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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.

NOMENCLATURE
β Complex Rician fading.
b Location of BS.
r Location of RIS.
ω Phase shift vector
� Sensing matrix.
λc Carrier frequency.
ρ Path-loss.
τ Delay.
Ĥ Estimated channel matrix.
ĥ Vectorized estimated channel.
P̂ Updated estimation covariance matrix.
ûk Estimated location of UE for the k-th state.
ŷ Vectorized received signal.

�̂ Updated hyperparameter.
B Bandwidth.
G Number of OFDM symbols for channel

sounding.
Gr Beamspace resolution.
K Number of motion states.
LBR Number of paths between BS and RIS.
LRU Number of paths between UE and RIS.
M Number of OFDM symbols for each time

block.
N Number of subcarriers.
NB Number of BS antennas.
NR Number of RIS elements.
NU Number of UE antennas.
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T Number of time blocks.
TS Sampling period.
AU, AR, AB Steering matrices for UE, RIS and BS.
C Correlation matrix.
F Random beamformer at BS.
H Channel model.
Heff Effective channel.
Hv Beamspace channel model.
I Fisher information matrix.
K Kalman gain.
M Measurement matrix.
P Estimated covariance matrix for Kalman fil-

tering.
Q Process noise variance.
R Noise covariance matrix.
T State transition matrix.
uk Location of UE for the k-th state.
UB, UU and UR DFT matrix for beamspace samples.
V Measurement noise variance.
W Random combiner at UE.
Y Received signal.
� Phase shift matrix at RIS.
φBR AoA of RIS.
φRM AoA of UE.
θBR AoD of BS.
θRM AoR of RIS.
� Hyperparamters for iterations.
ζ 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.

I. INTRODUCTION
A. MOTIVATION AND BACKGROUND
There has been a growing interest in localization and track-
ing due to its practical applications across various domains,
including intelligent transportation systems and uncrewed
aerial vehicles [1]. Conventional localization methods, such
as the global positioning system (GPS), often suffer from
limited accuracy and high latency, especially in indoor envi-
ronments [2]. To address these limitations, millimeter wave
(mmWave)-based localization techniques have garnered sig-
nificant attention [3]. These methods typically rely on a high
number of antenna elements, facilitating high angular reso-
lution [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], [5], [6], [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], [9], [10], [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], [16], [17] can be beneficially exploited for
localization.

Numerous studies have been conducted on RIS-assisted
localization [16], [18], [19], [20], [21]. Specifically in [18],
the concept of continuous intelligent surfaces (CIS) was in-
troduced, and the limits of RIS-aided localization and commu-
nication 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
specific 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 as-
suming 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
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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 be-
come excessive [16], [22].

There are many solutions [23], [24], [25], [26], [27], [28],
[29] for tackling the tracking problem. In [23], the authors
propose integrated sensing and communication (ISAC) tech-
niques to enhance vehicle-to-infrastructure (V2I) networks by
dynamically adjusting 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 oper-
ating in temporally correlated channels, advocating a hybrid
analog/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-
frequency space (OTFS) 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 tracking
vehicular users equipped with RISs. While the above stud-
ies 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, incor-
porates phase configuration diversity through multiple RIS
states, and employs an MMV-based sparse recovery frame-
work for enhanced multipath estimation. Furthermore, 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 simulations
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 constituted 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.
� We first propose a RIS-aided localization scheme for

single-shot localization, using the multiple measurement
vector based modified sparse Bayesian learning (MMV-
mSBL) algorithm relying on the time, frequency and
angular domains.

� 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 frequency
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.

� 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 sup-
port 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 sec-
ond stage. Finally, in the third stage, the Kalman filter
is employed for tracking exploiting the prior informa-
tion gleaned during the offline training, which improves
the accuracy and robustness compared to single-shot
localization.

� 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 in-
troduces the model of our localization and tracking system.
Section III introduces the framework of single-shot local-
ization, while Section IV presents the three-stage tracking
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TABLE 1. Contrasting Our Novelty to the Literature

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

technique conceived. The simulation setup and our simulation
results are provided in Section V. Finally, we conclude in
Section VI.

Notations: a, a, A stand for scalar, vector and matrix,
respectively. AT, AH, A†, ‖a‖2 and ‖A‖F represent the trans-
pose, Hermitian transpose, pseudoinverse, Euclidean norm
and Frobenius norm of matrix A, respectively. The (i, j)-th
entry of A is [A]i, j , 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.

