛼 values performances in extensive simulations
(Figure 5). We used the more realistic traffic models (MPEG-
4, Voice, Videoconference, etc.) that highly complicate the
task of the schedulers.

Figure 5(a) shows the impact of 𝛼 regarding the energy
efficiency. It is themost important objective for all the left part
of the figure since delays are very low (Figure 5(b)). Choosing
a small 𝛼 value such as 1 has a very bad impact on the energy
consumption that increases quickly.This is due to the fact that
the algorithm is toomuch reactive on the traffic load increase,
uselessly exploits a supplementary of multiuser diversity, and
futilely tries to focus on the QoS. Indeed, the same very good
values of delay are obtained for all𝛼 values inferior or equal to
20 (Figure 5(b)). Higher values than 20 increase MD too late
and provide worst delay, and lower values provide same delay
but more energy consumption. If we consider that a final
goal is to be able to maintain the best QoS while minimizing
energy as much as possible, the most suitable 𝛼 value for the
MD function is 20.

4. Performance Evaluations

4.1. Context and Simulation Setup. Performance evaluation
results are obtained using discrete event simulations. In the
simulations, we assume 𝐶𝑘 and 𝐶𝑛𝑘 are fixed, respectively,
equal to 110.2 mW and 46.8 mW, for all 𝑘 in accordance
with measured hardware consumption. The BER target is
taken equal to 10−3. We also consider that all users run
realistic Variable Bit Rate applications [17] that generate high
volume of data with high sporadicity and require tight delay
constraints which substantially complicate the task of the
scheduler. In order to study the influence of the distance of
users on the scheduling performances, a first half ofmobiles is
situated close to the access point and has amean𝑚𝑘,𝑛 equal to
8 bits. The second half is more far from the access point such
as theirmean𝑚𝑘,𝑛 equal to 6 bits. All performance criteria are
done studying the influence of the traffic load.This one varies
adding users 2 by 2 (each time, 1 close user and 1 far user).

4.2. Simulation Results

4.2.1. Spectral Efficiency and Throughput. Figure 7(a) shows
the spectral efficiency obtained with each scheduler for
different traffic load in the system. Since RRdoes not take into
account radio conditions and therefore is not opportunistic,
it does not take any advantage of multiuser diversity and its
spectral efficiency is constant and low. State-of-the-art energy
focused schedulers (T-MAC,OEA) drastically limit the usage
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of the multiuser diversity in their allocation process offering
slightly better results. On the contrary MaxSNR, highly
opportunist, provides a large gain. However, as explained
in Section 3.1, MaxSNR has a lack on fairness and is not
able to take all the benefits of the multiuser diversity and is
highly outperformed by PF. FETOTmakes a tradeoff between
energy and throughput providing spectral efficiency results
close to MaxSNR.

Thanks to its dynamic MD parameter based on the
bandwidth usage ratio, DT has lesser spectral efficiency
in low traffic load context using a moderate usage of the
multiuser diversity focusing its efforts on energy. However,
when it becomes necessary (i.e., system approach congestion
(Figure 7(b))), its MD factor adequately increases and raises
theDTusage of themultiuser diversity improving the spectral
efficiency at the same level as PF reaching the same overall
maximum system capacity (Figure 7(b)).

4.2.2. Delay and Fairness. A major QoS key performance
indicator is the latency. Figure 8(a) represents the mean
packet delay experienced in the system in milliseconds
according to the number of users showing the traffic load.We
can notice that 2 groups emerged:

(i) First, RR, T-MAC, and OEA have the worst results.
Having a low spectral efficiency (Figure 7(a)), they
failed to support a large amount of traffic load with
good QoS.

(ii) Secondary, MaxSNR, PF, FETOT, and DT are able
to better sustain higher load increase with acceptable
delay.

Figure 8(b) focuses on fairness computed thanks to the
Jain’s fairness index applied on mean packet delay. (With𝑛 defined as the current number of users in the system,
Jain’s fairness index can vary between 1/𝑛 and 1, respectively,
associated with the most unfair scheduling to the most fair.)
T-MAC, OEA, and MaxSNR significantly penalize user far
from the access point and have decreasingly fairness results
with the traffic load increase. On the contrary more fair
solutions as RR, PF, FETOT, and DT achieve to reach an
high fairness. Note that after congestion fairness cannot
be guaranteed since global mean packet delay is infinite.
Consequently the capacity of these schedulers to maintain
high fairness is directly related to their spectral efficiency
and when they have no longer available radio resources,
fairness disappeared. (Note that when the system capacity is
highly overpassed, Jain’s fairness index can increase due to
comparison of close but unacceptable huge value of delay.)
Respectively, the most fair schedulers are consequently PF,
DT, FETOT, RR, MaxSNR, OEA, and T-MAC.

4.2.3. Energy Consumption. Figure 9 shows the abilities of
each scheduler to be energy efficient. RR widely provides the
worst results. This is due to its nonopportunistic behavior
that makes possible highly inefficient resource allocation in
terms of bit per RU and corresponding to a significant energy
and RU wastes. In addition, due to a cycling user selection,
many users can be simultaneously activated (Figure 9(d))
increasing again the energy waste (with more of 20 users, the
system is overloaded and RR fails to provide the sufficient
amount of RUs required by each user; they are often forced to
stay in sleep mode even with data to transmit due to the lack
of RUs; more often in forced sleep mode, the users consumed



Wireless Communications and Mobile Computing 9

0 5 10 15 20 25 30 35
Number of users

6.5

7.0

7.5

8.0

8.5

9.0

9.5

Sp
ec

tr
al

 effi
ci

en
cy

 
(b

its
 b

y 
RU

)
10.0

RR
MaxSNR
PF
DT

OEA
T − MAC
FETOT

(a) Spectral efficiency

RR
MaxSNR
PF
DT

OEA
T − MAC
FETOT

0 5 10 15 20 25 30 35
Number of users

0

20

40

60

80

100

Ba
nd

w
id

th
 u

sa
ge

 ra
tio

 (%
)

(b) Percentage of RU used

Figure 7: Schedulers system capacity study.

0 5 10 15 20 25 30 35
Number of users

0

50

100

150

200

250

300

D
el

ay
 (m

s)

RR
MaxSNR
PF
DT

OEA
T − MAC
FETOT

(a) Mean packet delay

0 5 10 15 20 25 30 35
Number of users

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Fa
irn

es
s I

nd
ex

RR
MaxSNR
PF
DT

OEA
T − MAC
FETOT

(b) Jain’s fairness index

Figure 8: Schedulers abilities to guarantee high Quality of Service.

less energy over the time; this explains why, with more than
20 users, the RR curve decreases (Figure 9(c))) since more
users pay the high transmission activation price 𝐶𝑘. Limiting
the usage of the multiuser diversity to a low value whatever
the context (Figure 9(d)), T-MAC and OEA provide very
good energy consumption (Figure 9(c)). Note that these good
results must be put into perspectives. Indeed, those solu-
tions continue to search to minimize energy consumption

even when traffic loads increase and this stubborn behav-
ior conducts these schedulers to quickly reach congestion
(Figure 7(b)) with high delay (Figure 8(a)). On the contrary,
PF, fully exploiting the multiuser diversity (Figure 9(d)),
consumes more energy (Figure 9(c)) but less than RR thanks
to strongly better spectral efficiency. Focusing on MaxSNR,
its energy results are slightly better than PF. Indeed, this
scheduler has a tendency to segregate a part of users (far from
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Figure 9: Scheduler energy efficiency.

the access point) and consequently obtains reduced benefits
of multiuser diversity usage. This is a weakness in order to
improve spectral efficiency but an advantage to increase user
sleep duration. FETOT provides better energy efficiency than
MaxSNR, very close to OEA, when the traffic load is low
(below 20 users). Using an adequate static tradeoff, energy
consumption stays reasonable even when traffic reaches
higher value but, when necessary and contrary toOEA, this is
less done at the expense of spectral efficiency that stays close
to MaxSNR (Figure 7(a)).

Considering underloaded contexts (number of users
inferior to 20), guaranteeing high Quality of Service (QoS) is
easily achievable by DT (Figure 8(a)) due to large surplus of
available radio resource units (Figure 7(b)) and focus should
be put on energy rather than system throughput. Figures 9(a),
9(b), and 9(c) underline that DT is the scheduler that better
optimizes the multiuser diversity usage in this context. Few
users are simultaneously activated per time slot (close to T-
Mac and OEA (Figure 9(d))) but, contrary to the specialized
state-of-the-art energy aware schedulers, DT provides an
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adequate spectral efficiency forbidden inefficient resource
allocation. This combination allows to better compress the
transmission time and therefore better optimize energy
consumption. Considering highly loaded context (number of
users superior to 20), the lack of available radio resources
(Figure 7(b)) required that schedulers focus on system
capacity in order to preserve QoS. Energy consumptionmust
become a lesser priority. In this context, DT behavior slightly
sacrifices energy in order to sustain the network viability and
then favours high spectral efficiency that reaches values close
to PF (Figure 7(a)) which provides acceptable delay as long as
possible (close to PF).

5. Conclusion

Reaching both low system energy consumption and high
spectral efficiency is very difficult tasks in wireless network.
Specialized solutions as MaxSNR, PF, or T-MAC have been
well designed to well answer one of these criteria failing
to the second. Other solutions propose static tradeoffs that
provide good average results on these two metrics without
success outperforming specialized scheduler in their focused
domain. In this paper, we underline that the network objec-
tives must be dependant of the context and particularly to
the traffic load. In underloaded context, guaranteeing high
Quality of Service (QoS) is easily achievable due to large
surplus of available radio resources and the focus must be put
on energy rather than system throughput. On the contrary,
in a highly traffic loaded context, the lack of available radio
resources required that resources allocation algorithms focus
on system capacity in order to preserve QoS and satisfy users;
thus energy consumptionmust become lesser important.The
main contribution of this paper is to propose a Dynamic
Tradeoff (DT) scheduler able to tune its priorities and the
multiuser usage benefit according to the network traffic load
context. It provides a better energy efficiency than specialized
energy aware scheduler when it is feasible while providing the
same spectral efficiency and delays as throughput oriented
scheduler when it is required.This is achieved with a fairness
special attention that is also guarantee. Future works could
focus on other metrics like mean packet delay in order to
adapt the multiuser usage to different contexts.
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A diversity of wireless technologies will collaborate to support the fifth-generation (5G) communication networks with their
demanding applications and services. Despite decisive progress in many enabling solutions, next-generation cellular deployments
may still suffer from a glaring lack of bandwidth due to inefficient utilization of radio spectrum, which calls for immediate action.
To this end, several capable frameworks have recently emerged to all help the mobile network operators (MNOs) leverage the
abundant frequency bands that are utilized lightly by other incumbents. Along these lines, the recent Licensed Shared Access
(LSA) regulatory framework allows for controlled sharing of spectrum between an incumbent and a licensee, such as the MNO,
which coexist geographically. This powerful concept has been subject to several early technology demonstrations that confirm
its implementation feasibility. However, the full potential of LSA-based spectrum management can only become available if it is
empowered to operate dynamically and at high space-time-frequency granularity. Complementing the prior efforts, we in this
work outline the functionality that is required by the LSA system to achieve the much needed flexible operation as well as report
on the results of our respective live trial that employs a full-fledged commercial-grade cellular network deployment. Our practical
results become instrumental to facilitatemore dynamic bandwidth sharing and thus promise to advance on the degrees of spectrum
utilization in future 5G systems without compromising the service quality of their users.

1. Introduction

The fifth-generation (5G) wireless systems aim to decisively
advance on the levels of spectral and energy efficiency, user-
experienced throughput, as well as communication latency
and reliability. They prepare to rely on leveraging extremely
high frequency (i.e., mmWave) spectrum bands, employ-
ing massive Multiple-Input Multiple-Output (MIMO) tech-
niques, as well as deploying increased numbers of small cells
with various sizes and across different frequencies. However,
the use ofmmWave radios is costly and the key enabling tech-
nology is still under standardization, whereasmassiveMIMO
requires complex and expensive coordination that is difficult
to achieve in practice. Therefore, the main feasible method

to offer larger capacity on existing pre-5G deployments is via
extreme network densification.

Today, the mobile network operators (MNOs) are how-
ever struggling to deploy a higher density of small cells due
to the need of extra investment that is not compensated
by the actual revenues [1, 2]. On the other hand, multiple
field measurement campaigns strongly evidence that the
conventional spectrum below 6GHz may be substantially
underutilized across space, time, and frequency [3]. This
is a consequence of the legacy “command-and-control”
spectrummanagement approach that used to create static and
overprotective allocations [4]. Hence, as a viable alternative
to deploying additional small cells, the MNOs may quickly
boost the capacity on their deployments with more dynamic
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and market-friendly spectrum management mechanisms.
These should be made available in the emerging 5G systems
[5].

With more dynamic spectrum management, the expen-
sive frequency bands could be shared between different
stakeholders flexibly, as opposed to exclusive use of licensed
spectrum. This may go far beyond opening up unlicensed
frequencies for collective uncontrolled use and promises
to unlock the much needed additional bandwidth that is
currently employed sparsely by its existing incumbents. It can
also improve the utilization of presently allocated spectrum
across its various dimensions (space, time, frequency), which
is essential to support the throughput-hungry 5G applica-
tions. To this effect, powerful spectrum sharing technologies
emerged recently, such as LTE in unlicensed spectrum (LTE-
U), Licensed Assisted Access (LAA), MulteFire, Citizens
Broadband Radio Service (CBRS), and Licensed Shared
Access (LSA) [6–8].

The latter framework is an evolution of the industry-
driven Authorized Shared Access (ASA) technology for
controlled spectrum sharing between the incumbent holding
the rights to use the frequency bands and the licensee
(e.g., the MNO), who is utilizing such spectrum temporarily
[9] This concept has been taken forward by the European
Commission (EC) to develop a new “individual licensing
regime” for authorized spectrum sharing [10]. According to
the EC’s Radio Spectrum Policy Group (RSPG), the LSA
framework enables a limited number of licensees to operate in
a frequency band already assigned to one ormore incumbents
in accordance with well-defined sharing rules. As a result,
all of the authorized users, including the incumbents, can
maintain their desiredQuality of Service (QoS) requirements
(see RSPG 13-538).

Ever since its introduction several years ago, the LSA
concept has spawned an avalanche of engineering, business,
and regulatory work that focused on adapting it promptly
for practical applications [11]. This development has been
facilitated by the Conference Europeenne des Postes et des
Telecommunications (CEPT) as it had established two project
teams, PT52 and PT53 (ETSI TS 103 113), to ensure that
there are no barriers to the adoption of LSA in 2.3 –
2.4GHzbands froma regulatory perspective (ECMandate on
MFCN for 2.3–2.4GHz, 2014) [12]. In parallel, the European
Telecommunications Standards Institute (ETSI) has been
targeting to outline the LSA system architecture in their
respective technical specifications (ETSI TS 103 154 and ETSI
TS 103 235). In the US, a Notice of Proposed Rulemaking
(NPRM) in 3.5 GHz band was introduced by the FCC [13, 14].

