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Abstract—Autonomous driving and intelligent transportation
applications have dramatically increased the demand for high-
accuracy and low-latency localization services. While cellular
networks are potentially capable of target detection and local-
ization, achieving accurate and reliable positioning faces critical
challenges. Particularly, the relatively small radar cross sections
(RCS) of moving targets and the high complexity for measure-
ment association give rise to weak echo signals and discrepancies
in the measurements. To tackle this issue, we propose a novel
approach for multi-target localization by leveraging the control-
lable signal reflection capabilities of intelligent reflecting surfaces
(IRSs). Specifically, IRSs are strategically mounted on the tar-
gets (e.g., vehicles and robots), enabling effective association of
multiple measurements and facilitating the localization process.
We aim to minimize the maximum Cramér-Rao lower bound
(CRLB) of targets by jointly optimizing the target association,
the IRS phase shifts, and the dwell time. However, solving this
CRLB optimization problem is non-trivial due to the non-convex
objective function and closely coupled variables. For single-target
localization, a simplified closed-form expression is presented for
the case where base stations (BSs) can be deployed flexibly,
and the optimal BS location is derived to provide a lower
performance bound of the original problem. Then, we prove that
the transformed problem is a monotonic optimization, which can
be optimally solved by the Polyblock-based algorithm. Moreover,
based on derived insights for the single-target case, we propose
a heuristic algorithm to optimize the target association and time
allocation for the multi-target case. Furthermore, we provide
useful guidance for the practical implementation of the proposed
localization scheme by theoretically analyzing the relationship
between time slots, BSs, and targets. Simulation results verify
that deploying IRS on vehicles and effective phase shift design
can effectively improve the resolution ability of multi-vehicle
positioning and reduce the requirements of the number of BSs.

Index Terms—Cooperative localization, intelligent reflecting
surfaces, Cramér-Rao lower bound, integrated sensing and com-
munication, target association, phase shift design.
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I. INTRODUCTION

In recent years, applications such as autonomous driving and
intelligent transportation have brought a significant increase
in the need for high-accuracy and low-latency localization
services for mobile platforms, e.g., robots and vehicles [2]. In
general, localization techniques can be divided into two main
categories: device-based sensing and device-free sensing [3].
For device-based sensing, it consists of targets transmitting
and/or receiving signals, which generally requires strict time
synchronization between transmitter and receiver, e.g., global
positioning systems (GPS) and wireless sensor networks [4],
whereas device-free sensing enable analysis of the echo sig-
nals reflected from the target without the involvement of
the target transmitter or receiver, such as radar [5]. Also,
the localization performance of GPS is generally affected
by blockages, especially in densely obstructed environments.
Hence, it is more practical and efficient for radar sensing to
localize targets in high-density and high-mobility vehicular
scenarios [6], [7]. Dedicated radar equipment is primarily used
for military purposes and is not widely deployed in urban
environments. Besides radar equipment, cellular networks are
potentially capable of detecting targets and measuring ranges,
benefiting from the continuous increase in the communication
frequency band. Additionally, cellular networks generally have
a large coverage area and are widely available in cities. Thus,
the use of cellular networks to improve target localization
performance has received increasing attention.

In the literature, the majority of work on cellular network-
aided positioning focuses on the deployment of base stations
(BSs), beamforming design, and allocation of resources [8]–
[11]. For example, under the single-target setup, an optimal
sensor node placement strategy for circular time-of-arrival
(TOA) localization in the three-dimensional (3D) space was
proposed in [8]. For the multi-target case, in [9], the orthogonal
frequency-division multiplexing (OFDM) channel estimation
method was adopted to obtain the corresponding delay of
all bidirectional BS-target-BS paths, which was then used to
jointly optimize data association and target localization. A
high level of synchronization between BSs is required for this
method, and twice as many BSs as the target number must be
involved for effective positioning. Furthermore, [10] presented
a target association method based on tracking techniques,
where the similarity of the distributions of estimated and
predicted locations were compared to distinguish different
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vehicle. The above studies have proved that wireless networks
are capable of providing localization services by analyzing the
echo signal received at the BSs.

Despite their advantages in localization, cellular networks
still face some crucial challenges to achieving high-precision
and ultra-reliable positioning for targets with high mobility.
First, since receivers are unaware of concurrent reflections
from multiple targets, it is difficult to match measurements
(e.g., distances and angles) with the right target [12]. For in-
stance, in conventional distance-based multi-target localization
schemes [9], [13], the association between multiple targets
and extracted measurements needs to be determined based on
the location of intersections calculated from several measured
distances. In this case, the number of intersections inevitably
increases exponentially with respect to the number of tar-
gets, making it computationally expensive to determine which
intersections are real targets or "ghost/shadow" targets [14],
[15]. Second, radar cross sections (RCS) of served moving
targets (e.g., vehicles) in urban environments are generally
small, and the power of the transmitter may be limited,
thus leading to weak echo signals and failure of precise
target detection/tracking [16]. Finally, when the trajectories
of several targets are in close proximity to each other, even
with sufficient BSs, conventional localization methods have
difficulty in discriminating these targets. It is worth noting
that these issues are primarily caused by the uncontrollability
of the echo signals reflected from targets. However, with
the development of metamaterial technology, it has become
possible to control the propagation path of electromagnetic
waves via intelligent reflecting surfaces (IRSs) [17]. As a
result, controlling echo signals is a promising solution to
enhance localization performance and reduce interference with
other wireless systems. To the best of our knowledge, the
idea of utilizing echo signal control for enhancing multi-
target localization performance in cellular networks is seldom
explored. This thus motivates us to design a new cooperative
localization scheme with the exploitation of IRSs.

Using massive low-cost reflecting elements, IRSs can
achieve larger communication coverage and improved trans-
mission quality [18], [19]. In addition to providing effective
communication services, IRSs can also aid to sense targets in
blind areas by establishing virtual light-of-sight (LoS) links
between BSs and targets [20], [21]. For instance, the authors
in [20] proposed a novel sensing scheme to sense multiple
targets simultaneously by establishing a relationship between
the target directions and signature sequences (SSs), and thus
the target directions can be obtained by analyzing echo signals
modulated with SSs. In [22], receive sensors are deployed on
the IRS surfaces to reduce echo signal path loss and facilitate
the of target parameters. Moreover, IRSs can also further pro-
mote the mutual benefits between sensing and communication
tasks [23]. At present, the majority of existing works have
focused on exploiting IRSs to improve communication/sensing
performance among static or low-mobility users/targets, where
IRSs are deployed in fixed locations, e.g., buildings and
billboards [24], [25]. However, the sensing coverage ability
under such IRS deployment strategies may be constrained
for the localization of high-mobility targets. How to achieve

high-resolution and high-reliable localization as well as reduce
interference between different measurements in high-mobility
scenarios is still an open issue.

In this paper, we propose a novel multi-target localization
scheme by employing IRSs on the surfaces of vehicles to fa-
cilitate target association and localization, as shown in Fig. 1.1

In this way, besides the resource allocation on the transmitter
sides, the controllable signal reflection at the IRS/target sides
can be exploited to enhance the reflected signal strength and
reduce interference with unassociated devices. Furthermore, to
eliminate ranging bias from various sensing sites, especially
when dealing with extended targets, the IRS at the target
location can be treated as a point target, thereby avoiding the
complex algorithm for tracking extended targets. Then, in our
considered system, the localization performance is described
based on the Cramér-Rao lower bound (CRLB) [26], [27]. Due
to the ability to actively control echo signals, the association
between BSs and IRSs is optimized together with the dwell
time on each target in this work, thereby ensuring the fairness
of multiple targets. Notice that there is a fundamental trade-
off for association optimization between BSs and IRSs. On
one hand, within a given duration, each IRS tends to establish
association with more BSs to increase the diversity gain [28].
On the other hand, more associations inevitably reduce the
dwell time of each IRS, resulting in decreased measurement
accuracy and greater interference between different BSs. Thus,
it is important to properly optimize time allocation and target
association to provide a better localization performance im-
provement.

