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Abstract—In this paper, we propose a novel framework that
aims to jointly design the reflection coefficients of multiple
reconfigurable intelligent surfaces and the precoding strategy of
a single base station (BS) to optimize the self-tracking of the
position and the velocity of a single multi-antenna user equipment
(UE) that moves either in the far- or near-field region. Differently
from the literature, and to keep the overall complexity affordable,
we assume that RIS optimization is performed less frequently
than localization and precoding adaptation. The proposed pro-
cedure leads to minimize the inverse of the received power
in the UE position uncertainty area between two subsequent
optimization steps. The optimal RIS and precoder strategy is
compared with the classic beam focusing strategy and with a
scheme that maximizes the communication rate. It is shown that
if the RISs are optimized for communications, their configuration
is suboptimal when used for tracking purposes. Numerical results
show that in typical indoor environments with only one BS and a
few RISs operating on millimeter waves, high location accuracy
in the range of less than half a meter can be achieved.

Index Terms—Reconfigurable intelligent surfaces, Bayesian
tracking, MIMO, optimization.

I. INTRODUCTION

LOCATION awareness is an essential feature of sixth-
generation cellular communication systems as high-

accuracy positioning facilitates low latency and reliable
wireless communications, also in indoor or GNSS-deprived
environments [1]. Indeed, in harsh electromagnetic (EM)
environments achieving high positioning accuracy is a
challenging task due to the presence of multipath, cluttering,
and non-line-of-sight (NLOS) propagation [2]. Traditional
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solutions to address this issue include the deployment of
numerous BSs and the use of advanced signal processing
techniques [3] while lower complexity alternatives include
passive relays typically made of a single non reconfigurable
antenna. More recently, the introduction of intelligent surfaces
(ISs), either in active or reflective mode, has been welcomed as
a game-changer low-power technology to realize smart radio
environments [4]. Thanks to their capability to control the
amplitude and phase of the impinging wavefront, RISs can be
used to enhance communication performance by focusing the
power on interested UEs and by enabling higher data rates [5],
[6], [7], [8], [9]. At the same time, thanks to the possibility of
constructing such surfaces with large physical apertures that
enable an increased angular resolution, they also improve the
accuracy of localization systems [10], [11], [12], [13], [14],
[15], [16].

The potential benefits of integrating RISs into localization
systems have been investigated in several papers. For exam-
ple, in [17], a single-input single-output (SISO) Orthogonal
Frequency Division Multiplexing (OFDM) downlink scenario
with a RIS in a far-field regime is analyzed from communi-
cation and localization perspective. Similarly, the authors in
[10] derive Cramér-Rao lower bound (CRLB) on positioning
accuracy in a downlink scenario, highlighting the benefits of
employing RISs in far-field over methods that merely utilize
the environment’s natural scattering. Instead, the authors in
[11] explore the localization performance limits for an uplink
multiple-input multiple-output (MIMO) system operating us-
ing near-field propagation models, valid for limited distances,
demonstrating the improvement in localization accuracy when
a single RIS is present. In [14], the impact of an EM lens
on near-field positioning performance is investigated through
a maximum likelihood estimation analysis, whereas, in [13],
the problem of single-anchor localization assisted by RIS is
considered for applications characterized by frequent NLOS
conditions. Additional practical RIS-aided localization algo-
rithms can be found in [12], [18], [19].

The localization and communication performance severely
relies on the design and control of RISs. In this regard, a rich
literature is available for optimizing RIS-aided communications
under different channel state information (CSI) and/or prior
localization knowledge [20], [21], [22]. However it should be
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noted that RIS optimization schemes designed to improve com-
munications are not necessarily optimal or effective to increase
localization accuracy because the respective performance indi-
cators (e.g., the achievable rate vs. position error bound) depend
differently on RIS configuration, channel characteristics, and
geometry. Fewer results on RIS optimization dedicated to local-
ization are available. In particular, [23] develops a method for
the computation of the UE position through multiple RISs that
are alternatively enabled and tuned using a localization-based
cost function. The overall problem is expressed as an iterative
procedure during which a minimum distance criterion is used
to activate a specific RIS and to estimate the UE position. In
[24], the authors present a RIS design method based on optimiz-
ing a closed-form position error bound (PEB) in the presence
of NLOS and considering practical hardware constraints. In
[25], a worst-case localization design is proposed based on
the minimization of the squared PEB. In [26], an optimization
problem for RIS localization and transmit power minimization
is presented both for the case of single and multiple targets,
using the CRLB and the semidefinite release method for the
power optimization problem.

Recently, the localization and communication tasks have
been addressed jointly. Along this direction, the paper [27]
considers the localization statistics, determined using the Fisher
Information Matrix (FIM) of the observation model, and pro-
poses a new framework for integrated localization and commu-
nication. Therefore, the subsequent RIS configurations are fixed
along a location coherence interval, while the BS precoders
are optimized at each channel coherence interval. In [28], a
joint communication and localization approach is presented,
in which the RIS is designed to maximize the average rate
by taking advantage of a RIS-aided tracking procedure. The
problem of jointly designing localization and communication is
also tackled in [29], where a hierarchical codebook for the RIS
phase profile is proposed to enable adaptive bisection search
over the angular space.

Most of the existing works entailing RIS-aided localiza-
tion consider snapshot positioning in the far-field region [2],
[11], [12], [13], [23], [26], [29]. In contrast, only a few works
consider the UE tracking problem. Among them, in [30],
a multiple-antenna BS estimates the position of a multiple-
antenna UE and tracks its trajectory through a message-passing
algorithm that infers the UE position starting from the estimated
angle-of-arrivals. Such an observation model is applicable when
the system operates in the far-field and only bearing information
can be retrieved to infer the UE position. Moreover, two-step
positioning approaches starting from intermediate parameters,
e.g., AOAs, are suboptimal with respect to direct algorithms
and require a proper characterization of the measurement statis-
tics. In the algorithm proposed in [30], both the BS and the
RIS design are optimized to minimize the Bayesian CRLB.
However, the RIS optimization, designed to focus the reflected
power towards the position estimate, does not consider the UE
uncertainty area. Moreover, the authors assume that, at each
time step and whenever a new position estimate is available,
the transmission parameters are optimized, leading to higher
system latency and signaling overheads. In general, better

localization performance can be achieved by directional beam-
forming on the BS side, provided that it is equipped with many
antennas and, for the optimal result, that there exists a prior
UE location information [31]. Hence, to increase the system
degrees of freedom in a RIS-aided environment, the optimiza-
tion process may involve the joint design of BS precoder and
RIS profiles, as it happens in [30]. However, considering that
most applications require a high localization update during the
tracking process (e.g., 10-100Hz refresh rate), it is obvious
that the optimization of the RIS at the same rates of location
update and precoder optimization could be demanding. From
the literature, it is well known that performing frequent RIS
optimization through channel estimation would pose severe
issues in terms of signaling overhead, complexity, latency, and
technology. Hence, different works have tackled the problem
through a two-time scale approach, e.g., [32], [33], [34]. In light
of these considerations, in this paper, we will consider two-
timescale solutions that guarantee reliable tracking with signif-
icant reduction of RIS reconfiguration rates in the presence of
NLOS conditions between the BS and the UE, leveraging the
opportunities of near-field propagation.

A. Notation

Scalar variables, vectors, and matrices are represented with
lower letters, lower bold letters, and capital bold letters, re-
spectively (e.g., x, x, and X). The symbols (·)T , (·)H , and
(·)−1 represent the transpose, conjugate transpose, and inverse
operators of their arguments, respectively. We use t for discrete
temporal indexing, i, r for BS and UE antenna indexing, k is
the index for indicating a generic RIS and p refers to a single
radiating element of a RIS. The notation xa|b indicates the
value of a vector x at time instant a estimated by considering
the measurements collected up to time instant b. For example,
xt|t−1 is the value of x predicted at time instant t− 1 for the
next time instant t, whereas, once a new measurement becomes
available at t, this value is updated to xt|t. We denote with fx(x)
the probability density function of the random vector x, and
with Ex its expectation. The symbol Θ= (θ, φ) includes both
the elevation and azimuth angles.

II. MAIN CONTRIBUTIONS

To overcome the limitations present in the literature, in this
work, for the first time, we study a two-time scale joint opti-
mization problem for the BS precoder and the RISs reflection
coefficients in a single-UE MIMO scenario where a moving
UE, either in the far- or near-field, estimates its trajectory us-
ing multiple RISs. The main novelty of our work lies in the
RIS optimization procedure that is performed to minimize the
tracking error in an uncertainty area that accounts for position
uncertainty between two subsequent RIS optimization steps.
As a result, rather than maximizing the energy towards the
instantaneous UE position, as commonly done, the RIS opti-
mization process leads to minimizing the inverse of the received
power within the UE uncertainty area. Moreover, differently
from the literature, the overall complexity is kept affordable,
assuming that RIS optimization is performed less frequently
than localization and precoding adaptation. Nonetheless, this
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optimization accounts for the trajectory prediction within a
finite time horizon, encompassing the period until the next
optimization step. This approach avoids the so-called deafness
problem caused by a loss of tracking due to the narrow beams
that would occur using a conventional RIS optimization.

