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ABSTRACT Millimeter wave (mmWave) carriers have a high available bandwidth, which can be beneficial
for high-resolution localization in both the angular and temporal domains. However, the limited coverage
due to severe path loss and line-of-sight (LoS) blockage are considered to be major challenges in mmWave.
A promising solution is to employ reconfigurable intelligent surfaces (RIS) to circumvent the lack of line-
of-sight paths, which can assist in localization. Furthermore, radio localization and tracking are capable
of accurate real-time monitoring of the UE’s locations and trajectories. In this paper, we propose a three-
stage indoor tracking scheme. In the first stage, channel sounding is harnessed in support of the transmitter
beamforming and receiver combining design. Based on the estimation in the first stage, a simplified received
signal model is obtained, while using a discrete Fourier transform (DFT) matrix for the configuration of the
RIS phase shifter for each time block. Based on the simplified received signal model, tracking initialization
is carried out. Finally, in the third stage, Kalman filtering is employed for tracking. Our results demonstrate
that the proposed scheme is capable of improving both the accuracy and robustness of tracking compared to
single-shot successive localization. Additionally, we derive the position error bounds (PEB) of single-shot
localization.

INDEX TERMS mmWave, localization/positioning, tracking, channel estimation, reconfigurable intelligent
surfaces, sparse Bayesian learning.
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Complex Rician fading
Location of BS

T
Ts

Number of time blocks
Sampling period

Ay,AR,Ap Steering matrices for UE, RIS and BS

Location of RIS C Correlation matrix

Phase shift vector F Random beamformer at BS
Sensing matrix H Channel model

Carrier frequency H.s  Effective channel

Path-loss H, Beamspace channel model

Delay 1 Fisher information matrix
Estimated channel matrix K Kalman gain

Vectorized estimated channel M Measurement matrix

Updated estimation covariance matrix P Estimated covariance matrix for Kalman filtering
Estimated location of UE for the k-th state Q Process noise variance
Vectorized received signal R Noise covariance matrix
Updated hyperparameter T State transition matrix
Bandwidth ug Location of UE for the k-th state
Number of OFDM symbols for channel sounding Up,Uy and Ur DFT matrix for beamspace samples
Beamspace resolution \% Measurement noise variance
Number of motion states W Random combiner at UE
Number of paths between BS and RIS Y Received signal

Number of paths between UE and RIS Q Phase shift matrix at RIS
Number of OFDM symbols for each time block ¢sr  AoA of RIS

Number of subcarriers ¢drv AoA of UE

Number of BS antennas Opr AoD of BS

Number of RIS elements Orm AOR of RIS

Number of UE antennas r Hyperparamters for iterations
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¢ Maximum number of iteration

AMP  Approximate Message Passing
AoA  Angle of Arrival

AoD  Angle of Departure

AoR  Angle of Reflection

BS Base Station

CDF  Cumulative Density Function
CIS Continuous Intelligent Surface
CRLB Cramer-Rao Lower Bound

CS Compressed Sensing

DFT  Discrete Fourier Transform
DL Downlink

GPS  Global Positioning System
IMM  Interacting Multiple Model
ISAC Integrated Sensing and Communication
LoS  Line-of-Sight

MIMO Multiple-Input-Multiple-Output
MMV Multiple Measurement Vector

mmWave Millimeter Wave

mSBL Modified Sparse Bayesian Learning

NLN Network Localization and Navigation
OFDM Orthogonal Frequency Division Multiplexing

OTFS Orthogonal Time-Frequency Space
PDF  Probability Density Function

PEB  Position Error Bound

PRSs Position Reference Signals

RC Receiver Combining

RIS Reconfigurable Intelligent Surfaces
RMSE Root Mean Squared Error

RSS  Received Signal Strength

SC Scatterer

SNR  Signal-to-Noise Ratio

SOMP Simultaneous Orthogonal Matching Pursuit
TBF  Transmitter Beamforming

ToA  Time of Arrival

UE User Equipment

ULA  Uniform Linear Array

V2I  Vehicle to Infrastructure

l. Introduction
A. Motivation and Background

HERE has been a growing interest in localization and

tracking due to its practical applications across var-
ious domains, including intelligent transportation systems
and unmanned aerial vehicles [1]. Conventional localization
methods, such as the global positioning system (GPS), often
suffer from limited accuracy and high latency, especially in
indoor environments [2]. To address these limitations, mil-
limeter wave (mmWave)-based localization techniques have
garnered significant attention [3]. These methods typically
rely on a high number of antenna elements, facilitating high
angular resolution [4]. Nevertheless, mmWave localization
faces several practical challenges, such as high path loss,
which can be mitigated through beamforming relying on
massive antenna arrays [4]-[7]. The potential line-of-sight
(LoS) blockages may be circumvented by reconfigurable
intelligent surfaces (RIS) [8], which are capable of attaining
potential performance improvements [8]-[11]. A RIS is

composed of numerous reflectors typically positioned either
in the vicinity of the transmitter or a receiver, where each
individual element of the RIS can alter the phase and/or am-
plitude of the impinging signal [12]. This enables potential
improvements in the energy efficiency, spectrum efficiency,
positioning accuracy, communication security, etc. [13], [14].
While estimating the cascaded two-hop channels in the
RIS-supported systems is a challenging task, the principles
of passive beamforming or the combination of active and
passive beamforming [15]-[17] can be beneficially exploited
for localization.

Numerous studies have been conducted on RIS-assisted
localization [16], [18]-[21]. Specifically in [18], the concept
of continuous intelligent surfaces (CIS) was introduced,
and the limits of RIS-aided localization and communication
systems were discussed. More specifically, in [18], a general
signal model was presented for RIS-aided localization and
communication systems, when considering both far and near-
field scenarios. In [19], holographic network localization and
navigation (NLN) was proposed, where RISs relying on spe-
cific antenna patterns were used to improve the robustness of
holographic localization against obstructions. In [20], a RIS-
assisted localization scheme supported by adaptive beam-
forming using a hierarchical codebook based algorithm was
proposed for joint localization and communication, when
assuming the absence of LoS paths. In [21], a received signal
strength (RSS)-based positioning scheme was investigated in
a RIS-aided mmWave system. Furthermore, in [16], a joint
active and passive beamforming codebook based localization
scheme was conceived for RIS-aided mmWave systems. It
was shown that the scheme is capable of striking an attractive
performance vs. training overhead tradeoff.

However, these works only considered static scenarios.
When the user equipment (UE) is moving, the localization
problem becomes a tracking problem, and the complexity
of training for the successive single-shot localization may
become excessive [16], [22].

