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ABSTRACT The positioning accuracy of a reconfigurable intelligent surface (RIS) assisted indoor
positioning system (IPS) can be improved by developing a fingerprinting database for different RIS
configurations. Every RIS configuration generates a different radio map of the indoor environment such
that the variations in the received power are used to localize unknown receivers. However, creating a diverse
fingerprinting database is challenging and time consuming. To this end, we compare three end-to-end (E2E)
propagation modeling techniques that include a full-wave electromagnetic (EM) simulator-based model
(FWS-E2E), and two hybrid models called HYB1-E2E and HYB2-E2E. The FWS-E2E technique models the
RIS and the entire indoor environment in a full-wave EM simulator. On the other hand, the hybrid techniques
mostly rely on analytical equations while using some important data from the EM simulator. In this paper,
we also discuss methods and algorithms to identify useful RIS configurations having the potential to generate
diverse radio maps for increasing the positioning accuracy of the IPS. Both hybrid methods significantly
reduce the complexity of generating the radio map. Experimental results are also provided to compare the
performance of the E2E models.

INDEX TERMS Fingerprinting, IPS, RIS.

I. INTRODUCTION more popular than other approaches [3], [4]. However,

The problem of localizing a receiver in an indoor space is
important because global positioning system (GPS) signals
are severely degraded and fail to provide meaningful accuracy
for indoor location-based services [1], [2]. WiFi signals
are abundantly available in indoor spaces, therefore, radio
frequency (RF) based indoor positioning systems (IPS) are
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to achieve high indoor localization accuracy, WiFi finger-
printing is generally required. In WiFi fingerprinting, there
is an offline phase and an online phase [5]. In the offline
phase, a fingerprinting database of radio maps of the indoor
space is created, while in the online phase, this database is
used to determine the location of a receiver. During the online
phase the received signal strength (RSS) of the received
signals is compared with the RSS values already stored in
the fingerprinting database and the best match is utilized to
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determine the current location of the receiver [6]. A major
challenge of any radio frequency (RF) fingerprinting based
IPS is the acquisition of a fingerprinting database [7]. Planned
RF measurement campaigns, crowdsourcing RF data from
indoor space users, and end-to-end (E2E) RF propagation
models are utilized to develop a fingerprinting database.

In recent years, reconfigurable intelligent surfaces (RIS)
and holographic surfaces have gained significant research
attention [8], [9], [10], [11], [12], [13]. An RIS is a thin
rectangular array of sub-wavelength elements called unit
cells. In an RIS, the states or, equivalently, the phases of the
unit cells are collectively controlled and reconfigured [14],
[15]. By changing the phases of the unit cells, the received
power or the RSS is changed.! Suppose an RIS has N unit
cells and each unit cell has L discrete states, then this RIS
has LV configurations. At any given point in space, LV
different values of received power can be generated (one
value per RIS configuration). For example, a moderately
sized RIS with N = 100 and L = 2 has 2'% configurations.
Therefore, a very large number of radio maps of a given
wireless environment can be created by using a single RIS
and a single WiFi router or access point (AP). Thus, RIS
integration offers substantial benefits, including savings in
infrastructure space and deployment costs. These advantages
address prevalent issues in traditional IPS that typically
require multiple APs to increase dimensionality. The ability
of an RIS to impact the received power at different locations
by changing its configuration can be used to build and
improve the performance of an IPS [16], [17], [18]. This
transformative potential of RIS is further explored in [19],
where the authors introduce several model-based approaches
for RIS signal processing. Focusing on signal processing
aspects such as channel estimation, transmission design,
and radio localization, the review highlights how strategic
deployment and parameter adjustment of RIS can optimize
signal propagation paths. This enhances the accuracy of
IPS and opens new avenues for research into using RIS
technology for advanced signal processing and positioning
solutions.

RIS also emerged as a promising solution for millimeter
wave (mmWave) positioning, addressing the challenge of
blockage sensitivity and marking a significant advancement
toward sixth-generation (6G) wireless systems [20]. This
development is part of recent advancements that propose
mmWave systems to improve positioning accuracy. However,
the full potential and various aspects of RIS-assisted IPS
still require extensive investigation to fully understand the
potential of this research field. Given the large number of
configuration sets and the fact that not all configurations
facilitate improved accuracy for RIS-assisted IPS, it is
necessary to identify the useful RIS configurations that
enhance localization accuracy and to develop a fingerprinting
database with these configurations. Moreover, RF measure-
ment campaigns for multiple RIS configurations become

UIn this paper, we use the terms RSS and received power interchangeably.
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labor-intensive and costly, while crowdsourcing methods lack
accuracy and reliability. In this context, computationally
efficient RF propagation models can support the development
of a fingerprinting database with reasonable accuracy [21].
By carefully selecting configurations and using propagation
models that effectively simulate the RIS response in the
environment, we can reduce the dimensionality of the
fingerprinting dataset and utilize the fingerprinting technique
to improve IPS accuracy.

This strategic selection of RIS configurations, through
parameter adjustments, strongly correlates with the effec-
tiveness of radio maps used in WiFi fingerprinting, which
is important for optimizing indoor positioning systems.
By adjusting parameters such as the number of unit cells on
an RIS, we achieve more precise control over the EM field
within a specific environment. This precision in manipulating
EM fields enables stronger signal strengths at targeted points,
significantly enhancing spatial resolution. Such enhanced
resolution allows for the creation of finer and more accurate
radio maps, which are crucial in complex and large indoor
spaces.

Additionally, the number of states that the unit cells
can adopt plays a vital role in shaping the radio maps.
More discrete states allow for more precise control and
can produce more detailed radio maps, while fewer discrete
states simplify the process and reduce system complexity.
Therefore, selecting the number of discrete states involves
a trade-off. By adjusting these parameters, we can create
radio maps that enhance the received signal power at
targeted points or boost the received power at specific targets
while reducing it at others. This flexibility in radio map
generation stems from the interplay of RIS parameters,
which directly influence the signal’s strength and propagation
characteristics. Such adjustments alter the signal power distri-
bution and demonstrate the direct correlation between these
parameter changes and the resulting diversity in radio map
configurations. To generate radio maps with these desired
characteristics, different types of optimization problems need
to be formulated and solved. These optimization problems are
designed to identify the most effective RIS configurations for
enhancing signal strength. Through this approach, we lever-
age the correlation between radio maps and RIS parameters
to create customized and effective solutions for indoor
positioning.