Toward this aim, the main proposed strategies are summa-
rized in the following.

• A novel observation model is introduced for the extended
Kalman filter (EKF) tracking process by considering a
near-field narrowband signal model and direct positioning.
Such an observation model effectively mitigates strong
non-linearities caused by phase periodicity, and avoids the
synchronization issues without affecting the localization
accuracy.

• By leveraging Block Diagonalization (BD) beamform-
ing, we propose a pilot-based precoding method aimed at
transmitting separated weighted beams toward the RISs,
capable of removing both the cross-RIS interference at
the UE and the contribution of the direct BS-UE NLOS
connection, notoriously detrimental for localization.

• The joint optimization problem for the transmission pa-
rameters based on the definition of the mean squared er-
ror (MSE) of the position estimate is recast into a more
straightforward form that enables to separate optimization
of the RISs phase profiles and the precoders through an
iterative block coordinate descent (BCD) algorithm that
provides a local optimum. To enable a two-timescale RIS
optimization and localization update, the motion model
and the UE estimated position are accounted for through a
Gaussian Mixture Model-like approach that evaluates the
RIS optimization uncertainty area.

• The BS precoders aims at finding the optimal weights
for the transmitting beams. Hence, by following the same
MSE minimization approach as for RIS optimization, we
found that the optimal power allocation for tracking en-
sures a fair distribution of the power among the different
RISs so that the spatial diversity, beneficial for localiza-
tion, is preserved.

Through the proposed approach, in the numerical results, it
is shown that in a typical millimeter-wave indoor scenario, a
UE can be tracked with high accuracy with a single BS and
few RISs, differently from other existing works that entail the
use of many BSs to achieve the 5G positioning requirements.
Furthermore, it is confirmed that the conventional strategy of fo-
cusing, commonly employed for RIS configuration in the near-
field regime, is not the optimal approach for tracking purposes
and that the RIS and precoder optimization process tailored
for tracking differs from the methods studied in the literature
for communication that might lead to suboptimal performance
when dealing with UE tracking.

III. PROBLEM FORMULATION AND SYSTEM GEOMETRY

A. Localization Scenario and Geometry

We consider a localization and communication scenario in
which a single UE in position pRX ∈ R

3 moves in the envi-
ronment and localizes itself by processing the received signals

sent by a single BS in pTX ∈ R
3 and reflected by multiple

RISs. Either the UE and the BS are equipped with multiple
antennas. We denote by pRX,r ∈ R

3 and pTX,i ∈ R
3, respec-

tively, the positions of the rth antenna on the UE side, with
r ∈R� {0, 1, . . . , NRX − 1}, and the ith antenna on the BS
side, with i ∈ T � {0, 1, . . . , NTX − 1}. In the following, for
simplicity, we denote pRX,0 = pRX and pTX,0 = pTX. The con-
sidered scenario is also characterized by K large RISs, each
of them comprising P unit cells. Consequently each RIS cell
position is indicated as pk,p ∈ R

3, k ∈ K � {1, 2, . . . ,K} and
p ∈ P � {0, 1, . . . , P − 1}.

Let define the direction vector as

a (θ, φ) = [sin(θ) cos(φ), sin(θ) sin(φ), cos(θ)]
T
, (1)

where θ and φ are the elevation (measured from the z-axis to the
(x, y)−plane) and azimuth (measured from the x-axis) angles.
Then, considering the BS as the center of the coordinate system,
for each S ∈ {TX,RX, k} and for each corresponding antenna
index s ∈ {i, r, p}, we can indicate the antenna coordinates of
each array as

pS,s = [xS,s, yS,s, zS,s]
T = pTX + dS,s a (θS,s, φS,s) , (2)

where dS,s = ‖pS,s − p TX‖2 is the distance from the BS,
and φS,s = atan ((yS,s − yTX)/(xS,s − xTX)),1 and θS,s =
acos ((zS,s − z TX)/dS,s) are the azimuth and elevation angles.2

Starting from (2), the distance between the ith antenna of the
BS and the pth element of the kth RIS is given by3

dk,p,i = ‖pi − pk,p‖2 =
{
d2i + d2k,p − 2 di dk,p [sin(θi) ·

× sin(θk,p) cos(φi − φk,p) + cos(θi) cos(θk,p)]}1/2
(3)

where {di, θi, φi} are the spherical coordinates of the generic
ith transmitting antenna, as defined above. Analogously, we
indicate the angle between the ith antenna of the BS and the pth
element of the kth RIS as Θk,p,i = (θk,p,i, φk,p,i) [20]. dk,r,p
and Θk,r,p are computed in a similar manner for every kth RIS-
UE antenna couple. Next, we consider that the BS and RIS an-
tenna coordinates and array orientation are known. By contrast,
the position of the UE is unknown, whereas its orientation is
considered known (e.g., estimated by onboard sensors such as
compass and gyroscopes [35], [36]). In the numerical results,
we will show the impact of orientation residual errors in the sys-
tem performance. An example of the used localization and com-
munication scenario and its geometry is reported in Fig. 1. From
[13], [20] the local reflection coefficient of a unit cell of RIS
can be written as rk,r,p,i =Gce

jΨk,p
√
F (Θk,p,i)F (Θk,r,p),

where Gc is the gain of the unit-cell and ejΨk,p is the phase
shift applied to the pth element of the kth RIS. F (Θ) denotes
the normalized power radiation pattern of each unit cell, which
is frequency-independent within the bandwidth of interest and

1The operator atan corresponds to the four-quadrant inverse tangent.
2In the next, the subscripts RX and TX are omitted and {pr, dr, θr, φr}

and {pi, di, θi, φi} are used instead.
3In the sequel, we indicate dRX,TX � ‖pRX − pTX‖, dr,i �∥

∥pRX,r − pTX,i

∥
∥, dk,TX � ‖pk − pTX‖, and dRX,k � ‖pRX − pk‖ .
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Fig. 1. Joint user tracking and communication scenario.

modeled as an exponential-Lambertian radiation pattern with
parameter q as

F (Θ) =

{
cosq (θ) , θ ∈ [0, π/2] , φ ∈ [0, 2π]
0, otherwise

. (4)

B. Pilot Signal Model

In the following, we describe the proposed pilot-based
method for localization and derive the corresponding signal
models. The proposed method aims to isolate the contribution
of the different RISs at the UE receiver and eliminate the con-
tribution of the direct BS-UE channel since, in many cases, it is
a NLOS contribution that does not contain useful information
for localization. The BS pilot signal is

X= FQ ∈ C
NTX×L, (5)

where Q= [q1, . . . ,qK ]H ∈ C
K×L contains K sequences of

unitary envelope orthogonal pilot signals, i.e. |qk,l| = 1,
qH
k qm = Lδk,m, with qk ∈ C

L×1, L≥K being the length
of the pilot sequence.4 The precoding matrix is indicated as
F= [f1, . . . , fK ] ∈ C

NTX×K and each columns fk = {fi,k} ∈
C

NTX×1, k ∈ K, is the precoding vector for the kth RIS. The
overall received signal at the UE, Y ∈ C

NRX×L, is [11], [20]

Y =HX+

K∑

k=1

BkCkGkX+N�HX+

K∑

k=1

Zk +N,

(6)

where H= {hr,i} ∈ C
NRX×NTX is the direct BS-UE chan-

nel matrix, Bk = {bk,r,p} ∈ C
NRX×P is the channel ma-

trix between the kth RIS and the UE, Gk = {gk,p,i} ∈
C

P×NTX is the channel matrix between the BS and the

4More precisely, L=K is the minimum pilot length to obtain orthogonal-
ity, although a higher L can also be considered to reduce the overall noise of
the received signal at the expense of communication overhead.

