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Abstract—This work introduces a fully-automated RIS de-
ployment strategy validated through a digital twin, powered by
Sionna ray tracing, of a UK city. On a scene calibrated with
measured data, the method jointly optimizes RIS placement,
orientation, configuration, and BS beamforming across 4G,
5G, and hypothetical 6G frequencies. Candidate RIS sites are
identified via scattering-based rays, while user clustering reduces
deployment overhead. Results show that meaningful coverage
enhancement requires dense, large-aperture RIS deployments,
raising questions about the practicality and cost of large-scale
RIS adoption.

I. INTRODUCTION

Consistent connectivity is a key challenge in modern
wireless systems, especially in dense urban environments
where obstructions and multipath propagation degrade per-
formance [1]. These issues worsen at higher frequencies due
to increased pathloss and limited diffraction. Reconfigurable
intelligent surfaces (RIS) have emerged as a promising solu-
tion. By reflecting signals toward underserved areas without
additional transmit power, RIS offer a potentially energy-
efficient means to enhance coverage [2], [3]. However, large-
scale adoption by mobile network operators (MNOs) remains
uncertain due to unclear cost-performance tradeoffs.

Indeed, RIS placement involves a high-dimensional combi-
natorial problem, with many candidate sites, orientation con-
straints, and site-specific propagation. Trial-and-error methods
are unscalable. Tackling this challenge requires an automated
and scalable framework, and an enticing enabler of such a
framework is a digital twin providing a precise digital replica
of the radio environment [4].

Previous studies on RIS placement and design offer valu-
able insights but suffer from key limitations. Many focus
on single-user equipment (UE) or single-cell scenarios using
idealized or stochastic models that are unable to capture site-
specific details [S]-[9]. Others use simplified reflection models
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that ignore polarization and angular losses [2], [10]-[12], or
neglect practical constraints like building geometry, material
properties, and orientation feasibility [13], [14]. Few combine
ray tracing with empirical data, and none offer a scalable,
automated solution across multiple frequencies and network
layouts.

This paper presents a fully automated, data-driven frame-
work for site-specific RIS deployment in cellular networks.
A radio digital twin is applied to jointly optimize RIS
placement, orientation, phase configuration, and base station
(BS) beamforming. Unlike analytical or heuristic methods, the
framework supports multi-cell, multi-band deployments and
incorporates a calibrated ray-tracing engine to model material-
and geometry-specific electromagnetic interactions.

The framework is validated using data from a UK commer-
cial deployment. Simulations span 4G, 5G, and a hypothetical
6G system at 2GHz, 3.5GHz, and 10GHz, respectively,
using the open-source Sionna engine [15]. Material properties
are calibrated with measured UE received power. The main
contributions are as follows:

o Using measured UE data, material properties are cali-
brated to improve ray-tracing accuracy.

¢ A ray-based method jointly optimizes RIS placement,
phase configuration, and BS beamforming, incorporating
orientation and geometry constraints.

o Coverage improvements are evaluated across frequencies
as a function of RIS aperture, element count, and density.

¢ A cost-performance analysis reveals that significant cov-
erage gains require extensive deployment of large RIS
units, questioning economic viability.

To foster reproducibility, the full simulation framework and

RIS deployment algorithms are available in open source.’

II. NETWORK, RIS, AND PROPAGATION MODELS

A. Cellular Network Model

The digital twin replicates the layout of a commercial
cellular network deployed by a leading MNO. The focus area
contains 12 BSs ranging from 18 to 56 m in height, each
hosting three sectors for a total of 36 cells. The area spans
1340m x 1390m in the UK. Figure 1 shows a 3D rendering
of the environment.
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Fig. 1: 3D visualization of the area produced with OpenStreetMap,
with black pins indicating BS sites.

1) Antennas: Each BS features a planar array of vertically
polarized elements. The configuration of each BS is specified
by its vertical tilt angle and its horizontal bearing angle, both
determined by the MNO. A single radio-frequency chain feeds
each antenna element and it abides by the 3GPP radiation
pattern, with half-power beamwidths of 65° in azimuth and
10° in elevation [16].

2) Radio Deployments: Three systems are considered:

« 4G at 2GHz (FR1)
« 5G at 3.5GHz (FR1)
« 6G at 10GHz (FR3)

For each, the parameters (adopted from commercial products,
either existing or under development) are detailed in Table I.
Note that only single polarization is assumed, resulting in
element counts that are half those for dual polarization.
Reusing existing site grids is essential for the incorporation
of new spectrum to be economically feasible, as further sites
would lead to considerable expenses and prolong deployment
timelines [17]. Hence, The same BS coordinates are applied
to all three systems.”

