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3D Cooperative Positioning via RIS and Sidelink
Communications with Zero Access Points

Mustafa Ammous, Student Member, IEEE , Hui Chen, Member, IEEE , Henk Wymeersch, Fellow, IEEE ,
and Shahrokh Valaee, Fellow, IEEE

Abstract—Reconfigurable intelligent surfaces (RISs) are expected to be a main component of future 6G networks due to their
capability to create a controllable wireless environment, achieve extended coverage, and improve localization accuracy. In this paper,
we present a novel cooperative positioning use case of the RIS in mmWave frequencies and show that in the presence of RIS, together
with sidelink communications, localization with zero access points (APs) is possible. We show that multiple (at least three) half-duplex
single-antenna user equipments (UEs) can cooperatively estimate their positions through device-to-device communications with a
single RIS as an anchor without the need for any APs. We start by formulating a three-dimensional positioning problem with
Cramér-Rao lower bound (CRLB) derived for performance analysis. After that, we discuss the RIS profile design and the power
allocation strategy between the UEs. Then, we propose low-complexity estimators for estimating the channel parameters and UEs’
positions. Finally, we evaluate the performance of the proposed estimators and RIS profiles in the considered scenario via extensive
simulations and show that sub-meter level positioning accuracy can be achieved under multi-path propagation.

Index Terms—Cooperative positioning; device-to-device (D2D); millimeter wave (mmWave); reconfigurable intelligent surface (RIS).

✦

1 INTRODUCTION

1.1 Motivation

Accurate positioning1 is crucial for various services and
technologies such as emergency services, Internet-of-Things,
intelligent transportation systems, and smart cities [1], [2].
While the global navigation satellite system (GNSS) is com-
monly used, its accuracy diminishes in urban and indoor
settings due to signal blockage [3]. Radio positioning using
communication infrastructure offers a viable alternative by
leveraging power–, time–, or angle–based measurements for
position estimation [4]. 5G and beyond 5G networks are ex-
pected to enhance positioning accuracy by utilizing higher
bandwidths, higher frequencies and massive multiple-input
multiple-output (mMIMO) [5]. One of the challenging issues
for systems operating at high frequency (e.g., mmWave and
THz bands) is the high penetration and path losses, limiting
the coverage of communication and positioning services.
Network densification, by adding more access points (APs),
helps to improve network connectivity and coverage, but
will drastically increase hardware and deployment costs,
and energy consumption [6]. Instead, adding passive nodes
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1. We use the terms localization and positioning interchangeably in
this paper, as a core function of sensing, indicating the estimation of UE
location (or position).

to the network will achieve a more optimized system cost
and lower energy consumption.

Recently, the concept of reconfigurable intelligent surfaces
(RISs), also referred to as intelligent reflective surfaces (IRSs),
has drawn attention from both academia and industry due
to their relatively low cost and ability to enhance coverage
while reducing energy consumption [7]. RIS is an array
of digitally-controlled metamaterial elements that reflect
incident signals [8]. RISs can improve communications by
creating an indirect path between an AP and a user equip-
ment (UE) when the line-of-sight (LoS) is not available, or
to boost the communication capability in the presence of
LoS [9]. Recent studies have shown that RIS can also assist
localization services [10]. Although one AP is sufficient for
communication purposes, more anchors (APs) are usually
needed for location estimation [2]. For example, three time-
difference-of-arrival (TDOA) measurements from four APs
are needed for localization in 4G systems, while angle mea-
surements from two APs (equipped with antenna arrays)
are sufficient for localization in 5G networks [9]. By acting
as an additional anchor, RIS enables location estimation with
only one AP [9]. Recently, it has been shown that with
the assistance of RIS, a full-duplex UE can achieve self-
localization without the need for APs [11].

Furthermore, the introduction of sidelink or device-to-
device (D2D)2 communications in 5G-NR opens the road
for a slew of opportunities to achieve more accurate UE
positioning due to the availability of a larger number
of radio measurements via cooperation between different
UEs [12], [13]. Without the need for a coordinating AP,
the UEs can autonomously select sidelink resources from
a pre-configured sidelink resource pool(s) [14]. Thus, the

2. Sidelink or D2D communications refer to direct communications
between UEs without the data passing through the AP.



2

introduced sidelink communication can make localization
services available in partial-coverage and out-of-coverage
scenarios. This is particularly important in environments
with severe AP and GNSS signal blockages, such as indoors,
in tunnels, or in dense urban areas [2]. Moreover, when a
large number of nodes are present within the AP’s coverage
area, the central localizer on the AP would suffer from
significant overhead in managing the positioning of all UEs.
In contrast, sidelink communications alleviate this burden
by enabling positioning through cooperation among UEs
and thus reducing the strain on the AP. In this paper,
we argue that with D2D communications and cooperation
between multiple UEs, a single RIS anchor can enable AP-
free positioning.

1.2 Related Work

In this section, we review related works on RIS-
aided/enabled UE positioning, categorizing them into three
main groups. First, we consider studies that explore RIS for
positioning in the presence of APs. Next, we discuss cooper-
ative positioning systems involving APs. Finally, we review
works focused on AP-free localization with the assistance of
RISs.

Several recent works have studied the importance of
RISs in improving positioning accuracy [15], [16], [17], [18],
[19]. In [15], [16], the authors derive the position and ori-
entation error bounds in a RIS-assisted system with one
AP and one UE using the Fisher information matrix (FIM).
They also show that the positioning error decreases by
finding the optimal configuration of the RIS elements. In
[17], the authors optimize the configuration of RIS elements
by minimizing a localization loss function with received
signal strength (RSS) measurements in a multi-user scenario.
It has also been shown that the RIS can be used to build
a radio map of RSS measurements for localization using
fingerprinting and supervised learning [18]. In [19], the
authors consider a positioning scenario with multiple RISs
and non-line-of-sight (NLoS) links. They propose the design
of orthogonal phase shifts at the RISs to differentiate the
signals arriving at the UE from different RISs for location
estimation. Other studies utilize RISs for localizing and
tracking objects, and creating the image of the scene [20],
[21], [22]. However, none of these works considers AP-free
localization or tracking.

Other works have considered cooperative positioning
(CP) with RIS-assisted systems. In [23], [24], the authors
have considered positioning systems with one BS, one RIS
and multiple UEs with D2D capability. Measurements col-
lected from D2D communications in addition to downlink
measurements have been shown to improve positioning
performance [23], [24]. However, both works only consider
direct D2D links and ignore the D2D links in the UE-RIS-
UE paths. On the other hand, the authors in [25] derive the
performance limits of a CP system with multiple APs, one
RIS and one UE. Again, their results show improvement
in positioning accuracy in comparison to non-cooperative
methods, and all the mentioned works assume the avail-
ability of AP(s).

More recently, it has been argued that RISs can enable
localization and mapping without the need for APs [2].

In [11], the authors propose a new use case for the RIS
where a full-duplex single-antenna UE can localize itself
by leveraging controllable reflections with zero APs (i.e.,
acting like a radar). Again, in [26], the authors show that a
full-duplex multiple-antenna UE can perform simultaneous
localization and mapping of the environment with the aid
of RIS and zero APs. In [13], the authors propose a CP use
case in a scenario with one RIS and two single-antenna UEs.
They assume that one UE acts like a radar and transmits
pilot signals to the other UE via a direct path and an indirect
path through the RIS. The radar-like UE first localizes itself
and then localizes the other UE. However, these works on
RIS-enabled zero APs localization assume the presence of
at least one UE with full-duplex capability, which requires
additional hardware costs compared to half-duplex UEs. In
addition, the full-duplex UE in these works can determine
its position by finding the angle of departure at the RIS and
the round-trip time of the reflected signals, which is not
possible with a half-duplex UE.

1.3 Contribution
In this paper, we study a novel CP use case of the RIS
with D2D communications without the need for APs. We
consider a positioning scenario with one RIS and K single-
antenna UEs. We build the system model based on a uni-
form planar array (UPA) architecture at the RIS and or-
thogonal frequency-division multiplexing (OFDM) signals.
The system model proposed in this paper is an extension
of the work in [13], where the authors only consider two-
dimensional (2D) CP with two UEs, one of them being full-
duplex. The main contributions of this work are:

• RIS-enabled CP problem formulation: In contrast
to [13], we expand the system model to consider a
three-dimensional (3D) scenario involving K half-
duplex single-antenna UEs with unknown locations
and one RIS acting as an anchor. Hence, we leverage
D2D communications between the UEs to localize
them. Our feasibility analysis reveals that at least
three UEs are needed to make the location identi-
fiable, which differs from [11] where only one full-
duplex UE is needed (i.e., a hardware upgrade is
required). In addition, we study the performance
limits of the CP system by deriving the Cramér-Rao
lower bound (CRLB) on the channel parameters and
the UEs’ positions. The derived CRLB will be used
to evaluate the proposed estimators as well as the
proposed RIS profile designs.

• RIS profile design: To assist the estimation of the
channel parameters, we decompose the received sig-
nal into two components, a LoS path and a RIS path,
via orthogonal RIS profiles. To design the phase shifts
at the RIS, we propose the use of random phase and
directional codebooks. The choice of the codebook
depends on whether prior information about the
UEs’ positions is available or not. Our proposed
directional codebook depends on spatial frequencies
rather than angles due to the unknown positions
of the UEs. In addition, a generalization of the
directional codebook involving a power allocation
between the UEs is proposed and evaluated.
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Figure 1. The positioning system with one RIS and K single-antenna
UEs showing UE 1 as the transmitter.