kth RIS, Ck = diag (ck,1, . . . , ck,p, . . . , ck,P ) = diag (ck) ∈
C

P×P contains the RISs responses, and N ∈ C
NRX×L repre-

sents the additive white Gaussian noise sequences with variance
σ2. For the communication system, it is assumed NTX ≥NRX.
The generic RIS coefficient {ck,p} , p ∈ P, k ∈ K, denotes the
normalized reflection coefficient of the pth element of the kth
RIS, i.e., ck,p = ejΨk,p . Hence, the channel components are
modeled as

hr,i =

√
κh

κh + 1
γr,i e

(−j 2π
λ dr,i) +

√
1

κh + 1
βr,i, (7)

gk,p,i = ρk,p,i e
(−j 2π

λ dk,p,i), (8)

bk,r,p =

√
κb

κb + 1
ρk,r,p e

(−j 2π
λ dk,r,p) +

√
1

κb + 1
αk,r,p, (9)

where γr,i � λ
4π

√
GiGr

dRX,TX
, ρk,p,i � λ

4π

√
Gi Gc F (Θk,p,i)

dk,TX
, ρk,r,p �

λ
4π

√
Gr Gc F (Θk,r,p)

dRX,k
are the channel amplitude of the line-of-

sight (LOS) components, κh ≥ 0 and κb ≥ 0 are the Ricean
factors for the direct BS-UE and RIS-UE links, respectively,
αk,r,p ∼ CN (0, ρ2k,r,p) and βr,i ∼ CN (0, γ2

r,i) denote the ran-
dom complex fading coefficients of the NLOS component [37].
ρk,r,p, ρk,p,i, and γr,i represent the compact notation of the
amplitude channel coefficients (except for the Ricean factor
terms), λ is the wavelength, Gi is the gain of a single antenna
element from BS, Gr is the gain of a single antenna element
from UE, and Gc is the gain of a RIS unit cell.5 In accordance
to [38], we assume a LOS channel between the BS and the RIS
which is a realistic condition of most practical scenarios. The
received signal is then projected over each pilot sequence qk to
get the contribution of the kth RIS, as

yk =
1

L
Yqk =

K∑

l=1

BlClGlfk +Hfk +
1

L
Nqk

= zk + nk ∈ C
NRX×1, (10)

where zk �BkCkGkfk represents the useful part of the re-
ceived signal with respect to the kth RIS, nk =

∑K
l=1,l �=k zl +

Hfk + n′
k is the noise plus interference terms, and n′

k � 1
LNqk

is the AWGN noise term after correlation with the pilot se-
quence where each element has a power of σ2/L, with L being
the pilot sequence length.

C. Block Diagonalization Precoding

The goal of the proposed precoding strategy is to maximize
the received energy while eliminating interference to the kth
received signal in (10) due to the presence of the direct BS-UE
channel and the other RISs.6 In this case,

∑K
l=1,l �=k zl � 0 and

5According to the observation model entailed for this work (see Section
IV-B) we can directly neglect BS-UE synchronization errors since they will
not influence the algorithm performance.

6This goal can be achieved by placing the RISs at a certain height above
the ground and at a sufficient distance from each other so that they receive
energy only from the intended beam. Optimal RISs placement is beyond the
scope of this work and has already been studied in [10], [39] for localization-
based applications. In our settings, RIS placement for simulations is chosen
to ensure model assumptions.
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Hfk � 0. Indeed, NLOS conditions occur frequently in the di-
rect BS-UE link in practical wireless communication scenarios.
Moreover, this is the situation where the RISs can provide the
greatest benefits. Therefore, in our work, we assume that the
LOS component of the BS-UE signal is blocked, i.e., the BS-
UE link only results in NLOS propagation, which is not useful
for localization. Under these NLOS conditions, localization is
indeed very difficult and subject to serious errors, [40], [41], and
therefore the direct BS-UE connection is not considered in our
localization scheme. Given a scenario with multiple antennas
on the BS, this condition can be exactly satisfied by using
BD beamforming. This procedure, commonly used to suppress
interference between different UEs [42], aims to orthogonalize
the available channels by projecting the transmitted signal for
the kth RIS into the null space of its interference. To elab-
orate, we introduce the kth RIS interference channel matrix
G̃k ∈ C

α̃×NTX as

G̃k =
[
GT

1 , . . . , GT
k−1, GT

k+1, . . . ,GT
K , HT

]T
, (11)

with α̃=NRX + (K − 1)P . Applying the Singular Value De-
composition (SVD) it is possible to rewrite the matrix as

G̃k = ŨkΛ̃kṼ
H

k . (12)

Denoting by p̃� rank(Λ̃k), we can write Ṽk = [Ṽ
(1)

k , Ṽ
(0)

k ],

where Ṽ
(1)

k ∈ C
NTX×p̃ and Ṽ

(0)

k ∈ C
NTX×NTX−p̃ spans the null

space of G̃k. Specifically, the precoding vector fk is designed as

fk = Ṽ
(0)

k f̄k such that Glfk = 0, for l �= k and Hfk = 0, i.e., the
inter-RIS and direct link interferences are completely removed
in (10). As for f̄k, it represents the precoding vector of an
equivalent MIMO channel with NTX − p̃ antennas, transmitting

over the equivalent channel Ḡk = GkṼ
(0)

k ∈ C
P×(NTX−p̃), and

can be designed by classical beamforming techniques. To elab-
orate, we denote by v̄

(0)
k the first right singular vector of the

SVD decomposition of Ḡk, which corresponds to its optimal
beamforming vector. The normalized beamforming vector v(0)

k

for Gk can be expressed as follows

v
(0)
k = Ṽ

(0)

k v̄
(0)
k /‖Ṽ

(0)

k v̄
(0)
k ‖. (13)

Thus, if we denote by β2
k the power budget allocated at the BS

for the kth RIS, we have

fk = βkv
(0)
k . (14)

It is worth noting that the BD method reduces the number of
equivalent antennas available at the BS for each RIS, thus, limit-
ing the beamforming gain. However, if the RISs are at a certain
height and sufficiently spaced, this effect may be negligible. As
a result of the interference elimination, the received signal from
the kth RIS can be expressed as

yk,r =

√
κb

κb + 1

NTX−1∑

i=0

fi,k

P−1∑

p=0

ρk,p,i ρk,r,p ck,p e
−j 2π

λ dk,r,p,i

+ nk,r = ak,r + nk,r, (15)

with dk,r,p,i � dk,p,i + dk,r,p. The noise nk,r includes
the AWGN noise and the multipath components after

correlation with the pilot signal and can be expressed
as nk,r ∼ CN

(
0, σ2

k,r

)
= CN

(
0, σ2

L + 1
κb+1

∑P−1
p=0 ρ2k,r,p

)
.

In most practical situations, the dimension of the UE antenna
system is small compared to the distance to the RIS, we
can assume that the same power is received at the different
UE antennas, i.e., ρk,r,p = ρk,p, ∀r ∈R. Accordingly, we
have the same noise variance at the different antennas, i.e.,
nk,r ∼ CN

(
0, σ2

k

)
.

IV. BAYESIAN USER TRACKING

We now consider a single UE tracking problem in SREs
where localization is aided by the presence of multiple RISs.
A common representation for tracking systems is a state-space
model [43] consisting of a transition model that describes the
evolution of the state over time and an observation model that
specifies how the measurements are related to the UE state. In
mathematical terms, we have

st = f (st−1) +wt, (16)

ot = h (st) + ηt, (17)

where st � [pt, ṗt] ∈ R
Ns is the state vector at time instant t

and contains the position (pRX) and velocity (ṗRX) of the UE
at time t, and Ns is the dimension of the state vector. The
transition function is indicated as f (st−1) (in the following, a
linear function is assumed as f (st−1) =Tst−1), and ot is the
observation model with h (st) as the observation function. wt

and ηt are stochastic Gaussian noise processes.

A. Transition Model

For the transition model, we consider a second-order kine-
matic model [44]

T=

[
I3 dt I3
03 I3

]
,

wt ∼N (wt;0,P) , P=

[
dt3

3 Pa
dt2

2 Pa
dt2

2 Pa dtPa

]

, (18)

where dt is the delay between two adjacent time instants t and
t+ 1, and Pa = diag

(
σ2
a,x, σ

2
a,y, σ

2
a,z

)
[45].

B. Observation Model

In MIMO systems, different signal parameters are considered
to retrieve the location information [11], [43]. In the presence
of wideband signals, time-of-arrival (TOA) and AOA can be
used together to allow positioning [46], while with narrowband
signals and multiple antennas, AOAs can be extrapolated from
the signal phases in far-field conditions [17]. When operating in
the near-field region, the phases of narrowband signals embody
richer information by also depending on ranging [14], [45].

Such approaches, that first derive the geometric signal pa-
rameters and then estimate the position starting from them, are
referred to as two-step techniques. Two-step approaches are
generally suboptimal compared to direct methods that start from
the received signal and avoid intermediate processing steps
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[13]. In addition, modeling the measurement noise in the two-
step approach could be a difficult task due to the nonlinear
operations, which is avoided when starting directly from the
received signals whose statistics are known [15], [16]. There-
fore, in our narrowband method, we opt for a direct approach,
where the range and angle information is implicitly accounted
for by processing the received signals.

