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Summary

This document summarizes the progress made by the FIREMAN consortium towards the
development of novel communication solutions for large-scale data acquisition in industrial
environments. The consortium partners have introduced multiple technical enablers covering
a wide range of communication technologies to address highly heterogeneous traffic scenarios
that entail transmission of industrial data. As WP3 encompasses all stages from local data
collection and storage to data transmission at a fusion center, the research outcomes in De-
liverable 3.3b are expected to provide the necessary inputs for the research activities in WPs
4-6. The outcomes reported in Deliverable 3.3b complement the effort reported in Deliverable
3.3a.

The research is performed within the context of the EU CHIST-ERA project FIREMAN
(grant CHIST-ERA-17-BDSI-003).
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1 Introduction

1.1 Objective of the document

The objective of Deliverable 3.3b is to compile and document in a coherent manner the
second wave of research outputs carried out in Task 3.3: "Large-scale Data Transmission”
within the context of project FIREMAN. Task 3.3 aims to design agile communication schemes
able to achieve scalable and ultra-reliable, low latency transmission of the physical sensing
information to data acquisition centers. The developed connectivity solutions need to address
highly heterogeneous traffic scenarios that entail a wide range of industrial applications and
ensure seamless cyber physical system operation. The outcomes reported in Deliverable 3.3b
complement the effort reported in Deliverable 3.3a.

1.2 Structure of the document

The remainder of the document is organized as follows. Sections 2 and 3 demonstrate the
potential of dual-polarized intelligent reflecting surfaces in downlink and uplink, respectively,
towards the performance improvement of served users through diversity. Section 4 describes
an approach based on deep reinforcement learning for the position arrangement of intelligent
reflecting surfaces in sensor networks. Section 5 studies the performance of M-ary phase-shift
keying modulation with imperfect carrier phase recovery in scenarios experiencing severe fading
conditions. In Section 6, a performance analysis of iterative receivers for massive connectivity
is presented. Finally, Section 7 outlines a radio access network slicing methodology for the
support of time-critical substation automation information.

Project Title: FIREMAN 5/50 https:/ /fireman-project.eu
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2 IRS-NOMA-mMIMO networks with antenna polariza-
tion: Downlink

In this section, we present a dual-polarized intelligent reflecting surface (IRS) that can con-
tribute to a better multiplexing of interfering wireless users. The idea is to use this feature to
improve the performance of dual-polarized massive multiple-input multiple-output (mMIMO)
with non-orthogonal multiple access (NOMA) under imperfect successive interference cancel-
lation (SIC). By considering the downlink of a multi-cluster scenario—an interesting scenario
for communicating messages from a central unit to different actuators, the IRSs assist the base
station (BS) or gateway to multiplex subsets of users in the polarization domain. This novel
strategy alleviates the impact of imperfect SIC and enables users to exploit polarization diver-
sity with near-zero inter-subset interference. To this end, the IRSs are optimized to mitigate
transmissions originated at the BS from the interfering polarization. The formulated opti-
mization is transformed into quadratically constrained quadratic sub-problems, which makes
it possible to obtain the optimal solution via interior-points methods. We have also derived
analytically a closed-form expression for the users’ ergodic rates by considering large numbers
of reflecting elements, which is reported in detail in [1]. In this deliverable, we selected only
representative simulation examples followed by comprehensive discussions. The results show
that when the IRSs are large enough, the proposed scheme always outperforms conventional
massive MIMO-NOMA and MIMO-OMA systems, even if SIC error propagation is present. It
is also confirmed that dual-polarized IRSs can make cross-polar transmissions beneficial to the
users, allowing them to improve their performance through diversity.

2.1 Contributions

To the best of our knowledge, all related works are limited to only single-polarized systems,
and there are no works that exploit the capabilities of IRSs for manipulating wave polarization
in dual-polarized MIMO-NOMA networks. Motivated by this, and given the great potential
of IRSs for improving the performance of communication systems, we harness the attractive
features of dual-polarized IRSs for tackling the interference limitation issue of NOMA from
a perspective that has not been addressed so far. Specifically, multiple dual-polarized IRSs
are optimized to reduce the interference observed during the SIC decoding process of users
in a massive dual-polarized MIMO-NOMA network. The study of interference mitigation
via an IRS in MIMO-NOMA systems was only considered in [2]. However, [2] optimized a
single IRS to diminish inter-cluster interference in a small-scale single-polarized MIMO-NOMA
system, which is different from the objectives and system model of this work. Furthermore, the
approach in [2] imposes strict restrictions on the minimum number of reflecting elements, which
makes it not scalable for massive MIMO-NOMA systems, whereas our scheme is compatible
with IRSs of any size (at the cost of an IRS optimization with higher complexity than in [2]). In
addition to alleviating the impact of imperfect SIC, our novel scheme enables users to exploit
polarization diversity. Further details and the main contributions of this work are summarized
as follows:

e By considering a scenario where the BS and the users employ multiple dual-polarized
antennas and assuming imperfect SIC, we propose a novel strategy that exploits the
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functionalities of dual-polarized IRSs to assist the BS to subdivide each group of users
into two polarization subsets. For users in the first subset, the BS transmits the data
symbols using vertically polarized antennas and, for users in the second one, the BS
transmits using the horizontally polarized antennas. With this strategy, SIC can be exe-
cuted by users from each subset separately. As a result, each user will experience less SIC
interference when decoding its message. Moreover, the IRSs transform depolarization
phenomena into an advantage and enable the users to exploit polarization diversity with
near-zero inter-subset interference.

e By assuming that the users and the IRSs are distributed among different spatial clus-
ters and aiming to focus the transmissions to the users and IRSs of interest and null
out anywhere else, we first exploit the second-order statistics of the channels, i.e., the
channel covariance matrices, to construct the active beamforming matrices at the BS.
We then concatenate the beamforming matrix for spatial interference cancellation with
a low-complexity precoding vector that is designed to multiplex the users and form the
polarization subsets.

e The dual-polarized reflecting elements of each IRS are optimized to mitigate the trans-
missions originated at the BS from the interfering polarization. The formulated opti-
mization problem is challenging to solve. To overcome the complex formulation, we
transform the original problem into quadratically constrained quadratic sub-problems,
and we show that their optimal solutions can be obtained via interior-points methods in
polynomial time.

e An in-depth performance analysis is carried out, where, by modeling polarization inter-
ference and errors from imperfect SIC, we derive the signal-to-interference-plus-noise
ratio (SINR) experienced by the users and investigate the statistical distributions of the
effective channel gains. Because the reflecting elements of the IRSs change rapidly with
the fast fading channels, identifying the exact distributions for arbitrary numbers of re-
flecting elements becomes difficult. As an alternative, we characterize the approximate
distributions for the asymptotic case with a large number of reflecting elements. Based
on this asymptotic statistical analysis, we derive a closed-form expression for the ergodic
rates observed by each user, which provides a practical tool for verifying the fundamental
limits of the proposed system when large IRSs are employed.

e Last, by presenting representative numerical simulation results, we validate the analysis
and supplement it with discussions. We show that when the IRSs are large enough, the
proposed scheme always outperforms conventional massive MIMO-NOMA and MIMO-
OMA systems even if SIC error propagation is present. We also confirm that the dual-
polarized IRSs can make cross-polar transmissions beneficial to the users, allowing them
to improve their performance through diversity.

2.2 Key idea

We illustrate the main concepts through a simple example. Suppose that a transmitter
that is equipped with a single vertically polarized antenna sends information to a receiver that
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Figure 1: Simplified capabilities of a dual-polarized IRS. Linearly polarized impinging signals
are split into two beams with orthogonal polarizations.

employs a pair of dual-polarized antennas, with a vertically and a horizontally polarized antenna
element, respectively. In an ideal scenario without any depolarization, the transmitted infor-
mation would only be received in the matching vertically polarized receive antenna, becoming
impossible to explore polarization diversity at the receiver. By deploying a dual-polarized IRS,
the transmitted vertically polarized wave can be split into two independent beams, one with
vertical polarization and another with horizontal polarization, as shown in Figure 1. This would
enable the receiver to exploit polarization diversity and improve its performance.

