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Abstract—As upcoming, beyond-5G (B5G) wireless network
generations are expected to deliver much better performance
than existing solutions, Reconfigurable intelligent surfaces (RISs)
are gaining relevance as one of the new key technologies able
to facilitate such improvement. Interestingly, they can redesign
how the propagation environment is conceived by giving an
opportunity to programmatically alter it: they can be configured
to behave as orientable mirrors, scatterers, or lenses. This
flexibility allows for the successful exploitation of bands which
provide superior performance in wireless links but present poor
propagation properties.

However, this fascinating technology comes at not negligible
costs: RISs require ad-hoc design, deployment and management
operations to be fully exploited. In this paper, we tackle one of the
open problems in the RISs literature: the optimal placement. We
propose a model-based and a model-free approach, respectively
RISA and AI-RISA, showcasing their large-scale solutions on
synthetic topologies to improve communication performance
while solving the “dead-zone” coverage problem. Additionally,
our frameworks are empirically validated within a realistic
indoor scenario, the Rennes railway station, showing how a
complex indoor propagation environment can be fully disciplined
by an advanced RISs installation.

I. INTRODUCTION

Lately, the new generation of cellular networks has been
successfully integrated and deployed bringing along new
business opportunities. However, the revenue-hungry telco
operators continuously look for innovative solutions to en-
able novel use cases, which involve new players into the
engaged business model. Within this context, one emerging
technology aims at undermining the classical communication
paradigm—that dogmatized the radio propagation environment
as an ungovernable box—providing new means to exploit the
signal properties: reconfigurable intelligent surfaces (RISs) [1].
Agility and flexibility represent a compelling added-value
for this solution [2]: while RISs can be dynamically and
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continuously configured, they draw little power with afford-
able installation and maintenance costs [3]. Manufactured as
passive arrays of reflective elements able to backscatter and
phase-shift the radio frequency (RF) power incident onto their
surface, they are expected to be soon inexpensive enough
to be massively deployed on building walls, similarly to,
e.g., conventional wallpapers [4]. Besides, although currently
available RISs prototype rely on a dedicated control channel to
operate, the advancement of self-configuring RISs within the
novel Internet-of-Surfaces (IoS) paradigm commits to relax
their dependency on external control, thus further facilitating
their deployment in the view of plug-and-play RISs that can
be seamlessly integrated in the current network infrastructure
without disruption [5].

Such a technology may come into the picture when tackling
the mobile dead-zone problem in indoor scenarios by enabling
very-dense RIS-based network deployment at low Capital
Expenditure (CAPEX). Ubiquitous high quality coverage is
one of the main pillars of the upcoming sixth generation
(6G) cellular network, being it pivotal for innovative use
cases such as round-the-clock remote healthcare management,
immersive extended reality, or Industry X.0 [6]. However,
as shown in Fig. 1 for the case of a real railway station,
the existing network infrastructure may fail to guarantee
satisfactory performance within the entire environment: How
to solve the dead-zone problem with a limited investment?
RIS are being explored in the literature as a potential answer,
thanks to their low manufacturing cost and minimal energy
consumption: as long as installation and licensing costs do
not dominate -considering they are lightweight, radio-wise
passive devices-, the investment required to employ RISs will
be negligible in comparison to full fledged traditional base
stations (BSs). Developing ad-hoc RIS design and deployment
strategies might be the correct approach, though at the expense
of additional complexity. Indeed, while RISs properly steer the
reflect beams towards specific directions, interference is also
focused onto unwanted areas, if not properly manipulated [7].
This issue exacerbates the overall deployment intricacy calling
for advanced optimization techniques to strike the optimal
trade-off between RISs density and the corresponding spurious
detrimental interference.

Traditionally, this problem has been addressed by the
generic BSs deployment problem, which is a fundamental
issue for cellular networks and has been extensively inves-
tigated in the literature [8]. Nonetheless, the vast majority
of the available research works assume isotropic radiating
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Fig. 1: Railway station topographic map and related power
heatmap showing the dead-zone problem (Rennes, France).

antennas, which make the problem easy-to-tackle by means
of graph-coloring algorithms or convex programming ap-
proaches. When dealing with directive transmissions—e.g.,
millimeter waves (mmWaves) above 6 GHz—a new degree
of freedom is introduced: the beam orientation. Specifically,
mmWave BSs must be properly placed and electronically ori-
ented to effectively beam towards specific locations leveraging
on the available channel state information (CSI) [9].

In this context, an ideal RISs deployment is even harder to
achieve: on the one hand, the optimal RISs deployment re-
quires apriori information on the applied RISs configurations,
on the other hand, the optimal RISs configurations can be
obtained only upon fixing the BSs and RISs positions as well
as the BSs-user equipments (UEs) associations. To overcome
this issue and make the analysis tractable, previous efforts in
the literature rely on simplistic assumptions on agnostic RISs
optimization [10]. Differently, in this paper, we go one step
beyond and jointly tackle the optimal RISs placement problem
and RISs configuration without any unpractical assumption
on the availability of instantaneous CSI or high-speed re-
configuration capabilities of the RIS. Besides, we tackle the
problem in its multi-user form to prevent oversimplifying
single-user solutions, that could not be adapted to realistic
network conditions.

To this aim, we design the following two alternative tech-
niques. The first approach relies on the well-known Block
Coordinate Ascent (BCA) [11] to devise RISA, a RIS-Aware
network planning solution that iteratively triggers RISs con-
figurations and optimally places the required number of RISs
within the area. Building upon a model-based formulation,
RISA assumes line-of-sight (LoS) wireless links, which allow
characterizing the network only based on its geometry without
detailed RF propagation modeling. The second approach,
dubbed as Artificial Intelligence (AI)-RISA, consists of a
reinforcement learning (RL)-based technique that takes ad-
vantage of ad-hoc ray tracing simulations to optimally tailor
the RISs deployment and configurations to the features of
the propagation environment. Such novel model-free data-
driven solution removes the LoS assumption, which could lead
to performance losses in particularly challenged propagation
scenarios, at the expense of higher complexity due to extensive

3D mapping of the environment. The use of ray tracing
simulations to evaluate the deployments obtained by RISA
and to fully drive the solution production process with AI-
RISA ensures that we take into account both scatterers and
fading phenomena present in the environment, despite our
initial assumption of LoS between candidate sites (CSs) and
both BSs and UEs.

As main contributions, we i) create a new ray-tracing (RT)
model, able to simulate multi-RIS situations, ii) develop RISA,
an iterative algorithm based on Block Coordinate Descent to
solve the deployment problem, iii) prove, both analytically
and empirically, the ability of RISA of converging in a short
time, iv) improve the capability of RISA against environments
with complex propagation properties conceiving AI-RISA, a
data-driven solution, based on RL techniques guided by the
results of the ad-hoc ray tracing computations, v) examine the
efficiency of both RISA and AI-RISA in large-scale scenarios,
vi) exhibit the behaviour of both in a realistic simulation of
the Rennes Train Station in France, revealing their outstanding
performance and illustrating how these algorithms can improve
the cellular infrastructure currently deployed by one of the
major European operators, fixing the dead-zone problem, and
vii) verify the efficacy of our proposals comparing them
against exhaustive search (ES) and the current state-of-the-art
solutions in the performance benchmark.

The remainder of this paper is as follows. Section II includes
a survey of the related literature, followed by Section III-A
which introduces the system model, while Section III-B
presents the multi-RIS coverage enhancement problem and
discusses its analytical tractability. In Section IV, we tackle
the aforementioned problem and derive a more tractable re-
laxation, i.e. the Multi-RIS planning problem, which we itera-
tively solve in Section IV-B by means of the proposed RISA.
AI-RISA is illustrated in Section V while both approaches
are numerically validated by simulations against state-of-the-
art (SOA) and heuristic solutions in Section VI, wherein we
also illustrate our RT model for multi-RIS scenarios. Finally
Section VII concludes the paper.