Consequently, to define the observation vector, we denote
the normalized received signals under the assumption of high
signal-to-noise ratio (SNR) as

ȳk,r =
yk,r
|yk,r|

≈ ak,r + nk,r

|ak|
= āk,r + n̄k,r, (19)

where in (19) we have exploited the assumption of equal power
at the different UE antennas, leading to |ak,r|= |ak|, and intro-
duced the normalized useful term āk,r =

ak,r

|ak| .7 For the noise
term we have n̄k,r ∼ CN

(
0, σ̄2

k

)
with

σ̄2
k � σ2

k

|ak|2
. (20)

Starting from the normalized received signals in (19), without
approximation, we consider the correlation between measure-
ments at adjacent antennas as observations. In particular, for
Z = �NRX/2�, the observation vector is given by

ot � [{χ1} , . . . ,{χk} , . . . ,{χK} ,
�{χ1} , . . . ,�{χk} , . . . ,�{χK}] ∈ R

2K Z , (21)

where the generic term χk = {χk,r̃}, r̃ ∈ Z �
{0, 1, . . . , Z − 1}, is a phase gradient given by

χk,r̃ = (ȳk,2r̃+1) (ȳk,2r̃)
∗ (22)

in which the dependence on the UE state s is implicit in the
received signal’s phase term. When operating within the radi-
ating near-field domain, (22) contains both range and bearing
information (as it can also be seen from the system geometry
of (3)), while in the far-field, it contains only AOA information
[45]. Moreover, by directly processing the received signals, it
is possible to fit the Gaussian model for the observation noise
underlying the implementation of KF, differently from what
happens when considering the statistics of a specific estimator
for AOAs.

Another advantage of considering the gradient in (22) is
the possibility of avoiding strong non-linearities arising from
fast variations of the observed signals along the antenna ar-
ray, which could undermine the functioning of the tracking
algorithm considered in this paper. More precisely, (22) is
used to achieve a double effect. On the one hand, normalizing
the received signal (i.e., using ȳk,2r̃ instead of yk,2r̃) allows
the observations to be independent of the received powers,
which contain information about the distance but can vary
rapidly due to the ability of RISs to form very narrow beams.

7This assumption allows us to simplify the derivation of a tractable obser-
vation model to use in the EKF. However, the measurements generated for the
simulations were derived from the actual observed signal, i.e., ȳk,r =

yk,r

|yk,r|
,

without any approximation. Subsequently, simulation results confirmed that
this model mismatch does not significantly degrade performance.

Moreover, received signal strength (RSS) measurements lead
to less accurate positioning with respect to TOA or AOA mea-
surements [11]. On the other hand, conjugate multiplication
(i.e., ȳk,2r̃+1 ȳ

∗
k,2r̃ instead of ȳk,2r̃+1 alone) allows getting rid

of the dependence on absolute phase, which is also rapidly
variable and affected by possible clock offsets deriving from
synchronization errors. Practically, using the phase differences
instead of the absolute phases does not mean losing important
information.

The observation function in (17) is given by the expected
mean of (21), i.e., h (st)� E [ot], whose generic elements can
be easily computed as

h ({χk,r̃}) = E {{χk,r̃}}= 
{
āk,2r̃+1 ā

∗
k,2r̃

}
(23)

h (�{χk,r̃}) = E {�{χk,r̃}}= �
{
āk,2r̃+1 ā

∗
k,2r̃

}
. (24)

The measurement noise ηt of (17) is considered as
zero-mean Gaussian distributed noise with a diagonal
covariance matrix Rt. Now consider {Rt}n,n the nth
element of the main diagonal of Rt, and denote by
Ik = {(k − 1)Z + r̃ + (m− 1)KZ+1}, for r̃ ∈ Z , m= 1, 2,
the set of indices of the observation vectors corresponding
to the signal received from the kth RIS. Thus, considering a
general n ∈ Ik and for each r̃ ∈ Z , we have

{Rt}n,n = var {{χk,r̃}}= var {�{χk,r̃}}
≈ var { (āk,2r̃+1) (n̄k,2r̃) + � (āk,2r̃+1)� (n̄k,2r̃)

+ (āk,2r̃) (n̄k,2r̃+1) + � (āk,2r̃)� (n̄k,2r̃+1)}

=
σ̄2
k

2

[
|āk|2

]
+

σ̄2
k

2

[
|āk|2

]
= σ̄2

k =
σ2
k

|ak|2
(25)

where, as before, we assume a large SNR regime and inde-
pendence between the received signals at adjacent antennas.
In words, Rt has a blockwise diagonal structure in which all
elements corresponding to the signal received from the kth RIS
have the same value σ̄2

k.

C. EKF Algorithm

Among the Bayesian estimators, we use the extended Kalman
filter (EKF). The state is described by a Gaussian distribution
st ∼N

(
st;mt|t,Σt|t

)
, where mt|t ∈ R

Ns and Σt|t ∈ R
N2

s are
the posterior mean vector and the covariance matrix of the
state. An important step of the EKF is the evaluation of the
Jacobian matrix, associated with the linearization of the obser-
vation model h (st), and written as Jt �∇st h (st), where ∇st

is the gradient with respect to the state vector. The Jacobian is
evaluated at st =mt|t−1, where mt|t−1 is the predicted state
(for t= 1 it is mt|t−1 =m0). The Jacobian computation is
reported in the supplementary material as Appendix A, whereas
the EKF is reported in Algorithm 1, in which ϑ

(t)
k represents

the transmission parameters to be optimized at time t and for
the kth RIS (see Sec. V).

Noise Covariance Computation: Calculating Rt in (25) to
be plugged into the EKF is problematic because σ2

k depends on
the multipath, which is difficult to predict, and |ak|2 depends
on the UE’s location, which is the unknown term that must
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Algorithm 1: Extended Kalman Filter
Initialization for t= 0:
- Initialize the state s0 ∼N (s0;m0,Σ0);
- Initialize the transmission parameters
ϑk

(1) = (ck
(1), β

(1)
k ) for k = 1, . . . ,K;

- Set m1|0 =m0, Σ1|0 =Σ0, h1|0 = h
(
m1|0

)
;

for t= 1, . . . ,T do
Measurement update;
- Collect a new measurement vector ot;
- Compute the innovation:
vt = ot − ht|t−1;
St|t−1 = JtΣt|t−1J

T
t +Rt;

- Compute the Kalman gain:
Kt =Σt|t−1J

T
t S−1

t|t−1;
- Update the posterior state estimate and covariance:
mt|t =mt|t−1 +Kt vt;
Σt|t =Σt|t−1 −Kt St|t−1 K

T
t ;

State Estimation;
- Estimate the state:
ŝt =mt|t;
Time Update: State Prediction and RIS
Optimization;

- Predict the a-priori moments of the state based on
the previous a-posteriori estimates;
mt+1|t =Tmt|t;
Σt+1|t =TΣt|t T

T +P;
Evaluate Jt+1 and ht+1|t = h

(
mt+1|t

)
;

- Calculate ϑ
(t+1)
k = (c

(t+1)
k , β

(t+1)
k ) for

k = 1, . . . ,K (see Algorithm 2 and 3).
end

be estimated. To circumvent this difficulty, we consider an
approximation for Rt called R̃t, where

{
R̃t

}

n,n
=

σ2(1 + α)

‖yk‖2/NRX
, (26)

for n ∈ Ik. In (26) ‖yk‖2/NRX is the average received power
measured at the receiver, and α is an empirical parameter intro-
duced to oversize the variance of the noise in the observation
model with respect to the expected value to account for the noise
increase due to multipath.8

V. RIS AND PRECODER OPTIMIZATION FOR USER TRACKING:
PROBLEM FORMULATION

In this section, we will introduce a joint optimization problem
to design the transmission parameters, that is, the precoding
vectors and the RISs reflection coefficients. At time t and for
the kth RIS, these parameters are grouped in a vector given by

ϑ
(t)
k = (c

(t)
k , β

(t)
k ). (27)

The vector includes c
(t)
k , that contains the kth RIS reflection

coefficients, and β
(t)
k , the real-valued weights that determine the

8This is the typical approach followed in the literature to account for
potential model mismatch in the observation that might be caused, for
instance, by fading [47].

amount of power to be assigned to the kth RIS. The constraint
on the power allocation is given by ΣK

k=1(β
(t)
k )2 = Ptx, with

Ptx denoting the power budget provided for the transmission
from the BS to the K RISs. As illustrated in Section III-C, the
precoding vector can be found using a BD approach so that the
overall precoding optimization problem turns out to be a power
allocation problem to different RISs, i.e., f (t)k = β

(t)
k v

(0)
k .

The optimization of parameters in (27) is performed during
the time update stage of the EKF, where we predict the state
and covariance for the next time step t+ 1 with the availability
of measurements up to time t. Such measurements and infor-
mation consist of Jt+1, mt+1|t, and Σt+1|t, among others (see
Algorithm 1).