As a result of this concentrated effort, the LSA has soon
been ready for practical demonstrations, which took place
in Spain (2015), Italy (2016), France (2016), Finland (2016),
Czech Republic (2016), and the Netherlands (2017). However,
many of these past activities considered near-static LSA
operation with longer-term allocations since they primarily
addressed the technical feasibility of LSA implementation
[15]. Continuing our initial work in [16] and more recent
technology groundwork in [17], we here complement these
earlier initiatives with a new perspective on highly dynamic
spectrum management within the LSA framework. In this

paper, we specifically emphasize the QoS aspects and the
corresponding service reliability performance as our work
unveils the practical limits of dynamic LSA operation based
on a real-world trial in a live LTE system.

The rest of this text is organized as follows. In Section 2,
an overview of recent activities connected with dynamic
spectrum management is offered that refines the require-
ments for vertical communication use-cases. A discussion on
the envisaged dynamic LSA system is also contributed. The
principles of our dynamic LSA implementation are discussed
in detail in Section 3. We pay particular attention to design
targets to ensure that the dynamic LSA framework can
achieve the expected degrees of control accuracy. Measure-
ment methodology and results follow in Section 4, while the
last Section 5 concludes this work.

2. Dynamic Spectrum Management Overview

Numerous activities and contributions are dedicated to the
definition of vertical communication use-cases by refining
their requirements and assessing how all of these can be
addressed in the 5G specification and standardization pro-
cess. It is important to note that most of these activities
are coming from research, e.g., European FP 7 and H 2020
projects as well as the mobile communications industry
community (Next GenerationMobile Consortium (NGMN),
3GPP), while similar initiatives engaging other important
vertical industry stakeholders are still rather small-scale [18–
20].

With the emerging LSA framework, flexible and more
dynamic spectrum sharing may be enabled, which becomes
increasingly valuable for demanding 5G applications [21].The
advanced services that can benefit from cross-band spectrum
aggregation are those that require massive bandwidths but
have difficulty to be supported by the existing MNO deploy-
ments (e.g., augmented and virtual reality) [22]. Another
category that may take advantage of highly dynamic LSA
operation is industrial Internet of Things (IoT) applications
across different verticals, especially those requiring reliable
operation and dedicated QoS guarantees (e.g., automotive).
Finally, LSA can improve a wide range of local broadband
services, such as those where the MNOs do not have a
possibility of deploying exclusive licensed spectrum (e.g.,
enterprise) [23, 24].

We thus expect that as LSA technologies mature, an
increasing variety of 5G applications and services will be
capable of taking advantage of more efficient geographic-
temporal spectrum management. In [16], the LSA function-
ality required to enable truly dynamic spectrum sharing
at the timescales of seconds is outlined. Continuing this
research, in [25]we addressed a typical cell scenario under the
“limit power” policy by capturing the produced interference
as a key parameter in the cellular network that employs
LSA mechanisms—a summary on our prior system-level
evaluations of dynamic LSA operation is available online;
see http://winter-group.net/dyn-lsa-sim-res/. In a follow-up
research [26], an advanced user satisfaction-aware spectrum
management strategy for dynamic LSA management in 5G

http://winter-group.net/dyn-lsa-sim-res/
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Figure 1: (a) Improved spectrum utilization with dynamic sharing.
(b) High-level architecture of dynamic LSA operation.

networks was proposed to balance both the user satisfac-
tion and the MNO utilization. All together, the mentioned
capabilities are crucial for the incumbent systems with high-
speed mobility (e.g., express trains and airplanes) and may
offer much improved performance as compared to rigid
and near-static LSA implementations. Given that LSA is
an example of vertical sharing (see Figure 1(a)), multiple
spectrumusers across the same geographical area can operate
at different priority tiers. For instance, the LSA licensee (e.g.,
a commercial LTE network) may avoid causing interference
to the LSA incumbent (e.g., an air traffic control system).

2.1. Our Contribution. Our envisaged dynamic LSA system is
intended to operate according to the high-level architecture
captured in Figure 1(b). The primary user of the spectrum
(i.e., the incumbent) identifies its target limitations (across
space, time, and frequency), where the wireless interference
constraints have to be met by the secondary user (i.e., the
LSA licensee, such as the MNO). Further, a corresponding
LSA request is issued and transferred to the operator’s
dedicatedApplicationProgramming Interface (API), where it
is then converted into specific Radio Access Network (RAN)
instructions (e.g., interference estimation, transmit power
reduction, frequency band change, and LSA spectrum usage
policy). Once these commands are received by the operator’s
cloud, its RAN executes the required actions as instructed.

Considering the key mechanisms and constraints in
place for dynamic LSA systems, the proposed functionality
as discussed below enables the RAN to respond to the
received LSA-specific requests issued by the incumbent in
near real time. The primary benefit of our approach is in
flexible bandwidth segmentation, which is much more fine-
grained and adaptive than in previous LSA implementations.
With such dynamic and on-demand network configuration,
substantial radio resources can be made available to both the
incumbent(s) and the LSA licensee(s), since the proposed
logic tightly applies to the time domain. Accordingly, the
timescale of radio resource utilization has higher granularity
than in static LSA approaches. At the time instants when
the incumbent does not utilize its bandwidth resources, they
are released automatically, without any additional adminis-
trative overheads or delays associated with the LSA database
updates.

In addition, our approach efficiently leverages the spatial
dimension of the shared spectrum resources. That is, the
locations where the bandwidth has to be released by the
LSA licensee (the MNO) back to the incumbent can be
obtained with higher precision than what is possible with
the conventional LSA setups, in which the geographical
blocks are typically represented as a coarse grid on the
map. In the following sections, we continue by providing a
systematic perspective on our development efforts to imple-
ment a dynamic LSA system. We also highlight the crucial
design choices with regard to the communication chain that
facilitates near real time LSA operationwithin a practical LTE
network deployment.

3. Principles of Dynamic LSA Implementation

We expect that upcoming LSA implementations will require
software and hardware modifications within the existing
cellular network infrastructure as well as, potentially, on
the side of the user equipment (UE). Despite substantial
ongoing efforts to evolve the LTE system as one of the
cornerstone 5G technologies, support for highly dynamic
LSA operation in practical MNO deployments calls for a
dedicated technology development effort. If not reflected
comprehensively in further LTE releases, the LSA spectrum
sharing mechanisms may be slow to enter the market, where
they are much needed at this time. In this section, we
address this important demand by exposing the key system
functionality required to support highly dynamic LSA in a
3GPP LTE system.

3.1. Proposed Components and Functionality. We recall that
wireless technology standardization conventionally begins
by defining the functional elements and interfaces between
them. Aiming to lay the groundwork for this, we first identify
the main functions and interfaces necessary for implement-
ing dynamic LSA mechanisms (see Figure 2). Given that
we have recently outlined the core principles behind the
dynamic LSA framework as a proof-of-concept study in [17],
we build the present system architecture proposal on our
rich hands-on experience acquired then. To this end, we



4 Wireless Communications and Mobile Computing

LSA-eNB 

LSA controlMME

SMLC 
SLs

S1-MME

LSA-SMLC 

eNB eNB 

LSA-in
c 

Figure 2: Key elements of proposed dynamic LSA architecture.

rely on a full-fledged cellular system deployment at Brno
University of Technology (BUT), Czech Republic, which
offers an excellent example of a contemporary 3GPP LTE
target system. Therefore, this paper advances on top of
our previous works as an enhanced Free Space Path Loss
(FSPL) model was constructed to decrease errors of the
interference estimation procedure. Also, two representative
power allocation policies based on heuristic iterative search
were implemented as part of the LSA controller node within
the LTE system.

(1) Control is responsible for accepting the incumbent’s
requests and managing the power allocation across the
network. In conventional LSA systems, this function may be
performed by the LSA controller, while the LSA repository
acts as a proxy. For the intended highly dynamic operation,
we utilize a direct interface between the incumbent and the
LSA controller to reduce the control-plane latency, since the
trial was conducted in a closed environment.

(2) Positioning is used for locating the sources of interfer-
ence in the network,which is key to efficient power allocation.
In cases where the LSA band is utilized for downlink (DL)
communication, the positions of all LTE base stations (named
eNBs) are typically well known andmay thus be programmed
into the controller.However, in caseswhere the LSA is applied
to uplink (UL) or TDD bands, it is important to have the
position estimates of the UEs as well, since the latter become
themain sources of interference. Currently, such information
is not available to the LSA controller, but for the current trial
we introduced the LSA-SMLC interface, which allows the
LSA controller to directly access the LTE positioning data (as
calculated based on the cellular signals or reported by theUEs
themselves).

(3) Policy assignment offers the capability to issue com-
mands to the individual cells, which is at the very core of

the LSA concept. In our dynamic LSA system, this implies
setting transmit power constraints for the corresponding
radio interfaces—in the limit up to full cell shutdown.
For that purpose, we introduce the LSA-eNB interface that
aggregates (i) functions normally accessible via OA&M (set
the transmit power, shut the cell down, etc.) as well as (ii)
certain instructions issued directly to the UE via the RRC
interface (initiate handover to a specific cell, switch the band,
etc.).

3.2. Envisioned LSA System Operation. Our proposed system
design targets to ensure that the dynamic LSA framework
can achieve the desired degrees of control accuracy. To this
end, we enable the UEs to know their precise location and
make them report it to the SMLC. This information can
then be extracted from the SMLC via a proprietary system
monitoring interface, which acts as LSA-SMLC. The control
interface LSA-inc can be implemented as a socket, over which
the current coordinates and the threshold power settings
can be reliably reported by each of the incumbent’s users,
thus defining a constraint in the controller’s power allocation
algorithm. Unlike in static LSA cases, dynamic reports are
transient in nature and time out on their own. Hence, the
network reverts to its default operation whenever no more
reports are being sent. For our below testmeasurements, such
reports were triggered manually.

Most importantly, to address the increased control gran-
ularity in the dynamic LSA system, the LSA-eNB interface
needs to be implemented as a combination of the OA&M
and the direct UE control. One of our core proposals that are
instrumental to the dynamic LSA operation is to reduce the
transmit power instead of a complete cell shutdown, which
considerably improves the system capacity. While it is rela-
tively easy to lower the UL or DL power limit in a cell instead
of shutting it down, actually ensuring it in the UEs that are
thus forced outside of the cell’s coverage area is much more
difficult. In our setup, theDL power control has a few possible
settings that match the cell coverage area in the DL with its
intended service area in the UL. In a commercial-grade test
deployment, it may be cumbersome to send the RRC control
signals from the core network side that would enforce the UE
handover out of the LSA band (as UEs prefer to handover
inside their current band when a cell is shut down). If Multi-
access Edge Computing (MEC) infrastructure is available,
this issue can be resolved by implementing a service that
monitors positions of the incumbent entities and UE devices.
Furthermore, computational tasks can be offloaded to the
MEC layer, if characteristics of the deployment cause an
increase in the computational complexity. For example, if we
consider a scenario where the number of UEs is significantly
high and they move fast, utilizing MEC services may help
distribute the computational load. Hence, responsiveness of
the system will increase, which in turn will allow to handle
high-speedUEs. However, current ETSI documentation does
not list this case as a service scenario [27]. To mimic this
functionality, the UEsmay employ a user-space program that
would shut themdown instead, since at the time of the trial we
did not have access to MEC-enabled hardware. Further, the
UEs that fall out of the service area of a particular cell—but
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remain capable of receiving its DL signaling—may, according
to their protocol, attempt a RACH procedure. These RACH
transmissions use power ramping if unsuccessful [28] (and
they will be unsuccessful as the cell is instructed not to accept
the initiating UEs) and may thus violate the interference
constraints. While RACH packets are only short bursts, they
may still cause issues in certain cases.

3.3. Important Practical Considerations. Out of the three
interfaces identified for the needs of dynamic LSA operation,
only two are deployment-ready today. Indeed, reporting the
desired interference constraints may be readily achieved with
existing IP-based protocols, while connecting the SMLCwith
the LSA controller is fairly straightforward. On the contrary,
ensuring that all of the UEs follow the dynamic power
allocation policy in a predictable manner is complicated due
to several limitations in the current cellular signaling:

(i) The UEs cannot be forced to handover away from
their current serving eNB without a deep integration
into the proprietary code inside the MME. While the
required functionalitymay bemade available by some
of the core network vendors, it is presently not a part
of any standard specification. Similarly, UE handovers
between the individual cells under the same eNBmay
not be even reported to the MME, which translates
into the need for more proprietary interfaces as of
today.

(ii) The service area of a cell with the reduced UL power
level may not be easily predicted by the UEs, thus
often resulting in futile RACH attempts by the devices
that are relatively far away from the cell center (and
given the UL power limits). Adding the relevant
information elements into the beacon signal could
certainly allow to improve on this, but it is neither
supported by the current beacon formats nor available
in the practical eNBs utilized for testing.

Our LSA controller implementation utilizes all of the
needed interfaces together with the relevant power allocation
policies that are discussed in the following section. Its current
version employs a heuristic iterative search procedure to
locate the optimal power assignment across all cells as
to match certain performance targets (e.g., maximize the
throughput or minimize the number of users that lose ser-
vice). For the most unsatisfied constraint, a simple algorithm
is applied in a loop: a vector of the expected reduction
in interference for a 1-dB reduction of power in cell 𝑖 is
computed, and the most impacting cell is chosen. The power
in this cell is then reduced by 1 dB and the vector is updated
(with its sorted order restored). Once the constraint at hand is
no longer the most unsatisfied, another constraint is chosen
to proceed further. When all of the constraints are satisfied,
the search is complete.

The asymptotic complexity of our proposed algorithm is
𝑂(𝐶 ⋅ 𝑅), where 𝐶 is the number of cells and 𝑅 is the number
of constraints (e.g., incumbent’s devices) in the system. The
resultant power allocations may then be stored and used
to initialize the subsequent runs, thus further reducing the

Table 1: Main system-level parameters.

Description Value
3GPP LTE system baseline Release 10
Division multiplexing FDD
Number of cells (eNBs) 3
Frequency band 17 (700 MHz)
Bandwidth 5 MHz
Number of resource blocks (RBs) 25
Max. eNB power level 0 dB
Min. eNB power level -30 dB
Interference threshold -85 dBm
Noise floor -100 dBm

Path loss coefficients 5 dBm (concrete)
2 dBm (gypsum)

Path loss model Enhanced FSPL
Number of terminals (UEs) 4
Transmission data rate 512 kbps
Frequency analyzer R&S TSMW

Antenna HL040 log-periodic
broadband

time needed for reaction. This means that our solution can
be scaled up to hundreds of cells if desired, without much
sacrifice in the response times. To summarize, our proposed
system implements all of the dynamic LSA functionality.
While some of its components may not be production-ready
as of yet (i.e., the LSA-eNB interface) due to the limitations
in the underlying LTE subsystems, it clearly confirms that
the considered system is not only feasible, but may also be
deployed in larger cellular networks with reasonable effort.