Therefore, the integration of RIS into IPS brings sev-
eral advantages. For instance, optimization algorithms can
be employed to select radio maps that can potentially
improve localization accuracy. Focusing on configurations
that significantly impact localization accuracy makes the
process more targeted and efficient, avoiding the exhaustive
and impractical approach of considering every possible
RIS configuration. This methodical approach highlights the
effective alliance between computational models and their
practical application, ensuring that RIS technology is utilized
optimally to advance the capabilities of IPS. This not only
maximizes the potential benefits of RIS but also makes the
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development and implementation of IPS more efficient and
effective.

In this paper, we present methods and algorithms to
determine the best RIS configurations for RIS-assisted IPS
designs. The indoor locations from where the localization
requests are expected to arrive more frequently are identi-
fied. For every such location, we determine the best RIS
configuration through our algorithms that maximizes the
received power at the target point. When the phases of
the unit cells are varied in a continuous range, optimal
solutions are efficiently obtained by utilizing a gradient-
ascent algorithm. On the other hand, when the phases of
unit cells are discrete, we use a genetic algorithm (GA)
for finding the best RIS configuration. For developing a
fingerprinting database with different RIS configurations,
we discuss three E2E propagation modeling techniques.
These include full-wave electromagnetic (EM) simulator-
based E2E modeling (FWS-E2E), and two hybrid models
called HYB1-E2E and HYB2-E2E.

In FWS-E2E, the RIS and the complete indoor environ-
ment are simulated in a commercially available full-wave
simulators such as CST or HFFS. The FWS-E2E model
has a very high accuracy in predicting the received power.
However, its computational complexity grows exponentially
with the size of the indoor environment, and for every new
RIS configuration, the simulations have to be rerun. Despite
the complexity, FWS-E2E still provides several advantages
over RF measurement campaigns. Unlike FWS-E2E model-
ing, which entirely relies on simulations, the hybrid models
use analytical equations and some data from full-wave
simulators.

In HYBI-E2E, an analytical equation of the received
power is developed with the help of circuit and antenna
theories [12], [22]. In the literature, antenna theory is used
to model the entire channel responses from the transmitter to
RIS, RIS to the receiver, and the self and mutual coupling
of the unit cells as appropriate impedances. The resulting
circuit model is then used to compute the received power
at different indoor locations. In our case, to improve the
accuracy of the model, we use a full-wave simulator to
determine the self and mutual coupling among the unit
cells, hence obtaining a hybrid model. In HYB1-E2E, for a
given RIS, this requires only a one-time computational effort
in determining the impedances with a full-wave simulator.
In HYB2-E2E, we use general path loss models from the
literature for RIS-assisted communication systems [23], [24].
Such models include the dependence of the received power on
the normalized radiation responses of the transmit antenna,
unit cells, and the receive antenna. Therefore, in HYB2-E2E,
we obtain the exact radiation responses with the help of a
full-wave simulator. Once again, the computation of these
responses is a one-time computational effort.

We compare and discuss the relative complexity of the
three E2E models for developing a fingerprinting database.
We perform numerical simulations for a 10x 10 x 3 m> indoor
space with one WiFi router operating at 5.2 GHz assisted by
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a square 40 x 40 RIS (1600 unit cells). The received powers
at various indoor locations for different RIS configurations
obtained for the HYB1-E2E and HYB2-E2E models are
compared. We also perform experiments where we measure
the RSS values with the help of a locally manufactured 28 x 27
(756 elements) 1-bit RIS. Thus, in this latter case, we are also
able to compare the RSS values obtained from the HYB 1-E2E
and HYB2-E2E models with experimental results. We note
that the algorithms for unit cells with continuous- and
discrete-valued phase shifts are able to focus the power at
the desired locations. However, as expected, when the phases
of the unit cell can be continuously varied, relatively more
power can be focused at the target grid point. Overall, the use
of realistic impedance and realistic radiation responses in the
hybrid models significantly improves the performance. The
hybrid models and the algorithms for continuous and discrete
valued phase shifts can therefore be used for developing a
fingerprinting database for an RIS-assisted IPS.

Focusing on integrating RIS into IPS, this paper addresses
challenges and presents solutions for using RIS in positioning
systems. We aim to reduce the complexity and cost associated
with traditional RF measurement campaigns by developing
an optimization algorithm for generating a useful set of
configurations coupled with using E2E propagation models.
Thus, we establish a solid foundation for future advancements
in IPS and the application of learning-based localization
algorithms, paving the way for a future where IPS is more
efficient, cost-effective, and accurate.

The key contributions of this paper are the following:

o We discuss three E2E propagation modeling techniques
for developing a fingerprinting database with different
RIS configurations: a FWS-E2E model and two hybrid
models (HYB1-E2E and HYB2-E2E). These models are
crucial for accurately simulating an indoor environment
and RIS behavior, thus facilitating the creation of a
comprehensive fingerprinting database for improved
IPS accuracy.

o We develop algorithms to determine the optimal
RIS configurations that enhance localization accuracy.
By employing the gradient-ascent algorithm for con-
tinuous adjustable unit cells and the GA for discrete
adjustable unit cells, this research provides a method-
ological framework for maximizing the received power
at targeted locations and optimizing RIS-assisted IPS
designs.

o Through numerical simulations and practical experi-
ments, the paper compares the effectiveness of the
proposed E2E models and optimization algorithms
in focusing power at desired locations within an
indoor space. This comparative analysis, supported by
experimental validation, underscores the potential of
the hybrid models and the developed algorithms to
significantly improve the performance of RIS-assisted
IPS, offering a promising direction for future research
in the field.
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FIGURE 1. RIS-assisted IPS. RIS, WiFi access point (AP) the direct and the reflected signal paths are shown. The indoor
space is also divided into a uniformly spaced grid.