• Positioning algorithm development: To localize the
UEs, we use a two-stage approach. First, we start by
estimating the channel parameters for each pair of
UEs, including delay estimations (LoS and reflected
path through RIS), and spatial frequency estimations.
Then, we formulate a simple one-dimensional (1D)
coarse search localization algorithm, followed by
maximum likelihood estimation (MLE), to obtain the
positions of all the UEs.

• Performance evaluation: We evaluate the perfor-
mance of the proposed localization algorithm via
extensive simulations. We verify that the proposed
estimators attain the CRLB at sufficient transmitting
power. We show that a sufficiently large RIS can
replace an AP without any performance degradation,
and the proposed method can achieve sub-meter
level positioning even under multi-path propagation.

The rest of the paper is organized as follows. Section 2
discusses the system setup and the channel model. Then, we
derive the CRLB in Section 3. Next, we propose different RIS
profile designs in Section 4. We then discuss the estimation
of the channel parameters and the proposed localization
algorithm in Section 5. Finally, we evaluate the performance
of the proposed method via numerical studies in Section 6,
followed by Section 7 that concludes this work.

2 PROBLEM FORMULATION

2.1 System Setup

Consider the 3D scenario shown in Figure 1. The system
consists of one RIS and K ≥ 3 single-antenna UEs. The
RIS consists of M passive3 reflecting elements placed in
a UPA facing the x-axis. We assume that the location and
orientation of the RIS are known4 where pR = [xR, yR, zR]

⊤

represents the position of the RIS center as well as the

3. We focus only on passive RISs because they offer benefits like
low power usage and cost-effective deployment. Nevertheless, there
are other types of RISs, including active RISs, hybrid RISs, and simul-
taneously transmitting and reflecting (STAR) RISs [27], which will be
explored in future work.

4. The RIS location and orientation can be predetermined via a
calibration procedure as discussed in [28], [29], or by using the available
map of the environment.

origin of the Cartesian coordinate system. We denote the
unknown position of the k-th UE where k ∈ {1, 2, . . . ,K}
as pUk

= [xUk
, yUk

, zUk
]⊤. In addition, we assume that there

are Sj scatter points (SPs) for each receiving UE j and the
location of SP s seen by the j-th receiving UE is denoted by
pSPj,s

= [xSPj,s
, ySPj,s

, zSPj,s
]⊤ where s ∈ {1, 2, . . . , Sj}.

We assume that the UEs communicate with each other
directly by utilizing D2D communications at the mmWave
band (i.e., frequencies above 24 GHz [30]). As seen in
Figure 1, we assume that only one UE is transmitting at
a time to reduce interference5. We assume that the K UEs
are located within a small geographical area, and thus we
have a fully connected D2D network. Each receiving UE
receives the transmitted signal from three paths: a direct
path, a reflected path through the RIS, and reflections from
SPs in the environment. These assumptions are consistent
with other works on RIS-aided and D2D localization and
D2D communications, such as [19], [24], [33], [34], [35], [36],
[37].

2.2 Channel Model
As mentioned above, we assume that only one UE is trans-
mitting at a time and that the other UEs are in the receiving
mode. Without loss of generality, let us assume that UE i
is transmitting OFDM pilot signals with N subcarriers for
T consecutive time slots. We also assume that the channel
coefficients are fixed during the T transmissions. Further-
more, it is assumed that all pilot symbols transmitted by UE
i are equal to

√
Ei, where Ei is the energy of the symbol.

Similar to [28], [38], we adopt the geometric channel model
to represent the received signal. Then, the signal received
at UE j from the transmitting UE i at the discrete times
t = 1, 2, . . . , T can be defined as

yij,t = y
(LoS)
ij,t + y

(RIS)
ij,t + y

(MP)
ij,t + nj,t, (1)

where y
(LoS)
ij,t , y(RIS)

ij,t and y
(MP)
ij,t represent the received signal

at UE j from the transmitting UE i through the direct path,
the reflected path through the RIS and the reflected signals
from SPs in the environment, respectively. Since the path
degradation in mmWave is strong, we ignore the double-
bounced paths (e.g., UE i-RIS-SP-UE j channel) and only
consider the NLoS components from the UE i-SP-UE j
channel [25]. In (1), the vector nj,t ∈ CN×1 is an additive
white Gaussian noise6 (AWGN) at the j-th receiving UE
where nj,t ∼ CN (0, σ2IN ) with σ2 being the noise variance
and IN is the identity matrix. The LoS signal received at the
j-th UE from the i-th UE, at time t, can be defined as

y
(LoS)
ij,t =

√
Eiβijd (τij) , (2)

5. Any form of orthogonal waveforms, such as positioning reference
signal (PRS) comb signals, could mitigate interference and simplify
processing. These waveforms are widely used in positioning systems
and are considered the standard due to their ability to separate the sig-
nals from different UEs [31]. Alternatively, non-orthogonal waveforms
could be employed for pilot transmissions, which theoretically improve
positioning performance due to the increased transmission power,
given fixed frequency and time resources. However, non-orthogonal
waveforms would require power adaptation to enable the receiver
to perform sequential interference cancellation [32], which introduces
additional complexity that is beyond the scope of this work.

6. The noise here includes both the thermal noise at the receiver and
interferences, which can be assumed to vary slowly, with their power
estimated as part of the background noise power.
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where βij = αije
jρij is the complex channel gain and τij

is the transmission delay. The delay steering vector, d(τ),
is defined as d(τ) = [1, e−j2πτ∆f , . . . , e−j2πτ(N−1)∆f ]⊤

where ∆f is the subcarrier spacing and (·)⊤ is the transpose
operation. In (2), τij = dUiUj

/c + ∆tj − ∆ti where c is
the speed of light, dUiUj

= ∥pUi
− pUj

∥
2

represents the
Euclidean distance between UEs i and j, and ∆tj is the
clock offset at UE j with respect to a reference UE. Further-
more, the signal arriving from the uncontrolled multi-path
propagation, y(MP)

ij,t , can be defined as

y
(MP)
ij,t =

√
Ei

Sj∑
s=1

βij,sd (τij,s) , (3)

where Sj represents the total number of SPs seen by the
receiving UE j. Here, βij,s = αij,se

jρij,s and τij,s are
the complex channel gain and transmission delay of the
uncontrolled path UE i- SP s-UE j, respectively. Again,
τij,s =

(
dUiSPj,s + dUjSPj,s

)
/c+∆tj −∆ti , where dUiSPj,s =

∥pUi − pSPj,s∥2 denotes the distance between UE i and SP s
seen by the j-th receiving UE.

Finally, the signal received at UE j from UE i through
the RIS can be modeled as [9], [38]

y
(RIS)
ij,t =

√
Eiβij,rd (τij,r) (a (ϑi)⊙ a (ϑj))

⊤
ωi,t, (4)

where βij,r = αij,re
ρij,r is the complex channel gain of

the path UE i-RIS-UE j, τij,r is the transmission delay
of the same path and ⊙ represents the Hadamard prod-
uct. Here, τij,r =

(
dRUi

+ dRUj

)
/c + ∆tj − ∆ti , where

dRUi
= ∥pR − pUi

∥2 represents the distance between UE
i and the RIS center. The azimuth and elevation angles mea-
sured at the RIS center with respect to UE i are represented
by the vector ϑi = [θaz,i, θel,i]

⊤. The angles θaz,i and θel,i
are related to the position vector pUi

by:

θaz,i = arctan

(
yUi

xUi

)
, (5)

θel,i = arcsin

 zUi√
x2Ui

+ y2Ui
+ z2Ui

 . (6)

In (4), the vector a(ϑi) ∈ CM×1 represents the RIS response
vector with respect to the angle vector ϑi and the m-th
element of a(ϑi) is defined as [39]

[a (ϑi)]m = ej
2π
λ p⊤

R,mt(ϑi), (7)

where λ is the wavelength of the transmitted signal and
pR,m represents the position of the m-th RIS element. In (7),
t(ϑi) is the direction vector of UE i with respect to the RIS
center defined as [38], [39]

t(ϑi) =

cos(θaz,i) cos(θel,i)
sin(θaz,i) cos(θel,i)

sin(θel,i)

 . (8)

The coefficient vector at the RIS at time t, when UE i is the
transmitter, is defined as

ωi,t =
[
ejωi,t,1 , . . . , ejωi,t,M

]⊤ ∈ CM×1, (9)

where ωi,t,m is the phase shift of the m-th RIS element at
time t when UE i is the transmitter. We can rewrite (4) as

y
(RIS)
ij,t =

√
Eiβij,rd (τij,r) c

⊤ (
γij

)
ωi,t, (10)

where the m-th element of the intermediate steering vector
at the RIS, c

(
γij

)
= a (ϑi)⊙ a (ϑj), can be computed as[
c
(
γij

)]
m

= ej
2π
λ p⊤

R,mγij . (11)

In (11), γij is the spatial frequency vector defined as
γij = [κij , ξij , ζij ]

⊤. Since the RIS is placed in the yz-plane,
the first entry of pR,m equals zero, and hence κij is never
utilized and will be ignored in the rest of the paper. To avoid
angle ambiguity at the RIS, we set the RIS element spacing
to be λ/4, similar to [11]. Hence, we can define the spatial
frequencies as [28]

ξij = sin (θaz,i) cos (θel,i) + sin (θaz,j) cos (θel,j) ,

ζij = sin (θel,i) + sin (θel,j) .
(12)

Consequently, only two spatial frequencies, ξij and ζij , can
be estimated and thus we cannot estimate the angles θaz,i,
θel,i, θaz,j and θel,j directly [28]. From (12), we observe that
both ξij and ζij are in the interval [−2, 2].