II. SYSTEM MODEL
We consider an indoor downlink (DL) MIMO localization
and tracking system, where the BS and the moving UE are
equipped with NB and NU antennas, respectively. Further-
more, a RIS having NR 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 = [bx, by]T ∈ R
2, and

the location of the UE for the k-th state as uk = [uk
x, uk

y]T ∈
R

2, while the location of the RIS is given by r = [rx, ry]T ∈
R

2. 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 θBR and φBR,
while the AoR of the RIS and the AoA of the UE are expressed
as θRU,k and φRU,k 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 τBR and τRU,k , respectively. The study
assumes that the BS, RIS and UE are equipped with a uniform
linear array (ULA) for simplicity.1 Hence, the steering vectors
aB,n(θBR) and aR,n(φBR) at the BS and RIS in the context of
subcarrier n are [30]

aB,n(θBR) = 1√
NB

[
1, e− j2π d

λn
sin(θBR)

, . . .,

e− j2π d
λn

sin(θBR)(NB−1)
]T

∈ C
NB×1, (1)

aR,n(φBR) = 1√
NR

[
1, e− j2π d

λn
sin(φBR)

, . . .,

e− j2π d
λn

sin(φBR)(NR−1)
]T

∈ C
NR×1, (2)

1This can be generalized to any antenna structures.
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where d represents the element spacing, and λn is the wave-
length of the n-th subcarrier. For simplicity, we assume that
the signal bandwidth obeys B � fc, yielding λn ≈ λc, where
λc represents the wavelength of the main carrier [31]. Then,
the mmWave channel model introduced in [32], [33] can be
applied to obtain the (NR × NB)-dimensional frequency do-
main channel matrix of the line between the BS and the RIS,
which can be represented as [34]:

HBR[n] = AR
(
φBR

)
�BR[n]AH

B (θBR) , (3)

where we have

AB (θBR) = [aB(θBR,0), aB
(
θBR,1

)
. . ., aB

(
θBR,LBR−1

)]
,

(4)

AR(φBR) = [aR
(
φBR,0

)
, aR(φBR,1). . ., aR

(
φBR,LBR−1

)]
,

(5)

and the diagonal matrix �BR[n] is given by [16]

�BR[n] = √
NBNR

× diag

{
βBR,0ρBR,0e

− j2πnτBR,0
NTs , . . .,

βBR,LBR−1ρBR,LBR−1e
− j2πnτBR,LBR−1

NTs

}
. (6)

In (4)–(6), LBR is the number of paths between the BS and
the RIS, βBR,l and ρBR,l are respectively the complex Rician
fading gain and path-loss of the l-th path between the BS
and the RIS, and TS = 1/B is the sampling period. In (6),
the time delay τBR,l , i.e. ToA, is given by τBR,l = dBR,l/c,
where c denotes the speed of light, while dBR,l is the propa-
gation distance of the l-th path. Specifically, for the LoS path
(l = 0), the distance between the BS and the RIS is evalu-
ated as dBR,0 = ‖r − b‖2, while for the NLoS path (l > 0),
the distance is dBR,l = ‖sl − b‖2 + ‖r − sl‖2, where sl is the
location of the SC. Again, we consider an indoor localization
scenario in this paper, where the Doppler effect is ignored for
simplicity,2 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 s2,k ∈
R

2 is modeled as a uniformly distributed random point along
the line segment that connects the RIS and the UE, defined as
s2,k = r + λk (uk − r), λk ∼ U(0, 1). This construction re-
flects the physical intuition that local SCs on the RIS-UE path
often lie in proximity of the geometric propagation trajectory.

2For instance, when the carrier frequency fc is 28 GHz and the velocity
of UE is 1 m/s, the Doppler shift is fD = 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 
 f = 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.

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

HRU[k, n] = AU(φRU,k )�RU,k[n]AH
R

(
θRU,k

)
, (7)

where AU(φRM,k )[n] and AR(θRM,k )[n] are defined similarly
as in (3), by adding the index of the k-th state to the channel
parameters φRU,k , θRU,k and τRU,k , 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] = HRU[k, n]�kHBR[n], (8)

where �k ∈ C
NR×NR is the RIS’s phase shift matrix associ-

ated with the motion state k = 0, . . . , K . Furthermore, �k

is a diagonal matrix that has unit-modulus on the diago-
nal elements [35], [36]. Specifically, the diagonal element
is [�k]i,i = e jωi , where ωi ∈ [0, 2π ]. According to (8), we
define the effective channel as

Heff[k, n] = diag
(̂
ρRU,k[n]

)
AH

R

(
θRU,k

)
�kAR (φBR)

× diag
(̂
ρBR[n]

)
, (9)

where

ρ̂RU,k[n] =
[
βk

RU,0ρ
k
RU,0e

− j2πnτk
RU,0

NTs ,

. . . , βk
RU,LRU−1ρ

k
RU,LRU−1e

− j2πnτk
RU,LRU−1
NTs

]T

,

and ρ̂BR[n] is similarly defined according to (6). Thus, the
frequency domain channel can then be represented as

H[k, n] = AU
(
φRU,k

)
Heff[k, n]AH

B (θBR) , (10)

where Heff[k, n] defined in (9) is a function of the phase shifter
matrix �k for the k-th state, which shows the importance of
the angular parameters θRU and φBR, as well as of the corre-
sponding phase shifter design for both channel estimation and
localization. Observe based on (10) that the 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.