The rest of the paper is organized as follows. In Section II,
we discuss the RIS-assisted IPS design. In Section III, we
present the three E2E models. In Section IV, we discuss
the methods and algorithms for selecting the best RIS
configurations. In Section V, we present the simulation
results. In Section VI, we present the experimental results
and complexity comparison. In Section VII, we conclude the

paper.

Il. RIS-ASSISTED IPS DESIGN

In this paper, we consider an RIS-assisted IPS design. The
major components of the system are shown in Figure 1.
We assume only one WiFi router. A rectangular RIS
consisting of N unit cells is placed on a wall.” The unit cell
dimensions are always assumed to be less than the operating
frequency of the WiFi router. For practical purposes, we also
divide the entire indoor space into a set of uniformly spaced
grid points. The location coordinates of these grid points
are determined with respect to a local coordinate system
x-y-z whose origin (0, 0, 0) is conveniently selected. The
unknown receiver is localized in this local coordinate system.
We assume that an RIS configuration is changed with the help
of a suitable controller, for example, a field programmable
gate array (FPGA) or a micro-controller. Several unit cell
designs are available in the literature [25], [26], [27], [28].
Practical unit cells that use PIN diodes as their control
elements offer either 2, 4, or 8 distinct phases [25]. On the
other hand, when a unit cell is controlled by varactor diodes,
the phase can be continuously varied [29].

2The optimal placement of RIS for improving the localization accuracy of
IPS design is an interesting research problem. However, this problem is not
considered in this paper and it is postponed to a future research work.
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For both continuous and discrete valued phase shifts, the
total number of RIS configurations exponentially increases
with the number of unit cells. In our RIS-assisted IPS
design, we are therefore interested in finding the RIS
configurations that are helpful in improving the localization
accuracy. We also develop a fingerprinting database using
these configurations and store it at a localization server.
The fingerprinting database contains the labeled RSS values
from the grid points. At any grid point X, the received
power is the sum of the powers obtained from the direct
and the reflected links. The direct link is represented by AP-
X (also referred to as line of sight (LoS) link), while the
reflected link, which is an RIS-assisted link, is represented
as AP-RIS-X (also referred to as non-line of sight (NLoS) or
virtual LoS link). In the online phase, when a user requests
a localization service, the RIS controller cycles through
multiple RIS configurations that are available in the database.
The user measures the RSS values from its unknown location
and sends these values to the localization server. The online
algorithm is run at the server which then compares the
received RSS values with the database and comes up with
a location estimation.

lll. E2E PROPAGATION MODELS FOR AN RIS-ASSISTED
IPS DESIGN

By effectively utilizing the numerous configurations offered
by the RIS, the performance and localization accuracy of an
IPS can be significantly improved. However, the development
of a fingerprinting database remains a major limiting
factor. To this end, we explore and compare three different
approaches called FWS-E2E, HYB1-E2E, and HYB-E2E for
determining the received powers in RIS-assisted IPSs with
various performance-complexity tradeoffs.
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A. FWS-E2E MODELING

The FWS-E2E modeling approach employs a commercially
available full-wave EM simulator such as CST or HFSS.
These simulators have the ability to solve the EM equations
without simplifying assumptions and offer a wide range
of time and frequency domain solvers such as the finite
element method (FEM), finite integration technique (FIT),
and transmission line matrix method (TLM). The choice
of the solver (FEM, FIT, TLM) in the FWS-E2E method
also depends on the boundary conditions, which can be
classified as periodic or aperiodic. Assuming a plane wave
source at normal incidence, periodic boundary conditions
are applicable. However, when the angle of incidence is
not normal or the size of the RIS is smaller than 5A,
to avoid the fringing effects, aperiodic boundary conditions
with full structure simulation are required for better accuracy.
Periodic boundary conditions simplify the problem and save
computational resources. On the other hand, full structure
simulation with aperiodic boundary conditions has extremely
high computational complexity.

The key steps of the FWS-E2E modeling approach to

simulate an RIS-assisted IPS are the following:

1) WiFi router modeling: The specifications of the WiFi
router used in the IPS design are used in the antenna
simulation module of the software to calculate its
radiation pattern.

2) Unit cell modeling: The unit cell is designed in CST for
the desired operating frequency. The control element
on the unit cell such as the PIN diode is also modeled,
usually as a lumped element according to specifications
given in the datasheet provided by the manufacturer.

3) RIS modeling: Depending on the number of RIS
elements N and the inter-cell distance, which should be
less than A /2, where X is the wavelength, the unit cells
are arranged in a rectangular planar array to model the
RIS.

4) Indoor space modeling: The indoor space is modeled as
a 3D box made of ‘vacuum’ material. The dimensions
of the box are adjusted according to the size of the
indoor space. The locations of transmit antenna and
RIS are specified in the indoor space.

5) Scatterers and structures modeling: Any significant
scatterers or structures in the indoor space are also
modeled for more realistic indoor spaces.

6) Field monitors placement: We want to observe the
E-field in the indoor space at the frequency of the
considered WiFi router. Therefore, we place E-field
monitors at the desired frequency in the indoor space.

7) RIS configuration selection: The states of all the control
elements on the unit cells in the RIS are set according
to the desired RIS configuration.

8) Simulation running: After loading the desired RIS
configuration, we start the simulation.

9) Received power computation: When the simulation
ends, we get the E-field values at the desired locations
for the specified RIS configuration. We use these values
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to compute the received powers and store them in the
fingerprinting database.

(ﬂ?f‘fi*f*f_f
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FIGURE 2. Screenshot of a simulation setup in CST microwave studio. The
transmit antenna is shown in red, the RIS is shown in yellow, and the box
encloses the entire indoor space. A fine grid of points, populating the
indoor space indicates the field monitors (also called sinks) are not
visible in this figure due to rendering limitations.