2.3 System Model

Consider a single cell MIMO-NOMA network where a single BS is communicating in down-
link mode with multiple users. Both users and the BS comprise dual-polarized antenna ele-
ments that are arranged into multiple co-located pairs, each one containing one vertically and
one horizontally polarized antenna element. More specifically, users are equipped with N/2
pairs of dual-polarized receive antennas, and the BS with A /2 pairs of dual-polarized transmit
antennas that are organized in a uniform linear array. It is considered that M and N are even,
and that M > N. Moreover, within the cell, users are assumed to be distributed among
different geographical areas, forming K spatial clusters with () users each. Users within each
cluster are organized into GG groups, each one containing U users, i.e., Q = GU. In conven-
tional MIMO-NOMA systems, the uth user from a given group performs SIC by considering
interference from all the other U — 1 users within the same group. However, since SIC is
an interference-limited technique, such an approach can lead to performance degradation,
which here is tackled by a novel strategy that exploits the polarization domain. Specifically,
we program the BS to further subdivide each of the GG groups into two polarization subsets,
namely vertical subset and horizontal subset, each one containing U? users, p € {v, h}, i.e.,
U? users are served with vertically polarized transmit antennas, and U” users are served with
horizontally polarized antennas, such that UY + U" = U. To enable this scheme, we exploit
the capabilities of dual-polarized IRSs to ensure that signals transmitted from one polariza-
tion impinge only at users assigned to that specific polarization. For instance, if a user is
assigned to the vertical polarization, its serving IRS should cancel out all signals coming from
horizontally polarized BS antennas. For this, we assume that there are U IRSs with L dual-
polarized reflecting elements installed within each group and that each IRS assists exactly
one user, as illustrated in Figure 2. A comparison of the main characteristics and highlights
between our proposal and those from conventional schemes is provided in Figure 3. As more
details will be provided later, in addition to reducing interference and SIC decoding errors,
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Figure 2: System model. Dual-polarized IRSs enable users to exploit polarization diversity by
mitigating polarization interference.

our IRS-MIMO-NOMA scheme naturally enables users to exploit polarization diversity with
only a low computational complexity. One important aspect it that in practical dual-polarised
systems experience cross-polar interference. This harmful effect is considered in the proposed
system and modelled though the inverse of the cross-polar discrimination parameter (iXPD)
that measures the power leakage between polarisations.

In this deliverable, we will not present the equations and derivations related to this scenario;
interested readers, refer to [1].

2.4 Simulation Results and Discussions

In this section, by presenting representative numerical simulation examples, we validate the
theoretical analysis carried out in the last section and demonstrate the potential performance
gains that the proposed dual-polarized IRS-MIMO-NOMA scheme can achieve over conven-
tional systems. While the simulation ones have been generated by averaging a large number
of random channel realizations, in which we use as baseline schemes the classical MIMO-
OMA system, where users are served via time division multiple access, and the conventional
single-polarized and dual-polarized MIMO-NOMA systems, whose implementation details can
be found in [3].

For a fair performance comparison, in both single and dual-polarized schemes, we employ
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Figure 3: Main differences between the proposed dual-polarized IRS-MIMO-NOMA and other
conventional schemes.

at the BS a linear array with M = 90 transmit antennas. However, as explained in the System
Model section, the antenna elements in the dual-polarized systems are arranged into co-located
pairs, thereby, resulting in % = 45 pairs of dual-polarized antennas spaced by half of the
wavelength, i.e., A/2 (the inter-antenna spacing in the single-polarized systems is also set to
A/2). The operating frequency is set up to 3 GHz, and for modeling the scattering environment
and the correlation between transmit antennas, we generate the covariance matrices through
the one-ring geometrical model, where we consider the existence of K = 4 spatial clusters,
each with 30 m of radius and located at 120 m from the BS. In addition, the BS’s antenna
array is directed to the center of the first cluster that is positioned at the azimuth angle of
30°. This is the cluster from which the simulation results are generated, which comprises
G = M = 4 groups, each one containing U = 4 users. For simplicity, we assume that users
within each group share a common spatial direction, in which users in groups 1, 2, 3 and 4
have azimuth angles of 20°, 24°, 36°, and 40°, respectively. In particular, we focus on the
first group, where the users 1, 2, 3 and 4 are located, respectively, at 135 m, 125 m, 115 m,
and 105 m from the BS, resulting in an inter-user distance of 10 m. A fixed power allocation
is adopted, in which we set a? = 0.4, a3 = 0.35,a3 = 0.2, a5 = 0.05. Moreover, we assume
that the distances from the BS to each IRS are the same as that from the BS to its connected

user, and that x®V = x®'"™ = y. Under these assumptions, the fading coefficients for the

links BS-U and BS-IRS are configured as (7> = (2> = od.", where d, is the distance
between the BS and the uth user and its serving IRS, o = 2 x 10* is an array gain parameter
that is configured at the BS according to the desired receivers’ performance, and = 2 is the
path-loss exponent. Regarding the link IRS-U, since an IRS is a passive device, we discard the
array gain and model the corresponding fading coefficient as (" = d", where d = 20 m
for all IRSs, i.e., users are positioned 20 m apart from its serving IRS. Other parameters that
have not been mentioned will assume different values throughout the simulation examples.
F|gure 4 brings the simulated and analytical ergodic sum-rate curves, generated by
S Y Ry, for various values of dual-polarized reflecting elements L, and considering per-
fect SIC decoding. As one can see, for small numbers of reflecting elements, the simulated
ergodic sum-rate curves reach values lower than that from the analytical curve. This behavior
is explained by the fact that the IRS cannot eliminate all polarization interference when the
number of reflecting elements is small, which degrades the system sum-rate. However, as
the number of reflecting elements increases, the polarization interference decreases, and the
sum-rate improves, approaching the analytical one. For instance, when 500 dual-polarized
elements are considered, the simulated sum-rate matches perfectly the analytical curve.
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Figure 4: Simulated and analytical ergodic sum-rates considering perfect SIC. Effect of the
increase in the number of dual-polarized reflecting elements (N =4, x = 0.5,£ = 0).

To further corroborate the analysis for large values of L, we present in Figure 5 the sum-
rates and in Figure 6 the individual ergodic rates for 500 reflecting elements, in which, in
all considered cases, a perfect agreement between simulated and analytical curves can be
observed. Specifically, Figure 5 shows the effects of SIC error propagation on the system
performance for different numbers of receive antennas. As one can notice, when the users face
imperfect SIC, their sum-rate curves become limited to a saturation point that deteriorates
with the increase of the error factor £&. This happens due to the fact that all users, even the
strongest one, experience interference when & # 0, thereby, leading to the observed limited
performance.

Figure 6 depicts the impact of the level of cross-polar transmissions in the users’ ergodic
rates considering perfect SIC, in which results for different values for the iXPD parameter x are
shown. In addition to validating the theoretical analysis, this figure shows how beneficial the
proposed scheme can be to improve the performance of each user. It also becomes clear that,
with the help of IRSs, depolarization phenomena can be transformed into an advantage, e.g.,
the higher the iXPD, the greater the performance gains. For instance, in the conventional
single-polarized system, when the SNR is 30 dB, the rate of user 3 is limited to only 2.27
bits per channel use (BPCU). On the other hand, when this same user is served via the IRS-
MIMO-NOMA scheme, for a low iXPD of x = 0.05, and an SNR of 30 dB, its rate can reach
8.44 BPCU, which is more than three times greater than that achieved in the single-polarized
scheme. When we consider a high iXPD of y = 1, the achievable ergodic rate of the user
3 becomes even more remarkable, reaching up to 9.42 BPCU. Impressive performance gains
can be also observed in all the other users, with their rates remarkably outperforming those
achievable in the conventional single-polarized scheme. These improvements are mainly due to
two features of the proposed IRS-MIMO-NOMA system, already explained in previous sections.
That is, firstly, the IRSs enable the users to exploit polarization diversity, and, secondly, the
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users are able to perform SIC considering interference only from their own polarization subset.
Therefore, in addition to benefit from diversity, users in the IRS-MIMO-NOMA system are
impacted by less interference than they are in the conventional MIMO-NOMA counterpart.

In Figure 7, we compare the sum-rate performance of the proposed IRS-MIMO-NOMA
scheme and other conventional systems assuming perfect SIC. As one can notice, when L = 80,
from 21 dB onward, the proposed scheme is outperformed by the dual-polarized MIMO-NOMA
counterpart, and when the SNR reaches 30 dB, the MIMO-OMA system is the one that
achieves the best performance. However, with a slight increase in the number of reflecting
elements, from L = 80 to L = 90, the IRS-MIMO-NOMA scheme can already outperform
all the other baseline schemes, in all considered SNR range. Finally, Figure 8 shows how well
the dual-polarized IRS-MIMO-NOMA system performs in comparison with the single-polarized
MIMO-OMA and MIMO-NOMA counterparts in the presence of SIC error propagation. As
can be seen, even though the sum-rate of all NOMA-based schemes are caped in the high-
SNR regime, the proposed IRS-MIMO-NOMA system is significantly more robust to SIC errors
than the conventional single-polarized MIMO-NOMA. For instance, for a SIC error factor of
& = 0.005, the single-polarized MIMO-NOMA can only slightly outperform the MIMO-OMA
scheme for SNR values lower than 15 dB. When the error is ¢ = 0.01, the sum-rate degradation
becomes so severe that, in the whole SNR range, the MIMO-OMA system outperforms the
MIMO-NOMA counterpart. On the other hand, even when considering L = 80 reflecting
elements, and an error of £ = 0.01, the IRS-MIMO-NOMA can reach sum-rates remarkably
higher than those achieved by the conventional schemes, being outperformed by the MIMO-
OMA scheme only in SNR values above 20 dB. Moreover, for L = 90 and L = 100, the IRS-
MIMO-NOMA scheme always achieves the best performance. For example, when & = 0.005,
L = 100 and the SNR is 18 dB, the IRS-MIMO-NOMA scheme reaches an expressive sum-
rate of 9.81 BPCU, which is an increase of 3.86 BPCU over the MIMO-OMA system and
4.17 BPCU over the single-polarized MIMO-NOMA.

