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Abstract—Distributed multi-antenna systems are an important
enabling technology for future intelligent transportation systems
(ITS), showing promising performance in vehicular communi-
cations and near-field (NF) localization applications. This work
investigates optimal deployments of phase-coherent sub-arrays
on a vehicle for NF localization in terms of a Cramér-Rao lower
bound (CRLB)-based metric. Sub-array placements consider
practical geometrical constraints on a three-dimensional vehicle
model accounting for self-occlusions. Results show that, for
coherent NF localization of the vehicle, the aperture spanned by
the sub-arrays should be maximized and a larger number of sub-
arrays results in more even coverage over the vehicle orientations
under a fixed total number of antenna elements, contrasting with
the outcomes of incoherent localization. Moreover, while coherent
NF processing significantly enhances accuracy, it also leads to
more intricate cost functions, necessitating computationally more
complex algorithms than incoherent processing.

Index Terms—Sub-array placement, deployment optimization,
phase-coherent localization, near-field, vehicular localization.

I. INTRODUCTION

The vision for future intelligent transportation systems (ITS)
includes sharing of safety-critical information, like sensor- and
positioning data, among road users and infrastructure. The
aim is to extend the reach of individual vehicle’s perception
and to improve the overall safety of traffic participants [1]–
[5]. Thus, some ITS functions put strict requirements on
positioning accuracy which motivates exploring alternatives to
contemporary solutions such as stand-alone global navigation
satellite systems (GNSS) [3].

For ITS, an enabling technology is the vehicle’s antenna
system. It is expected that conventional roof-top antenna de-
ployments will not meet the requirements of ITS and car man-
ufacturers are exploring alternative multi-antenna distributed
deployments [6], [7]. In [7], it is shown that distributed antenna
deployments on the vehicle body enhance communication
reliability through spatial diversity and mitigates shadowing
effects. Distributed antenna deployments can also aid in ve-
hicular positioning: in [4], a distributed deployment of antenna
elements on the vehicle front bumper enables precise relative
positioning of ahead vehicles in a simulated vehicle-to-vehicle
(V2V) platooning scenario.

From a deployment optimization standpoint, vehicle-side
antenna deployments have previously focused on enhancing
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Fig. 1: Illustration of the considered downlink localization scenario.

communication capabilities [7]. The positioning performance
of vehicles equipped with large or distributed arrays has
been explored [4], particularly under near-field conditions
that account for wavefront curvature, though without opti-
mizing the deployment. In fact, deployment optimization for
positioning has been mainly considered in the context of
infrastructure deployments [3], [8], [9]. Existing research on
user-side deployments generally targets far-field conditions
and two-way propagation, such as in vehicular radar systems;
for instance, [10] optimizes sparse sub-array placements to
achieve desired beam-pattern characteristics. Another study,
[11], optimizes sparse planar arrays for vehicular radar in
the far-field, focusing on minimizing angular ambiguity and
enhancing resolution. Since distributed arrays on a vehicle can
be phase-locked by distributing a reference oscillator signal
via cables, near-field effects should be considered, both for
positioning and communication purposes.

This paper seeks to bridge this research gap by exploring
user-side, vehicular deployment of phase-coherent, distributed
antennas for a near-field positioning system. Our contributions
are as follows:

1) We investigate near-field positioning from the user-side
perspective, introducing a novel vehicular positioning
setup.

2) We present optimal antenna deployments for a vehic-
ular 5G millimeter-wave (FR2) downlink scenario that
includes considerations for vehicle self-occlusion effects
and specular multipath.

3) We establish fundamental guidelines for the localization-
optimal deployment of an array of sub-arrays on a
vehicle, accommodating both phase-coherent and phase-
incoherent operations.

II. SYSTEM MODEL & PROBLEM FORMULATION

A vehicle located in proximity of a base-station (BS)
constitutes the considered scenario illustrated in Fig. 1.