NOTATION

We denote matrices and vectors in bold while each of their
element is indicated in roman with a subscript. Operation (·)T

represents the vector or matrix transposition, ⊗ stands for
the Kronecker product while and (·)H denotes the Hermitian
transposition. The L2-norm of a vector is written as ‖ · ‖. R
and R+ indicate the sets of real and positive real numbers,
respectively, while C is the set of complex numbers.

II. RELATED WORK

RF planning. Planning the BS deployment is key to the
effectiveness of any cellular network and is therefore one of
the oldest problems in modern wireless communications [12].
Typically, literature works aim at optimizing the coverage
probability [8], [13], [14], although the latter is shown to
be almost invariant with respect to the network geometry in
case of massive deployments [15]. Such Key Performance
Indicator (KPI) is more often than not insufficient to assess the
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performance of more recent radio access networks [16]–[18].
Indeed, the advent of 5G-and-beyond-5G (B5G) millimeter-
wave (mm-Wave) technology has brought up a series of
new deployment challenges [19], namely reliability under
blockage [20], fast cell discovery [21] or ultra-dense non-
uniform deployments [22], [23], which call for novel heuristic
algorithms or machine learning (ML) approaches [24]–[28], in
order to optimize, e.g., coverage, throughput, reliability, UEs
mobility, latency. Differently from the above-mentioned works,
in this paper we consider the problem of RIS-aided network
deployment, which is still an open research topic to be tackled
before commercial RISs deployment

Smart radio environment (SRE). RISs are drawing in-
creasingly higher interest from the research community and
the industry as a new disruptive technology enabling the
transition to 6G cellular networks [29]–[31]. Indeed, RISs
will be pivotal for innovative use cases, such as immersive
virtual reality, high-fidelity holographic projections, digital
twins, electromagnetic exposure isolation, and first-responders
operations assistance, which are not readily supported by
existing networks [6], [32]. Furthermore, integrating RISs in
the current network infrastructure represents a cost-effective
and power-efficient alternative to an ultra-dense deployment of
fully-fledged BSs when it comes to mitigating the sensitivity
to blockages and the severe pathloss typical of mm-Wave
communications [33], [34]. The relevance of RIS in narrow-
band and wide-band applications has been discussed in works
as [35], [36].

RISs optimization. The vast majority of literature items
about SRE tackles the problem of optimally configuring RISs
as to maximize several KPIs [37], [38]. In particular, [39]
shows that RIS-aided networks achieve throughput similar
to legacy massive multiple-input multiple-output (MIMO)
systems using fewer active elements when joint active (at
the BSs) passive (at the RISs) beamforming is performed.
The square power gain against the number of reflective el-
ements holds even with quantized phase shifts at the RISs
elements, net of some additional power loss that depends
on the number of available quantization levels [40]. Recent
optimization approaches leverage on statistical CSI to reduce
the overhead on the feedback channel necessary to propagate
instantaneous CSI [41], e.g. by maximizing the average sum-
rate under a general correlated Rician channel model [42]
or by assuming prior statistical characterization of the UEs
locations [43], [44], or explore the effect of different degrees
of CSI availability [45] . In this regard, the novel concept
of IoS has opened up the possibility of employing self-
configuring smart surfaces, which suffer from limited perfor-
mance degradation with respect to managed RISs deployments
that rely on dedicated control channels, and require little
modifications to the conventional RIS hardware design [5].
Despite the high research interest around RISs and SRE, the
RF planning problem of RISs-aided cellular networks is almost
untouched [10].

ML-assisted wireless communications. ML approaches
have proved to be effective for a variety of communications-
related problems [46], [47]. Older works such as [48] use
supervised learning on Support Vector Machines (SVMs)

to select the optimal MIMO antenna indices, showing high
resilience against transceivers non-linearities. However, more
recent applications often leverage on the wide-spread Neural
Networks (NNs), achieving high accuracy at the expense
of model explainability. NNs are often used to approximate
objective functions for link budget and propagation loss for
next-generation wireless networks [49], as mapping functions
between the propagation environment and the MIMO beam-
forming vectors [50], or to perform channel estimation [45] .
Equally common are RL approaches because of the stochas-
tic operational conditions of wireless networks, which need
to counteract numerous environmental uncertainties. In this
regard, an agent can learn from experience and obtain the
optimal decision policy by trial and error [51]. For instance,
the Deep Reinforcement Learning solution in [52] overcomes
the limitations of pre-defined beamforming codebooks in mm-
Wave networks by learning beam patterns so as to adapt to
the propagation environment, including the user distribution,
array geometry, and possible hardware impairments. When it
comes to pure RL approaches, a vast portion of the literature
leverages on Q-learning. Its applications span over several
topics, including opportunistic channel access [53], adaptive
sleep-scheduling algorithms for wireless nodes [54], handover
optimization in heterogeneous networks [55], and so forth. As
reference, [56] employs Q-learning to design trajectory, the
phase shifts, the power allocation policy of a RIS mounted on
an unmanned aerial vehicle , achieving significant flight and
transmission energy saving.

III. MODEL DESIGN

Let us first focus our attention on our model-based ap-
proach, i.e. RISA1, and lay its foundation by introducing
the reference system model as well as the mathematical
formulation of the multi-RIS coverage problem.

A. System Model

We consider the RIS-enabled wireless network depicted in
Fig. 2(a), wherein N RISs are deployed to assist M BSs
to extend their communication coverage in a given area of
interest A. Please note that our model is explicitly multi-user,
although Fig. 2 depicts a single user for the sake of clarity. We
model each BS as a uniform linear array with Nb antennas,
and each RIS as a planar linear array with Nr = Nh × Nv
reflective elements, where Nh and Nv denote the number of
elements in the horizontal plane and the vertical direction
of the absolute reference system, respectively. We indicate
by bm ∈ R3, rn ∈ R3 and u ∈ R3 the locations of the
m-th BS center, the n-th RIS center and the typical UE,
respectively. We assume that the direct LoS links from the
BSs provide negligible received power in the target area due to
blockage or severe shadowing. Therefore, the communication
between BSs and UEs must be carried out over the reflected
links through the RISs. We would like to point out that the
simultaneous assumptions of LoS between the RISs and both
BSs and UEs, and blockage of the links between the BSs

1Our model-free approach, AI-RISA, is introduced in Section V.
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(a) Reference network deployment including BSs, RISs and one sample UE.
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(b) Sample user equipment (UE) detail in the n-th RIS reference system.

Fig. 2: Geometrical aspects of the considered scenario.
Multiple users omitted for clarity.

and the UEs are not contradictory. Indeed, we focus our work
on areas without coverage for traditional BSs deployments,
hence the blockage between the BSs and the UEs, and choose
deployment locations for the RISs that are in LoS of the BSs
and the UEs. We later confirm the LoS and the blockage as-
sumptions in the considered realistic scenario by means of RT
simulations. While the use of the RT provides us the necessary
information about the connections between transmitter, RIS
and receiver, there are circumstances where this technique
is unavailable or imprecise for channel estimation. In those
cases a proper study of the downlink and uplink characteristics
becomes fundamental, as in [57]. This study needs to take into
account not only the fading model, but also the multiple access
method. All these parameters impact the communications
and can lead to different optimal deployments, hence their
importance. In the present work, we assume that each BS
can leverage on multiple RISs but each RIS is used and
controlled by a single BS, which connects to the on-board RIS
controller via a separate (wired or wireless) reliable control
link. Moreover, we consider a flat-fading2 channel over which
multi-UE communication is achieved by means of orthogonal
frequency-division multiple access (OFDMA) [57], [58]. We
will further discuss the network resource allocation later in
Section IV-A. Focusing on the downlink transmission, the m-
th BS transmits data to the UE over the reflected links through
the n-th RIS. Such path can be decomposed into the LoS
channel hn ∈ CNr×1 between the RIS and the the UE, and

2The flat fading assumption used in RISA is common for RIS related
operations, but it may not hold in wideband systems. In this case, AI-RISA
shows much better suitability.

the LoS channel Gmn ∈ CNr×Nb between the BS and the
RIS.

