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Abstract—The advance towards 6G networks comes with the
promise of unprecedented performance in sensing and commu-
nication capabilities. The feat of achieving those, while satisfying
the ever-growing demands placed on wireless networks, promises
revolutionary advancements in sensing and communication tech-
nologies. As 6G aims to cater to the growing demands of wireless
network users, the implementation of intelligent and efficient so-
lutions becomes essential. In particular, reconfigurable intelligent
surfaces (RISs), also known as Smart Surfaces, are envisioned as
a transformative technology for future 6G networks.

The performance of RISs when used to augment existing
devices is nevertheless largely affected by their precise location.
Suboptimal deployments are also costly to correct, negating their
low-cost benefits. This paper investigates the topic of optimal
RISs diffusion, taking into account the improvement they provide
both for the sensing and communication capabilities of the
infrastructure while working with other antennas and sensors.
We develop a combined metric that takes into account the
properties and location of the individual devices to compute the
performance of the entire infrastructure. We then use it as a
foundation to build a reinforcement learning architecture that
solves the RIS deployment problem. Since our metric measures
the surface where given localization thresholds are achieved and
the communication coverage of the area of interest, the novel
framework we provide is able to seamlessly balance sensing and
communication, showing its performance gain against reference
solutions, where it achieves simultaneously almost the reference
performance for communication and the reference performance
for localization.

I. INTRODUCTION

Over the past decades, wireless communications and radar
sensing have made significant advancements as prominent
radio technologies. However, these technologies have devel-
oped independently with a very limited collaboration, de-
spite their shared hardware architecture and signal process-
ing principles [1]. Recently, the idea of integrated sensing
and communication (ISAC) has emerged, garnering consid-
erable attention in the research community [2]. ISAC aims
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Fig. 1. RIS-assisted ISAC network simultaneously considering both indoor
and outdoor scenarios.

to combine the functionalities of communication and sensing
systems, leveraging scarce spectral resources to create cost-
efficient, intelligent, and user-friendly wireless networks with
unprecedented possibilities [3]. Nevertheless, establishing a
reliable ISAC service poses serious challenges, particularly in
unfavorable electromagnetic (EM) propagation environments,
operating at millimeter-wave (mmWave) and terahertz (THz)
frequency bands, which offer abundant spectral resources [4].
To overcome such limitations, researchers are currently ex-
ploring more sophisticated solutions: On the one hand, com-
pensating for the path loss in high-frequency channels can be
achieved through the use of massive multiple-input, multiple-
output (MIMO) systems [5], which provide high beamforming
and spatial gains; on the other hand, RISs have shown potential
in mitigating the blockage effect among other problems [6].
Indeed, the groundbreaking RIS technology can programmat-
ically alter the propagation properties of an incoming EM
signal, thereby providing the means to control the surrounding
propagation environment. Despite such promising techniques
being extensively studied in separate fields of communications
and sensing, their specific applications to ISAC systems still
remain relatively unexplored.

RISs, proven to be low-complexity, low-cost, and nearly
passive devices, can play a major role in accomplishing the
ISAC revolution due to their sustainability and flexibility prop-
erties. However, installing and maintaining such innovative
devices can become an impelling task. RISs must be properly
placed and continuously configured to simultaneously i) steer
the communication beam towards the desired receiver and
11) exploit the passive radar capabilities to collect real-time
information from connected devices, which send timestamped



pilot signals and infer the target position, as depicted in Fig. 1.
Nonetheless, during the initial roll-out phase, the placement
of RISs becomes of paramount importance: this has been
recently studied in previous works that tackle the RIS de-
ployment problem [7], [8] from a theoretical perspective sug-
gesting practical frameworks. In those practical frameworks,
the performance gains provided by RISs vary greatly with
their placement. Additionally, the solutions to the deployment
problem (i.e. the locations where RISs are placed) can often
be counterintuitive. These two properties (the importance and
the counterintuitiveness) of the deployment solutions, call
for solid approaches to the issue. While existing works
attain to communications capabilities boost, they neglect other
important benefits that networks obtain from incorporating
RISs. Conversely, in this work, we specifically aim to cover
that gap, building a localization metric in seamless cooperation
with a communications metric. We rely on such novel key
performance indicators (KPIs) while devising a practical RIS
installation framework, as detailed in the following section.

Contributions: In this paper, we propose RiLoCo, a rein-
forcement learning (RL)-based method that, unlike existing
solutions, maximizes RIS performance both in sensing and
communication. In RiLoCo we explicitly consider environ-
mental signal blockages and shadowing and treat RISs and
base stations (BSs) as sensors. To build it, we first transform
the information from the sensors into consolidated spatial
probability density functions (PDFs) of the user location esti-
mations. Finally, computing the Fisher information contained
in those PDFs, we introduce meaningful metrics that serve as
the heart of RiLoCo, jointly evaluating the localization and
communication performance of deployments while allowing
heterogeneous combinations of RIS, BSs, and other sensors.

Contributions are listed as follows: C1) a novel formulation
of the RIS deployment problem oriented to RL, catering
both sensing and communications performance, considering
the simultaneous deployment of other devices (as BSs) C2)
mathematical models to describe the information obtainable
from RISs, predicting the device capabilities in an accurate
and tractable manner, C3) a processing method to encode all
the available information from sensors into a single Carte-
sian discrete PDF of position estimations, C4) a localization
performance evaluation of the infrastructure based on Fisher
information, able to drive the RL algorithm, C5) a joint
sensing and communication metric for RIS, BS and sensor
deployments and C6) the performance evaluation of RiLoCo,
leveraging on the previously listed contributions in a sample
scenario.

Notation and conventions: We denote vectorial quantities
with boldface, and the modulus of an N-dimensional vector
v as ||v|]|. We use Cartesian coordinates when not otherwise
noted. A notable exception is angular measurements of the
direction of an impinging signal in an antenna, which we
indicate using horizontal coordinates. In this context, we
denote the elevation of arrival by ¢4 and define it as the
angle between the arrival direction and the reference plane
XY. We denote the azimuth of arrival by 64 and define it
as the signed angle between the reference direction X and
the projection of the arrival direction in the reference plane

XY. Consistent with this, for simplicity we use the function
atan2(y, x), also in the vectorial form atan2(p) = atan2(y, z)
with p = («,y, z), defined as the following:

arctan (£) if £ >0,
5= arctan(i) if y >0,
atan2(y,z) = ¢ —% —arctan(Z) if y <0,
arctan () £ 7 if 2 <0,
undefined ifx =9y =0.

We use the Gaussian distribution, denoted as N(u,0?),
where p is the expected value or mean of the distribution and
o? is the variance. We use c for the speed of light in vacuum.
We denote the natural logarithm of a quantity ¢ as In(gq) or
simply In g, and the average of the same quantity as §. For
the expected value of a function f(Z) of a random variable Z
we use the notation E [f(Z)]. The i-th eigenvalue of a matrix
M is denoted as ev;(M).

II. RELATED WORKS

The topic of ISAC is currently receiving noticeable attention
from academic literature. We summarize here the publica-
tions that present the closest parallelism and relevance to the
deployment of devices capable of simultaneous sensing and
communications (and in particular, RISs), in ISAC systems.

A. ISAC performance

The new trade-offs that arise when considering simultane-
ously sensing and communications aspects in the infrastructure
are studied in works as [9] and [10]. These are taken into
consideration when the theoretical limits of the capabilities of
ISAC networks are studied as in [9], which can directly impact
the deployment problem and other parallel questions, such as
the power allocation problem studied in [10].