4. Our Measurement Methodology and Results

To systematically demonstrate the outlined principles of
highly dynamic LSA operation in practice, we conducted
a full-scale real-world implementation of our capable LSA-
based spectrum sharing system in a commercial-grade 3GPP
LTE network deployment. In this unique trial, we focused
on the UL LTE channel and evaluated its availability over
the LSA frequency bands. The UL system has been preferred
due to its significantly higher implementation complexity
as compared to the DL LTE channel, which also led to
more interesting observations. The primary system-level
parameters are summarized in Table 1, while the composition
of our trial implementation is detailed in Figure 3.

The UEs under test were continuously communicating
with the remote server located on the Internet, which
recorded their effective UL and DL bit-rate values over time.
Prior to taking measurements, the UEs were configured to
target a constant bit-rate (CBR) transmission at 512 kbps,
if sufficient UL radio resources were available; otherwise,
they utilized all of the remaining UL resources subject to
the current transmit power restrictions. The trial focused
on analyzing the LSA band and demonstrating its highly
dynamic operation. Hence, the UEs were forced to shut down
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Figure 3: Implemented dynamic LSA setup (architectural components) in our test 3GPP LTE infrastructure.

whenever they were supposed to switch over to the non-
LSA frequencies. An enhanced FSPL model was created to
decrease errors of the interference estimation procedure.This
step was needed, since no precise radio propagation model
of the test environment was available. In order to calculate
the path loss, we examined which obstacles signal had to
penetrate through, while travelling over the direct path from
a transmitter to a receiver. Each of the objects was assigned
a specific material with its attenuation value that was added
to the total path loss. This model helped us avoid situations
where interference was estimated incorrectly because of the
fact that the pure FSPLmodel does not take into accountwalls
and other obstacles.

4.1. Power Allocation Policies. Two representative power
allocation policies based on heuristic iterative search were
implemented as part of the LSA controller: (i) “Derivative”
algorithmand (ii) “Shannon” algorithm. Bothmethods assign
themaximum allowed uplink power across the cells such that
the total interference from the network towards the moving
measurement cart (which represents the incumbent) does not
exceed a given threshold. Our trial scenario utilizes 4 UEs,
since we were limited in supply. Despite this, we managed to
have a system that is well balanced in terms of complexity and

the number of participating UEs.They remain stationary and
their positions are known, since the dimensions of the trial
required precise positioning, thus making the system more
complex. This, in turn, makes the measurement setup more
prone to behaving incorrectly, should positioning function
inaccurately. The interference from a cell (eNB) can typically
be approximated by the maximum interference from all the
UEs in this cell. Hence, for the 3 utilized cells (see Figure 3),
the total interference on themeasurement cart is estimated as
a sum of the interference levels produced by the UEs closest
to the cart, taken across all cells.

(1) Derivative algorithm: this algorithm maximizes the
interference reduction against the total power loss. It lowers
the power in the closest cell, thus reducing its interference
towards the measurement cart, and when the closest cell is
shut down, it moves on to the next closest one.The algorithm
for power reduction is as in Algorithm 1.

To increase the power in a cell when the cart has moved
away, we use Algorithm 2.

Hence, Derivative algorithm provides us with the most
interference reduction by lowering the power in the cells that
are the closest to the measurement cart.

(2) Shannon algorithm: this algorithm employs the capac-
ity estimate formula 𝐶 = 𝐵 log2(1 + 𝑆/𝑁) to evaluate the
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while interference I is higher than the threshold 𝐼0 do
Find the closest active UE;
Find cell this UE is associated with;
Lower the power in that cell;
if power in cell is reduced below its minimum
feasible level then
Shut the cell down;
Remove cell from the list of active cells;
Remove UEs associated to the cell from the list
of active UEs;

end
end

Algorithm 1

while interference 𝐼 is lower than the threshold 𝐼0 and
list of considered cells is not empty do
Find the farthest considered cell with less than
maximal feasible power level;
Find the UEs associated with this cell;
Calculate the interference gain 𝑑𝐼 in case of power
increase;
if 𝐼 + 𝑑𝐼 < 𝐼0 then

if cell was shut down then
Turn the cell on;
Add cell to the list of active cells;
Add UEs associated with the cell to the list
of active UEs;

else
Increase the power to 𝐼0;

end
else

Remove the cell from the list of considered cells;
end

end
Reset the list of considered cells;

Algorithm 2

changes in the user’s effective transmission rate. Importantly,
if the user’s required bit-rate is below its capacity (subject
to the current power restriction), there is no change in the
effective transmission rate.The algorithm selects a cell for the
power decrease procedure as to maximize the interference
reduction subject to the minimal loss in the total effective
transmission rate of its users.

Algorithm 3 aims to maintain the UE connectivity to the
cells instead of providing them with the highest reliability
service. Therefore, it prioritizes keeping the users connected.
A user 𝑗 is considered to be connected to cell 𝑖 if its UL
transmit power level is above𝑃𝑖𝑗 and allows it tomaintain rate
above a certain threshold. The power increasing algorithm
works as in Algorithm 4.

Similar to Derivative algorithm, Shannon algorithm first
lowers the power in the closest cell, thus reducing its inter-
ference towards the measurement cart, but only until the
lowest transmission rate in this cell reaches the threshold.

for each 𝑖 from list of considered cells do
for each 𝑗 from UEs associated with the cell 𝑖 do

calculate the required power level 𝑃𝑖𝑗 needed to
connect to the cell;

end
end
while interference 𝐼 is higher than the threshold 𝐼0 do

if list of considered cells is empty then
Reset the list of considered cells;
Reset the list of considered UEs;
Find the closest UE, which is active;
Set this UE as inactive;

end
Find the closest active UE;
Find cell this UE is associated with;
Lower the power in that cell;
if power in cell 𝑖 is reduced below its required power
𝑃𝑖𝑗 needed for the UE 𝑗 to connect then
Set power to level 𝑃𝑖𝑗;
Remove cell from the list of considered cells;
Remove UEs associated with the cell from the
list of considered UEs;

end
end

Algorithm 3

while interference I is lower than the threshold 𝐼0 and
list of considered cells is not empty do
Lower power in all cells to the closest level 𝑃𝑖𝑗;
Find the farthest inactive UE 𝑗;
Find cell 𝑖 this UE is associated with;
Calculate total interference 𝐼 if the power in cell 𝑖 is
set to level 𝑃𝑖𝑗;
if 𝐼 ≤ 𝐼0 then

Set power in cell 𝑖 to 𝑃𝑖𝑗;
Set UE 𝑗 as active;

else
Use Derivative power increase algorithm;

end
end

Algorithm 4

While the interference threshold is still not reached, the
algorithm moves on to the next closest cell. If the power
level is such that the bit-rate of the “worst” UE has reached
the threshold, but the interference still remains above the
target value, the algorithm returns to the first closest cell,
drops the “worst” user, and lowers the power in a similar
manner again by comparing the second “worst” user’s bit-rate
against the threshold. Varying the transmission rate threshold
𝑃𝑖𝑗, one can control the minimal guaranteed bit-rate. On
the other hand, setting the threshold too high can cause
more user drops from the network, since a UE is considered
dropped when it cannot maintain its threshold transmission
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Figure 4: Measurement-based results produced in the conducted dynamic LSA trial.

rate. Therefore, a sensible solution would be to set the
QoS-guaranteed bit-rate equal to the threshold transmission
rate.

4.2. Main Hands-On Observations. Our primary objectives
in the conducted dynamic LSA trial were to (i) compare the
above power allocation policies and (ii) verify whether the
corresponding algorithms operate as intended; i.e., they do
not breach the interference threshold while meeting their
respective optimization targets. The results were collected
on a predetermined set of the measurement cart locations
placed along the route for the second trial; see green path in
Figure 3, where two evaluation scenarios are illustrated: (i)
the purple path indicates the measurements for the purposes
of QoS assessment (completed in our previous trial [17]),
while (ii) the green path stands for the overall testing of the
implemented heuristic iterative search logic (conducted in
the current trial). As it was mentioned above, measurement
points were placed along the route. Their numbering is given

in Figure 3 as index of the first and the last measurement
point on each segment of the route. Distance between the
neighboring points was equal to 1.5 meters. All indexes
of the points in this trial refer to points along the green
line in Figure 3. Note that the system was notified on the
movement of the measurement cart, while at every instant of
time the interference was recorded. All of the relevant data
were continuously logged for further analysis. Accordingly,
Figures 4(a) and 4(b) report on the average (red line) and
the maximum (blue line) interference levels received by the
measurement cart at each position for both algorithms. It is
also important to clarify that since we only had 4 physical
UEs, we devised an approach to increase their number in a
trial by reusing physical devices at different positions. Hence,
the label “UE3@p3” means that the third physical UE was
placed at position 3 in our trial. Relocation of the UE was
performed only when any interference from it was negligible
at the measurement cart, in order to minimize the effect of
this procedure.
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Comparing Figures 4(c) and 4(d) that illustrate the power
allocated according to Derivative and Shannon algorithms,
one can observe that when the cart is located in the first
cell the Derivative algorithm only alters the power allocation
there, while the Shannon algorithm adjusts all three cells in
order to raise power and transmission rate in the closest cell.
Hence, it can be concluded that Shannon algorithm operates
more flexibly over the entire network, while Derivative
algorithm mostly concentrates on the nearest cells. From
Figures 4(a) and 4(b), where the average and the maximum
interference levels received by the measurement cart across
the check points are reported, we learn that unlike the
Derivative algorithm the Shannon algorithm not only lowers
the average interference, but also attempts to maintain it as
close to the threshold as possible, so as to increase power
and transmission rate in the network. In both plots, however,
we can observe an interference threshold breach with the
peak value of 10 dBm.This breach spans from point 50 to 70,
and it can be seen that at these points the measurement cart
was close to the UEs. This can be explained by imperfections
in the path loss model, which was used to estimate the
interference and calculate the penalties for the UL.

5. Conclusions

This work accentuates the importance of highly dynamic
spectrum sharing to leverage additional bandwidth that may
be lightly used by its original incumbents. To further improve
upon spectrum utilization in demanding 5G systems, we
focus on the emerging LSA framework for vertical sharing,
where the incumbent(s) and the licensee(s) operate over the
same geographical area by utilizing common frequencies in
a carefully controlled manner. This concept has been coined
in 2013 and since then rapidly took off with many hands-on
demonstrations across Europe, primarily in 2016. Supported
by visible research initiatives, such as ADEL [3] and CORE++
[6, 11, 13], the LSA functionality has been tested in a number
of countries with the emphasis on the feasibility of its early
implementation.

Complementing these important efforts, the present
study relies on our rigorous past research (please refer
to a summary on our prior system-level evaluations of
dynamic LSA operation here: http://winter-group.net/dyn-
lsa-sim-res/) to advance the state of the art on LSA by outlin-
ing its additional functionality required for highly dynamic
operation.We therefore elaborate the key principles of system
implementation as well as contribute our unique practical
methodology based on a live cellular network deployment.
The obtained measurements corroborate the rich capabilities
of highly dynamic LSA operation in a commercial-grade net-
work as well as report on the crucial performance indicators
related to QoS and service-level reliability.

After completing the trial and analyzing the results, we
therefore conclude that application of power control policies
is viable. Moreover, to a certain extent it is possible to use
the considered policies indoors in cases where precise signal
propagation model is available. The only locations where
the cell was powered off are those near the UE positions.

However, since there was no precise model available, and
the scale of the deployment was relatively small, some
discrepancies were experienced.

As a result, we can state that when applying power control
policies in indoor scenarios, there are certain prerequisites.
One of them is a precise path loss model. Another one is
the capability of pinpointing the locations of the UE devices
in case of uplink LSA application. MEC may aid further in
this regard in case the UE mobility is present. For example,
supplementary sensor information can be collected from the
UEs to estimate their movement in a more accurate manner.
Moreover, if the UE devices or the incumbents travel at high
speeds, we need to update the UL power limits with higher
periodicity in order to keep up with the current situation.
Pushing the threshold calculation tasks as close as possible
and increasing the compute power will help grow the update
frequency as well as the maximum number of UE devices in
the network.

Going further, we believe that our results will become
instrumental to comprehensively reap the benefits of LSA-
based highly dynamic spectrum management scenarios,
whether in 2.3 – 2.4GHz frequency bands or at alternative
frequencies, such as 3.4 – 3.8GHz and possibly up to 4.2GHz
in perspective.This will require further demonstration efforts
that may rely on our methodology proposed in this work,
which could also be useful for other spectrum sharing
initiatives across the globe, including CBRS in the US as well
as dynamic spectrum utilization at mmWave frequencies.
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gas, and M. Mustonen, “Spectrum sharing using licensed
shared access: the concept and its workflow for LTE-Advanced
networks,” IEEEWireless CommunicationsMagazine, vol. 21, no.
2, pp. 72–79, 2014.

[12] D. Guiducci, C. Carciofi, V. Petrini et al., “Sharing under
licensed shared access in a LTE real test network at 2.3-2.4GHz,”
in Proceedings of the 27th IEEEAnnual International Symposium
on Personal, Indoor, andMobile Radio Communications, PIMRC
2016, Spain, September 2016.

[13] J. Kalliovaara, T. Jokela, R. Ekman et al., “Interference mea-
surements for Licensed Shared Access (LSA) between LTE and
wireless cameras in 2.3 GHz band,” in Proceedings of the Inter-
national Symposium on Dynamic Spectrum Access Networks,
(DySPAN’15), pp. 123–129, October 2015.

[14] Federal Communications Commission et al., “Enabling innova-
tive small cell use in 3.5GHz bandNPRM&order,” FCC-12-148,
2012.

[15] M. Palolo, T. Rautio, M. Matinmikko et al., “Licensed Shared
Access (LSA) trial demonstration using real LTE network,” in
Proceedings of the 9th International Conference on Cognitive

Radio OrientedWireless Networks (CROWNCOM ’14), pp. 498–
502, June 2014.

[16] A. Ponomarenko-Timofeev, A. Pyattaev, S. Andreev, Y. Kouch-
eryavy, M. Mueck, and I. Karls, “Highly dynamic spectrum
management within licensed shared access regulatory frame-
work,” IEEE Communications Magazine, vol. 54, no. 3, pp. 100–
109, 2016.

[17] P. Masek, E. Mokrov, A. Pyattaev et al., “Experimental evalua-
tion of dynamic licensed shared access operation in live 3GPP
LTE system,” in Proceedings of the 59th IEEE Global Communi-
cations Conference, GLOBECOM 2016, December 2016.

[18] Siemens Corporate Research, 5G Communication Networks:
Vertical Industry Requirements, white paper.

[19] PMSE and 5G, “white paper, PMSE-XG Project,” 2017,
http://pmse-xg.research-project.de/.

[20] 3GPP TS 22.261 V15.0.0, Tech. Spec. Group Services and System
Aspects, “Service Requirements for the 5G System; Stage 1, “Rel.
15; Mar. 2017.

[21] Q. Zhao and B. M. Sadler, “A survey of dynamic spectrum
access,” IEEE Signal Processing Magazine, vol. 24, no. 3, pp. 79–
89, 2007.