In this method, steps 1 — 6 are a one-time modeling effort.
However, steps 7 — 9 are repeated for every desired RIS
configuration. Figure 2 shows a screenshot from a simulation
setup in CST. From an implementation perspective, a mesh is
formed which breaks down the problem so that generalized
solvers can be applied. The size of the mesh depends upon
the fineness of features and the size of the indoor space.
The solvers have the ability to automatically select the best
meshing algorithm. The complexity of the simulation for any
RIS configuration depends on the size of the indoor space.
For example, in one test run with an RIS with 400 unit
cells, there were 3.68 million meshes for 5.5 x 5.5 x 1 m?
(30.25 m? volume) indoor space. However, with the same
RIS, the total number of meshes exceeded 12 million as the
size for the indoor space was increased to 10 x 10 x 1 m?
(100 m? volume).

Overall, the FWS-E2E method is highly accurate and
can be used to simulate any type of source, unit cell, RIS,
and indoor space. However, the computational complexity
increases with the indoor space size. Moreover, the simula-
tions are also repeated for every new RIS configuration.

B. HYBI1-E2E MODELING

In this subsection, we briefly provide an overview of the
HYBI-E2E modeling approach for computing the received
powers in an RIS-assisted IPS design. The complete details of
the underlying expressions to compute the channel response
matrices using circuit and antenna theory are given in [22],
[30], and [31]. This approach models various wireless
links (AP-X, AP-RIS, RIS-X) as distance-dependent mutual
impedances. The unit cell response, mutual coupling among
unit cells, and RIS configurations are also modeled as
appropriate impedances. Let Y; denote the E2E channel
transfer matrix at a grid point X; in the considered indoor
space. The location coordinates of X; are (x;, y;, z;). This
transfer function can be obtained by modeling the direct
channel and the RIS-assisted channel with impedances ZI.AX
(AP-X link) and ZARX (AP-RIS-X link). The impedance
ZARX is represented as

ZARX _ 4RX (Zf"x + Z’“")_l 'k, ()

VOLUME 12, 2024
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where zfX = [ZRX(1),..., ZRW)] e CPV s the
impedance vector between the grid point X; and the unit
cells of the RIS, 2R = [Z4R(1), ..., ZAR(\N))T e cNx!
is the impedance vector between the AP and the unit cells
of the RIS, Z™ e (CN*N s the matrix of self and
mutual impedances between the pairs of unit cells, Z™" =
diag (Z""(1), ..., Z"(N)) e CN*N is a diagonal matrix
containing the tunable impedances of the RIS unit cells and
[x]T denotes the transpose of vector x. The vectors ZRX and
R characterize the propagation of EM waves. The Varlable
ZAR (n) is the impedance between the AP and the n-th unit
cell of the RIS, ZiRX (n) is the mutual impedance between
the n-th unit cell of the RIS and the grid point X;, and
Z™"(n) is the tunable impedance of the n-th unit cell. The
vector z*R and the matrix Z* are computed only once as
they remain the same for every grid point. Moreover, Z/*
reduces to a diagonal matrix if there is no mutual coupling
between the RIS elements. The values of Z™" are adjusted
according to the states of the control elements on the unit
cells to load a new RIS configuration. A big advantage of
this model is considering the mutual coupling among the
unit cells.
The E2E channel transfer matrix Y;(Z™"(n)) (highlighting
the dependence on the RIS configuration) is then written as

Yi(2"" (n))

= ( /LlAXZEAX _ /L;ARXZI_ARX(ZZLM(”))) , 2)

where ) is the so-called mismatch line loss. We have only
one AP, and we assume only one receive antenna, so this
constant simplifies to 1/(4z;), where z; is the impedance
of the AP antenna (typical values of z; are between 50 to
100 2) [30]. It is important to highlight that in the direct
link channel transfer response, we have also modeled the
impact of additional losses through the term L;“X , where
0< LZAX < 1. In a similar way, in the indirect link channel
transfer response, we have included an additional loss term
LARX where 0 < LARX < 1. These loss terms are important
because of the presence of scattering from various objects
in the indoor environment, and their values depend on the
nature of the obstacles between the AP or RIS and various
grid points. For example, when the direct link from the AP to
grid point i is completely blocked, the value of L;“X = 0so
that no power is received from the direct link. On the other
hand, when there is no blocking object between the AP and
grid point i, the value of LAX is equal to 1. The additional
losses can be adjusted depending on the objects and their
locations in the indoor space. Assuming P4 as the power
transmitted by the WiFi router, the received power for a given
RIS configuration at a grid point X; is computed as

P%‘IYB](qun(n)) — PA

3

where |.| denotes the magnitude of a complex number.
In this model, the matrix Z/™ is obtained from a full-wave
simulator. However, the received power for a given location
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and RIS configuration is computed with the help of (3). The
key steps of HYB1-E2E are described as follows:

1) Unit cell modeling: We design the unit cell in a
full-wave simulator as discussed in step 2 of the FWS-
E2E method.

2) RIS and mutual coupling computation: Using the unit
cell designed in step 1, we create an RIS in a full-wave
simulator by arranging the unit cells at the desired
inter-cell spacing in a rectangular array to determine
Z/*_ This is a one-time computation effort for a given
unit cell, RIS size and inter-cell spacing.

3) RIS configuration selection: We select an RIS configu-
ration for which the received powers are required to be
computed.

4) Received power computation: At all the grid points,
we use (3) with Z/™ determined in step 2. Then, we
store the received power values in a fingerprinting
database.

This model is referred to as a hybrid model because we
use a full-wave simulator to determine Z/™. When the
inter-cell spacing is less than A/2, the off-diagonal entries
of Z/™ are non-zero. Unlike the FWS-E2E method, the
complexity of computing the received powers does not
increase exponentially with the indoor space size.