A. Cost Function

To define a cost function for optimizing the transmission
parameters at time t, it is natural to consider the covariance
matrix of the state at the next time, st+1. However, note that
the expression of the covariance matrix Σt+1|t+1 of the EKF
used in Algorithm 1 depends on Rt+1, which in turn depends
on the position pt+1, not yet available. Therefore, Σt+1|t+1 in
Algorithm 1 cannot be used for our purposes. Indeed, recalling
(20) and assuming the same empirical term α introduced in (26)
to characterize the observation model mismatch, the covariance
matrix of ηt+1 is given by

[
E
{
ηt+1η

T
t+1

}]
n,n

=
[
Rt+1

(
st+1,ϑ

(t+1)
)]

n,n

= σ̄2
k =

σ2(1 + α)

Pk(pt+1,ϑ
(t+1))

(28)

with n ∈ Ik, ϑ(t+1) =
{
ϑ
(t+1)
1 , . . . ,ϑ

(t+1)
K

}
, and Pk(pt+1,

ϑ(t+1)) representing the power received by the k-th RIS when
the node is at position pt+1 for a determined ϑ

(t+1)
k . It is

also worth noting that the error covariance matrix in (28) does
not depend on velocity, so we can simplify as Rt+1(st+1,
ϑ(t+1)) =Rt+1(pt+1,ϑ

(t+1)).
This being the case, to circumvent this problem, we derive a

new cost function that can be evaluated at time t, with the goal
of minimizing the MSE of the UE state estimate for the next
time. To simplify the notation in the following, the temporal
index t+ 1 is omitted from the parameters (pt+1,ϑ

(t+1)), i.e.,
(p,ϑ) is used instead. Let us now denote

St+1 (p,ϑ) = Jt+1 Σt+1|t J
T
t+1 +Rt+1 (p,ϑ) , (29)

Kt+1 (p,ϑ) =Σt+1|t J
T
t+1S

−1
t+1 (p,ϑ) . (30)

The state estimate at time t+ 1 is

ŝt+1 =mt+1|t+1 =mt+1|t +Kt+1 (p,ϑ) vt+1, (31)

with the innovation vector given by

vt+1 = ot+1 − ht+1|t = Jt+1

(
st+1 −mt+1|t

)
+ ηt+1. (32)

In the given expression ht+1|t is the observation function eval-
uated in mt+1|t, i.e., ht+1|t = h(mt+1|t), Jt+1 is the Jacobian
matrix evaluated in mt+1|t and ot+1 is the observation signal
in the next time instant position pt+1. Note that (32) is the
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linearized version of (17) according to the first-order Taylor
expansion. Under these circumstances, we can condition on the
future state st+1 and introduce the cost function as follows

E (p,ϑ) = Tr
(
Eηt+1

{
(st+1 − ŝt+1) (st+1 − ŝt+1)

T
})

= Tr
(
Eηt+1

{(Δst+1 −Kt+1 (p,ϑ)vt+1) ·

× (Δst+1 −Kt+1 (p,ϑ)vt+1)
T
})

, (33)

where Tr (·) is the trace operator, Eηt+1
{·} is the expected value

evaluated with respect to the observation noise and Δst+1 =(
st+1 −mt+1|t

)
is an unknown random variable depending on

the future state.
From (28)–(32) we obtain the following

Eηt+1

{
vt+1v

T
t+1

}
= Jt+1 Δst+1ΔsTt+1 J

T
t+1 +Rt+1 (p,ϑ) ,

(34)

Eηt+1

{
vt+1ΔsTt+1

}
= Jt+1

(
Δst+1ΔsTt+1

)
, (35)

and it is easy to reformulate (33) as

E (p,ϑ) = Tr
(
Δst+1ΔsTt+1 −Kt+1 (p,ϑ)Jt+1Δst+1ΔsTt+1

−Δst+1ΔsTt+1J
T
t+1Kt+1 (p,ϑ)

T

+Kt+1 (p,ϑ)
[
Jt+1 Δst+1ΔsTt+1 J

T
t+1

+Rt+1 (p,ϑ)]Kt+1 (p,ϑ)) .
(36)

B. Problem Formulation

We are now in a position to define the optimization problem
at hand, i.e.:

min
ϑ

Est+1|t {E (p,ϑ)}
s.t. ϑ ∈ Q

, (37)

where Est+1|t is the average over st+1|t ∼N
(
mt+1|t,Σt+1|t

)

and Q includes the precoder and RISs constraints,
i.e.,

∑K
k=1 β

2
k ≤ Ptx, |ck,p|≤ 1, ∀ k ∈ K , p ∈ P . Since

Est+1|t
{
Δst+1ΔsTt+1

}
=Σt+1|t, it is easy to verify that

if we replace p in (36) with the actual UE position, then
Est+1|t {E (p,ϑ)}= Tr

(
Σt+1|t+1

)
[48]. Thus, the problem

considered consists in minimizing the average of the trace of
the covariance matrix of st+1, based on observations at time t.
However, the computation of the expected value with respect
to the position in (36) is very complex, given the inverse
proportionality of Rt+1(p,ϑ) in Kt+1(p,ϑ). As such, in
order to reduce the computational complexity of the problem,
the idea could be to introduce a fixed Kalman gain matrix
K̃t+1 that does not depend on the error covariance matrix
Rt+1(p,ϑ) but is expressed in terms of an approximation
for the covariance matrix, fixed and independent of the
transmission parameters. Accordingly we consider K̃t+1 to be
used in (37) as

K̃t+1 =Σt+1|tJ
T
t+1

(
Jt+1 Σt+1|t J

T
t+1 + R̆t

)−1

, (38)

where R̆t is an estimate at time t of the noise covariance matrix
at time t+ 1. To evaluate R̆t, the working principle of our

approach is exploited for the optimization algorithm. Due to the
power balancing effect introduced by the proposed approach
(see next section), we expect that the power distribution be-
tween two successive steps is not very different and so is the
SNR. Therefore, the noise covariance matrix Rt+1, which is
inversely proportional to the SNR, is not significantly different
from the Rt at the previous time points. To exploit this correla-
tion, could be reasonable to use the covariance matrix estimated
by (26). However, (26) depends on the power received at time t,
which is affected by the power allocation terms β

(t)
k evaluated

in the previous time step, hence directly using (26) to evaluate
K̃t+1 would transfer the effect of the previous optimization to
the next. Accordingly, we take:

{
R̆t

}

n,n
=

[
β
(t)
k

]2

Ptx/K
· σ2(1 + α)

‖yk‖2/NRX
, (39)

for n ∈ Ik. Note that R̆t is an estimate of the noise covariance
matrix when all RISs are assigned the same power Ptx/K, and
as such it is independent of the prior power allocation strategy.
In what follows, for notational convenience, we omit the de-
pendence of all quantities involved on time t+ 1 and t unless
explicitly required. Starting from (37) and considering only the
terms depending on the optimization variable ϑ, the optimal
parameters of the transmission configuration are obtained by
solving the problem:

min
ϑ

Tr
(
K̃ Ep {R (p,ϑ)} K̃T

)

s.t. ϑ ∈ Q
, (40)

where Ep � Ept+1|t is the expectation with respect to the posi-
tion only, being the quantities only depending on p.

The proof of the equivalence between (37) and (40) can be
found in the supplementary material in Appendix B.

Let us denote by un the nth column of K̃. Thus, by introduc-
ing ξk = σ2(1 + α)

∑
n∈Ik

‖un‖2, the problem can be further
reformulated as

min
ϑ

ΣK
k=1ξk Ep{(Pk(p,ϑk))

−1}
s.t. ϑ ∈ Q

. (41)

Let us now introduce P
(0)
k (p, ck) as the received power corre-

sponding to unitary power distribution. Consequently, the actual
received power is Pk(p,ϑk) = [βk]

2
P

(0)
k (p, ck) and we can

recast problem (41) as

min
ϑ

∑K
k=1 ξk

1
[βk]

2Ep

{
P

(0)
k (p, ck)

−1
}

s.t. ϑ ∈ Q
. (42)

Since the kth RIS design concerns only the term
Ep

{
P

(0)
k (p, ck)

−1
}

, the design criterion for the RISs
becomes directly an SNR optimization criterion considering
the possible UEs positions, i.e.

min
ck

Ep

{
P

(0)
k (p, ck)

−1
}

s.t. |ck,p| ≤ 1, ∀p ∈ P
. (43)
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Let us assume that problem (43) is solved and let us denote
by c∗k and πk, respectively, the optimal ck and the value of the
objective function, i.e.,

πk = Ep

{
P

(0)
k (p, c∗k)

−1
}
. (44)

Hence, the precoder optimization problem can be written in the
form of a power splitting problem among different RISs, i.e.,

min
βk

∑K
k=1 γk

1
β2
k

s.t. ΣK
k=1 [βk]

2 ≤ Ptx,
(45)

where γk = ξk πk.