Let us indicate as Λm, with cardinality |Λm|, the set of RISs
that are associated with BS m. The received downlink signal
at the UE is given by the superposition of the signals incoming
from all BSs through their associated RISs, namely

y ,
M−1∑
m=0

|Λm|∑
n=0

(
hH
nΦnGmn

)
wms+ n ∈ C, (1)

where Φn = diag[αn1e
jφn1 , . . . , αnNe

jφnN ] with φni ∈
[0, 2π] and |αni|2 ≤ 1, ∀i indicate the phase shifts and am-
plitude attenuation introduced by the n-th RIS, wm ∈ CNb×1

is the transmit precoder at the m-th BS while s ∈ C is the
transmit signal with |s|2 = 1, and n ∈ C is the additive white
Gaussian noise term distributed as CN (0, σ2).

As 3rd Generation Partnership Project (3GPP) cellular stan-
dards require the UE to be served by a single BS, we remark
that the UE receives useful signal only from one BS, e.g., the
m-th BS, and suffers from the interference produced by all
other BSs. Therefore, the received signal-to-interference-plus-
noise ratio (SINR) at the UE can be written as

SINR(u) ,

∣∣∣∣∣|Λm|∑
n=0

(
hH
nΦnGmn

)
wm

∣∣∣∣∣
2

M−1∑
l=0,
l 6=m

∣∣∣∣∣ |Λl|∑
n=0

(hH
nΦnGln) wl

∣∣∣∣∣
2

+ σ2

, (2)

where we observe that the BSs-RISs and RISs-UE channels
are completely defined (coherently with our assumptions) by
the geometry of the deployment and the user distribution. The
RISs and BSs configurations, in the form of the phase shifts
and precoders applied to their antenna arrays, depend both
on those distributions but also on the BSs-RISs and BSs-UE
associations.

In order to write the channels hn and Gmn, we first consider
N reference systems with origin in the center of each RIS
and the (x′, y′)-plane lying on the RIS surface, as shown in
Fig. 2(b). Hence, the coordinates of the UE in the reference
system of the n-th RIS can be obtained as u(n) = Rnu, where

Rn ,
(
r̂n,x′ r̂n,y′ r̂n,z′

)
∈ R3×3, (3)

with r̂n,x′ , r̂n,y′ and r̂n,z′ ∈ R3 representing the coordinates
of the n-th RIS reference system axes in the absolute reference
system. Furthermore, we denote by ψD,n and ηD,n the azimuth
and the zenith angle of departure (AoD) for the communication
link from the RIS to the UE. Therefore, the RIS array response
vector is given by

bT,n(u) ,by(ψD,n, ηD,n)⊗ bz(ψD,n, ηD,n) ∈ CNr×1 (4)

= [1, ej2πδ sin(ψD,n) sin(ηD,n), . . . ,

ej2πδ(Ny−1) sin(ψD,n) sin(ηD,n)]T

⊗ [1, ej2πδ cos(ψD,n) sin(ηD,n), . . . ,

ej2πδ(Nx−1) cos(ψD,n) sin(ηD,n)]T, (5)

where δ indicates the antenna spacing-wavelength ratio. We re-
fer to ΩT,n(u) , cos(ψD,n) sin(ηD,n) =

u(n)
x

‖u(n)‖ and ΨT,n(u) ,
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sin(ψD,n) sin(ηD,n) =
u(n)
y

‖u(n)‖ as the spatial frequencies along
the x′n and the y′n-axis corresponding to the AoD towards the
UE at absolute coordinates u. Therefore, the LoS n-th RIS-UE
channel is given by

hn(u) ,
√
γn(u) bT.n(u) ∈ CNr×1, (6)

where γn(u) , dn(u)−β is the channel power gain with
dn(u) = ‖rn − u‖ the Euclidean distance between the RIS
and the UE. We would like to point out that we neglect the
frequency dependency of the channel power gain due to the
flat-fading nature of the channel3. In a similar way, the LoS
channel between the m-th BS and the n-th RIS can be written
as

Gmn ,
√
γGmn

bR,n(bm)aH
m(rn) ∈ CNr×Nb , (7)

where γGmn
, d−βmn is the channel power gain with dmn =

‖bm − rn‖, aR,n(bm) is the array response vector at the RIS
corresponding to the angle of arrival from BS m, which is
derived analogously to Eq. (4), and am(rn) indicates the BS
array response, defined as

am(rn) , [1, . . . , ej2πδ(M−1) cos(θD,mn)]T ∈ CNb×1, (8)

where θD,mn represents the AoD from the m-th BS to the n-
th RIS. Eqs. (6), (7) neglect non-line-of-sight (NLoS) paths.
This LoS assumption is corroborated by the fact that RISs
are typically operated at millimeter-wave frequencies, whose
higher attenuation makes the LoS paths dominant over the
others.

B. Problem Formulation

Analytical tractability. The solution to our planning prob-
lem requires determining the optimal RIS deployment to
provide coverage within the target area, e.g., by maximizing
the worst-case received SINR at all locations u. To achieve
this, we need to simultaneously obtain the active transmission
beamformers of the BSs, and, for each RIS, their deployment
location, their passive beamforming configuration, and their
associated BSs, which in turn affect the optimal associations
between BSs and UEs. This problem is highly non-convex and
difficult to approach, owing to the inextricable entanglement
between its parts. We are not able to solve the BSs-RISs
association, the BSs-UEs associations, or the configurations
of the different network elements without taking into account
the mutual dependencies between them. For instance, even for
a reduced scenario (much simpler than the one we consider)
including only one BS and one RIS and given BS-RIS-UEs
associations, jointly optimizing the beamforming at the BS
and the RIS to cover multiple UEs locations does not yield a
closed-form formulation but rather requires tackling a non-
convex problem by alternatively solving the two separate
beamforming optimizations until convergence [39].

Therefore, for the sake of analytical tractability, we only
consider one-RIS path and a cellular-like architecture in which
each RIS provides coverage to one contiguous subarea, thus

3This simplification does not affect the problem formulation nor its algo-
rithmic solutions RISA and AI-RISA.

reducing the scope of the interference generated by the remain-
ing RISs to the sole overlapping area edges. We would like to
highlight that at planning stage, the RISs beamforming design
for area coverage enhancement cannot take advantage of the
knowledge of the instantaneous CSI of any particular UE in the
area. Hence, although RISs controlled by the same BS can be
configured to cover the same subarea, it is highly complex to
enforce in-phase constructive interference of signals incoming
from different RISs even if transmitted by the same BS.

Let us consider the UE to be inside the subarea served by
BS m through RIS n. In these conditions, its received SINR
can be then approximated by its signal-to-noise ratio (SNR),
which is defined as

SNR(Φn,wm,u) ,

∣∣hH
nΦnGmn wm

∣∣2
σ2

, (9)

where Φn and wm need to be optimized.