C. HYB2-E2E MODELING

Path loss models for RIS-assisted communication systems are
available in the literature. Using the model developed in [32],
the received power at a grid point X; from the AP-RIS-X link
is given as

ARX 2
PARX _ Li PyGAGxA;
! =t - - - U

1672

Z\/Wy(n) M

DAR(n)DRX (n) @

In this equation, 0 < LZARX < 1 represents the additional
losses on the indirect link, P4 is the transmitted power from
the AP, G4 is the gain of the AP antenna, Gy is the gain
of the receive antenna at grid point X;, A, is the area of the
unit cell, y(n) = |y(n)|eil’”°(”) is the reflection coefficient
of the n-th unit cell that is adjusted to obtain different RIS
configurations, DAR(n) is the distance between the AP and
the n-th unit cell, DfX (n) is the distance between the n-th
unit cell and the grid point X;, and F{°"(n) is the combined
normalized radiation pattern. ;7" (n) is the product of four
radiation responses

Fn) = FA (0% . ¢ ) x F (6*F ), "))
x F (0f i), () x F¥ (6¥ (). ¢¥ ).
®)

where, F4 () is the normalized radiation pattern of the AP
antenna, FX (.) is the normalized radiation pattern of the
receive antenna, F' (.) is the normalized radiation pattern of
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the unit cell, 64 (n) and (pA (n) are the elevation and the azimuth
angles from the AP antenna to the n-th unit cell, 93( (n) and
(plX (n) are the elevation and the azimuth angles from the
receiver at grid point X; to the n-th unit cell, 4% (n) and A% (n)
are the elevation and the azimuth angles from the n-th unit cell
to the AP, and QI-RX (n) and (leX (n) are the elevation and the
azimuth angles from the n-th unit cell to the receiver at grid
point X;. All the angles and distances between the AP and the
unit cells are computed only once. However, the angles and
distances between the unit cells and the receiver change when
a different grid point X; is considered.

Similarly, the received power on the direct link between
the AP and the grid point X; is also computed using the Friis
equation
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where 0 < Lf‘X < 1 represents the additional losses on
the direct link, D?X is the distance between the AP and the
grid point Xj, 6{‘ and (p;“x are the elevation and the azimuth
angles between the AP and the grid point X;, while QiXA and
<piXA are the elevation and the azimuth angles between the grid
point X; and the AP.

The total received power at grid point X; is the sum of the
powers from the direct and the indirect paths

PRy = P+ P (). @

In (7) we have also made the dependence on the RIS
configuration explicit by making the received power at grid
point X; a function of the reflection coefficients y(n) of
the unit cells. Based on (7), we propose an HYB2-E2E
model that utilizes some steps from the FWS-E2E model
in order to improve the overall accuracy of computing the
received power. The key steps of the HYB2-E2E model are
the following:

1) WiFi router modeling: We model the WiFi router in
a full-wave simulator as discussed in step 1 of the
FWS-E2E method to obtain the normalized radiation
FX () at all the elevation and azimuth angles.

2) Unit cell: We design the unit cell in a full-wave simula-
tor as discussed in step 2 of the FWS-E2E method and
determine the normalized radiation response F (.) at all
elevation and azimuth angles.

3) Radiation response computation of receiver: IPS users
generally have different types of devices. Owing to
the diversity of receiving devices, it is challenging to
model the radiation response of the receiver. However,
we can identify some commonly used devices and
simulate their normalized radiation response FX (.) in
a full wave simulator. Alternatively, we can assume an
isotropic receiver for simplicity and set the normalized
radiation response of the receiver to 1 for all the
elevation and azimuth angles.

4) RIS configuration selection: We select an RIS configu-
ration for which the received powers is to be computed.
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5) Received power computation: At all the grid points,
we use (7) with the normalized radiation responses
determined in steps 1 — 3 to compute the received
powers and store them in a fingerprinting database.

This method uses a few steps from the FWS-E2E method to
improve the accuracy. The use of a full-wave simulator to
determine the normalized radiation responses is a one-time
effort for a given AP and unit cell design. After these
radiation responses are obtained, we compute the received
powers using (7). Therefore, unlike the FWS-E2E method,
the complexity of computing the received powers does
not increase exponentially with the size of the indoor

space.
In the literature, the normalized radiation response of
a unit cell is often approximated as F(6,¢) = cos(0).

However, this approximation results in significant errors
in the received power because, in an IPS design, we are
interested in the received powers at several closely spaced
grid points. In Figure 3, we highlight the difference between
the normalized radiation response obtained through full-wave
simulations for a unit cell from the literature that uses 1 PIN
diode [33] and the cos(9) radiation pattern. The difference
between the two curves increases as the elevation angle 6
goes from 0 to /2. The maximum difference between the
two radiation responses is around 35%, which can lead to
significant errors in the received power and hence impact the
performance of the IPS design. The difference between the
two curves can never be completely eliminated but it can be

1
reduced by adjusting the power ¢ of a parametric cos?(6)
radiation response.

i —#—Cos(0)
091 ~ CST data for 1-bit

0 w4 w2
Angle(8)

FIGURE 3. Difference between the normalized radiation response of an
actual a unit cell obtained through full-wave simulations versus the
cos(f) radiation pattern.

IV. SELECTING RIS CONFIGURATIONS FOR IPS DESIGN

In an RIS-assisted IPS design, a new radio map of the indoor
space is generated by changing the RIS configuration. The
total number of radio maps depends on the number of unit
cells on the RIS and the range in which the phases of the
unit cells can be varied. A 100 unit cell RIS with two
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discrete phases per unit cell has 219 different configurations.
Exploring such a large set of RIS configurations for an IPS
design is a challenging task. In this section, we discuss some
methods to identify those RIS configurations that have the
potential of generating interesting radio maps for improving
the performance of an IPS design.

We identify the grid points in the indoor space from
where the localization requests are expected to arrive more
frequently. We collect all such grid points in the set A,
where K denotes the total number of elements in this set.
We determine one RIS configuration for every grid point in
X that maximizes the received power at the particular grid
point. In this way, we generate a total of K radio maps for
the fingerprinting database. The i-th radio map is the one that
utilizes the RIS configuration for maximizing the received
power at the i-th grid point in the set X.