[22] A. A. Daoud, G. Kesidis, and J. Liebeherr, “Zero-determinant
strategies: a game-theoretic approach for sharing licensed spec-
trum bands,” IEEE Journal on Selected Areas in Communica-
tions, vol. 32, no. 11, pp. 2297–2308, 2014.

[23] M. M. Buddhikot, “Understanding Dynamic Spectrum Access:
Models,Taxonomy and Challenges,” in Proceedings of the
2007 2nd IEEE International Symposium on New Frontiers in
Dynamic Spectrum Access Networks, pp. 649–663, April 2007.

[24] R. H. Tehrani, S. Vahid, D. Triantafyllopoulou, H. Lee, and
K. Moessner, “Licensed spectrum sharing schemes for mobile
operators: A survey and outlook,” IEEE Communications Sur-
veys & Tutorials, vol. 18, no. 4, pp. 2591–2623, 2016.

[25] E. Mokrov, A. Ponomarenko-Timofeev, I. Gudkova et al.,
“Modeling Transmit Power Reduction for a Typical Cell with
Licensed Shared Access Capabilities,” IEEE Transactions on
Vehicular Technology, vol. 67, no. 6, p. 5505, 2018.

[26] Z. Sadreddini, P. Masek, T. Cavdar et al., “Dynamic Resource
Sharing in 5G with LSA: Criteria-Based Management Frame-
work,” Wireless Communications and Mobile Computing, vol.
2018, Article ID 7302025, 12 pages, 2018.

[27] ETSI GS MEC-IEG 004: “Mobile-Edge Computing (MEC);
Service Scenarios”, Ver. 1.1.1, 2015-11.

[28] 3GPP TS 136 321 - V10.5.0 - LTE; Evolved Universal Terrestrial
Radio Access (E-UTRA); Medium Access Control (MAC)
protocol specification (3GPP TS 36.321 version 10.5.0 Release
10).

[29] P. Masek, Heterogeneous Connectivity of Mobile Devices in 5G
Wireless Systems [Doctoral thesis], Brno University of Technol-
ogy, Faculty of Electrical Engineering and Communication,
Department of Telecommunications, Advised by doc. Ing. Jiri
Hosek, Ph.D., 2017.

http://pmse-xg.research-project.de/


Research Article
Simple Algorithms for Estimating the Symbol Timing Offset in
DCT-Based Multicarrier Systems

Fernando Cruz-Roldán ,1 José Piñeiro-Ave ,1 José L. Rojo-Álvarez ,2

andManuel Blanco-Velasco 1

1Department of Signal Theory and Communications (EPS), Universidad de Alcalá, 28805 Alcalá de Henares, Madrid, Spain
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Multicarrier modulation based on discrete cosine transform (DCT-MCM) is a candidate technique for future wireless
communication. DCT-MCM provides a better usage of the spectrum, allowing for much lower out-of-band radiation than
conventional OFDM. In this paper, we address the problem of correcting the symbol timing offset in DCT-MCM. Two sliding
window-based correlation algorithms are proposed. The new approaches consider a prefix and a suffix that are inserted into each
data symbol, which are the replica of part of the useful data. The performance of the proposed approaches is verified and tested,
and their usefulness and effectiveness are illustrated by computer simulations.

1. Introduction

The next generation of communication systems (5G and
beyond) will employ higher bandwidths and data rates that
are able to provide enhanced data services to users, also
improving the efficiency of spectrum usage. Consequently,
channel partitioning methods will be the dominant medium
access techniques due to their appealing features [1], such as
higher system performance and spectrum efficiency, typically
measured in (bit/s)/Hz per unit area or cell.

Discrete multitone (DMT) modulation and orthogonal
frequency division multiplexing (OFDM) are examples of
channel partitioning techniques that employ the strategy
of replicating the data into each transmitted symbol. This
replica of part of the data, usually referred to as redundant
samples, leads to a channel partitioning that provides a
set of ideally independent subchannels in which channel
equalization can be easily performed [1]. DMT and OFDM
are efficiently implemented using discrete Fourier transforms
(DFTs). These techniques, however, have drawbacks, such
as a sensitivity to offsets in time and carrier frequency.
Moreover, the temporal pulse shape of DFT is a rectangular

window, thus DFT-based multicarrier modulation (DFT-
MCM) suffers from high side-lobe radiation.

As alternatives to DFT-based solutions, several authors
have proposed the use of discrete cosine transforms (DCTs)
[2–6]. DCT-based multicarrier modulation (DCT-MCM)
offers benefits such as excellent spectral compaction and
energy concentration and less intercarrier interference leak-
age to adjacent subcarriers or that DCT uses only real
arithmetic [2, 3]. Furthermore, DCT-MCM provides a better
usage of the spectrum allowing for much lower out-of-
band radiation. As has been widely reported (e.g., [3]), the
bandwidth of a DCT-MCM system can be only half of the
bandwidth required by DFT-MCMwith the same number of
subcarriers.

In any multicarrier modulation (MCM) systems, symbol
timing estimators play an important role in the receiver
to find the start of the symbol of the received signal.
Numerous methods for DFT-MCM have been proposed
since the publication of the maximum likelihood (ML)
estimation algorithm in an additive white Gaussian noise
(AWGN) channel and the method of Schmidl and Cox
[7–9]. We refer the reader to the studies in [10–12] for a
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detailed list of recent synchronization approaches and their
implementations in some hardware/software environments
for different real-world applications. Unfortunately, this field
has received less attention for the DCT-MCM, even though
synchronization is also crucial and critical. In [13], two joint
maximum likelihood frequency offset and phase offset esti-
mators, considering only AWGN channels, were presented.
More recently, a new symbol synchronization method for
optical fast OFDM is reported in [14]. As a result, the problem
of a feasible technique for DCT-MCM still remains open.

The main novelty of this paper is the proposal of simple
algorithms to carry out precise symbol timing estimation
for DCT-MCM. The new approaches exploit the redun-
dancy inserted as both left and right extensions in DCT-
based systems. It is shown by computer simulations that
the proposed approaches yield efficient and feasible time
estimation solutions, providing satisfactory results in several
communication scenarios.

The rest of this paper is organized as follows. In Section 2,
the systemmodel for the consideredmulticarrier transceivers
is described. Section 3 presents the proposed algorithms
for DCT2e and DCT4e-based systems. Section 4 provides a
performance evaluation of the proposed algorithms and its
comparison to DFT-based systems, and, finally, concluding
remarks are given in Section 5.

2. System Model

Figure 1 is a general block diagram to implement MCM. At
the transmitter, the data are processed by an 𝑁 point inverse
transform T−1𝑎 , with 𝑁 being the number of subchannels
or subcarriers. At the receiver, a discrete transform T𝑐 is
performed.

In DFT-MCM (e.g., OFDM/DMT systems), T−1𝑎 is an
IDFT, the redundancy of length 𝑁𝐺, e.g., a cyclic prefix (CP)
(see Figure 2(a)), is introduced at the beginning of each 𝑁-
length data symbol 𝑥[𝑛] to be transmitted, ℎ𝑝𝑓[𝑛] is a time-
domain equalizer that shortens the effective channel ℎ𝑐ℎ[𝑛] to
an appropriate length,T𝑐 is a DFT, and, finally, the frequency-
domain equalizer (FEQ) block corrects the dispersive effect of
the transmission channel.

In DCT-MCM, T−1𝑎 can be any kind of inverse DCT
[16], with two different types of redundancy: symmetric
extension (SE) or zero-padding (ZP). This work focuses on
Type-II even discrete cosine transform (DCT2e) andType-IV
even discrete cosine transform (DCT4e), assuming SE [2, 5].
Unlike DFT-based systems, two symmetrical extensions of𝑁𝐺 samples are appended: a prefix or left extension (LE), and
a suffix or right extension (RE). Figures 2(b) and 2(c) show
examples of the symmetric extensions for DCT-MCM.

In Figure 1, the received sequence in presence of a
temporal delay 𝛿 and carrier frequency offset 𝜖 can be
expressed as

𝑦 [𝑛] = 1𝑁
𝑁−1∑
𝑘=0

𝐻[𝑘] ⋅ 𝑋 [𝑘] ⋅ 𝑒𝑗(2𝜋(𝑘+𝜀)(𝑛+𝛿)/𝑁) + 𝑧 [𝑛] , (1)

where 𝐻[𝑘] = DFT{ℎ[𝑛]} = DFT{ℎ𝑐ℎ[𝑛] ∗ ℎ𝑝𝑓[𝑛]} and𝑧[𝑛] is a term related to the noise. An additional constraint

of DCT-MCM is that the channel impulse response ℎ[𝑛]
must be symmetric, as shown in Figure 2(d). It is important
to highlight that some channels satisfy this condition, such
as chromatic dispersion in single-mode fibers [4]. If not,
the prefilter ℎ𝑝𝑓[𝑛] of Figure 1 is located at the receiver to
enforce the symmetry in ℎ𝑐ℎ[𝑛]. There are some appropriate
techniques to design this prefilter [2, 6]. For the sake of
simplicity, we adopt a model of symmetric discrete-time
channel ℎ[𝑛] for DCT-MCM. If this condition is not satisfied,
then the training symbol used in [6] can be employed to
perform an initial timing symbol synchronization using the
algorithms proposed in this paper, and then the channel
estimation of ℎ𝑐ℎ[𝑛] can be carried out.

Finally, the channel length of ℎ𝑐ℎ[𝑛] is assumed to be less
than the length of the redundancy (SE or CP); i.e., ]+1 < 𝑁𝐺.
For a more thorough description of DCT-MCM, we refer the
reader to [2, 5, 16].

3. Proposed Metrics

An analysis using the correlation between two signals
provides a quantitative measure of the similarity between
them. In STO estimation, the idea behind [7–9] and other
approaches in [10, 11] is to use correlation functions to find
the similarities that are shared by the data part of the symbol
and the redundant samples in the prefix/suffix.

In DCT-MCM, the maximum value or peak is also
reached (in the absence of noise) when there exists a set of
samples that are pairwise correlated. The time position of
this maximum value is useful in finding the symbol timing
and the phase of the correlation could yield the frequency
estimate. Given that in DCT-MCM the redundancy follows
a mirror (anti)symmetry and the channel impulse response
is a whole-sample symmetry (WS) sequence, there are two
blocks of 𝑁𝐺 − ] samples that are pairwise correlated. For
example, let us consider the absence of noise, the fact that𝛿 is an integer number and 𝜖 = 0, and the time instants
represented in Figure 3. At the start of the symbol, specifically
at instants 𝑛0 − 1 and 𝑛0, we have
𝑦 [𝑛0 − 1] = 𝑦 [𝑛0]

= ]∑
𝑘=1

ℎ [𝑘] (𝑥𝑒 [𝑛0 + 𝛿 − 𝑘 − 1] + 𝑥𝑒 [𝑛0 + 𝛿 + 𝑘 − 1])
+ ℎ [0] 𝑥𝑒 [𝑛0 + 𝛿 − 1] .

(2)

In addition, at the end of the symbol, the receiving signal
presents identical (for the HS extension) or opposite (for the
HA extension) values in two consecutive samples, 𝑛0 +𝑁− 1
and 𝑛0 + 𝑁. That is, we have

𝑦 [𝑛0 + 𝑁 − 1] = 𝛾𝑦 [𝑛0 + 𝑁] = ]∑
𝑘=1

ℎ [𝑘]
⋅ (𝑥𝑒 [𝑛0 + 𝑁 + 𝛿 − 𝑘 − 1]
+ 𝑥𝑒 [𝑛0 + 𝑁 + 𝛿 + 𝑘 − 1]) + ℎ [0] 𝑥𝑒 [𝑛0 + 𝑁 + 𝛿
− 1] ,

(3)
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where 𝛾 = 1 for the HS extension or 𝛾 = −1 for the HA
extension (see Figure 2 and [2, 16]). Notice that there are other
sets of𝑁𝐺− ]−1 identical samples at the start of the received
symbol:

𝑦 [𝑛0 − ℓ − 1] = 𝑦 [𝑛0 + ℓ] , 𝛿 ≤ ℓ ≤ 𝛿 + 𝑁𝐺 − ] − 1, (4)

and identical (for the HS extension) or opposite (for the HA
extension) samples at the end of the received symbol:

𝑦 [𝑛0 + 𝑁 − ℓ − 1] = 𝛾𝑦 [𝑛0 + 𝑁 + ℓ] ,
𝛿 ≤ ℓ ≤ 𝛿 + 𝑁𝐺 − ] − 1. (5)

Considering the above, we propose new blind algorithms
to perform tight timing offset and coarse frequency syn-
chronization for DCT2e-MCM and DCT4e-MCM. The first
proposed approach estimates the timing offset 𝛿𝑆𝐸 using the
maximum of the metric:

𝑀𝐿𝑅𝐸𝑎 [𝛿] = 𝐶𝐿𝐸 [𝛿]2 + 𝐶𝑅𝐸 [𝛿]2 − 𝐸𝑆𝐸 [𝛿]4𝑁𝐺 , (6)

where

𝐶𝐿𝐸 [𝛿] = 𝛿+𝑁𝐺−1∑
ℓ=𝛿

𝑦 [ℓ] 𝑦∗ [−ℓ − 1] ,

𝐶𝑅𝐸 [𝛿] = 𝛿+𝑁𝐺−1∑
ℓ=𝛿

𝑦 [𝑁 − 1 − ℓ] 𝛾𝑦∗ [𝑁 + ℓ] .
(7)

The normalization term 𝐸𝑆𝐸[𝛿] considers the energy of the
windowed signals:

𝐸𝑆𝐸 [𝛿] = 𝐸𝐿𝐸 [𝛿] + 𝐸𝑅𝐸 [𝛿] , (8)

where

𝐸𝐿𝐸 [𝛿] = (𝛿+𝑁𝐺−1∑
ℓ=𝛿

𝑦 [−ℓ − 1]2 +
𝛿+𝑁𝐺−1∑
ℓ=𝛿

𝑦 [ℓ]2) ,
𝐸𝑅𝐸 [𝛿]

= (𝛿+𝑁𝐺−1∑
ℓ=𝛿

𝑦 [𝑁 − 1 − ℓ]2 +
𝛿+𝑁𝐺−1∑
ℓ=𝛿

𝑦 [𝑁 + ℓ]2) .
(9)

The second proposed method is based on Schmidl and
Cox’s approach. We adapt the metric of [8] to the scheme
of prefix and suffix used in DCT-MCM, and, as a result, the
timing offset can be estimated using the correlation peak
given by

𝑀𝐿𝑅𝐸𝑏 [𝛿] = 𝐶𝐿𝐸 [𝛿]2𝐸2𝑊1𝑝,𝐿𝐸 [𝛿] + 𝐶𝑅𝐸 [𝛿]2𝐸2𝑊1𝑠 ,𝑅𝐸 [𝛿] , (10)

where

𝐸𝑊1𝑝 ,𝐿𝐸 [𝛿] = 𝛿+𝑁𝐺−1∑
ℓ=𝛿

𝑦 [ℓ]2 ,

𝐸𝑊1𝑠 ,𝑅𝐸 [𝛿] = 𝛿+𝑁𝐺−1∑
ℓ=𝛿

𝑦 [𝑁 − 1 − ℓ]2 .
(11)

Table 1: Simulation parameters.