B. Deployment problem in ISAC systems

Very limited literature has addressed the optimal deploy-
ment problem considering both communication and sensing.
For instance, [11] studied an optimal BS deployment solution
that jointly maximizes the overall system throughput and
minimizes the Cramér—Rao bound (CRB), thus improving the
localization accuracy. We go one step beyond, looking at
RIS as the emerging and groundbreaking technology. It has
substantially attracted academic and industrial entities due to
its versatility and agility to enhance existing network deploy-
ments. In the last few years, a plethora of research works
have been published to tackle such novel technologies from
different perspectives, including physical modeling, design and
implementation, and optimization of RIS configuration and
control. However, commercial exploitation involves a number
of technical challenges due to the wide set of variables to take
into account, such as operating frequency, size and orientation,
or optimized KPIs [12].



C. RIS usage in ISAC systems

The exploitation of the reconfigurable propagation envi-
ronment that RISs are able to build in the context of ISAC
systems is also well studied in the literature. For example,
in [13] the authors describe the topic and the capabilities
RISs offer for ISAC, as well as documenting the state of the
art on the techniques studying how to optimally incorporate
these devices along existing machines. In [14], the authors
proposed a new RIS-aided edge caching system by formulating
a network cost minimization problem to jointly optimize
content placement at cache units, active beamforming at BS,
and RIS configuration. This is performed by exploiting an
alternating optimization algorithm to jointly tackle the BS
beamforming and RIS configuration.

D. RIS deployment problem

In [15], the authors analyzed the coverage of a down-
link RIS-assisted network. The RIS placement optimization
problem was formulated to maximize the cell coverage by
optimizing the RIS orientation and horizontal distance with the
BS. In [16], an optimal RIS placement for highly directional
mmWave links is presented. The authors highlighted the
relationship between transmission beam footprint at the RIS
plane and its corresponding size. The authors of [17] focused
on the mmWave communications in indoor scenarios. They
formulated an RIS placement optimization to maximize the
coverage area with a supervised learning approach outper-
forming the conventional schemes attained by the decision tree
algorithm and the randomly deployed RIS. Finally, [18] eval-
uated the end-to-end signal-to-noise ratio (SNR) expression of
the transmitter-RIS-receiver links to acquire important insights
about the RIS position on the overall system performance.

Moving towards higher frequencies, such as D-band, in [19]
the optimal placement of the RIS is studied with respect
to both position and orientation. In particular, the proposed
analysis is based on an analytical model that treats the RIS
as a continuous surface of finite size that steers the incident
beam toward a prescribed direction.

Nevertheless, none of these approaches looked into the opti-
mal RIS installation and configuration problem to pursue both
localization and communication performance maximization at
the same time, leading us to work within that niche in the
present work.

III. SYSTEM MODEL

To define the initial problem and develop our proposed
solution, we examine a traditional propagation environment
where transmitters and receivers can establish connections
via both direct links (i.e., line-of-sight (LoS)) and reflected
links (i.e., utilizing the conventional properties of the RIS).
We consider a confined scenario, where we intend to deploy
devices to improve coverage and localization services while
taking into account the existing infrastructure. This is depicted
in Fig. 2.
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Fig. 2. Schematic view of the elements of the system model.

In this section we explain our scenario, detailing the model
where we base our work. We explain how we model the de-
vices in the infrastructure able to provide information (sensing
nodes), and how we encode that information. We consider two
particular examples, inspired in RISs: time of arrival (ToA)
sensing and angle of arrival (AoA) sensing. We explain also
the way we model shadowing in our scenario.

A. Scenario

We study an area where multiple user equipments (UEs) are
placed. In this area we want to deliver boosted-performance
communication and sensing services by means of a wireless
network, as depicted in Fig. 1. To achieve this we consider that
we can either install RISs into the environment (in order to
enhance the existing wireless infrastructure, e.g., access points
or BSs) or by planning a joint BSs and RISs deployment. Our
intention is to exploit the controllable (passive) beamforming
at the RIS devices that, in turn, become ¢) effective nearly
passive sensors able to accurately detect the position of a target
user (please refer to Theorem 1 in Section IV) and i) nearly
passive signal repeaters to significantly enhance the overall
communications while ensuring the area receives a sufficient
level of coverage at all points. The technical challenge relies
on finding the optimal overall network deployment that max-
imizes both communication and sensing performance.

In our study, we consider devices that are deployed with
varying characteristics: this includes differences in the number
and arrangement of antennas, the accuracy of their sensing
capabilities, and, in the case of BSs, the transmitted power. To
better consider the characteristics of the physical environment
of our study, we take into account the presence of shadowing
between each potential deployment site, namely candidate site
(CS) and the area where UEs are distributed. We represent this
shadowing information as a collection of blockage areas for
each potential CS, and we encode the environment propagation
conditions using such blockage areas. This is illustrated in
Fig. 2, where the shadowed area of the highlighted CS is
colored gray and the unshadowed (usable) area is colored
orange. It is also further explained and justified in Sec. III sub-
section E. Shadowing and connection models. Additionally, we
can incorporate to our method information about the expected
statistical distribution of UE locations in the scenario. In our
implementation we consider the worst case for the localization
accuracy, a uniform distribution of users, representing the lack
of prior information. We exploit the information on shadowing
areas to create a model of the propagation environment in



which our solution will operate. This model helps us sir
how each solution will perform in practice. On the other
the statistical distribution of UE locations is utilized
evaluation metrics.! By using the statistical distributi
UEs, we can effectively exclude the evaluation of aree
are inaccessible or not relevant for our study: this sim
the evaluation process and allows us to focus on the r
where the solutions are viable and applicable with a re
output.

B. Sensing nodes

Fundamentally, the construction of RiLoCo allows f
acceptance of any sensing information (i.e., the output
any sensor) that can be projected into a Cartesian coor
space. This would include, for example, pyroelectric in
presence sensors within a room [20], mmWave radars
channel information fingerprinting [22], or even secondary in-
formation sources, such as location information inferred from
sound noise levels, energy consumption, etc. For conciseness
and clarity, in this work we focus on the deployment of RISs—
one of the most relevant technologies for sensing and commu-
nications [23]—and BSs. We model and use the information
readily obtainable from them as the basis for RiLoCo. We
assume that each device (i.e., BSs and RISs) can provide
sensing information in the form of either ToA, AoA, or both,
as shown in the left and center parts of Fig. 3. On the right
part of this figure we also introduce elements properly covered
later in the paper, as the combination of the information
from all the individual sensors (detailed in Sec. IV) and the
extraction of the accuracy achievable from this (detailed in
Sec. V. We infer the individual measurement accuracy of each
sensor from the intrinsic characteristics (e.g., the number and
distribution of elements of an RIS), the operating frequency,
the measurement conditions, e.g., the SNR at the sensor doing
the measurement, etc. [24] With the accuracy of the sensors,
we model the distribution of the measurements expected from
each sensor as a Gaussian distribution, where the average p
is the real value of the measured magnitude and o2 is the
variance of the statistical distribution of the measurements
obtained from the sensor. ToA and AoA sensors have different
models for the dependence of their accuracy with the SNR.
In the following, we describe how ToA and AoA sensing
procedures are performed.