Optimization variables. We assume that the RISs are
deployed only at specific locations, namely CSs to reflect the
fact that network operators are required to meet logistical,
administrative and physical constraints in real-life scenarios.
Nonetheless, in the absence of CSs, our multi-RIS planning
may be likewise executed by considering any sampling of
the deployment area. We denote the CSs set as {bm}Mm=1,
namely the pre-defined candidate RISs coordinates (position
and orientation), and we take care of selecting at which of
them RISs are actually deployed. The specific locations of
these CSs, namely the input to our algorithm, follow feasibility
criteria in terms of architectural and installation constraints. In
addition, they need to comply with the LoS requirement with
the BSs and the UEs. Besides, we sample the target area by
means of T test points (TPs) ut ∈ A, wherein we optimize
the SNR of the typical UE4. Our planning solution outputs
the set of RISs to be deployed while providing the optimal
BS-RIS-UE association at each est point. We thus introduce
decision variables x ∈ {0, 1}N and y ∈ {0, 1}T×M×N , whose
elements xn and ytmn indicate whether a RIS is deployed at
CS n, and the association between the typical UE at TP ut,
BS m and RIS at CS n, respectively.

RISs planning. We can now formulate the multi-RIS cov-
erage enhancement problem as the following

4Ideally, the TP distribution should match the expected distribution of the
users in the target area but the problem formulation remains valid for any
distribution of users.
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Problem 1 (Multi-RIS coverage enhancement):

max
Φn,wm,x,y

min
ut∈A

∑
m,n

ytmn
∣∣hH
nΦnGmn wm

∣∣2 (10a)

s.t. |Φn,ii|2 ≤ 1, ∀n, ∀i, (10b)

‖wm‖2 ≤ P, ∀m, (10c)

ytmn r̂T
n,x′(ut − rn) ≥ 0, ∀t, ∀m,∀n, (10d)

ytmn r̂T
n,x′(bm − rn) ≥ 0, ∀t,∀m,∀n, (10e)

ytmn ≤ xn, ∀t,∀m,∀n, (10f)∑
m,n

ytmn = 1, ∀t, (10g)∑
m

max
t
ytmn ≤ 1, ∀n (10h)∑

n

xn = L, (10i)

xn ∈ [0, 1], ytmn ∈ [0, 1], ∀t,∀m,∀n, , (10j)

where we omit the constant noise term σ2 and refer to the
available transmit power at the BSs as P . The constraints in
Eq. (10b) and Eq. (10c) cover the energy consumption limits
of the involved devices. We consider only fully passive RISs,
hence the inequality on Eq. (10b), and we set a homogeneous
power limit across BSs by limiting each precoder wm with the
constraint in Eq. (10c). Constraints (10d) and (10e) guarantee
that each RIS can respectively serve a TP or be assigned
to a BS only if they front the RIS, i.e. only if the vector
originated in the RIS and pointing towards the TP or the BS
has a positive projection on the RIS orientation vector r̂n,x′ .
Moreover, constraint (10f) states that a RIS should be deployed
only if at least the UE located at one TP would exploit it,
whereas constraint (10g) reflects the fact that each TP must
be covered by only one RIS. Constraint (10h) forces each CS
to be associated to at most one BS and, lastly, we enforce the
number of deployed RISs to be equal to L in constraint (10i),
where L is the number of RISs to be deployed by the network
operator. Please note that constraint (10h) is equivalent to the
following set of linear constraints∑

t

ytmn ≤M1χmn, ∀m,∀n, (11a)∑
t

ytmn ≥ (1−M2)χmn, ∀m,∀n, (11b)∑
m

χmn ≤ 1, ∀n, (11c)

where χmn, M1 and M2 are auxiliary variables so χmn ∈
[0, 1]M×N , M1 � 1 and 0 < M2 < 1, with M1,M2 ∈ R.
This transformation, based on the Big-M method, allows us
to reformulate the constraint (10h) into an equivalent linear
form, rendering the problem tractable.

IV. RIS-AWARE NETWORK PLANNING

In the following, we leverage on the 3D Beam Broadening
and Flattening method [59]. While this technique is formulated
originally for continuous phase shifts, works as [60], [61]
ensure its applicability to more practical, discrete devices.
Although in those papers we can see the production of

precise beams employing a reduced number of discrete phases,
doing fine changes in the phase of the beam, as required
for the Beam Broadening and Flattening method, is also an
accessible technique. While the phase of the elements can only
receive coarse changes (the quantized phase steps), we can
change the original, continuous phase by an arbitrary (non-
quantized) amount before rounding for discretization. This
has the same effect as changing the same amount the phases
of the elements, except for the small discretization errors as
shown in those works. We employ this Beam Broadening and
Flattening technique to decouple the RISs configuration from
the BSs beamformers and produce an approximate formulation
of the aforementioned problem. As the resulting problem is
still highly complex and NP-Hard, we rely on BCA and
devise RISA as an iterative algorithm with proved convergence
guarantees.

A. 3D Beam Broadening and Flattening Approximation
Even disregarding the interference, Problem (1) is still

highly complex due to its objective function in Eq. (10a) being
the sum of non-convex elements, and the binary constraints
in Eq. (10j) that make it combinatorial. Moreover, as already
mentioned in Section III-B, the lack of knowledge about the
instantaneous UEs CSIs in the target area during a realistic
access procedure invalidates the option of jointly configuring
the RISs and BSs beamformers per UE [62]. Therefore, we
decouple the RISs and BSs beamforming configurations from
the planning problem itself by configuring each RIS to provide
coverage to one contiguous subarea and assuming that each BS
radiates all its available power towards each of its associated
RISs in a time-division fashion. In other words, we assume
that the RISs have a single-beam radiation pattern and that
they do not serve more than one subarea, thereby guaranteeing
that all locations belonging to one subarea are served by a
single BS through one single RIS. Given sufficient coverage
in the area, multiple users in each subarea can be separated by
conventional OFDMA. This, together with the narrow-band of
existing RISs devices [63], imposes the main limitation of the
deployment we describe: the uplink and downlink connections
will be limited by those the BS associated with the RIS is
able to maintain within the RIS bandwidth and the employed
multiple acces method.

It can be easily observed from Eq. (9) that the SNR at UE ut
provided by BS m through RIS n can be equivalently written
as SNR(Φn,wm,ut) = g1(Φn,wm,ut)

g2(ut)
, where g1(Φn,wm,ut)

provides the overall array gain due to the cascaded active
and passive beamformings, while g2(ut) accounts for the
concatenated BS-RIS-UE pathloss. Following [59], the RIS
configuration can be obtained by means of 3D beam broaden-
ing and flattening, namely by partitioning the RIS into multiple
sub-arrays of smaller size and optimizing their phase shifts
to shape one single flattened beam whose beamwidth can be
properly tuned to match the size of the target subarea. In
particular, by denoting the subarea covered by RIS n by An
and assuming ut ∈ An, the resulting BS-RIS gain can be
written as

g1(Φ̄n, w̄m,ut) ≈
N2
h

∆n,x′Nhδ

N2
v

∆n,y′Nvδ
, ∀ut ∈ An, (12)
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where Φ̄n is derived by means of beam broadening and
flattening, and wm is the maximum ratio transmission pre-
coder, which depends only on Gmn. Besides, ∆n,x′ and ∆n,y′

respectively denote the desired spans of the spatial frequency
deviations along the horizontal x′n and vertical y′n-axis of RIS
n to cover its subarea and are defined as

∆n,x′ , max
ut∈An

ΩT,n(ut)− min
ut∈An

ΩT,n(ut), (13)

∆n,y′ , max
ut∈An

ΨT,n(ut)− min
ut∈An

ΨT,n(ut). (14)

The overall pathloss experienced by the UE at coordinates ut
is given by

g2(ut) = dβmnd
β
n(ut). (15)

Therefore, we can state the following equivalent formulation
for Problem (1), i.e.