III. COMPRESSED SENSING BASED SINGLE-SHOT
LOCALIZATION
In mmWave localization systems, one of the conventional
methods is to exploit the channel-sparsity using CS algorithms
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

VOLUME 6, 2025 1819



LI ET AL.: INDOOR LOCALIZATION AND TRACKING IN RECONFIGURABLE INTELLIGENT SURFACE AIDED mmWAVE SYSTEMS

FIGURE 2. Illustration of the single-shot localization scheme.

inferred from the phase shifts across subcarriers, while angu-
lar 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 ma-
trices 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. 2(a), for the single-shot local-
ization 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 Section III-A.
In Section III-B, we design the phase shifter matrix to pre-
vent the encountering path crossing3 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 introduced in Sections
III-C and III-D, respectively. Furthermore, the PEB is derived
in Section III-E.

A. RANDOM BEAMFORMING FOR CHANNEL SOUNDING
For each motion state k, the first time block t = 0, as shown
in Fig. 2(a), a random precoding matrix F0[k, n] ∈ C

NB×G

associated with uniform Gaussian distribution and a random
combining matrix W0[k, n] ∈ C

NU×G with uniform Gaussian
distribution are employed for eliminating directional bias and

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).

achieving isotropic coverage, where G denotes the number
of symbol durations, as shown in Fig. 2(b). 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 �0

k at the RIS is set randomly and
it is fixed during the next G symbol durations. Thus, for the
k-th state and t = 0-th time block, the observations at the UE
can be further written as

Y0[k, n] =
√

P
(
W0[k, n]

)H
H0[k, n]F0[k, n]

+ (W0[k, n]
)H

N0[k, n]. (11)

Let us introduce the beamspace channel representation [31],
which is obtained via uniformly sampling the spatial angles in
the beamspace, yielding:

UB = [
uB (q0) , . . . , uB

(
qGr−1

)]
,

uB (qr ) = [
1, . . . , e j2π (NB−1)qr

]T
. (12)

In (12), UB is a unitary DFT matrix determined by

the beamspace grid indices of qr = (r−1)+(− Gr−1
2 )

Gr
,∀r ∈

[0, Gr − 1], where Gr is the beamspace resolution of the spa-
tial angles. Then, the beamspace channel representation of
H0[k, n] in (11) for the k-th state and for the t = 0 block can
be written as

H0
v[k, n] = UH

UH0[k, n]UB ∈ C
NU×NB , (13)

where the DFT dictionary matrix Uu for the receiver array is
obtained similarly as UB. Upon substituting (13) into (11), we
obtain

Y0[k, n] =
√

P(W0[k, n])HUUH0
v[k, n]UH

BF0[k, n]

+ (W0[k, n])HN0[k, n]. (14)

Furthermore, to represent the channel vector in a standard CS
form, let us vectorize the observations Y0[n], yielding [41]:

vec
(
Y0[k, n]

)=vec
(√

P
(
W0[k, n]

)H
UUH0

v[k, n]UH
BF0[k, n]

+ (W0[k, n]
)H

N0[k, n]
)

= [(F0[k, n])T ⊗ (W0[k, n]
)H

]
[(

U0
B

)∗ ⊗ U0
U

]
×vec

(
H0

v[k, n]
)+vec

((
W0[k, n]

)H
N0[k, n]

)
= �0[k, n]χ0h0

v[k, n] + n0[k, n], (15)

where �0[k, n] = (F0[k, n])T ⊗ (W0[k, n])H is the sensing
matrix,4 and χ0 = (U0

B)∗ ⊗ U0
U is the overcomplete dictio-

nary or beamspace transformation matrix [31], [41]. Further-
more, h0

v[n] is the vectorized beamspace channel vector to
be estimated, while n0[k, n] is the noise vector. The AoD

4In 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 im-
plementation complexity.
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θ̂BR,k and AoA φ̂RU,k 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. 2(b), for the k-th state, when the pre-
coding matrices F1[k, n] = F2[k, n] = . . . = FT [k, n] at the
BS and the combining matrix W1[k, n] = W2[k, n] = . . . =
WT [k, n] at the UE are obtained for the blocks t > 0, as
shown in the previous subsection, the AoR at the RIS can
then be estimated using the time block of t > 0, as shown in
Fig. 2(c), which can be used in the single-shot localization of
the UE.

More specifically, as mentioned in Section II, after the esti-
mation of θBR,k and φRU,k in the first stage, the corresponding
beam training matrices at the BS and the UE for the RIS can
be designed as follows:

Wt [k, n] = AU
(̂
φRU,k

)
,

Ft [k, n] = AB

(̂
θBR,k

)
, (16)

where we have t = 1, . . ., T , k = 0, . . ., K and n =
0, . . ., N − 1. Recalling the time block t = 0 for each state
k, we note that the number G of symbol durations required
in the first stage, as shown in Fig. 2(a) is much higher than
the number of paths LBR and LRU, where LRU denotes that
between the RIS and the UE, while LBR of those between the
BS and RIS, respectively. In contrast, for t > 0, as shown in
Fig. 2(b), the number of symbol durations M only has to be
larger than the number of paths, e.g. M ≥ LRU and M ≥ LBR,
resulting in Wt [k, n] ∈ C

NB×LRU and Ft [k, n] ∈ C
NB×LBR . In

this regard, the training overhead can be significantly reduced
for the t > 0 blocks.