There are many solutions [23]-[29] for tackling the
tracking problem. In [23], the authors propose integrated
sensing and communication (ISAC) techniques to enhance
vehicle-to-infrastructure (V2I) networks by dynamically ad-
justing the beamwidth and tracking the vehicle positions
using predictive beamforming strategies employing extended
Kalman filtering (EKF). In [24], a novel channel tracking
algorithm was developed for mmWave systems operating
in temporally correlated channels, advocating a hybrid ana-
log/digital precoding approach for better adaptability to
dynamic channel conditions. The authors of [25] introduced
an extended Kalman filter-based beam tracking algorithm for
improving the angle-of-departure (AoD) and angle-of-arrival
(AoA) estimates, while offering enhanced beam alignment
in mobile mmWave multiple-input-multiple-output (MIMO)
systems. Furthermore, in [26], a sparsity based approach
was conceived for multi-target tracking using orthogonal
frequency division multiplexing (OFDM) radar, leveraging
compressive sensing techniques to efficiently track targets
in the delay-Doppler domain at a reduced computational
overhead. In [27], the authors investigated orthogonal time-
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frequency space (OTES) systems, using hybrid digital-analog
architectures and nested array techniques for improving the
angle, delay, and Doppler shift estimation in high-mobility
scenarios. In [28], a radar sensing and tracking scheme was
proposed for dynamic targets, using a monostatic MIMO
system integrated with ISAC functionalities for estimating
parameters such as distance, angles, and velocities. In [29],
the authors developed an algorithm for localizing and track-
ing vehicular users equipped with RISs. While the above
studies provide valuable insights into tracking using EKF
[23], sparsity-aware estimation [26], or hybrid beamforming
under ISAC and radar frameworks [27], they primarily
focus on either angle-delay-Doppler estimation or beam-
level mobility support in MIMO systems. In contrast, this
work proposes a unified three-stage RIS-aided localization
and tracking scheme that explicitly models time-varying
scatterers, incorporates phase configuration diversity through
multiple RIS states, and employs an MMV-based sparse
recovery framework for enhanced multipath estimation. Fur-
thermore, we introduce a bias-compensated Kalman filter
to track the UE trajectories using noisy position estimates
extracted from the compressed sensing stage.

In this work, we propose a three-stage localization and
tracking method indoor for RIS-aided localization scenarios,
which are characterized by multi-path reflections, angular
coupling, and signal degradation due to beamforming mis-
alignment. In addition, we simulate low-SNR scenarios down
to —10 dB to reflect realistic indoor deployment conditions,
where mmWave signals may experience severe attenuation
and blockage. The 2D geometry assumed in our simula-
tions further reflects practical indoor use cases such as
smart rooms or factory floors. We note that our previous
work in [22], where we proposed a two-stage localization
scheme, assumes a stationary UE. In contrast, firstly, we
have upgraded our system model for the mobile UE scenario.
Secondly, we have adapted the two-stage localization scheme
considered in [22] for the mobile UE scenario, where a
DFT-based RIS phase configuration is conceived to improve
the performance of the random phase shift scenario in [22].
Thirdly, in this paper we propose to add a third stage con-
stituted by a Kalman filter, so that the proposed three-stage
tracking scheme becomes capable of achieving centimeter
level localization accuracy. Table 1 contrasts the novelty of
this paper to previous work, which is detailed as follows.

e We first propose a RIS-aided localization scheme for
single-shot localization, using the multiple measure-
ment vector based modified sparse Bayesian learning
(MMV-mSBL) algorithm relying on the time, frequency
and angular domains.

e To find the UE’s location, we transfer the localization
problem to an angle of reflection (AoR)/time of arrival
(ToA) estimation problem. Specifically, to reduce the
complexity of the MMV model, we exploit the fre-
quency domain diversity for identifying the specific
path having the highest power, where the cardinality
of the angular domain in the MMV model is reduced
to 1.
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e Successive single-shot localization requires channel es-
timation for each motion state, which imposes both
high complexity and training overhead. To reduce the
overhead, we propose a three-stage tracking scheme,
in which the single-shot localization is trained offline
for inferring the measurement noise distribution. For
online training, channel estimation is only required
once in the first two stages. Briefly, in the first stage,
random beamforming is employed for channel sounding
in support of the transmitter beamforming (TBF) and
receiver combining (RC) design. Based on the result of
channel sounding in the first stage, a simplified received
signal model is constructed. Then, a DFT matrix is
harnessed for the configuration of the RIS phase shifter
in each time block for initializing the Kalman filter
in the second stage. Finally, in the third stage, the
Kalman filter is employed for tracking exploiting the
prior information gleaned during the offline training,
which improves the accuracy and robustness compared
to single-shot localization.

o Finally, a position error bound (PEB) is derived, and
the localization error distribution is characterized.

B. Organization of the Paper and Notations
The rest of the paper is organized as follows. Section II intro-
duces the model of our localization and tracking system. Sec-
tion III introduces the framework of single-shot localization,
while Section IV presents the three-stage tracking technique
conceived. The simulation setup and our simulation results
are provided in Section V. Finally, we conclude in Section
VL

Notations: a, a, A stand for scalar, vector and matrix,
respectively. AT, AH, AT, ||a||, and ||A]|; represent the
transpose, Hermitian transpose, pseudoinverse, Euclidean
norm and Frobenius norm of matrix A, respectively. The
(i, j)-th entry of A is [A]; ;, and diag(a) is a diagonal matrix
formed by the diagonal elements of a. Trace(A) denotes the
trace of matrix A, E(A) is the expectation of A, vec(A)
is the vectorization operation of A, mod(i,j) denotes the
modulo operation, and j = +/—1; (A)* represents the
conjugate of matrix A.

Il. System Model
We consider an indoor downlink (DL) MIMO localization
and tracking system, where the BS and the moving UE are
equipped with Ng and Ny antennas, respectively. Further-
more, a RIS having N antennas is deployed between the
BS and the UE to overcome the line-of-sight (LoS) blockage
problem, as shown in Fig. 1. More explicitly, the OFDM
modulated position reference signals (PRSs) are transmitted
in the DL by the BS, which are then reflected by the RIS
to the UE, to circumvent the LoS blockage. Based on the
reflected signals received by the UE, the UE estimates the
channel parameters and its location for the k-th motion state,
k = 1,..., K, where each motion state represents the real-
time location of the UE.

We define the location of the BS as b = [b,,b,]" €
R2, and the location of the UE for the k-th state as u;, =
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TABLE 1: Contrasting our novelty to the literature.

[ 6] [ 1221 [ 1231 [ 1241 [ 1251 [ 126] | [27) | (28] | [29] | This work
System Model

Time-vary random scatterers between the v
RIS and the UE in successive localization

Radio localization
User self-sensing v v v
MMV channel estimation based localization v v
RIS-assisted localization v v v v
Orthogonal phase shift configuration v
for MMV model
PEB analysis for MMV model v

Tracking process
Arbitrary tracking v v v
Kalman filter refines localization accuracy v v

20
Meters

Moving N 20
UE Y Meters
. R
RIS BS
controller

FIGURE 1: Illustration of the RIS aided localization and
tracking model.

[uk, uk]T € R?, while the location of the RIS is given by
r = [ry,r,]" € R Furthermore, a scatterer (SC) is assumed
to exist between the BS and the RIS in a fixed location, but
other SCs exist between the RIS and the UE, which have
different positions for different states k. The locations of both
the BS and of the RIS are fixed and assumed to be known as
a reference point for localization, while the location of the
UE for the k-th state can be estimated based on the estimated
channel parameters.