Problem 2 (Multi-RIS coverage enhancement - equivalent):

max
x,y,∆x′ ,∆y′

min
ut∈A

∑
m,n

ytmn
1

∆n,x′∆n,y′

1

dβmnd
β
n(ut)

(16a)

s.t.
∑
m

ytmn |ΩT,n(ut)− ΩT,n(uk)| ≤ ∆n,x′ ,

∀n, ∀ut,uk ∈ A, (16b)∑
m

ytmn |ΨT,n(ut)−ΨT,n(uk)| ≤ ∆n,y′ ,

∀n, ∀ut,uk ∈ A, (16c)

∆n,x′ ≥ 1

Nhδ
, ∆n,y′ ≥

1

Nvδ
, ∀n, (16d)

(10d), (10e), (10f), (10g), (10h), (10i), (10j),

in which we define ∆x′ , [∆1,x′ , . . . ,∆N,x′ ], ∆y′ ,
[∆1,y′ , . . . ,∆N,y′ ] while we omit the constant terms. In
this equivalent formulation, we introduce the constraints in
Eqs. (16b) and (16c) in order to guarantee that each TP
served by RIS n lies within the coverage determined by its
spatial frequency span. In Eq. (16d), we enforce that the
spatial frequency spans ∆x′ and ∆y′ are at least as wide
as the minimum beamwidth obtained by considering only a
single sub-array while performing the RISs configuration via
beam broadening and flattening, as by [59]. Furthermore, by
inspecting the above formulations for g1(Φ̄n, w̄m,ut) and
g2(ut), respectively in Eqs. (12) and (15), we ascertain that the
BS-RIS associations are now dependent only on the BS-RIS
distances. This is consistent with the operational constraints
of most RISs technologies, which operate as narrow-band
devices, despite B5G networks being wide-band. Nonetheless,
constraint (10e) guarantees that each RIS should be assigned
to a BS only if in front of each other, which averts the
straightforward distance-based BS-RIS association policy.

Theorem 1: Problem 2 is NP-Hard.
Sketch of Proof: Even the continuous relaxation of Problem 2
is NP-Hard, being a multiple-ratio Fractional Programming
problem [64]. Therefore, Problem 2 is NP-Hard.

B. RIS-Aware planning algorithm

Hereafter, we design our multi-RIS planning algorithm,
i.e., RISA. Let us first consider a continuous relaxation of

Algorithm 1: RIS-Aware network planning (RISA)
Initialize ∆n,x′ = ∆n,y′ = 2, n = 1, . . . , N
repeat Outer BCA loop

Solve the continuous relaxation of Problem 2
jointly for x and y

repeat First inner BCA loop
Solve the transformed problem in ∆x′ for zx′

Solve the transformed problem in ∆x′ for ∆x′

until convergence of objective function in Eq. (17)
repeat Second inner BCA loop

Solve the transformed problem in ∆y′ for zy′

Solve the transformed problem in ∆y′ for ∆y′

until convergence of objective function in Eq. (17)
for ∆y′

until convergence of objective function Eq. (16a) in
Problem 2

Round x and y to derive binary x∗ and y∗ as by
Section IV-B

Problem (2) by letting x ∈ [0, 1]N and y ∈ [0, 1]T×M×N

in constraint (10j). We can tackle such problem by means
of BCA, namely by iteratively solving the problem for one
block of optimization variables while keeping all the others
fixed. Notably, although non-convex in general, the continuous
relaxation of the problem is jointly convex in the block of
variables x,y while it is still non-convex neither in ∆x′ , nor
in ∆y′ , as the respective objective functions are convex and
their maximization leads to a non-convex problem per se. In
order to solve the problem for ∆x′ (or, similarly, for ∆y′ ),
we can rearrange Eq. (16a) as

max
∆x′

min
ut

∑
m,n

ytmn
d2
mnd

2
n(ut)∆n,y′

1

∆n,x′
, (17)

and observe that the resulting subproblem belongs to the
Fractional Programming umbrella, being Eq. (17) a sum
of functions of ratios. Therefore, we can leverage on the
Quadratic Transform [65] and write it equivalently as

max
zx′ ,∆x′

min
ut

∑
m,n

ytmn
d2
mnd

2
n(ut)∆n,y′

(2zn,x′−z2
n,x′∆n,x′), (18)

where zx′ ∈ RN is an auxiliary optimization variable. The
resulting subproblem is now convex in zx′ and in ∆x′ sepa-
rately, thus likewise solvable by means of a nested BCA.

Therefore, the solution of the continuous relaxation of
Problem (2) consists of a double-nested BCA whose outer
loop iteratively considers the three blocks of variables x and
y, ∆x′ , ∆y′ , while its inner loops solve the subproblems in
∆x′ and ∆y′ by introducing auxiliary variables zx′ ∈ RN and
zy′ ∈ RN , respectively. We would like to highlight that, by
dealing with a convex problem at each stage, the double-nested
BCA is guaranteed to converge to a stationary point [11].

Binary solution and complexity analysis. The binary
deployment and association variables x∗ and y∗ are recovered
from the relaxed solution by means of a heuristic approach.
Let us define the weight wn of each CS in the final solution
as xn

∑
t,m

ytmn, namely by considering the combined effect of

deploying a RIS at such CS with its associated TPs. Hence,
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we round the L elements of x with the highest weights to 1
while setting the other N−L to 0. We now establish the binary
associations y∗ by considering only activated CSs rn such that
x∗n = 1. In particular, we iteratively associate each TP ut to a
deployed RIS by setting to 1 the highest element of y among
the ones satisfying constraints (10d), (10e), i.e. feasible when
considering the BS and RIS orientations. Concurrently, we
update the values of ∆n,x′ and ∆n,y′ to the minimum spatial
frequency spans satisfying the constraints in Eqs. (16b), (16c).
We further improve the rounded solution via local search: by
tweaking a single element of x∗ or y∗ at a time, we generate
new rounded solutions and assess their objective function
values at little additional computational cost. Whenever a
new solution exceeds the objective function value of the
current best solution, it is selected as the new final rounded
solution. Please note that each stage of RISA can be solved
efficiently by means of the interior method with complexity
O(v3.5 log(1/ε)), where v is the dimension of the current
optimization variables space and ε is the desired solution
accuracy [66]. Besides, the binary rounding algorithm has a
worst-case complexity of O(NT log(T )), which is typically
negligible compared to the complexity of a single stage of
the BCA loops. We depict the overall high-level algorithm in
Algorithm 1.

V. MODEL-FREE RISS PLANNING

As described above, RISA builds upon the assumption of
LoS channels, which facilitates the formulation of the RISs
planning as an optimization problem (c.f. Problems 1 and
2). In this section, we introduce an alternative approach,
dubbed as AI-RISA, which leverages on the 3D model of the
deployment area to derive an alternative RL-based solution
capable of tailoring the RISs planning to the actual propagation
properties of the scenario. Such approach relies on sam-
ples of the environment obtained via ad-hoc RT simulations,
thereby removing the assumption of free-space propagation
and gaining generality by taking into account the details of
the surroundings in which the network devices interact.