Recalling (11) and (16), the received signal at the UE corre-
sponding to t > 0 for the k-th motion state can be formulated
as

Yt [k, n] =
√

P
(
Wt [k, n]

)H Ht [k, n]Ft [k, n]

+ (Wt [k, n]
)H Nt [k, n]

=
√

P
(
Wt [k, n]

)H AU (φRU) Ht
eff[k, n]

× AB (θBR) Ft [k, n] + (Wt [k, n]
)H Nt [n]

≈
√

PHt
eff[k, n] + (Wt [k, n]

)H Nt [k, n], (17)

where Wt [k, n]HAU(φRU) ≈ I and AB(θBR)Ft [k, n] ≈ I, ow-
ing to the precoder and combiner designed for the BS and
the UE, as shown in (16). However, in practical settings, the
estimated directions θ̂BR,k , φ̂RU,k 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 Ft [k, n] and Wt [k, n]. To model this, we
introduce a signal fidelity coefficient ηerror ∈ (0, 1], represent-
ing 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

Yt [k, n] ≈ η2
errorH

t
eff[k, n] + (Wt [k, n]

)H Nt [k, n]. (18)

We emphasize that the noise term (Wt [k, n])HNt [k, n] is kept
unchanged to preserve analytical simplicity, even though the
combiner mismatch could slightly affect the noise projection.
Then, the effective channel Ht

eff[k, n] is defined in (9). It
can be shown that the (a, b)-th entry of the effective channel
Ht

eff[k, n] can be expressed as [12]

[Ht
eff[k, n]](a,b) = (̂

ρRU[k, n]
)

a

(
ωt

k

)T
× a

([
θspatial,k

]
(a,b)

) (̂
ρBR[k, n]

)
b , (19)

where ωt
k is a vector denoting the diagonal elements of the

phase shift matrix �t
k , and θspatial,k = asin(sin([φBR,k]b) −

sin([θRU,k]a)) is the spatial frequency [12]. By vectorizing (9),
the effective channel vector can be represented as ht

eff [k, n] =
vec(Ht

eff[k, n]) ∈ C
LRULBR×1, and the elements of ht

eff [k, n]
can be written as[

ht
eff [k, n]

]
l = ρ̂l [k, n]ωt

ka
(̂
θspatial,k,l

)
, l = 1, . . ., LRULBR,

(20)

where we have ρ̂l [k, n] = (̂ρRU[k, n])a (̂ρBR[k, n])b,
θ̂spatial,k,l = arcsin(sin([φBR,k]b) − sin([θRU,k]a)), while
a = mod (l − 1, LRU) + 1 and b = �l/LRU
. Consequently,
when considering all the observations over T blocks for the
k-th state, according to (17), we have

Y[k, n]= [vec
(
Y1) [k, n], vec

(
Y2) [k, n], . . ., vec

(
YT) [k, n]

]
,

n = 0, . . ., N − 1. (21)

The effective channel is further expressed as Ĥeff[k, n] =
[h1

eff[k, n], h2
eff[k, n], . . ., hT

eff[k, n]]. Furthermore, based on
(17), (19) and (20), it can be shown that the l-th row of Y[k, n]
is

Yl,:[k, n] ≈ Ĥeff,l,:[k, n]T + N̂l,:[k, n]

= �̂k ρ̂l [k, n]a(̂θspatial,k,l ) + N̂l,:[k, n],

l = 1, . . ., LRULBR. (22)

Phase shift configuration: In (22), �̂k = [ω1
k,ω

2
k, . . .,ω

T
k ]T

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

FR =

⎡⎢⎢⎢⎢⎢⎢⎣

1 1 1 · · · 1

1 ω ω2 · · · ωT −1

1 ω2 ω4 · · · ω2(T −1)

...
...

...
. . .

...

1 ωT −1 ω2(T −1) · · · ω(T −1)(T −1)

⎤⎥⎥⎥⎥⎥⎥⎦ , (23)

where �̂k contains the first NR rows of FR (NR ≤ T ), e.g.
�̂k = [FR]1:NR,: and each column of �̂k denotes ωt

k , which is
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the phase shift vector for the k-th state and t-th time block.
Moreover, the stacked noise matrix is expressed as N̂[k, n] =
[vec(W1[k, n]HN1[k, n]), vec(W2[k, n]HN2[k, n]), . . ., vec
(WT [k, n]HNT [k, n])], where the covariance matrix of
the AWGN vector with respect to the t-th block is
Rt

k = (σ t
k )2Wt [k, n]HWt [k, n]. Moreover, the covariance

matrix Rk ∈ C
T LRULBR×T LRULBR of the vectorized noise

matrix vec(N̂[k, n]) is a block diagonal matrix, with the
matrices Rt

k on its diagonal.