C. ToA sensing procedure

We model the BSs placed in the scenario as nodes with ToA
sensing capabilities. If we consider a sensor in the location
p. = (x5, ys, 2z5s) with an internal clock synchronized with the
reference time ¢, and a UE located at p,, = (Zy, Yu, 2,) With
an internal clock t,, presenting an unknown constant deviation
from the reference time t so ¢t — ¢, = Ay, # 0, a ToA
measurement translates to a spherical cone:

(TA _Atu)2 '02 = (xu _xs)2+(yu_ys)2+(zu_zs)2v (1)

IThis can be used, for example, by applying weights to the metric
evaluations based on the density of UEs in different spatial regions and
collecting corresponding results, as shown in Section VI.

y Op0a 1
ev: —_—
Pu—Ps eve <1 (x1 ) 1 <[(x' y))
Oa
I
OToA
Proa(x%,y) Paoa(x,y) Pr(x,y)

Fig. 3. Time of arrival (ToA) (left) and angle of arrival (AoA) (center)
measurements diagrams in 2D, with their combination (right).

where the measurement 74 is the difference between the
absolute time of arrival of the sounding signal (in the time
reference system) and the UE time of emission of said signal
(in the UE own time reference). Eq. (1) presents a simple
concept: the right term represents the distance between the UE
and the sensor that performs the ToA measurement, squared.
The left term represents the time of flight of the measurement
signal multiplied by the speed of the signal, ¢, both squared.
This turns into the following simpler form

TA2 P = (l'u - xs)g + (yu - ys)27 2)

when considering a scenario wherein we are restricted to a
known, constant height and where the internal clock deviation
of the UE is assumed to be negligible 2.

For the ToA measurement accuracy we take the value of
the range accuracy of a secondary radar using a bandwidth
B [25]:

7T = ) BV2 - SNR

We model RISs as nearly passive devices without sensing
or computational capabilities ([12]), and hence they do not
offer any direct feedback. Nevertheless, we can obtain implicit
information from their operation: the alterations in observable
environmental variables—e.g. the channel state information
(CSI)—following controlled (or known) changes in the RIS
configuration can be exploited to gain knowledge about the
environment or, specifically in our case, the position of the
UE [6]. We assume the BS is able to discriminate the received
signals in order to distinguish those coming from the UE
and the ones programmatically reflected by the RIS, thereby
extending BS ToA sensing capabilities to those devices. A BS
could distinguish those, for example, by the ToAs themselves,
the rough AoA of the incoming signals, or other factors [26].
RISs then are considered as anchors, with a decrease in the
accuracy due to the additional reflection and the increased path
length. We then use the same value for the time resolution and,
by extension, the same U?nin,To 4 as for the BSs, but we do
update the SNR of the measurement to reflect the accuracy
degradation.

D. AoA sensing procedure

We model RIS devices with the capability to quickly re-
configure, able to follow and focus on the UE they are
currently serving. This operating regime has the benefit of

2Neither of these assumptions is required formally nor computationally
for our method: we exploit them to ease the exposition both in terms of
formulas and graphical depictions.



offering precise angular information [27]. If we consider a
sensor in the location p, = (zs,ys,2s) and a UE located
at p, = (Tu,Yu,2u), an AoA measurement in horizontal
coordinates translates into the following equations:

04 = atan2(yu —Ys, Ty — l's)a 4

z

Nl ®
where the values ¢ 4 and 6,4 are the central values of angular
measurements of the AoA in the local horizontal coordinate
system of the sensor. These equations simply come from the
definition of horizontal coordinates, where the elevation @ 4 is
measured from the horizontal plane XY or Z = 0, and the
azimuth angle 64 employs the atan2(y,x) function, which is
defined specifically for this purpose as described in Section I.
Since the statistical distribution of measurements is assumed
unbiased, the central values of the measurement distributions
are the true values.

We model the accuracy of the sensor in any given mea-
surement as equal to its base accuracy, with a degradation
factor dependent on the SNR [28]. If the sensor can achieve
in optimal conditions a minimum value o2, , we model the
accuracy dependence with the SNR by dividing that value
with a sigmoid function ranging between the value 0 at
the minimum SNR (with a sensitivity threshold SNR,,;»),
and 1 at the saturation SNR beyond which there are no
noticeable improvements in signal quality, noted as SNR,,,4;.
Having chosen the logistic function, the sensor variance at the
measurement 0%, 4 yields

pa = arcsin(

9 1+ ekSNR(SNRT,LfsNRC)

2 _
O A0A = Omin * ekSNR(SNRm,—SNRC) 3 (6)
SNRmam SNRmzn
SNR, = - , )
2-1n(9)
k = 8
SNR (SNRmam — SNRm’Ln) ) ( )

where SNR,,, represents the SNR obtained by the sensor at
the measurement, and we choose the factors ksyg and SNR..
to ensure the intended behavior of the model. What we intend
with this model for %, , is to encode the dependence of
the sensor reliability with SNR. In Eq. (6) for high values
of SNR,, > SNR,,., the sensor accuracy tends to the
optimal value ¢%,, ~ o2,., and for low values when
SNR,, < SNR,,;, the accuracy falls as 0%, , > 02,..
with a smooth transition in between. This smooth transition
is governed by the factors SNR. and kgng: with the values
chosen in Eq. (7) and Eq. (8) we have 0%,, = 02,,,/0.9
when SNR,,, = SNR,,,,.;, representing near-optimal operation
and 02,4 = 02,,,/0.1 when SNR,,, = SNR,,;,,, representing
the absence of usable information in that circumstance.

We take the minimum variance o2, of the measurements
as the sensor resolution. The resolution in our model depends
on the shape of the beam-pattern produced by the RIS,
particularly the beam-width. Hence, the defining characteristic
of the resolution of the RIS sensor will ultimately be the
number and distribution of antenna elements on that device.
To maintain a consistent form with the sensor Gaussian model

detailed before, we model this beam-width as half the angular

span between the two closest points to the beam centre that
present a gain equal to Gpw = Gmayz e_%, where Gz 18
the gain in the centre of the beam. As for BSs, we distinguish
between fixed antennas, without a precoder or any other means
to produce a configurable directional beam, and MIMO BSs,
composed of an uniform rectangular arrays (URAs), uniform
circular arrays (UCAs) or other similar means able to focus
on the individual users at will, and hence producing angular
information similar to that produced by RISs.

E. Shadowing and connection models

We consider a known environment, where we can evaluate
whether a pair of points are linked through a LoS or not.
We take into account each CS individually, and check the
availability of LoS with all the points included in the area
where UEs are expected to be distributed. The areas where
this LoS condition is not fulfilled are noted as blockage areas
and they are listed for each CS. Considering the propagation
characteristics of the radio frequency bands where the RIS is
an effective solution, non-line-of-sight (NLoS) links caused
by reflections in the environment are excluded, as their power
contribution is minimal under these conditions. This dichoto-
mous behaviour is not only theoretically predicted but it has
been also widely observed in simulations and field measure-
ments [29], [30], providing further justification for our binary
shadowing model. Having taken into account blockage with
this mechanism, we can model remaining LoS connections
with a simple, low-computational-complexity form of the Friis
transmission equation:

)\2

Pr*Pt'Gt'Gr'(Zlﬂ_d),Y’ (€))
where P; and P, are the transmitted and the received power,
G; and G, are the transmitting and receiving gains, A is
the wavelength used for the transmission, « is the path loss
exponent, and d is the distance between the transmitting and
the receiving antennas, all in metric units. While this simple
model allows us to focus our work on the localization aspect,
it is worth mention that the RL architecture we propose can be
swiftly adapted to employ models with arbitrarily high detail,
as long as they can provide a map of the chosen parameter
to evaluate the communication quality (in our case the SNR),
given a fixed infrastructure. For example, if a detailed and
realistic simulator as the one described in [31] is available,
our proposal can integrate its output to obtain much more
refined solutions on the communications side, without any
further adaptation or change needed on our proposal. These
improvements on the simulation of individual scenarios could
be expensive while not offering enough insight about the
general case, and thus might be unfit for general research.
Nevertheless the higher reliability of the data obtained from
more detailed simulations can be the basis of a commercial
exploitation of both the present work and [31].