2.5 Summary

In this section, by exploiting the capabilities of dual-polarized IRSs, we proposed and investi-
gated a novel strategy for improving the performance of dual-polarized massive MIMO-NOMA
networks under the impact of imperfect SIC. The detailed construction of the beamforming
and reception matrices was provided, and an efficient procedure for optimizing the IRS reflect-
ing elements was developed. Moreover, we carried out an insightful mathematical analysis, in
which the ergodic rates for large numbers of reflecting elements were derived. Our numerical
results revealed that the proposed dual-polarized IRS-MIMO-NOMA scheme can achieve re-
markable performance gains over conventional single-polarized and dual-polarized systems and
that cross-polar transmissions can further improve the ergodic rates of the users. Note that
this result provides a theoretical bound that should serve as a benchmark for future hardware
implementation.
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Figure 7: Simulated ergodic sum-rates. Comparison between proposed dual-polarized IRS-
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Figure 8: Simulated ergodic sum-rates. Comparison between proposed dual-polarized IRS-
MIMO-NOMA and conventional schemes under imperfect SIC (N = 4, xy = 0.5).
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3 IRS-NOMA-MIMO networks with antenna polariza-
tion: Uplink

In this section, IRSs are optimized to manipulate signal polarization and improve the
uplink performance of a dual-polarized MIMO NOMA network, which is an important case
for industrial Internet of Things (IloT) and machine-type communications for telemetry or
video transmissions. By multiplexing subsets of users in the polarization domain, we propose
a strategy for reducing the interference load observed in the SIC process. To this end, dual-
polarized IRSs are programmed to mitigate interference impinging at the BS in unsigned
polarizations, in which the optimal set of reflecting coefficients are obtained via conditional
gradient method. We also develop an adaptive power allocation strategy to guarantee rate
fairness within each subset, in which the optimal power coefficients are obtained via a low-
complexity alternate approach. Our results show that all users can reach high data rates
with the proposed scheme, substantially outperforming conventional systems. As in previous
section, the mathematical equations and derivations will not be presented here; interested
readers, please refer to [4].

3.1 System model

Consider that multiple users are communicating in uplink mode with a single BS in a
MIMO-NOMA network. The BS and the users employ multiple antennas organized into co-
located pairs, with each pair comprising antenna elements with orthogonal polarizations, i.e.,
vertical and horizontal polarizations. The number of antenna pairs at the BS is denoted by
M/2, and at the users by N/2, in which, due to the dual-polarized antenna structure, we
assume that M and N are even and greater than 2. Moreover, the users are clustered into G
groups with U users each. As mentioned, the performance of NOMA is limited by interference.
To alleviate this major issue, we exploit the concepts of a dual-polarized IRS to propose a novel
strategy. First, we assume that one IRS with L dual-polarized reflecting elements is installed
between each group and the BS, i.e., there are G IRSs. Second, the BS subdivides each group
into 2 subsets, in which vertically polarized antennas are assigned to receive the messages from
the first subset, that contains U" users, and horizontally polarized antennas are assigned to the
second subset, that contains U" users, such that U? +U" = U. Then, the IRSs are optimized
to ensure that the signals coming from each subset impinge only at antennas corresponding
to the assigned polarization. This scheme is illustrated in Figure 9.

3.2 Numerical Results and Discussions

In this section, we evaluate the performance of the proposed IRS-MIMO-NOMA system.
The conventional single-polarized MIMO-NOMA and MIMO with time division multiple access
(TDMA) are used as baseline schemes. We consider a scenario with G = 2 groups of U = 4
users, in which, in both dual-polarized and single-polarized systems, the BS and the users
employ M = N = 4 antennas. For generating the results, we focus on the first group, and
we assume that users 1, 2, 3, and 4 are located, respectively, at d; = 20 m, ds = 40 m,
ds = 80 m, and dy = 120 m from the BS, where users 1 and 2 are assigned to the vertical
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Figure 9: System model. Each dual-polarized IRS mitigates polarization interference from one
group of users.

polarization, and users 3 and 4 to the horizontal polarization. For simplicity, we assume that
the distances between the users and the connected IRS are the same as that from the users
to the BS. On the other hand, the distance between the IRS and the BS, denoted by d, varies
throughout the simulation examples. As a result, the large scale fading coefficients for the links
U-BS and U-IRS are obtained by (V% = (Y'* = §d", and for the link IRS-BS by (/*8S = d~7,
where ¢ is a gain set to 30 dB, and 7 is the path-loss exponent set to 2. Moreover, we set
XU = x""™ = 0.5, P =1, and, in results with fixed power allocation, we assume that all
users transmit using their total power, i.e., 51 = B2 = 83 = B4 = 1.

Figure 10(a) compares the ergodic sum-rates of conventional MIMO-NOMA and MIMO-
TDMA systems with those obtained with the dual-polarized IRS-MIMO-NOMA scheme for
different numbers of reflecting elements when the IRS is deployed at 15 m from the BS. We
can see that impressive gains can be achieved over the baseline schemes when the IRS becomes
large enough. Figure 10(b) shows the impact of the distance between the IRS and the BS
on the system sum-rate for p = 26 dB. As can be noticed, the sum-rate of the IRS-MIMO-
NOMA system decreases with the increase of the distance. Such behavior is explained by
the fact that the IRS’s ability to cancel polarization interference worsens when the distance
increases. Despite that, for L = 20 and L = 30, the proposed scheme is able to outperform
the conventional systems even when d = 30 m.

Figure 11(a) demonstrates that the IRS-MIMO-NOMA scheme can achieve a high sum-
rate even when fair power allocation is employed. For instance, the proposed scheme under fair
power allocation surpasses 16 bits per channel use (BPCU) when p = 40 dB, which is more
than 6 BPCU higher than that achieved by the single-polarized MIMO-NOMA, and incredibly
9 BPCU above that of MIMO-TDMA. Finally, Figures 11(b) and 11(c) reveal the behavior of
the rates observed for each user with fixed and fair power allocation. One can see that, in the
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IRS-MIMO-NOMA scheme, the rates of all users are improved, remarkably outperforming that
achieved in the conventional systems. The main reason for these improvements is that SIC
is employed in each subset separately, which leads users to experience less interference in the
decoding process. We can also verify that fair power allocation is highly beneficial to strong
users. For instance, when p = 40 dB, while the rate of user 3 (the strong user assigned to the
horizontal polarization) is limited to 1.63 BPCU in the IRS-MIMO-NOMA scheme with fixed
policy, with fair power allocation, the same user can improve its rate to 3.39 BPCU.

3.3 Summary

We have presented in this section a novel approach for mitigating interference in the uplink
of IRS-assisted dual-polarized MIMO-NOMA networks. The IRSs were optimized to mitigate
interference impinging on unsigned polarizations at the BS, in which an iterative algorithm for
computing the optimal set of reflecting coefficients was proposed. Furthermore, we exploited
the concept of signal alignment to efficiently eliminate inter-group interference and developed
an effective optimal power allocation to improve fairness in the network. Numerical results
were presented to demonstrate the performance superiority of the proposed scheme. As in the
case of the downlink, these results are theoretical but they are useful as benchmarks for actual
hardware implementation.
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4 IRS position arrangement for WSN-IRS assisted com-
munication

In this section, we address the issue of Non Line Of Sight (NLOS) in IloT scenarios like
the one we have in FIREMAN. In such industrial factory setups, we want to gather sufficient
real-time data that represent the function of each machinery component (pressure, electrical
power, water levels, vibrations etc.). It is important to ensure somehow, that the information
gathered by the sensor nodes will be received successfully by our sink node and that failures
in reception due to bad signal propagation are as less as possible, in order to ensure a reliable
communication scheme. Reliability is crucial for these kinds of scenarios, as the main purpose
here is to monitor the machinery continuously to detect any possible anomalies that can lead to
disruption of the production line. In lloT scenarios, LOS conditions between the transmitter
and receiver are very often not met, due to the dense clutter that comprises of machinery
components, moving vehicles and workers, and the physical structure of the factory. For
instance, factories that deal with vehicle manufacturing are large in size and often have more
than one levels, and of course very dense clutter. There, as sensors have to be deployed in
every machine to ensure adequate monitoring, most of them would be embedded inside the
clutter, and due to the NLOS conditions that would be created the rich-scattering environment
would highly degrade the received signal quality. To address the instabilities of the indoor
wireless channel, we suggest that signal relays can assist the propagation of the packets. This
section considers a wireless sensor network (WSN) that works synergistically with IRS panels
mounted on the factory ceiling, aiming to be used as relays for the data packets that are to be
transmitted from the sensor nodes to one sink node, which is connected to a master PC. The
main benefit here, is that by relaying the information using the ceiling we create a channel
that is closer to free space, because the clutter mostly exists at the ground level having an
average height, thus the link from the ground to the IRS and from the IRS to the sink node,
would go through significantly less clutter. This could decrease the reflections of the signals
markedly, which could result in less signal attenuation and less angular spread in the received
signal, as the IRS panels have the capability of beamforming any signal to the desired direction.
Another benefit in our proposed scheme, is that the IRS is a passive device that can reflect the
incident signals without having to pre-process them, as it is the case for relaying using other
sensor nodes. Moreover, the IRS modules would need only a small amount of power for the
microcontroller to adjust the phase shifts induced by the IRS. On the contrary, relaying using
other sensor nodes would need extra circuits for functions like coding/decoding etc., and would
require also extra power, while the complexity of the whole sensor network would increase. IRS
modules can offer a simple, relatively low cost and efficient solution for relaying the information
reliably. Regarding the data transmission, we consider a TDMA scheme , in which all nodes
sense simultaneously for a specific amount of time, and as soon as the sensing time passes
they transmit their gathered information one-by-one in a sequential manner. Only after the
last node transmits, the nodes are again allowed to sense data again simultaneously, and then
repeat the process. The considered scheme although it is a simple one, can create delays in
the flow of information that come as a result of the sequential transmission of the sensors.
Our aim, is to optimally place the IRS modules, in order to minimize the transmission interval
of the nodes, hence reducing the total transmission time needed after sensing information.
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Here, we assume that every node transmits to all the available IRS modules. By doing so,
we can further increase the received power at the sink node, thus increasing the data rate of
each node and decreasing the individual transmission time for transmitting the fixed amount
of information that we considered in our use case. Smaller transmission time intervals can
eventually lead to smaller total transmission time, and this can enable faster re-transmission by
the sensor nodes and less delay in our network. This can help us create a simple relay-assisted
WSN that is easy to be implemented.