Given that our system model comprises K single-
antenna UEs, we operate within a single-input single-output
(SISO) framework. In SISO systems, estimating the trans-
mission delay of multi-path components does not offer
additional information for UE positioning. This is because
a multiple-antenna array is needed at the transmitter or re-
ceiver to determine the SP’s location (for angle estimation).
Although the same SP may affect multiple UE pairs and
make delay-based SP positioning possible, this requires the
assumption of a point target and correct data association.
Hence, multi-path components are ignored in developing
algorithms in this work by dropping y

(MP)
ij,t from (1). We

evaluate the robustness of our proposed estimators to multi-
path propagation in Sections 6.8 and 6.9, where we generate
a rich scattering environment based on real-world channel
measurements. Consequently, the received signal is simpli-
fied to

yij,t = y
(LoS)
ij,t + y

(RIS)
ij,t + nj,t. (13)

2.3 Problem Statement

Based on the channel model described above, we define an
unknown channel parameter vector, η, as

η =
[
η⊤
12,η

⊤
13, . . . ,η

⊤
1K ,η

⊤
21,η

⊤
23, . . . ,η

⊤
K,K−1

]⊤
, (14)

which contains 2
(K
2

)
= (K − 1)K subvectors. Each subvec-

tor ηij ∈ R8 contains the channel parameters of the channel
between the i-th UE (as the transmitter) and the j-th UE (as
the receiver) given by

ηij = [τij , τij,r, ξij , ζij , αij , ρij , αij,r, ρij,r]
⊤. (15)

We further define an unknown state vector, s ∈ R4K−1, as

s = [p⊤
U1
, . . . ,p⊤

UK
,∆t1 ,∆t2 , . . . ,∆ti−1

,∆ti+1
, . . . ,∆tK ]⊤,

(16)
where we take UE i as a reference resulting in ∆ti = 0.
By concatenating all the observed signal symbols into the
vector y = [y⊤

12, . . . ,y
⊤
1K ,y

⊤
21, . . . ,y

⊤
K,K−1]

⊤ with yij =

[y⊤
ij,1, . . . ,y

⊤
ij,T ]

⊤, the localization problem can be formu-
lated as follows:



5

1) Design the RIS coefficient vectors, which depend on
whether or not prior information about the UEs’
positions is available;

2) Extract the channel parameters from the observed
signals;

3) Localization of all the UEs.

2.4 Feasibility Analysis

The complex channel gains will not contribute to estimating
the locations of the UEs. By removing the nuisance param-
eters (i.e., channel gain parameters), we define a channel
parameter vector, η̄ij ∈ R4, as

η̄ij = [τij , τij,r, ξij , ζij ]
⊤, (17)

and η̄ can be obtained similarly based on (14). Note that η̄ji

provides the same geometrical information as η̄ij , which
can be treated as multiple measurements (more details in
Section 5). Consequently, η̄ (without the complex channel
gains) can provide 4

(K
2

)
= 2K(K−1) geometrical equations

to solve 4K − 1 state unknowns. To solve the localization
problem, we need to have at least as many geometrical
equations as there are state unknowns. This means that we
need to satisfy the condition 2K(K − 1) ≥ 4K − 1, which
in turn means that K = 3 is the minimum requirement for
localizability. For more challenging scenarios (e.g., blockage
between UE-UE or UE-RIS), more UEs can enable local-
ization by providing more geometrical information (more
details in Section 5.5).

2.5 Cooperation Strategy

We consider a localization scenario with at least three out-
of-coverage UEs where one UE (a target UE) requires its
location information. The UEs communicate with each other
via sidelink communications under mode 2, which does
not require a coordinating AP [14]. We design an AP-free
coordinated architecture as follows, where steps 1, 3, and 5
are similar to [2]:

1) The target UE uses sidelink communication to dis-
cover nearby devices such as RIS and other UEs. It
then obtains the location information of the RIS.

2) The target UE selects the localization coordinator,
which could be itself or one of its neighboring UEs.
Due to the unknown positions of all the UEs, the
coordinator is chosen randomly, and the target UE
shares the RIS location information with the coordi-
nator and other UEs.

3) The coordinator receives a localization request from
the target UE.

4) The coordinator sends pilot signals to the RIS con-
troller and other UEs for communication-level syn-
chronization (i.e., to align the phase profile changes
at the RIS with the transmitted OFDM symbols).

5) The coordinator assigns the same frequency re-
sources to all the UEs and sets them to transmit in a
sequential order, for example, UE 1 is the first trans-
mitter, then UE 2, and so on to avoid interference.
The coordinator also triggers the RIS controller to
configure the phase shifts of the RIS elements and
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Figure 2. Flow chart of the localization system.

shares the phase shift information with the other
UEs.

6) Each UE transmits the positioning pilot signals for
T consecutive time slots within a coherence time
block. The total time needed for K UEs to send
all pilot signals is KT/∆f . This time needs to be
short enough to ensure that any UE movement is
negligible during the localization epoch. To impose
only a small overhead, these signals can be sent over
relatively large periods (e.g., every 100 ms).

7) Each receiving UE estimates the channel parame-
ters locally based on the received signals and then
shares the channel parameter information with the
coordinator.

8) The coordinator estimates its position and the other
UEs’ positions, and distributes the position informa-
tion to the target UE and other UEs, if needed.

Figure 2 summarizes the steps needed for localization.

3 DERIVATION OF CRAMÉR-RAO BOUND

In this section, we start by deriving the FIM for the un-
known channel parameter vector η defined in (14). Then,
the FIM for the UEs’ positions can be derived by computing
a transformation matrix that links the two matrices. Finally,
the CRLB for the estimation error of the UEs’ positions is
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derived, which serves as a benchmark for the proposed
positioning algorithm.

We define the FIM for η as Jη . Similar to [13], [24], the
matrix Jη can be computed as

Jη =
K∑
i=1

K∑
j ̸=i

Jij
η . (18)

The (b, v)-th entry of Jij
η can be obtained as [40], [41]

[
Jij
η

]
b,v

=
2

σ2

T∑
t=1

ℜ
{(

∂µij,t

∂ηb

)H (
∂µij,t

∂ηv

)}
, (19)

where the b-th entry of η is represented by ηb, ℜ{·} rep-
resents the real part of a complex quantity, (·)H is the
conjugate transpose (Hermitian) operation, and µij,t =

y
(LoS)
ij,t +y

(RIS)
ij,t . The partial derivatives needed for computing

(19) are derived in Appendix A.
Let us define J as the FIM associated with the state vec-

tor s (16) and the complex channel gains (i.e., αij , αij,r, ρij
and ρij,r ∀ i ̸= j). The matrix J can be calculated by
applying the transformation matrix T as follows:

J = TJηT
⊤, (20)

where T ∈ Rg×f , for g = 4K − 1 + 4K(K − 1) and f =

8K(K − 1), is defined as T = ∂η⊤

∂h . The number of columns
in T (i.e., f ) equals the length of the vector η (14), and h can
be written as

h =
[
s⊤, αij , . . . , αij,r, . . . , ρij , . . . , ρij,r, . . .

]⊤
. (21)

The length of h (i.e., g) equals the length of s (i.e., 4K − 1)
in addition to 4K(K − 1) elements, which are the total
number of parameters related to the channel gains. The
partial derivatives of the channel parameters with respect
to h are derived in Appendix B. The first 4K − 1 rows
(or columns) of J correspond to the UEs’ positions and
clock offsets while the next 4K(K − 1) rows (or columns)
correspond to the channel gains.

Finally, the positioning error bound (PEB) of UE i can be
calculated as

PEBi =

√
tr
(
[J−1]3i−2:3i,3i−2:3i

)
. (22)

The clock offset error bound (CEB) at UE i can be computed
as

CEBi =

√(
[J−1]3K+i,3K+i

)
. (23)

4 RIS PROFILE DESIGN

In this section, we discuss orthogonal RIS profiles and how
to tune the phase shifts of the RIS elements via different
codebook designs. In addition, we discuss the power alloca-
tion between the UEs for a fixed codebook.

4.1 Orthogonal RIS Profiles
To assist the channel parameters estimation in Section 5,
we decompose the received signal into two components via
orthogonal RIS profiles. Similar to [26], [38], we design the
RIS coefficient vectors for half of the transmission time and
represent them by ω̃i,t̃, where t̃ = 1, 2, . . . , T2 (T is even).
We discuss the choice of the RIS element coefficients in ω̃i,t̃

in the following subsections. Without loss of generality, let
us define ωi,2t̃−1 = ω̃i,t̃ and ωi,2t̃ = −ω̃i,t̃. By subtracting
and adding two consecutive received signals, we obtain
the following two quantities assuming that UE i is the
transmitter and UE j is the receiver:

ỹ
(RIS)
ij,t̃

=
1

2

(
yij,2t̃−1 − yij,2t̃

)
=

√
Eiβij,rd (τij,r) c

⊤ (
γij

)
ω̃i,t̃ + ñj,t̃,

(24)

ỹ
(LoS)
ij,t̃

=
1

2

(
yij,2t̃−1 + yij,2t̃

)
=

√
Eiβijd (τij) + ñj,t̃,

(25)

where (24) follows from (10) and (13), and (25) follows
from (2) and (13). The vector ñj,t̃ ∈ CN×1 is an AWGN
at UE j where ñj,t̃ ∼ CN (0, σ

2

2 IN ). We can see that we
are able to decompose the received signal into two parts.
The first part represents the signal arriving through the
RIS path, while the second part represents the LoS path.
We can concatenate the received signals (24) and (25) over
different transmissions into the matrices Y

(RIS)
ij and Y

(LoS)
ij ,

respectively, which can be defined as

Y
(RIS)
ij =

[
ỹ
(RIS)
ij,1 , ỹ

(RIS)
ij,2 , . . . , ỹ

(RIS)
ij,T2

]
∈ CN×T

2 ,

Y
(LoS)
ij =

[
ỹ
(LoS)
ij,1 , ỹ

(LoS)
ij,2 , . . . , ỹ

(LoS)
ij,T2

]
∈ CN×T

2 .
(26)

We concatenate the RIS coefficient vectors over time for each
transmitting UE i into Ω̃i, which can be expressed as

Ω̃i =
[
ω̃i,1, ω̃i,2, . . . , ω̃i,T2

]
∈ CM×T

2 . (27)

In the following subsections, we introduce two practical
RIS profile codebooks and a power allocation optimization
problem.