Again, a mmWave channel is considered with the LoS path
blocked, where the channel parameters, such as the AoA,
AoD, AoR and ToA, are determined by the geometry of the
BS, UE and RIS. Therefore, downlink transmission has to
rely on the path reflected by the RIS, as shown in Fig. 1.
The AoD of the BS and the AoA of the RIS are denoted
by fgr and ¢gr, while the AoR of the RIS and the AoA of
the UE are expressed as Ory ; and ¢ru,i for the k-th state,
respectively. Moreover, the ToA between the BS and the RIS,
as well as between the RIS and the UE are 7gr and 7ry i,
respectively. The study assumes that the BS, RIS and UE are
equipped with a uniform linear array (ULA) for simplicity'.
Hence, the steering vectors ag ,,(fgr) and ag ,,(¢pr) at the

IThis can be generalized to any antenna structures.

BS and RIS in the context of subcarrier n are [30]
1

aB,n(eBR) :\/7]\77
B

o I2m s sin(eBR)(J\qu)}T € CNex1 )

g eeey

|:1 e*jQﬂ'ﬁ sin(6gr)
)

aR,n(¢>BR) :\/%

eszw% sin(d)BR)(NRfl)]T c (CNR><17 )

—j2m <& sin(ppr)
[1, e An s ey

where d represents the element spacing, and A, is the
wavelength of the n-th subcarrier. For simplicity, we assume
that the signal bandwidth obeys B < f., yielding A, ~ A,
where A, represents the wavelength of the main carrier
[31]. Then, the mmWave channel model introduced in [32],
[33] can be applied to obtain the (Ng x Np)-dimensional
frequency domain channel matrix of the line between the
BS and the RIS, which can be represented as [34]:

Hgr[n] = Ar(¢pr)Zpr[n] AR (O5r), 3)
where we have
Ag(Ogr) = [ag(OBr,0),aB(0BR,1)..., aB(OBR, Loe—1)],  (4)

AR (¢Br) = [ar(PBR,0); @R (¥BR,1)---, AR (PBR, Loz —1)], (5)

and the diagonal matrix Xggr[n] is given by [16]
EBR[H] =\ NBNR
—Jj27nTRR,0
NTs

x diag{/sr,00BR,0€ s eens
7j27rnTBR1LBR*1

BBR, Lgr—1PBR, Lyr—1€ NTs (6)

In (4)-(6), Lpr is the number of paths between the BS and
the RIS, Bgr,; and ppr,; are respectively the complex Rician
fading gain and path-loss of the I-th path between the BS and
the RIS, and Ts = 1/B is the sampling period. In (6), the
time delay 7gR , i.€. ToA, is given by mgr; = dBR,l/c, where
¢ denotes the speed of light, while dgr,; is the propagation
distance of the [-th path. Specifically, for the LoS path (I =
0), the distance between the BS and the RIS is evaluated
as dgr,0 = ||r — b||,, while for the NLoS path ([ > 0), the
distance is dgr,; = ||s; — b||, + ||r — sy|5, Where s; is the
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location of the SC. Again, we consider an indoor localization
scenario in this paper, where the Doppler effect is ignored for
simplicity?, but would have to be considered and estimated
in vehicular systems [29].

We note that the RIS-UE link is time-varying, where the
delays of all reflected links are different due to their different
AoAs. Therefore, for each motion state k, its position
Sak € R? is modeled as a uniformly distributed random
point along the line segment that connects the RIS and the
UE, defined as so ), = r+ Ag(up —r), Mg ~ U(0,1).
This construction reflects the physical intuition that local SCs
on the RIS-UE path often lie in proximity of the geometric
propagation trajectory.

Similarly, for the k-th state of the UE’s motion model, the
channel between the RIS and the UE can be represented as

Hrulk,n] = Au(¢ru i) Sru,k[n] AR (Oru k), @)

where Ay(¢rm,k)[n] and Ag(Ormx)[n] are defined simi-
larly as in (3), by adding the index of the k-th state to the
channel parameters ¢ru,k, Oru,r and Try i, determined by
the k-th real-time location of the UE.

By combining (3) and (7), the frequency domain cascaded
channel spanning from the BS to the UE for the k-th state
can be represented as

H[k, n] =Hgy[k, n]QHpr[n], 8

where Q) € CVr*Mr ig the RIS’s phase shift matrix associ-
ated with the motion state k£ = 0, ..., K. Furthermore, €2
is a diagonal matrix that has unit-modulus on the diagonal
elements [35], [36]. Specifically, the diagonal element is
Q%] = e/, where w; € [0,2n]. According to (8), we
define the effective channel as

Hegi[k, n] =diag(pru,k[n]) AR (Oru k) 2% AR (PBR)
x diag(ppr([n]),

R . L —j2mnly o
where pru k[n] = [Bruopruoe” 7T -

; Kk
=327y Lay—1
NTs

®

k
7/8RU,LRu—1

PRU. Lay—1€ |T, and pgr[n] is similarly defined
according to (6). Thus, the frequency domain channel can
then be represented as

H[k,n] = Au(pru,i)Her[k, n] A (Opr), (10

where Heg[k,n] defined in (9) is a function of the phase
shifter matrix €2 for the k-th state, which shows the
importance of the angular parameters Ogy and ¢gg, as well
as of the corresponding phase shifter design for both channel
estimation and localization. Observe based on (10) that the

2For instance, when the carrier frequency f. is 28 GHz and the velocity
of UE is 1 m/s, the Doppler shift is fp = 93.33 Hz. When we consider
the total bandwidth of B = 100 MHz and the number of subcarriers N
is relatively small, e.g. N = 20, the subcarrier spacing is Af = 5 MHz,
which means that the Doppler shift has very little effect in the frequency
domain. However, we note that the proposed architecture can be extended
to dynamic outdoor environments, such as vehicular or UAV-based systems.
In such cases, Doppler-induced frequency shifts become significant and
hence should be jointly estimated with delay parameters, which is our future
research.
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FIGURE 2: Illustration of the single-shot localization
scheme.

localization is also related to the estimate of the channel
parameters, hence it may be viewed as a channel estimation
problem. Hence, in the next section, we will formulate
localization as MMV based channel estimation.

lll. Compressed Sensing Based Single-Shot Localization
In mmWave localization systems, one of the conventional
methods is to exploit the channel-sparsity using CS al-
gorithms in both the angular and temporal domains, in
order to glean the location-related information, such as
the AoD and ToA [34], [37], [38]. For conventional ToA-
based localization, either predefined waveform structures
[39], or alternative schemes such as time difference of
arrival (TDoA) relying on multiple synchronized anchors
[40] are required. In our framework, both the delay and
angle information are estimated from multicarrier channel
observations. Specifically, the delay is inferred from the
phase shifts across subcarriers, while angular features are
extracted by exploiting spatial sparsity. This motivates our
unified channel-estimation-based localization scheme, which
operates within a multicarrier communication system and
avoids the need for either multiple synchronized receivers
or sensing-specific waveform designs. However, predefined
precoding, combining and time-domain DFT matrices cause
quantization error, in both of these domains which degrades
localization performance [16]. On the other hand, in RIS-
aided localization, it is challenging to exploit the AoR for
localization, when the channel state information is unknown.
In this section, as shown in Fig. 2a, for the single-shot
localization carried out in the first stage, we employ random
beam training for estimating the angle parameters such as
the AoA and AoD at the BS and the UE, as detailed in
Subsection A. In Subsection B, we design the phase shifter
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matrix to prevent the encountering path crossing® problem
first identified in [17], and derive a simplified received signal
model. The sparse formulation and MMV-mSBL algorithm
designed for determining the channel parameters are in-
troduced in Subsection C and Subsection D, respectively.
Furthermore, the PEB is derived in Subsection E.