C. SPARSE FORMULATION
To estimate the AoR θRU,k and the ToA τRU,k between the RIS
and the UE for the k-th state, the problem can be formulated
as the estimation of ρ̂l [k, n] and θ̂spatial,k,l , since the locations
of both the BS and RIS are usually fixed in most applications
in practice. Hence the related angles such as θBR, φBR, and the
ToA τBR can be determined in advance [20]. Let us introduce
the DFT matrix UR for the sparse formulation of a(̂θspatial,k,l )
in (22). Hence, UR is defined in the same way as (12). Then,
the received signal of (22) can be alternatively expressed as

Yl,:[k, n] = �khl [k, n] + n̂[k, n], (24)

where �k = �̂
T
k UR can be viewed as a sensing matrix, and

hl [k, n] is the desired sparse vector, which embeds the lo-
cation 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 measurement,
represented as

l̂ = arg max
∥∥Yl,: [k, n]

∥∥2
2, (25)

which reduces the number of paths from LRULBR to 1. Con-
sequently, when considering T blocks, N subcarriers, and l̂-th
path components, corresponding to (24), the received signals
can be expressed as

Ŷk = �kĤk + Zk, (26)

where Ŷk ∈ C
T ×N , �k ∈ C

T ×NR and Ĥk ∈ C
NR×N , while

each column of Zk reprensents the noise matrix. Finally, after
the vectorization of (26), the received signal can be repre-
sented in a group sparse [44] format as

ŷk = �̂k ĥk + zk . (27)

In (27), we have ŷk = vec(ŶT
k ) ∈ C

NT ×1, �̂k = (�k ⊗ IN ) ∈
C

NT ×NNR , and ĥk = vec(ĤT
k ) ∈ C

NNR×1. Furthermore, ac-
cording to (22), the noise variance for the k-th state, t-th
time block and n-th subcarrier can be expressed as (σ̂ t

k )2 =
σ 2

k Wt
:,̂l

[k, n]HWt
:,̂l

[k, n]. Hence, the covariance of the ele-

ments in zk can be written as R̂t,t
k = (σ̂ t

k )2, where R̂t,t
k denotes

the t-th diagonal element of R̂k . Therefore, in (27), the co-
variance matrix of the noise vector zk can be expressed as
R̃k = E{zkzH

k } = (R̂k ⊗ IN ).

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 us-
ing the modified MMV-SBL algorithm to estimate the channel
parameters.

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 ro-
bustness 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 mentioned in the previous subsection,
the desired group-sparse vector ĥ 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 ĥk for the k-th state can be mathematically
expressed as

p
(̂
hk;�k, Ck

) =
NR∏
j=1

p
(

h j
k; γ

j
k , Ck

)
, (28)

where Ck denotes the correlation matrix of hyperparamters
for the k-th motion state, γ

j
k is the hyperparameter controlling

the variance of each group, while h j
k denotes the j-th group of

ĥk . Specifically, for a given γ
j

k and Ck , the probability density

function (PDF) of h j
k is

p
(

h j
k; γ

j
k , Ck

)
= 1(

πγ
j

k

)N
det (Ck )

e

(
− (h j

k )HC−1
k h j

k
γ

j
k

)
. (29)

Explicitly, h j can be generated on the basis of the hyperparam-
eter γ j . When considering all the NR groups, we have a vector
γ that controls the prior variance of the group of elements in
hk . Let �k = diag(γk ) ∈ R

NR×NR be a diagonal matrix with
the hyperparameter vector γk on its diagonal.

Specifically, to solve our problem, the expected value
for the (i − 1)-st iteration of the log-likelihood function

�(�k, Ck |̂�i−1
k , Ĉi−1

k ), corresponding to the complete data
{̂yk, ĥk}, is determined by the E-step formulated as

�
(
�k, Ck |̂�i−1

k , Ĉi−1
k

)
= E

ĥk |̂yk;�̂i−1
k ,Ĉi−1

k

{
lnp
(̂
yk, ĥk;�k, Ck

)}
. (30)

Then, by employing Bayes’ rule to (30), the M-step
designed for maximizing the log-likelihood function

�(�k, Ck |̂�i−1
k , Ĉi−1

k ) to update �k and Ck can be expressed
as

(�̂
i
k, Ĉi

k ) = arg max
�k ,Ck

E
{
lnp
(̂
hk;�k, Ck

)}
. (31)
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Then, based on (28) and (29), each γ
j

k is decoupled by the
M-step, and according to [45], the a posteriori PDF for the

i-th iteration is given by p(̂hk |yk; �̂
i−1
k , Ĉi−1

k ) ∼ CN(μi
k, κ

i
k )

with

μi
k = κi

k�̂
H
k R̃−1

k ŷk,

κi
k =

[
(�̂

i−1
k ⊗ Ĉi−1

k )−1 + �̂
H
k R̃−1

k �̂k

]−1
. (32)

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

κi
k ≈

((
�̂

i−1
k

)−1 + �H
k R̂−1

k �k

)−1

⊗ Ĉi−1
k , (33)

and the posterior mean efficiently is updated as

μi
k ≈ [(̂

κi
k�

H
k R̂−1

k

)⊗ IN
]

vec
(
ŶT

k

)
= vec

([˜̂Hk,i

]T
)

