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Abstract

Current advancements of Fifth Generation (5G) of mobile communications
and beyond, have envisioned future networks as highly dense and coexisting
in various bandwidths, providing seamless connectivity to users at any loca-
tion. Thus, it is important to describe the effects and limits of densification
and spectrum sharing. This article examines a less explored system model
of a terrestrial cognitive radio (CR) based ultra-dense network (UDN) that
operates within the range of a cellular macro base station (BS) and its users.
It shares the incumbent spectrum in the interweave mode to avoid interference
to the primary network, by implementing two common methods for energy
detection (ED) spectrum sharing – Gaussian ED and Fading ED (FED).
Through extensive simulations, the critical density of the UDN’s cognitive
access points (CAPs), the ED efficiency, as well as the throughput gains, are
determined through the measured signal-to-noise-ratio (SNR) at the CAPs
and SUs. Additionally, the influence of different SU densification on the
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throughput is analyzed for the critical CAP density. It has been assessed that
due to the high path loss in UDNs, the spectrum utilization gain (SUG) is
small, but it may be improved through appropriate SU densification.

Keywords: 5G, densification, cognitive radio, energy detection, network
coexistence, spectrum sharing, ultra-dense networks.

1 Introduction

Energy With the continual roll-outs of 5G networks all over the world, the
development of diverse concepts and applications for wireless communica-
tions, has grown substantially. These research efforts have been motivated
by the ever present spectrum utilization, throughput optimization and inter-
ference mitigation problems. The UDNs have been well established as an
important scenario for user-centric wireless access (UCWA) in 5G and
beyond [1–3]. The UCWA is achieved through the increased density of access
point (AP) deployment over that of the user equipment (UE). Each UE may
thus be served by multiple APs with small coverage area, while channels
can be reused spatially between groups of APs due to the high path loss in
such networks [4, 5]. The AP densification postulates advantages for more
agile and reliable communications that provide uninterrupted connectivity [6]
as well as challenges for efficient resource allocation. Additionally, the user
association problem has become crucial to the network’s performance as with
the dense deployment and high path loss, the gain between UE-AP pairs
needs to be maximized. This includes the consideration that the number of
associated APs also needs to be optimized, so the rest of them can be idle
and conserve energy [1]. UDNs have been extended by the application of
the CR technology, thus enhancing their potentials for spectrum utilization
[1, 3, 7, 8]. Implementing the UDN nodes as CRs can facilitate their inte-
gration with legacy networks in the sub-6GHz range, which has also been
shown to be significantly underutilized via multiple measurement campaigns
[9–11]. Network coexistence in both the licensed and industrial, scientific and
medical (ISM) bands is viable [12]. Moreover, the increased utilization of
spectrum chunk can provide higher economic gain for the service provider to
whom the spectrum is licensed to [13]. The densification of modern internet
of things (IoT) and cellular networks and the proliferation of throughput-
intensive applications additionally emphasize the need for efficient spectrum
usage. CR has significantly advanced in the recent years to allow robust
spectrum availability characterization so as to allow cognitive secondary
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user (SU) UEs to utilize frequency bands that are not used in a particular
period of time [14]. It is the crucially important spectrum sensing function
that is designed to accurately determine which portions of the spectrum are
unoccupied (spectrum holes). Once this is done, the available resources may
be distributed by the CAP to the SUs. Due to the rapid movement of both PUs
and SUs, the spectrum holes are highly variable in time and frequency (the
dependency of height is not considered because only ground-based communi-
cations are assumed in this work). This requires the spectrum sensing function
to achieve both high detection accuracy and signal processing speed. As a
consequence, the ED has been established as the most prominent spectrum
sensing method. It does not require computationally intensive processing of
the received signal because it only needs to estimate its current power level.
Despite of its relative simplicity, it has been proven to yield promising results,
if the decision threshold that determines the presence or absence of PU signal,
is accurately estimated. This paper is an extension of the study [15] presented
at the International Scientific Conference of Communications, Information,
Electronic and Energy Systems (CIEES) 2021, considering even greater
densification. It focuses on the influence of CAP and SU deployment density
on the spectrum sensing performance and the SU potential throughput.

The rest of this paper is organized as follows. Section 2 provides a
brief review of relevant works in the field. The system model on which the
simulations are based, is described in Section 3. Then, the discussion on
the simulation results is presented in Section 4. Finally, Section 5 gives the
conclusion to this work.

2 System Model and Simulation Setup

The system model, for which the experiments are performed, is as follows.
A UDN operating on CR principles is deployed within the coverage region
of a macro-BS that serves its own UEs that are PUs of the spectrum, divided
into individual channels [7]. Figure 1 illustrates the simulation setup, with the
macro-BS and its PUs and CAPs and their SUs (slightly smaller than the PUs
in the illustration).