A. Random Beamforming for Channel Sounding

For each motion state k, the first time block ¢ = 0, as shown
in Fig. 2a, a random precoding matrix FO[k,n] € CNex&
associated with uniform Gaussian distribution and a random
combining matrix W[k, n] € CNvX¢ with uniform Gaus-
sian distribution are employed for eliminating directional
bias and achieving isotropic coverage, where G denotes
the number of symbol durations, as shown in Fig. 2b.
The parameter G has to be larger than the number of
propagation paths for assumption of angular sparsity to hold.
Furthermore, at this stage, the phase shift matrix Q(,z, at the
RIS is set randomly and it is fixed during the next G symbol
durations. Thus, for the k-th state and ¢ = 0-th time block,
the observations at the UE can be further written as

Y[k, n] =V P(W°[k,n))"HC [k, n]F°[k, n]

+ (WO[k,n]) N[k, n]. (11)
Let us introduce the beamspace channel representation [31],
which is obtained via uniformly sampling the spatial angles
in the beamspace, yielding:

Up = [uB (qO) .-+, UB (qufl)] )

; T
ug (QT) =|1,..., 6]2”(N371)q,.:| (12)

In (12), Ug is a unitary DFT matrix determci;ned by the
=1

beamspace grid indices of ¢, = %,Vr €
[0,G; — 1], where G, is the beamspace resolution of the
spatial angles. Then, the beamspace channel representation
of HY[k, n] in (11) for the k-th state and for the ¢ = 0 block
can be written as

HC[k,n] = UMHC[k, n]Ug € CNv*Ne, (13)
where the DFT dictionary matrix U, for the receiver array is
obtained similarly as Ug. Upon substituting (13) into (11),
we obtain

Y[k, n] =VP(WO[k, n))"UyH? [k, n]UNF [k, n]

+ (WOk, n))ANO[k, n]. (14)

3In [17], the phenomenon of “path crossing”, referring to the effective
multiplication of multipath components from the BS-RIS and RIS-UE links
after applying a random phase shift matrix, which implicitly indicates that
when both the BS—RIS and RIS-UE links contain multipath (e.g., two paths
each), their combination results in four distinct effective propagation paths
(2%2 combinations).

Furthermore, to represent the channel vector in a standard CS
form, let us vectorize the observations Yo[n], yielding [41]:

vee(YO[k, n]) =vec(VP(WO [k, n)) Uy HO [k, n]UNFO [k, n]
+ (WO[k,n])"NO[k, n])
=[(F°[k,n])" ® (W°[k, n])"][(Up)" ® Uy]
x vec(HY[k,n]) + vec((WOk, n])* N[k, n])
=8°(k, n]x h?[k, n] + n°[k, n], (15)

where ®°[k,n] = (FO[k,n])T @ (WO[k,n])! is the sensing
matrix*, and x° = (U})* ® U is the overcomplete dic-
tionary or beamspace transformation matrix [31], [41]. Fur-
thermore, h0[n] is the vectorized beamspace channel vector
to be estimated, while n°[k, n] is the noise vector. The AoD
Opr,;; and AoA ¢ru, i, can either be estimated according to
(11), using an off-grid atomic norm minimization algorithm,
or estimated based on (15) as an on-grid CS problem [22].

B. Phase Shifter Configuration and Received Signal
Simplification

As shown in Fig. 2b, for the k-th state, when the precoding
matrices Fl[k,n] = F%[k,n] = ... = FT[k,n] at the BS
and the combining matrix W[k, n] = W2[k,n] = ... =
W7k, n] at the UE are obtained for the blocks ¢ > 0, as
shown in the previous subsection, the AoR at the RIS can
then be estimated using the time block of ¢ > 0, as shown
in Fig. 2c, which can be used in the single-shot localization
of the UE.

More specifically, as mentioned in Section II, after the
estimation of Ogr j and ¢ry, in the first stage, the corre-
sponding beam training matrices at the BS and the UE for
the RIS can be designed as follows:

Wk, n] =Ay(¢rur),

F'[k,n] =Ag(Osr 1), (16)
where we havet =1,..., 7, k=0,..., Kandn=0,..., N —
1. Recalling the time block ¢ = 0 for each state k, we note
that the number G of symbol durations required in the first
stage, as shown in Fig. 2a is much higher than the number of
paths Lggr and Lry, where Lgy denotes that between the RIS
and the UE, while Lggr of those between the BS and RIS,
respectively. In contrast, for ¢ > 0, as shown in Fig. 2b, the
number of symbol durations M only has to be larger than the
number of paths, e.g. M > Lgry and M > Lgg, resulting
in Wi[k,n] € CNexIru and Filk,n] € CNexLor In this
regard, the training overhead can be significantly reduced
for the ¢ > 0 blocks.

Recalling (11) and (16), the received signal at the UE
corresponding to ¢ > 0 for the k-th motion state can be

“In the literature, the random beamformers conceived for constructing
sensing matrices can be predefined or selected from a shared codebook that
is known to both sides [37], [42], [43]. This enables robust sparse recovery
without requiring exhaustive beam training and significantly reduces the
implementation complexity.
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formulated as
Y[k, n] =VP(W'[k,n))TH [k, n]F[k, n)
+ (W*[k, n])"N*[k, n]
—\/>(Wt[ an])HAU(quU)Het:ff[kvn}
x Ag(0gr)F![k,n] + (W'[k,n])IN?[n]
~VPH [k, n] + (W' [k, n])"N'[k,n],  (17)

where W[k, n]"Ay(dry) ~ I and Ag(Opr)Fi[k,n] ~ 1,
owing to the precoder and combiner designed for the BS and
the UE, as shown in (16). However, in practical settings, the
estimated directions @gr ., Pru,x may deviate from the true
angles due to resolution limitations or noise. This causes
a mismatch in the beamforming directions, resulting in a
partial misalignment of F*[k,n| and W[k, n] . To model
this, we introduce a signal fidelity coefficient 7eqor € (0, 1],
representing the cosine of the alignment between the true
and estimated beam directions. Assuming that both the TBF
and RC suffer from this alignment-induced loss, the received
signal can be written as

Y[k, 1] % o e[k, ] + (W' [k, n]) "Nk, 7). (18)