, (34)

where ˜̂Hk,i = κ̂i
k�

H
k R̂−1

k Ŷk . By substituting the approxima-

tions of (33) and (34) into (32), the hyperparameter γ
j,i

k can
be expressed as

γ
j,i

k = [̂κi
k

]
j, j + 1

N

([˜̂Hi

k

]
j,:

)H (
Ĉi−1

k

)−1
[˜̂Hi

k

]
j,:

, (35)

where the correlation matrix Ĉi
k is represented as

C̃i
k =

NR∑
j=1

1

γ
j,i

k

[˜̂Hi

k] j,:

([˜̂Hi

k

]
j,:

)H

+ ηIN ,

Ĉiter = C̃i
k∥∥C̃i

k

∥∥
F

, (36)

with η having a constant. The estimation of the desired vector˜̂hk is given by the converged a posteriori mean μi
k . To recover

the estimated channel vector into matrix for the k-th state,
we have ˜̂Hk = reshape(̃̂hk, N ) ∈ C

NR×N . After obtaining the
channel parameters, the location of UE can be recovered as
shown in Fig. 2(c).

Delay estimation: the estimated channel gain ˜̂ρk,̂l and the

ToA τ̂RU,k,̂l for the l̂-th path is recovered as

˜̂ρk,̂l = max(˜̂Hk, 2) ∈ C
1×N ,

τ̂BRU,k,̂l = arg max
τBRU,k,l

∣∣∣g(τBRU,k,̂l )̃̂ρk,̂l

∣∣∣2
τ̂RU,k,̂l = τ̂BRU,k,̂l − τBR,̂l , (37)

where g(τBRU,k,̂l ) = [1, . . ., e− j2π (N−1)τBRU,k,̂l/(NTs )]T repre-
sents the on-grid candidates of the delay between the BS and
the UE, and τ̂BRU,k,̂l denotes the total delay between the BS
and the UE, while τBR,̂l is assumed to be known, 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˜̂θspatial,k,̂l for the l̂-th
path can be expressed as

ŝ = arg max
s=1,...,NR

N∑
n=1

˜̂H:,n,

θ̂spatial,k,̂l = arcsin

(
λc

d

ŝ − (NR − 1)/2 − 1

NR

)
,

θ̂RU,k,̂l = arcsin
[
sin
(
φBR,̂l

)
− sin

(
θ̂spatial,k,̂l

)]
. (38)

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

ûk = r + cτ̂RU,k,1
[
cos
(
θ̂RU,k,1

)
, sin

(
θ̂RU,k,1

)]T
, (39)

where r is the location of the RIS, as the reference node
of localization. In successive motion states, directly applying
single-shot localization at each time step can lead to quantiza-
tion errors in both the angular and time domains. Therefore,
we incorporate a Kalman filter to perform temporal 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 ûk are collected, the Kalman filtering can be used
for improving trajectory recovery, which will be detailed in
the next section.

E. CRAMER-RAO LOWER BOUNDS
In this subsection, we obtain the CRLBs of θRU and τRU for
the k-th state, and also the PEB of the UE. Based on (22), the
log-likelihood function is

ln p(Y | uk )∝−
L,N∑
l,n

∥∥Yl:[k, n]−�̂k ρ̂l [k, n]a(θspatial,k,l )
∥∥2

R−1
k

,

(40)

where we have L = LBRLRU, ‖x‖R−1
k

= xHR−1
k x. Further-

more, the Fisher information matrix (FIM), given LRULBR and
the number of subcarriers N , can be defined as

I =
L,N∑
l,n

2

σ 2
� {JH

l,nJl,n
}
, (41)

where we have Jl,n = [
∂μl,n

∂uk
x

,
∂μl,n

∂uk
y

], and μl,n is the noiseless

version of (22). The derivation of Jl,n is detailed in Appendix
A. The PEB is defined as

PEB =
√

Trace(I)−1. (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
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FIGURE 3. Illustration of the proposed three-stage tracking scheme.

performance of the single-shot localization for trajectory es-
timation, based on the statistical characterization of the noise
distribution in the measurement model of Section III 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 used
for tracking the user for k > 0, where we consider the state
transition model with fixed velocity, may be expressed as

xk = Txk−1 + qk, (43)

where the state variables xk = [uk
x, v

k
x , uk

y, v
k
y ]T, and the pro-

cess noise lead to variations in both direction and speed,
defined as qk ∼ CN(0, σ 2

qi
). As introduced in Section II,

the Cartesian coordinate of the UE is represented as uk =
[uk

x, uk
y]T ∈ R

2. Furthermore, vk
x and vk

y denote the velocity
of the UE along the x-axis and y-axis, respectively. The state
transition matrix T is given by5

T =

⎡⎢⎢⎣
1 
T 0 0
0 1 0 0
0 0 1 
T
0 0 0 1

⎤⎥⎥⎦ . (44)

In (44), 
T is the interval of input samples. On the other hand,
the measurement variable is given by x̂k = [û k

x , v̂ k
x , û k

y , v̂ k
y ]T.