4.2 Random Phase Codebook
If no prior information on the UEs’ positions is available, a
natural way is to set the RIS coefficients as random phases.
Since the RIS coefficient vector for the i-th transmitting UE
and time slot t̃ is defined as ω̃i,t = [ejω̃i,t̃,1 , . . . , ejω̃i,t̃,M ]⊤,
we can choose the phase shift value at each RIS element
from a uniform distribution over the interval [0, 2π) (i.e.,
ω̃i,t̃,m ∼ U [0, 2π), ∀ m, i, t̃).

4.3 Directional Codebook
If we have any prior information about the UEs’ positions
(e.g., from previous estimates with random RIS phases
and/or information from extra sources such as GNSS),
we can utilize this information to improve the positioning
performance [38], [42]. A simple design is to reflect the
incident signal on the RIS from the transmitting UE towards
the direction of the receiving UE. However, the locations of
the transmitting and receiving UEs are unknown, and there
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are K − 1 receiving UEs for each transmitting UE. To create
the codebook, we choose the elements ξ, ζ in the vector γ
based on some prior information, and then the phase shift
of each RIS element can be set as the conjugate of (11) (i.e.,
e−j 2π

λ p⊤
R,mγij ), named as directional codebook.

Let us assume that the locations of the UEs follow a
certain distribution based on the prior information (e.g.,
pUi ∼ N (p̃Ui , Σ̃pUi

)) [43]. Then, for each time slot t̃, we
first sample the location of the transmitting UE i. Next,
we uniformly sample the index of the receiving UE j from
{1, 2, . . . ,K} − {i} (since there are multiple receiving UEs),
and then we sample the location of the selected UE j from
the prior distribution. Based on the sampled locations of
UEs i and j, we can calculate γij (i.e., ξij and ζij) using (5),
(6) and (12). The RIS profile can be written as

[ω̃i,t̃]m = e−j 2π
λ p⊤

R,mγij ∀m, (28)

where [ω̃i,t̃]m is the phase shift at the m-th RIS element for
the i-th transmitting UE and time slot t̃. All RIS elements
use the same value of γij during a transmission time slot to
maximize the signal energy towards a certain direction.

4.4 Power Allocation Optimization
The positioning performance can be improved by optimiz-
ing the power allocation between the UEs. Let us define
P = [P1, P2, . . . , PK ]⊤ as the power allocation vector,
where Pi = NEi is the transmitted power of UE i. We
assume that there is a constraint on the total transmitted
power in the system such that

∑K
i=1 Pi = Ptot, where Ptot

represents the total power transmitted in the system during
each time slot. The relationship between the positioning er-
ror and the transmitted power is apparent since the symbol
energy Ei appears in all derivatives needed to calculate
the FIM (19). For a fixed RIS codebook, we minimize the
average squared PEB of the involved UEs by formulating
the following optimization problem7:

min
P

1

K

K∑
i=1

(PEBi)
2

s.t.
K∑
i=1

Pi = Ptot,

0 < Pi,

(29)

where PEBi is defined in (22). The first constraint in (29)
ensures that the total transmitted power equals Ptot and
the second constraint ensures that each UE has a non-
zero transmission power. The optimization problem (29) is
convex as discussed in [44] and thus can be solved using
any convex optimization toolbox. One limitation with the
optimization problem (29) is that the objective function (i.e.,
PEBi ∀ i) requires the positions of all the UEs, which are
unknown. Assuming that we have the prior information
of all the UEs following multi-variable Gaussian distribu-
tions similar to Section 4.3, we can then calculate PEBi as
PEBi(p̃U1

, . . . , p̃Ui
, . . . , p̃UK

, Ω̃1, . . . , Ω̃K), where p̃Ui
is the

mean of the prior information of UE i and Ω̃i is obtained

7. Note that this is not the only way of formulating the power
allocation problem. The objective function can also be expressed as
minimizing the worst PEB.

from the directional codebook. This is not guaranteed to
be optimal, but it is a practical solution for the RIS profile
design.

5 PROPOSED ESTIMATORS

In this section, we start by estimating the delays and spatial
frequencies based on the received signals. Then, we develop
a localization algorithm to estimate the UEs’ positions.

5.1 Delay Estimation
We start by estimating the transmission delays of the signals
reflected by the RIS (i.e., τij,r ∀ i, j, i ̸= j). Coarse estima-
tion of the delays can be computed by applying the inverse
fast Fourier transform (IFFT) on the matrix Y

(RIS)
ij . Let us

define F ∈ CNf×N as the IFFT matrix where Nf represents
the length of the IFFT vector, which is a design parameter.
The (l, h)-th entry of the IFFT matrix can be computed as

[F]l,h =
1

Nf
ej2πlh/Nf . (30)

Similar to [11], [23], the coarse estimates of the transmission
delays can be calculated as

τ̄ij,r =
l∗ij,r
Nf∆f

, (31)

where l∗ij,r is an integer that can be computed as follows
[11], [23]:

l∗ij,r = argmax
l

∥∥∥e⊤l (
FY

(RIS)
ij

)∥∥∥2
2
. (32)

In (32), el is a column vector of length Nf with all elements
equal to zero except the l-th entry that has a value of 1.
In (31), we assume that the delay estimate (τ̄ij,r) is an
integer multiple of the time resolution 1

Nf∆f . To refine
the delay estimate, we first define an intermediate variable
δij,r ∈ [0, 1

Nf∆f ). Then, the optimal value of the intermedi-
ate variable can be calculated by [38]:

δ̄ij,r = argmax
δij,r

∥∥∥e⊤l∗ij,rF(
Y

(RIS)
ij ⊙D(δij,r)

)∥∥∥2
2
, (33)

where D(δij,r) is defined as

D(δij,r) =
[
d(δij,r), . . . , d(δij,r)

]︸ ︷︷ ︸
T
2 times

∈ CN×T
2 . (34)

The optimization problem (33) can be solved using a quasi-
Newton method by setting the starting point to 0. Next, the
refined delay estimate can be obtained as

τ̃ij,r = τ̄ij,r − δ̄ij,r. (35)

We observe that the delays τij,r and τji,r provide the
same geometrical information. Due to the channel reci-
procity and coherence assumption, we can simply average
the two estimates as

τ̂ij,r =
τ̃ij,r + τ̃ji,r

2
. (36)

Since τij,r =
(
dRUi + dRUj

)
/c + ∆tj − ∆ti and τji,r =(

dRUi + dRUj

)
/c + ∆ti − ∆tj , the clock offsets cancel out

when we take the average of the two estimates. Thus, we
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do not need to estimate the clock offsets anymore (we can
think of this as two-way communication).

Similarly, we can estimate the delay of the LoS path (i.e.,
τ̂ij ∀ i, j, i ̸= j) using (31)–(36) by replacing Y

(RIS)
ij , τ̄ij,r ,

τ̃ij,r , τ̂ij,r , l∗ij,r and δ̄ij,r , with Y
(LoS)
ij , τ̄ij , τ̃ij , τ̂ij , l∗ij and δ̄ij ,

respectively.

5.2 Spatial Frequency Estimation

In this section, we estimate the spatial frequencies ξij and
ζij ∀ i, j, i ̸= j. We start by eliminating the effect of the
transmission delay on the received signal through the RIS
path by computing:

Y
(a)
ij = Y

(RIS)
ij ⊙D (−τ̃ij,r) . (37)

We then take the sum of all rows of the matrix in (37)
(i.e., taking the sum over all subcarriers) and we get the
following quantity:

ỹ
(r)
ij = Y

(a)⊤

ij 1N = N
√
Eiβij,rΩ̃

⊤
i c

(
γij

)
+ q̃, (38)

where 1N is a column vector of length N with all entries
equal to 1, q̃ ∈ CT

2 ×1 represents the noise component and
Ω̃i is defined in (27). By ignoring the noise component in
(38), we can evaluate βij,r as a function of γij and obtain:

β̃ij,r
(
γij

)
=

cH
(
γij

)
Ω̃

∗
i ỹ

(r)
ij

N
√
Ei

∥∥∥cH (
γij

)
Ω̃

∗
i

∥∥∥2
2

, (39)

where (·)∗ is the conjugate operation8. Finally, we can
estimate ξij and ζij by solving the following optimization
problem:

ξ̃ij , ζ̃ij = argmin
ξij , ζij

∥∥∥ỹ(r)
ij −N

√
Eiβ̃ij,r

(
γij

)
Ω̃

⊤
i c

(
γij

)∥∥∥2
2

s.t. − 2 ≤ ξij , ζij ≤ 2,
(40)

where the constraints follow from (12). Coarse estimates
of ξij and ζij can be obtained by solving the optimization
problem above by searching over a 2D grid, whose area can
also be reduced with prior UE position information. Once
coarse estimates are computed, we can refine the estimates
by utilizing a quasi-Newton method and using the coarse
estimates as the starting point. By looking at (12) and due
to the reciprocity of the channel, we observe that ξij and ξji
are equal. This equality also applies to ζij and ζji. Hence,
we can average the two estimates as

ξ̂ij =
ξ̃ij + ξ̃ji

2
,

ζ̂ij =
ζ̃ij + ζ̃ji

2
.