We emphasize that the noise term (W'[k,n])H N[k, n] is
kept unchanged to preserve analytical simplicity, even though
the combiner mismatch could slightly affect the noise pro-
jection. Then, the effective channel Hly[k,n| is defined in
(9). It can be shown that the (a,b)-th entry of the effective
channel H!;[k,n| can be expressed as [12]

[Hig[k, n]](a,) =(PrUlk, 7))o (wf)"
X a([Ospatiat,k] (a,b)) (PBR[F, 1])b,

where w}, is a vector denoting the diagonal elements of the
phase shift matrix Q}, and Ogpia,x = asin(sin([ppr,x]s) —
sin([Oru ko)) is the spatial frequency [12]. By vectorizing
(9), the effective channel vector can be represented as
hig [k, n] = vec(Hly[k, n]) € CErulerxl and the elements
of h! [k, n] can be written as

19)

LruLgr,
(20

(g, n]li = pulk, nlwha@spasialkt)s L = 1, ey

where we have pilk,n] = (prulk,n])a(pBRIK,7])bs
Ospatial k,; = arcsin(sin([¢er xls) — sin([Oru,kle)), while
a = mod (l—1,Lgy) + 1 and b = [I/Lry]. Conse-
quently, when considering all the observations over 7' blocks
for the k-th state, according to (17), we have

Yk, n) =[vec(Y 1)k, n], vee(Y2) [k, n), .., vee(YT) [k, ],

n=0,.,N—-1 21
The effective channel is further expressed as I/_ieff[k,n] =
(bl [k, n], h2[k, n), ..., hZ [k, n]]. Furthermore, based on

(17), (19) and (20), it can be shown that the [-th row of
Y[k, n] is

Y, [k, n] ~Hey. [k, 0] + Ny [k, n]
=01k, nla(Ospatial k1) + Nl,:[k, nJ,
=1

sy LRULBR. (22)
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Phase shift configuration: In (22), Q. = [w}, w2, ..., wT]T

is from the phase shift vectors used for the transmissions
over T blocks. Explicitly, we define a 7" x T" DFT matrix in
the form:

1 1 1 1
1 w w? wT—1

Fy — 1 w2 wh W2(T—1) 23
1 wT._l 2(%-1) w(T—l')(T—l)

Where Qk contains the first Ng rows of Fr (Vg < T) e.g.
Qk = [FRr]1:n,,: and each column of Qk denotes w, which
is the phase shift vector for the k-th state and ¢-th time block.
Moreover, the stacked noise matrix is expressed as N[k n] =
[vec(W [k, n]HIN [k, n]), vec(W?2[k, n]"TN2[k, n]), ..
vec(WT [k, n]HINT [k, n])], where the covariance matrix of
the AWGN vector with respect to the ¢-th block is R}, =
(o) 2 W[k, n]"W [k, n]. Moreover, the covariance matrix
Rk € CTlnulerxTLruler of the vectorized noise matrix
vec(N[k n]) is a block diagonal matrix, with the matrices
R on its diagonal.

C. Sparse Formulation

To estimate the AoR Ogy,; and the ToA Tryj; between
the RIS and the UE for the k-th state, the proAblem can
be formulated as the estimation of pj[k,n] and Ospagial k.i»
since the locations of both the BS and RIS are usually fixed
in most applications in practice. Hence the related angles
such as OgRr, ¢Br, and the ToA 7gr can be determined in
advance [20]. Let us introduce the DFT matrix Uy for the
sparse formulation of a(Bgspatial k,;) in (22). Hence, Uy is
defined in the same way as (12). Then, the received signal
of (22) can be alternatively expressed as

Yl,:[k;n] = ‘I’khl[kvn] + ﬁ[k’n]’

where ¥, = SAZEUR can be viewed as a sensing matrix,
and hy[k, n] is the desired sparse vector, which embeds the
location information AoR and ToA for the k-th state. Based
on (24), for each state k, the received signals have three
distinguishing dimensions, namely time blocks, subcarriers,
and possible propagation paths. For localization purposes,
the path having the highest power represents the LoS path,
which can be extracted from (22) via the power measure-
ment, represented as

(24)

1= argmax || Y. [k,n]H;7 (25)

which reduces the number of paths from LryLpgr to 1.
Consequently, when considering 7" blocks, N subcarriers,
and [-th path components, corresponding to (24), the received
signals can be expressed as

Y, = O, Hy, + Zy, (26)

where Y, € CT*N ¥, € CT*Nr and Hy, € CNrxN,
while each column of Zj; reprensents the noise matrix.
Finally, after the vectorization of (26), the received signal
can be represented in a group sparse [44] format as

¥i = Uihy, + 2. 27)
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In (27), we have y, = Vec(YT) e CNTX1 g, = (¥, ®
Iy) € CNTXNNr and hy, = vec(HF) e CNNmx1,
Furthermore, according to (22), the noise variance for the k-

th state, ¢-th time block and n-th subcarrier can be expressed
as (01)? = a,%Wt K, n}HW26 [k, n]. Hence, the covariance
of the elements in z can be written as R = (5L)%
Rt " denotes the ¢-th diagonal element of Rk Therefore, in
(27) the covariance matrix of the noise vector z; can be
expressed as Ry, = E {zrz}'} = Ry, @ Iy).

Hence, (27) is formulated as an MMV channel estimation
problem to estimate the AoR and the ToA for the k-th state.
In the next section, we will detail the single-shot localization
using the modified MMV-SBL algorithm to estimate the
channel parameters.

where

D. Single-Shot Localization Using Modified MMV-SBL
Algorithm

Unlike conventional methods such as orthogonal matching
pursuit (OMP) and AMP, the proposed algorithm effec-
tively captures the shared and structured sparsity inherent
in the MMV model [22]. In addition, they provide higher
robustness against noise, avoid reliance on strict assumptions
such as near-Gaussian sensing matrices, and provide supe-
rior estimation accuracy, especially in complex propagation
environments [45]. As mentioneq\ in the previous subsection,
the desired group-sparse vector h is sparse in both the time
and spatial domain, which contains the location information
represented by the AoR and ToA. The a priori information
of the vector hy for the k-th state can be mathematically
expressed as

Ngr
P (hk; Ty, Ck) =1I» (hi; Voo Ck),
j=1

where Cj, denotes the correlation matrix of hyperparamters
for the k-th motion state, fyk- is the hyperparameter control-
ling the Varlance of each group, while h] denotes the j-
th group of hk Specifically, for a given 7, and Cy, the
probability density function (PDF) of hi, is

1 (-ilci)
J
e Tk .

(in) " det (Cy)

(28)

p (hiwi,ck) =

(29)
Explicitly, h; can be generated on the basis of the hyperpa-
rameter ;. When considering all the Ny groups, we have
a vector ~ that controls the prior variance of the group
of elements in hy. Let Ty = diag(vy) € RV**Nr be a
diagonal matrix with the hyperparameter vector -y; on its
diagonal.