Each PU is assigned a random number of unique channels. The UDN’s
APs operate in interweave mode and determine the available spectrum chunks
that they can distribute to their users (the SUs). Each CAP is allocated two
channels (of those unoccupied by the PUs) and serves exactly one SU, which
has the smallest path loss between itself and the CAP. Consequently, each SU
is served by exactly two particular CAPs, thus it is served on four channels
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Figure 1 Simulation setup.

in total. The constraint on the SU’s number of channels is imposed in order
to reduce the interference within the cognitive UDN nodes, considering that
over 50% of all channels will be allocated to the PUs. In other words, the
probability P1 of PU occupying a channel is:

P1 =
NPU

C

N
, (1)

where NPU
C is the number of allocated channels for all PUs, and N is the

overall number of channels of the system. This probability remains constant
throughout the simulation. The CAPs and all PUs and SUs are deployed via
the Matern distribution as it utilizes the thinning process that disregards nodes
that are within a certain minimum distance ∆CAP (for CAPs) and ∆UE (for
PUs and SUs) [16, 17]. It defines how close they can realistically be placed
from each other. The main parameter of a Matern distribution is the average
deployment density λ. The CAPs’ placement remains constant throughout
the simulation, while the SUs and PUs change their location with a random
speed in the interval of [0; 3 km/h] and angle between 0 and 2 PI, according
to the random walk algorithm [18]. In the beginning of each iteration, the
UEs move and the CAPs perform ED-based spectrum sensing by measuring
the downlink (DL) signal-to-noise ratio (SNR) of the PU macro-BS on their
assigned particular channels. The SNR γPU at the CAPs is defined as follows:

γPU =
PPUN

PU
C

PNNPU
C NFCAP

, (2)

where PPU is the PU macro-cell transmission power per channel, PN is the
noise power per channel, and NFCAP is the noise figure for the CAP. The
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signal-to-interference-plus-noise γSU (SINR) SU and potential throughput
CSU at the SUs are given as

γSU =
PCAPN

SU
C

PI + PNNSU
C NFSU

(3)

C = B log2(1 + γSU ) (4)

where PCAP is the CAP transmission power per channel, NSU
C < NPU

C is
the number of allocated channels for per SU, and NFSU is the noise figure
for the SU. The SUG determines the benefit in terms of throughput, from
applying the CR network in the incumbent spectrum. It is defined as

SUG =

∑MS
i=1

∑MI
m=1C

i,m
SU∑MS

i=1

∑MI
m=1C

i,m
PU + Ci,m

SU

(5)

i.e. the sum of throughputs of SUs and PUs respectively, (CSU and CPU )
over all iterations MI and simulation instances MS is taken. The two EDs
assessed in this study are the standard Gaussian ED (GED) and the Fading
ED (FED) [19]. The former assumes Gaussian distributions for the PU signal
and noise, whereas the latter considers the influence of Rayleigh fading on
the received signal. The probability of detection PD of the GED is defined
as a function of the number of samples, γPU and decision threshold (which
depends on the noise level per bandwidth, and the probability of false alarm
PFA). The PD of the FED can be described as a function of the same
parameters, but offers greater agility as the threshold is also dependent on
γPU . The full expressions are omitted for brevity but can be found in [19].

3 Simulation Results

Two rounds of simulations are performed – the first determines the perfor-
mance of the two types of EDs for spectrum sensing in the studied scenario,
as well as the critical density of CAPs, while the second explores the influence
of SU density on the throughput. The simulation parameters are as presented
in Table 1.

A simulation region of 1 km2 is considered. A standard distance-
dependent path loss model for cellular communications is used to compute
the DL SNR of the PU macro-cell at the PUs and CAPs [20, 21]. The
important probabilistic path loss model for UDNs, which considers both the
line-of-sight and non-line-of-sight components of the received signal [4, 5]
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Table 1 Simulation parameters
Parameter Value
∆CAP 30 m
∆UE 0.3 m
Carrier frequency 2 GHz
Overall bandwidth 20 MHz
Individual channel width 180 kHz
Spectrum sensing time 0.5 ms
Sampling frequency 360 kSps
Macro-BS transmission power 43 dBm
CAP transmission power 24 dBm
P1 53%

describes the channel between the CAPs and SUs. The parameters for each
CAP/SU are averaged over 50 simulation instances, each comprised of 100
iterations (steps) during which the PUs and SUs are moving throughout the
coverage area.