(41)

To summarize, for every transmitting UE i and receiving
UE j, we estimate four channel parameters (two delays and
two spatial frequencies).

8. We derive (39) in Appendix C.

5.3 Localization Algorithm
To estimate the UEs’ positions, we first need to compute
the angles at the RIS center with respect to each UE using
the estimated spatial frequencies. Next, we obtain coarse
position estimates, which are then refined through a maxi-
mum likelihood estimation (MLE) process, with the coarse
estimates serving as initial values9.

5.3.1 Angle Estimation
The estimated spatial frequencies can be concatenated as

ξ̂ =
[
ξ̂12, . . . , ξ̂ij , . . .

]⊤
,

ζ̂ =
[
ζ̂12, . . . , ζ̂ij , . . .

]⊤
,

(42)

where each of the vectors ξ̂ and ζ̂ has K(K−1)/2 elements.
For example, if ξ̂ contains ξ̂12, it will not contain ξ̂21 since
both ξ̂12 and ξ̂21 are equal due to the averaging in (41). We
can rewrite (12) as

ξij = w1,i + w1,j ,

ζij = w2,i + w2,j ,
(43)

wherew1,i = sin (θaz,i) cos (θel,i) andw2,i = sin (θel,i) which
can be concatenated into the following two vectors:

w1 =
[
w1,1, w1,2, . . . , w1,K

]⊤
,

w2 =
[
w2,1, w2,2, . . . , w2,K

]⊤
.

(44)

Based on (43), we can relate ξ and w1, and ζ and w2 as
follows:

ξ = Gw1,

ζ = Gw2,
(45)

where G ∈ R
(K−1)K

2 ×K , with the k-th row corresponding
to the k-th element in ξ and ζ. For example, for the k-th
element ξij , the entries i and j in the k-th row of the matrix
G are set as 1 with all other entries as zeros. Based on the
estimated spatial frequency vectors ξ̂ and ζ̂, we can estimate
ŵ1 and ŵ2 using the least squares solution, which requires
K ≥ 3, as [45]

ŵ1 =
(
G⊤G

)−1
G⊤ξ̂,

ŵ2 =
(
G⊤G

)−1
G⊤ζ̂.

(46)

Consequently, the angle information of UE i can be esti-
mated as

θ̂az,i = arcsin (ŵ1,i/
√
1− ŵ2

2,i), (47)

θ̂el,i = arcsin (ŵ2,i), (48)

which can be concatenated into the vector ϑ̂i = [θ̂az,i, θ̂el,i]
⊤.

9. This is a standard approach in positioning literature (e.g., [38]).
While position estimation can be performed directly through MLE
without coarse estimates, the use of coarse position estimates as initial
values significantly enhances the efficiency and robustness of the MLE
process. This is because MLE for positioning typically involves solving
a non-linear, non-convex optimization problem, which can suffer from
slow convergence or convergence to local optima if the initial guess is
far from the true position. Coarse estimates, often obtained using sim-
pler search methods, provide a reasonable starting point that reduces
the search space for MLE and improves convergence speed.
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Figure 3. Every two UEs i and j along with the RIS center forms a
triangle. ϕij represents the angle between the two directional vectors
pointing towards each of UE i and UE j.

5.3.2 Coarse Estimation of UEs’ Positions
Based on the angle and delay estimates, we design a 1D
search algorithm for UE positioning along the direction of
the coordinating UE. By taking UE i as our coordinator, for a
given candidate distance between UE i and the RIS (denoted
as ďRUi ), a candidate location for the UE will be:

p̌Ui
= ďRUi

t(ϑ̂i), (49)

where t(ϑ̂i) is the direction vector as defined in (8). Each
pair of UEs (e.g., i and j), together with the RIS center, forms
a triangle as shown in Figure 3. Based on the law of cosines,
the relationship between the i-th UE, the j-th UE (j ̸= i),
and the RIS is given by [46]:

d2RUi
+ d2RUj

− 2dRUi
dRUj

cos(ϕij) = d2UiUj
, (50)

where dRUi
, dRUj

and dUiUj
denote the distances between

UE i and the RIS, between UE j and the RIS, and between
UE i and UE j, respectively. The angle between the direc-
tional vectors t(ϑi) and t(ϑj) is represented by ϕij . Since
cos(ϕij) = t⊤(ϑi)t(ϑj), we rewrite (50) as

d2RUi
+ d2RUj

− 2dRUi
dRUj

t⊤(ϑi)t(ϑj) = d2UiUj
. (51)

In (50) and (51), dUiUj
can be calculated using the delay

of the LoS path as cτij . However, dRUi
and dRUj

cannot be
calculated directly from the delay estimates. Using the trans-
mission delay of the RIS path, we can calculate dRUi

+ dRUj

as cτij,r . In (51), we can show that d2UiUj
is equivalent to

(cτij,r − cτij − dRUi − dRUj )
2. For a given ďRUi and by

replacing d2UiUj
with its equivalent expression, we can solve

(51) for ďRUj as

ďRUj
=

2(cτ̂ij,r − cτ̂ij)ďRUi
− (cτ̂ij,r − cτ̂ij)2

2ďRUi
(1 + t⊤(ϑ̂i)t(ϑ̂j)) + 2(cτ̂ij − cτ̂ij,r)

. (52)

Then, the candidate position of all the other UEs can be
obtained as

p̌Uj
= ďRUj

t(ϑ̂j), j ̸= i. (53)

The final estimation of the distance between the i-th UE and
the RIS can be calculated by formulating a cost function as

d∗RUi
= argmin

dRUi

∑
j,k

j ̸=k ̸=i

(
ψ̌jk − c(τ̂jk,r − τ̂jk)

)2
, (54)

where ψ̌jk = ∥p̌Uj − pR∥2 + ∥p̌Uk
− pR∥2 − ∥p̌Uj − p̌Uk

∥
2
.

The cost function (54) calculates the mismatch between the

Algorithm 1 Coarse Estimation of UEs’ positions

Input: ϑ̂j , τ̂jk, τ̂jk,r ∀ j, k, j ̸= k, i (index of coordinating
UE) and dsearch

Output: p̄Uj
∀ j

1: d∗RUi
← argmin

dRUi
∈dsearch

∑
j,k

j ̸=k ̸=i

(
ψ̌jk − c(τ̂jk,r − τ̂jk)

)2

2: p̄Ui
← d∗RUi

t(ϑ̂i)
3: for j = 1 to K do
4: if (j ̸= i) then
5: d̄RUj

← calculate using (52) and d∗RUi

6: p̄Uj
← d̄RUj

t(ϑ̂j)
7: end if
8: end for
9: return p̄Uj

∀ j

distance measurements based on the location estimates and
the distance measurements based on the delay estimates for
each pair of UEs not including the coordinating UE i. Once
the optimal d∗RUi

is found, the rest of the state parameters
can be calculated based on (52) and (53). The 1D search
along the direction of the coordinating UE i provides coarse
estimates of the UEs’ positions, which will be refined in the
next section. We can do the 1D search using distance values
given by the vector dsearch which has a total of L elements.
The steps of the coarse estimation of UEs’ positions are
summarized in Algorithm 1. We can then concatenate the
outputs of Algorithm 1 into the vector s̄ defined as10

s̄ =
[
p̄⊤

U1
, . . . , p̄⊤

UK

]⊤
. (55)

5.3.3 Maximum Likelihood Estimation

With the coarse estimation of the state parameters (i.e., s̄),
refinement procedures can be performed by solving an MLE
problem. The objective function can be formulated as

ŝ = argmin
s

(η̂ − η(s))
⊤
Σ−1

η (η̂ − η(s)) , (56)

where η̂ is the estimated nuisance-free channel parame-
ter vector defined as η̂ = [η̂⊤

12, . . . , η̂
⊤
ij , . . .]

⊤ and η̂ij =

[τ̂ij , τ̂ij,r, ξ̂ij , ζ̂ij ]
⊤ (i.e., two delay estimates and two spatial

frequency estimates for each pair of UEs i and j obtained
from Sections 5.1 and 5.2). The vector η(s), defined similar
to η̂, is the mapping from the state parameters to the
channel parameters where for example, we calculate ξij(s)
and ζij(s) by substituting the relevant information from s
in (5), (6) and (12). In (56), Ση is the covariance matrix of
the estimated channel parameters. If the covariance matrix
Ση is not available, we replace it with the identity matrix
and thus (56) becomes a least squares optimization problem.
In general, the optimization problem (56) can be solved by
standard multi-variable optimization methods, such as the
trust-region method [47] and using the coarse estimate of
the state parameters (i.e., s̄ in (55)) as an initial point.