Specifically, to solve our problem, the expected value
for the (i — 1)-st iteration of the log-likelihood function
(T, Ci|T ", Ci ), corresponding to the complete data
{¥k, hi}, is determined by the E-step formulated as

(T, CilTy 1, CLY)

=EBg, jgupitei {Inp(¥x, hy; T, Cr)}. (30)

Then, by employing Bayes’ rule to (30), the M-
step designed for maximizing the log-likelihood function
E(I‘k,Ck|l'” ! CZ 1) to update I'y, and Cj can be ex-
pressed as

(AZ, 6;6) = arg maXE{lnp(flk; Iy, C,)}
I'y,Ck

Then, based on (28) and (29), each 7,1 is decoupled by the M-
step, and according to [45], the a posteriori PDF for the ¢-th

(€19}

iteration is given by p <hk|yk, 1"Z 1 C7 1) ~CN (uk, nk)
with

pi, =k, THR S,

Ki = [(f;';l ® i)~ 4 \if}jﬁ,;l\ifk} 32)

To reduce complexity, we adopt the simplified covariance
approximation of [22], [45], which yields

ki ~(T0H 7 IR, P Cll (33)
and the posterior mean efficiently is updated as
i, #(RLPERT) @ TJvee( YY)
—vee([Hy]7), (34)

where ITI;W» = R};\Pff{gl?k. By substituting the approxi-
mations of (33) and (34) into (32), the hyperparameter ~;"
can be expressed as

o =i 1= Ci—1\— =
%' =Rl + N([Hk]j,:)H(Ck DTH G5)
where the correlation matrix (AJ}C is represented as
M 1 =t =i
;C:Z j7i[Hk] ([Hy];, ) +nln,
j=1 Tk
. Ci
iter =71 (36)
|

with 7 having a constant. The estimation of the desired vector

ﬂk is given by the converged a posteriori mean p}. To
recover the estimated channel vector into matrix for the k-
th state, we have Hy = reshape(hy, N) € CVoXN_ After
obtaining the channel parameters, the location of UE can be
recovered as shown in Fig. 2c.

Delay estimation: the estimated channel gain pk 7and the

ToA 7, TRU AT ~for the I-th path is recovered as

;k;:max(ﬁk, 2) € CH*N,

=argmax

~ ‘2
TBRU,k,l

g(TBRU,k,T)ﬁkJ

TBRU,K,T

TRU,kT —TBRUkJ ~ "BR,D (37

, T
where g(Tppy 1) = [1, iy e PN TRy i/ (NT) | e
resents the on- grid candidates of the delay between the BS
and the UE, and Ty m +~ denotes the total delay between
the BS and the UE, while TBRT is assumed to be known,
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because again, the locations of the BS and RIS are normally
assumed to be fixed in DL transmission [20], [46].

~

AoR estimation: The spatial frequency Hspatial .7 for the
I-th path can be expressed as
N
§ = argmax ZH s
s=1,...,Ngr n=1
~ [ AS—=(Nr—-1)/2-1
6)spatial,lc,lA = arcsin (d Ng >
HRU,MA = arcsin[sin(qSBR’lA) — sin(@spaﬁal_’k_f)]. (38)

Finally, the location of the UE for the k-th state can be
recovered as

(39)

where r is the location of the RIS, as the reference node
of localization. In successive motion states, directly apply-
ing single-shot localization at each time step can lead to
quantization errors in both the angular and time domains.
Therefore, we incorporate a Kalman filter to perform tem-
poral smoothing of the position estimates by exploiting
the motion dynamics of the user. Note that we do not
aim for improving the Kalman filter itself, but rather for
the nontrivial construction of the measurement model for
the Kalman filter in the RIS-aided mmWave localization
scenario. When all the estimates of the K states of Uy are
collected, the Kalman filtering can be used for improving
trajectory recovery, which will be detailed in the next section.

Uy, = r + TRU £.1[c08(Oru k1), sin(Oru k1)] T

E. Cramer-Rao Lower Bounds

In this subsection, we obtain the CRLBs of gy and gy for
the k-th state, and also the PEB of the UE. Based on (22),
the log-likelihood function is

IIT and the process noise distribution in the state evolution
model.

The procedure of the proposed three-stage tracking
scheme is shown in Fig. 3. The Kalman filter-based approach
k=0

UE moving state Initialization

N

Stage 1:Random
Beamforming

Stage 2: Phase shifter configuration and
parameter estimation

Prediction
klk-1

Update
k|k

Stage 3: Kalman
filtering

k=1,.,K
FIGURE 3: Illustration of the proposed three-stage tracking
scheme.

used for tracking the user for £ > 0, where we consider the
state transition model with fixed velocity, may be expressed
as

(43)

where the state variables x; = [uf,v% u¥ v}]T, and the
process noise lead to variations in both direction and speed,
defined as q; ~ CN (0,031_). As introduced in Section
II, the Cartesian coordinate of the UE is represented as
u, = [uk,uk]T € R?. Furthermore, v} and v denote the
velocity of the UE along the x-axis and y-axis, respectively.

The state transition matrix T is given by’

xp = Txp_1 + qg,

LN - 2 1 AT 0 0
np(Y [ug) oc =) HYl:[k,n] - ka[kaﬂ}a(espanal,k,z)HR,l : T_ |0 1 0 0 "
i : =lo o 1 AT “4

(40) 0o 0 0 1

where we have L = Lgr Lry, ||X|g-1 = x"R;, 'x. Further-
. . . i ;
more, the Fisher information matrix (FIM), given LgryLgr
and the number of subcarriers /N, can be defined as
L,N
2

I=>" ﬁé}% {3030},

l,n

Bttin Obim
where we have J;,, = 1[ Bin OB,

ot Dl } and p;, is the
noiseless version of (22). The derivation of J; ,, is detailed

in Appendix A. The PEB is defined as
PEB = +/Trace(I)~1.

(41)

42)

IV. Kalman Filter with Bias-Compensated Localization
Measurements

In this section, initialization at k = 0 is based on the
method of Section III. Then, Kalman filtering is employed to
improve the performance of the single-shot localization for
trajectory estimation, based on the statistical characterization
of the noise distribution in the measurement model of Section

VOLUME 00, 2024

In (44), AT is the interval of input samples. On the
other hand, the measurement variable is given by X =
[uk, 0%, uk, 5F]T. At each time step, the position is estimated
via single-shot localization based on (39), which is denoted
as ), = [k, a¥]T. Due to the use of discrete delay-angle
grids and practical estimation errors, this estimate contains
both a systematic bias by and measurement noise rg, which
can be modeled as

(45)

To enable standard Kalman filtering, which assumes zero-
mean Gaussian noise, we apply an offline bias compensation
strategy. The average estimation bias by is statistically
estimated from Section III. This bias is subtracted from uy.

Xp = X + by + 1.