To investigate the localization performance of the proposed
cooperative sensing scheme, the task duration is divided into
several time slots to facilitate target association. Then, we
aim to minimize the maximum CRLB of targets by jointly
optimizing the target association, the IRS phase shifts, and the
dwell time. However, solving this CRLB optimization problem
is highly non-trivial due to the non-convex objective function,
closely coupled variables, and the uncertain number of time
slots. To handle this issue, for single-target localization, we
first derive a performance lower bound with flexible BS
deployments, to provide insights for algorithm design. Further-
more, for multi-target localization, we theoretically analyzed
the relationship between performance and system parameters,
providing useful guidance for practical implementation. The
main contributions of this paper can be summarized as follows:

• We propose a novel IRS-aided multi-target localization
scheme for vehicular networks, where an IRS is deployed
on vehicles to enhance localization performance by jointly
optimizing the target association, the phase shift vectors,
and time resources. Given the uncertain prior location of
targets, the beam flattening technique is adopted to ensure
the reliability and effectiveness of distance measurement.

• We derive a closed-form expression of CRLB, based on
which, the optimal BS location is analyzed to obtain a
performance lower bound of the original problem. It is

1The proposed localization can also be utilized to improve localization
performance for other types of targets mounted with IRSs, such as robots and
unmanned aerial vehicles (UAVs), as shown in Fig. 1(a).

This article has been accepted for publication in IEEE Transactions on Communications. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCOMM.2023.3349158

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University College London. Downloaded on January 15,2024 at 16:25:16 UTC from IEEE Xplore.  Restrictions apply. 



3

IRS 2

IRS 1

BS 1

BS 2

BS 3

BS 4

\\

UAV

(a) IRS-assisted localization Scenarios.

[1]F [2]F . . .

Reflecting to BS 1

Reflecting to BS 2

Reflecting to BS M

Vehicle 1

Vehicle 2

. . .

. . .

T

1 2 N
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Fig. 1. Scenarios and protocol for IRS-assisted localization.

proved that with any given number of BSs, the minimum
CRLB is exactly the same since the diversity gain exactly
offsets the performance loss of each measurement. Then,
the problem is proved to be a monotonic optimization (MO)
problem and can be optimally solved by the Polyblock-based
algorithm.

• For multi-vehicle cases, the relationship between the local-
ization performance and the number of time slots, BSs, and
targets is analyzed. Then, we propose a heuristic algorithm
to optimize the target association and time allocation sepa-
rately according to the derived insights for the single-target
cases.

• Finally, our simulation results verify the effectiveness of
multi-target localization by leveraging IRSs and validate
the superiority of the proposed schemes over benchmark
schemes. Results show that deploying IRS on vehicles im-
proves the resolution capability of multi-vehicle positioning
and reduces the BS number requirements.

Notations: ∥x∥ represents the Euclidean norm of a complex-
valued vector x. [x]n denotes the nth element of x. For a
general matrix X , XT , and [X]m,n respectively denote its
transpose and the element in the mth row and nth column.
For a square matrix Y , Tr(Y ) and Y −1 denote its trace
and inverse, respectively. Ex{·} denotes statistical expectation
over the distribution of x, and {·} represents a variable set. ⊗
denotes the Kronecker product.

II. SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, M cellular BSs with a single trans-
mit antenna and a single receive antenna are employed to
provide localization services for K vehicles in addition to
communication services, i.e., the hardware of the commu-
nication receiver is actually reused for radar sensing. The
targets can be vehicles, UAVs, robots, etc., and the focus
of this work is primarily centered on vehicles, which are
adopted as the primary exemplification. The proposed scheme
can also be applied to multi-antenna cellular networks for
providing localization services almost without affecting their
communication performance since each BS can only use
one transmit antenna for sensing. Here, we can equivalently
estimate the IRS location as the target location due to its
constant relative position, and the target and IRS are inter-

changeable according to context in the following discussion.2

The BSs are indexed by m ∈ M = {1, · · · ,M}, and the
location of BS m is denoted by (xr

m, yrm, HBS). The vehicles
(representing targets in the following discussion) are indexed
by k ∈ K = {1, · · · ,K}, where an IRS is deployed on the
surface of each vehicle for actively controlling echo signals
and improving localization accuracy.3 The uniform planar
array (UPA) with half-wavelength antenna spacing is adopted
at the IRS mounted on each vehicle, and the number of IRS
elements is L = Lx × Ly , indexed by l ∈ L = {1, · · · , L},
where Lx and Ly denote the number of elements along the x-
and y-axis, respectively.

A. Proposed Localization Scheme

To tackle the target association issues, we propose a novel
localization scheme to actively control the direction of echo
signals by designing the IRS phase shifts, and thus facilitate
to establish the association between targets and the measured
distances at the BSs, as shown in Fig. 1.4 It is practically
assumed that the location of vehicles keeps constant within
a sufficiently small time duration ∆T [29]. In the proposed
localization scheme, the duration ∆T is divided into several
time slots, and the association between BSs and IRSs is
optimized according to the prior locations of vehicles. As
shown in Fig. 1, according to the designed association, the IRS
phase shifts are optimized to boost the reflecting signal power
towards the direction of the associated BS while reducing the
interference to unassociated BSs, so as to achieve ultra-reliable
and high-precision positioning with fewer BSs. Specifically,
the time duration ∆T is divided into N time slots, and N is
optimized according to the numbers of targets and BSs, which
will be discussed in Section IV. The time slots are indexed by
n ∈ N = {1, · · · , N} and the proportion of time slot n in ∆T
is recorded as ηn with

∑N
n=1 ηn = 1. In this case, the dwell

time at the nth time slot is ηn∆T .5 It is worth noting that in the
proposed localization scheme, the BSs do not need to interact
with the target, but only send control commands to the IRS
controller to adjust its phase shifts. Due to the adopted device-
free positioning method, the proposed algorithm is extremely
tolerant to synchronization errors between IRSs and BSs [3].

To establish a unique association between BSs and IRSs,
we introduce the set of binary variables {bk,m,n}, k ∈ K,m ∈
M, n ∈ N , which indicates that BS m transmits signal sm(t),
and then IRS k reflects incident signal sm(t) towards BS
m for positioning vehicle k at time slot n if bk,m,n = 1;
when bk,m,n = 0, it denotes that BS m cannot be associated
with IRS k but can still be associated with other IRSs.

2In practice, IRS can be easily attaches to diverse targets, such as vehicles
and drones. It empowers targets to efficiently steer echo signals toward the
desired direction for significantly improved positioning accuracy.

3This positioning method solely relies on IRS interaction with the sensing
transceivers and doesn’t require any involvement from the target, thereby
illustrating its robust scalability.

4The angle information is not considered in this work since it requires
multiple antennas equipped on the BSs, and the corresponding implementation
cost and power consumption are high.

5The transmission duration of the associated BS could be set a little
longer than the dwell time on the IRS, thereby improving the robustness
of synchronization.
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The established unique association can effectively reduce the
complexity of distance estimation and target localization. To
establish the unique association between measured distances
and vehicles, at time slot n, the phase shifts of IRS k are
designed to enhance the reflected echo signal power for at
most one BS, i.e,6∑M

m=1
bk,m,n ≤ 1,∀k ∈ K, n ∈ N . (1)

If
∑M

m=1 bk,m,n = 0, IRS k does not reflect signals to any
BS and it works as an absorbing metasurface at the nth time
slot [30], which generally happens when K > M . Otherwise,
IRS k reflects the incident signals transmitted by all active
BSs. Similarly, to avoid mutual interference between BSs and
IRSs, at each time slot, each BS transmits signals to sense at
most one target, i.e.,∑K

k=1
bk,m,n ≤ 1,∀m ∈ M, n ∈ N . (2)

Moreover, to simplify the practical implementation, we assume
that one target and one BS are associated in at most one time
slot as follows:∑N

n=1
bk,m,n ≤ 1,∀k ∈ K,m ∈ M. (3)

By adopting the above constraints, the distance measured at
the BSs can be associated with a specific target, thereby
effectively improving the localization accuracy and avoiding
the complexity of target association. In practice, the BS-IRS
association is optimized at the BSs according to the prior
location information, based on which the IRS phase shifts are
designed to enhance the echo signal towards the associated
BS while reducing the interference to unassociated BSs. Then,
the designed phase shifts are transmitted to the IRS controller
before each positioning operation.