Let P} denote the received power at grid point i. In the
HYBI1-E2E model, the received power changes by adjusting
the tunable impedances of the unit cells, while in HYB2-E2E,
it changes by adjusting the reflection coefficients. However,
in both models, the tunable impedances, as well as the
reflection coefficients, are functions of the phase shifts that
are imposed by the unit cells on the EM waves. Therefore,
to develop a generic optimization problem for both models,
let «, denote the phase shift of the n-th unit cell so that
the received power is represented as P;(a;). The values of
o, are either continuous or discrete depending on the unit
cells used in the RIS design. Therefore, we have two types
of optimization problems:

P1:max: P{(a) 8)

Op

subject to: ¢y, € [&min> ¥max]s VA )]

where, omin > 0 and omin < Omax < 27. In Pl,
the optimization variables can vary in a continuous range.
Therefore, it is a continuous optimization problem. Similarly,
we have a discrete optimization problem P2 as follows:

P2 : max : P} (an) (10)
Up

subject to: o, € {ay, ..., L}, Vn (11
where, ¢&;, VI are the L discrete phase shifts. The minimum
number of discrete phase shifts in P2 is 2 (L = 2) for unit
cells that employ a single PIN diode.

The optimal solution of P1 is determined by taking the
partial derivatives of P;(ct;,) W.r.t. . On the other hand, P2
is more difficult to solve because of the discrete nature of the
optimization variables. For the received power equation in
the HYB1-E2E model (3), iterative and analytical solutions
for P1 can be found in [34]. The algorithm directly optimizes
the values of Z™"(n), Vn. An iterative solution for P1 based
on the gradient update rule is developed next using the total
power in (7) for the HYB2-E2E model. The optimization
variables (c;,) are only in the indirect link power in (4), which
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is rewritten as

N 2
PIRX = B|>" Cimyel™ (12)
n=1
where, B; = W and
VEF ) [y (n)] - a0 a0 o)
Ci(n) = W(z % .
14
The partial derivative of the total power is obtained as
0P (@)
doy,
N
=2B;xIm| |Ci(n)|* + Z CF(n)Ci(m)e/@m=2n) ) Vn,
m=1,m#n
(13)

Using these partial derivatives, we develop the following
iterative algorithm.
1) Randomly initialize all the phases between apmi, and
Omax-
2) Compute all the partial derivatives according to (13).
3) Normalize the partial derivatives:

P! (ap) 1 0P (an)
<« —. , n
dory, o Jday
where, p = max, %(Zl”) .
4) Update all the phases using the gradient update rule:
0P (x
ap <~ oy + 1 l( n)» n

ooy,

where 7 is the learning rate or the step size.

5) Calculate the objective function and repeat steps 2 and
3 until the increment in the received power is less
than some preset threshold or the number of iterations
reaches the maximum value.

This algorithm converges to a locally optimal solution and
returns the phases of the unit cells.

Finding the optimal solution of P2 with discrete opti-
mization variables is more challenging. For this problem,
we use a non-convex optimization technique with the ability
to handle discrete variables such as a Genetic Algorithm
(GA), which provides a sub-optimal solution [35]. We model
the problem so that the GA chromosomes are the predicted
values of the discrete optimization variables. We set a
target value for the received power at the desired grid
point i and then use a fitness function that minimizes the
mean-squared error between the target value and the received
power value from the RIS configuration in each iteration.
Typically, the received power value is high when the phases
are continuously adjusted. Therefore, the received power
obtained from the corresponding P1 optimization problem
can also be used as a target value in the GA fitness function.
According to the operation of a GA controlled through its
hyperparameters, various RIS configurations are tested until
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there is no further reduction in the fitness function or the
number of iterations reaches the maximum. GA can be used
with the received power expressions of both HYB1-E2E and
HYB2-E2E models.

V. SIMULATION RESULTS

We consider a 10 x 10 x 3 m?® room. In the local coordinate
system, the x-coordinate spans the width, the y-coordinate
spans the height, and the z-coordinate spans the length of
the room. A square 40 x 40 unit cell RIS (1600 elements)
with 1/2 inter-cell spacing is assumed to be placed in the
x-y plane at the center of the wall. Moreover, the center
of the RIS is assumed to be the origin of the considered
local coordinate system. Only one WiFi router operating at
5.2 GHz is in the room, and its location coordinates are
(5, 3,5). The transmit power of the WiFi router is 1 W,
and for simplicity, we assume an omnidirectional antenna.
To develop a fingerprinting database for an IPS, the entire
room is divided into a grid with a uniform spacing of 0.5 m in
each dimension. The received power values, unless otherwise
specified, are always computed at the grid points located on
an receiver plane whose center lies at a distance of z, from the
origin. This plane has a total of 147 grid points. We assume
LAY = 0, Vi (no direct link) and L*X = 1, Vi (no additional
losses on the indirect link). We also assume that the receiver
does not utilize directive antennas.