A. Q-learning preliminaries

Let us commence with a brief overview of Q-learning as the
underlying RL technique upon which we build the proposed
AI-RISA solution. Given a set of states S and a set of actions
P , Q-learning defines an agent that may pick and perform any
of the available actions a ∈ P on the environment while the
latter reacts by transitioning from the current state ς ∈ S to
the next state ς ′ ∈ S . A reward is associated to the result of
executing any specific action in each state, and the Q-learning
agent identifies the optimal action-selection policy by aiming
to maximize its total collected reward during the training
phase. In other words, the agent explores the environment until
it learns which action to make under different circumstances,
i.e. at different environment states. It is worth highlighting
that Q-learning is a model-free RL technique, namely it does
not need a model for the environment but solely leverages on
a reward function to evaluate the agent actions. As a central
reason to pick this RL method, Q-learning is guaranteed to

converge to the optimal policy whenever the environment is a
finite Markov Decision Process , i.e. with finite sets S and P ,
and satisfies the Markov property under which the environment
state is a sufficient statistic of the future by capturing all
relevant information from the history.

Training process. The Q-learning technique revolves
around a Q-table consisting of one row per state and one
column per action, which is trained over various episodes ob-
tained by randomly selecting an initial environment state. The
overall Q-learning training process requires several training
epochs, each including a collection of episodes. In particular,
in each epoch, a fixed known number of episodes are carried
out while the solution is refined on a per-epoch basis until
convergence.

Action selection. The agent policy develops throughout
each epoch. Specifically, the actions are fully randomized at
the epochs beginning while becoming increasingly based on
the current agent knowledge as training advances. Being the
total duration of a given epoch TE , an action taken at time
t is exploratory, i.e. random and not based on the current
agent knowledge, with probability Pexplore = 1 −

(
t
TE

)τ
.

Conversely, it is exploitative, namely the agent selects the
best known action for the current state, with probability
Pexploit =

(
t
TE

)τ
, where τ ∈ R+ determines how long the

exploration remains dominant over the exploitation.
Rewards and Q-table update. The Q-table is typically ini-

tialized to random values, which are updated during training.
As previously mentioned, a reward is assigned to performing
an action on the environment in its current state, aiming at
penalizing infeasible actions and evaluating transitions among
states. Let us assume that the agent executes action a ∈ P
on the environment in state ς ∈ S , producing a transition to
state ς ′ ∈ S with associated reward r(ς, ς ′) ∈ R. Hence, the
new Q-table entry Q′(ς, a) for the state-action tuple {ς, a} is
updated as

Q′(ς, a) = (1− αq)Q(ς, a)

+ αq

[
r(ς, ς ′) + γq max

a∈P
Q(ς ′, a)

]
, (19)

where the learning rate αq controls how much newly obtained
rewards affect the Q-table values, Q(ς, a) indicates the previ-
ous Q-table value for the tuple {ς, a}, and γq is the discount
factor capturing the importance of future rewards on the new
Q-table value (through the maximum Q-table value obtainable
at state ς ′). Infeasible actions can receive a negative reward
(e.g., equal to −1), thus discouraging the Q-learning algorithm
from further considering them as candidate actions in the
corresponding environment states.

B. AI-RISA

In the following, we delve into the details of the pro-
posed AI-RISA solution. By leveraging on Q-learning, AI-
RISA allows directly tackling the RISs planning using as
directive information only the metric by which we evaluate
the candidate solutions. Thus, when solving the deployment in
scenarios without LoS assumption, the approach will make use
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Algorithm 2: AI RIS-Aware network planning (AI-
RISA)
Cluster TPs in NC clusters
Initialize deployment Q-table QD
repeat

for deployment epoch = 0,1,2... do
Pick a random deployment state ςD
repeat

Pick a deployment action aD
Initialize association Q-table QA
for association epoch = 0,1,2... do

Pick a random association state ςA
repeat

Pick an association action aA
Compute v(ςA, ςD) using RT
Compute r(ςA, ς ′A)
Q′A(ςA, aA)←
f(QA(ςA, aA), r(ςA, ς

′
A))

until episode end
end
v(ςD)← max

ςA
v(ςA, ςD)

Compute r(ςD, ς ′D)
Q′D(ςD, aD)← f(QD(ςD, aD), r(ςD, ς

′
D))

until episode end
end

until convergence of max
ςD

(v(ςD))

of the propagation information with minimal assumptions, i.e.
by replacing the free-space pathloss d−βmnd

−β
n (ut) in Eq. (16a)

with the attenuation value obtained via ad-hoc simulations. To
this aim, we develop an ad-hoc RT simulator that takes as
input the 3D model of the target area, and for each candidate
network topology derives the received power at any given
point. We will describe in detail the RT later in Section VI.

Framework overview. As depicted in Fig. 3, our proposed
RL-based architecture is divided into a pre-processing stage
of the TPs and two nested layers of Q-learning solvers. In
the pre-processing, we cluster the TPs based on their spatial
location. Then, considering only complete clusters of TPs we
search for the best deployment using the nested agents. With
the agent in the outer layer, we scan possible deployments,
i.e. which L candidate sites will be equipped with a RIS out
of the total number of N , and for each deployment, we use
the agent in the inner layer to search for the best association,
i.e. which RIS will cover each TPs cluster. On each layer
of Q-learning solving we employ a separate algorithm with
independent training processes and Q-tables.

For each solution probed in the outer layer (candidate
deployments), we perform a complete run of the inner agent
training to find the best association for that deployment. The
association agent calls a simulation routine for each probed
association, which evaluates the complete scenario using the
parameters of both sides of the candidate solution (deployment
and associations) and RT data. We feed the obtained metric
back to the inner layer agent to obtain the best association
and use the metric of the best association found as feedback
to the outer solver, so we can derive the best deployment. We

3) Exploration of 
deployments

…
Exploration and 

evaluation of associations 
for each deployment

Feedback score of 
best association

Feedback score of 
each association

1) Initial data: CSs and TPs

2) Clusterization of TPs

Fig. 3: Overview of AI-RISA process blocks

set said evaluation metric as the minimum SNR of any given
TP to obtain results comparable with those obtained from
RISA, though this might be altered to improve the solution
with negligible computational cost, e.g., by evaluating the
average SNR improvements when the agent cannot improve
the minimum SNR. Note that we take as the solution the
states found during the training stages with the best values
for our metric, disregarding the characteristics or behaviour
finally gained by the agent after the training.

TP clusterization. In this step we use the BIRCH algo-
rithm [67] to group the given TPs in NC spatially defined
clusters, with NC ≥ N , such that there is at least one cluster
per deployed RIS. This allows us to solve scenarios handling
large amounts of TPs without the size of the solution space
growing out of tractability. By performing such preprocessing,
we open the possibility of designating many TPs, ensuring
the solver performs a thorough evaluation of the solutions
while keeping the problem workable. Setting a low number of
clusters can nevertheless limit the ability of the agent to find an
optimal solution as all points in a cluster have to be assigned to
the same RIS. The BIRCH algorithm is capable of producing
workable clusters even with homogeneously distributed or
tightly grouped TPs. Since we use it to produce a fixed amount
NC of sets, it always keeps the data tractable during the
exploration stages of the solution.

Outer layer. In our model, the states on the outer layer
correspond to all possible combinations of L or less RISs de-
ployed with a total number of

∑L
i=0 C(N, i) =

∑L
i=0

N !
i!(N−i)!

, where C(n, k) denotes the number of k-combinations from a
given set of n elements. Since any evolution of complete states
(i.e., states where there are L RISs deployed) will forcefully
withdraw the deployment to an incomplete state first, in
this layer we favour incomplete states (where the number of
deployed RISs is still below the limit L) as the initial state
of each training episode by setting the probability of starting
an episode from an incomplete state above the probability of
starting from a complete state: Pincomplete > Pcomplete.