Without loss of generality, the prior location of vehicle k,
denoted by (x̂t

k, ŷ
t
k), can be obtained based on its onboard

sensors such as global positioning system (GPS) [31] or the
state estimation in previous observations. The accurate 2D
location of vehicle k, i.e., (xt

k, y
t
k), is assumed to be uniformly

distributed within a circle with the radius re and center point
(x̃t

k, ỹ
t
k) due to vehicle mobility or sensor measurement errors,

where (x̃t
k, ỹ

t
k) represents the prior location of IRS k. The

actual distance between IRS k and BS m is expressed by

dk,m =
√

(xr
m − xt

k)
2 + (yrm − ytk)

2 + (HBS −HIRS)2,
(4)

where HIRS represents the height of the IRS, and it is practi-
cally assumed to be known due to the fixed IRS deployment
position relative to the vehicle. For notational simplicity, vehi-
cles are assumed to drive along a straight road that is parallel
to the x-axis. At the nth time slot, the reflection-coefficient
matrix of IRS k is given by Θk,n = diag(ejθk,1,n , ..., ejθk,L,n),
where θk,l,n ∈ [0, 2π) denotes the reflecting phase shifts of the
lth element of IRS k.

6It is observed that the performance of our adopted association method is
very close to that of the mechanism where multiple BSs are associated with
one IRS in the same time slot, while effectively avoiding signalling overhead
due to the low complexity of phase shift design.

B. Radar Measurement Model

The low-pass equivalent of the radar signal transmitted from
BS m is denoted by sm(t),7 and 1

W

∫
W ·∆t

|sm(t)|2 dt = 1,
where W is the number of symbols during signal processing
interval and ∆t is the time of one symbol. Following the
assumption in [28], [33], the transmitted signals are approxi-
mately orthogonal for any time delay τ of interest, i.e.,8

1

W

∫
W ·∆t

sm(t)s∗m′(t− τ)dt ≈
{

1 if m = m′

0 if m ̸= m′ , (5)

where (·)∗ denotes the conjugate operator. The vehicle k’s
direction relative to BS m is defined by {φk,m, ϕk,m}, where
φk,m and ϕk,m respectively denote the azimuth and elevation
angles of the geometric path connecting IRS k and BS m.
The channel power gain between IRS k and BS m can be
given by βG

k,m = β0d
−2
k,m, where β0 is the channel power

gain at the reference distance 1 m (meter). hDL
k,m ∈ C1×L

and hUL
k,m ∈ CL×1 are respectively the downlink and uplink

channel vectors between BS m and IRS k, given by

hDL
k,m =

√
βG
k,maIRS (φk,m, ϕk,m) , (6)

hUL
k,m =

√
βG
k,maT

IRS (φk,m, ϕk,m) , (7)

where aIRS =
[
1, · · · , e−jπ(Lx−1)Φk,m

]T ⊗[
1, · · · , e−jπ(Ly−1)Ωk,m

]T
, Φk,m = sin(ϕk) cos(φk),

and Ωk,m = sin(ϕk) sin(φk). Here, Φm and Ωm respectively
denote the spatial frequency angles from BS m to the IRS
along the x-axis and y-axis.

Let µk,m and τk,m respectively denote Doppler frequency
and the round-trip delay of echo signals transmitted/received
by BS m. The transmission delay from BS m′ to IRS k and
then to BS m is denoted by τk,m,m′ , and that from BS m′

to BS m is denoted by τm,m′ . At the nth time slot, the echo
signals received at BS m can be expressed as9

rm,n(t) = bk,m,ngk,m,m,n

√
PAsm(t− τk,m)︸ ︷︷ ︸

Reflected from associated target

+
∑M

m′ ̸=m

∑K

k=1
bk,m′,ngk,m,m′,n

√
PAsm′(t− τk,m,m′)︸ ︷︷ ︸

Echo signals transmitted by other BSs

+
∑M

m′ ̸=m

∑K

k=1
bk,m′,nhm,m′,n

√
PAsm′(t− τm,m′)︸ ︷︷ ︸

Interference signals directly transmitted by other BSs

+ bk,m,n

∑K

k′ ̸=k
gk′,m,m,n

√
PAsm(t− τk′,m)︸ ︷︷ ︸

Interference reflected from unassociated IRSs

+zm(t), (8)

7The transmitted signals may also be communication signals, which leads to
an interesting future work for integrated sensing and communication (ISAC)
applications [32].

8Information encoding methods can be adopted to ensure the orthogonality
of signals transmitted by different BSs, such as code division multiple access
(CDMA).

9The reflected echo from the vehicle surface (non-IRS parts) is practically
much weaker than the controllable echo signals of the IRSs, and the sensing
performance is generally improved with the exploiting the echo signal
reflected from the vehicle surfaces.
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CRLBk=tr
(
I−1(pk)

)
=

∑M
m=1

cos2 ϕk,m

σ2
k,m∑M

m=1
cos2 φk,m cos2 ϕk,m

σ2
k,m

∑M
m=1

sin2 φk,m cos2 ϕk,m

σ2
k,m

−
(∑M

m=1
cosφk,m cosϕk,m sinφk,m cosϕk,m

σ2
k,m

)2 .
(11)

where gk,m,m′,n = ej2πµk,mthUL
k,mΘk,nh

DL
k,m′ , hm,m′,n de-

notes the channel between BS m and BS m′, PA is the transmit
power, zm(t) ∈ CN (0, σ2

s) represents the additive disturbance,
and σ2

s is the noise power at the receive antennas of the BS.
Note that the interference from other unassociated BSs can be
removed by the filtering operations due to the orthogonality
of signals in (5). The BS correlates the received signal with
the associated normalized detection signal, and the signal-
to-interference-plus-noise ratio (SINR) of the received echos
reflected from IRS k is expressed in expectation form due to
uncertain prior location of vehicles, i.e.,

γS
k,m =

∑N

n=1
bk,m,n

ηn∆T

∆t

×
PAEφk,m,ϕk,m

[
|gk,m,m,n|2

]
PA

∑K
k′ ̸=k Eφk′,m,ϕk′,m

[
|gk′,m,m,n|2

]
+ σ2

s

. (9)

In (9), ∆T
∆t represents the number of symbols during the time

∆T . In (9), the interference mainly arises from the echo
signals reflected from unassociated IRSs. The interference
relationship between IRSs and BSs is further analyzed in
Section IV.

Based on the above analysis, by adopting a certain asso-
ciation {bk,m,n}, the vector parameter pk = [xt

k, y
t
k] can be

estimated based on the measured distance, e.g., least squares
method and maximum likelihood estimation (MLE) method
[34]. In this work, the MLE method is adopted to obtain the
vehicle location. The estimated distance from BS m to IRS k
is expressed as

d̃k,m = dk,m + zk,m, (10)

where the error of estimated distance zk,m is generally
inversely proportional to the SINR of echo signals at the BS
receiver [35], [36], i.e.,

σ2
k,m ∝ (γS

k,m)−1, (12)

where γS
k,m is the SINR at the receive antenna of BS m after

match-filtering. Given a vector parameter pk = [xt
k, y

t
k], the

unbiased estimate satisfies the following inequality

Ep̂k

{
(p̂k − pk)(p̂k − pk)

T
}
≥ I−1(pk), (13)

where I(pk) is the Fisher Information matrix (FIM), and
it can be obtained by utilizing the chain rule based on the
measurement dk = [dk,1, · · · , dk,M ], when the measurement
noise is Gaussian and the distance measurement covariance
matrix Σk is not dependent on the parameter pk [37], i.e.,

I(pk) =
(
∇pk

d(pk)
)T

Σ−1
k

(
∇pk

d(pk)
)
, (14)

where the distance measurement covariance matrix of M BSs

is denoted by

Σk =

 σ2
k,1 · · · 0
...

. . .
...