10. Note that the clock offsets are not part of the state vector anymore
since they cancel out when we average the delay estimates and they do
not affect the positioning algorithm.
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5.4 Complexity Analysis

In this section, we study the computational complexity of
the proposed estimators discussed in Sections 5.1–5.3. The
system model, as described in Section 2.3, encompasses a to-
tal of K(K−1) pairs of transmitters and receivers. For each
transmitter-receiver pair, we perform two 1D Nf -point FFTs
to perform coarse delay estimation, resulting in a complex-
ity of O(K2TNf logNf ). The refinement process of coarse
delay estimates, evaluated by (33), has a complexity of
O(K2I1NfNT ), where I1 denotes the number of iterations
required. Furthermore, for every transmitter-receiver pair, a
2D search is conducted to determine the coarse estimates
of ξij and ζij , leading to a complexity of O(K2I2I3TM),
where I2 and I3 represent the search dimensions. To refine
spatial frequency estimates, a complexity of O(K2I4TM) is
incurred, where I4 is the number of iterations. Furthermore,
the angle estimation process exhibits a complexity ofO(K3)
due to matrix inversion in (46). The coarse estimation of
UEs’ positions carries a complexity of O(LK2), where L
denotes the size of the search vector dsearch. Finally, the
MLE refinement process, employing an identity covariance
matrix, entails a complexity of O(K2I5), where I5 is the
number of iterations. Thus, the overall complexity of the
proposed estimators is given by

Ototal = O(K2TNf logNf ) +O(K2I1NfNT ) +O(K3)

+O(K2I2I3TM) +O(K2I4TM) +O(LK2) +O(K2I5)
(57)

This expression highlights that system parameters such as
the number of subcarriers (N ), the number of transmissions
per UE (T ), and the number of RIS elements (M ) contribute
to the computational complexity of the channel parameter
estimators linearly, while the number of UEs involved af-
fects most complexity terms quadratically, except for the
matrix inversion term, which is affected cubically. With
more UEs involved in the positioning process and possi-
bly more frequency and/or time resources, the positioning
performance will improve, as will be shown in Figure 9.
However, the computational complexity will increase.

5.5 Extension to Non-fully Connected Network

Although the proposed localization algorithm relies on a
fully connected network, it can be extended to non-fully
connected scenarios. In a non-fully connected scenario with
disconnected UEs, additional functionalities are required,
such as an algorithm to identify blockages or limitations
preventing direct communication between the UEs. This
blockage information is crucial for determining whether
the remaining network is sufficient for localization. A non-
fully connected network of UEs is localizable as long as
the number of geometric equations provided by the channel
parameter estimates is greater than or equal to the number
of state unknowns. The following steps can be applied to a
localizable non-fully connected network of K UEs:

1) Identify which links are blocked using a blockage
identification tool (e.g., a deep neural network).

2) Estimate the transmission delays and spatial fre-
quencies of the unblocked links using the proposed
channel estimators in Sections 5.1 and 5.2.

Table 1
Simulation Parameters

Parameter Value

Carrier Frequency 28 GHz
Wavelength λ = 1 cm
RIS array size M = 11× 11 elements
Speed of light c = 3× 108 m/s
Number of UEs K = 3
Number of transmissions per UE T = 40
Total number of transmission KT = 120
RIS element spacing λ/4 = 0.25 cm
Number of subcarriers N = 3000
subcarrier spacing ∆f = 120 kHz
Symbol duration 8.33 µs
Noise figure nf = 8 dB
Noise Power Spectral Density N0 = −174 dBm/Hz
Noise variance σ2 = nfN0∆f = −115.2 dBm
Transmission power per UE Pi = NEi = 23 dBm
Total transmission power Ptot = 27.8 dBm
Length of IFFT Nf = 10N

3) Divide the non-fully connected network of K UEs
into fully connected subnetworks, provided that
each subnetwork consists of at least three UEs.

4) Apply the coarse localization algorithm proposed in
Sections 5.3.1 and 5.3.2 to each of the fully connected
subnetworks of UEs. The results of the subnetworks
can then be averaged.

5) If some UEs do not belong to any fully connected
subnetwork, they can be localized using the esti-
mated positions of the UEs within the fully con-
nected subnetworks as anchors.

6) The results can be further refined using the MLE in
(56).

6 SIMULATION RESULTS

In this section, we evaluate the performance of the proposed
RIS-enabled CP algorithm, benchmarked by the derived
CRLB. We start by describing the simulation environment
and then we discuss the numerical results generated over
different system parameters.

6.1 Simulation Setup
We consider the scenario shown in Figure 1 as our simula-
tion environment. We assume that there are three UEs that
need to be localized. There is also one RIS placed along
the yz-plane. The center of the RIS (i.e., pR) is located at
the origin [0, 0, 0]⊤ m. The dimensions of the simulation
environment are [0, 7] m, [−3.5, 3.5] m and [−2, 2] m on
the x-axis, y-axis and z-axis, respectively. These dimensions
align with those commonly found in indoor RIS-aided local-
ization scenarios documented in the literature, such as [9],
[17], [28]. The three UEs: UE 1, UE 2 and UE 3 are located
at pUE1

= [4, 3,−1]⊤ m, pUE2
= [4.5, 1,−0.5]⊤ m and

pUE3
= [5,−3,−1]⊤ m, respectively. The distances between

the RIS and each of the UEs are dRU1
≈ 5 m, dRU2

≈ 4.6
m and dRU3

≈ 6 m. In addition, the distances between each
pair of UEs are dU1U2

≈ 2 m, dU1U3
≈ 6 m and dU2U3

≈ 4 m.
The communication channel parameters are summarized in
Table 1 which are consistent with the simulation parameters
in [23], [38]. The total transmission power in the system Ptot
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Figure 4. Comparison of the RMSE and CRLB/PEB for (a) transmission delays, (b) spatial frequencies, and (c) position estimates, as a function of
the transmission power.

is set to 600 mW or equivalently 27.8 dBm. We assume
that Ptot is evenly distributed between the three UEs (i.e.,
Pi = 200 mW or 23 dBm ∀ i). The number of SPs is set to
zero (i.e., Sj = 0 ∀j) unless otherwise stated. The channel
gain of each path in the simulations is calculated as [21], [48]

βij = αije
jρij =

λ

4πdUiUj

e−j 2π
λ dUiUj , (58)

βij,r = αij,re
jρij,r =

λ2

16π2dRUidRUj

e−j 2π
λ (dRUi

+dRUj ), (59)

βij,s = αij,se
jρij,s

=

√
σ2

rcs

4π

λ

4πdUiSPj,s
dUjSPj,s

e−j 2π
λ (dUiSPj,s+dUj SPj,s),

(60)

where (58)–(60) are the channel gains for the LoS channel,
the RIS channel, and the multi-path channel, respectively.
The radar cross-section (RCS) σ2

rcs indicates the reflection
capability of the NLoS path in terms of m2. Note that βi,j ,
βij,r and βij,s are unknown to be estimated. Finally, we
use the root-mean-squared error (RMSE) as a metric for
evaluation.

6.2 Effect of Transmission Power on Positioning Per-
formance
In this section, we evaluate the performance of the proposed
estimators by comparing their performance to the CRLB as
a function of the transmission power. We vary the trans-
mission power from 6 dBm to 30 dBm for the three UEs.
The RIS coefficient vectors are designed using the random
phase codebook. The lower bounds are computed using one
realization of the RIS profile. We average the results of the
estimators over 200 noise realizations.

For ease of illustration, we only focus on the case where
UE 1 is the transmitter and UE 2 is the receiver to evaluate
the delay and spatial frequency estimators since there are
many channel parameters involved and the results are sim-
ilar. Figure 4(a) shows the performance of the transmission
delay estimator for the LoS path and the RIS path (i.e.,
τ12 and τ12,r) in comparison to the CRLB. As seen in the
figure, the LoS delay estimation error attains the CRLB for
all transmission power values due to the large channel gain
value as observed in (58). However, in the case of the RIS
path delay, the channel gain value (59) is much lower and

thus there is a high estimation error when the power is
below 16 dBm since the RIS signal has a low signal-to-noise
ratio (SNR). The RMSE of the RIS path delay gets very close
to the CRLB when the transmission power is 16 dBm or
higher. Figure 4(b) compares the estimator RMSE values of
the spatial frequencies ξ12 and ζ12 with the CRLB. Since the
spatial frequencies are only included in the RIS path, we see
a similar performance to the RIS path delay, where the error
is relatively large if the power is below 16 dBm and small
otherwise.

Figure 4(c) shows the RMSE of the positioning algorithm
for all three UEs in comparison to the PEBs. Again, due
to the large estimation error of the channel parameters
when the power is below 16 dBm, the positioning errors
are also large. The positioning errors are in the range of
hundreds of meters with low transmission power since we
do not account for the geometry of the environment in
our proposed localization algorithm. On the other hand,
the positioning error gets close to the PEB for all the UEs
when the transmission power is 18 dBm or higher. We
can see from Figure 4(c) that the proposed algorithm can
provide centimeter-level accuracy at 20 dBm transmission
power. As depicted in Figure 4, the effectiveness of the
estimators proposed in Sections 5.1–5.3 is evident, as their
estimation errors consistently reach the lower bounds when
the transmission power is larger than 20 dBm.