VI. RIS AND PRECODER OPTIMIZATION FOR USER

TRACKING: PROPOSED SOLUTIONS

A. RIS Optimization

Let us first focus on problem (43). From the assumption that
each UE antenna receives the same power, the power of the
signal coming from the k-th RIS can be evaluated as the power
coming from the first UE antenna, i.e.:

P
(0)
k (p, ck) = (v

(0)
k )HGH

k CH
k bH

k (p)bk(p)CkGkv
(0)
k (46)

wherebk(p) ∈ C
1×P is the first row ofBk(p) corresponding to

the first receiving antenna, and we recall that Ck = diag (ck)
is the matrix containing the RIS coefficients vector. Without
loss of generality, the index k is neglected from now on, and
a formulation valid for every RIS is obtained. The goal of the
RIS optimization in (43) is to find the beamforming vector c
such that the (statistical) average of the inverse of (46) over
the uncertainty range of p is minimized. Consequently, we can
formulate (43) as

min
c

∫
P (0) (ppp, c)

−1
fp(ppp)dppp

s.t. |cp|2 ≤ 1 ∀p ∈ P,
(47)

where fp(ppp) is the a-priori probability density function (pdf)
of the position p. In particular, from the EKF model, we have
fp(ppp) = N (p;m

{1:3}
t+1|t ,Σ

{1:3,1:3}
t+1|t ).9 The problem (47) is non-

convex and therefore, we propose below an iterative BCD al-
gorithm to find a local optimum.

a) BCD Algorithm: For the sake of notation, we set g �
Gv(0) and we consider the following equivalence

b(p)Cg = b(p)diag (g) c= h̃(p)c, (48)

where h̃(p)� b(p)diag (g) ∈ C
1×P . Accordingly, (46) sim-

plifies as

P (0) (p, c) = cH h̃H(p)h̃(p)c. (49)

Let us introduce the following term:

Σ(p, c) =
δ

P (0) (p, c) + δ
. (50)

9The notations m
{1:3}
t+1|t and Σ

{1:3,1:3}
t+1|t indicate respectively the first three

elements of mt+1|t and the first 3× 3 matrix block of Σt+1|t.

When δ is small, we can recast problem in (47) as

min
c

∫
Σ(ppp, c) fp(ppp)dppp

s.t. |cp|2 ≤ 1, ∀p ∈ P.
(51)

Then, we introduce

Υ(p, c, w) = 1 + |w|2P (0) (p, c)− 2{wh̃(p)c}+ δ|w|2,
(52)

where w is a complex parameter. It is straightforward to get the
equivalence

Σ(ppp, c) = min
w

Υ(ppp, c, w) = Υ (ppp, c, w∗) , (53)

where

w∗ =
cH h̃H(p)

P (0) (p, c) + δ
. (54)

Accordingly, the problem in (47) can be reformulated as

min
c

∫
min
w

[Υ (ppp, c, w)] fp(ppp)dppp

s.t. |cp|2 ≤ 1, ∀p ∈ P.
(55)

Note that when δ tends to zero, Σ(ppp, c) in (53) also tends to
zero for each c and p and the problem (55) cannot provide a
meaningful solution. Therefore, δ must be chosen appropriately
so that the problem (55) is not starved in the zero solution,
and, at the same time, δ � P (0) (p, c) to ensure equivalence
between (47) and (51). This aspect is explained in more detail
below.

Although (55) is not convex, it is convex for the remaining
variable if one of the two variables is fixed. As a result, a
good local optimum can be obtained using the iterative BCD
approach [49], where all variables involved are updated sequen-
tially at each iteration. To illustrate this, we denote by c(q) the
value of c after the qth iteration of BCD. From (54) we can then
compute w(q) as follows

w(q) (p) =
(c(q))H h̃H(p)

P (0)
(
p, c(q)

)
+ δ(q)

, (56)

where

δ(q) =
minp P (0)

(
p, c(q)

)

M
, (57)

with M � 1. The optimal choice of M depends on the trade-off
between fast convergence (M must not be excessively high) and
equivalence between (47) and (51) (M must be high). Finding
an analytical approach to optimally deal with this trade-off is
a very complex task. However, based on numerical considera-
tions, we found that a value of M = 100 is a good compromise
and, therefore, we set this value in the numerical results section.
In (47) and (51) the problem of finding the optimal c(q+1) for
a given w(q) can be solved as follows. Let us first introduce the
terms

A(q) =

∫
|w(q) (ppp) |2h̃H(ppp)h̃(ppp)fp(ppp)dppp ∈ C

P×P

s(q) =

∫
w(q) (ppp) h̃(ppp)fp(ppp)dppp ∈ C

1×P ∈ C
1×P (58)



3076 IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 71, 2023

which can be computed by numerical integration. Therefore,
the optimal c for a given w(q)(p) can be found from

min
c

cHA(q)c− 2{s(q)c}
s.t. |cp|2 ≤ 1, ∀p ∈ P.

(59)

This is a convex problem that can be solved using traditional
numerical approaches whose solution will be denoted as OPT
in the sequel. However, the inclusion of a large number of
inequality constraints makes the problem computationally dif-
ficult when P is high. An iterative strategy based on alternating
optimization (AO), where optimization is performed at each
step for a single element cp while the others remain fixed,
is one way to simplify the problem. The AO approach will
be referred to as OPT-AO. We will show in the results that
OPT-AO achieves performance very close to that of OPT while
noticeably reducing computational complexity. To elaborate,
consider the following problem

min
cp

cHA(q)c− 2{s(q)c}
s.t. |cp|2 ≤ 1 ,

(60)

where the difference with respect to (59) is that the minimum
is searched for each cp independently. The solution to this
problem can be found in closed form by enforcing the Karush
Kuhn Tucker (KKT) optimality conditions. In particular, the
Lagrangian function, with the multiplier λp, is

L (cp, λp) = cHA(q)c− 2{s(q)c}+ λp

(
|cp|2 − 1

)
. (61)

Considering the KKT conditions we have

∇cpL (cp, λp) = 2a(q)p c− 2
(
s(q)p

)∗
+ 2λpcp = 0 (62)

λp ≥ 0 (63)

λp

(
|cp|2 − 1

)
= 0, (64)

where a
(q)
p ∈ C

1×P is the pth row of A(q), s
(q)
p is the pth

element of s(q) and the second condition is the complementary
slackness condition. Denote by Vp =Σl �=pa

(q)
p,l cl, Ap = a

(q)
p,p,

and Yp = (s
(q)
p )∗ − Vp, where a

(q)
p,l is the lth element of a

(q)
p ,

it is then easy to derive from (62)

cp = Yp/Ap, λp = 0 if |Yp|< |Ap|
cp = Yp/|Yp|, λp = |Yp| −Ap if |Yp| ≥ |Ap|. (65)

B. Precoder Optimization

The precoder optimization problem presented in (45) can be
easily solved by resorting to the KKT constraints. Writing the
Lagrangian function as

L(βk, λ) = ΣK
k=1

γk
β2
k

+ λ

(
K∑

k=1

β2
k − Ptx

)

, (66)

the KKT conditions can be derived as

∇βk
L(βk, λ) =−2

γk

(β∗
k)

3 + 2λ∗β∗
k = 0 (67)

ΣK
k=1(β

∗
k)

2 − Ptx ≤ 0 (68)

λ∗ ≥ 0 (69)

λ∗
(
ΣK

k=1(β
∗
k)

2 − Ptx

)
= 0 . (70)

The existence conditions of the given equations are summarized
as β∗

k �= 0 and λ∗ �= 0, and thus, it is easy to derive the optimal
solution as

λ∗ =

(∑K
k=1

√
γk

)2

P 2
tx

, (β∗
k)

2
=

√
γk P tx

∑K
k=1

√
γk

. (71)

The proposed power allocation strategy at each time t is not
simply a matter of optimizing the SNR of each connection but
a much broader problem, similar to water-filling where most of
the power is distributed in favor of the channels with the highest
SNR to maximize the achievable communication rate. However,
in our case, the power weights depend, among other factors,
on the Kalman gains defined in (38), which in turn depend
on the Jacobian matrices evaluated considering the near-field
propagation model between the RIS and the UE. Therefore,
the near-field model is exploited at each stage of the proposed
strategy.

C. Two-Timescale Optimization

As discussed in Section II, RIS and precoding optimization
are performed on two different time scales. As for the pre-
coding, the time scale corresponds to the interval between two
consecutive pilot signal transmissions and may be on the order
of a few milliseconds, e.g., on the same time scale as chan-
nel estimation in communications. This interval corresponds
to the time between two successive location updates of the
EKF algorithm and will be denoted by dt in the following.
Conversely, the time scale of the RIS update, denoted by TO,
can be expected to be on the order of seconds, i.e., orders of
magnitude higher. We denote with Nr = TO/dt the (integer)
number of steps between two successive RIS optimizations.
Thus, if the previous RIS optimization is performed at time t, in
order to obtain the new optimization at time t+Nr according to
the approach presented in Section VI-A, the a-priori pdffp(p)
must be defined to account for the Nr transitions of the EFK.
More precisely, we have

mt+q+1|t =Tmt+q|t, Σt+q+1|t =TΣt+q|tT
T +P, (72)

for q = 1, . . . , Nr. The pdf of the position p at time t+ q is
given by f

(q)
p (p) =N (mt+q+1|t,Σt+q+1|t) and

fp(p) =
1

Nr
ΣNr

q=1f
(q)
p (p) . (73)

The terms in (58) are then evaluated using Monte Carlo nu-
merical integration by drawing samples according to (73). The
algorithms for RIS and precoder optimization are sketched in
Algorithm 2, where NBCD indicates the number of iterations of
the BCD, and Algorithm 3. Fig. 2 schematically represents the
whole procedure entailing joint RIS and precoder optimization
with UE tracking.
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Algorithm 2: RIS Optimization with BCD Approach
Uncertainty area construction;
for q = 1, . . . , Nr do

Compute f
(q)
p (p) according to (72)–(73);

end
fp(p) =

1
Nr

ΣNr
q=1f

(q)
p (p);

RIS Parameter Update;
Initialize c∗ = c

(t)
k ;

for q = 1, . . . , NBCD do
Initialize the iterative solution: c(q) = c∗;
Update w(q), A(q) and s(q) according to (56)–(58);
for p = 1, …, P do

Solve problem (60) for cp as in (65);
end

end
c
(t+1)
k = c∗

VII. RESULTS

This simulation study aims to evaluate the validity of the
optimized RIS-based UE tracking approach in a typical indoor
scenario according to the following approaches:

• The optimization approach described in Section VI-A with
uniform power allocation for the different RISs10, i.e.,
β2
k = Ptx/K, referred as OPT, and its approximation ob-

tained using the AO method (Algorithm 2), referred as
OPT-AO.