IV. STATISTICAL POSITIONING QUALITY

In this section we detail the fundamentals of our solution
from a mathematical perspective. In particular, we consolidate
our proposal premises and provide a solid guideline that
allowed us to design in the next section our novel RIS-based
ISAC framework.



A. Measurement projections

Given the heterogeneity of available measurements, we need
to tailor all such information onto the same space. Hence,
we map each one-dimensional measurement with its variance
into the full-dimensional space of states for the UE, which
includes 3 spatial dimensions (e.g., for the UE position,
Loy, Yu, Zy) and one time dimension (e.g., for the UE internal
clock deviation A; ) in the original form, or only 2 spatial
dimensions (&, ¥, ) in the simplified form.

The result of the mapping is one analytical PDF for each
measurement, assuming a Gaussian distribution of errors with
the given standard deviation, individual to each measurement
and dependent on the characteristics of the sensing device and
measurement conditions. Since we assume the measurements
to be normally distributed, all the information they carry
is encoded in their central value y and variance o?. Since
the mapping between a pair of values (u,0?) of any given
measurement and their corresponding PDF is surjective we
consider it a projection. With these PDFs we express the
measurement relative likelihood of producing a value, given
the full state definition. The PDF P(s|m) spanning over all
the space of states s conditioned to a measurement real value
m,. can be expressed as the following

P(s[my) o< Py(m(s)|my),

where P;(m|m,) is the relative likelihood of obtaining a
measurement 7 from a sensor given the real value m,., and
m(s) is the measurement associated with state s.

While both the mathematical derivations and the compu-
tational counterparts can be performed in the original R*
space, for simplicity of the exposition we show here the 2-
dimensional PDFs where we assume the UEs are located in
zu = Z. plane while discarding the UE internal clock deviation
(i.e., Ay, = 0) and the AoA elevation measurements 4.
As a measurement value can be produced by infinite points
in the state space, we need more information to create the
projection from R to R™. We assume that the state space
is equiprobable 3, and hence all possible states producing the
same measurement are equiprobable too.

(10)

B. Location probability distribution

Let us consider a sensor in the location p, = (s, s, 2s)
and a UE located at p,, = (%4, Yu, 2u). If we derive the PDF
encoding the spatial information from an AoA measurement
0 using Eq. (4) and the Gaussian distribution, it yields

—1. D2 A=)

Paoa(@,y) = Cn,a0a - € TAoa aDn
Daoa(z,y) :é\—er, (12)
0= atan2(y — ys, T — Ts), (13)
0, = atan2(y, — Ys, Ty, — Ts), (14)

2 Dhoay) -
Ctos = < [ 7 dy) )

3This assumption makes our analysis more tractable leading to an UE
located in any position and have any internal clock deviation within the
considered space with the same probability.

as depicted in Fig. 3 on the left-side hand in blue color. The
intuition behind equations Eq. (11)-(15) is simple: for any
given angular measurement 6 of the user position, the user
has a probability density Pa,4(x,y) of being located in the
point (z,y). To build this we simply consider that our angular
measurements 6 will have a normal distribution. Hence, as
written before, we take the Gaussian distribution function,
center it at 6, following Eq. (4), and spread it accordingly
to the expected sensor accuracy o%,, from Eq. (6). That
leaves us with N(6,,0%,4), as seen in Eq. (12) with the
only additional factor of the normalization constant Cy s04.
Thanks to this factor, defined in Eq. (15), we normalize the
total probability of [, [, Paoa(z,y) dz dy = 1. Similarly to
this, the PDF encoding the spatial information from an ToA
measurement T4 using Eq. (2) and the Gaussian distribution
can be written as the following

=1, D%OA(a;,y)

Proa(z,y) = ONoa-€ > Toa | (16)
Droa(z,y) = (Ta — Ta,), (17)
Ta= \/<yfyg>2+(arfxs)2/c (18)
Ty, = —ys)? + (xy — )% /c (19)

1 PRa G -t
Crviron = ( / / =T do dy) Qo)

depicted (unnormalised) in Fig. 3 in the center in green color.
As per the previous group, Egs. (16)-(20) allow us to compute
the probability density Proa(z,y) of the user being in a
position (x,y), given this time a ToA measurement 7'4. The
construction of these equations to model the PDF for the ToA
measurements is analogous to _the previous case in Egs. (11)-
(15), in this case obtaining 7’4 from Eq. (2) and O’%O 4from
Eq. (3). We have again a normalised total probability of
Jz Jg Proa(z,y) dx dy = 1 thanks to the factor Cn,1o4.
As we consider the distributions of the internal errors of the
sensors to be independent between devices, we can combine
the available information by multiplying the PDFs as the
following

P R(w ’ y)

:CN,R'HPi($7y)7 2n

and re-normalising the result using the variable C'y g to keep

/R/Rnpi(%y) dz dy = 1,

which we depict for one ToA PDF and one AoA PDF in Fig. 3
on the right-hand side in red color. It is worth noting that,
unlike the ToA PDF written in Eq. (16), the AoA PDF written
in Eq. (11) is equal to zero. This is because as per Eq. (11)
the normalization constant collapses to Cn 1,4 = 0 since
the double integral diverges, as it can be seen in the center of
Fig. 3, where the (infinitely spanning) PDF is cut with a dashed
line. Yet, when multiplied by other distributions as in Eq. (21),
either angular as Eq. (11) itself (but with different values for p,
or p,,), or radial as Eq. (16), and then renormalised as Eq. (22),

(22)
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Fig. 4. Overview of RiLoCo building blocks.

its information is preserved and traduced to the final result.
With this in mind, we can formulate the following theorem.
Theorem 1: For a given pair of sensor accuracies in AoA and
ToA measurements (07,4,0404), and with the objective of
maximizing localization accuracy, RIS behave as an optimally
placed pair of sensors.
Sketch of Proof: Consider a PDF f, which encodes a set of
measurements € attaining a localization precision of P. Let \;
be the eigenvalues of Z(q), the Fisher information matrix of
f, which provide an upper bound for P, i.e. max.{P} < \;.
Following Eq. (11) and Eq. (16), we define two different
PDFs, froa : R* — R and fa,4 : R® — R, describing
ToA and AoA measurements respectively. We denote by
fr(z,y,z,t) the properly normalized PDF obtained by the
product of fr,4 and fa,a. Lastly, assume that both original
measurements are obtained from two sensors whose positions,
given by Ps 104, Ps A04, are pair-wise independent. Then,
MAXG, 104 s son Ni = APy roa=ps.a04> SINCE the eigenvectors
associated to the largest eigenvalues of the Fisher information
matrices of fr,4 and fa,4 need to be spatially orthogonal. (]
We provide an extensive description of our framework by
shedding the light on the main novel building blocks and
their corresponding interactions within a classical propagation
environment.