0 · · · σ2
k,M


M×M

. (15)

In (14), the Jacobian matrix ∇pk
d(pk) is ∇pk

d(pk) =
∂dk

∂pk
,

i.e.,

∇pk
d(pk) =

 cosφk,1 cosϕk,1 sinφk,1 cosϕk,1

...
...

cosφk,M cosϕk,M sinφk,M cosϕk,M

 .

(16)
By plugging (15) and (16) into (14), the CRLB of target k’s
location estimation error can be given by (11), which is shown
at the top of the page.

C. Problem Formulation

In this work, we aim to minimize the maximum CRLB of
the location estimation error by jointly optimizing the BS-IRS
association, the phase shift matrices of IRSs, and the time
allocation. The problem is formulated as follows.

(P1) : min
{Θk,n},η,{bk,m,n},N

max
k

CRLBk (17)

s.t. θk,l,n ∈ [0, 2π),∀k ∈ K, l ∈ L, n ∈ N , (17a)∑N

n=1
ηn = 1, (17b)

ηn ∈ [0, 1],∀n ∈ N , (17c)∑K

k=1
bk,m,n ≤ 1,∀m ∈ M, n ∈ N , (17d)∑M

m=1
bk,m,n ≤ 1,∀k ∈ K, n ∈ N , (17e)∑N

n=1
bk,m,n ≤ 1,∀k ∈ K,m ∈ M, (17f)

bk,m,n ∈ {0, 1},∀k ∈ K,m ∈ M, n ∈ N , (17g)
N ∈ N+, (17e)

where η = [η1, · · · , ηN ]. Solving (P1) optimally is non-
trivial due to the non-convex objective function and the closely
coupled variables. To tackle this issue, we first propose a phase
shift design method based on beam flattening, and analyze the
number of optimal associated BSs to simplify the formulated
problem in Section III. Then, the relationship between the
numbers of time slots, BSs, and targets for the multi-vehicle
case is analyzed in Section IV.

III. SINGLE-VEHICLE LOCALIZATION

In this section, we consider the single-vehicle setup, i.e.,
K = 1, to draw useful insights into the IRS phase shift
and time allocation design. If more than M time slots are

This article has been accepted for publication in IEEE Transactions on Communications. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCOMM.2023.3349158

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University College London. Downloaded on January 15,2024 at 16:25:16 UTC from IEEE Xplore.  Restrictions apply. 



6

employed, some BSs may be assigned multiple time slots, in
this case, merging multiple time slots associated with the same
BS does not compromise the sensing performance. Therefore,
without loss of generality, the number of time slots is set to
N = M . Then, variables {bm,n} can be ignored since the
association order does not affect the CRLB value and the
BS-IRS association can be recovered according to the time
allocation results. For simplicity, the IRS is associated with
the BSs in the order of the BS index, and in this case, the
time allocation variable can be denoted by {ηm}Mm=1. Then,
(P1) is simplified to (by dropping the IRS index) minimizing
the CRLB of the localization error, i.e.,

(P2) : min
{Θm},η

CRLB (18)

s.t. θl,m ∈ [0, 2π),∀l ∈ L,m ∈ M, (18a)∑M

m=1
ηm = 1, (18b)

ηm ∈ [0, 1],∀m ∈ M. (18c)

In the following, we first present a phase shift design method
for robust localization, and derive the simplified expression
of the CRLB with respect to time allocation η. Then, under
the case that the location of BSs can be jointly optimized,
we derive the optimal location of the associated BSs (i.e.,
ηm > 0) and a lower bound of CRLB. According to the
derived conclusions, we propose an MO-based algorithm to
optimally solve the time allocation problem for the case where
the location of BSs is fixed.

A. Phase Shift Design for Robust Localization

In the considered system, the phase shift design to achieve
efficient and robust localization is challenging since the ac-
curate location (xt, yt) is uncertain and the IRS phase shifts
should be obtained and transmitted to the IRS controller with
ultra-low latency. To this end, we propose an efficient solution
based on the beam flattening technique [38]. Specifically, due
to the uncertain location of the vehicle, spatial resolution
angles from BS m to the IRS (i.e., Φm and Ωm) lie within two
angular spans, denoted by

[
Φ̄m,Φm

]
and

[
Ω̄m,Ωm

]
, where

Φ̄m = max
xt
m,yt

m

Φm, Φm = min
xt
m,yt

m

Φm, Ω̄m = max
xt
m,yt

m

Ωm, and

Ωm = min
xt
m,yt

m

Ωm. By adopting beam flattening [38], when

the IRS is associated with BS m, the IRS elements of each
row along the x-axis are divided into Qx

m sub-arrays with
Ls
x = Lx/Q

x
m elements in each sub-array. Similarly, the IRS

elements of each column along the y-axis are divided into
Qy

m sub-arrays with Ls
y = Ly/Q

y
m elements in each sub-

array, where Lx/Q
x
m and Ly/Q

y
m are assumed to be integers

for ease of analysis. As a result, the IRS is divided into
Qx

m×Qy
m parts to ensure that BS m can receive the echo signal

reflected from the IRS, where Qx
m =

√
Lx

∣∣Φ̄m − Φm

∣∣/2 and

Qy
m =

√
Ly

∣∣Ω̄m − Ωm

∣∣/2. Here, the IRS phase shifts can
be designed based on the beam flattening technique proposed
in [38] and the BSs only need to transmit the angular span
information (Φ̄m and Φm) to the IRS controller for phase
shift design. Then, the effective beamforming gain of one
subarray is a function of the spatial frequency distance (∆Φ

BS

Beam flattening
Error bound

Fig. 2. Illustration of beam flattening for robust localization.

and ∆Ω) to the beam center, denoted by P (∆Φ,∆Ω) =

sin
(

πLs
x∆Φ
2

)
sin

(
π∆Φ

2

) sin

(
πLs

y∆Ω
2

)
sin

(
π∆Ω

2

) . Specifically, P (∆Φ,∆Ω) has a peak

at ∆Φ = 0 and ∆Ω = 0, and nulls at ∆Φ = ± 2k
Ls

x
, k =

1, · · · , Ls
x − 1 and ∆Ω = ± 2j

Ls
y
, j = 1, · · · , Ls

y − 1. Then, the
coverage beamwidth can be deemed as 2

Ls
x

and 2
Ls

y
along the

x-axis and y-axis, respectively. To obtain a flattened beam,
the adjacent spatial frequency shift is separated by the spatial
frequency resolution of the subarray, i.e., 2

Ls
x

and 2
Ls

y
. Hence,

the mth and nth sub-array beam’s directions along the x
and y axes can be expressed as Φ̄lx

m = Φ̄1
m + 2(lx−1)

Ls
x

for

lx = 1, · · · , Qx
m, and Ω̄lx

m = Ω̄1
m+

2(ly−1)
Ls

y
for ly = 1, · · · , Qy

m

respectively. By adopting beam flattening, even if the position
of the vehicle is uncertain, the BS can always receive the echo
signal reflected from the IRS, as shown in Fig. 2. Then, the
signal-to-noise ratio (SNR) of echo signals received at BS m
can be recast in approximate form as

γS
m ≈ ηmγ̄S

m, (19)

where Qm = Qx
mQy

m and γ̄S
m =

β2
0∆TL2

Q2
m∆td4

mσ2
s

. If the given error
bound of the target’s location is less than a range (i.e., less than
the beam width), Qm = 1, i.e., all the beam is aligned towards
the prior location. Obviously, the larger the angular range, the
more dispersed the echo power and the correspondingly lower
distance measurement accuracy.

According to (12), we have σ2
m = C0

γS
m

, where C0 is
the variance parameter of the estimation method [3]. Let
γ̃m = γ̄m cos2 ϕm, we can equivalently simplify the CRLB
expression as

CRLB =
C0

∑M
m=1 ηmγ̃m∑M−1

j=1 ηj γ̃j

(∑M
i=j+1 ηiγ̃isin

2(φi − φj)
) . (20)

The simplified expression of CRLB in (20) shows that the
sensing accuracy is only related to the azimuth difference
between any two associated BSs to the target, i.e., φj − φi,
instead of the absolute azimuth angle. Nonetheless, it is still
challenging the optimally solve (P2) since the CRLB is non-
convex with respect to time allocation η. To tackle this issue,
we first analyze the minimum number of associated BSs with
flexible BS locations. Then, we prove (P2) is a monotonic
optimization (MO) problem with respect to time allocation,
based on which, (P2) can be optimally solved by Polyblock-
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based algorithm [39].