4.1 Problem statement and IRS topology

We consider an indoor manufacturing site of area ¢ m? that contains N number of machines
located at p5 = (25,145,28)Vn € {1,2,.., N} = N; for each machine, a sensor node is
connected to monitor its performance. Each sensor is assumed to be having a sensing rate
of s,, bits/sec with a finite memory capacity B, bits. The node sends the sensed information
to a sink node located at p"™* = (2%, ¢°, 2°) once its memory is full. The transmission from
a node to the sink node is assisted by a set of I IRS located at the ceiling of the cite:
p; = (2,9, 20)Vi € {1,2,..,1} = Z, with all the IRS modules having a fixed z coordinate as
shown in Figure 12.

Figure 12: 3D wireless sensor network topology including a sink node to gather the data and
IRS modules mounted on the ceiling.

For the sake of simplicity and as stated before, we assume that the sensor nodes start
sensing at the same time. We consider the system to be operating for T' seconds (s); the
operation time T is divided into episodes each lasting for T¢pisode S. As shown in Figure 13, an
episode has a time interval for sensing Tense = max{B,,/s,} during which none of the nodes
send data to the sink node. After Tiense, the nodes start transmitting; let the time taken by n'"
node to complete the data transmission be T3, ,,Vn € N. Hence, the duration of an episode
can be written as,

N
Tepisode = Tsense + Z Ttr,n (1)
n=1
———

Tiransmission
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The considered time slots are:

Figure 13: Considered time frame of finite length for network function.

4.2 IRS model
Before we define the transmission time Ty, we define the received power in our system
based on [5].
B = G;G,GK?L?dd,\? (2)
Fcombined(07 Qb) - F(etniu thni)F(eri; Qbm) (3)
-BFl:ombinedlél2
Prni dniadrbe? =— 5D 4
ild )= o )
where,
e Gy: transmitter antenna gain (same for all transmitting nodes)

G,: receiver antenna gain

K: number of rows of the IRS.

L: number of columns of the IRS.

dy: width of each meta-surface element of the IRS
dy: length of each meta-surface element of the IRS
A: wavelength

Normalized radiation pattern of transmitting antenna: F'(0y,;, ¢1ni) where the elevation
and azimuthial angles 6,,; and ¢,; of the n-th node are measured taking the center of
the i-th IRS as the reference.

Normalized radiation pattern of receiving antenna: F(0,;, ¢,;) where the elevation and
azimuthial angles 6,; and ¢,; of the sink node are measured, taking the center of the
i-th IRS as the reference.

Distance between n-th transmitter and the center of the i-th IRS, using the center of
the IRS as reference: di,i = p; — pi..
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e Distance between receiver and the center of the i-th IRS, using the center of the IRS as
reference: d; = pt — psi"k.

Based on Shannon's theorem about data rate!, we can derive the expression for the rate
that is achieved by summing the power of the received packets from the multiple IRSs in the
system, when a node n transmits:

Prn] dtn_]7drj79 (b)

1
R (1, dunj, dug, 0, ¢) = BWlogo(1+ ) ) (5)
7j=1

Here, we consider a TDMA scheme, in which at each time one node transmits its infor-
mation to the sink node using all the IRS modules, hence a summation is used in 5. The 7}, ,
value can be expressed as:

Bn
R,({p;} P;)

From 6, the time taken by a node to complete the data transmission depends not only
on the position of the sensor nodes, but also on the positioning of the IRS modules. Our
objective is to optimally position the IRS modules in order to minimize the total transmission
time by guaranteeing minimum discrepancy in transmission time among the nodes using the
fair inverse transmission time (FITT) metric.

T (i}, P1) = vneN. (6)

4.3 Fair inverse transmission time

The FITT metric is the weighted representation of the inverse of total transmission time
where the weight factor is modelled using the Jain's fairness index [6] as,

r S (Z’IZ’LV: Trn)2 1
FITT({p},p})) = =25—= ~ : (7)
Nzn 171rn anl 71tr,n
Fl

A fairness index (FI) value that equals to 1 indicates that the IRS modules have been arranged
in a fair way that ensures equal transmission to all the nodes.

4.4 Problem formulation

The FITT maximization problem can be formulated as,

(P1) : maximize FITT({p;},p})),

{pi}
st T ({pi}:py) Bn({Pi},P)) = B, Vn € N, (8)
Lmin S [E; S Tmax Viel
Ymin S y; S Ymax Vi S 7. (9)

Lhttps://en.wikipedia.org/wiki/Shannon%E2%80%93Hartley _theorem
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In our scenario, the position of the sensors and the sink nodes are considered as given, thus
the position of the IRS will be the optimization variables. By placing the IRS in a suitable
way, we can manipulate the received signal power transmitted from each node, and hence the
desired FITT value can be achieved. The data constraint 8 states that each user must have
a minimum of B, bits transmitted every time (in our problem), whereas 9 gives the boundary
conditions for the position of each IRS. In

4.5 IRS positioning as an MDP process

Given the fact that each position of the IRS does not depend on the previous one, we can
represent each position of the IRS as a Markov Decision Process (MDP) with a continuous
state space S and a continuous action space A. We can represent the MDP as a standard
4-tuple (S, A,P,R), where P is the transitional probability and each state and action are
mapped to a reward S x A— > R.

e State space:s,, = {p,""}: the current state (position of the IRS)

e a,,: the action taken by the agent (IRS displacement) that will result in a new position
of the IRS: a,,, = {{c&},{c%}}, € [0,1], such that A? = {c%} X Xpax and AY, =
{c¥ } X Vmax (2 is fixed)

e Reward space R = {r,,}. The reward function decides how fast the agent finds the IRS
position that maximizes our defined FITT value: r,, = FITT,, 1

e Termination condition: the agent is allowed to try a maximum of M different positions
(or displacements) and find the best position for each IRS within these M iterations.

4.5.1 Solving methodology

Due to the continuous nature of the state and action spaces, we choose to use the Deep
Deterministic Policy Gradient algorithm [7]. The action function approximator, is represented
by an actor network p(s; | 6*), and the critic values that decide whether each action is
good or bad are given by the critic network, a similar function approximator denoted by
Q(sy,a; | 69). Moreover, we use a pair of target network-target critic networks represented

Htarget

by fitarget(St41 | Oarger ) aNd Qrarger(St41, a | Qg’z@“’ft) as stipulated from the DDPG method.

We make use of the very well known Bellman Equation but since our actor network yields
a deterministic policy, we can get rid of the inner expectation and result in a deterministic
version of the Bellman Equation [7]:

Q" (st,a1) = By sy ~p[1 (815 a0) + 7@ (8141, (s + 1)) (10)

We optimize the parameters of our Q network by minimizing the loss:

L(QQ) = EStNPﬁ,atNﬁ,TtNE(Q(St7 Qg | QQ) - yt)2 (11)

where,
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Yr = 7(5¢, a¢) + YQ(St1, 1(S141) | GQ) (12)

The actor network (s, | 0*), is updated based on the actor loss, which is expressed in
terms of the gradient of the Q(s;, a; | #9), which depends on the updated 6%:

Lactor = ESth[S [v9“Q(St7 ”(St | 0#)] (13)

For a detailed description of the algorithm along with more insights on the method, the reader
shall refer to [7]. Our aim here, is to find the optimal parameters 09 and 6*, in order to
optimize our networks and find the best movement policy inside the indoor area that will
result in the optimal IRS positions. We also note, that the gamma value in 10 was chosen
to be 0, because our rewards in this problem are immediate and not episodic. Namely, each
positioning is considered as a whole episode and corresponds to a immediate reward, so there
is no need to include future rewards that correspond to future positionings each time our agent
takes an action, but rather to include only the current reward only to learn the Q function of
each positioning (action).