C. Problem definition

We consider an area A, with an extension A, where we
aim at providing communication and localization services
to a homogeneous distribution of UEs. We have N pre-
defined CS available for the installation of RISs or BSs.
We define the deployment vector as d = {d;}", with d;
being the device installed the i-th CS. We have a maximum
budget constraint 8 such that the overall installation cost is
within such a budget and a function x(d) that economically
evaluates any deployment solution. This budget can represent
economical means or energy consumption, in order to optimize
the energy efficiency of the infrastructure. We have a set of
devices V = {0, 1, ..., V}N, each with a set of characteristics,
available to be installed in each CS, and including an entry
to represent the absence of any installed device. We use
two initial metrics in our proposal. The localization metric is
denoted as L(d, xy,y), and the communication performance
metric is denoted as C(d, z,, ¥, ). We detail both metrics later
in this section, subsection D. Performance metrics, with their
individual descriptions highlighted in bold as Communication
and Localization. We define the joint metric as

M(dvl'myu) =« L(daxuayu)‘i’(l*a) C(d71'uayu)a (23)

where o marks the balance between localization and com-
munications. With o« = 1 the joint metric attends only to
localization and o = 0 attends only to communications. Now,
we can formulate our optimization problem as the following

Problem 1 (Joint Sensing and Communications Optimiza-
tion):

max Aiu //M(d,xu,yu) dz dy (24a)
Ay

subject to k(d) < 8, (24b)

de{0,1,.., v}V, (24c¢)

Note that, in our formulation the budget observed in the
constrain Eq. (24b) can be also easily incorporated in our
metric Eq. (23) as a divisor, allowing to not only produce
solutions optimizing the performance per watt, or abiding a
capital expenditure ceiling, but also to search for the best
return of investment (ROI), among other energy-efficiency and
economically-guided solutions, as later shown and detailed in
Section VI.

D. RiLoCo Architecture

Overview. The existing formulations of the deployment
problem are, even without taking RISs into consideration, NP-
Hard [32]. Hence, finding solutions that cover novel situations
and paradigms in a practical, feasible way is an open prob-
lem. Nevertheless, in this paper the solving algorithm itself
occupies a secondary position, as the core of the presented
work is the metric that we build in this section, in the
subsection D. Performance metrics. We advance the notation
of our final metric in Eq. (23). We use this notation to
condense the deployment problem in the form of Problem 1.
In subsection C. RiLoCo in Action we explain how we intend
to use our metric to guide a straightforward solution search
method to obtain good quality solutions, and in subsection
D. Performance metrics we explain how our metric conforms
a direct representation of the communications and sensing
capabilities of an infrastructure. With this objective, and to
make Problem 1 tractable, we leverage on multiple Q-learning
RL agents to explore the feasible solutions, as shown in Fig. 4
and Alg. 2. The foundations of Q-learning we employ for
this are explained in this subsection, in the Reinforcement
learning part. To employ this technique, we translate the set
of possible solutions to Problem 1 into a space of states.
As explained in the Reinforcement learning part, the Q-
learning agent will then navigate this space of states by taking
actions. Additionally, to guide the agent training we devise
our localization and communication metrics, and a way to
combine them in different degrees to produce a single, final
metric that serves as feedback, evaluating the quality of each
solution found, and by extension the quality of each action
taken by the agent. These metrics are built by leveraging two
key concepts: ¢) the Fisher information and ¢¢) the Logistic
function.

We would like to emphasize that Q-learning is chosen for
our architecture because the discrete nature of the problem



formulation makes it adequate for our situation, for its adapt-
ability and guaranteed convergence, but also because its sim-
plicity. More complex solutions employing deep reinforcement
learning could be employed, having shown in previous works
as [8] ample capacity to solve the deployment problem and
interesting capabilities (as better scalability). However they
come at a cost that we expressly avoid: a more convoluted
architecture.

Reinforcement learning. RIS deployment problems often
are, when no simplifications or approximations are employed,
NP-Hard [33]. Traditional tools to create deployment methods
rely on relaxations and adaptations of the problem to make it
tractable, or solutions are found using approximate methods.
While these approaches work, the alternative option of using
machine learning (ML) methods, and in particular RL, allows
us to tackle the problem with as much realism as the simulator
employed allows for [8], [33]. To showcase how our metric
can lead a simple RL agent to solve the problem at hand,
we opt for Q-learning. While there is no dynamic situation
for the agent to handle, we create an environment where the
agent continuously alters the deployment solution to maximize
its performance.

Q-learning is a model-free RL algorithm. It learns to op-
timize the reward obtained by actions in an environment by
elaborating a table (called the Q-table) with one entry for every
possible state and action, based on the past rewards received.
For RiLoCo we build on the traditional Q-learning architec-
ture, as introduced originally in [34], [35], and schematically
presented in Algoritm 1. On it, we denote the discount factor
by =, which governs the ability of the agent to take future
expected rewards into consideration, instead of following a
greedy approach.

Algorithm 1 Q-Learning Algorithm
1: Initialize Q-table arbitrarily (e.g., with zeros) for all state-
action pairs
2: Set parameters: learning rate «, discount factor v, explo-
ration rate €
for each episode do
Initialize state s
for each step in the episode do
Choose action a; based on the exploration-
exploitation strategy
7: Take action a;, observe reward 7,1, and transition
to next state s;41

AN A

8: Update Q-table:
Q(Su at) —(1—a)-Q(se,ar)
+ (Tt+1 +7 max Q(s¢11, a))
9: Set s; < S¢41
10: end for
11: end for

V. RILOCO FRAMEWORK

The rationale behind our choice relies on the fact that Q-
learning is proven to converge to the optimal solution [35].

Algorithm 2 Overview of RiLoCo in pseudocode form.

1: Initialize solution evaluation memory

2: while Total training time not exhausted do

3 Instantiate Q-learning agent

4 while Individual training time not exhausted do

5: Train Q-learning agent (Alg.1)

6 if Solution state s; or s;11 exist in memory then
7 Fetch solution evaluation from memory

8 else

9 Evaluate - [[M(d, zy, y.) dz dy

u

10: Store solution evaluation in memory
11: end if

12: if Budget x(d) > S then

13: St41 < St

14: T4l < 0

15: end if

16: Update Q-table (Alg.1)

17: end while

18: end while
19: Select solution with best performance from solution eval-
uation memory within budget x(d) < 8

In our specific problem we encode each possible deployment
solution as an state s. Any deployment solution can be encoded
in a vector with n positions, one for each CS in our scenario.
For each position of the vector (each CS) we have m mutually
exclusive deployment choices: leaving the site empty and m —
1 different options of devices to install. That way, the total
number of possible solutions is m™. Since the set of possible
solutions is finite, we establish a bijective relation between
each solution vector and a state number. The set of actions we
define for the agent to navigate in this space is composed of
2 - n options: for each CS in the vector the agent can choose
to increase or decrease the index of the device installed on
that site, being able to empty it. This leaves us with a Q-table
with m™ rows and 2 - n columns.

For the training, we reward each action of the agent with
the difference in the metric valuation between the resulting
state and the original state of each action. That way, the total-
reward convergence of the Q-learning agent [35] warrants the
convergence to the optimal solution. We discard the actions
that would produce a state which would exceed the given
budget. In those cases, we do not change the current state
and we feed the agent a zero reward.

The balance between exploitation and exploration in the
training action decisions follows a linear evolution, from all-
exploration at the beginning to all-exploitation at the end.