B. Lower Bound under Flexible BS Deployment
In this subsection, we derive the optimal location of associ-

ated BSs and the optimal time allocation results. In practice,
the distance from BS m to the target satisfies dm ≥ d, where
d is the minimum distance with the consideration of safety.

Lemma 1: For any given M ≥ 3, if the location of BSs can
be jointly optimized and Qm = 1,∀m, the minimum CRLB
in (P2) can be given by

CRLB∗ =
4C0∆td6σ2

s

∆Tβ2
0L

2
(
d2 − (HBS −HIRS)2

) , (21)

where the equality holds when η∗m = 1/M and φ∗
m =

2(m−1)π
M , ϕ∗

m = arcsin |HBS−HIRS |
d ,m = 1, · · · ,M .

Proof: Please refer to Appendix A. ■
Lemma 1 shows that with flexible BS deployment, the

minimum CRLB is inversely proportional to the equivalent
SNR γ̃S

m. Moreover, it can be found that the minimum CRLB
with different numbers of BSs is exactly equal to each other,
i.e., the optimal localization performance of the proposed
localization system is independent of the number of BSs. This
is in sharp contrast to the traditional distributed radar sensing
systems, in which the corresponding localization accuracy
is generally improved with the increase of the transmitters’
number. The main reason is that with the given time interval
∆T , if the time is allocated to more BSs and the average time
resource allocated to each BS will enviably decrease due to the
limited total dwell time ∆T , and the localization performance
improvement brought by sensing direction diversity cannot
compensate for the performance loss caused by the time
reduction for each distance measurement.

When there is prior knowledge about the region of the
target, two receivers (M = 2) would suffice for target localiza-
tion. It is not difficult to verify that if M = 1, CRLB → ∞.
Hence, as shown in Lemma 1, the achievable minimum CRLB
values under different numbers of BSs are all equal to CRLB∗

in (21), thus the minimum number of associated BSs is two.
Proposition 1: When M = 2, the optimal time allocation

η∗1 =
√
γ̃2√

γ̃1+
√
γ̃2

and η∗2 =
√
γ̃1√

γ̃1+
√
γ̃2

.
Proof: When M = 2, corresponding minimum CRLB can

be given by

CRLB =
C0

sin2(φ1 − φ2)

(
1

η1γ̃1
+

1

η2γ̃2

)
. (22)

At the optimal solution, CRLB
η1

= CRLB
η2

. Then, it can be

readily proved that the optimal time allocation η∗1 =
√
γ̃2√

γ̃1+
√
γ̃2

and η∗2 =
√
γ̃1√

γ̃1+
√
γ̃2

. ■

In Proposition 1, (cosφ1 sinφ1 − cosφ2 sinφ2)
2 ∈ [0, 1].

Thus, if φ1 = φ2, CRLB → ∞. CRLB is maximized if
φ2 − φ1 = π

2 . Based on the above conclusions, the higher
the deployment density of BSs, the higher the probability of
achieving the optimal positioning performance in Lemma 1.

C. Optimal Solution to (P2) under Fixed BS Deployment
According to the analysis in Section III-B, if the location

of BSs satisfies the condition in Lemma 1 or Proposition 1,

the optimal time allocation solution with flexible BS location
is also the optimal solution to (P2). In the following, we will
further present an analysis of fixed BS deployment when M ≥
3.

Proposition 2: The CRLB value decreases monotonically
as ηm increases.

Proof: Please refer to Appendix B. ■

Intuitively, the increase of the dwell time on any BS leads to
the improvement of measurement accuracy, thereby improving
the positioning accuracy of the target. Proposition 2 implies
that (P2) is an MO problem with respect to ηm, and thus
(P2) can be optimally solved based on the framework of the
Polyblock-based algorithm [39], [40]. Specifically, during the
rth iteration, the vector η(r) = [η

(r)
1 , · · · , η(r)M ] corresponding

to the minimum CRLB is selected, and then its projection
point is calculated as η(r)m =

η(r−1)
m∑M

m=1 η
(r−1)
m

. After each iteration,
a smaller Polyblock set can be constructed by replacing the
vertices η(r) with the newly generated vectors. The algorithm
details are omitted for brevity, more details refer to [40].

Remark 1: This algorithm can also be extended to the case
in which at least three BSs are required to be associated with,
i.e., the number of non-zero elements in the set {η1, · · · , ηM}
must be no less than three, and this problem is denoted by
problem (P2.1). Specifically, the minimum time ratio for each
BS to achieve effective sensing is denoted by tm. If the
obtained number of associated BSs for the above algorithm
is two, with optimal time allocation η∗i and η∗j , i, j ∈ M, we
can construct an optimal solution to (P2.1) as follows. The
measurement from another BS with the minimum resulting
CRLB is added, denoted by BS q, and then the dwell time
of the original solution to problem (P2) is decreased in scale.
As a result, the optimal solution to (P2.1) can be obtained by
allocating time ratio tm to BS q, and the optimal time ratio
for BSs i and j are η∗i (1− tm) and η∗j (1− tm), respectively.

For ease of discussion, we shall take CRLB∗
m for the

optimal solution where the maximum number of BSs allowed
to be associated is m. Next, it is illustrated that each target
can achieve effective positioning even associating with only a
few BSs.

Proposition 3: If γ̃m = γ̃m′ , ∀m,m′ ∈ M, it follows that

CRLB∗
2 ≤ 2 lim

M→∞
CRLB∗

M . (23)

Proof: Furthermore, when there are only two BSs that
can be associated with the IRS, we have CRLB∗

2 =
4C0

γ̃m max
i̸=j,i,j∈M

sin2(φi−φj)
. When M → ∞, we have

lim
M→∞

CRLB∗
M

≥ C0

γ̃m max
i̸=j,i,j∈M

sin2(φi − φj) limM→∞
∑M−1

i=1

∑M
j=i+1 ηiηj

≥ C0

γ̃m max
i̸=j,i,j∈M

sin2(φi − φj)
lim

M→∞

2M2

M2 −M

(a)
=

2C0

γ̃m max
i̸=j,i,j∈M

sin2(φi − φj)
≜

1

2
CRLB∗

2, (24)
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where (a) holds due to limM→∞
2M2

M2−M = 2. Combining the
above analysis, we have (23) and complete the proof. ■

Proposition 3 illustrates that ignoring the error difference
of different BSs’ measurements, when the number of BSs is
large enough, the optimal CRLB of the solution with only two
BSs will not exceed twice that of the optimal solution with
countless BSs. Combining the conclusions in Propositions 1
and 3, it can be derived that the IRS tends to be associated with
fewer BSs, thereby focusing the reflecting power to improve
sensing performance, which is also evaluated via simulations
in Section V. This conclusion offers valuable insights into
optimizing the deployment density of BSs for positioning
services. Specifically, it suggests that deploying sparse and
well-distributed BSs in the reserved region is more cost-
efficient.

IV. MULTI-VEHICLE LOCALIZATION

In this section, we propose a low-complexity resource
allocation algorithm for multi-vehicle cases, and then present
the performance analysis for the proposed algorithm.