4.6 Use cases

First, to showcase an improvement regarding the transmission times of each node, we
consider a scenario where we make the following assumptions:

e IRSsize: 1 x 1.2 [m]

e Meta-elements size: 0.01 x 0.01 [m]

e Transmitted power of each node: P; = 20.5dBm
e Receiver amplification: 20 dB

e Transmitting antenna gain: Gy =20 dBi
e Receiving antenna gain: G, =20 dBi

e Node memory: B em =4 KBits

e BW = 40 KHz

e Central Frequency: f. =3 GHz

e Node sensing rate R e =1 Kbps

e Factory size: 150x150x40 [m]

e Due to the nature of our considered TDMA scheme, there is no need to model the
packet arrivals at the sink node using queue models. Each node will be allocated a time
slot to transmit in a way that in each time slot contains packets from only one node.
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4.6.1 10 sensor nodes, 1 IRS

In Figure 14 the layout of the area, including 10 sensor nodes and one sink node, is shown.
Before we start our simulation, we initialize the position of the IRS at (0,0,40). Then, we start
running our algorithm and the agent first explores the environment for 3500 steps(iterations),
by randomly changing positions and recording the obtained rewards. For this exploration
phase, we apply only gaussian noise instead of picking actions using the u(s; | 6*) function
approximator. Then, the agent utilizes the 1 and ) networks to pick actions consequently.
The reward in this simulation is immediate, meaning that the agent receives the reward after
each action it takes. The whole process stops when 10700 iterations are completed. Initially,
the FITT value is at 0, but after the simulation, we observe a FITT value of 0.813. Now, the
position of the IRS changed to (79, 139,40) close to sink node as it can be seen in Figure 15,
while in Figure 16 we see the 3D representation of the node and final IRS arrangements.

Figure 14: 2D wireless sensor network topology including a sink node to gather the data.

We will compare our solution with a baseline scenario where we place the IRS at the middle
of the ceiling manually. The baseline setup can be seen in Figure 17, while in Figures 18 and 19
we look at the reward and the critic loss. In Figure 18 we notice heavy fluctuations, although
there is an upward trend regarding the reward as the iterations pass. The fluctuation comes
from the fact that we use a warm-up period of 3500 iterations, where the agent uses Gaussian
noise with 1 = 0 and o = 0.5, thus taking random actions in the space and recording the
corresponding rewards. From that point until 9500 iterations we applied probabilistic noise
to our problem as in [8] using p = 0.3. By doing this, we give the opportunity to apply
noise in 30% of the picked actions instead of taking a deterministic action, which can benefit
the exploration of the area during simulation. For the rest of the iterations we let the agent
decide completely which actions to take, and it seems that it picked a position characterized
by a satisfying FITT value, bigger than the baseline scenario. We also see that the critic
loss plummeted as the simulation proceeded, which is the desired outcome. After finding the
final position of the IRS, we can compute the transmission time for each node. To assess
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Figure 15: IRS position before and after optimization.

Figure 16: 3D setup.

the superiority between our solution and the baseline scenario, we will compare the total
transmission time (summing the transmission time of all nodes) for both the optimization and
baseline case. Apart from that, we would like the transmission time span (total deviation
between transmission times) to be low as well, because less span results in transmission time
values that are closer to each other, and better fairness is achieved. The Transmission Time
Span (TTS) is given by the following equation:

TTS = max{Tin} — min{Ti .} (14)

In Table 1, we give the T}, ,, values of the baseline and optimization scenario.
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Figure 17: Baseline scenario.

Figure 18: Immediate reward given to our agent in every step of the simulation.

The difference of the total transmission time between the two cases is: 25:1 Tpasetine

ZnN:1 T?f,ﬁ = 3.3msec. The overall time needed for a transmission to be completed by all
nodes is smaller when we place the IRS at the position given from the algorithm vs the baseline
case. Regarding the TTS, we found the value for the baseline case to be 1.5 msec, while in
our solution the TTS value was 1.3 msec. Thus, we managed to improve slightly the overall
transmission time of our network along with the fairness among the nodes by adopting our
solution contrary to the baseline case.
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Figure 19: Critic Loss plot.

Table 1: T}, values for the optimization and baseline case

Node no || T2 [sec] || TP*[sec]
1 0.0075 0.0075
2 0.0079 0.0082
3 0.0073 0.008
4 0.0073 0.0073
5 0.0076 0.0085
6 0.0075 0.0076
7 0.0073 0.0073
8 0.008 0.0087
9 0.0073 0.0073

10 0.0067 0.0072

4.6.2 10 sensor nodes, 2 IRS

Here, we increase the number of IRS to 2, while we keep the nodes and all the other
parameters of our problem fixed. We again perform simulations using 10700 maximum number
of iterations, initializing the positions of the two IRS to (0,0,40). After the warm-up period, we
added similar Gaussian noise to every action that the agent took for 10000 iterations, meaning
each action could be represented by a = u(s; | 6#) + N. Then, we removed the noise for
the final 700 episodes, so the agent can converge to the final reward, and final position of the
IRS. We now can present the positions that the agent output, in Figure 20.

We notice here, that the two IRS positions that the agent gave to us are on top of the
sink node, while being 3.5 meters apart from each other. We notice that the FITT value now
becomes larger compared to the one IRS case, and in the Table 2 we present the T}, values
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Figure 20: Final position outputs for the two IRS case.

that we found. Again, we are going to compare this solution with a baseline scenario. This
time, we clustered the sensor nodes in two clusters using the K Means algorithm and placed
the IRS panels on top of each cluster, as in Figure 21. In that case we found the FITT value to
be 13 which is less than our solution, which was found to be 14.5. Compared to the clustering
baseline scenario, all nodes show improvement in 7}, values and the total transmission time
is decreased by about 10% which shows the superiority of our solution. Now we can compare
this solution with another baseline case, where the nodes transmit directly to the sink node.
To compute the path losses that arise from direct transmission in our indoor environment, we
adopted the NLOS indoor channel model from [9] and we computed the received power from
each node, which allowed us to also compute the transmission times respectively. These, can
be found in Table 2. It is evident here, that again our proposed IRS scheme results in less
individual transmission time, and our scheme outperformed the direct transmission scenario
by about 5.5% regarding the total transmission time of the system.

It is important to note also, that the transmission time for each node has decreased
compared to the 1 IRS case. The total transmission time now, is reduced by about 8 %,
starting from 74.4 msec for the 1 IRS case and reducing to 69 msec for 2 IRS. Also, the TTS
value now is 0.9 msec, which is close to 31 % below the TTS value in the previous case,
where we used only 1 IRS to assist our network. Thus, adding another IRS to our system not
only lessens the total time interval needed for a full transmission, but also increases the fair
allocation of time to every node. Finally, we show the reward plots together with the critic
loss, in Figure 22.
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Table 2: T}, values for the optimization case where 2 IRS modules are deployed along with
the baseline scenario

Node no || TP [sec] || Th=¢[seq] || Th " sec]
1 0.0069 0.0074 0.0072
2 0.0072 0.0076 0.0076
3 0.0067 0.0078 0.0071
4 0.0067 0.0076 0.007
5 0.007 0.0082 0.0074
6 0.0069 0.0072 0.0073
7 0.0068 0.0072 0.0071
8 0.0073 0.008 0.0077
9 0.0068 0.0074 0.007
10 0.0063 0.0078 0.0065
N .
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Figure 21: Baseline scenario, clustering the sensors into two main groups.

Figure 22: Reward function and critic loss for the 2 IRS case.
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5 MPSK modulation with imperfect phase-recovery un-
der severe fading conditions

This section studies the performance of M-ary phase-shift keying (MPSK) modulation
with imperfect carrier phase recovery in scenarios experiencing severe fading conditions, which
is usual in industrial environments. Specifically, MPSK is analysed over x-u Extreme fading
channels assuming a Gaussian-distributed noisy phase. For the theoretical framework, we de-
rive the analytical expressions for the upper bound on the average symbol error probability, as
well as their corresponding asymptotic behaviour in the high SNR regime; as before, the math-
ematical derivations will not be presented and interested readers can refer to [10]. The derived
expressions are valid for arbitrary values of the fading parameter m, and Monte Carlo simula-
tions are provided to verify the accuracy of the proposed mathematical analysis. Furthermore,
we discuss how the channel parameter and phase variance affect the system performance for
a wide range of SNR values. This result is important to improve the design of lloT networks.

5.1 Extreme Fading Model and the Phase Error Model

The x-p distribution describes a small-scale variation of the fading signal under dominant
components and multiple clusters of multipath waves. The ratio of the total power of the
dominant components to the total power of the scattered waves is given by x > 0, whereas
the parameter 1 > 0 is related to the number of multipath clusters. The k-p Extreme
is a special case of the k-u which can be obtained by keeping a fixed amount of fading
m = u(1+ k)?/(1+ 2k) and allowing x — oo (indicating very strong dominant components)
and 1 — 0 (indicating very few multipaths). One important observation must be made here:
in contrast with the k- model that is a two-fading-parameter (x and u) distribution, the
k-p Extreme model is a one-fading-parameter (m) distribution, and the condition of a fixed
amount of fading m must hold. Given these conditions, the k-u Extreme probability density
function (pdf) can be written as [11]

B 2mli, <4m 7/&)
~ VAdexp (2m(v/4 +1))

where [;(+) is the modified Bessel function of the first kind of first order, 7 is the average
signal-to-noise ratio (SNR) per bit, and T is the instantaneous SNR per bit of a received
signal as a function of the faded envelope R defined as T = R2E}, /Ny, with E}, /N, being the
average energy per bit to the unilateral noise power spectral density ratio. The parameter ¥
can be expressed as a function of E,/Ny as 4 = 72Ey, /Ny, or in a similar way as T = 4(R/7)?,
with 7 = \/E(R?) and E(-) denoting the expectation operator. The Dirac delta function is
denoted as §(-) and m > 0 is the inverse of the normalised variance of the power.