3In this paper, we assume the low-speed pedestrian velocity is considered
in indoor scenario, where the abrupt speed change (acceleration or turn) is
not taken into consideration, which implies less complicated trajectory is
considered and requires no sophisticated filter, such as interacting multiple
model (IMM) [47].
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Therefore, the Kalman filter assumes a linear measurement
model ¢ formulated as follows

(46)

where the measurement matrix is M; = I, and the measure-
ment noise is expressed as ry ~ CN(0,02). Alternatively,
when only the measurements of locations are considered in
(46), the measurement matrix can be further written as

1000
Mk‘[0010}

In the tracking process, at the first state of k& = 0, we estimate
X[o|o) as the initial location of the UE via (39). Then the
a priori prediction can be formulated as

X = Myxy, + 1y,

(47)

(48)

where ﬁk_” k—1 18 the a posteriori prediction gleaned from
the previous state. Thus, the estimated covariance matrix is
updated as

Xpk—1 = TXp_1)k—1,

Pyjp—1=TP;_1;1T" +Q,

2 2

(49)
where Q = diag(cfg1 10y T 034). Based on the prediction

stage in (48), the Kalman gain is updated as
-1
K = Pk|k—1(Mk)T [MkPHk—l(Mk)T + Vk} , (50)

where the measurement noise covariance matrix is given
by’ Vi = diag(c? ,02 ). Accordingly, the prediction is

updated as e
Xije = X1 + K (X — MyXgp—1) 5 (51)
and the updated covariance matrix is expressed as
Prj = (I - KpMy) Ppjp—1. (52)
Finally, we define the smoothed trajectory {G; }5_;
Ukr = [Qy1, Gg)2, - - -, Ug|K]- (50)

The proposed three-stage tracking is summarized in Algo-
rithm 1.

V. Performance Results

In this section, we consider the system of Fig. 1, where
both the BS and the UE employing 16 antennas and the
RIS has 16 elements. The number of time blocks is set
to T = 32, while the number of pilot subcarriers is
N = 20. The locations of the BS and the RIS are at
b = [0,0]T and r = [2,10]T in order to investigate either
an unreasonable RIS deployment or r = [2,20]T for the
other cases, respectively. Furthermore, the location of the
first scatterer is fixed at s; = [1,3], while the second
scatterer so is randomly located between the RIS and the
UE. The carrier frequency f. is set to 28 GHz, while the
bandwidth is B = 100 MHz, unless specified otherwise. The
SNR is defined based on the reconstructed signal energy

%Note that the observation model can be assumed to be non-linear, which
can be solved by the extended Kalman filter that has been studied in [29],
[48].

"The noise distribution of V, for the k-th state can be obtained based

on offline statistics using the method detailed in Section IIIL.

Algorithm 1 Three-stage tracking scheme

Inputs: Observations S?k ; Sensing matrix W¥; Maximum
iteration (. Process noise covariance Q Measurement
noise covariance V,

Objectives: To estimate Uy.

1: for £k =0,..., K do
2: if £ < 1 then

~

3: Initialize hyperparameters: fg = Ing, I‘gl =
Ong
for i =0,....,{ do
5: Expectation: Evaluate the a postriori mean
Ni and covariance matrix nfc according to (34) and (33),
respectively.
6: Maximization: Update the hyperparameters

wil based on (35), and the correlation matrix C}, based

on (36)7 with Fiter = diag(’}/l,ite‘r»'}/ziter; cey ’YNR,iter)-
7: end for

8: ToA and AoR estimation based on (37) and (38),
respectively.

9: Kalman filter initialization Uy—q is obtained by
(39).

10: else

11: Prediction procedures based on (48) and (49).

12: Update procedures based on (50) to (52).

13: end if

14: end for

15: return Uy from Xy ;.

using the sensing matrix and sparse coefficients. Specifically,
SNR (dB) =1010g10(”‘p';$”). Finally, the estimation per-
formance is characterized by the root mean squared error
(RMSE), defined as:

RMSE = (53)

1 K
~ 2
=" la-al

k=1

where K denotes the number of Monte Carlo trials, while q
and q are the true and estimated UE locations, respectively.

A. Single-Shot Localization Performance

In the simulation results of single-shot localization, the
location of the RIS is set to r = [2,20]T, and the UE is
moving in a 20 x 20-meter indoor scenario, as shown in Fig.
1. In Fig. 4, we compare the CDF of the localization error
at different SNR values using different compressed sensing
algorithms. From the simulation results, we can conclude that
the proposed method is more accurate and robust than the
SMYV based approximate message passing algorithm (AMP)
and the MMV based simultaneous orthogonal matching pur-
suit (SOMP) algorithm. Moreover, it can be observed that the
proposed algorithm outperforms both the SOMP and AMP
algorithms in mmWave channel estimation due to its ability
to exploit the temporal correlation, effectively handled by the
MMV structure, maintain robustness in low SNR conditions,
and achieve stable convergence at a moderate computational
complexity. Explicitly, the maximum/minimum localization
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FIGURE 4: CDF of the UE’s estimation error using different channel estimation algorithms at SNR = 0 and -5 dB.

error of the proposed algorithm is significantly lower than
that of the rest.
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FIGURE 5: CDF of localization error under different beam
misalignment levels 7eror at SNR=5 dB and 7' = 16.

To assess this impact, we characterized various levels
of misalignment values 7ewor = {0.99,0.95,0.90,0.80},
and evaluated their effect on the localization performance.
Fig. 5 shows that the proposed method retains similar
accuracy even when the beamforming misalignment factor
iS Nerror = 0.90, which confirms that the proposed method
maintains robust performance under moderate beamforming
inaccuracies.
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In Fig. 6, we compare the performance of DFT-based
and random RIS phase shift matrices for different SNR
levels and different number of time blocks. Fig. 6 presents
the CDF of localization error for SNR values of -10, -
5 and 0 dB, and T" = {16,24,32}. From the simulation
results, we can find that the random configuration causes
severe degradation due to the high column-correlation in the
sensing matrix. When the number of time blocks increases,
the performance gap between the DFT-based and random-
based configurations reduces, since more measurements help
average the randomness. On the other hand, Fig. 6 shows that
the DFT configuration consistently yields lower localization
error and steeper CDF transitions, reflecting more reliable
support recovery.

Fig. 7 compares the CDF of localization errors for the
proposed scheme and a benchmark IFFT-based pulse estima-
tor [49]. It can be seen in Fig. 7 that the proposed scheme
substantially outperforms the benchmark, which is due to the
fact that the resolution of the IFFT-based method is limited to
1/B, where B refers to the system bandwidth. By contrast,
the proposed scheme relies on the super-resolution delay
steering vector g(7) of (37), which is constructed from an
overcomplete delay dictionary with arbitrarily fine spacing.

In Fig. 8, we can observe that as the distance between
the RIS and the UE increases, the PEB also increases, as
expected. Furthermore, it can be observed that the maximum
error occurs when the reflected angle is O degrees, which
leads to a blind spot. Moreover, the minimum PEB occurs
when the UE is near the RIS.

In Fig. 9, the angular resolution Gy is set to 16, 32,
64, 96, 128, corresponding to the angles of 22.5, 11.25,
5.625, 3.75 and 2.8125 degrees. Fig. 9 presents the cumu-
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lative distribution function (CDF) of single-shot localization
accuracy under varying angular resolutions. As the angular
resolution increases, the localization error decreases, result-
ing in higher accuracy. The steeper CDF curves highlight the
significant advantage of high angular resolution in reducing
the localization errors. This suggests that optimizing the
antenna arrays or signal processing can effectively enhance
localization performance.