A. Algorithm Design

Similar to the adopted beam flattening technique for single-
vehicle cases, if bk,m,n = 1, the phase shift of IRS k
is designed to cover the spatial span

[
Φ̄k,m,Φk,m

]
and[

Ω̄k,m,Ωk,m

]
along x- and y-axis, respectively. In this case,

the echo signals will also be received by other BSs within
this angular range relative to target k, resulting in an uncertain
association between targets and measured distance. To tackle
this issue, the interference caused by unassociated IRS should
be avoided according to the spatial relationship between IRSs
and BSs. Here, the interference relationship can be described
according to the prior location of vehicles. Specifically, if BSs
m and IRS k are associated at a certain time slot, and the
adopted beam flattening techniques (c.f. Section III) will cause
interference to BS m′ if

[
Φ̄k,m,Φk,m

]
∩ Φk,m′ ̸= ∅ and/or[

Ω̄k,m,Ωk,m

]
∩Ωk,m′ ̸= ∅, and in this case, let wk,m,m′ = 1;

otherwise, wk,m,m′ = 0. Notice that if bk,m,n = 1, BS m′

should not work at the nth time slot if wk,m,m′ = 1. Based on
the established interference graph {wk,m,m′}, the interference
can be avoided if the following constraints are satisfied, i.e.,

bk,m,n +
∑K

k′ ̸=k
bk′,m′,n ≤ 2− wk,m,m′ ,∀k,m, n. (25)

By satisfying the constraints in (25), the interference from
unassociated IRS can be ignored due to the weak reflecting
power outside the main lobe. Then, the SINR of the received
echos can be expressed as

γS
k,m =

∑N

n=1
bk,m,nηnγ̄

S
k,m, (26)

where γ̄S
k,m =

β2
0∆TL2

Q2
k,m∆td4

k,mσ2
s

. Let γ̃S
k,m = γS

k,m cos2 ϕk,m.
Then, the CRLB of target k can be given by

CRLBk =
C0

∑M
m=1 γ̃

S
k,m∑M−1

j=1 γ̃S
k,j

(∑M
i=j+1 γ̃

S
k,isin

2(φk,i − φk,j)
) .
(27)

Thus, (P1) can be equivalently transformed into

(P3) : min
η,{bk,m,n},N

ξ (28)

s.t. (17b)− (17e),

CRLBk ≤ ξ,∀k ∈ K, (28a)

bk,m,n +
∑M

k′ ̸=k
bk′,m′,n ≤ 2− wk,m,m′ ,∀k,m, n.

(28b)

Note that under the optimal association {b∗k,m,n}, it can be
readily verified that the optimal time allocation {ηm} can be
solved by the MO-based algorithm presented in Section III.
Thus, a direct way to find the optimal solution to (P3) is
to search all possible BS-IRS associations and calculate the
corresponding optimal time allocation through the MO-based
algorithm in Section III-C, and then the BS-IRS association
with the minimum CRLB value is the optimal solution.
However, such an operation is infeasible due to the high
computational complexity, especially when the number of
targets/BSs is large. On the other hand, it is difficult to
jointly optimize target association {bk,m,n} and time allocation
{ηn} due to the non-convex constraints and closely coupled
variables in (28a). To this end, we propose a heuristic BS-IRS
association algorithm according to the derived conclusion in
Section III.

According to the analysis in Section III, the sensing perfor-
mance of the solution with only two BSs approaches to that of
the optimal solution. Thus, we propose a two-step algorithm
to solve target association and time allocation, where only two
BSs with the minimum CRLB value are selected to localize
each vehicle, thereby reducing the total number of time slots
and the algorithm complexity. In this case, the total number
of BS-IRS associations is 2K, and the probability of potential
interference is reduced. The associated BSs with IRS k are de-
noted by k1 and k2, and according to Proposition 1, the optimal
CRLB∗

k is only affected by these two association time ratios,
denoted by ηk,1 and ηk,2. Then, we normalize the resulting
CRLB of each target, and the corresponding normalized time
ratios can be denoted by η̄k,1 and η̄k,2, respectively, where
η̄k,1 = CRLB∗

kηk,1 and η̄k,2 = CRLB∗
kηk,2. In this case, the

CRLB is the same for each target using the normalized time
ratio, thereby ensuring the fairness of multi-vehicle sensing. To
make full use of space resources and achieve a better resource
allocation effect, the BS-IRS associations are sorted according
to the normalized time ratio, and then place in the time slots
sequentially based on the interference-free graph {wk,m,m′}
to avoid interference between different measurements. If the
current BS-IRS association cannot be accommodated within
the existing time slot set, a new time slot is generated, and
the value of N is incremented by one. After updating the
time slot, the BS-IRS associations are sorted based on the
expected length of the time slots, thereby enhancing utilization
efficiency of time resources. The algorithm details are given
in Algorithm 1.

B. Performance Analysis for Proposed Localization Scheme
To draw useful insights into the proposed IRS-assisted

localization scheme, in this subsection, we provide theoretical
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Algorithm 1 Low-Complexity Association Algorithm
1: Input BS location, prior location of vehicles.
2: for k = 1 : K do
3: Choose two BSs with minimum CRLB for target k,

and obtain the optimal time allocation ratios according
to Proposition 1, denoted by ηk,1 and ηk,2;

4: end for
5: while 2K BS-IRS associations do
6: Put the BS-IRS association results with fewer time ratio

(min(ηk,1, ηk,2)) into the first time slot.
7: if

∑M
m′ ̸=m wk,m,m′ = 0 then

8: Continue to put it in.
9: else

10: N → N +1, put this association into the new added
time slot.

11: Sort the BS-IRS associations according to the nor-
malized time ratio.

12: end if
13: After determining the target-BS association, the time

allocation can be solved by the MO algorithm.
14: end while

analysis to characterize the relationship between the sens-
ing performance and the numbers of target/BSs/time slots
(K/M /N ), which is useful to facilitate the practical setup
design for the proposed localization scheme.

If
∑K

k=1

∑M
m=1

∑M
m′ ̸=m wk,m,m′ = 0, this corresponds to

the case that the location of BSs and vehicles is relatively
dispersed, and any two BS-IRS association can exist simul-
taneously. In this case, the space resources can be fully uti-
lized. On the other hand, if

∑K
k=1

∑M
m=1

∑M
m′ ̸=m wk,m,m′ =

KM(M − 1), i.e., there is mutual interference in any pair
of BS-IRS associations, then each measurement can only be
performed in a time-division manner. For these two cases, the
corresponding relationship between the minimum number of
time slots and the maximum number of available targets is
given as follows.

Lemma 2: Given the number of BSs and targets, i.e., M
and K, the minimum number of time slots required to achieve
effective target localization are given by

• Nmin = max(
⌈
2K
M

⌉
, 2), if

∑K
k=1

∑M
m=1

∑M
m′ ̸=m wk,m,m′ =

0;
• Nmin = 2K, if

∑K
k=1

∑M
m=1

∑M
m′ ̸=m wk,m,m′ =

KM(M − 1).

Proof: First, we have
∑N

n=1

∑M
m=1 bk,m,n ≥ 2, i.e., the

minimum number of BSs to successfully localize a target
is two, and thus, the minimum total number of distance
measurements satisfies

∑N
n=1

∑K
k=1

∑M
m=1 bk,m,n = 2K.

Moreover, the maximum number of the associated targets (the
number of distance measurements) at each time slot is less than
the number of BSs and targets, i.e.,

∑K
k=1

∑M
m=1 bk,m,n ≤

min(M,K). Hence, if there is no interference between
different IRSs, i.e.,

∑K
k=1

∑M
m=1

∑M
m′ ̸=m wk,m,m′ = 0,

we have
∑K

k=1

∑M
m=1 bk,m,n = M,∀n. Thus, in this

case, the minimum number of time slots is Nmin =⌈
2K
M

⌉
. Similarly, if all targets interfere with each other,

∑K
k=1

∑M
m=1

∑M
m′ ̸=m wk,m,m′ = KM(M − 1), and they

have to be sensed in a time-division manner. In this case,
Nmin = 2K. ■

Lemma 2 illustrates the minimum number of time slots
under different interference cases. Intuitively, the less inter-
ference, the number of BSs can be exploited to reduce the
number of slots, thereby reducing the complexity of position-
ing algorithm.