Logistic function. We face several challenges while build-
ing both our proposed deployment method RiLoCo, its system
model and formal framework. One particularly recurring and
central obstacle is the adequate handling of extreme cases
in both the localization and communication metrics. Such
extreme cases may range between areas (e.g., very close
to a BSs and RISs) that attain location and communication
performances several orders of magnitude above others, and
far-away areas where services simply do not reach a us-
able threshold. To encode increases and decreases in already



outlying values while ensuring tractability of the resulting
performance indicators using data driven and ML tools, we use
sigmoid functions as a way to preprocess raw values. Among
sigmoid functions, we opt for the logistic function to exploit
the convenient properties it shows (e.g., symmetry) to make
mathematical tractability easier. We then build the metrics here
presented using said logistic function, advanced in Section III
as part of Eq. (6), with the following form

ekr(avfzg)

g(x) = 11 ek@—z0)
By carefully selecting the parameters k, x in the function, we
can choose the thresholds between negligible function values
and saturated output. This behaviour leads to an optimal use
of both communication and localization services as described
hereafter. Other functions could serve in these objectives, e.g.,
saturating the values with maximum and minimum thresholds
Tmaz a0d Trin, as gs(x) = max(Timin, min(Tmaeq, ), but
the logistic function favours its usage for ML training efforts
being smooth for all x € R.

Fisher information. The Fisher information is a metric to
evaluate the amount of information we can obtain about an
unknown parameter ¢ from an observable random variable
Z. In our case, we want to know how much information we
can obtain about the R* parameter comprising the original
UE position and internal clock deviation q = (p,,A,) =
(Tws Yu, 2u, A, ) from all our sensor measurements combined,
translated to a single PDF.

When considering a parameter ¢, estimated based on an
observation vector Z, which has a PDF P(Z), the Fisher
information takes the form of a symmetric square matrix with
the same dimension as q, with the element in the i-th row and
j-th column defined [36] as

S { <81n8};(2)) <81n81q’j(2))] .

Our specific application of the Fisher information is detailed
later in this section, subsection D. Performance metrics, in the
Localization part. Essentially, we employ the statistical dis-
tribution of measurements we derive from the sensor models
we propose to compute the Fisher information. Numerically,
this direct application implies the computation of the PDF in
a fine grid, obtaining the logarithm in each point of the grid,
and the exhaustive computation of Eq. (26).

The CRB states that the Fisher information is the upper
bound of the precision of any unbiased estimator. Therefore,
we use the Fisher information to evaluate each sensor network.
Founding RiLoCo in the Fisher information we can avoid the
assumption of a particular localization framework, and hence
avoid the evaluation of the localization performance using
that method. Instead, we evaluate the amount of information
available from our measurement set about the UE coordinates.

(25)

(26)

A. RiLoCo in Action

We propose an iterative method for installing and configur-
ing RISs to jointly improve localization and communication
performances, namely RiLoCo. It works in cycles, where we

take random deployments and alter them step by step using
a RL agent. The iterative deployment process using the agent
does not follow a greedy policy: by rewarding the agent with
the difference between the performance metrics of the current
and the previous scenario, we train the agent to maximize
the performance of the final solution, not the intermediate
steps. While training the agents is a fast process, the different
deployment evaluations take a lot of computational effort. We
obtain the best results by storing these results in a solution
evaluation memory (see Fig. 4 and Alg. 2), and run over it
a series of Q-learning agents, which can request any solution
evaluation, buffered or not. By running agents that focus their
starting random deployments on the best scenarios previously
found, we are able to introduce a refining phase for the
solutions, which in practice greatly reduces the time needed
to reach a certain level of solution performance.

Solution steps. The high-level descriptions of the solution
stages are ¢) considering a random scenario, we evaluate it
with the localization and communication metric described
in Section V-B, Eq. (32), i) altering the scenario using
a RL agent which attempts to maximize said metric, and
117) deciding if the process continues (going back to the
step ¢) based on the quality of the current solution and the
improvement achieved in the last iterations*. The training is
simply exploited as a searching method, refining the solution
by attempting a balanced mix of informed changes based
on the knowledge acquired from the quality of past probed
solutions and trying unexplored options. Hence, the success
of this algorithm at finding a good deployment is independent
of the success of the training phase of the agent. This gives
us the capability of tackling the problem in situations where a
traditional approach would fail, either for the requirement of
much larger computational resources or because of the simple
unfeasibility of it.

Proposed localization framework. We make heavy use of
the Fisher information to make our results independent from
the particular localization method used to infer the UE location
from the sensor measurements. Nevertheless, the same ideas
of representing one-dimensional measurements in the full-
dimensional state space where we want to locate the user can
be exploited for a localization that takes into account all infor-
mation at hand. In equations Eq. (11), (16) and related ones
the PDF represents the probability of obtaining a measurement
given a true state of the user and the sensor accuracy, but we
can use it to create a localization method: given a measurement
and the sensor accuracy, we can reconstruct the PDF of the
true UE locations, and combine all sensors information in the
same manner described in Eq. (21).

With this method we are able to integrate NLoS readings
if the PDFs are built taking it into account, for example
by changing the simple Gaussian distribution of the mea-
surements to the convolution of that Gaussian and a flat
probability of producing a NLoS reading (a bias) in a range,
as proposed in Eq. (9)/Fig. 2 of [37]. This method, while
being computationally heavy, can integrate measurements from

“Note that the solving algorithm is built as a ML training process for a

RL agent, but the successful production of a deploying-capable RL agent is
neither necessary nor the objective of the solution process.



wildly heterogeneous sources of information, and seamlessly
combines all the measurements from the sensors without loss
of information neither on the measured value nor in the
variances and covariances of the final distribution. While we
do not showcase the results of this method in the present
paper, we have used it to introduce an additional measurement
improvement, explained in the following.

Improved location probability distributions. Building on
the former localization framework, we propose a method
to discard NLoS readings for localization. By including an
additional step in the localization accuracy measurement we
can filter the NLoS measurements. When we have obtained
the combined PDF of all the available measurements, the
overlap of that total and the individual measurements, defined
as the scalar product between the two functions (u,v) =
J[u(z,y)v(z,y)dx dy can serve as a guide to identify the
RZ

(probable) NLoS measurements. By discarding those measure-
ments, either AoA or ToA or others that do not overlap with
the estimation, we can refine the initial measurement. The
convolution of the original measurements with the random
NLoS bias can be discarded, and the original process can be
reproduced with the LoS measurements, to produce a more
precise result.

B. Performance metrics

The core process within RiLLoCo is to explore the solution
space while attempting to maximize our metric (Eq. (23)). To
guide the exploration we reward each action of the agent with
the difference between the valuation of the initial scenario
(before the action was taken) and the resulting scenario (after
the action is taken). The quality of the solutions found will
always have the quality of the metric they rely on as a limiting
factor. This makes the performance metrics a point of major
importance in our proposal.

To jointly optimize localization and communication perfor-
mances, we build a joint metric by combining two individual
metrics, as shown in Eq. (23), both adequately evaluating the
solutions.