B. Kalman Filtered Tracking Performance

1) Scenario 1 - Tracking for ideal straight movement

In Fig. 10, the tracking trajectories of the ground truth,
single-shot localization, and the proposed tracking method
are compared, when the UE follows a straight movement pat-
tern. This analysis evaluates the effectiveness of the Kalman
filter in refining the trajectory estimation. Observe in Fig. 10

20
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FIGURE 8: PEB (dB) distribution of the UE’s location, at
SNR = 0 dB.

that the single-shot localization method exhibits noticeable
deviations from the ground truth caused by the angular and
temporal quantization errors, making the estimated trajectory
less reliable for continuous tracking. By contrast, the Kalman
filter-based tracking method provides a smoother and more
accurate trajectory. It significantly reduces sudden deviations,
ensuring that the estimated path remains close to the true
movement.

Fig. 11 investigates the tracking performance, when the
RIS is disadvantageously placed. In this case, the UE moves
to a position behind the RIS, which can only cover half
the plane. In Fig. 11, we compare the estimated trajectories
of single-shot localization and Kalman filtering against the
true path. It can be observed that the single-shot localization
results show significantly higher errors, which implies that
the lack of strong reflected paths leads to poor localization
accuracy. Kalman filtering succeeds in mitigating the errors,
but still fails to fully compensate for the poor RIS placement.
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movement.

The estimated trajectory still deviates from the ground truth,
indicating that RIS positioning plays a crucial role in track-
ing performance. To further enhance performance, simulta-
neously transmitting and reflecting reconfigurable intelligent
surface (STAR-RISs) [50]-[52] and more robust tracking
models can be employed, which will be part of our future
research.
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FIGURE 11: The trajectory of the ground truth versus the
single-shot localization and the proposed method, when the
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¥
Yow g 2

o
DA

y-axis

T O %5'5 132 134 #
626 2| %* = f* 1
5424 * ® 90 0‘ 1

[ 2.2

Tt
e

2/
3 - f -
11.6 12 12.4 12
X-axis Path 1:Ground truth

2r *o ‘f O Path 1:Kalman filtered position
* Path 1:Single shot estimated position

1 Path 2:Ground truth
o Path 2:Kalman filtered position
#x  Path 2:Single shot estimated position

0 I I

10 11 12 13 14 15 16

X-axis

FIGURE 12: The trajectory of the ground truth versus the
single-shot localization and the proposed method in arbitrary
tracking, when Ng = Ny = Ng = 16, K =50 and T' = 32.

2) Scenario 2 - Tracking of arbitrary tracks
Fig. 12 compares the ground truth trajectories, single-shot lo-
calization, and the proposed tracking method for two differ-
ent trajectories. The single-shot localization shows noticeable
deviations, especially in dynamically fluctuating scenarios.
By contrast, the Kalman filter-based tracking method is
closely aligned with the ground truth. This demonstrates
the higher robustness of the proposed method in dynamic
environments, which is able to improve the tracking accuracy
compared to single-shot localization.

Fig. 13 compares the ground truth trajectories, single-shot
localization, and Kalman filter-based tracking under different
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SNR conditions. The study examines how different noise
levels affect the localization accuracy. At higher SNR levels,
both single-shot localization and Kalman tracking closely
follow the ground truth. The tracking error remains mini-
mal, showing that as expected, a stronger signal facilitates
more accurate positioning. At lower SNR levels, single-
shot localization experiences larger deviations from the true
trajectory. The Kalman filter mitigates some of the noise but
still struggles to fully compensate for the degraded measure-
ments. Nonetheless, the Kalman filter outperforms single-
shot localization in all cases, demonstrating its effectiveness
in smoothing noisy measurements.

Fig. 14 investigates the influence of different beamspace
resolutions on the tracking performance. It compares Kalman
filtering and single-shot localization using two different
resolutions. Observe from Fig. 14 that the higher beamspace
resolution improves tracking accuracy. The trajectories as-
sociated with increased resolution are aligned more closely
with the ground truth. On the other hand, a lower resolution
results in higher localization errors, especially for single-
shot localization. The reduced spatial resolution makes it
harder to precisely estimate user positions. Moreover, we
may conclude that Kalman filtered tracking outperforms
single-shot localization in both cases, but the performance
gap narrows at higher resolutions.

VI. Conclusions

In this paper, we addressed the problem of UE trajectory
tracking in an indoor environment having multiple random
scatterers. We proposed a three-stage localization and track-
ing method using RIS-aided localization and a enchanced
MMV-mSBL algorithm. A structured RIS phase shift design
relying on a DFT matrix was introduced to resolve the AoR

9 5 T T
Ground truth
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Single-shot estimated G, = 2 x Np
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* Kalman filtered position G, = 4 x N
7k Different il
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FIGURE 14: Investigation of the impact of different

beamspace resolutions: the trajectory of the ground truth
versus the single-shot localization and the proposed method
in arbitrary tracking, when Ny = Ny = Nr = 16, K = 50
and T = 32.

path crossing issue. To reduce complexity, we exploited
the frequency diversity for path selection, simplifying the
AoR and ToA estimation. A three-stage tracking scheme
was designed for mitigating the training overhead. It re-
lied on offline training for measurement noise distribution,
random beamforming for channel sounding, and Kalman
filtering for trajectory tracking on simulations showed that
the method proposed outperforms SMV-AMP and MMV-
SOMP, especially at low SNRs. The PEB derived validated
its accuracy, and different movement scenarios were ana-
lyzed. Our framework improved thelocalization robustness
and efficiency, offering a promising solution for indoor UE
tracking.
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Appendix A
Elements in (41)
To obtain the Jacobian matrix J; ,, of I-th path and n-th subcarrier for the

k-th state, each element of J; ,, = 3;:],: , a;ul,’c" ,and py ., is given by
opy, ~ opilk, n] OTru,1,k da  OO0ru,ik
41 = Szk (“‘44[4444l k a—+ pl[k 71]44444447‘44441;47 )
auz aTRU,l,k 8uz 89RU 1,k BUI
(54

where the derivatives in (54) is indexed by a in (20) defined as
opik,n] _

pilk,n](—j2mnB/N),a > 1, (55
OmRULE
P -
TRU];l,k _ U —Tw =1, (56)
ouj cllug —xfl,
1o} uk —r
TRUI;l,k W 7)
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00 —uf 47
RU];l,k _ Ty yQ’a —1, (58)
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RUI;l,k _ Ty +7’z27 —1, (59)
Ouy lur. — i3
o k_
Tk e g py, (60)
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Tt U a1, ©1)
Oul cllug — sz,
O0RU 1,k
sby ::07 17 62
“ouk a# (62)
00
TRULE 0 q £ 1. (63)
Quk
0a(Ospatial k1) . d
—spatlalhls =]T— COS (espatial,k,l) Da(ospatial,k,l)v (64)
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where so denotes the location of the second SC. Furthermore, D is defined

as D = diag (0,...,Ng — 1), and a 2 a(Ospatial,k,1)-
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