A. Geometry Model

The BS is modeled as a single emitting source in the origin
of a global coordinate system. The ground is a flat plane
characterized by the point [0, 0,−hBS]

T , where hBS is the
BS height above ground, and surface normal [0, 0, 1]T . Let
p = [x, y, z]T ∈ R3×1 denote the vehicle position where z is
known. Known is also the vehicle orientation, represented by
an SO(3) rotation matrix R ∈ R3×3 that maps the vehicle-
local coordinate system to the global coordinate system.

The vehicle is equipped with K planar antenna arrays
referred to as “sub-arrays” [10] numbered k = 1, . . . ,K,
each with known placement ∆k expressed in the vehicle-local
coordinate system and ∆k is restricted to lie on the surface
of the vehicle body. The global position of the k-th array is
pk = p + R∆k. The sub-arrays posses their own rotations
defined by K known SO(3) rotation matrices Rk, mapping
the local coordinate system of the k-th array to the vehicle-
local coordinate system. Let ũk be a point in space expressed
by a set of coordinates defined in the k-th array-local system,
then the same point is

u = pk + R̃kũk (1)
in the global system where R̃k = RRk. Considering the
k-th sub-array, apart from its position and orientation, it is
also characterized by its element positions Qk = {q̃k,m}Mk

m=1

expressed in the coordinate system of the k-th sub-array.

B. Signal Model

The BS employs an orthogonal frequency division multi-
plexing (OFDM) modulation scheme and transmits a number
of known pilot symbols x ∈ CN×1 over N subcarriers,
e.g., as in the case of 5G sounding reference signals [12],
[13]. Observations are made at each (fully digital) sub-array
over Mk elements. The signal incident on the k-th sub-array
travels through a number of paths indexed by ℓ, where ℓ = 0
specifically indicates the LOS path and ℓ ≥ 1 denotes any
NLOS paths. NLOS paths are assumed single-bounce and
reflections are specular in nature. The set of path indexes is
Lk ⊆ N and its elements may vary between sub-arrays due
to orientation-dependent vehicle self-occlusions.1 The spatial-
frequency domain observation matrix Yk ∈ CMk×N is [12]–
[14]
Yk =

∑
ℓ∈Lk

αk,ℓe
jϕk,ℓ

√
Ptxak,ℓ(bk,ℓ ⊙ x)T +Zk , (2)

where αk,ℓ ∈ R and ϕk,ℓ ∈ R are the channel magnitude-
and phase response for the ℓ-th path, respectively, Ptx is the
BS average transmit power, ak,ℓ ∈ CMk×1 is the spatial
steering vector, bk,ℓ ∈ CN×1 is the frequency-domain steering
vector and Zk ∈ CMk×N is i.i.d. additive white Gaussian
noise, meaning vec (Zk) ∼ CN

(
0, σ2IMN

)
. In (2), it is

further assumed that the duration of one OFDM symbol (given

1By considering the scenario in Fig. 1 and assuming no reflective objects
in the vehicle’s vicinity, it is understood that only the LOS path and a ground-
reflected (GR) path are possibly incident on the sub-arrays. Let ℓ = 1 indicate
the GR path, this gives Lk ∈ {{}, {0}, {1}, {0, 1}} and refers to the fully
occluded case, the LOS-only case, the GR-only case or the LOS+GR case,
respectively.

by Tsym = 1/∆f + Tcp where Tcp is the duration of a
cyclic prefix) is sufficiently short so that time-variations of
the channel can be ignored [15].

C. Geometrical Relations

At individual sub-arrays we apply a local plane-wave far-
field model. The direction of an approaching wave is described
by the azimuth- and elevation angle-of-arrival defined by

θ az
k,ℓ = −atan2 ([ũk,ℓ]2, [ũk,ℓ]1) (3)

θ el
k,ℓ = asin ([ũk,ℓ]3/∥ũk,ℓ∥) , (4)

respectively, for some source- or virtual source point ũk,ℓ

expressed in the local coordinates of the k-th sub-array. The
source points follow

ũk,ℓ =

{
−R̃T

k pk, for ℓ = 0

−R̃T
k (pk − pv

ℓ ) , for ℓ ≥ 1
(5)

using (1), where pv
ℓ is a virtual source point in the global

coordinate system from mirroring the true source in the plane
of the ℓ-th reflecting surface [16].