At each time step, the position is estimated via single-shot
localization based on (39), which is denoted as ûk = [ûk

x, ûk
y]T.

Due to the use of discrete delay-angle grids and practical
estimation errors, this estimate contains both a systematic bias
bk and measurement noise rk , which can be modeled as

x̃k = xk + bk + rk . (45)

To enable standard Kalman filtering, which assumes zero-
mean Gaussian noise, we apply an offline bias compensa-
tion strategy. The average estimation bias bk is statistically

5In 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].

estimated from Section III. This bias is subtracted from ûk .
Therefore, the Kalman filter assumes a linear measurement
model6 formulated as follows

x̃k = Mkxk + rk, (46)

where the measurement matrix is Mk = I4 and the measure-
ment noise is expressed as rk ∼ CN(0, σ 2

r ). Alternatively,
when only the measurements of locations are considered in
(46), the measurement matrix can be further written as

Mk =
[

1 0 0 0
0 0 1 0

]
. (47)

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

x̂k|k−1 = T̂xk−1|k−1, (48)

where x̂k−1|k−1 is the a posteriori prediction gleaned from
the previous state. Thus, the estimated covariance matrix is
updated as

Pk|k−1 = TPk−1|k−1TT + Q, (49)

where Q = diag(σ 2
q1

, σ 2
q2

, σ 2
q3

, σ 2
q4

). Based on the prediction
stage in (48), the Kalman gain is updated as

Kk = Pk|k−1(Mk )T[MkPk|k−1(Mk )T + Vk
]−1

, (50)

where the measurement noise covariance matrix is given by7

Vk = diag(σ 2
rk,1

, σ 2
rk,2

). Accordingly, the prediction is updated
as

x̂k|k = x̂k|k−1 + Kk
(̃
xk − Mk x̂k|k−1

)
, (51)

and the updated covariance matrix is expressed as

Pk|k = (I − KkMk ) Pk|k−1. (52)

Finally, we define the smoothed trajectory {ûk|k}K
k−1

UKF = [û1|1, û2|2, . . . , ûK|K
]
. (53)

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 s1 = [1, 3], while the
second scatterer s2 is randomly located between the RIS and

6Note 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].

7The noise distribution of Vk for the k-th state can be obtained based on
offline statistics using the method detailed in Section III.
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Algorithm 1: Three-Stage Tracking Scheme.

Inputs: Observations Ŷk ; Sensing matrix �k ; Maximum
iteration ζ . Process noise covariance Q Measurement
noise covariance Vk

Objectives: To estimate ûk .
1: for k = 0, . . ., K do
2: if k < 1 then
3: Initialize hyperparameters: �̂

0
k = INR , �̂

−1
k = 0NR

4: for i = 0, . . ., ζ do
5: Expectation: Evaluate the a postriori mean μi

k
and covariance matrix κi

k according to (34) and
(33), respectively.

6: Maximization: Update the hyperparameters
γ

j,i
k based on (35), and the correlation matrix

Ĉi
k based on (36), with

�̂iter = diag(γ1,iter, γ2,iter, . . ., γNR,iter ).
7: end for
8: ToA and AoR estimation based on (37) and (38),

respectively.
9: Kalman filter initialization ûk=0 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 ûk from x̂k|k .

the UE. The carrier frequency fc 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 using
the sensing matrix and sparse coefficients. Specifically, SNR

(dB) =10 log10( ‖�̂k ĥk‖2

σ 2
k

). Finally, the estimation performance

is characterized by the root mean squared error (RMSE), de-
fined as:

RMSE =
√

1

K

∑K

k=1
‖̂q − q‖2

2, (54)

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

A. SINGLE-SHOT LOCALIZATION PERFORMANCE
In the simulation results of single-shot localization, the loca-
tion of the RIS is set to r = [2, 20]T, and the UE is moving in
a 20 × 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 pro-
posed method is more accurate and robust than the SMV
based approximate message passing algorithm (AMP) and
the MMV based simultaneous orthogonal matching pursuit
(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
error of the proposed algorithm is significantly lower than that
of the rest.

To assess this impact, we characterized various levels
of misalignment values ηerror = {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 ηerror = 0.90,
which confirms that the proposed method maintains robust
performance under moderate beamforming inaccuracies.

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 configura-
tions 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 re-
covery.

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(τ ) of (37), which is constructed from an overcom-
plete 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 0 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 GR 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 cumulative dis-
tribution function (CDF) of single-shot localization accuracy
under varying angular resolutions. As the angular resolution
increases, the localization error decreases, resulting in higher
accuracy. The steeper CDF curves highlight the significant
advantage of high angular resolution in reducing the localiza-
tion errors. This suggests that optimizing the antenna arrays
or signal processing can effectively enhance localization per-
formance.
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FIGURE 4. CDF of the UE’s estimation error using different channel estimation algorithms at SNR = 0 and −5 dB.

FIGURE 5. CDF of localization error under different beam misalignment
levels ηerror at SNR=5 dB and T = 16.