Communication. Our metric C(d, z,,, y,,) for the commu-
nication performance can be considered the simplest of the
two and it is based on the SNR that each deployment d can
provide for a fictitious UE placed on coordinates x,,, y,, on the
considered surface. To obtain the SNR in that point we first
model the present RISs as signal sources. We compute the
different amounts of power received by one antenna element
of the ¢-th RIS (which contains ne; elements) and choose
the BS that shows the highest power transmission to the RIS:
P.; = max(P;_;), where P, is the maximum power received

J

by an antenna element of the 4-th RIS and P;_; is the power
received by one antenna element of the i-th RIS from the j-th
BS. We multiply that power by the number of elements in the
RIS to obtain the maximum signal power the RIS is able to
reflect, P, = P,; - ne;. Knowing the distribution of elements
of the RIS and treating it as a URA [38] able to focus on
each direction, we compute the maximum attainable gain by
the RIS for every AoA of the signals, G;(0). For the UE in
location (x,,y,) the angle between the RIS and the user is

0;—y = atan2(yy, — Ysi, T — Tsi) — 0;, where (x4, ys;) 18 the
location of the i-th RIS and 6; is its orientation with respect to
the reference direction. Having the maximum power that the
RIS can reflect P; and the gain it shows in the direction of
the UE, and assuming an isotropic antenna in the UE, we
simply apply Eq. (9) to obtain the received power by the
UE [38]. We obtain the SNR by dividing this amount by a
background noise level. Considering the values of the SNR
received from all the present signal emitters (both RISs and
BSs), we use the highest one as the SNR available for the UE
SNR,, = m}gwc(SNRu,k), where SNR,, j; is the SNR received

by a UE at the position z,,y, from the k-th signal emitter.
To turn this value into a score between 0 and 1, we apply the
logistic function Eq. (25). To choose the parameters k, zq we
take as milestone values the expected minimum threshold at
which mobile radio connectivity can be provided in beyond
fifth-generation (B5G), and the expected maximum threshold
beyond which no noticeable further improvement is obtained,
i.e., SNR;,,;» and SNR,,,4, accordingly. We finally have the
following

ekSNR(SNRu —SNR¢.)

C(d, 2y, yu) 27

T 1 + eFsw(SNR,—SNR.) ’

Since we want this function to return a value of 0.9 when
SNR, = SNR,,4z, and by 0.1 when SNR, = SNR,,,;,,, we
pick ksnr and SNR, as per Eq. (8) and Eq. (7).

To turn this metric C(d, z,,y, ), which evaluates a single
point, into the scenario-wide metric Cs(d) that assesses the
deployment d over the considered area A,, we simply take
and normalize the integral over A4, by averaging the value of
the metric as follows

Os(d) = / / C(d wurya)de dy. (28

Ay

Localization. Our metric L(d, z,,y,) for the localization
performance is based on the Fisher information of the PDF
of the UE location measurements. We first consider all the
possible measurement distributions for a fictitious UE placed
on coordinates (2, y,,) on the considered surface, from all the
available sensors in the scenario. We then obtain the measured
UE position PDFs. These take the form of Eq. (11) for AoA
measurements and Eq. (16) for ToA measurements. We con-
dense them in a single PDF Pg(z,y) following Eq. (21): this
digests all the positional available information from the sensors
in the scenario. Hence, we compute its Fisher information
matrix, with the parameter q = (x,y) in Eq. (26) where
q1 = x and gz = y, it yields

(9l Pg(z,y)\ [ dn Pr(z,y)
e L e

In practice, as introduced in the Fisher information part
of subsection B. RiLoCo Architecture, we solve this equation
numerically. To do this, we compute Pgr(x,y) in a fine grid,
obtain the logarithm of each value of the grid, make the
numerical derivatives in ¢ = = and ¢3 = y, and obtain the
expected value in the formula through the product with the
original distribution Pg(x,y) and numerical integration.




The Fisher information matrix of Pg(x,y) provides 3
distinct values, Z(q)1,1, Z(q)2,2 and Z(q)1,2 = Z(q)2,1-
Since the localization performance is ultimately limited by the
minimum localization accuracy in any direction, and we want
to make our metric independent under rotations, we summarize
the information matrix into a single value, taking the smallest
of the eigenvalues of the matrix. We diagonalise the Fisher in-
formation matrix as Z(z,y) = PZpP~'. We take the smallest
value of the diagonal in the new base as the minimum spatial
information in any direction, Z,,,;, = min{ev(Z), evs(Z)}.

Leveraging on the CRB, we compute the inverse of the
square root to obtain the minimum bound of the standard
deviation any unbiased position estimator would be able to
achieve when locating the UEs in the direction of greatest
uncertainty, ocrp,y = 1/v/Zmin, using the deployment of
sensing infrastructure d initially given. Localization services
are usually required to meet a sharp threshold. Increased
accuracy above this threshold brings no additional benefit, and
performance falling short of it renders the service valueless.
To model this, given a localization accuracy threshold oy,
we resort again to the logistic function Eq. (25) (but inverted,
since we want to reward low ocrg ., values) to obtain our final
metric as the following:

14 ekcre (ocrB,u—0mH)

L(d>xuayu) =

In this case, the threshold value oty has to be chosen as
the localization accuracy that our service aims to provide, and
kcrp needs to be high enough to render the logistic function
a soft step, but keeping a slope that enables ML methods.
When using meters for the ocrp,, values, a value of kcrg =
10 - In9 ~ 21.97 provides a change from 0.1 to 0.9 when
going from org — 10cm to oy + 10cm and a central slope
of 5m~". In our numerical evaluation we use a oy = 1lm.

As with the previous metric, to turn this metric L(d, ., ¥u),
which evaluates a single point, into the scenario-wide metric
Lgs(d), which evaluates the deployment d over the whole
area A,,, we simply take and normalize the integral over A,
averaging the value of the metric:

(30)

ekcre (OCRB,u —0H)

Ls(d) = / / L2y ) dr dy. (D)
A

Naturally, we extend Eq. (23) to the scenario-wide metrics
Eq. (28) and Eq. (31) as follows:

Ms(d) = a Ls(d) + (1 — a) Cs(d). (32)

Budget. An additional external factor we take into account
for deployments is the budget constraint. This energy or cost
limitation takes the form of a set of rules that can evaluate
the resources required by any proposed solution and rule it
viable or not viable. The variables included in this budget
evaluation are the total available budget and any relevant
RIS or BS characteristics, such as size, number of elements,
sensing capabilities, or location. The budget rule acts simply
by discarding unfeasible solutions, so it does not need to
follow any linearity or derivability conditions, simply to deem
a deployment doable or not.
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Fig. 5. Example of a base scenario, with CSs, one BS and shadowing areas.

VI. NUMERICAL EVALUATION

We evaluate RiLoCo by means of exhaustive numerical
simulations using a commercial tool, namely MATLAB.

A. Methodology and simulation specifics

We use discrete probability distributions as homogeneous
samplings of the corresponding continuous form: the value
of the individual samples does not change with the spatial
frequency of the sampling. If a two-dimensional PDF P is
sampled within an area in the points p; ; = (z4,y;) where
Ay =23 —2;-1 Vi>1and Ay = y; —yj—1 V5> 1, it is
normalised as >, ; Pi j - Ay - Ay =1, where P, ; is the i, j-
th sample of the PDF P and A, A, are the spatial granularity
of the sampling. We use a spatial granularity of 1m.

In addition, we assume the values for SNR,,,;,, and SNR, ..
according to current technological typical values at 0dB and
20dB respectively, based on [39]. As per localization, we take
an accuracy threshold of oty = 1m as a conservative reference
for near future networks [40], and v = 2.