The spatial steering vector describes the phase progression
over the sub-array’s elements. With the above model and
definitions, the spatial steering vector’s elements are
[ak,ℓ]m =

[
ak(θ

az
k,ℓ, θ

el
k,ℓ)

]
m

= exp
(
jq̃T

k,mk(θ az
k,ℓ, θ

el
k,ℓ)

)
, (6)

for m = 1, . . . ,Mk, where
k(θ az

k,ℓ, θ
el
k,ℓ) =

=
−2π

λ
[cos θ az

k,ℓ cos θ
el
k,ℓ, − sin θ az

k,ℓ cos θ
el
k,ℓ, sin θ

el
k,ℓ]

T
(7)

is the wavenumber vector pointing in the direction of the
incident wave.

The received signal experiences a delay equal to τk,ℓ =
d̆kℓ/c where c is the speed of light in vacuum and d̆k,ℓ is the
“pseudo distance”. The latter quantity is defined as

d̆k,ℓ = dk,ℓ + δd , (8)
where dk,ℓ = ∥ũk,ℓ∥ is the true propagation distance and δd is
an offset due to an unknown timing offset δτ = δd/c between
the vehicle and BS. With this, the frequency-domain steering
vector’s elements are

[bk,ℓ]n = [b(d̆k,ℓ)]n = exp(−j2π∆fnd̆k,ℓ/c) (9)
for subcarrier indices n = 0, 1, . . . , N − 1 and subcarrier
spacing ∆f .

The channel phase responses ϕk,ℓ are modeled according to

ϕk,ℓ =

{
−2πfcdk,0/c+ δϕ,k, for ℓ = 0

−2πfcdk,ℓ/c+ δϕ,k + ∠Γk,ℓ, for ℓ ≥ 1
, (10)

where fc is the transmitted waveform carrier frequency and
δϕ,k is an unknown phase offset between the BS and the k-th
sub-array. The parameter ∠Γk,ℓ represents an unknown phase
shift from a single reflection with reflection coefficient Γk,ℓ.

Two Modes of Operation: We consider two modes of
operation: (i) the first mode uses a common local oscillator
for all sub-arrays and the system is phase-synchronized prior
to performing the localization task. In this mode, there only
exists a single offset between the vehicle and the BS, meaning
δϕ,k = δϕ. Only then can phase information be exploited and
the system is considered NF [12]. The second mode, (ii), is



without phase synchronization between sub-arrays. Hereafter,
these modes are referred to as the coherent and incoherent
modes, respectively.

D. Problem Formulation

Given {Yk}Kk=1 in (2), our goal is to determine the place-
ment and orientation of sub-arrays on the vehicle to opti-
mize the system localization performance (i.e., accuracy of
estimation of p). In order to quantify the performance of a
specific deployment, we consider a metric for the general
localization error, denoted ρ, which will be formulated in
Section III. Let a specific deployment be characterized by the
set A = {∆k}Kk=1 ∪ {Rk}Kk=1 ∪ {Qk}Kk=1. A constraint on
the number of sub-arrays K is enforced, and the optimization
problem with respect to A is formulated as

minimizeA ρ(A)

s.t. |A| = K ,
(11)

emphasizing that ρ = ρ(A) and | · | denotes set cardinality.

III. PROPOSED METRIC AND METHOD

A. Proposed Metric

For the purpose of tractability of the metric and usefulness
in both NF and far-field, we propose to use a percentile
of the CRLB (considering random vehicle locations and
orientations). The scenario involves several distributed sub-
arrays with individual orientations and visibilities under both
coherent and incoherent operation. Hence, we first detail the
CRLB derivation and then introduce the metric.