3.1 First Simulation Round – Critical CAP Density

For this simulation round, the specific simulation parameters are as follows:
λSU = 100, λPU = 30, and λCAP is changed to 200, 300 and 400.
This analysis begins with the cumulative distribution function (CDF) of the
SNR γPU of the PU macro-BS at the APs (Figure 2). This dependency has
three notable aspects. First of all, it is seen that comparatively very few
measurements have less than 0 dB, that appear for λCAP > 200, due to the
increased number of CAPs that are located far from the PU BS. The CDFs
for λCAP of 300 and 400 are roughly the same, with the latter showing some
measurements that are much higher than the maximum values for the other
two densities (i.e. between 43 and 62 dB). These measurements, however, are
still much fewer than those in the interval of [0; 40] dB, which comprises
the majority of the measured values. Lastly, it is also notable that some
measurements in the interval of [7; 12] dB appear most often for the lowest
density λCAP = 200. This trait is also exhibited for γPU between 0 and 7
dB but the difference is not very significant. Higher SNR levels (over 25 dB)
are exhibited more often for λCAP > 200 because higher density also leads
to more CAPs that are close to the PU BS. For the EDs, a PFA of 0.1% is
assumed.

Greater clarity for the influence of the CAP density on the SU throughput
is provided by the CDF of the measured AP SINR γSU at the SUs (Figure 3)
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Figure 2 CDF of the PU SNR for various λCAP .

Figure 3 CDF of the SU SINR for various λCAP .

and that of their capacity (Figure 4). It is seen from Figure 3 that the
number of measurements of γSU lower than −25 dB is much higher for the
lowest AP density (λCAP = 200). About 20% of the measurements show
γSU < −60 dB. Thus, the CAPs are not deployed densely enough to provide
good coverage in the conditions of the probabilistic UDN path loss model,
which are much more challenging, than those of the traditional cellular
propagation model. Consequently, the useful signal’s power diminishes very
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Figure 4 CDF of the potential SU throughput for various λCAP .

quickly, whereas the noise’s influence becomes stronger. In addition, there are
limits on the CAP deployment imposed by the minimum distance between the
CAPs themselves and the CAPs and the SUs (through the Matern distribution
generation method), which underlines the need for the CAP critical density
determination. For λCAP > 200, the measured γSU ∈ [−30;−12] dB, with
the CDFs differing from each other only slightly. Most of the measurements
have values greater than −20 dB.

Naturally, the CDF of the individual SU throughput CSU (Figure 4)
follow the ones for γSU . Due to the high path loss, they range up to no
more than 21 kbps. The CDF of CSU exhibits about 20% lower values for the
majority of the measurements for λCAP = 200. Due to the significant number
of very low γSU measurements, almost a fifth of all measured throughputs are
very close to zero in this case. Most of the measured throughputs are below
5 kbps for all three CAP densities. It is also observed that for λCAP = 400,
few measurements that are much higher than the rest (reaching to over 20
kbps), are recorded. For λCAP at 300 and 400 the CDFs have about 10%
difference for CSU < 5 kbps. It becomes negligible for the throughputs
above that range. Furthermore, from Figure 5, the SUG of the CR-based
UDN as the simulation instances progress, in each case for λCAP can be
assessed. First of all, it can be seen that these distributions are nearly constant
because the SUs does not move at a very fast pace throughout the simulations’
runtime. Then, it is also notable that the SUG is very small (below 0.006%),
which is accredited to the very high path loss between the CAPs and the
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Figure 5 Spectrum utilization gain.

SUs, in comparison to that between the macro-BS and the PUs. It is seen
that there is a clear growth, though not very significant, in the SUG with the
increase of λCAP .

Considering these very slight gains, the increase of average CAP density
to 400, which would involve the deployment cost and the UDN’s energy
consumption, is not amply justified. Thus, the critical average CAP density
for this scenario is determined to be 300. Exploring the PD of the two EDs
in that case (Figure 6), it is observed that the FED performs better than the
alternative, achieving probability of detection close to 100%. This can be
explained by the more efficient SNR-based adaptive threshold determination
in the FED, that accounts well for fading in the standard cellular path loss
model, whereas the GED utilizes constant threshold value that depends
primarily on the noise level and the predetermined PFA. Thus, the GED is
feasible (i.e. achieves PD over 90%) for γPU higher than −5 dB, whereas
the same is true for FED in the whole range. As observed from Figure 2,
very few measurement samples have γPU lower than 0 dB, which is a natural
consequence of densification that locates more CAPs closer to the macro-BS,
and of the more favorable propagation between the BS and the CAPs.

3.2 Second Simulation Round – SU Density Analysis

For this simulation round, the λCAP is set to be the critical density 300 as
determined from the previous round, λPU remains the same, and λSU is



38 A. Ivanov et al.

Figure 6 Probability of detection as a function of the PU SNR for the critical λCAP .