For the continuous case, in both the hybrid models,
we assume that the phases of all the unit cells on the RIS
are continuously varied between [0, 27). As for HYB1-E2E,
the values of various parameters are taken from [34]. As
for HYB2-E2E, we assume that the normalized radiation
response of the unit cell is cos%(Q), where 6 represents the
elevation angle, while the variations due to the changes in
the azimuth angle are assumed to be negligible. For the
discrete case, we use a 1-bit unit design proposed in [33].
The unit cell produces a 180° phase difference between
the two diode states. The PIN diode is modeled using
the lumped element method, and its impedance in the ON
and OFF state is computed as 0.8 + j22.87 and —64.57],
respectively. A 40 x 40 unit cell RIS is designed in CST
to compute the self and mutual coupling effects, which are
collected in Z/™. The mutual coupling is strong among the
neighboring unit cells, which results in a sparse matrix with
the off-diagonal entries approaching zero as we move away
from the diagonal elements in either direction. Similarly,
we obtain the normalized radiation response denoted as
F{°"(n) for HYB2-E2E by using CST. This simulation begins
by emitting a signal from the WiFi router located inside
the room, which then interacts with the RIS. A controller
adjusts the phases of the RIS unit cells to generate the best
configuration for maximizing the signal reception at the target
point based on the considered models. We find the best
RIS configuration that maximizes the received power at the
(5, 1.5, 5) grid point from where we expect to receive a higher
number of localization requests. In Figure 4, we plot the heat
maps of the normalized powers (dB) in the receiver plane
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at zz = 5 for HYBI-E2E and HYB2-E2E, respectively.
The target grid point (5, 1.5, 5) is shown at the bottom right
corner of the plane. In both cases, the algorithms clearly
maximize the received power at the target location. The
received powers at all the other grid points on the plane
are then computed using the tunable impedance values and
RIS configuration that maximizes the received power at
the target location. These computations are made with the
analytical equations and saved in the fingerprinting database
along with other relevant metadata. For the discrete case,
we use the GA function in MATLAB with default parameters.
The target grid point is the same, i.e., (5, 1.5,5). In the
considered case study, the GA terminates and manages to
find a good quality solution for HYB1-E2E and HYB2-
E2E. Using the RIS configuration (diode ON/OFF states
on each unit cell) obtained from the GA, we compute the
received power at all the grid points on a plane located at
z = 5 m from the RIS center. We normalize the powers
and plot them as heat maps in Figures. 4c and 4d. In all the
heat maps presented in Figure 4, the RSS is the strongest
at the target grid point. The proposed algorithms are able
to concentrate a large amount of power at the desired grid
point.

In order to quantify the ability of various algorithms to
concentrate power at the desired grid point, we define a metric
called power ratio (PR). The PR is defined as the percentage
(%) of total power in the receiving plane that is directed at the
target grid point, i.e.,

P tar

PR = x 100

sum

where Py, is the power at the target point and Py, is the
total power in the receiving plane. For the heat maps shown
in Figure 4 the PRs in the continuous case for HYB1-E2E
and HYB2-E2E are 79.59% and 85.66% respectively. On the
other hand, in the discrete case, the PRs for HYB1-E2E and
HYB2-E2E are 23.71% and 40.02% respectively. The PR for
the discrete cases may be further improved by using unit cells
that provide more discrete states.

VI. EXPERIMENTAL RESULTS & COMPLEXITY
COMPARISON

A. EXPERIMENTAL RESULTS

In this section, we present some experimental results. These
results are obtained with the help of a manufactured 1-
bit (discrete) RIS. The RIS consists of a total of 756 unit
cells arranged in a 28 x 27 rectangular arrangement. Further
details about the RIS can be found in [36]. We carried
out the experiments in the Microwave laboratory at Lahore
University, Pakistan. The dimensions of the experimental area
are 3 x 2 x 2 m>. The complete setup consisting of two
universal software radio peripherals (USRPs), two identical
horn antennas operating at 5.2 GHz (one as a transmitter and
the other as a receiver) and the two computers is shown in
Figure 5. The origin of the local coordinate system is assumed
to be the center of the RIS. In this coordinate system, the

VOLUME 12, 2024



A. Javed et al.: Fingerprinting Database Development Methods

IEEE Access

HYB1-E2E (Continouse case)

4

I 10

-20

-0.5

-25

Y Coordinate
o

-30
0.5
-35

45
1.5
-50
N LN
5,5 2o® D205 D0 N D OO N6 Yo B0 %16 b

o
X Coordinate

HYB2-E2E (Continouse case)

Y Coordinate

N N
5,9 2o D00 D0 ND O N6 UgS B0 %6 ©

9
X Coordinate

(a) HYB1-E2E Model: Received power heat map for the contin- (b) HYB2-E2E Model: Received power heat map for the contin-

uous optimization problem

HYB1-E2E (Discrete case)

-20

Y Coordinate

-25

-30

-35

o kD

i 00 M0 NP OB N6 U6 B8 X6 B

P
X Coordinate

(c) HYB1-E2E Model: Received power heat map for the discrete

uous optimization problem

HYB2-E2E (Discrete case)

Y Coordinate

I 8
|

02 0P M e 20 X o @

X Coordinate

ha)

PRI

optimization problem (in CST, a 1-bit unit cell, [35], exhibits (d) HYB2-E2E Model: Received power heat map for the discrete
a self-impedance of 75.367 and a mutual impedance of around optimization problem

1.309 with neighboring cells.)

FIGURE 4. Received power in an x-y plane at z; = 5 m from RIS center. The target grid point is (5, 1.5, 5), located in the bottom right corner where

the power is maximized.

transmitter (Tx) is located at (—1, 0, 0.5). It should be noted
that there are also some additional power losses in various
cables and measurement equipment. These losses are deter-
mined to be 29.76 dB using the calibration method described
in [32].

The target grid point where we intend to maximize the
power is located at (1.5, 0, 2). At this point, we place the
Rx horn antenna. For HYB1-E2E and HYB2-E2E, we run
the GA and obtain the RIS configurations that maximize the
power at the target grid point. Using these configurations
we also compute the power values at multiple grid points
with the help of the considered hybrid models, and then
add the losses in the simulated values. We then load the
RIS configuration obtained from HYBI1-E2E in the RIS
controller and experimentally measure the actual power
value at the target grid point. The USRPs serve as the
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hardware interface for both transmitting and receiving radio
signals. The transmitter USRP generates a radio signal
that is then emitted through its connected horn antenna,
operating at a frequency of 5.2 GHz. The emitted signal
interacts with the RIS, which is strategically positioned
within the environment. The RIS, controlled via a controller,
is configured to manipulate the phase and hence the direction
of the incoming signal to optimize its path towards the
receiver. This optimization is based on the RIS configurations
determined by the GA, aiming to maximize the signal
reception at the target grid point. Once the signal is reflected
and manipulated by the RIS, it is captured by the receiver horn
antenna placed at the specified grid point. The receiver USRP,
connected to this antenna, then processes the received signal
to measure its power. By manually moving the Rx antenna
and measuring the power at multiple grid points, we explore
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FIGURE 5. Experimental setup. We have a 28 x 27 rectangular RIS, two horn antennas at 5.2 GHz, two USRPs and two computers.