The pdf of the phase error ® can be considered in various forms. It is well known that
the phase error distribution due to phase-locked-loop (PLL) can be modelled as Tikhonov
or Gaussian pdf. In this letter, the phase error variable ® with pdf fg(¢) is assumed to be
Gaussian distributed with zero mean and variance o2. However, when the normalised loop
SNR PLL parameter p is large, i.e. p >> 1, the Tikhonov pdf approximates to a Gaussian

fr() + exp(—2m)d(v), (15)
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=

Figure 23: Excerpt from an MPSK constellation under a carrier mismatch phase.

distribution with zero mean and variance o2. In this case, p = 1/0? [12] which means that

the deduced expressions also apply for the Tikhonov model, but in an approximate form.

5.2 Performance analysis and numerical results

The symbol error probability conditioned by the phase error can be estimated as follows.
First, let us assume that all M equally-likely symbols of the constellation have the same energy
E so that we can define the M symbols as s; = /Ee/>™/M i = {1,..., M}. Without loss
of generality, let s1, sy and sj; be the transmitted symbol and the two closest neighbour
symbols to s; in a hypothetical M-ary phase-shift keying (MPSK) constellation, respectively,
as shown pictorially in Figure 23. Let us also consider that the dashed lines are the boundaries
of the decision region corresponding to s, and that §; denotes the received symbol conditioned
to phase error ¢. We will proceed similarly with the classical union bound approach for the
symbol error probability. However, a subtle difference is due: we are working with the minimum
distance between §; and the dotted lines (represented by dis and dyy, in Figure 23), while
the union bound applies the average distance between two adjacent symbols. Because the
minimum distances between 5; and the dashed lines are given by dyy = /Esin(n/M — ¢)
and dyyr = /Essin(m/M + ¢), the symbol error probability conditioned to ¢ can be found as

P.(E,, $) < 0.5 erfc (x/Es Nosin(rr/M + ¢)) +0.5 erfe (\/Es Nosin(mr/M — ¢)) . (16)

From (16), one can state that the actual symbol error probability of a given scenario will
be equal to or smaller than that predicted by the bound. It is important to note that this
analysis considers twice the gray area of Figure 23, and therefore, it is an upper limit on the
average symbol error rate (ASER). The higher the value of M (i.e., a smaller angle between
the symbols and, therefore, a smaller area of intersection between the probabilities calculated
by (16)), the more exact (16) will be. In this deliverable, we prefer not to present the equations
we derived, which are presented in [10].
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Let us now turn our attention to the numerical results presented to examine in detail the
influence of the main system parameters into the system performance. In all figures, 7 = 1
and, consequently, the average SNR is 4 = Ey,/Ny. In addition, the cases of fading and non-
fading (pure additive white Gaussian noise (AWGN)) channels with ideal coherent detection
(62 = 0) used as reference curves, are shown for comparison.

In Figure 24(a), the theoretical symbol error probability (lines) and the one obtained
through Monte Carlo simulations (symbols) are plotted against the average SNR per bit in the
presence of Gaussian-distributed phase noise for the binary phase-shift keying (BPSK) mod-
ulation. The fading parameter m varies as {1;2.5;4} for different values of the error phase
variance o? = 0.2 (dashed line), 0® = 0.1 (solid line), and o? = 0 (dotted line). The plots
show the degradation in the ASER caused by the combination of fading and carrier phase
error. As expected, the theoretical curves are upper limits of the exact values of the ASER.
It can be observed that for the BPSK modulation, these upper limits do not provide tight
bounds. Notice that the lower the value of M, for instance M = 2 for BPSK, the greater
the angle between the symbols and, therefore, a greater intersection area, as highlighted in
the gray area of Figure 23. As a consequence, the values of the actual ASER and the ones
predicted by the bound will be more distant. Although these bounds are often very loose for
low SNR values, it becomes tighter as the SNR increases. For instance, when m = 1 and
0?2 =0.1, m=2.5and 0?2 = 0.1, and m = 4 and 02 = 0.1, the irreducible error probabilities
are 0.0676682, 0.00336965, and 0.00016841, respectively, as highlighted in Figure 24(a). The
increase of the fading parameter m improves the ASER performance. Most importantly, the
curves show that, in not-so-severe fading conditions (m = 4), the error probability decreases
significantly, when the parameter o decreases.

To assess the impact of the fading parameter m and the error phase variance o2 in quadra-
ture phase-shift keying (QPSK)- and 8PSK-based systems, Figure 24(b) and Figure 24(c),
respectively, show the theoretical and estimated ASER. In both figures, the fading parameter
m varies as {1;2.5} for different values of the error phase variance 0 = 0.2 (dashed line),
02 = 0.1 (solid line), and 02 = 0 (dotted line). Note the excellent agreement between simu-
lated and theoretical curves, indicating the usefulness and correctness of the derived analytical
expression. For the fading case, when o2 = 0 (ideal detection), the ASER tends to be low.
We note in the high-SNR regime, a flooring also known as the symbol error floor, which is
due to the combined effects of fading and thermal noise. As the value of o2 increases, the
performance degrades, resulting in higher ASER. Moreover, it is evident that there is satura-
tion in the probability of error with the increase in the average SNR. Clearly, as the average
SNR tends towards infinity, the thermal noise component ceases to alter the ASER. Hence,
the irreducible error probability is due to the imperfect carrier phase recovery and the impulse
present in the fading pdf. For example, when m = 2.5 and 0? = 0.1, we have 0.0179703
and 0.218753 for the unchanging error probability, as highlighted in Figure 24(b) and Figure
24(c), respectively. It is clear from these results that the system performance degradation is
more severe in high-order systems, owing to the imperfect phase recovery.

5.3 Summary

In this section, we have provided an analysis of ASER upper limit calculation for partially-
coherent MPSK-based systems. The corrupting effects considered in the study were erroneous
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Figure 24: ASER of (a) BPSK, (b) QPSK, and (c) 8PSK for varying values of m under x-p
Extreme fading channel and Gaussian-distributed phase error.
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phase estimates, k-p Extreme fading channel, and thermal noise. An asymptotic ASER ex-
pression for large SNR values has been derived. The excellent agreement between theoretical
results and extensive simulations performed corroborates the accuracy of the derivations made.
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6 Performance analysis of MIMO-NOMA iterative re-
ceivers for massive connectivity

The Fifth Generation (5G) of wireless communication systems features support for
machine-type communication in two broad categories: massive MTC (mMTC) and critical
MTC (cMTC), also known as Ultra-Reliable Low-Latency [13], [14]. mMTC encompasses
use cases where a massive number of MTC devices require connectivity with moderate re-
quirements in terms of latency and reliability, e.g., smart cities, smart agriculture, tracking
of vehicles and assets and wireless industrial automation. cMTC deals with wireless applica-
tions with very stringent requirements in terms of latency and reliability such as drone control,
autonomous vehicles, remote surgeries and critical industrial control.

In order to enhance the spectral efficiency of Human-Type Communication (HTC) appli-
cations that require very high data rates, 5G introduced massive MIMO systems and network
densification as technical solutions. Massive MIMO consists on the use of BSs with a very
high number of transmit/receive antennas [15], whereas network densification consists on the
deployment of a higher number of Access Points (APs) in a given coverage area instead of
having a single BS serving a massive number of devices. Under this approach and exploit-
ing short range communication technologies, the MTC devices organize themselves locally,
creating small cell MTC networks, which one served by on AP. Such small networks could
consist of, for example, an AP and set of MTC devices deployed in an indoor place such as
a store, factory or warehouse. The AP can be a gateway that performs data aggregation
and other signal processing tasks, and then forwards information to a BS [16]. Several works
have been also studying the benefits of massive MIMO and network densification for MTC
applications [17], [18].

Traditional communication systems from 1G to 4G relied mostly on the use of Orthogonal
Multiple Access (OMA) techniques. By using OMA, each active user is allocated a radio
resource that is orthogonal in time and/or frequency. Nevertheless, NOMA techniques have
been extensively studied in the literature as a means to increase the spectral efficiency and
number of connected devices in wireless networks [19]. By using NOMA, multiple active
users share the same radio resource, and the overlapping signals are separated and decoded at
the receiver by using some interference cancellation mechanism [20]. The Third Generation
Partnership Project (3GPP) was considering NOMA as a study item, but the performance
gains provided by NOMA were not significant compared to, for example, the gains provided
by massive MIMO. As a consequence, NOMA was left as an study item for beyond-5G and
6G networks [21].