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 pattern.
This analysis evaluates the effectiveness of the Kalman fil-
ter in refining the trajectory estimation. Observe in Fig. 10
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 localiza-
tion results show significantly higher errors, which implies
that the lack of strong reflected paths leads to poor local-
ization accuracy. Kalman filtering succeeds in mitigating the
errors, but still fails to fully compensate for the poor RIS
placement. The estimated trajectory still deviates from the
ground truth, indicating that RIS positioning plays a crucial
role in tracking performance. To further enhance performance,
simultaneously transmitting and reflecting reconfigurable in-
telligent surface (STAR-RISs) [50], [51], [52] and more robust
tracking models can be employed, which will be part of our
future research.

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 different
trajectories. The single-shot localization shows noticeable de-
viations, 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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FIGURE 6. CDF of the UE’s estimation error using different RIS phase shift configurations, including the DFT-based and random-based configurations,
when the number of time blocks T = 16, 24, 32 for different SNR values.

FIGURE 7. CDF of localization error under different ToA estimation
methods, e.g., channel estimation based and IFFT based pulse estimation,
when SNR=5 dB and T = 32.

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

FIGURE 9. CDF of single-shot localization accuracy for NB = NU = NR = 16
and T = 32, at different angular resolutions.

FIGURE 10. The trajectory of the ground truth versus the single-shot
localization and the proposed method, when NB = NU = NR = 16, K = 50
and T = 32 for straight movement.
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FIGURE 11. The trajectory of the ground truth versus the single-shot
localization and the proposed method, when the UE’s trajectory is behind
the RIS.

FIGURE 12. The trajectory of the ground truth versus the single-shot
localization and the proposed method in arbitrary tracking, when
NB = NU = NR = 16, K = 50 and T = 32.

SNR conditions. The study examines how different noise lev-
els affect the localization accuracy. At higher SNR levels, both
single-shot localization and Kalman tracking closely follow
the ground truth. The tracking error remains minimal, show-
ing 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 measurements. Nonethe-
less, 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 res-
olutions. Observe from Fig. 14 that the higher beamspace

FIGURE 13. Investigation of the impact of different SNRs: the trajectory of
the ground truth versus the single-shot localization and the proposed
method in arbitrary tracking, when NB = NU = NR = 16, K = 50 and T = 32.

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
NB = NU = NR = 16, K = 50 and T = 32.

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 con-
clude that Kalman filtered tracking outperforms single-shot
localization in both cases, but the performance gap narrows at
higher resolutions.

VI. CONCLUSION
In this paper, we addressed the problem of UE trajectory
tracking in an indoor environment having multiple random
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scatterers. We proposed a three-stage localization and tracking
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 path
crossing issue. To reduce complexity, we exploited the fre-
quency diversity for path selection, simplifying the AoR and
ToA estimation. A three-stage tracking scheme was designed
for mitigating the training overhead. It relied on offline train-
ing 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 analyzed. Our framework improved
thelocalization robustness and efficiency, offering a promising
solution for indoor UE tracking.

APPENDIX A
ELEMENTS IN (41)
To obtain the Jacobian matrix Jl,n of l-th path and n-th sub-

carrier for the k-th state, each element of Jl,n = [
∂μl,n

∂uk
x

,
∂μl,n

∂uk
y

],

and μl,n is given by

∂μl,n

∂uk
x

=̂�k

(
∂ρ̂l [k, n]

∂τRU,l,k

∂τRU,l,k

∂uk
x

a+ρ̂l [k, n]
∂a

∂θRU,l,k

∂θRU,l,k

∂uk
x

)
,

(55)

where the derivatives in (55) is indexed by a in (20) defined as

∂ρ̂l [k, n]

∂τRU,l,k
= ρ̂l [k, n] (− j2πnB/N ) , a ≥ 1, (56)

∂τRU,l,k

∂uk
x

= uk
x − rx

c ‖uk − r‖2
, a = 1, (57)

∂τRU,l,k

∂uk
y

= uk
y − ry

c ‖uk − r‖2
, a = 1, (58)

∂θRU,l,k

∂uk
x

= −uk
y + ry

‖uk − r‖2
2

, a = 1, (59)

∂θRU,l,k

∂uk
y

= −uk
x + rx

‖uk − r‖2
2

, a = 1, (60)

∂τRU,l,k

∂uk
x

= uk
x − s2,x

c ‖uk − s2‖2
, a �= 1, (61)

∂τRU,l,k

∂uk
y

= uk
y − s2,y

c ‖uk − s2‖2
, a �= 1, (62)

∂θRU,l,k

∂uk
x

= 0, a �= 1, (63)

∂θRU,l,k

∂uk
y

= 0, a �= 1. (64)

∂a(θspatial,k,l )

∂θRU,l,k
= jπ

d

λc
cos
(
θspatial,k,l

)
Da
(
θspatial,k,l

)
, (65)

where s2 denotes the location of the second SC. Further-

more, D is defined as D = diag(0, . . . , NR − 1), and a 
=
a(θspatial,k,l ).
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