6.3 Comparison with Other Systems
In this section, we compare the performance of our pro-
posed localization system with other systems. We would
like to highlight that, to the best of our knowledge, this
paper is the first to consider RIS-enabled CP with only RIS
as an anchor. As a comparison scenario, we replace the RIS
with an AP at the same location and refer to this scenario
as AP-aided CP. In the AP-aided CP scenario, each UE
estimates the LoS transmission delays from its neighboring
UEs. Furthermore, the AP estimates the delay and angle
of arrival (AoA) from each UE. As another comparison
scenario, we consider the RIS-enabled self-localization sys-
tem proposed in [11] where each UE localizes itself via
reflections from RIS with zero APs. However, in [11], each
UE must have a full-duplex capability, which is a different
hardware requirement compared to our proposed system.
For the RIS-enabled CP and RIS-enabled self-localization
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Figure 5. The average PEB of the three UEs under different localization
systems for different RIS sizes.

scenarios, we consider the same parameters described in
Section 6.1. In the AP-aided CP scenario, the AP parame-
ters are 10 dBm transmission power, 3 × 3 array, and 12
transmissions. In all scenarios, we fix the total number of
transmissions to 120. The number of transmissions per UE
is 40 in the two scenarios involving RIS, while it is 36 per
UE in the AP scenario. In the AP-aided CP case, we assume
that the UEs communicate with each other directly using
the same parameters as in the RIS-enabled CP scenario. We
use the random phase codebook for the RIS profile design.

Figure 5 shows the average PEB of the three UEs under
different scenarios as a function of the number of RIS
elements per dimension. Here, we vary the RIS size from
19 × 19 elements to 51 × 51 elements. For accurate rep-
resentation, each value is averaged over 200 Monte-Carlo
simulations. We can see that the PEB of the AP scenario is
a constant line since there is no RIS involved. We observe
that our proposed system outperforms the RIS-enabled self-
localization system. It is also clear that the PEBs of the RIS-
enabled scenarios decrease as the RIS size increases. With a
sufficiently large RIS (31× 31 array), we can replace the AP
with a RIS without performance degradation. The far-field
condition is satisfied when the distance between the RIS
center and the closest UE is much greater than the maximum
distance between the RIS center and one RIS element. In
other words, when

min
i
∥pR − pUi

∥2 ≫ max
m
∥pR − pR,m∥2. (61)

When the RIS size is 31 × 31, the far-field condition is
met. When the RIS size is very large (e.g., 500 × 500), the
far-field condition is not satisfied anymore, and near-field
localization needs to be considered which is beyond the
scope of this paper.

6.4 Effect of RIS Profile and Power Allocation on Posi-
tioning Performance
In this section, we evaluate the positioning performance
under different RIS profiles and different power allocation
strategies. We consider two cases for the phase shifts at the
RIS: random phase codebook and directional codebook.

Figure 6 shows the empirical cumulative distribution
function (ECDF) for both the estimator and the PEB for
two RIS profiles. For ease of illustration, we only show
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Figure 6. ECDF of the positioning error of UE 3 for the lower bound and
the estimator for two RIS profiles.

the performance of UE 3. Here, we set the number of RIS
elements to M = 121 and the total transmission power
is evenly distributed between the UEs. Prior information
about the UEs’ positions is needed in the case of the di-
rectional codebook. We assume that the distribution of the
prior information of UE i is normal with N (pUi

,ΣpUi
). We

set ΣpUi
= 1.5I3 in Figure 6. To plot the ECDF, we generate

100 different codebooks in each case. To accurately evaluate
the estimator performance, we take the average of 200 noise
realizations for each codebook. It is clear that the directional
codebook outperforms the random phase codebook since
the energy is directed toward the UEs’ positions.

To evaluate the power allocation strategy on the posi-
tioning performance, we define P2 = ϵP1 and P3 = υP1

where ϵ, υ > 0 are scaling factors. Then, P1 + P2 + P3 =
(1+ ϵ+υ)P1 = Ptot and thus P1 = 1/(1+ ϵ+υ)Ptot. Hence,
the transmission power of each UE can be defined in terms
of ϵ, υ, and Ptot. We observe that Ptot is evenly distributed
between the UEs when ϵ = υ = 1. Here, we consider two
cases for the UEs’ positions. In the first case, we use the
positions defined in Section 6.1. In the second case, we move
UE 3 from pUE3

= [5,−3,−1]⊤ m to pUE3
= [1,−1,−1]⊤ m

(i.e., closer to the RIS) while we keep the positions of UEs
1 and 2 the same as in the first case. Figures 7(a) and 7(b)
show the average PEB of the three UEs as a function of
the power scaling factors ϵ and υ. Here, we set Ptot = 600
mW and use one realization of the directional profile with
ΣpUi

= 0.5I3. As seen in both figures, it is clear that there
are three corners with high average PEB: bottom left (power
allocated to UE 1 only), bottom right (power allocated to
UE 2 only) and top left (power allocated to UE 3 only). In
Figure 7(a), we observe a small area centered around ϵ = 1
and υ = 1 where the PEB value is small, suggesting that a
uniform power allocation between the UEs is near-optimal
in the first case. However, in Figure 7(b), the values of both ϵ
and υ are less than 1 in the optimal PEB area. This suggests
that uniform power allocation is not optimal in the second
case, where we observe that UE 1 is allocated more power
because it is the farthest from the RIS.

Next, we study how the uncertainty of the prior informa-
tion of the UEs’ positions affects the average PEB. To study
the effect of the uncertainty, we define the covariance matrix
of the distribution of the prior information as ΣpUi

= σ2
uncI3

and we vary σ2
unc from 10−3 to 100 m2. Here, there are
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Figure 7. The average PEB of the three UEs as a function of the power
scaling factors ϵ and υ for a fixed RIS profile for two cases of UEs’ po-
sitions. In both cases, pUE1 = [4, 3,−1]⊤ m and pUE2 = [4.5, 1,−0.5]⊤

m. In (a), pUE3 = [5,−3,−1]⊤ m. In (b), pUE3 = [1,−1,−1]⊤ m.

M = 121 reflecting elements at the RIS and we use the
UEs’ positions defined in Section 6.1. Figure 8 shows the
average PEB for random and directional RIS profiles as the
uncertainty of the prior information increases. Again, the
results are averaged over 100 different RIS profiles. We use
uniform power allocation for the random codebook, while
we adopt different power allocation strategies for the direc-
tional codebook. We observe that the random codebook is a
constant line since it does not depend on the prior informa-
tion. We can see from the figure that the directional profile
performance is relatively poor when the uncertainty value
is large. The positioning performance of the directional pro-
file improves when the uncertainty level is low. However,
when the uncertainty value is too small, the performance
of the directional profile is worse than that of the random
profile. This happens because when the prior error is too
small, the RIS reflects the beams to small areas and hence
there is less spatial diversity. This could be mitigated by
finding an optimal RIS profile by jointly optimizing (29) over
transmission powers and RIS coefficient vectors. However,
this joint optimization problem is non-convex and will be
left for future work. Figure 8 illustrates that the positioning
performance is notably influenced by the selected power
allocation strategy. It is evident that the optimal power
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Figure 8. The average PEB of the three UEs for random and directional
profiles as a function of the uncertainty of the prior information with
different power allocation strategies.
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Figure 9. The PEB of UE 1 as a function of the number of UEs involved
in the localization under different parameter settings.

allocation strategy defined in (29) yields the best positioning
performance, with uniform power allocation trailing closely
behind.

6.5 Effect of Number of UEs on Positioning Perfor-
mance

In this section, we study the effect of the number of UEs
involved in the localization algorithm on the positioning
performance for the random RIS profile under different
system parameters. Here, there are 121 reflecting elements
at the RIS, and the results are averaged over 200 different
codebook realizations.

Figure 9 shows the PEB of UE 1 as the number of
involved UEs increases for various parameter settings. The
parameters considered in this scenario are the number of
subcarriers (N ), the number of transmissions per UE (T ),
and the subcarrier spacing (∆f ). The positions of the UEs
are randomly generated over the area [1, 11] m, [−6, 6] m,
and [−2, 2] m on the x-axis, y-axis, and z-axis, respectively.
We observe that the localization accuracy improves with the
involvement of more UEs across all cases. However, this
improvement comes at the expense of increased computa-
tional complexity, as evident from Section 5.4. For example,
with T = 30 and ∆f = 120 kHz, the total number of
transmissions is 90 for three UEs (equivalent to 0.75 ms
in duration), while it doubles to 180 (equivalent to 1.5 ms
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Figure 10. The PEB of UE 3 under different placements of UEs 1 and 2 for both random and directional profiles with the RIS located at pR = [0, 0, 0]⊤

m. In (a) and (b), pUE1 = [5,−3,−1.5]⊤ m, pUE2 = [10,−6,−1]⊤ m and pUE3 = [x, y, 1]⊤ m. In (c) and (d), pUE1 = [5,−3,−1.5]⊤ m,
pUE2 = [10, 9.5,−1]⊤ m and pUE3 = [x, y, 1]⊤ m. In (e) and (f), pUE1 = [5,−3,−1.5]⊤ m, pUE2 = [10,−6,−1]⊤ m
and pUE3 = [x, y, 4]⊤ m.

in duration) for six UEs. Furthermore, for a fixed number
of UEs, increasing either N or T enhances the positioning
performance due to the larger number of observations avail-
able. Finally, with a fixed N , increasing ∆f improves the
positioning performance due to better range resolution.