Lemma 3: Given the number of BSs and time slots, i.e., M
and N , the maximum number of targets that can be effectively
localized is given by
• Kmax=

⌊
MN
2

⌋
, if
∑K

k=1

∑M
m=1

∑M
m′ ̸=m wk,m,m′ = 0;

• Kmax =
⌊
N
2

⌋
, if

∑K
k=1

∑M
m=1

∑M
m′ ̸=m wk,m,m′ =

KM(M − 1).
Proof: This Lemma can be similarly proved as Lemma 2

and the details are omitted for brevity. ■
Lemmas 2 and 3 offer essential insights into the relationship

between the number of targets, BSs, and time slots in the setup,
which can help guide the parameter setting process effectively.

Proposition 4: Under the same setup, the minimum CRLB
in (P3) is non-increasing/decreasing as the number of tar-
gets/BSs decreases.

Proof: First, the optimal solutions to (P3) with K targets
are denoted by {b∗k,m,n} and η∗n, and the corresponding CRLB
is denoted by CRLB∗. With K − 1 targets, it is not difficult
to verify that the solutions b∗k,m,n and η∗n can also achieve
the localization performance CRLB∗ since the interference
constraints can be satisfied. Similarly, it can be verified that
the minimum CRLB in (P3) under M BSs is no more than
that under M − 1 BSs. ■

Proposition 4 reveals that the performance relationship
between the deployment density of BSs, the number of targets
to be sensed, and the localization performance requirements.

V. SIMULATIONS

To validate our analysis and characterize the performance
of the proposed localization scheme, Monte Carlo simulation
results are presented in this section. The system parameters
are given as follows: Lx = Ly = 40, K = 10, M = 4,
β0 = −30dB, σ2

s = −80dB, PA = 1W, De = 5m, HBS =
5m, HIRS = 1m, ∆T = 0.1s, ∆t = 10−6s, and C0 = 0.1.
In addition, the following benchmark schemes are taken into
account for comparison:
• Average time allocation to all BSs (Average): Each BS is

assigned the same time ratio.
• Closest two BSs (Closet): The two closest BSs to each

target are selected to be associated with the IRS.
• Time division sensing (Time Division): Each target is

sensed on orthogonal time slots, with optimal time allocation
separately.

A. Single-Vehicle Localization

First, the number of the associated BSs for the optimal
solution is statistically analyzed by setting M = 10, as shown
in Table I, where the location of BSs is randomly generated.
It is worth noting that with probability 90%, the IRS only
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(a) Location of BSs and the target. (b) Echo power at time slot 1.

(c) Echo power at time slot 2. (d) Echo power at time slot 3.

Fig. 3. Echo signals power at different locations.

TABLE I
STATISTICS ON THE NUMBER OF OPTIMAL ASSOCIATED BSS.

Associated BS number 1 2 3 4 5-10

Proportion 0 90% 8% 2% 0

Minimum value {ηm} - 0.29 0.018 0.001 -

associates with two BSs at the optimal solution, i.e., even if
there are more candidate BSs, it tends to choose fewer BSs
to associate with. Moreover, the optimal number of associated
BSs is generally less than four. This is expected since associat-
ing with more BSs will disperse the echo’s energy, resulting in
a decrease in the average accuracy of distance measurements.
In other words, the diversity gain of measurement directions
cannot compensate for the loss of distance measurement
accuracy. Also, this conclusion corroborates our analysis in
Section III-B, i.e., instances associated with a higher number
of BSs are less likely to be optimally positioned. Moreover,
when the number of associated BSs increases, the minimum
time ratio of the optimal solution gradually decreases. When
the optimal number of associated BSs is 4, the minimum
time ratio is only 0.001, which indicates that the performance
gain brought by the measurement of the corresponding BS is
negligible. Therefore, in our proposed positioning scheme, it

is sufficient for the IRS to actively reflect echo signals toward
two or three BSs to improve sensing performance.

In Fig. 3, the 2-dimensional (2D) power of echo signals
is provided to illustrate the effectiveness of the control of
echo signals. The location of 10 BSs and the IRS/target is
shown in Fig. 3(a), where BSs and the IRS are represented by
triangles and boxes, respectively, and the pink circle represents
the uncertainty region of the vehicle’s position. It is observed
from Fig. 3 that only the associated BS 2, BS 4, and BS
8 are allocated an equal proportion of the time. As evident
from the observation in Fig. 3, the IRS is not obligated to
be associated solely with the nearest BS. Conversely, the BS
association takes into account both distance and orientation as
determining factors.

Fig. 4 illustrates the performance for target localization in
terms of the mean square error (MSE), with the increase of the
transmit power PA. The MLE method is adopted for obtaining
the target location via exhaustive grid search [34]. As expected,
the location MSEs of these schemes are lower-bounded by
the corresponding CRLB, and the CRLB is tight and can
be achieved by the MLE in the high-transmit power regime,
which is consistent with the analytical result in the literature
[26], [27]. It can be seen that the proposed method outperforms
both benchmark scheme designs, especially when the transmit
power is low. Compared to the 0.4/0.9W transmit power’s
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Fig. 4. MSE comparison versus CRLB under different transmit power.

Fig. 5. Localization performance comparison versus different numbers of IRS
elements.

threshold to achieve a tight CRLB for the "average"/"closest"
benchmark scheme, the proposed scheme can take the optimal
time ratio to achieve that at a lower transmit power (i.e.,
0.2W ) due to a better balance between different distance
measurements. This proves that CRLB minimization for the
proposed localization scheme is effective to improve the target
estimation performance.

In Fig. 5, the localization performance is compared under
different numbers of IRS elements with PA = 0.1W. As shown
in Fig. 5, under different IRS elements, the "average" scheme
and the "closest" scheme lead to 1.3 and 37.3 higher CRLB
as compared to the proposed scheme, respectively. Also, the
CRLB gap between the case with De = 0.5m and the case
with De = 5m becomes more pronounced with increasing
the number of IRS elements L. The main reason is that the
beam width of the echo signals becomes narrower with the
increasing L, and thus the IRS needs to be divided into more
sub-groups to ensure that the BS can receive echo signals in
the uncertain prior region. The "closest" scheme with the prior
location’s error De = 5m achieves much worse positioning

saturation

Fig. 6. Statistical CRLB comparison versus different numbers of BSs.

performance as compared to that of De = 0.5m, which is
mainly because the closer the potential distance between BS
and IRS, the wider the beam should be designed to cover the
angular range. For De = 5m, the positioning performance
exhibits incremental improvements in a stepwise manner due
to the IRS only being divided into integer parts.

The statistical localization performance is compared in
Fig. 6 for different numbers of BSs M , with PA = 0.1W.
When the number of BSs increases from 2 to 5, the CRLB
of these considered schemes is significantly decreased since
there are more BSs in different azimuths to achieve a better
geometry gain or an increasing SNR of echo signals. Also,
as the number of candidate BSs increases, the performance
improvement of our proposed algorithm over the "average"
scheme gradually increases. This suggests that the benefit of
associating to more BSs for higher diversity does not outweigh
the SNR loss of each measurement, thereby reducing the
sensing accuracy, especially for IRSs with more elements.
It can be observed that the positioning performance reaches
saturation when the number of BSs is larger than 11, due
to the non-optimal time resource allocation for the "average"
scheme or non-optimal association for the "closest" scheme,
respectively.

B. Multiple-Vehicle Localization

In this subsection, the simulation results under the multi-
vehicle setup are provided to analyze the relationship between
the numbers of time slots, BSs, and targets. In Fig. 7, we show
the statistical average number of time slots N comparisons
versus the number of BSs by setting K = 10. It can be seen
that the numbers of time slots for both the proposed scheme
and the "closest" scheme decrease as the number of BSs
increases, which is consistent with the analysis in Proposition
3. The main reason is that there are more potential associations
in BS-IRS association candidates with no interference, thus
reducing the required number of time slots and improving
the utilization effectiveness of time resources. Moreover, the
number of time slots of our proposed scheme is significantly
reduced as compared to the "time division" scheme under
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Fig. 7. Statistical time slots comparison versus different numbers of BSs.

Fig. 8. Statistical CRLB comparison versus different numbers of targets.

higher BS density, since more BS-IRS associations can be
established at the same time to perform distance measurements
simultaneously. Differently, the number of time slots of the
"time division" scheme increases slightly as the number of
BSs increases, since the optimal number of associated BSs
for this scheme increases with the BS density to improve
the localization performance. It can be found that under a
larger error bound of the vehicle’s prior location, the optimized
number of time slots N is reduced more significantly as
compared to that under a lower error bound.