The experimental area is 3 x 2x2 m3.

the spatial effectiveness of the optimized RIS configurations.
After completing the measurements with the configuration
from HYB1-E2E, we switch to the configuration obtained
from HYB2-E2E and repeat the measurement process. This
procedure yields two sets of experimental measurements and
two sets of simulated measurements for each considered
hybrid model, providing a comprehensive dataset to evaluate
the performance of RIS-assisted signal enhancement in the
considered experimental setup.

The measured and simulated RSS values are plotted in
Figure 6. In these figures, we have not normalized the RSS
values. We observe that the optimized RIS configurations
are different for the two considered models, therefore the
RSS values are also different. However, in both cases, the
algorithms are able to maximize the power at the target grid
point. The difference between the simulated and the experi-
mental values is also small. The PR obtained at the target grid
point is more than 50% even in the experimental results for
both hybrid models. Interestingly, the RSS values at all the
other grid points are almost 8 to 10 dB lower than the RSS
value at the target grid point, which facilitates localization.
Therefore, we can easily generate a set of RIS configurations
with the proposed algorithms and then use the hybrid models
to create the radio maps and quickly develop a fingerprinting
database.

B. COMPLEXITY COMPARISON
These experiments are also helpful in quantifying the
complexity of an RF measurement campaign for developing
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a fingerprinting database for an RIS-assisted IPS. In the
considered experiments, we took the actual measurements
at the grid points for a given RIS configuration. For
these measurements, we first adjusted the RIS configuration
through an RIS controller and then measured the received
power at each grid point. In the generic case, if we assume
that B minutes are required to measure the power with
a physical device at one grid point, then LS minutes are
needed to cover a region (plane or room) divided into L
grid points. We repeat the process for K RIS configurations.
Therefore, assuming the time to switch an RIS configuration
is negligible, we still require LK 8 minutes for manual site
surveying. In our experiments, it took 5 minutes to record
the RSS from one grid point and then accurately move on
to the next grid point. Therefore, in a plane with L = 147 and
B = 5, the total time becomes 735 minutes or 12.25 hours.
Assuming 147 RIS configurations (one per grid point), the
time complexity becomes 1800 hours which is equal to
75 days.

The FWS-E2E modeling approach is also time consuming
and computational-intensive. In Figure 7 we present the
total time and total meshes estimated by CST to determine
the received power for different room volumes (m3) on a
Core i5 laptop. In these simulations, we assumed an RIS
with 16 unit cells. The estimated time to complete the
simulations increased from millions of hours to billions of
hours as we increased the room volume from 0.07 m? to
300 m3. Generally, full-wave simulations are performed on
server machines with huge computing power that reduces the
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FIGURE 6. Received power heat maps obtained from simulations and hardware experiments for the two hybrid models according to the

layout of the experimental setup. The target grid point is (1.5, 0, 2).
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FIGURE 7. Complexity of the FWS-E2E model. The number of meshes and
simulation time in hours estimated by the CST on a Core i5 laptop for
different room volumes.

simulation time to few weeks. It is obvious that despite being
computational-intensive, the FWS-E2E method still provides
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several benefits over the labor-intensive RF measurement
campaign.

Finally, the complexity of obtaining the values of the
received power from the hybrid models is extremely small
compared to the FWS-E2E model and the RF measurement
campaign. In the discrete case, the time required to find the
self and mutual impedance among the unit cells in CST for
the 1-bit discrete RIS is approximately 150 hours on a dual
Intel Xeon gold 6240 processor. However, it is a one-time
computational effort for a given RIS and does not change
with the RIS configurations. On the other hand, it took us
less than 10 minutes to find the radiation response of the unit
cell in CST. Once we have the required CST data, we first
run the chosen algorithm after fixing a target grid point and
then determine the RIS configuration. After finding the RIS
configuration, the power at all the grid points in the plane can
be determined in few minutes even on an ordinary core i5
machine.

We want to point out that the RIS configuration obtained
form the simulations is also required for manual the site
surveying and FWS-E2E approaches. Therefore, the time
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required to find the best RIS configurations is the same
in all the cases. However, the hybrid models drastically
reduce the effort required for computing the power values
in the indoor space. The complexity of the hybrid methods
also scales favorably with the increase in the indoor space
volume. Therefore, the hybrid methods can be used to
develop a fingerprinting database for an RIS-assisted IPS.
Moreover, the algorithms to find the best RIS configurations
reduce the total number of configurations needed to achieve
high localization accuracy. Overall, this paper establishes
a foundational framework for RIS-assisted IPS, focusing
on optimizing the phase shifts of RIS unit cells and
utilizing E2E propagation models to minimize the time and
cost complexities associated with IPS. This groundwork
lays the foundation for future advancements by developing
effective RIS configurations for precise user localization.
The localization algorithms and experimental evaluation of
localization error are left as a follow-up work.

VII. CONCLUSION

In this paper, we presented fingerprinting database devel-
opment methods for RIS-assisted IPS. The algorithms to
determine the best RIS configurations for achieving high
localization accuracy were also discussed. The proposed
algorithms were able to focus a large amount of power at
the desired grid point. A fingerprinting database of such RIS
configurations can be developed with the help of the proposed
hybrid models in an efficient and scalable manner. We also
built a 28 x 27 unit cell RIS and used it to measure the actual
RSS values for the RIS configurations obtained from the
two hybrid models. We observed a small difference between
the simulated and the measured RSS values for both the
models. The RSS value at the target grid point was almost
10 dB higher than the rest of the grid points in the obtained
experimental results. Therefore, the hybrid models and the
algorithms to determine the best RIS configurations can be
used for developing a fingerprinting database for RIS-assisted
IPS in a scalable way.
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