Current 5G standards and technologies are not yet fully capable of satisfying the very
demanding requirements of the envisioned mMTC and cMTC applications, thus industry and
academia have already started working on technical solutions for MTC in beyond-5G and 6G
networks. Besides, it is predicted that some MTC use cases in future networks will have a
merge of mMMTC and cMTC requirements, that is, applications where a massive number of
devices require wireless connectivity with low latency and high reliability [22]. Furthermore,
owing to physical size, cost and power limitations, the APs used in MTC networks with data
aggregation cannot be equipped with a large number of antennas, then potentially creating
the issue of having more active devices than receive antennas in a given time slot.
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6.1 Contributions

In order to decode the signals transmitted in the uplink by multiple active devices in MIMO
systems, several works studied the performance of the traditional Maximum Ration Combining
(MRC), Zero-Forcing (ZF) and Minimum Mean Square Error (MMSE) linear receivers [23].
The MRC receiver can operate with any number K of active devices and N of receive an-
tennas, however its performance is suboptimal. The ZF and MMSE receivers present a better
performance at the cost of higher computational complexity, since they require the compu-
tation of matrix inverses. Moreover, they can only decode up to NN signal streams, that is,
the number of active users in a given time slot must satisfy the condition K < N. Aiming
at MTC use cases in beyond-5G and 6G networks where a massive number of devices require
connectivity with tight constraints of latency and reliability, and in data aggregation scenarios
where the receiver cannot be equipped with a high number of antennas, we proposed a set
of iterative receivers that can decode multiple overlapping signals in the uplink even when
the number of active devices in a time slot is higher than the number of receive antennas.
Our proposed receivers combine the linear MIMO receivers with NOMA techniques, thus as
referenced as MIMO-NOMA receivers. All the contents presented in the following subsections
are parts of our submitted work [24].

6.2 System Model

We consider an uplink scenario where K single-antenna devices transmit independent
packets and are randomly distributed around a common multi-antenna gateway, as illustrated
in Figure 25. The K active devices share a radio resource that is composed of one time slot
in a single frequency channel. We study only the data transmission phase assuming that, in a
previous phase, the active devices were admitted to the network by using some random access
protocol. Besides, by the use of orthogonal pilot sequences, the BS performs the channel
estimation. Aiming at achieving more realist results, we consider that the Channel State
Information (CSl) acquired by the receivers is imperfect.

Active MTC devices
System model considered in this work

o)

A Gateway 1 ™

o))

Figure 25: The considered uplink scenario when K > N. Two gateways, which are located in
the coverage area of a common BS, are equipped with N antennas and serve K active devices
each.
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The N x 1 received signal vector reads
y = GP'/?x + w, (17)

where P € RE*K is a diagonal matrix containing the average transmit SNRs of the K MTC
devices, [Pl = pr, G € CN*E is the matrix of channel gains between the K devices and
the BS, x € CX*! is the vector of simultaneously transmitted symbols by the K devices,
and w € CV*! is the vector of Additive White Gaussian Noise (AWGN) samples at the BS,
such that w ~ CN(Oyy1, ) (that is, we assume that the noise power is normalized to one).
Following the Shannon capacity framework, the symbols /p.x; transmitted by the k-th MTC
device follow a Gaussian distribution with variance py.

We assume that the large-scale fading coefficients g Vk are known by the receiver. In
order to avoid unnecessary power consumption and the near-far effect, the system adopts
a channel inversion power control such that all devices have the same per antenna average
received p, thus

Pk = pBr, Vk. (18)

By considering the presence of channel estimation errors, the estimated N x K channel
matrix between the K devices and the BS can be rewritten as

G=G-G, (19)

where G € CNxK corresponds to the matrix of estimation errors, whose entries are i.i.d.
and follow a complex Gaussian distribution with zero mean and variance o2, i.e., [é]” ~
CN(0,02).

The receiver utilizes a Maximum Likelihood (ML) channel estimation algorithm, in which
the channel estimates are obtained by using pilot sequences that are known to the receiver. In
order to guarantee that all the pilot sequences are orthogonal to each other, their length must
be at least equal to the number of served devices, i.e., L > K. The variance of the channel
estimation errors associated to the channel estimates of the k-th device is [25]

ol =—. (20)

6.3 Linear Filters for Information Decoding

Let A be an N x K linear detector matrix at the BS that is a function of the matrix of
estimated channel gains G, i.e., A = f(G). In [23], the authors studied the performance of
three different linear decoders assuming perfect CSI: MRC, ZF and MMSE. The corresponding
linear detector matrices considering imperfect CSI are

AMRC = G, (21)

Az = G(G G), (22)

. . 1 -1

Aumse = ( GG + ;IN) G. (23)
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Since (22) and (23) contain matrix inversions, the default ZF and MMSE decoders can
be utilized only when K < N, which makes them unsuitable for crowded mMTC scenarios
where the number of active devices may be higher than the number of receive antennas. On
the other hand, the MRC decoder can be utilized for any values of K and N.

Then, the received signal after linear detection employing MRC, or ZF/MMSE when K <
N, is split into K streams and given by

r= AHy = AHPl/Q(C +G)x + A"w = A"P12G + A"PY2Gx + A" w. (24)

Let . and x; denote the k-th element of the K x 1 vectors r and x, respectively. Then,
we have

K K
e = \/Pay 8tk +V/PaE > Butw + /P > B + 8y w, (25)
k' #k E'#£k

where ai, g, g, and g, denote the k-th column of the matrices A G, G and é respectively.
The first term in (25) corresponds to the desired signal from the k-th device, while the
remaining terms correspond to interference from other devices and noise.

6.4 SIC and PIC Decoding

In order to enhance the performance of the system when multiple devices are active si-
multaneously, NOMA with SIC or Parallel Interference Cancellation (PIC) decoding can be
utilized [20]. In the case of SIC decoding, the K active devices are first ordered according
to some criterion, e.g., the decreasing order of instantaneous received SNRs. Then, at each
decoding step, the receiver attempts to decode the signal transmitted by one of the active
devices while treating the other devices as interference and, if the decoding is successful, the
interference from this device is subtracted from the received signal. The only difference of
the PIC decoding procedure is that the receiver attempts to decode and remove the signal
contribution of multiple active devices at a single decoding step.

Let us consider a step of the decoding procedure when the k-th device is being decoded.
The devices with indices {1,...,k — 1} have been correctly decoded, and their corresponding
signal contribution has been subtracted from the composite received signal. However, since the
receiver has imperfect CSI, their signal contribution was subtracted based on their estimated
channel vectors, not their actual realizations. As a consequence, there is still a residual
interference from them on the composite received signal, which depends on the CSI errors. At
this step of the SIC decoding procedure, we have

K k—1
re = \/Pap gk + Pay Y Gptw +/pap > Eww +apw. (26)
k' =k+1 k'"=1

The first summation corresponds to the interference of the devices waiting to be decoded,
while the second summation corresponds to the residual interference from the devices that
have been correctly decoded. Note that the interference due to imperfect CSI is cumulative,
i.e., it continuously increases during the SIC decoding procedure.
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The post-processing SINR at the BS while decoding the signal from the k-th device,
including the effect of imperfect CSI, is given by

~H 2

K E—1 :
~H A H ~ R
p > lapewl*+p 20 lay g+ llag|?

K =k+1 k=1

Tk =

The signal transmitted by the k-th device is correctly decoded if log,(1 + 7%) > R, where R
is the target data rate in bits/s/Hz. The SIC decoding procedure ends after all the K devices
have already been correctly decoded, or if no devices are correctly decoded at a decoding step.

6.5 Iterative Receivers for Information Decoding

Next, we describe our proposed iterative SIC/PIC-aided decoding strategies that can be
adopted when the number of devices is greater than the number of receive antenna elements,
ie.,, K > N.

6.5.1 MRC-SIC

First, the K users are ordered according to some criterion, such as the decreasing order of
SNRs. Then, the BS attempts to decode the signal transmitted by the strongest device with
the MRC reception filter, which is equivalent to use a; = g, in (27). If the decoding succeeds,
its interference is subtracted from the received signal, the BS proceeds to the decoding of the
second-strongest device, and so on. The procedure ends if any decoding attempt fails.

6.5.2 MRC-SIC/ZF and MRC-SIC/MMSE

At the first step of the SIC decoding procedure, the K users are ordered accordingly to
some criterion. Next, the BS utilizes the MRC-SIC receiver to decode the devices until the
number of remaining devices equals the number of receive antenna elements. When this
condition is satisfied, the BS utilizes a traditional ZF or MMSE receiver to attempt decoding
the remaining N devices.

6.5.3 ZF-PIC and MMSE-PIC

The ZF-SIC and MMSE-SIC receivers allow the decoding and subtraction of the signal
contribution of only one user in each iteration. After the signal is correctly decoded and
the SIC operation is performed, a new ZF or MMSE filter needs to be computed. As a
consequence, such implementations of ZF-SIC and MMSE-SIC require a significant amount
of relatively complex operations, such as matrix inversions, which grow exponentially with the
number of receive antennas.

We propose novel ZF-PIC and MMSE-PIC receivers that require a reduced number of
complex signal operations such as matrix inversions and that can still be utilized in the case
of K > N. More specifically, under our approach, multiple users can be decoded simultane-
ously at each decoding step, which significantly reduces the required number of ZF/MMSE
operations, and the interference from all the correctly decoded devices is also subtracted at
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the same decoding step. As pointed out by [19] and [20], SIC works better if the received
powers of all the devices are different, but PIC outperforms SIC when the received powers of
the devices are similar, which is the case studied in this work.