Figure 7 CDF of the PU SNR for various λSU and the critical λCAP .

changed among these two sets densities – 100, 120, 135, 150, and 10, 25,
50, 75. To analyze the influence of the SU density on the throughput in
the same simulation setup, the CDFs of γPU , γSU and the SU throughput
(Figures 7, 8 and 9, respectively). Starting from the measured PU SNR at the
CAPs, it is observed that the CDFs have slight differences from each other
for γPU ∈ [−5; 35] dB (Figure 7). There are, however, some measurements
of γPU > 35 dB for λSU of 135 and 150, due to the slight increase of
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Figure 8 CDF of the SU SINR for various λSU and the critical λCAP .

Figure 9 CDF of the SU throughput for various λSU and the critical λCAP .

the number of CAPs, leading to stronger γPU levels. For λSU = 50, SNR
over 10 dB is measured with notably higher frequency. As the SU density
declines, the number of channels available for PU usage in the interweave
CR network, increases. Consequently, there is an increase in the measured
SNR levels. Nevertheless, this dependency does not necessarily occur, as
with the decrease of the number of SUs, there is lower probability that
they will be served by CAPs that are close to the PU macro-BS. Thus, the
high CAP densification yields substantial gains only when the SU density
is appropriately large. As some examples observed in Figure 7, the CDFs
for λSU of 10, 25 and 75 do not show significant advantage over the other
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densities (there is a decline in frequency of measuring γPU ∈ [5; 15] dB for
λSU = 75, and the measured γPU for λSU = 10 only reaches up to 23 dB).

In contrast, the CDFs of the measured SINR at SUs (Figure 8) illus-
trates that for the whole range up to −20 dB, the decrease in λSU leads
to higher γSU , although the changes between each two consecutive dis-
tributions, are only modest. Exception is made for λSU 120 and 100 for
γSU ∈ [−40; 20] dB, where a variation of as much as 20% can be observed.
Moreover, this inverse dependency is not observed for γSU over −20 dB,
as the CDF for λSU = 50 shows the best performance, even though it is
only slightly higher than that of the rest. For λSU of 10, 25 and 75, the
improvements appear only sporadically, with the CDFs generally showing
worse SINR measurements than those for λSU of 50, 100 and more. These
occurrences point to the uncertain probability for quality of service (QoS)
improvement as λSU decreases. In other words, there is no guarantee that
for the CAP critical density, the decline in λSU will yield more gains, as the
SUs will not necessarily experience better channel conditions. Furthermore,
with the limited number of available channels, the lower number of SUs will
naturally lead to less interference. Nevertheless, the influence of this factor
will not be very significant, as due to the high path loss model in UDN
communications, the noise (which is not affected by the channel model) will
retain its impact. These observations are corroborated by the CDFs of the
measured SU throughput (Figure 9). ForCSU IN [0; 2.5] kbps, the throughput
increases with the decline in λSU . Then, the CDF for λSU = 50 shows the
best performance up until CSU of 8 kbps when the results for λSU = 25
become slightly better. This is due to some SINR measurements in the high
levels (around−10 dB) for that density, as seen in Figure 8. Nevertheless, the
CDF for λSU = 50 reaches nearly 24 kbps together with the CDFs for λSU
higher than 100. Compared to Figure 4, it is seen that for λSU of 50, 120, 135
and 150, there is a substantial increase of CSU of up to 42% (for the critical
CAP density).

4 Conclusions

This article presents an extensive simulation-based examination on the per-
formance gains of an interweave cognitive UDN operating within the region
of a PU macro-BS. The influence of CAP deployment density on the detection
efficiency of two prominent EDs for spectrum sensing is analyzed, together
with the throughput to determine the critical CAP density, which is 300 for
this simulation. Then, conducting new experiments in the same environment
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with varying SU densities, the influence of λSU on the throughput is char-
acterized via the relevant parameters. Due to the high deployment density
leading to favorable detection of the PU signal, the application of a simple
spectrum sensing method such as GED or FED, has been shown to be very
advantageous. A significant factor in UDN performance is the high path loss,
which leads to relatively low SINR and throughput at the individual SUs, in
comparison to that achieved by the PUs, and thus, the SUG is small. The sec-
ond simulation round shows that even at the critical CAP density, the decrease
in the number of SUs, does not necessarily lead to greater performance gain
in terms of both PU signal reception and SU throughput. Consequently, the
analysis presented in this paper can serve as a base for further study in the
following aspects. Due to the high attenuation in UDNs, it may be beneficial
to explore the application of underlay CR mode, and in this way, increase the
availability of channels for SUs. Exploring CR-based network coexistence
in ultra-dense unmanned aerial vehicle (UAV) communications has merit
for further development of beyond 5G [22]. Furthermore, an advanced joint
user association and resource allocation scheme for the CAPs and SUs can
significantly increase the UDN’s throughput.
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