In Fig. 8, it can be observed that the CRLB of these
considered schemes increases monotonically with the num-
ber of targets K, and in particular, the reduction of the
CRLB achieved by our proposed scheme over two benchmark
schemes increases as the number of targets increases. For a
given number of targets, the CRLB with M = 10 can be
reduced about 5 times compared to that with M = 5, and the
main reason for the reduction in CRLB is that there are more
potential BS-IRS associations with no interference, ensuring
more distance measurements can be obtained simultaneously.

Fig. 9. Statistical CRLB comparison versus different prior location error De.

For the "closest" scheme, when the number of BSs is less
(i.e., M = 5), the CRLB increases faster caused by more
severe interference and the reduced utilization efficiency of
time resources. Notice that the proposed scheme is reduced
to the "time division" scheme for single-target cases, while
for two-target cases, the positioning performance of the "time
division" scheme is severely degraded as compared to the
proposed scheme. The main reason is that the interference
probability between different BS-IRS associations is relatively
low for less-target cases, and the "time division" scheme
does not make full use of time and space resources. As the
number of targets increases, the proposed scheme can bring
greater positioning performance gain compared to the "closest"
scheme. The main reason is that as the number of targets
increases, the "closest" scheme only considers associating to
the closest BSs, which inevitably increases the probability
that different targets are associated with the same BSs, thus
requiring more time slots for non-interference sensing between
different targets.

Fig. 9 shows the statistical CRLB comparison versus differ-
ent prior location error De. It can be observed that the CRLB
increases monotonically with the increase of the uncertainty
range De, i.e., the positioning performance of the scheme
decreases. We note that with De = 0m, the minimum CRLB
is higher than 0 due to the antenna noise and the resulting
limited SNR. When the error range increases to 120m, the
performance difference between the proposed scheme and the
“time division” scheme decreases. The main reason is that
as the error range increases, the likelihood of interference
between multiple associations also increases. Consequently,
fewer BS-IRS associations can be executed within the same
time slot. In this case, the proposed scheme tends to adopt
a time division strategy to mitigate interference and ensure
optimal performance. Moreover, to achieve the required sens-
ing performance CRLB, the proposed scheme can greatly
improve the ability to tolerate prior position errors, e.g., when
CRLB = 0.3, the largest available range of De of our
proposed scheme is respectively 0.7 and 1.5 times higher
as compared to that of the "time division" scheme and the

This article has been accepted for publication in IEEE Transactions on Communications. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCOMM.2023.3349158

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University College London. Downloaded on January 15,2024 at 16:25:16 UTC from IEEE Xplore.  Restrictions apply. 



13

"closest" scheme.

VI. CONCLUSIONS

In this paper, the CRLB-minimization problem for IRS-
mounted target localization systems is studied and a novel
cooperative localization scheme with the active control of
echo signals is proposed. In our considered system, the target
association, the IRS phase shifts, and the dwell time are jointly
optimized to improve sensing performance. For a single-target
setup, we derive the optimal BS location to provide a lower
performance bound of the original problem. Then, we prove
that the transformed problem is an MO, which can be opti-
mally solved by the Polyblock-based algorithm. Furthermore,
we theoretically analyzed the relationship between the number
of time slots, BSs, and targets, providing useful guidance
for the practical implementation of the proposed localization
scheme. Finally, simulation results demonstrate that our pro-
posed scheme achieves a significantly lower localization error
over the benchmark schemes and that the effective association
between IRSs and BSs can greatly reduce the BSs’/time slots’
number requirements.

APPENDIX A: PROOF OF LEMMA 1
First, it is not difficult to verify that CRLB is a mono-

tonically decreasing function of ϕm. Thus, we have ϕ∗
m =

arcsin |HBS−HIRS |
d at the optimal BS location. According to

the definition in (11), we have inequality

CRLB ≥
∑M

m=1
cos2 ϕm

σ2
m∑M

m=1
cos2 φm cos2 ϕm

σ2
m

∑M
m=1

sin2 φm cos2 ϕm

σ2
m

. (29)

The equality in (29) holds if and only if∑M
m=1

cosφm cosϕm sinφm cosϕm

σ2
m

= 0. Let

∑M

m=1

(sinφm cosϕm)
2

σ2
m

= G. (30)

Then, the denominator of (29) can be rewritten as follows:∑M

m=1

(sinφm cosϕm)
2

σ2
m

∑M

m=1

(cosφm cosϕm)
2

σ2
m

=

(∑M

m=1

(cosϕm)
2

σ2
m

−G

)
G. (31)

The value in (31) is maximized when G∗ = 1
2

∑M
m=1

cos2 ϕm

σ2
m

.
Hence, we have

CRLB =

∑M
m=1

cos2 ϕm

σ2
m(∑M

m=1
cos2 ϕm

σ2
m

−G
)
G

(b)

≥
∑M

m=1
cos2 ϕm

σ2
m(∑M

m=1
cos2 ϕm

σ2
m

− 1
2

∑M
m=1

cos2 ϕm

σ2
m

)
1
2

∑M
m=1

cos2 ϕm

σ2
m

=
4∑M

m=1
cos2 ϕm

σ2
m

=
4C0∑M

m=1 ηmγ̄S
m

(c)

≥ 4C0∆td4σ2
s

∆Tβ2
0L

2
. (32)

The equality in (b) holds when
∑M

m=1
sin2 φm cos2 ϕm

σ2
m

=
1
2

∑M
m=1

cos2 ϕm

σ2
m

. Therefore, an optimal solution that can

achieve the lower bound in Lemma 1 is φ∗
m = 2(m−1)π

M

and ϕ∗
m = arcsin |HBS−HIRS |

d ,m = 1, · · · ,M un-
der the constraints

∑M
m=1

cosφm cosϕm sinφm cosϕm

σ2
m

= 0

and
∑M

m=1
sin2 φm cos2 ϕm

σ2
m

= 1
2

∑M
m=1

cos2 ϕm

σ2
m

. By com-
bining the above analysis, the minimum CRLB =

4C0∆td6σ2
s

∆Tβ2
0L

2(d2−(HBS−HIRS)2)
.

APPENDIX B: PROOF OF PROPOSITION 2

First, we let xm = ηmγ̄S
m cos2 ϕm. Proposition 2 holds if

CRLB is a monotonically decreasing function of xm since xm

is an affine transformation of ηm. Let

CRLB =

∑M
m=1 xm∑M−1

m=1 xm

∑M
i=m xisin

2 (ϕi − sinϕm)

∆
= f(x),

where x = [x1, · · · , xM ]. Then, the partial
derivative of CRLB with respect to xm′ is given
by ∂f(x)

∂xm′
= g(x)

(
∑M−1

m=1 xm
∑M

i=mxisin2(ϕi−ϕm))
2 , where

g(x) =
∑M−1

m ̸=m′ xm

∑M
i ̸=m,m′ xisin

2 (ϕi − ϕm) −(∑M
m̸=m′ xm

)∑M
i ̸=m′ xisin

2 (ϕi − ϕm). In the following, it

will be proved that for any given {ϕm}, we have ∂2f(x)
∂2xm′

≤ 0.

Since ∂2g(x)
∂2xm

≤ 0, x∗
m = argmax

xm

g(x) = 0 if ∂g(x)
∂xm

≤ 0.

In this case, xm can be removed. Otherwise, ∂g(x)
∂xm

> 0, the
optimal solution to the maximum value of g(x) is obtained
if and only if ∂g(x)

∂xm
= 0. In this case, we have

g(x)

=
∑M

m̸=m′
xm

∑M

i̸=m,m′
(sin2(ϕm−ϕm′)−sin2 ϕm−sin2 ϕm′)

− (
∑M

m ̸=m′
x2
m sin2(ϕm)) ≤ 0. (33)

Thus, ∂f(x)
∂xm

≤ 0, ∀m ∈ M. By combining the above results,
the proof is completed.
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