The set of actions we define for this agent comprises: i)
deploying a RIS at a given CS, which we consider an invalid
action if there are L RISs already deployed or if the CS picked
is already in use; ii) withdrawing a deployed RIS from a given
CS, which we consider an invalid action if there is no RIS
deployed in that CS or if the limit of L RISs was not already
reached; iii) concluding the evolution of the state, offering



10

TABLE I: Simulation and Q-learning parameters.
Parameter Value Parameter Value Parameter Value

P 28 dBm f 26 GHz σ2 −80 dBm
β 2 µ 0.5 A 100m× 100m

BSs (M ) 2 CSs (N ) {10,20,30} T 16
Nb 2 Nr 350× 175 Nref 2
τ 1 αq 0.5 γq 0.99

SNRmax 10 dB Pcomplete 0.2 Pincomplete 0.8

the current state as a candidate solution. Invalid actions do
not trigger any state evolution.

Inner layer. Following the same framework, we list the
states on the inner layer as all possible associations of the RISs
to TPs, which gives us a total of LNC possible states. The set
of actions we define for this agent comprises: i) associating
the cluster nC to the next entry in the deployed RIS list; ii)
associating the cluster nC to the previous entry in the deployed
RIS list; iii) concluding the evolution of the state, considering
the present state as a candidate solution. As all actions in this
list will be feasible for any given deployment and association,
we do not consider any action invalid for the association agent.

Rewards. Defining the reward for each action considered
invalid in the outer layer we further discourage the agent from
choosing those (as they provide no evolution for the state).
For all other actions, considered valid, we run the association
solver and use the metric of the best solution found. We then
reward the outer layer agent by taking the difference in the
evaluation metric between the prospective state and the current
state. As for the inner layer, since there is no invalid action
in the agent space, the reward always comes from computing
the difference in the evaluation of the prospective state and
the current.

VI. PERFORMANCE EVALUATION

We first evaluate RISA and AI-RISA via Monte Carlo sim-
ulations considering synthetic network topologies and bench-
mark them against the SOA solution in [10] and two ES
approaches. Subsequently, we test RISA, AI-RISA and the
same ES techniques on the real network topology installed in
the Rennes railway station, France, provided by the European
network operator Orange, wherein RISs CSs are properly
placed on the station floor plan, as described in Section III-B,
and realistic SNR values are obtained via ray tracing.

Simulation parameters based on realistic values are listed in
Table I, unless otherwise stated.

RIS-aware RT simulator. Hereafter we outline the features
of our RT simulator, which is a key component of the
reward function in AI-RISA and is fundamental to assess the
network performance in the Rennes railway station scenario.
We employ the well-known shooting and bouncing ray (SBR)
method, which i) emits rays from each transmitter in a dense
grid, covering the surrounding sphere, ii) propagates the rays
through the geometric environment according to Snell’s law
and adjusts their electromagnetic field in light of Fresnel’s co-
efficients, iii) evaluates the received power at any given point
by summing up the power of the electromagnetic fields of each
ray reaching such point or its vicinity [68]. As SBR suffers
from high uncertainty on ray paths, which translates on non-
negligible phase errors especially at mm-Wave frequencies, we
consider each ray to have a random phase uniformly drawn
from the interval [0, 2π) [69].

We would like to underline that RISs are novel network
devices, thereby not yet widely implemented in conventional
RT. Therefore, we devise a new lightweight technique to
compute the contribution of these devices to the transmission
by considering the impinging power on the RIS surface, the
RIS power reflection, and the RIS beampattern. To estimate
the impinging power on the RIS surface, we assess the power
received at the RIS center by one of its elements modeled
as a cosine antenna (with exponent parameter µ = 0.5)
and multiply this value by the number of RIS elements
Nr. Hence, we simulate the RIS controlled reflections by
considering outgoing rays originated on the RIS surface with
power equal to the RIS impinging power. As for the RIS
emissive beampattern, we can consider a plethora of different
approaches, e.g. i) the RIS is focused on a set of points
and modeled as a uniform rectangular array of Nr cosine
antenna whose static configuration is obtained by narrow-
band phase-shift beamforming, ii) the RIS is dynamically
configured to focus on each individual point in the service
area and its beampattern is derived by combining the highest
achievable gain in each reflection direction, iii) the RIS is
statically configured to cover the service area by means of
beam broadening and flattening while its beampattern is a step
function discriminating if a direction ut belongs to a given
subarea An. In our scenario, the model in i) requires solving
a complex optimization problem to derive the optimal RIS
configuration that simultaneously serves multiple UEs in the
area, while the approach in ii) implies perfect instantaneous
RIS reconfiguration capabilities, which is difficult to achieve
in realistic conditions. Therefore, we adopt the model in iii)
to numerically evaluate all solutions in a practical manner,
namely we define the RIS beampattern g(u) as

g(u) =

{
g1 if ut ∈ An (cf. Eq. (12)),
0 if ut /∈ An.

(20)

Lastly, we compute the received power at each TP by adding
up the power from each source of any incident ray as received
by an isotropic antenna placed at the TP coordinates. Note
that we assume a power-based association policy, namely we
consider each TP to be associated to the BS providing the
highest power, combining the direct link and the reflections
through the deployed RISs.

Comparison benchmarks. In the following, we describe
the design choices while implementing the performance
benchmarks. The solution proposed in [10] provides a Mixed
Integer Linear Programming (MILP) formulation of the RIS-
aided coverage planning problem solely leveraging on geo-
metrical considerations and the availability and quality of the
links attainable between CSs and TPs. For a homogeneous
comparison we adapt this solution to match the operating
conditions of RISA and AI-RISA: we fix the orientation of
the CSs, and the number and position of the BSs, while
the original method counts those among the variables to be
optimized. After obtaining a solution for the deployment and
association subproblems, we compute the gain that the RISs
would exhibit in those conditions according to Eq. (12), and
evaluate the solution with the same reward function used for
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Fig. 4: RISA performance with different numbers of deployed
RISs and available Candidate Sites (CSs) via Monte Carlo
simulations considering synthetic topologies.

all the solutions under scrutiny. Note that the difference in
performance between the method we propose and the SOA we
are comparing with should be in part attributed to the latter
being a generalist deployment method, while the former targets
the specific conditions of the scenario here evaluated (e.g. the
RISs covering all their linked TPs at the same time). When
performing ES, the total space of possible solutions grows out
of tractability at very small numbers as the total number of
solutions is N !

L!(N−L)!L
T , where N is the number of candidate

sites, L is the number of deployed RISs and T is the number
of TPs. Therefore, we present the ES solution together with
a clustered exhaustive search: in this method, we first cluster
the points using the BIRCH algorithm [67] as described in the
first step of AI-RISA, and then apply an ES algorithm over the
space of solutions that associates complete clusters of TPs to
the RISs. This method represents a high-cost solution but also
reveals the least upper bound for the scores attainable by AI-
RISA and helps to judge the impact of the loss of generality
incurred by the clustering step.