The scenario for the numerical evaluation is depicted in
Fig. 5. On it, we can see, from a zenithal view, the complete
playground forming a 50m x 50m square in the z = Om
plane, from the origin to the £ = 50m,y = 50m point. In
the central area, centered in the scenario, measuring 30m x
30m, and painted white in Fig. 5, we distribute homogeneously
the UEs. We use these UEs to probe the capabilities of the
possible deployments of devices. This UE area goes from z =
10m,y = 10m to x = 40m,y = 40m. In the bottom of
Fig. 5 we can see where we place the BS we consider in the
simulation, at x = 25m,y = 5m. In this example we consider
6 possible places where an RIS can be placed, i.e., the CSs,
and we represent them as red squares. The shaded regions in
red, mustard, and green represent the shadow areas that affect
the BS and CSs. The moderate number of CSs allows us to
realistically simulate a medium-sized scenario while avoiding
the steep growth of computational costs associated with the
NP-Hardness of the problem [32]. We operate at a frequency
of f = 24GHz with a bandwidth of B = 100MHz for the ToA
measurements. We assume a background noise of —80dBm
whereas we have two available deployable RIS models, one



with 40 x 10 elements and one with 80 x 20. The budget rule
values these at 81 = 100% and By = 400% respectively with
an install cost of 3;,s = 2008. We consider a total budget
ﬂtot = 1200$5

B. Results

The Q-learning agents, using the buffered solution evalua-
tion and the differential reward, are able to find outstanding
results . Traditional solutions to the challenge of deploying
communication infrastructure typically focus solely on com-
munication metrics. In our study, we obtain similar solutions
to serve as benchmarks by running our solver with commu-
nication metrics as the only form of feedback, i.e. Eq. (32)
with & = 0. On the other hand, the—more scarce—sensor
deployments only take into consideration the accuracy of their
combined information. We can observe how the best results
obtained by looking only at one specific metric according to
Eq. (32) (with @ = 0 in case of communication-oriented metric
and a = 1 for localization-oriented metric), often show very
poor performance towards the neglected metric, as suggested
by Fig. 6. In other words, the trade-off of these two metrics is
made apparent in said Fig. 6. It is clear that a single-objective
solution search can result in a slight improvement in their
metric of focus while significantly degrading the quality of
the deployment in the other.

Indeed, the necessity of a proper localization metric can be
further noticed in Fig. 7: Solutions with reasonable commu-
nication performance often lead to unacceptable localization
accuracy. Furthermore, the usage of the combined metric
has proven highly successful: the corresponding solutions
usually exhibit at the same time almost-optimal performance in
both communication and localization (Fig. 6). Such solutions
often remain hidden when we consider communication or
localization-oriented performance alone.

In Fig. 7 we can observe one of the side results of the solu-
tion buffer: we can analyze the best solutions when different
budget rules are applied. This breakdown of the results can
greatly help the determination of optimized deployments in
infrastructure within economic or energy efficiency considera-
tions. In the example, we can see how a budget limit 5 of half
of the initially allocated amount can readily achieve almost the
same performance as the best solution with the full resource
expenditure. We can also compare deployments against the
current infrastructure performance in both metrics used as
baselines. Our presented solution can be easily expanded if
provided with a realistic translation able to map performance

SFor the RIS cost estimation we take into account the number of elements
of the considered devices, the frequency of f = 24GHz, an inter-element
distance of \/2, current costs for large batches of large-scale printed circuit
boards, and an estimation of the costs per element in existing prototypes.
Nevertheless, the exact values are not central to our results, as the relevant
feature we want to showcase is the capability of RiLoCo to work within a
budget and to produce different solutions within that constraint. As specified
before, the budget constrain can represent a limit in either energy consumption,
economic cost, or both.

6We have empirically tested that RiLoCo results are near-optimal by
comparing them with the results from exhaustive searches; however, due to
the complexity of the problem, this comparison could only be executed for
very limited instances of the original problem.
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Fig. 6. Performance comparison of different solutions: communications-
focused (legacy), localization-focused, and combined ISAC (RiLoCo) guided.

gains to economic gains, taking into account projected net-
work usage given additional coverage or throughput, projected
market share under the improved performance, etc. With such
information, the metrics and the solution that we propose in
this paper can easily guide future deployments economic and
energy efficiency terms, focused either on the optimization of
the benefits obtained per consumed watt or the maximum ROI.

As explained in Sec. V, the core of our proposal, RiLoCo,
is on the metrics used to guide the solution-finding process.
We use Fig. 8 to show at the same time the aspect of these
metrics, and the differences between the different deployments
we find using RiLoCo. In Fig. 8 we have three columns (one
for each solution found for the scenario) and two rows (one for
each metric). The three solutions are those already represented
in Fig. 6 and Fig. 7: one that maximizes the communication
metric, one that maximizes the localization metric, and the last
one, maximizing the combined metric. Regarding the rows, we
devote the upper one to the localization metric: in particular,
we plot ocrew = 1/vZmin. the core of the localization
metric. This represents the maximum achievable accuracy that
each deployment solution is able to reach across the simulated
scenario A,,. This value is chosen for its intuitive meaning: To
use it, as detailed in Sec. V, we map it to the (0,1) interval
with the logistic function to form Eq. (30), and then integrate
it across the area A, to obtain Eq. (31). In the lower row we
represent the coverage metric. Similarly, we represent SNR,
which process using the logistic function to obtain Eq. (27)
and integrate in Eq. (28). With this we illustrate at the same
time two important parts of this work: on one hand, how the
localization metric measures the accuracy achievable by com-
bining the information available from present sensors, and on
the other hand, how we combine that with the communications
metric. Fig. 8 serves to visualize how the best solutions found
to satisfy each metric can diverge in shape.

In Fig. 8 we can see too where within .4, we meet or fall
short of our communication and localization targets. We can
see how the deployment greatly enhances communication in all
cases, almost eliminating dead zones, exhibiting a minimum
SNR of ~ 7.5dB, way above SNR,,;, = 0dB. Notably, the
experienced localization accuracy, not available at a single-BS
infrastructure, hits the demanding performance of 1m in large
spatial extensions in the localization and combined solutions.

While a formal, thorough complexity analysis would be
impractical due to the random nature of Q-learning, we have
observed that the time ¢. needed for the convergence of the
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Fig. 8. Localization and communication metric maps of the communications-
focused, localization-focused, and combined metric-guided solutions.

solutions shows an approximate linear dependence with the
maximum number of devices that can be installed for the
allocated budget t. ~ 1800s - Biot/(min;(5;) + Bins), for
an approximate time of two hours in the runs detailed here,
running on a personal computer equipped with a 12th Gen
Intel® Core™ i7 and 32 GBytes of random access memory.

VII. CONCLUSIONS

This paper highlights the transformative potential of RIS in
powering the sensing and communications revolution within
the context of 6G networks. RISs offer unprecedented op-
portunities to enhance the performance and efficiency of
future wireless networks, enabling a new use of connectivity
and data exchange. In particular, we have studied how both
localization and communication-oriented design can coexist in
wireless networks by proposing an evaluation metric. Based
on it, we pioneer RiLoCo, a novel framework that optimally
designs RIS placement, achieving with them an outstanding,
next-gen localization performance attaining sub-meter accu-
racy, improving over traditional approaches focused either on
communications-only or accuracy-only metrics.

Obtained results and the demonstrated flexibility and adapt-
ability of our novel architecture will open the door for future
work, for example, revolving around the usage of ray tracing
simulation tools or more in-depth economic conditions for
real-life commercial applications.
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