3) Beamforming Codebook: Each BS adopts a two-
dimensional discrete Fourier transform (DFT) beamforming
codebook per system. This codebook specifies a set of orthogo-
nal beams on given angular directions; each such beam is char-
acterized by the Kronecker product of two one-dimensional
DFT vectors, one for azimuth and one for elevation, namely

wmh7mv = ’U)mh ® wmw (1)
where my, m, are the horizontal and vertical beam indices.

2The 6G system operates at a higher frequency and with more bandwidth
than its 4G/5G counterparts, but it is configured with a lower transmit power.
This reflects a role for 6G as a non-standalone capacity-boosting layer with
possibly discontinuous coverage.

TABLE I: System features [18]

Feature 4G 5G 6G
Carrier frequency [GHz] 2 3.5 10
Bandwidth [MHz] 20 100 200
Sectors per site 3 3 3
Polarization Vertical | Vertical | Vertical
Planar array topology 2x2 4x8 4x16
Beamforming codebook size 4 32 64
TX power per cell [dBm] 43 49 44
TX power per subcarrier [dBm] 12.2 13.85 8.85
Number of subcarriers 1200 3276 3276
Noise power per subcarrier [dBm] -132 -129 -126

4) UEs: UEs are deployed on a grid of 2m x 2m tiles at
a height of 1.5m, with the received power averaged per tile.
The focus is on outdoor UEs as the main use case for cellular
networks, though the method extends to indoor scenarios given
floor plans and outdoor-to-indoor ray tracing support. Each UE
employs a single vertically polarized isotropic antenna and is
served individually per time-frequency resource, isolating the
effects of scheduling.

B. Physically consistent RIS Model

The physically consistent RIS model in [19] is adopted,
which treats the RIS as a continuous reradiating surface with a
spatial modulation function based on ray optics. This captures
finite surface size, angular reradiation, and energy conser-
vation. Precisely, the spatial modulation function I'(zg,yr)
describes the complex transformation applied by the RIS at
each surface point (zg,yr), combining amplitude and phase
modulation into [20]

T(zr, yr) = Ry/MA(zR, yr)e? #@RVR), ()

where R accounts for roughness and loss, n is the surface
efficiency, and A(zg,yr) controls reradiated power.

C. Site-specific Ray Tracing and Coverage Calculation

The propagation among BSs, UEs, and RIS units is digi-
tally replicated using Sionna [21], an open-source ray-tracing
simulator. To balance realism and efficiency, the ray tracing
employs a Fibonacci shoot-and-bounce method with 107 rays
per cell, up to four bounces per ray, and it includes specular
reflection, diffraction, and scattering.

To compute the large-scale channel gain between each BS
and UE, the set of corresponding rays is considered. As
advanced, the region of interest is partitioned into square tiles
Cp,q of size 2m x 2m, where each tile corresponds to a UE.
For each BS sector ¢t and DFT beam index m, the directional
channel gain at tile (p, ¢) is computed as

1 N 2
Gtvmvpvq = Z //C {ht,p,q(xay)wt,m{ diﬂdy, (3)
P.q

where hy;, .(x,y) is the channel vector at position (z,y),
obtained from all ray types (LoS, reflected, diffracted, and



scattered), wy ,,, is the DFT precoding vector, and 4 is the tile
area.

The reference signal received power (RSRP) for tile (p, q),
served by BS sector ¢t and beam index m, is then

RSRP, , = Gt.mp.q P 4)

where P, is the transmit power per subcarrier, as specified in
Table I. The UE at the center of each tile selects its serving
BS and beam by maximizing the RSRP across all sectors and
beam indices.

III. SCENE MATERIAL CALIBRATION

Accurate ray tracing requires not only precise geometry but
also realistic electromagnetic material properties—something
particularly difficult at city scale. While prior work focused
on small, controlled environments [21], we target dense ur-
ban areas where default material settings lead to significant
mismatches. Using a large outdoor measurement dataset from
a UK city—covering BS configurations (e.g., orientation, tilt)
and spatial received power—material parameters are calibrated
to align simulated and experimental radio coverage.

Specifically, building material parameters are calkibrated by
minimizing the difference between simulated and measured
RSRP values. Using the Sionna ray tracer and the actual
BS configurations, coverage is first simulated assuming all
buildings are made of concrete. Three material properties—
relative permittivity, conductivity, and surface scattering—
are treated as learnable variables. UE measurement data is
aggregated over 10 x 10 m? regions with at least 20 samples,
enabling stable RSRP comparisons. For each region, surround-
ing buildings within 100 meters are jointly calibrated by
comparing average simulated and measured RSRP. Gradients
are computed using an Adam optimizer, and materials are
iteratively updated. The optimization runs for 600 steps per
cell, gradually covering the city while preserving already
calibrated areas. To ensure meaningful updates, outliers and
regions with persistent mismatches are filtered out. Region
merging and error thresholds are applied to manage complexity
and adapt to urban density variations.