Synthetic topologies. We consider the target area to be a
square surface with area A = 100 m × 100 m. Besides, we
assume that M = 2 BSs are placed at the bottom-left and
upper-right corners of the area, namely b1 = [0, 0, 5.5]T,
b2 = [100, 100, 5.5]T, while we evaluate the SNR perfor-
mance at T = 16 TPs uniformly distributed in the target area
on the plane z = 1.5. We average the results over 103 Monte
Carlo executions. In Fig. 4(a), we show the RISA performance
in terms of minimum SNR experienced in the target area
with respect to the number of deployed RISs L for different
numbers of available CSs N = {10, 20, 30} on the plane
z = 5.5. Comparison against AI-RISA is not included, as the
execution time for the training stage grows out of feasibility
for this experiment. The horizontal line indicates the minimum
SNR threshold to meet the receiver sensitivity. As expected,
the minimum SNR shows a positive monotonic behavior with
decreasing relative increments, thus suggesting the existence
of an optimal value for L. Besides, increasing the number
of CSs does not significantly benefit the overall performance,
provided that the number of CSs is big enough to obtain a
good sampling of the target area (on average). We employ the
Jain’s fairness index (JFI) to evaluate the SNR fairness among
TPs [70]. However, we modify its formulation by introducing
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Fig. 5: RISA and AI-RISA performance against SOA [10]
(adapted to our scenario), ES and clustered exhaustive search
(CES) with different numbers of deployed RISs via Monte
Carlo simulations considering synthetic topologies.

a saturation value of SNRmax = 10dB, namely

JFIsaturated(SNR1,SNR2, . . . ,SNRT )

=
(
∑T
t=1 min(SNRt,SNRmax))2

T ·
∑T
t=1 (min(SNRt,SNRmax))

2
, (21)

where SNRt indicates the SNR experienced at TP ut. This
way, we are able to capture the fairness in the access to
a sufficient SNR level preventing higher SNR values (e.g.,
for TPs in the immediate vicinity of a RIS) from artificially
decreasing the fairness value. In this regard, Fig. 4(b) outlines
a positive monotonic trend, validating our max-min objective
function design choice to enhance coverage in the whole area.

RISA and AI-RISA evaluation with synthetic traces.
Fig. 5 depicts the RISA and AI-RISA performance against
the SOA solution from [10] against the number of deployed
RISs. The proposed AI-RISA, based on Q-learning, is feasible
with reasonable hardware resources up to L = 8, while RISA
is able to surpass this limitation. As an additional comparison
term, we include the ES solution, which is computationally
feasible only up to L = 2 deployed RISs, and the CES
solution, feasible up to L = 4. In order to perform a
sound comparison, we reward the AI-RISA agent with the
same objective function as RISA in Eq. (16a), thus tackling
Problem 2 without further approximations or simplifications.
As shown in the figure, all solution trends in terms of
SNR and JFI match significatively with the increase of the
number of deployed RISs. We would like also to stress that
the nature of the underlying Q-learning technique guarantees
convergence for AI-RISA to the same results as the (clustered)
ES given sufficient time [71]. Such convergence depends in
practice on the available training time and the convergence
criteria. Furthermore, it is worth mentioning that the CES finds
comparable solutions to those of the ES, hence supporting the
idea that the loss of generality due to the clusterization step
impacts the quality of the solutions to a limited extent. While
a strict complexity analysis is not feasible due to the usage
of third party convex programming tools in our solutions, we
can report the observed execution times until completion (for
exhaustive searches) or until convergence (for RISA and AI-
RISA). Our test platform is a server equipped with 2x Intel®
Xeon® Processor E5-2650 v4 and 160GB of DDR4 memory.
RISA and AI-RISA execution time [in hours] in the described
circumstances grows approximately as τL, with τ ≈ 0.8h. The
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ES and CES execution time grows with L!, going from 2h for
L = 2 to around 30h for L = 4, and becoming impractical
beyond that point.

Rennes station. We execute the RT simulation in MATLAB
R2021b using a simplified 3D model of the main floor of
the Rennes railway station in France. The scenario follows
the most prominent obstacles and elements filling the volume
object of study. Our initial reproductions of the interior of the
station, based primarily on the architectural plans, attempted
to produce an architecturally faithful model. Nevertheless, the
results obtained when processing those through ray tracing
failed in the most important metric: accurately predicting the
propagation conditions observed through measurements in the
actual environment of the station. The main source of dis-
agreement was that the reflections in the ceiling, crowded with
small curved surfaces, were not well represented in a polygon-
based model. We tested several options, mostly trying to
accurately represent the absorption properties of the materials
present in the ceiling. The higher the absorption properties
assigned to the many structural, functional, and decorative
beams, as well as tubing and other elements in the ceiling,
the more accurately our simulations resembled the observed
propagation conditions in the station. As we obtained the best
reproduction of the propagation conditions observed in the
station (i.e., the areas of coverage problems) by making them
perfect absorbers, we opted for the -mathematically equivalent-
omission of the ceiling in the model, negating any reflection
on it back to the environment. The resulting model has 579
triangles, 1582 edges and 1053 vertexes and is depicted in
Fig. 1. The use of this detailed model makes the evaluations
of the solutions aware of the presence of scatterers and allows
us to take into consideration the signal fading. We simulate
the BSs with Nb = 2 and transmit power P = 28 dBm at
f = 26 GHz , as in the real network deployment by Orange.
Besides, we implement the SBR method in order to derive
the possible paths to reach any given TP [72]. We linearly
combine the power received at any TP from different paths
assuming a (uniformly distributed) random phase for each
individual path at the UE side, thereby accounting for random
external factors (e.g., thermal expansion) that could alter the
path lengths by a non-negligible fraction of a wavelength
λ = 1/f , given the large ratio between the station distances
and the wavelength [69]. The maximum number of reflections
is set to Nref = 2 as higher-order reflections provide little
contribution to the received power.

In Fig. 6, we show the RISA and AI-RISA performance
for different numbers of deployed RISs among N = 20 hand-
picked CSs at a height of 5.5 m and meeting the architectural
constraints of the station building and internal structures .
Besides, we compare such results with a random deployment
policy averaged over 102 instances, and the SOA, ES, and
CES methods used in the synthetic scenarios . Clearly, RISA
and AI-RISA outperform the random policy, the SOA, ES and
CES methods in the maximized metric, i.e., minimum SNR
in Fig. 6(a), and outperform the same solutions in almost all
deployments regarding the JFI in Fig. 6(b). Note how, while
the minimum SNR (i.e., our optimization objective) grows
monotonically, this is not always the same for the JFI: several
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Fig. 6: RISA and AI-RISA performance obtained via RT
simulations for different numbers of deployed RISs and avail-
able Candidate Sites (CSs) in a realistic environment (Rennes
station), compared to CES, ES, and random solutions.

(a) SNR 3D heatmap with L = 0

(b) SNR 3D heatmap with L = 6 RISs (red squares)

(c) Increase in SNR, with the BSs (blue triangles)

Fig. 7: SNR heatmap in the dead-zone (see Figure 1) of the
Rennes station obtained via RT simulations.

scenarios (e.g. an increase in the worse covered points which is
accompanied by an even higher increase of the better covered
points, or an increase in the worst covered point that turns it
into a high outlier) produce a decrease in the JFI as the one
observed for L = {5, 6} in the AI-RISA series. The fairness
is further confirmed in Fig. 7, wherein we compare the 3D
heatmaps of the SNR for L = 6 numbers of deployed RISs
against the baseline with no RIS.
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VII. CONCLUSIONS

Reconfigurable intelligent surfaces introduce a novel chal-
lenge in traditional cellular networks planning. On the one
hand, optimal RISs configurations should be computed given
fixed BSs and RISs positions. On the other hand, the optimal
RISs deployment depends on RISs configurations. To address
this coupled problem and make the analysis tractable, in this
paper we proposed two RIS-aware network planning solution:
RISA, which builds on double-nested block coordinate ascent
to iteratively tackle the above challenge, and AI-RISA, which
uses several ML techniques and a RT simulator to find
the optimal solution. RISA and AI-RISA are evaluated on
synthetic generic indoor network deployments and in a real
railway station (Rennes). Our results show that RISA and
AI-RISA can i) achieve outstanding performance on top of
the existing network infrastructure, ii) solve the dead-zone
problem in highly-crowded environments and iii) improve the
user fairness at very limited installation costs.
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