Parameters Value
System Bandwidth 5 MHz
Sampling Period 200 ns
Carrier Frequency 2 GHz
Modulation and
Demodulation 4-QAM

Total Subcarrier Number
(𝑁) 512

Length of Redundancy
(Examples 2 and 3)

32 (OFDM)
32×2, Left and Right Prefixes (DCT)

Channel Models ITU Ped A 4 km/h (PED200) [15]
ITU Veh A 100 km/h (VEH200) [15]

Channel Equalization Zero Forcing
Noise Model iid AWGN
Detection Hard Decision
Number of Simulations 10000

Finally, assuming perfect symbol synchronization at 𝛿𝑆𝐸 and
absence of noise, we have that

𝑦 [ℓ + 𝛿𝑆𝐸] = 𝑦∗ [−ℓ − 1 + 𝛿𝑆𝐸] ,𝑦 [ℓ + 𝑁 + 𝛿𝑆𝐸] = 𝛾 𝑦∗ [−ℓ − 1 + 𝑁 + 𝛿𝑆𝐸] ,
(12)

for those pairwise correlated samples. Considering the above
condition, a coarse fractional CFO estimator (|𝜀| ≤ 0.5) for
DCT-MCM can be carried out by means of the expression

𝜀𝑆𝐸 = 𝑁2𝜋𝑁𝐺∠ (𝐶𝐿𝐸 [𝛿𝑆𝐸] + 𝛾𝐶𝑅𝐸 [𝛿𝑆𝐸]) . (13)

4. Experimental Study

In our experiments, we have assumed systems with 512 sub-
carriers and 4-QAM modulation. Each experiment consists
of an average of 10,000 simulation runs with STO indepen-
dently generated and uniformly distributed over [−31, 0). For
the first experiment, the length of the redundant samples is
modified to study its effects on different parameters. For the
rest, we have consideredCPs of 32 samples for theDFT-MCM
and the same number of redundant samples for each prefix
(LE) and suffix (RE) in DCT-MCM. The setup used in our
experiments is summarized in Table 1.

Example 1. The influence of the number of redundant sam-
ples (𝑁𝐺) is studied. The performance of the proposed
estimators (6)–(10), for both DCT2e and DCT4e, is assessed
and compared with that derived in [10] based on [7], for SNR
values of 10 and 16 dB and over discrete memoryless additive
whiteGaussian noise (AWGN) channels, with no intersymbol
interference. The SNR is defined by the ratio of the power of
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Figure 4: Example 1. MSE of STO as an estimator for the AWGN channel and different lengths of the redundancy: (a) SNR = 10 dB, (b) SNR
= 16 dB.

the received signal and the variance of the AWGN. Figure 4
shows the resulting mean-square error (MSE) of the STO
estimates evaluating the trial and the estimate values of the
timing offset. As was documented in [7], it can be seen in
Figure 4 that the performance of the DFT-MCM estimator
is asymptotically independent of the number of redundant
samples, provided that the amount of data for the CP is longer
than a certain threshold value, which decreases with the SNR
(see Figure 4 and [7, 10]). As the length increases beyond the
thresholds, the DFT-MCM time estimator does not improve.
On the contrary, the behaviour of the proposed schemes for
DCT-MCM is no longer flat. MSE decays monotonically and
the improvement is achieved by increasing the SNR and/or
the number of redundant samples. Note that MSEs for the
DFT-MCM saturate at 2.2 ⋅ 10−3 and 9.9 ⋅ 10−4, and that the
performance of the proposed schemes is much better, with
MSE< 10−3, when SNR = 16 and the number of redundant
data is greater than 22 (see (6)) or 17 (see (10)).

We also use our analysis to show how BER changes with
the length of the redundant samples. Figure 5 depicts the
uncoded BER curves, and, given that the results have been
practically indistinguishable for DCT2e and DCT4e, only
one curve to represent DCT-MCM is included. Notice that
the BER curves become practically saturated for DFT-MCM,
and increasing the number of redundant samples does not
improve BER. An immediate conclusion that can be drawn
from these plots is that the proposed metrics exhibit good
performance in the estimation of the STO when the length
of the redundant samples is at least one-half of the maximum
considered offset. For DCT-MCM, the performance of the
proposed approaches for SNR = 10 dB does not improve as
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Figure 5: Example 1. BER under conditions of STO for different
length for the redundancy and SNR values considering AWGN
channels.

the length of the redundant sample increases from 20 to 32,
whereas it is possible to obtain BER values lower than 10−4
for SNR = 16 dB.
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Figure 6: Example 2. Effects of STO for different transceivers and channels. (a) Mean-square error. (b) Probability of failure.

Example 2. In our second set of experiments, all of the results
are obtained over three different channels: AWGN and two
sets of 100wireless fading channels each, according to the ITU
Pedestrian A and Vehicular A channels [15]. The multipath
channels were generated with Matlab’s stdchan using the
channel models itur3GPAx and itur3GVAx with a carrier
frequency 𝑓𝑐 = 2 GHz and two different sets of parameters:
(a) 4 km per hour as pedestrian velocity, 𝑇𝑠 = 200 ns and
length 𝐿 = 11; and (b) 100 km per hour as mobile speed (the
moving speed has been chosen considering that the average
vehicle speed on European highways lies in the range of 90-
100 km per hour under free-flow conditions), 𝑇𝑠 = 200 ns
and length 𝐿 = 21. These channels are referred to as PED200
and VEH200, respectively.

Figure 6(a) shows the resultingmean-square error (MSE)
of the STO estimates. As can be seen, the performance of𝑀𝐿𝑅𝐸𝑏 is much better than the others, with the exception of
the VEH200 channel, for which [7] provides the best values
of MSE.

The estimated temporal offsets have also been obtained.
Based on the fact that an accuracy of less than three samples
at low SNR makes the approach robust in fading channels
[7, 10], we have obtained the probability that the estimated
error in the time offset is greater than two samples. The
numerical results for the three different transceivers over the
channels are displayed in Figure 6(b).These curves show that
DCT-based methods significantly improve the performance
compared to the DFT-MCM over the entire range of SNR
values considered in our experiments.
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Figure 7: Example 2. BER under symbol timing offset for different
transceivers and channels.
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Figure 8: Example 3. Effects of STO and CFO for different transceivers. (a) Mean-square error of time offset estimate. (b) Probability of
failure for time offset estimate.
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Figure 9: Example 3. BER under the effects of STO and CFO for
different channels and transceivers.

Next, we compare the BER performance for the three
different channels. Figure 7 depicts the obtained results versus
the received SNR. In this figure, perfect synchronization
(PS) represents the case where STO is perfectly known at
the receiver. Interestingly, for a particular channel, the BER
performance of the proposed metrics 𝑀𝐿𝑅𝐸𝑎 and 𝑀𝐿𝑅𝐸𝑏 is
practically indistinguishable, and for this reason we only
represent one curve. In addition, the proposed methods
have the best performance. They are close to the perfect
synchronization for the AWGN and PED200 channels, and
a performance degradation occurs for the VEH200 channel.
On the other hand, the DFT-MCM system is severely affected
by a timing offset, especially for the PED200 and VEH200
channels.

Example 3. Lastly, we consider a more complex scenario,
where a normalized CFO is added following a uniform
distribution in the interval [−0.04, 0), which is estimated by
the approach in [7] for DFT-MCM, whereas (13) is employed
for DCT-MCM. Figures 8(a) and 8(b) characterize the MSE
and 𝑃𝑟(|𝛿 − 𝛿|) > 2 of the STO estimates, respectively,
whereas Figure 9 plots the resulting BER. Comparing the
performance of the proposed algorithms with DFT-MCM,
it is proved that the new approaches work properly in
AWGN and PED200 channels, significantly improving the
performance and reducing the BER. The proposed schemes
also perform well for the VEH200 channel, although in this
case the CFO has an effect on our schemes. On the other
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hand, the BER is practically flat for DFT-MCM in the more
challenging realistic scenarios of PED200 and VEH200.

5. Conclusions

DCT-MCM offers benefits such as excellent spectral com-
paction and energy concentration and allows a better usage of
the spectrum. In this work, new techniques of symbol timing
estimation for DCT-MCM systems are proposed. The new
metrics are based on the fact that the correlation between
two signals provides a quantitativemeasure of their similarity,
and they take into account the fact that the redundant
samples in DCT-MCM are inserted as left (prefix) and right
(suffix) extensions satisfying (anti)symmetry properties. A
wide set of simulations have been carried out to test the
effectiveness of the proposed approaches. It can be established
from the results of our experiments that the proposed
techniques perform well, especially in Gaussian and low
dispersive channels. It is further shown that considering the
BER and the probability of the estimate error in the time
offset, a performance gain over the conventional DFT-based
technique is obtained when the length of the redundancy
increases.
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Finding the route with maximum end-to-end spectral efficiency in multihop wireless networks has been subject to interest in the
recent literature. All previous studies, however, focused on finding one route from a given source to a given destination under
the constraint of equal bandwidth sharing. To the best of our knowledge, for the first time, this paper provides extensions to the
multicommodity flow case, i.e., the case of multiple simultaneous source-destination (𝑠-𝑑) pairs. In particular, given an arbitrary
number of 𝑠-𝑑 pairs, we address the problem of finding a route for every 𝑠-𝑑 pair such that the minimum spectral efficiency across
all routes is maximized. We provide two alternative approaches, where one is based on fixed-sized time slots and the other is based
on variable-sized time slots. For each approach, we derive the provably optimal routing algorithm. We also shed the light on the
arising tradeoff between the complexity of network-layer route computation and the complexity of medium access control (MAC)
layer scheduling of time slots, as well as the amenability to distributed implementation of our proposed algorithms. Our numerical
results further illustrate the efficiency of the proposed approaches and their tradeoffs.

1. Introduction

Multihop wireless networks consist of a set of wireless
devices that communicatewith each other overmultiplewire-
less hops, with participating nodes collaboratively relaying
ongoing traffic. Wireless multihop relaying/routing is the
foundation for the development and deployment of emerging
technologies such as

(i) client mesh networks: a set of client devices (tablets,
phones, and/or laptops) form a multihop network
with peer-to-peer relaying;

(ii) infrastructure wireless mesh networks: wireless rout-
ers/access points are interconnected to provide an
infrastructure/backbone for clients;

(iii) millimeter-wave-based 5G networks: future 5G net-
works are envisioned to depend (among others) on
ultradense small-cell base stations and the use of
millimeter- (mm-) wave spectrum for transmission
[1]. The large bandwidth of mm-wave is also accom-
panied by a high path loss, which necessities the use of
multihop relaying across the small-cell base stations

[2]. Intelligent routing methods will also be needed
for the underlying applications of 5G, e.g., the Internet
of Things (IoT) [3].

The end-to-end spectral efficiency (in bps/Hz) of a com-
munication route is defined as the rate at which data can be
transmitted over the route per unit bandwidth. Therefore, it
is an indication of how efficient the channel bandwidth is
utilized. Since the bandwidth is a scarce resource in wireless
systems, this paper focuses on finding communication routes
with maximum spectral efficiencies. In particular, given
a multihop wireless network consisting of set of wireless
devices and interconnectingwireless links and a set of source-
destination (𝑠-𝑑) pairs of nodes, this paper addresses the
problem of finding a path for each 𝑠-𝑑 pair such that the
minimum spectral efficiency of all paths is maximized.

1.1. Related Work. To the best of our knowledge, this is
the first systematic, comprehensive study to address wireless
spectrum-efficient routing in the case of multiple 𝑠-𝑑 pairs.
Related work is presented in two categories:

(1) wireless spectrum-efficient routing,
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(2) routing for multiple simultaneous 𝑠-𝑑 pairs.

In what follows we summarize the relevant previous work
belonging to both groups.

Spectrum-efficient routing: the recent study in [4] has
introduced the following spectrum-efficient routing problem.
Given a multihop wireless network that employs time divi-
sion multiple access (TDMA) and one 𝑠-𝑑 pair, it finds the
route with maximum spectral efficiency under the constraint
of equal bandwidth sharing. On the one hand, the authors of
[4] noted that simple shortest path algorithms cannot be used
to solve the problem because the resulting routing metric is
not isotonic [5]. On the other hand, exhaustive search has
an exponential computational complexity because it involves
precomputing all paths joining a given node pair. Therefore,
the study in [4] proposed two efficient, yet suboptimal
spectrum-efficient routing heuristics. In [6], we have closed
the algorithmic gap by introducing the first polynomial-
time algorithm that solves the spectrum-efficient routing
problem (originally introduced in [4]) to exact optimality. In
particular, the algorithm presented in [6] has a worst-case
computational complexity of 𝑂(𝑁4), where𝑁 is the number
of nodes.Moreover, we have introduced in [7, 8] an improved
algorithm for the same problem that runs in 𝑂(𝑁3)-time.
Furthermore, we have addressed in [9] the problem of joint
routing and power allocation such that a desired spectral
efficiency is achieved.

All the studies above focused on finding a route from
a given source to a given destination and did not address
the interaction between multiple 𝑠-𝑑 pairs; i.e., they did not
address the multicommodity flow case. The study in [9]
pointed very briefly to the extension to multiple 𝑠-𝑑 pairs for
joint routing and power allocation. In contrast, this current
paper takes a systematic and comprehensive approach to
introduce the multicommodity spectrum-efficient routing
problem, which is far from being fully explored.

Multicommodity flow: finding routes for multiple 𝑠-
𝑑 pairs simultaneously, such that a network-wide objective
is optimized and the link capacities are not exceeded, is
known in the computing literature as the multicommodity
flow problem. In particular, given a network with capacities
on the links, and a set of 𝑠-𝑑 pairs of nodes with associated
traffic demands, the problem is to route the demand of
each 𝑠-𝑑 pair along exactly one route from 𝑠 to 𝑑 with-
out violating/exceeding the link capacities. This problem is
known as the integer multicommodity flow problem, or the
unsplittable flow problem, and is known to be NP-hard.
Readers can refer to [10, 11] for more information. If the
limitation of routing each demand along exactly one route is
relaxed (i.e., each demand can be split across arbitrarily many
routes), the resulting splittable flow problem can be solved
in polynomial-time using linear programming. Readers can
refer to [12] for more information. The problem addressed
in this paper falls in the category of unsplittable flow, which
is in general NP-hard to solve. It is worth noting that the
above-mentioned unsplittable/multicommodity flow litera-
ture is devised for generic network settings, mostly applicable
to wired networks. In this paper, we do not borrow any
general-purpose multicommodity flow algorithm from the

computing literature. However, we devise new polynomial-
time algorithms that harness the special structure of the
spectrum-efficient routing problem and provide provably
optimal solutions.