The design of this calibration approach is shaped by both
modeling simplifications and practical data limitations. Since
the focus is on minimizing RSRP error rather than retrieving
physically exact material values, the optimizer adjusts parame-
ters to best match the model’s predictions with measurements.
Calibration is performed over spatial regions instead of in-
dividual samples to mitigate device-related RSRP variability.
Regions with extreme mismatches are excluded, as these are
typically due to missing scene geometry. The optimizer reacts
adaptively: if simulated RSRP overshoots, material properties
are driven toward free-space conditions; if it undershoots,
reflectivity is increased; in both cases, within constrained
bounds. Persistent errors at the extremes trigger region exclu-
sion. And, to manage urban complexity, adjacent buildings are
merged, and region-specific thresholds are applied based on
density, acknowledging that calibration tolerance varies across
the cityscape.

A. Validation

Material calibration was conducted over a central urban
area measuring 1122m x 710m. To assess its effectiveness,
70 representative target regions were selected across the area.
In each region, the average measured RSRP was compared
against simulated values, both before and after calibration.
A detailed analysis of prediction errors is provided in Fig.2,
with outlier regions excluded. Prior to calibration, RSRP
predictions tended to underestimate coverage, with a mean
error —5.69 dB, median of —5.37dB, and standard deviation
of 5.71dB. After calibration, the error distribution narrowed
substantially, with a near-zero mean of —0.32 dB, median of
—0.13dB, and standard deviation of 2.57 dB, confirming the
effectiveness of the calibration approach.
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Fig. 2: Distribution of RSRP prediction errors.

IV. DATA-DRIVEN RIS DEPLOYMENT

This section presents the data-driven strategy for large-scale
RIS deployment on the digital twin.

A. Coverage Evaluation and UE Clustering

The baseline network coverage is evaluated by deploying
BSs and distributing UEs on a grid, as described in Sec. II.
Fig. 3 shows the RSRP heatmaps. UEs with an RSRP below
—100dBm are declared in outage [22], resulting in outage
rates of 2.85%, 1.65%, and 6.07% at 2 GHz, 3.5 GHz, and
10 GHz, respectively. The goal of strategic RIS deployment
is to improve RSRP at these outage locations, but deploying
a dedicated RIS for each UE is infeasible due to the large
number and distribution of outage UEs.

To address this scalability challenge, nearby outage UEs are
grouped into clusters so that each RIS serves a cluster instead
of an individual UE. A hierarchical BIRCH algorithm [23]
is employed, building compact clustering feature trees. Each
cluster is represented by

U U
U7Zsi,Z||si||2] , ©)
=1 =1

where U is the number of UEs and s; € R? denotes the
2D position of UE ¢ (center of a tile). The threshold T is
a key design parameter that defines the maximum allowable
Euclidean distance (in meters) between data points within a
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Fig. 3: RSRP heatmaps across the considered urban area for 4G, 5G, and 6G.
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Fig. 4: Number of clusters formed by the BIRCH algorithm vs.
parameter 1" across the considered frequency bands.

cluster in the BIRCH algorithm. A smaller 7' yields more
clusters and RISs, while a larger 7' reduces the count but
enlarges coverage per RIS. Fig. 4 illustrates how the cluster
count changes with 7" across frequencies.

B. RIS Candidate Locations

This section presents the algorithm for the identification
of candidate RIS locations. For each cluster of outage UEs
produced by BIRCH, one RIS is deployed to enhance coverage
by aligning with the reflection point of relevant scattered
rays. This study assumes RIS units can be deployed on any
building surface with a valid scattering point, providing an
upper bound on performance by ignoring practical constraints
such as accessibility or regulations.

The approach identifies candidate RIS sites by activating
only single-bounce scattering rays and increasing ray shoot-
ings to 3 x 107 for dense angular sampling.

Among the rays that reach a given cluster centroid, the
ones retained are those that (i) reach it after one scattering
event and (ii) create a valid LoS path from the BS via the
scatter point. Candidate RIS locations are then determined
from the corresponding scatter points. If multiple candidates
are found, the one with the shortest 3D distance to the cluster

centroid is selected. If the centroid’s RSRP increases, UE-level
gains within the cluster are assessed. A cluster is marked as
RIS-effective if at least 60% of its UEs experience an RSRP
improvement. This balances RIS location efficiency with the
computational complexity of the optimization.

C. RIS Configuration and BS Beamforming

Once a candidate location is selected, the RIS must be
oriented, configured, and incorporated into the network.

e Each RIS is installed along the building wall at the
designated location, face outwards.

e For each combination of BS, UE, and RIS locations, the
spatial modulation function in Sec. II-B is computed.

o The serving BS selects the beam that maximizes the
RSRP at the RIS location by iterating over all available
DFT beams.