• The optimization approach described in Section VI-A with
optimal power allocation, denoted by βOPT, and its AO
version (Algorithm 2) denoted as βOPT-AO. In both cases,
power allocation (BS precoding) is performed according to
Algorithm 3.

• The FOCUS and βFOCUS approaches, in which the RIS
design is performed to maximize the reflected power in
the direction of the position estimate, as proposed in [30],
while the power is allocated uniformly (FOCUS) or ac-
cording to the Algorithm 3 (βFOCUS).

• The ROPT approach, in which the RIS design is performed
with the goal of maximizing the average communication
rate when a-priori statistical knowledge about the UE
location is available and given by fp(p). This approach
has been proposed in [20], and the power is uniformly
allocated. We use this algorithm to investigate the loss of
tracking performance occurring when RISs and precoders
are not optimized for localization purposes and to study
the trade-off that occurs between rate and position error
when communication or localization objective functions
are considered.

A. Complexity Analysis

The two-time scale optimization approach allows us to con-
sider the complexity problem as divided into two parts. During
the shorter time scale operations, i.e., the location update time

10Uniform power allocation means that the joint RIS-BS precoder opti-
mization results in BD precoding with uniform power and RIS optimization.

Algorithm 3: Optimization for Target Tracking

for k = 1, . . . ,K do
if Nr|t then

Optimize the RIS computing the new c
(t+1)
k ;

else
c
(t+1)
k = c

(t)
k

end
Evaluate K̃ (see eq. (38)), un and compute Ik;
ξk = σ2

k Σn∈Ik
‖un‖2;

c∗k = c
(t+1)
k ;

Compute πk according to (44);
γk = ξk πk;[
β
(t+1)
k

]2
=

√
γk Ptx

ΣK
k=1

√
γk

;

end

Fig. 2. Interconnections between localization, RIS optimization, and BS
precoding algorithms.

of dt seconds, the complexity of all algorithms is the same and
is equal to the complexity of the standard EKF for tracking.
In this phase, the complexity is dominated by the computa-
tion of the inverse of the covariance matrix of the innovation,
which is O

(
K3 N3

RX

)
, where K is the number of RIS and NRX

is the number of receiving antennas. On the other hand, the
RIS design is clearly the bottleneck in terms of computational
complexity since it involves solving a high-dimensional opti-
mization problem whose dimension depends on a large num-
ber of RIS elements. In this respect, the considered approach
OPT-AO allows a significant complexity reduction compared to
traditional RIS optimization schemes denoted as ROPT. More
precisely, the complexity of the proposed algorithm OPT-AO
is O(P ), i.e., it is linear with the number of RIS elements (see
Eq. (65)), while the complexity of the rate optimization scheme
proposed in [20] is O(P 3). Accordingly, the complexity of
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TABLE I
SYSTEM PARAMETERS FOR THE SIMULATION CONFIGURATION

PARAMETER VALUE
Carrier frequency fc = 28GHz

Subcarrier Bandwidth Bc = 120 kHz
Transmit power Ptx = 23dBm

Noise power density NPD =−174 dB/Hz
Noise Figure NF = 7dB
Rice Factor κb = 5

Empirical parameter for (26) and (39) α= 0.5

OPT-AO is comparable to that of the simple FOCUS approach,
which is also linear with P . However, it is worth noting that
RIS optimization in the proposed scheme is performed on a long
time scale (once every TO second), and therefore the complexity
issues are significantly mitigated.

B. Parameter Settings

We refer to the 3GPP specifications for 5G localization in in-
door open office (IOO) scenarios and the corresponding results
reported in [50]. Some of the system parameters are reported
in Table I with some of them adjusted to match the narrow-
band RIS-based near-field localization scenario considered in
this work. Specifically, in the proposed scenario, localization
is performed over a single 120kHz subcarrier band with a
correspondent pilot symbol time Ts = 8.3μs. The transmitted
pilot signal consists of L= 100 symbols, corresponding to a
time of τ = 100 · Ts = 0.83ms. To reduce the localization over-
head, the pilot signal is transmitted periodically every dt� τ .
Localization and power allocation are thus performed every dt
seconds, while the RIS optimization procedure is performed
every TO =Nr dt seconds. We assume that the total available
power is uniformly distributed over the entire spectrum, i.e., a
power Ptx = 0.06mW for the transmission of the pilot signal is
allocated. We also consider a simple Rice channel model for
the RIS-UE channel (see (9)), i.e., we assume that the LOS
component is always present, and we consider an uncorrelated
NLOS component.11

The system geometry is sketched in Fig. 3. The BS is at
a fixed position, namely at pTX = [30, 15, 2] m, and it has a
uniform rectangular array (URA) with 8× 2 antennas in the
Y Z-plane. The UE changes positions through time according
with (16)12 and it is equipped with a uniform linear array (ULA)
of four antennas, lying horizontally along the Y -axis and with
a fixed and known orientation. For the motion of the UE, to
emulate a movement pattern compatible with a typical ran-
dom pedestrian motion model, we set σ2

a,x = σ2
a,y = 0.5m2/s3,

σ2
a,z = 0m2/s3. In all simulations, it is assumed that the initial

state of the node (i.e., its position and velocity) is known, i.e.,
m0 = s0 and Σ0 =P. There are three RISs in the environment
located at [0, 15, 3] m, [5, 0, 3] m, [10, 30, 3] m, if not other-
wise indicated. They consist of a URA of 80× 5 elements lying

11The first assumption is reasonable because in the near-field region, the
distance between RISs and UE is small and the LOS probability is close to
1 [51]. As for the second assumption, uncorrelated scattering is a reasonable
model without well-established channel models to characterize the RIS-UE
channel.

12The z coordinate is kept fixed at 1m.

Fig. 3. Working scenario with an example of UE trajectory.

Fig. 4. Comparison between OPT-AO, FOCUS, and ROPT for a 3-second
trajectory in terms of: (a) estimated trajectory, (b) received power.

on the Y Z-plane, i.e., they are mainly used in the horizontal
direction as long strips. In this way, the maximum dimension
of the RIS is nearly 40cm and the radiating near-field extends
over about 32m.

C. Tracking Scenario

In Fig. 4(a), we consider a simplified scenario to present a
graphical representation of possible estimated trajectories and
to show the corresponding RIS power distributions in Figs.
4(b) and 5. In this scenario, there is only the RIS at position
(0, 15)m and the terminal travels a 3-second trajectory starting
at point (3, 15)m, with an initial speed of 1m/s in the y
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Fig. 5. Distribution of reflected RIS power in the scenario of Fig. 4 for the OPT-AO, FOCUS, and ROPT cases.

direction.13 The figure shows the actual node trajectory and the
trajectories obtained considering RIS optimization performed
through the approaches OPT-AO, FOCUS, and ROPT. The RIS
is only optimized once at time 0, while the location update is
performed every dt= 0.03 seconds, i.e., we have 100 location
updates. For this short trajectory, having a single RIS is
sufficient to achieve good localization performance, especially
when the OPT-AO scheme is considered. In contrast, the ROPT
and FOCUS optimization leads to larger estimation errors.

The reason for this behavior can be explained by analyzing
Fig. 4(b), where the received power expressed in dBW is plot-
ted as a function of the y coordinate for the three systems under
consideration. It is obvious that the FOCUS scheme maximizes
the energy at the estimated point at time 0 (i.e. when the UE
is at y = 15 m), but it leads to a huge power penalty as long
as the terminal moves from its starting point. On the other
hand, the OPT-AO scheme allows the power to be balanced
over the entire interval, while the ROPT method concentrates
the energy on the central part of the uncertainty range and spares
the outer edges. Although this may be optimal for obtaining the
maximum average rate, as shown below, it is inconvenient for
localization.