1.2. Contribution and Paper Outline. In light of the above, the
contribution of this paper can be summarized as follows.

(i) To the best of our knowledge, for the first time, we
address the problem of spectrum-efficient routing in
the case of multiple 𝑠-𝑑 pairs. In particular, given a
multihop wireless network and an arbitrary set of 𝑠-
𝑑 pairs, we address the problem of finding a route
for every 𝑠-𝑑 pair such that the minimum spectral
efficiency across all routes is maximized.

(ii) For the problem above, we provide two alternative
approaches, where one is based on fixed-sized time
slots and the other is based on variable-sized time
slots. For each approach, we derive the provably opti-
mal routing algorithm. En route, our study sheds the
light on the arising tradeoff between the complexity of
network-layer route computation versus the complex-
ity of medium access control (MAC) layer scheduling
of time slots. Our numerical results further illustrate
the efficiency of the proposed approaches, and their
tradeoffs.

The remainder of this paper is organized as follows.
Section 2 discusses the basics and preliminaries. Section 3
presents the problem formulation and provably optimal
algorithm for the fixed time slots approach. The variable-
time-slots-based approach, its problem formulation, and
provably optimal algorithm are presented in Section 4.
Section 5 discusses the tradeoff between the two approaches.
Numerical examples and results are presented in Section 6.
Section 7 concludes the paper.

2. Preliminaries

To avoid the computational intractability of joint optimal
routing and medium access control (MAC) layer scheduling,
and following [4, 6–9], it is assumed that a common channel
is shared among all nodes using TDMAwithout spatial reuse,
i.e., each node transmits in its own unique time slot. It is
demonstrated in [4] that, even though a path is selected
assuming no spatial reuse/interference, applying a scheduling
technique (separately) that allows some spatial reuse to the
selected path can further improve the spectral efficiency. In
other words, our framework can still benefit from spatial
reuse. It is worth noticing that the MAC layer of the IEEE
802.16 mesh protocol, for example, is based on TDMA (see,
e.g., [13]).

A multihop wireless network is modeled as a graph 𝐺 =
(𝑉, 𝐸), where 𝑉 represents the set of nodes (vertices) and 𝐸
represents the set of links (edges). We let 𝑙 ∈ 𝐸 signify a link
in the network. We also let𝑁 = |𝑉| and𝑀 = |𝐸| denote the
number of nodes and links, respectively.

Following [4, 6, 8], we consider the setting in which all
transmit devices are constrained by the same symbol-wise
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average transmit power 𝑃 and assume that all devices trans-
mit with power 𝑃 when transmitting. A possible justification
for this assumption is that nodes in infrastructure wireless
mesh networks are mostly immobile and connected with
abundant power supplies. Therefore, for a link 𝑙 ∈ 𝐸, the
signal-to-noise ratio (SNR) is given by

𝑆𝑁𝑅𝑙 = 𝑃𝐺𝑙
𝑁0𝐵, (1)

where 𝐺𝑙 is the path gain from the sender of link 𝑙 to the
receiver of link 𝑙, 𝑁0 is the normalized one-sided power
spectral density of the additive white Gaussian noise (at any
receiver in the network), and 𝐵 is the finite bandwidth of the
wireless channel.

Now, assume 𝐾 simultaneous 𝑠-𝑑 pairs are using the
network. Each 𝑠-𝑑pair 𝑖 = 1, 2, . . . , 𝐾has a source node 𝑠𝑖 ∈ 𝑉
and a destination node 𝑑𝑖 ∈ 𝑉. We also letL𝑖 denote the set
of all routes from 𝑠𝑖 to 𝑑𝑖. Moreover, we let 𝐿 𝑖 ∈ L𝑖 signify a
route from 𝑠𝑖 to 𝑑𝑖.

Finally, the spectral efficiency of an arbitrary path 𝐿 in the
network is defined as the bandwidth-normalized end-to-end
data rate [4]. In other words,

𝑅 (𝐿) = 𝐶 (𝐿)
𝐵 , (2)

where 𝑅(𝐿) is the spectral efficiency (in bps/Hz) of path 𝐿,
𝐶(𝐿) is the end-to-end achievable rate (in bps) for path 𝐿, and
𝐵 is the channel bandwidth (in Hz).

3. Fixed-Sized Time Slots

The studies in [4, 6–9] focused on a single 𝑠-𝑑 route and
assumed the bandwidth is shared equally among its links via
TDMA. In other words, each link transmits in its own unique
time slot, where the time slots are of fixed size. One way to
extend this equal bandwidth sharing to the multicommodity
case is to maintain the assumption that the time frame is
divided equally among all links of the different 𝑠-𝑑 routes.
In particular, if 𝑠-𝑑 pairs 𝑖 = 1, 2, . . . , 𝐾 are served by routes
𝐿1, 𝐿2, . . . , 𝐿𝐾, respectively, then any link on any of the 𝐾
routes will transmit for a fraction of 1/∑𝐾𝑖=1 |𝐿 𝑖| of the time,
where |𝐿 𝑖| is the number of hops/links in route 𝐿 𝑖. In other
words, the time framewill be divided into∑𝐾𝑖=1 |𝐿 𝑖| fixed-sized
slots, where each slot has a length 1/∑𝐾𝑖=1 |𝐿 𝑖| of the frame
length.

3.1. Problem Formulation. In light of the above discussion,
the TDMA end-to-end achievable data rate on path 𝐿 𝑖 can be
expressed using the well-known Shannon capacity formula as

𝐶 (𝐿 𝑖) = 𝐵
∑𝐾𝑖=1 𝐿 𝑖

min
𝑙∈𝐿 𝑖

log(1 + 𝑃𝐺𝑙
𝑁0𝐵) . (3)

Note that the factor 1/∑𝐾𝑖=1 |𝐿 𝑖| comes from the sharing of the
bandwidth equally among all links (of all routes), i.e., each
link on any route is allocated a time fraction of 1/∑𝐾𝑖=1 |𝐿 𝑖|
for transmission. Note also that the minimum function in

(3) results from the fact that the end-to-end data rate of any
path 𝐿 𝑖 is equal to the data rate achieved by its bottleneck
link. Using (2), the spectral efficiency of path 𝐿 𝑖 can, thus,
be expressed as follows:

𝑅 (𝐿 𝑖) = 1
∑𝐾𝑖=1 𝐿 𝑖

min
𝑙∈𝐿 𝑖

log(1 + 𝑃𝐺𝑙
𝑁0𝐵) . (4)

Consequently, the minimum spectral efficiency, 𝑅𝑚𝑖𝑛, across
all active routes (𝐿1, 𝐿2, . . . , 𝐿𝐾) can be expressed as

𝑅𝑚𝑖𝑛 (𝐿1, 𝐿2, . . . , 𝐿𝐾)
= 1
∑𝐾𝑖=1 𝐿 𝑖

min
𝑙∈{𝐿 𝑖:𝑖=1,2,...,𝐾}

log(1 + 𝑃𝐺𝑙
𝑁0𝐵)

(5)

Note that log(1 + 𝑃𝐺𝑙/𝑁0𝐵) can be viewed as the
width of any link 𝑙. Consequently, min𝑙∈{𝐿 𝑖:𝑖=1,2,...,𝐾} log(1 +𝑃𝐺𝑙/𝑁0𝐵) is the smallest link width used by the set of routes
𝐿1, 𝐿2, . . . , 𝐿𝐾. In other words, the latter represents the width
of the narrowest route among 𝐿1, 𝐿2, . . . , 𝐿𝐾. To simplify our
notation and algorithm development, we use the following
substitution:

𝑤 (𝐿1, 𝐿2, . . . , 𝐿𝐾) = min
𝑙∈{𝐿 𝑖:𝑖=1,2,...,𝐾}

log(1 + 𝑃𝐺𝑙
𝑁0𝐵) . (6)

In other words, 𝑤(𝐿1, 𝐿2, . . . , 𝐿𝐾) is the smallest link width
used by the set of routes 𝐿1, 𝐿2, . . . , 𝐿𝐾; i.e., it represents
the width of the narrowest route among 𝐿1, 𝐿2, . . . , 𝐿𝐾
using log(1 + 𝑃𝐺𝑙/𝑁0𝐵) as link widths. Consequently, the
minimum spectral efficiency, 𝑅𝑚𝑖𝑛, across all active routes
(𝐿1, 𝐿2, . . . , 𝐿𝐾) can be rewritten as

𝑅𝑚𝑖𝑛 (𝐿1, 𝐿2, . . . , 𝐿𝐾) = 𝑤 (𝐿1, 𝐿2, . . . , 𝐿𝐾)
∑𝐾𝑖=1 𝐿 𝑖

. (7)

Therefore, the problem of jointly finding routes for 𝑠-𝑑
pairs 1, 2, . . . , 𝐾 such that the minimum spectral efficiency
across all routes is maximized can be cast as the following
optimization problem:

max
𝐿 𝑖∈L𝑖 ∀1≤𝑖≤𝐾

𝑤 (𝐿1, 𝐿2, . . . , 𝐿𝐾)
∑𝐾𝑖=1 𝐿 𝑖

. (8)

It is worth noting that problem (8) cannot be solved
using standard shortest pathmethods as the resulting routing
metric is not isotonic [5]. In particular, evenwith one 𝑠-𝑑 pair,
the routing metric of (8) is not isotonic. See, e.g., [4, 6]. In
what follows, we develop a polynomial-time algorithm that
provides provably optimal solutions to (8).

3.2. Algorithm. The main idea of the proposed algorithm is
an extension of the single 𝑠-𝑑 pair case [6]. In fact, even for
multiple paths 𝐿1, 𝐿2, . . . , 𝐿𝐾, the value of 𝑤(𝐿1, 𝐿2, . . . , 𝐿𝐾)
takes one of finite possible values. It is readily seen from (6)
that 𝑤(𝐿1, 𝐿2, . . . , 𝐿𝐾) ∈ 𝑊, where 𝑊 is the set of all link
widths in the network; i.e.,

𝑊 = {log(1 + 𝑃𝐺𝑙
𝑁0𝐵) : 𝑙 ∈ 𝐸} . (9)
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Recall that 𝐸 is the set of links in the network. Since |𝑊| =
𝑀 = 𝑂(𝑁2), 𝑤(𝐿1, 𝐿2, . . . , 𝐿𝐾) can take at most𝑀 = 𝑂(𝑁2)
values.

The main result follows.

Theorem 1. Let the set of routes (𝐿∗1, 𝐿∗2, . . . , 𝐿∗𝐾) denote the
optimal solution to the original multicommodity spectrum-
efficient routing problem (8). Let also the set of routes (𝐿𝑎1, 𝐿𝑎2,. . . , 𝐿𝑎𝐾) denote the optimal solution to the following modified
problem:

max
𝐿 𝑖∈L𝑖 ∀1≤𝑖≤𝐾
𝑤(𝐿1 ,𝐿2,...,𝐿𝐾)≥𝑎

𝑎
∑𝐾𝑖=1 𝐿 𝑖

. (10)

Then
𝑅𝑚𝑖𝑛 (𝐿∗1, 𝐿∗2, . . . , 𝐿∗𝐾) = max

𝑎∈𝑊
𝑅𝑚𝑖𝑛 (𝐿𝑎1, 𝐿𝑎2, . . . , 𝐿𝑎𝐾) . (11)

Proof. First, let the set of routes (�̂�𝑎1, �̂�𝑎2, . . . , �̂�𝑎𝐾) be an
optimal solution to the following subproblem:

max
𝐿 𝑖∈L𝑖 ∀1≤𝑖≤𝐾
𝑤(𝐿1 ,𝐿2,...,𝐿𝐾)=𝑎

𝑤 (𝐿1, 𝐿2, . . . , 𝐿𝐾)
∑𝐾𝑖=1 𝐿 𝑖

. (12)

Note that (12) is the same as (8) with the additional constraint
that 𝑤(𝐿1, 𝐿2, . . . , 𝐿𝐾) = 𝑎. By the divide-and-conquer
principle [14], and since the union of the sets {𝐿 𝑖 ∈ L𝑖 :1 ≤ 𝑖 ≤ 𝐾,𝑤(𝐿1, 𝐿2, . . . , 𝐿𝐾) = 𝑎}, over all possible values
of 𝑎 ∈ 𝑊, covers the route set {𝐿 𝑖 ∈ L𝑖 : 1 ≤ 𝑖 ≤ 𝐾}, the
following is true:

𝑅𝑚𝑖𝑛 (𝐿∗1, 𝐿∗2, . . . , 𝐿∗𝐾) = max
𝑎∈𝑊

𝑅𝑚𝑖𝑛 (�̂�𝑎1, �̂�𝑎2, . . . , �̂�𝑎𝐾) . (13)

Note that 𝑅𝑚𝑖𝑛(𝐿∗1, 𝐿∗2, . . . , 𝐿∗𝐾) and 𝑅𝑚𝑖𝑛(�̂�𝑎1, �̂�𝑎2, . . . , �̂�𝑎𝐾) rep-
resent the optimal objective function values of (8) and (12),
respectively.

Moreover, by substituting the equality constraint 𝑤(𝐿1,𝐿2, . . . , 𝐿𝐾) = 𝑎 in its objective function, (12) is equivalent
to

max
𝐿 𝑖∈L𝑖 ∀1≤𝑖≤𝐾
𝑤(𝐿1 ,𝐿2,...,𝐿𝐾)=𝑎

𝑎
∑𝐾𝑖=1 𝐿 𝑖

. (14)

Now, it is readily seen that (10) is a relaxation of (14). There-
fore, if (𝐿𝑎1, 𝐿𝑎2, . . . , 𝐿𝑎𝐾) and (�̂�𝑎1, �̂�𝑎2, . . . , �̂�𝑎𝐾) are the optimal
solutions to (10) and (14), respectively, then 𝑎/∑𝐾𝑖=1 |𝐿𝑎𝑖 | ≥𝑎/∑𝐾𝑖=1 |�̂�𝑎𝑖 |. The latter implies that

𝐾

∑
𝑖=1

𝐿𝑎𝑖  ≤
𝐾

∑
𝑖=1

�̂�𝑎𝑖  . (15)

Now, the following is true:

𝑅𝑚𝑖𝑛 (𝐿∗1, . . . , 𝐿∗𝐾) = max
𝑎∈𝑊

𝑤(�̂�𝑎1, �̂�𝑎2, . . . , �̂�𝑎𝐾)
∑𝐾𝑖=1 �̂�𝑎𝑖 

= max
𝑎∈𝑊

𝑎
∑𝐾𝑖=1 �̂�𝑎𝑖 

≤ max
𝑎∈𝑊

𝑤 (𝐿𝑎1, 𝐿𝑎2, . . . , 𝐿𝑎𝐾)
∑𝐾𝑖=1 𝐿𝑎𝑖 

(16)

Note that the first equality comes directly from (13). The
second equality comes from the fact that the route set (�̂�𝑎1, �̂�𝑎2,. . . , �̂�𝑎𝐾) is feasible for (12). The inequality comes from (15)
and from the fact that the route set (𝐿𝑎1, 𝐿𝑎2, . . . , 𝐿𝑎𝐾) is feasible
for (10). Consequently, (16) implies that

𝑅𝑚𝑖𝑛 (𝐿∗1, 𝐿∗2, . . . , 𝐿∗𝐾) ≤ max
𝑎∈𝑊

𝑅𝑚𝑖𝑛 (𝐿𝑎1, 𝐿𝑎2, . . . , 𝐿𝑎𝐾) . (17)

Since, among all route sets {𝐿 𝑖 ∈ L𝑖 : 1 ≤ 𝑖 ≤ 𝐾}, (𝐿∗1,𝐿∗2, . . . , 𝐿∗𝐾) is the route set which maximizes the minimum
spectral efficiency, (17) must hold with strict equality. This
completes the proof.