D. Re-Clustering and Re-Association

For the remaining outage UEs for which the candidate
RIS locations proved ineffective, two fallback strategies are
employed: re-clustering and RIS re-association.

1) Re-Clustering: The remaining outage UEs are regrouped
with BIRCH using a smaller threshold 7' to form more
compact clusters. The new threshold is determined iteratively
to optimize the trade-off between coverage and deployment
cost. For each new cluster, the centroid point is extracted, and
the method is reapplied to find the RIS location. Although
lowering T" improves performance, it also increases the number
of RIS units, raising capital costs for the MNO.

2) RIS Re-Association: Some outage UEs may be in areas
where existing RIS units are effective but were not initially
assigned to their cluster. To avoid redundant deployments,
these UEs can be reassigned to existing RISs if a LoS link
is feasible. The process consists of four steps:

1) Determine which deployed RIS units maintain a LoS link
to each outage UE.

2) For each potential RIS, identify the BSs that have a LoS
connection to it.

3) From the feasible RIS options, select the one closest to
the UE.
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4) From the BSs linked to the chosen RIS, pick the one
nearest to it.

This process refines the association of UEs, RISs, and BSs,
boosting RSRP while avoiding further RIS deployments.

V. SIMULATION RESULTS

For preliminary testing of the deployment method, a very
large RIS aperture (11.24 x 11.24 m) is considered, with half-
wavelength element spacing. Outage UEs are clustered using
BIRCH with a threshold of T' = 15 m.

1) 4G at 2 GHz: Outage UEs represent 2.85% of the total
population. With 7" = 15 m, 246 clusters are formed, each
associated with one RIS. This initial RIS placement brings
68.85% of outage UEs back into coverage. Re-clustering the
residual UEs with 7" = 10 m recovers an extra 2.73%, while
RIS re-association further improves coverage by 6.61%, result-
ing in a total recovery of 78.97% of outage UEs. Figure 5a
illustrates the CDF of the enhanced RSRP values.

2) 5G at 3.5 GHz: Outage UEs constitute 1.65% of the
entire network. Using the same method, RIS deployment
initially restores coverage for 66.10% of these UEs. Applying
re-clustering with 7' = 10 m adds another 3.80%, while
RIS re-association contributes an additional 5.67%, resulting
in an overall recovery of 75.25%. Figure 5b shows these
improvements, accomplished with 197 deployed RIS units.

3) 6G at 10 GHz: At this frequency, 393 RIS units are
deployed to address the 6.07% of UEs initially in outage. The
RIS deployment alone restores coverage for 46.02% of these
UEs, with re-clustering adding another 6.02%. In particular,
RIS re-association is especially effective in this scenario,
recovering an additional 12.55%, for a total of 64.59% of
outage UEs brought back into coverage, as shown in Fig. 5c.

While these initial findings show notable coverage gains,
these entail a very large RIS aperture and many units, as
each cluster is assigned a separate RIS. The remainder of this
section evaluates how restricting aperture size and deploying
RISs for only a subset of clusters influences performance.

A. Impact of RIS Density

In the previous analysis, each cluster was associated with
a separate RIS, resulting in 246, 197, and 393 RIS units at
2, 3.5, and 10 GHz, respectively. However, many clusters are
quite small—over half contain fewer than six UEs—reflecting
the spatial sparsity of outage areas. To address this, clusters are
now ranked by their UE count, and RIS units are incrementally
allocated to the top-N clusters as N varies. Figures 6a, 6b,
and 6¢ show the resulting CDFs of RSRP for different values
of N, showing that prioritizing larger clusters helps balance
coverage gains against deployment costs. Nevertheless, even
with prioritization, achieving significant improvements still
needs deploying a substantial number of RIS units.
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B. Impact of RIS Apertures

Next, we study the impact of varying the RIS aperture,
which directly determines the number of RIS elements. The
element spacing remains fixed at half a wavelength. This
evaluation is conducted for the maximum number of RIS units
previously identified, namely, 246, 197, and 393. Figure 7
presents the percentage of outage UEs recovered as a func-
tion of the aperture, with the corresponding number of RIS
elements also indicated. The results show that performance is
more robust to variations in aperture than to changes in RIS
deployment density.

VI. CONCLUSION

This work has introduced an automated, data-driven frame-
work for evaluating large-scale RIS deployments in cellular
networks. By integrating site-specific ray tracing, outage user
clustering, and ray-based heuristics, the framework jointly
determines RIS placement, orientation, configuration, and BS
beamforming. Performance assessments in 4G, 5G, and 6G
scenarios, grounded in a calibrated digital twin of an urban en-
vironment, highlight the tradeoff between coverage gains and
deployment costs. Meaningful coverage enhancement neces-
sitates deploying many large RIS units per square kilometer,
raising questions about their cost-effectiveness in wide-area
outdoor systems.
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