Let

Go = [gl gQ gK] (28)
denote the N x K matrix containing the estimated channel vectors, ordered according to a
certain criterion. Herein, we assume that X > N. Besides, let

~

Gstr = [él g2 e gN] (29)

denote the N x N matrix containing the channel vectors of only the /N strongest devices.
This matrix is updated at every decoding step. The receiver applies (29) in (22) or (23) at
every decoding step to compute the new ZF or MMSE decoding matrix, respectively. Next,
it attempts to decode the N strongest devices simultaneously. Let N denote the number of
users correctly decoded in a given iteration. After each ZF or MMSE operation, one of the
following options can happen:

o If N = N, the interference from the decoded devices is subtracted from the received
signal, the BS updates the matrix G, with the channel vectors of the next N devices,
and proceeds to the next iteration;

e If 0 < N < N devices are correctly decoded, their interference is subtracted from
the received signal, and their corresponding signals’ contribution is removed from the
matrix Gst,. Then, if (K — N) > N, the channel vectors corresponding to the next
N — N devices are concatenated to the matrix in order to obtain a new N x N matrix.
Otherwise, if (K — N) < N, the new matrix Gy, has dimensions N x (K — N). The
receiver then proceeds to the next iteration;

e If N =0 or if there is no remaining devices waiting to be decoded, the procedure ends.

On every decoding step, the SINR of the k-th device is given by (27), where the columns
aj, of the linear detector matrix A are calculated in every iteration based on (29).

6.6 Numerical Results

We resort to Monte Carlo simulations to evaluate the performance of all the considered
receivers. The performance is evaluated in terms of the outage probability, which is given by

Powt = 1 — @ = Pr{log,(1 + ) < R}. (30)

Besides, we assume that, during the SIC/PIC decoding procedures, the active devices are
always ordered according to the decreasing order of instantaneous SNRs.

We first evaluate the performance for the case where the number of receive antennas
is equal to the number of devices connected to the BS. Weset N = K =8 and r = 1
bits/s/Hz. We observe in Figure 26 that the best outage performance is achieved by the
MMSE-PIC receiver. The second-best performance is achieved by the MMSE receiver without
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interference cancellation, which is even better than the performance of the iterative ZF-PIC
receiver. We note that the performance of the MRC-SIC receiver achieves an error floor for
p > 10 dB, i.e., increasing the transmit power of the devices after this point does not yield
performance gains. The ZF receiver without interference cancellation only outperforms the
MRC-SIC receiver on high transmit SNRs, while the MRC receiver performs poorly in the
whole range of transmit SNRs. Note that the receivers with MRC and ZF filters are more
robust against imperfect CSI than the ones that utilize the MMSE filter, specially in the high
SNR regime.

——MRC —Z7F ZF-PIC
——MRC-SIC ——MMSE ——MMSE-PIC

100

1071

1072

7)out

1073

Perfect CSI
— = Imperfect CSI

1074 ‘
-10 -5 0 5 10 15 20

Figure 26: Outage probability versus average received SNR for N =8, K =8 andr =1
bit/s/Hz.

Next, we evaluate the performance for the case where the number of connected devices
is greater than the number of receive antennas, i.e., K > N. Weset N =8, K = 20
and r = 0.5 bits/s/Hz. In Figure 27, we compare the outage performance for the different
receivers. Surprisingly, the ZF-PIC receiver performs extremely poorly in this setup, followed
by the MRC-SIC receiver. The performance of the MRC-SIC/MMSE receiver matches the
performance of the MRC-SIC, and both outperform the MRC-SIC/ZF receiver in the whole
considered range of p. The performance of the MRC-SIC/ZF only matches the performance
of the others for p > 20 dB. We also observe that the performance of the MRC-SIC, MRC-
SIC/ZF and MRC-SIC/MMSE saturates for p > 10 dB, i.e., increasing the transmit SNR
does not yield any performance gain. The reason is that we increase the interference that the
devices cause to each other when we increase their average received SNR.

Finally, the most interesting result is related to the MMSE-PIC receiver. Even though
the MMSE-PIC receiver is the one that presents the highest performance degradation owing
to imperfect CSI, it is still the one that is able to achieve the lowest outage probability.
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When p is very low, the received signal strength of the devices is very low, thus most of the
signals transmitted by the devices are not correctly decoded. Then, as p increases, the outage
probability achieves a minimum value around p = —2 dB. In this point, its performance
is much better than the performance achieved by any of the other receivers in the whole
range of p. However, if we continue increasing p, the interference caused by the active
devices waiting to be decoded become too high, and as a consequence the performance of the
MMSE-PIC receiver deteriorates rapidly as p grows. Nonetheless, the curves of the MMSE-PIC
evinces the fact that there is an optimal value for the average received SNR p such that the
received signal strength is strong enough to make sure that all the active devices are correctly
decoded (thus guaranteeing minimum outage probability), but not too strong such that the
interference caused by the devices waiting to be decoded does not harm the performance of
the system. How to determine the optimal value of p for the power control in terms of the
system parameters N, K and p is an issue that we intend to investigate in future works.

——MRC ——MRC-SIC/ZF ZF-PIC
MRC-SIC ——MRC-SIC/MMSE ——MMSE-PIC

-
—
g

Pout

Perfect CSI
- — Imperfect CSI
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p [dB]

Figure 27: Outage probability versus average received SNR for N =8, K =20 and r = 0.5
bit/s/Hz.

6.7 Summary

We proposed and analyzed iterative linear receivers that can be adopted in MTC use cases
where the number of active devices in a give time slot is higher than the number of receive
antennas. Aiming at achieving more realistic results, we considered the effect of imperfect CSI.
The proposed schemes are able to perform dynamic-ordering SIC decoding and data detection
for arbitrary numbers of active devices and receive antennas, thus they may be adopted in
mMTC scenarios where, because of cost, physical size and power limitations, receivers cannot
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be equipped with a large number of receive antennas. We note that the receivers that utilize
the MMSE filter perform better than their counterparts that utilize the ZF filter, but the
receivers that utilize MRC or ZF filters present a lower performance degradation owing to
imperfect CSI than the ones that utilize MMSE filter. Nevertheless, even though the MMSE-
PIC receiver is the one that presents the highest performance degradation owing to imperfect
CSl, it is the one that presented the best performance in all the considered scenarios, thus it
is the one more suitable to provide massive connectivity in MTC use cases for beyond-5G and
6G networks.

Project Title: FIREMAN 44 /50 https:/ /fireman-project.eu
Project Coordinator: LUT



Version 1.0, 28/02/2022

7 RAN slicing for substation automation communication

7.1 Problem description

The advent of the 5G communication networks is expected to unfold the potential of
emerging industrial systems through the support of a wide range of real-time and autonomous
operations. This is the case of power systems, where 5G-enabled network slicing emerges as
an integrating platform for smart grid connectivity solutions over a common physical network.
Network slicing allows the 5G network to be split into logically isolated networks — where each
one can be interpreted as a slice — deployed on a single shared physical infrastructure [26].
One of the key challenges for the realization of end-to-end network slicing in the smart grid
relates to the efficient management of radio access network (RAN) resources among differ-
ent slices, each of them customized to meet the requirements of a smart grid service [27].
In the context of FIREMAN activities, we introduce a RAN slicing framework with proper
functional splits of the RAN components, using the IEC-61850 communication standard as
a reference [28]. Designed as a future-proof standard that ensures interoperability between
systems from different vendors, the IEC-61850 aims at a flexible integration of all protec-
tion, control, measurement, and monitoring functions within a power system and defines the
respective connectivity requirements.

7.2 Methodology

Our integration framework is primarily composed of five building elements with fully pro-
grammable features [29]:

e Core network functions bridge, which receives data plane information from RAN and
control plane information from the slice subnets that compose the core network.

e RAN architecture, which defines the operating principles and different roles among the
radio units, the distributed units and the centralized units.

e RAN isolation level, which defines the required isolation level among slices.

e RAN slicing function, which is associated to the functionalities performed in the baseband
processing units.

e RAN slicing management, which is in charge of monitoring the necessary capabilities of
the aforementioned elements.

7.3 Path forward

To demonstrate the potential of this agile approach, in the course of FIREMAN activities,
we are planning to assess the reliability performance in terms of outage probability for three
intelligent electronic devices transmitting in the uplink various IEC-61850 message types in a
single-cell network topology. In particular, we will consider the comparison of two different
resource allocation strategies: i) a dedicated resource assignment, where the available resources
are partitioned in an orthogonal way for each traffic type; and ii) a shared resource allocation,
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where resources are mutually shared among the different traffic types. In the latter case, two
MIMO receivers of different computational complexity will be applied, namely the MMSE and
the MMSE-SIC receivers.

Besides, in the path forward, we will direct our efforts towards a predicted/proactive re-
configuration of the functional elements of the proposed framework by resorting to emerging
artificial intelligence techniques.
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8 Conclusion

An important step towards large-scale data acquisition in lloT environments resides in the
scalable and reliable sensor data transmissions to a fusion center. Deliverable 3.3b aims to
consolidate the research activities in the context of Task 3.3 related to "Large-scale Data
Transmission”. In particular, several technical enablers for beyond-5G connectivity have been
proposed by the consortium partners in an effort to address the stringent requirements of
industrial environments. This Deliverable is expected to provide valuable insights for the work
carried out in other WPs and, in particular, serve as an input for subsequent data processing
tasks performed at a higher level of the FIREMAN system architecture.
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