In light of Theorem 1, the multicommodity spectrum-
efficient routing problem (8) can be solved using the follow-
ing procedure:

(i) For every 𝑎 ∈ 𝑊, find the route set (𝐿𝑎1, 𝐿𝑎2,. . . , 𝐿𝑎𝐾) by solving (10).

(ii) Return the route set (𝐿∗1, 𝐿∗2, . . . , 𝐿∗𝐾) =
argmax𝑎∈𝑊𝑅𝑚𝑖𝑛(𝐿𝑎1, 𝐿𝑎2, . . . , 𝐿𝑎𝐾).

Recall that, in the above procedure, 𝑊 is the set of link
widths given by (9), and 𝑅𝑚𝑖𝑛 is given by (7). The only
remaining issue to show is how to solve (10). Note that, for
a given 𝑎 ∈ 𝑊, maximizing 𝑎/∑𝐾𝑖=1 |𝐿 𝑖| is equivalent to mini-
mizing ∑𝐾𝑖=1 |𝐿 𝑖|. Moreover, the latter is minimized if every
𝑠-𝑑 pair 𝑖 minimizes |𝐿 𝑖|. Consequently, problem (10) is
equivalent to finding the minimum-hop path for every 𝑠-𝑑
pair 1 ≤ 𝑖 ≤ 𝐾, such that the minimum link width across all
paths is not less than 𝑎. Therefore, for a given value of 𝑎, (10)
can be solved as follows:

(i) Remove all links 𝑙 ∈ 𝐸 for which log(1 + P𝐺𝑙/𝑁0𝐵) <𝑎. In the remaining graph, obtain the minimum-hop
path for every 𝑠-𝑑 pair 1 ≤ 𝑖 ≤ 𝐾.

In light of the above discussion, problem (8) can be solved
by the following algorithm.

Algorithm Equal-Time-Slots

(1) Let 𝑊 = {log(1+𝑃𝐺𝑙/𝑁0𝐵) : 𝑙 ∈ 𝐸}. For every 𝑎 ∈
𝑊, do:

(a) For every 𝑠 − 𝑑 pair 𝑖 = 1, 2, . . . , 𝐾, do:
(i) Remove all links 𝑙 ∈

𝐸 for which log(1 + 𝑃𝐺𝑙/𝑁0𝐵) < 𝑎.
(ii) In the remaining graph, find 𝐿𝑎𝑖 ,

the minimum-hop path from source 𝑠𝑖
to destination 𝑑𝑖.

(b) Let 𝑅𝑚𝑖𝑛(𝐿𝑎1, 𝐿𝑎2, . . . , 𝐿𝑎𝐾) = 𝑤(𝐿𝑎1, 𝐿𝑎2, . . . , 𝐿𝑎𝐾)/∑𝐾𝑖=1 |𝐿𝑎𝑖 |.
(2) Return the path set with largest 𝑅𝑚𝑖𝑛(𝐿𝑎1, 𝐿𝑎2,

. . ., 𝐿𝑎𝐾).
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3.3. Observations. The following observations are in order
regarding algorithm Equal-Time-Slots.

(i) Step (1a) of algorithm Equal-Time-Slots can be imple-
mented by each 𝑠−𝑑 pair independently, and without
any coordination with the other 𝑠 − 𝑑 pairs. In
particular, 𝑠 − 𝑑 pair 𝑖 (or more precisely source node
𝑠𝑖) obtains its path 𝐿𝑎𝑖 independently.

(ii) Step (1b), however, requires knowledge about all
𝑠 − 𝑑 pairs. Therefore, it can be implemented by a
centralized entity which knows the hop-count |𝐿𝑎𝑖 | of
every path 𝐿𝑎𝑖 . Alternatively, it requires that all 𝑠 − 𝑑
pairs (or source nodes) exchange their information
about |𝐿𝑎𝑖 | with all other nodes using flooding, or any
other means of all-to-all communication.

(iii) At the MAC layer, the resulting set of paths will
require dividing the time frame into ∑𝐾𝑖=1 |𝐿∗𝑖 | equal-
sized time slots.This simplicity ofMAC layer schedul-
ing comes at the expense of the necessity of coordina-
tion between 𝑠 − 𝑑 pairs during network-layer path
computation.

(iv) The computational complexity of algorithm Equal-
Time-Slots is dominated by the complexity of invoking
a shortest path procedure |𝑊| = 𝑀 times, as in step
(1a). Note that step (1a) can be implemented by the
different 𝑠-𝑑 pairs in parallel. Since the number of
links𝑀 is of𝑂(𝑁2), where𝑁 is the number of nodes,
and if the Dijkstra shortest path algorithm is used in
every iteration, the overall complexity of algorithm
Equal-Time-Slots is 𝑂(𝑁2 ⋅ 𝑁2) = 𝑂(𝑁4).

4. Variable-Sized Time Slots

Analternative approach to accommodatingmultiple 𝑠-𝑑pairs
under the condition of equal bandwidth sharing is to divide
the time frame equally among 𝑠-𝑑 pairs (as opposed to
dividing the time equally among the links). In other words,
every 𝑠-𝑑 pair/path will transmit for a fraction of 1/𝐾 of the
time (assuming 𝐾 𝑠-𝑑 pairs). Consequently, if 𝑠-𝑑 pair 𝑖 uses
path 𝐿 𝑖, then every link along this path will transmit for a
fraction of 1/𝐾|𝐿 𝑖| of the time. Since different 𝑠-𝑑 pairs may
use paths with different hop-counts, their respective links
may use time slots of different sizes.

In this case, the end-to-end spectral efficiency of route 𝐿 𝑖
serving 𝑠-𝑑 pair 𝑖 can be expressed as

𝑅 (𝐿 𝑖) = 1
𝐾 𝐿 𝑖min

𝑙∈𝐿 𝑖
log(1 + 𝑃𝐺𝑙

𝑁0𝐵) . (18)

Note that the factor 1/𝐾|𝐿 𝑖| comes from the fact that every
link 𝑙 ∈ 𝐿 𝑖 transmits for a fraction of 1/𝐾|𝐿 𝑖| of the time.
Note also that the minimum function in (18) results from the
fact that the end-to-end data rate of any path 𝐿 𝑖 is equal to the
data rate achieved by its bottleneck link. It isworth noting that
the spectral efficiency for 𝑠-𝑑 pair 𝑖 depends on the hop-count
|𝐿 𝑖| of its own path 𝐿 𝑖 only. This is in contrast to the case of
equal time slots, where the spectral efficiency for any 𝑠-𝑑 pair
𝑖 depends on the hop-counts of all 𝑠-𝑑 paths 𝐿1, 𝐿2, . . . , Ł𝐾.

The problem of maximizing the minimum spectral effi-
ciency across all 𝑠-𝑑 pairs can, thus, be expressed as

max
𝐿 𝑖∈L𝑖 ∀1≤𝑖≤𝐾

min
1≤𝑖≤𝐾

𝑅 (𝐿 𝑖) , (19)

where 𝑅(𝐿 𝑖) is given by (18). It is not hard to see that the
minimum spectrum efficiency will be maximized if every 𝑠-
𝑑 pair 𝑖maximizes its individual spectral efficiency 𝑅(𝐿 𝑖). In
otherwords, every 𝑠-𝑑 pair 𝑖 solves the following optimization
problem:

max
𝐿 𝑖∈L𝑖

1
𝐾 𝐿 𝑖min

𝑙∈𝐿 𝑖
log(1 + 𝑃𝐺𝑙

𝑁0𝐵) . (20)

Moreover, since, for any number of 𝑠-𝑑 pairs,𝐾 is a constant,
solving (20) is equivalent to solving the single 𝑠-𝑑 pair
problem.The best known algorithm for solving (20) has been
introduced in [8], and can be summarized as follows.

Algorithm Variable-Time-Slots
For every 𝑠-𝑑 pair 𝑖 = 1, 2, . . . , 𝐾, do:
(1) For ℎ = 1, 2, . . . , 𝑁 − 1, do:

(a) Find 𝐿ℎ𝑖, the widest path with at most ℎ
hops connecting 𝑠𝑖 to 𝑑𝑖, using log(1 +
𝑃𝐺𝑙/𝑁0𝐵) as link labels.

(b) Let 𝑅(𝐿ℎ𝑖 ) = (1/𝐾|𝐿ℎ𝑖 |)min𝑙∈𝐿ℎ
𝑖

log(1 + 𝑃𝐺𝑙/𝑁0𝐵).
(2) Return the path with largest 𝑅(𝐿ℎ𝑖 ).
The following observations are in order regarding algo-

rithm Variable-Time-Slots.

(i) The algorithm can be implemented by each 𝑠-𝑑 pair
in a completely independent manner. In other words,
𝑠-𝑑 pairs are completely isolated and there is no need
for coordination and/or a centralized component.

(ii) The number of 𝑠-𝑑 pairs 𝐾 does not affect the
computation of the optimal paths. In particular, for
any number of 𝑠-𝑑 pairs,𝐾 is a constant, and thus

argmax
𝐿 𝑖∈L𝑖

1
𝐾 𝐿 𝑖min

𝑙∈𝐿 𝑖
log(1 + 𝑃𝐺𝑙

𝑁0𝐵)

= argmax
𝐿 𝑖∈L𝑖

1𝐿 𝑖min
𝑙∈𝐿 𝑖

log(1 + 𝑃𝐺𝑙
𝑁0𝐵) .

(21)

In other words, every 𝑠-𝑑 pair computes its optimal
path regardless of howmany other 𝑠-𝑑 pairs exist, and
the optimal paths do not change with the change of
the number of 𝑠-𝑑 pairs.

(iii) The number of 𝑠-𝑑 pairs 𝐾, however, is needed for
MAC layer scheduling. In particular, every 𝑠-𝑑 pair
transmits for 1/𝐾 of the time, and every link 𝑙 ∈ 𝐿 𝑖
used by 𝑠-𝑑 pair 𝑖 transmits for a fraction of 1/𝐾|𝐿 𝑖|
of the time.

(iv) Since the paths used by different 𝑠-𝑑 pairs may have
different hop-counts, the resulting time slots may be
of different durations.
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(v) The algorithm can be implemented by the different
𝑠-𝑑 pairs in parallel. Note also that shortest path
algorithms can be modified to compute the widest
path. See, e.g., [15]. Moreover, it is worth noticing
that the Bellman-Ford shortest path algorithm, in
its ℎ𝑡ℎ iteration, computes the shortest (or widest)
path with at most ℎ hops. Consequently, algorithm
Variable-Time-Slots can be implemented by invoking
the Bellman-Ford procedure only once. The overall
complexity of algorithm Variable-Time-Slots is, thus,
𝑂(𝑁3).

Note that dynamically partitioning the TDMA frame into
a set of variable-length transmission slots is possible. See, e.g.,
[9, 16]. As an example of the resulting MAC strategy, let the
number of 𝑠-𝑑pairs be 3. Assume also that applying algorithm
Variable-Time-Slots results in paths 𝐿1, 𝐿2, and 𝐿3 for the 3 𝑠-𝑑 pairs, where |𝐿1| = 3, |𝐿2| = 2, and |𝐿3| = 4, respectively.
The time frame will, thus, be divided into 3 + 2 + 4 = 9 slots.
The normalized slot size is 1/(3 × 3) = 1/9 for the first 3 slots
(used by path 𝐿1), 1/(3 × 2) = 1/6 for the following 2 slots
(used by path 𝐿2), and 1/(3 × 4) = 1/12 for the last 4 slots
(used by path 𝐿3). In other words, the normalized sizes of
the 9 slots are 1/9, 1/9, 1/9, 1/6, 1/6, 1/12, 1/12, 1/12, and 1/12,
respectively.

In contrast, however, assume that algorithm Equal-Time-
Slots results in paths 𝐿1, 𝐿2, and 𝐿3 for the 3 𝑠-𝑑 pairs, where
|𝐿1| = 3, |𝐿2| = 2, and |𝐿3| = 4, respectively. In this case, the
time frame will be divided into 3 + 2 + 4 = 9 slots, where the
normalized size of each slot is precisely 1/9.

5. Tradeoffs

In this section we summarize the main differences and
tradeoffs between algorithms Equal-Time-Slots and Variable-
Time-Slots.

(i) Distributed implementation: algorithm Equal-
Time-Slots has a component that requires centralized
knowledge of the paths computed by all 𝑠-𝑑 pairs
(in every iteration of the algorithm). Alternatively,
coordination and exchange of information is required
among 𝑠-𝑑 pairs. Algorithm Variable-Time-Slots,
however, can be implemented in a fully distributed
fashion among 𝑠-𝑑 pairs. No coordination is required
among 𝑠-𝑑 pairs in their path computation.

(ii) Synchronization: as described above, algorithm
Equal-Time-Slots is based on the centralized (or coor-
dinated) knowledge of the paths 𝐿𝑎𝑖 for all 𝑠-𝑑 pairs
𝑖 = 1, 2, . . . , 𝐾. This implicitly implies that all existing
𝑠-𝑑 pairsmustmake their path computation decisions
(i.e., invoke their algorithms) in a synchronized way;
any 𝑠-𝑑 pair cannot obtain its optimal path without
the results of the other 𝑠-𝑑 pairs. Algorithm Variable-
Time-Slots, however, does not require this synchro-
nization. Any 𝑠-𝑑 pair can compute its optimal path
regardless of the other 𝑠-𝑑 pairs. In fact, optimal path
computation does not even require the knowledge of
the number of existing 𝑠-𝑑 pairs 𝐾. The optimal path

in case of only one 𝑠-𝑑 pair would remain optimal in
the presence of any number of 𝑠-𝑑 pairs 𝐾. Knowing
𝐾 is necessary in the transmission (MAC) scheduling
phase only.

(iii) MAC scheduling: algorithm Equal-Time-Slots results
in TDMA transmission frames with equal time slots,
while algorithmVariable-Time-Slots results in TDMA
transmission frames with variable time slots.

(iv) Complexity: the complexity of Equal-Time-Slots is
𝑂(𝑁4), while the complexity of Variable-Time-Slots is
𝑂(𝑁3).

It is worth noting that both algorithms (Equal-Time-Slots
and Variable-Time-Slots) require the value of the link SNRs
(𝑃𝐺𝑙/𝑁0𝐵) to be known at the source nodes computing their
respective paths. In practice, the link SNR can be directly
measured by received signal strength indicators available on
most devices [4], and fed back to the transmitters. Nodes can
then exchange their knowledge about the values of 𝑃𝐺𝑙/𝑁0𝐵
for their outgoing links using a distributed link-state protocol.
Please refer to [9] for further elaboration.