In Fig. 5, we show the distribution of reflected RIS power
in the operational scenario of Fig. 4 for the cases OPT-AO,
FOCUS, and ROPT, respectively. The power value at each point
on the map is shown with different colors, with the color bar
on the right indicating the power levels in dBW. It can be seen
that the OPT-AO approach, Fig. 5(a), provides a nearly uniform
distribution of the received power over the uncertainty range,
the FOCUS approach, Fig. 5(b), concentrates the power in a
small area around the estimated starting point (3, 15)m, while
the ROPT approach, Fig. 5(c), provides uniform distribution in
a limited area with respect to OPT-AO.

D. Simulation Results

In the following, we report a comprehensive comparative
simulation study considering the operating environment of
Fig. 3 with three RISs. The UE moves in a part of space with
dimension 20m× 30m denoted as the range of motion (RM),
corresponding to the yellow area in Fig. 3. Note that in the
considered space, we are always in the near-field region for

13Since we are considering a single RIS, all power is allocated to that RIS
and power allocation is not effective, i.e., βOPT is equal to OPT.

Fig. 6. Empirical complementary CDF of the localization error for different
optimization approaches. In brackets there are the mean values of the
localization errors.

all considered RISs. The UE is initially placed randomly and
moves along a 12-second trajectory according to the motion
model considered in this work. Statistics are collected in 1000
different simulations.

Fig. 6 shows the empirical complementary cumulative distri-
bution function (CDF)14 of the localization error, indicating the
probability (rate) that the localization error is above a threshold,
for the cases FOCUS, βFOCUS, OPT, βOPT, OPT-AO, βOPT-
AO, and ROPT. The results are here obtained by considering
a Rice factor κb = 5, dt= 0.03s, and Nr = 100, i.e., TO = 3s.
The choice of this RIS update time is closely related to the
motion model employed for the UE. Indeed, by considering a
typical random pedestrian motion model, as in (16), (18), an
update of TO = 3 s entails a UE movement of few meters that
is compatible with the sub-meter localization accuracy. In the
following, a further comparison for different TO values has been
provided as well.

In Fig. 6, first we show that OPT-AO and βOPT-AO achieve
the same performance as OPT and βOPT, confirming the va-
lidity of the AO approximation proposed in Section VI-A.

14The reason for reporting 1-CDF is to highlight the differences at low
positioning errors and to avoid possible curve overlaps.
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TABLE II
RESULTS FOR THE CASE βOPT-AO FOR DIFFERENT VALUES OF THE RICE

FACTOR κb IN TERMS OF THE LOCALIZATION ERROR EXPRESSED IN METERS

κb Mean value 0.9 performance 0.99 performance
κb = 2 0.38 0.78 2.17
κb = 5 0.33 0.69 1.92

κb = 100 0.29 0.59 1.58

Moreover, the proposed approach OPT-AO significantly out-
performs both FOCUS and ROPT, which confirms the validity
of the proposed RIS optimization for the localization proce-
dure. Considering, in particular, 90%CDF (i.e., 10% 1-CDF),
the results show that OPT-AO and βOPT-AO achieve an error
below one meter. Regarding the mean localization errors (indi-
cated in parentheses), we note that βOPT-AO has an average
value of 33 cm, which increases to 53 and 79 cm for ROPT
and βFOCUS, respectively. Finally, optimizing β can lead to
some improvement in localization error performance, which is
particularly evident for the case OPT-AO at high CDF values
(i.e., at low 1-CDF).

In Table II, we provide the results for the case βOPT-AO
for different values of the Rice factor κb. It can be seen that
for the case shown in Fig. 6 (κb = 5), a slight performance
degradation is observed compared to the LOS case (κb = 100).
When the LOS component is further reduced, e.g., for κb = 2,
the degradation increases as expected, although this does not
affect the validity of the proposed approach.

Within our study we also provide some results on communi-
cation rates and localization errors, which depend on how the
objective function for the RIS optimization problem is defined.
In our work, the RIS optimization problem is formulated such
that the UE tracking performance is maximized (e.g., solved by
the βOPT-AO algorithm). Therefore, we expect the results to be
better in terms of positioning accuracy compared to scenarios
where RISs had been optimized in favor of communication
and vice versa. To emphasize this point, we refer to Fig. 7 in
which the mean localization error (a), the average achievable
rate (b), and their trade-off (c) for the algorithms βFOCUS,
βOPT-AO and ROPT are shown for different TO values and for
dt= 0.03s. As expected, the localization error decreases with
the decrease of TO for all methods considered, while βOPT-AO
clearly outperforms the other methods in all cases. Regarding
the communication part, we do not consider additional pilots
that would be necessary for the CSI estimation and the corre-
sponding precoder optimization, as these aspects are beyond the
scope of this work. Instead, we consider Shannon’s standard
formula to obtain an estimate of the achievable rate. In other
words it is defined as the capacity in bits/s/Hz of the channel
matrix Heq =

∑K
k=1 BkCkGk with noise variance σ2, which

can be determined by SVD and waterfilling.
Interestingly, it can be observed that, while the βOPT-AO

approach prevails in terms of localization error, is the worst in
terms of mean achievable rate. On the other hand, as expected,
ROPT achieves the highest mean rate, given its specific design
for communication purposes. A more detailed consideration
can be made comparing the algorithms βOPT-AO and ROPT
and considering the case TO = 3 s, which shows that the

Fig. 7. Mean localization error (a) and mean rate (b) for βFOCUS, βOPT-
AO, and ROPT algorithms computed for different TO values and dt= 0.03
seconds. (c) Trade-off between mean localization error and mean rate com-
puted for different values of TO , sampled between 0.45 and 9 seconds.

proposed method βOPT-AO achieves a rate almost 35% lower
than that of ROPT. Conversely, βOPT-AO achieves a 42% lower
positioning error compared to ROPT. This trade-off between
localization and communication is consistent across all the
analyzed cases with different TO and dt values. This is a
non-obvious result since it is generally assumed that the best
RIS optimization strategy is always to maximize the power
in the direction where the node is (or should be) located.
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Fig. 8. Empirical pdf of the achievable average rate for βFOCUS, βOPT-
AO, and ROPT.

Fig. 9. Empirical complementary CDF of the positioning error for different
orientation errors εμ ∼ N (0, σ2

μ) with εμ = μ− μ̂ being the orientation
error computed as the difference of the true orientation angle (μ) and its
estimate (μ̂), and with σμ being the standard deviation of the orientation
estimator in degrees.

Furthermore, from Fig. 7(c), it can be seen that the proposed
method βOPT-AO has an advantage over the other algorithms
because, for the same TO, the mean localization error for
βOPT-AO is significantly smaller compared to the other cases,
with only a slight decrease in rate.

In Fig. 8, we give the empirical pdf of the achievable rate
for βFOCUS, βOPT-AO, and ROPT approaches. It can be seen
that the βFOCUS and ROPT, although better than βOPT-AO
in terms of mean rate, suffer from high probabilities of zero
or quasi-zero rate, while βOPT-AO avoids such unpleasant
situations and ensures a more consistent rate distribution.

In Fig. 9 we report the complementary empirical CDF of
the positioning error for various orientation errors. This anal-
ysis aims to evaluate the robustness of the proposed βOPT-
AO method in the presence of residual estimation errors when
inferring the UE orientation from inertial devices, such as IMU
[52], [53]. To assess this, we performed simulations in which the
orientation of the UE is affected by an i.i.d. unbiased Gaussian
error with a standard deviation ranging between σμ = 1◦ and
σμ =

√
10

◦
. The result is promising as it shows that, in all cases,

the localization error remains below 1m for 90% of the time.

Fig. 10. Logarithmic representation of the posterior PEB vs RMSE for the
βOPT-AO algorithm.

Finally, in Fig. 10 we show the root mean square error
(RMSE) performance of our proposed algorithm (βOPT-AO)
compared with the PEB [54]. The results exhibit a wavelike pat-
tern with peaks aligned with the RIS optimization instants (one
every 100 iterations) and a perfect match between the bound
and the algorithm performance. The figure also highlights a
transition period (of almost 150 iterations) during which the
error increases, since we assumed zero error at the initial time.

VIII. CONCLUSIONS

In this paper, we have proposed a novel framework to jointly
design the reflection coefficients of multiple RISs and the pre-
coding strategy of a single BS, with two different time scales, to
optimize the tracking of a single multi-antenna UE and to keep
the overall system complexity affordable. The optimal derived
RIS and precoding optimization approach has been compared
with traditional focusing and rate maximization strategies,
showing that RIS optimization for communication purposes
is suboptimal when applied to tracking tasks. Numerical
results have shown the potential of achieving highly accurate
positioning in typical indoor environments only using a single
BS and few RISs operating at millimeter waves. These findings
align with the trends and requirements foreseen for the next 6G
networks. Simulation results have revealed that having multiple
and larger RISs can lead to a significant increase of the tracking
performance provided that are properly jointly optimized.
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