6.6 Effect of UEs’ Positions on Positioning Perfor-
mance

To study the effect of the UEs’ positions on the positioning
performance, we fix the RIS location at pR = [0, 0, 0]⊤ m.
We also fix the locations of UEs 1 and 2 while we vary
the location of UE 3 and calculate its PEB. In this section,
we consider three scenarios where we vary the location
of UE 3 in the intervals [0.1, 20] m and [−10, 10] m along
the x-axis and y-axis, respectively. In the first scenario,
we place UE 1, UE 2 and UE 3 at pUE1 = [5,−3,−1.5]⊤
m, pUE2 = [10,−6,−1]⊤ m and pUE3 = [x, y, 1]⊤ m,
respectively. In this section, the first scenario is used as
a benchmark. In the second scenario, we move UE 2 to
pUE2 = [10, 9.5,−1]⊤ (i.e., farther away from UE 1) and
we keep the same parameters for UEs 1 and 3 as in the first
scenario. In the third scenario, we increase the height of UE
3 and place it at pUE3 = [x, y, 4]⊤ m, while we keep the
locations of UEs 1 and 2 the same as in the first scenario.
For each scenario, we consider two RIS profiles: random

phase codebook and directional codebook. Finally, for the
directional profile, we use ΣpUi

= 0.5I3.
Figures 10(a) and 10(b) show the PEB for UE 3 under

the first scenario for random and directional profiles, re-
spectively. We observe that the positioning performance is
mainly affected by the distance between UE 3 and the RIS
in both figures. The results of the second scenario are shown
in Figures 10(c) and 10(d) for both profiles. Compared
to Figures 10(a) and 10(b), Figures 10(c) and 10(d) show
slightly better performance in terms of the PEB, which is due
to the placement of UE 2 farther away from UE 1 resulting in
better coverage. Figures 10(e) and 10(f) show the results of
the third scenario. In comparison to Figures 10(a) and 10(b),
Figures 10(e) and 10(f) show slightly poorer positioning
performance, which happens because UE 3 is placed at a
higher height (i.e., larger distances from the RIS and both
UEs). As expected, the directional profile outperforms the
random one in the three scenarios. RIS-aided localization
systems might suffer from blind areas [28], [29]. However,
Figure 10 shows that the proposed use case does not suffer
from blind areas and the localization error is mainly affected
by the distance from the RIS and the other UEs. Finally,
the study depicted in Figure 10 can be extended to cover
a larger localization area. However, as UE 3 moves away
from the RIS and other UEs, the positioning performance
may degrade. In such scenarios, improving performance
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Figure 11. The PEB of UE 3 as the RIS location varies while the UEs’
positions are fixed.

is possible by increasing the transmission power and/or
increasing the RIS size.

6.7 Effect of RIS Position on Positioning Performance
To study the effect of the RIS position on the position-
ing performance, we fix the locations of the three UEs
at pUE1

= [4, 3,−1]⊤ m, pUE2
= [4.5, 1,−0.5]⊤ m and

pUE3
= [5,−3,−1]⊤ m. We place the RIS along the yz-plane

at pR = [0, y, z]⊤ m and we vary its y and z values. Figure 11
shows the PEB of UE 3 as the location of the RIS varies on
the plane. We can see that the optimal PEB area is centered
at y ≈ 0.5 m and z ≈ −0.5 m. This center is approximately
the average of the UE’s positions on the y-axis and z-axis.
The performance degrades when the |z| value is high (i.e.,
high or low elevation) or when |y| is relatively large.

6.8 Effect of Multi-path on Positioning Performance
In this section, we study the effect of the multi-path on
the positioning performance. We consider the same setup
as in Section 6.1 and randomly generate four SPs for each
receiving UE (i.e., Sj = 4 ∀j). We also consider three
different values for the RCS which are σ2

rcs = 1, 10 and
30 m2. Here, we consider 100 realizations of the random
codebook and we take the average of 200 noise realizations
for each codebook. For ease of illustration, we only consider
the positioning error of UE 3.

In Figure 12, the solid red curve represents the ECDF of
the PEB while the dashed red curve represents the ECDF
of the RMSE of the estimator with zero SPs involved. The
positioning performance degrades if there are SPs in the
environment and worsens as the RCS increases. However,
even with σ2

rcs = 30 m2, sub-meter level positioning can still
be achieved.

6.9 Evaluation on Real-World Multi-path Channel
Statistics
In this section, we study the effect of the multi-path on the
channel estimation using channel statistics obtained from
a real-world experiment. We use the indoor scenario de-
scribed in [37], which involves a transmitter, a receiver, and
a 20× 20 RIS located at [6.1, 11.7, 0]⊤ m, [7.1, 10, 0]⊤ m and
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Figure 12. ECDF of the positioning error of UE 3 under multi-path
scenario with Sj = 4 ∀j and different RCS values.

[4, 8.5, 0]⊤ m, respectively. The dataset obtained from [37]
contains the angle, delay and channel gain information of
the 20 strongest multi-path components for the transmitter-
receiver and transmitter-RIS-receiver channels. We use the
channel statistics obtained from the dataset, together with
our channel model described in (1)–(4), to generate data in
a more realistic and rich scattering environment. We then
estimate the LoS and RIS delays, denoted as τLoS and τRIS,
and we also estimate the spatial frequencies ξ and ζ . Here,
we consider 100 realizations of the random codebook each
averaged over 200 noise realizations.

Figure 13(a) shows the ECDF of the estimation error
for both τLoS and τRIS. In the figure, the solid curves con-
sider the scenario of no scattering, while the dashed curves
consider a rich scattering environment. We observe that
the estimation accuracy degrades with scattering in the
environment. However, the delay estimation errors are still
below 1 nsec or 30 cm in distance. We observe a similar
trend with the spatial frequencies, as shown in Figure 13(b),
where the maximum estimation error is around 0.1 (at
a level comparable to the results of Figure 4). Since the
proposed localization algorithm in Section 5.3 needs at least
three transmitters/receivers, we cannot apply it directly
to this scenario. We can compute the positioning error in
this scenario by assuming that the transmitter location is
known. The azimuth and elevation angles of the receiver
with respect to the RIS center can be computed directly from
(12) using the estimated ξ and ζ and the known azimuth
and elevation angles of the transmitter with respect to the
RIS. The distance between the RIS and the receiver can be
calculated directly from τRIS since the distance between the
transmitter and the RIS is known. The 90-th percentile error
values of the channel parameters in Figures 13(a) and 13(b)
result in approximately 70 cm of positioning error, which is
also consistent with the results shown in Figure 12 with σ2

rcs
between 10 m2 and 30 m2.

7 CONCLUSION

In this paper, we studied a 3D CP scenario with one RIS and
K UEs to estimate the locations of the UEs without using an
AP via sidelink communications. We started by introducing
the channel model and deriving the lower bounds of the
channel parameters and position estimates. We then intro-
duced two practical RIS profiles and formulated a power
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Figure 13. ECDF of the estimation error for (a) delays and (b) spatial
frequencies.

allocation optimization problem for a fixed RIS profile to
minimize the average PEB. We also developed three low-
complexity estimators to estimate the transmission delays,
spatial frequencies, and positions of the UEs. Through nu-
merical studies, we showed that a sufficiently large RIS
could replace an AP without any performance degradation.
The proposed localization algorithm can achieve sub-meter
level accuracy even under multi-path scenarios. We also
evaluated the positioning performance under different RIS
profiles and showed that directional profiles resulted in
the best performance when the uncertainty of the prior
information was low and the power allocation was optimal.
Further extension to this work can consider synchronization
protocols, overhead calculation and optimization, simulta-
neous pilot transmissions, robustness improvement to non-
standard noises, and partial blockage between the UEs. Fi-
nally, a critical step forward would be the development and
testing of a real-world prototype to validate the effectiveness
of the proposed positioning system.
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APPENDIX A
DERIVATIVES OF µij,t

The partial derivatives of µij,t with respect to ηb, b =
1, 2, . . . , 8(K − 1)K , can be computed as

∂µij,t

∂τij
= −j2π∆f

√
Eiβij (n⊙ d (τij)) , (A.1)
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where n =
[
0, 1, . . . , N − 1

]⊤. py =[
p1,y, p2,y, . . . , pM,y

]⊤ where pm,y represents the location
of the m-th RIS element along the y-axis. Similarly,
pz =

[
p1,z, p2,z, . . . , pM,z

]⊤ denotes the RIS elements
positions’ along the z-axis. Please note that the partial
derivatives in (A.1)–(A.8) will be equal to the zero vector if
the indices on the numerator and denominator are different.
For example, ∂µij,t/∂τbv = 0N if i ̸= b or j ̸= v where 0N

is a zero column vector of length N .

APPENDIX B
DERIVATIVES OF η

The partial derivatives of the delays with respect to pUk
(i.e.,

UE k) can be computed as
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By substituting (5) and (6) in (12), we get:
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The derivatives of the spatial frequencies with respect to
pUk

can be computed as
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The derivatives of the channel gains with respect to pUk
is

the zero vector. In other words,
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Next, the derivatives of the channel parameters with respect
to the clock offset ∆tk can be computed as
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APPENDIX C
DERIVATION OF (39)
We can evaluate βij,r as a function of γij , denoted as
β̃ij,r

(
γij

)
, by ignoring the noise component in (38) and

consequently we have:
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By dividing both sides of (C.1) by N
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Since the term Ω̃
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i c
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is a vector, we multiply both sides

of (C.2) by its Hermitian (i.e.,
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The term
(
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can be computed as

cH
(
γij

)
Ω̃

∗
i . In addition, the multiplication of a

vector v with its Hermitian results in ∥v∥22. Hence,
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By dividing both sides of (C.4) by
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2
, we obtain

(39) as required.