In the following section we provide a numerical study
on the performance of both proposed approaches and their
tradeoffs.

6. Numerical Results

We consider multihop wireless networks, in which the
nodes are located at random positions in a 100 × 100 two-
dimensional area. Without loss of generality, it is assumed
that any two nodes can directly communicate; i.e., the
network is fully connected. Note that, from an information
theoretic point of view, two nodes can always communicate
at a sufficiently low rate [4, 17]. The path gain 𝐺𝑙 of each link
𝑙 is assumed to be given by

𝐺𝑙 = 𝑐 ⋅ 𝐴 𝑙 ⋅ (max {𝑑𝑙, 𝑑0})−4 , (22)

where 𝑑𝑙 is the length of link 𝑙, 𝑑0 is the reference distance
for the far-field, 𝐴 𝑙 is a log-normally distributed random
variable (with 0-dBmean and 8-dB log-variance) that reflects
shadowing, and 𝑐 is a constant. Without loss of generality, we
set 𝑑0 = 0.1 and 𝑐 = 0.01.We test our proposed algorithms on
random and independent network realizations, where in each
realization the horizontal and vertical coordinates of each
node are chosen randomly (and independently) according to
a uniform distribution between 0 and 100, and the path gains
are generated randomly (and independently) according to
(22). Among the randomly generated nodes, a set of 𝑠-𝑑 pairs
is chosen at random. Furthermore, for each tested scenario,
we average our results over 104 random network realizations.
In other words, every point in each of the following result
figures is averaged over 104 random network realizations.

The simulation parameters are summarized in Table 1
(note that 𝐸(⋅) and 𝑉(⋅) denote the expected value and
variance of a random variable, respectively).

6.1. Effect of the Network Size. First, we vary the number of
nodes in the network (𝑁) from 5 to 30. For every value of𝑁,
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Table 1: Simulation parameters.

Parameter Value
Path gain (𝐺𝑙) Equation (22)
Path gain constant (𝑐) 0.01
Far-field reference distance (𝑑0) 0.1
Shadowing (𝐴 𝑙) log-normal distribution
𝐸(10 log𝐴 𝑙) 0 dB
𝑉(10 log𝐴 𝑙) 8 dB
Node positions random in 100 × 100 area
Number of nodes (𝑁) 5 to 30
Number of 𝑠-𝑑 pairs (𝐾) 5 to 20
Network SNR (𝑃/𝑁0𝐵) -20 dB to 80 dB
Simulation software MATLAB R2017a
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Figure 1: Minimum spectral efficiency among all 𝑠-𝑑 routes
obtained using algorithms Equal-Time-Slots and Variable-Time-
Slots, respectively, versus the number of network nodes.

we let the number of 𝑠-𝑑pairs (𝐾) be 5, andwe set the network
SNR (𝑃/𝑁0𝐵) to 80 dB. Figure 1 depicts theminimum spectral
efficiency among all 𝑠-𝑑 routes obtained using algorithms
Equal-Time-Slots and Variable-Time-Slots, respectively. It is
clearly seen that algorithm Equal-Time-Slots results in higher
worst-case spectral efficiencies. In particular, the minimum
source-destination (𝑠-𝑑) spectral efficiency resulting from
algorithm Equal-Time-Slots is from 29.23% to 39.2% higher
than that of algorithm Variable-Time-Slots. Averaged over
all experiments for different values of 𝑁, the minimum 𝑠-𝑑
spectral efficiency resulting from algorithm Equal-Time-Slots
is 36% higher than that of algorithm Variable-Time-Slots.

Moreover, Figure 2 depicts the average spectral efficiency
across all 𝑠-𝑑 routes obtained using algorithms Equal-Time-
Slots and Variable-Time-Slots, respectively. It is straightfor-
ward to see that algorithm Variable-Time-Slots results in
higher average spectral efficiencies. In particular, the average
𝑠-𝑑 spectral efficiency resulting from algorithm Variable-
Time-Slots is from 29.88% to 64.2% higher than that of
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Figure 2: Average spectral efficiency among all 𝑠-𝑑 routes obtained
using algorithms Equal-Time-Slots and Variable-Time-Slots, respec-
tively, versus the number of network nodes.

algorithm Equal-Time-Slots. Averaged over all experiments
for different values of 𝑁, the average 𝑠-𝑑 spectral efficiency
resulting from algorithmVariable-Time-Slots is 57.27% higher
than that of algorithm Equal-Time-Slots. In short, although
algorithm Equal-Time-Slots has a better worst-case perfor-
mance (as seen in Figure 1), algorithm Variable-Time-Slots
has a significantly better average performance (as seen in
Figure 2).

Finally, we provide a comparison between the running
times of algorithms Equal-Time-Slots andVariable-Time-Slots
per 𝑠-𝑑 pair. For fairness of comparison, we compare the
overall running time of algorithm Variable-Time-Slots with
the running time of the distributed component of algorithm
Equal-Time-Slots (i.e., Step (1a), which can be implemented
by each 𝑠-𝑑 pair in isolation). In other words, the running
time of the centralized component of algorithm Equal-Time-
Slots is excluded from the comparison. The running times of
both algorithms are depicted in Figure 3. In fact, the (per
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Figure 3: Running times of algorithms Equal-Time-Slots and
Variable-Time-Slots.
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Figure 4: Minimum spectral efficiency among all 𝑠-𝑑 routes
obtained using algorithms Equal-Time-Slots and Variable-Time-
Slots, respectively, versus the number of 𝑠-𝑑 pairs.

𝑠-𝑑 pair) average running time of algorithm Variable-Time-
Slots is 0.44milliseconds, while that of algorithmEqual-Time-
Slots is 0.13 seconds. In other words, although the centralized
component of algorithmEqual-Time-Slotswasnot considered
in this comparison, the running time of algorithm Variable-
Time-Slots is on average 99.23% lower than that of algorithm
Equal-Time-Slots.

6.2. Effect of Number of 𝑠-𝑑 Pairs. Now, we vary the number
of 𝑠-𝑑 pairs (𝐾) from 5 to 20, while the number of nodes is
fixed at 𝑁 = 20 and the network SNR is fixed at 80 dB. The
results for minimum and average spectral efficiencies across
all 𝑠-𝑑 routes are depicted in Figures 4 and 5, respectively.
Again, it can be easily seen that algorithm Equal-Time-Slots
has a better worst-case performance (as seen in Figure 4),
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Figure 5: Average spectral efficiency among all 𝑠-𝑑 routes obtained
using algorithms Equal-Time-Slots and Variable-Time-Slots, respec-
tively, versus the number of 𝑠-𝑑 pairs.

while algorithm Variable-Time-Slots has a significantly better
average performance (as seen in Figure 5). In particular, the
minimum spectral efficiency across all 𝑠-𝑑 routes obtained by
algorithm Equal-Time-Slots is from 38.17% to 59.66% higher
than that obtained by algorithm Variable-Time-Slots. Aver-
aged over all experiments, the minimum spectral efficiency
resulting from algorithm Equal-Time-Slots is 50.62% higher
than that resulting from algorithm Variable-Time-Slots. On
the other hand, the average spectral efficiency across all 𝑠-𝑑
routes resulting from algorithm Variable-Time-Slots is from
62.29% to 78.19% higher than that resulting from algorithm
Variable-Time-Slots. Averaged over all experiments, algo-
rithm Variable-Time-Slots results in 73.50% higher average
spectral efficiencies than algorithm Equal-Time-Slots.

6.3. Effect of the Network SNR. Now, we vary the network
SNR from -20 dB to 80 dB, while the number of nodes is fixed
at𝑁 = 20 and the number of 𝑠-𝑑 pairs is fixed at 𝐾 = 5. The
results for minimum and average spectral efficiencies across
all 𝑠-𝑑 routes are depicted in Figures 6 and 7, respectively.
In consistency with all other results, algorithm Equal-Time-
Slots consistently shows a better worst-case performance (as
seen in Figure 6), while algorithm Variable-Time-Slots shows
a consistently and significantly better average performance
(as seen in Figure 7). In particular, the improvement inworst-
case spectral efficiencies due to algorithm Equal-Time-Slots is
between 37.96% and 38.24% (with an average improvement
of 37.93% across all experiments). However, the improvement
in average spectral efficiencies due to algorithm Variable-
Time-Slots is between 65.18% and 136.37% (with an average
improvement of 129.20% across all experiments).

6.4. Comparison against Benchmarks. Finally, we assess the
performance of our proposed algorithms in comparison to
existing techniques. To this end, we use the following two
benchmarks.
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Figure 6: Minimum spectral efficiency among all 𝑠-𝑑 routes
obtained using algorithms Equal-Time-Slots and Variable-Time-
Slots, respectively, versus the network SNR.
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Figure 7: Average spectral efficiency among all 𝑠-𝑑 routes obtained
using algorithms Equal-Time-Slots and Variable-Time-Slots, respec-
tively, versus the network SNR.

(i) We compare our algorithms against the spectral
efficiency resulting from routing every 𝑠-𝑑 pair along
the direct link from 𝑠 to 𝑑. Since all resulting routes
are one hop long, dividing the time frame equally
between 𝑠-𝑑 pairs or between transmission links is
equivalent.Therefore, direct link routing is compared
against both proposed algorithms Equal-Time-Slots
and Variable-Time-Slots.

(ii) We also compare our algorithms against the spectral
efficiency resulting from routing every 𝑠-𝑑 pair inde-
pendently using the distributed spectrum-efficient
routing (DSER) algorithm introduced in [4]. DSER
[4] operates by simply finding a shortest path from
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Figure 8: Minimum spectral efficiency among all 𝑠-𝑑 routes
obtained using algorithms Equal-Time-Slots andVariable-Time-Slots
compared against direct link routing.

the source to the destination using (1 + 2𝛾/𝑆𝑁𝑅𝑙) as
the link metric, where 𝛾 is the path-loss exponent.
Here, 𝛾 = 4. It is assumed that the time frame is
divided equally among 𝑠-𝑑 pairs, resulting in variable-
length time slots for individual link transmissions.
Therefore, DSER is compared against our proposed
algorithm Variable-Time-Slots.

To compare them against direct link routing, we vary the
number of 𝑠-𝑑 pairs 𝐾 from 5 to 20, while the number of
nodes is fixed at 𝑁 = 20 and the network SNR is fixed at 80
dB.The results for minimum and average spectral efficiencies
across all 𝑠-𝑑 routes are depicted in Figures 8 and 9, respec-
tively. Following the same trend, algorithm Equal-Time-Slots
shows a better worst-case performance, while algorithm
Variable-Time-Slots shows a better average performance. In
particular, the worst-case spectral efficiency resulting from
algorithm Equal-Time-Slots is 820% to 2500% higher than
that resulting from direct routing (with an average improve-
ment of 1724% across all experiments). Moreover, the average
spectral efficiency resulting from algorithm Variable-Time-
Slots is about 30% higher than that resulting from direct
routing in all experiments.

To compare against DSER from [4], we vary the number
of nodes in the network (𝑁) from 5 to 30, while the number
of 𝑠-𝑑 pairs (𝐾) is set to 5 and the network SNR is set
to 80 dB. The results for minimum and average spectral
efficiencies across all 𝑠-𝑑 routes are depicted in Figures 10 and
11, respectively. The superior performance of our proposed
algorithm Variable-Time-Slots is clearly seen. In particular,
our algorithm results in 93% to 743% higher worst-case
spectral efficiencies as compared to direct link routing (with
an average improvement of 446% across all experiments) and
results in 16% to 68% higher worst-case spectral efficiencies
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Figure 9: Average spectral efficiency among all 𝑠-𝑑 routes obtained
using algorithms Equal-Time-Slots and Variable-Time-Slots com-
pared against direct link routing.
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Figure 10: Minimum spectral efficiency among all 𝑠-𝑑 routes
obtained using algorithm Variable-Time-Slots compared against
DSER from [4] and direct link routing.

as compared to DSER (with an average improvement of 45%
across all experiments). Moreover, our algorithm results in
6.5% to 39% higher average spectral efficiencies as compared
to direct link routing (with an average improvement of 24%
across all experiments) and results in 2.9% to 27% higher
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Figure 11: Average spectral efficiency among all 𝑠-𝑑 routes obtained
using algorithm Variable-Time-Slots compared against DSER from
[4] and direct link routing.

average spectral efficiencies as compared to DSER (with an
average improvement of 15% across all experiments).

In summary, all our experiments (of varying the network
size, number of 𝑠-𝑑pairs, andnetwork SNR) indicate a similar
trend of a better worst-case performance for algorithmEqual-
Time-Slots versus a better average/typical performance for
algorithm Variable-Time-Slots. It is worth noting, however,
that the improvement in average results due to algorithm
Variable-Time-Slots is always more significant. Moreover,
algorithm Variable-Time-Slots enjoys a significantly (more
than 99%) lower running time.Moreover, our proposed algo-
rithm Variable-Time-Slots has shown a significantly superior
worst-case and average performance as compared to DSER
from [4], and as compared to direct link routing.

7. Conclusion

To the best of our knowledge, previous work on finding
the path with maximum end-to-end spectrum efficiency
was restricted to a single 𝑠-𝑑 pair. This paper proposed
two alternative approaches for the spectrum-efficient routing
problem in the multicommodity flow regime, i.e., in the
case of multiple active 𝑠-𝑑 pairs. The routing objective was
to maximize the minimum spectrum efficiency achieved
across all active 𝑠-𝑑 pairs. The first approach was based on
dividing the time frame into equal-sized slots, while the
second approach allows dividing the time frame into variable-
sized slots. For each approach, we derived the provably
optimal routing algorithm. We also shed the light on the
arising tradeoff between the resulting routing algorithms.
In summary, the routing algorithm induced by equal time
slots enjoys a better worst-case performance (i.e., higher
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worst-case spectrum efficiencies), at the price of a higher
computational complexity and the existence of a central-
ized component requiring coordination and synchronization
among all 𝑠-𝑑 pairs in the route computation phase. However,
the routing algorithm induced by variable time slots has
the advantages of (1) a significantly lower computational
complexity (more than 99% reduction in running time), (2) a
significantly better average/typical performance (i.e., higher
average achieved spectral efficiencies), (3) a significantly
better worst-case and average spectral efficiency performance
as compared to existing methods, and (4) being entirely
distributed with no need for coordination or synchronization
among 𝑠-𝑑 pairs. In fact the routing algorithm induced by
variable time slots does not even require the knowledge of
the number of active 𝑠-𝑑 pairs; the optimal path in case of
the existence of a single 𝑠-𝑑 pair remains optimal in case of
any number of 𝑠-𝑑 pairs. Knowledge of the number 𝑠-𝑑 pairs
is required only in the phase of MAC layer scheduling of
time slots. This concludes that algorithm Variable-Time-Slots
might be preferred for practical implementation.

Data Availability

The details of how the numerical experiment scenarios were
generated are clearly explained in Section 6 of themanuscript
and can easily be regenerated.
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