1) Cramér-Rao Lower Bound: From the received signal
modeled by (2) at each sub-array, the system is tasked with
jointly synchronizing and localizing itself relative to the BS
by estimating the position [x, y]T as well as synchronization
parameters in

s =

{
[δd, δϕ]

T ∈ R2×1, coherent
[δd, δϕ,1, . . . , δϕ,K ]T ∈ R(1+K)×1, incoherent

(12)

for the respective modes. Here, the index notation k =
1, . . . ,K is overloaded to specify only non-occluded sub-
arrays, and is true for the rest of this section. The nuisance
parameters are α = [αT

LOS,α
T
GR]

T where
αLOS = [α1,0, . . . , αKLOS,0]

T (13)

αGR = [α1,1, . . . , αKGR,1,∠Γ1,1, . . . ,∠ΓKGR,1]
T (14)

and are necessarily indexed by separate path-specific schemes
kLOS = 1, . . . ,KLOS and kGR = 1, . . . ,KGR for the LOS-
and GR path, respectively.

The unknown parameter vector is
η = [x, y, sT ,αT ]T ∈ RP×1 (15)

with P = 4+KLOS+2KGR or 3+K+KLOS+2KGR in the
coherent and incoherent modes, respectively. The accuracy of
an (unbiased) estimator η̂ of η is assessed by means of the
CRLB. If Cη̂ ∈ RP×P denotes its covariance, then the CRLB
of Cη̂ is expressed

Cη̂ − I−1
η ⪰ 0 (16)

where “⪰ 0” is applied in the positive semi-definite sense and
Iη is the Fisher information matrix (FIM) of η [17].

Equation (2) is now rewritten using the vec(·) operator:
yk = vec(Yk) =

∑
ℓ∈Lk

µk,ℓ + zk ∈ CMkN×1 (17)

where
∑

ℓ µk,ℓ = E[yk],

µk,ℓ = αk,ℓe
jϕk,ℓ

√
Ptx

(
b(d̆k,ℓ)⊙ x

)
⊗a(θ az

k,ℓ, θ
el
k,ℓ) , (18)

and zk = vec(Zk). Note that some of the parameters in η do
not enter (18) and (17) directly, but rather through another set
of sub-array-specific channel parameters

ξk,ℓ = [θ az
k,ℓ, θ

el
k,ℓ, d̆k,ℓ, ϕk,ℓ, αk,ℓ]

T ∈ R5×1. (19)
The channel parameters are parameterized by η through (3),
(4), (8) and (10) through (5) as described in Section II-C. The
total channel parameter vector ξk is the concatenation of ξk,ℓ
for ℓ ∈ Lk and the corresponding FIM has elements [17]

[Iξk
]i,j =

2

σ2
ℜ

{
∂E

[
yH
k

]
∂[ξk]i

∂E[yk]

∂[ξk]j

}
. (20)

The total information conveyed from K observations mod-
eled by (17) at each sub-array is [17]

Iη =

K∑
k=1

JT
k Iξk

Jk , (21)

considering that observations are independent also across sub-
arrays where Jk = ∂ξk/∂η and JT

k Iξk
Jk is the contribution

of the k-th sub-array to Iη [18]. With this, the lower bound on
the position-error magnitude, the position error bound (PEB),
can be formulated as

PEB =

√
tr([I−1

η ]1:2,1:2) . (22)
2) Proposed Metric ρ: The localization error is, in addition

to the sub-array placement A, a function of the vehicle’s
orientation and the position itself. This work restricts the
orientations of the vehicle to be rotations about the z-axis only,
i.e, R = Rz(φ) where φ is the rotation angle referenced to
the positive x-axis. For the single-BS geometry, it is noted
that PEB = PEB(φ, r;A), where r =

√
x2 + y2 is the radial

distance from the BS along the ground. The metric ρ for a
specific deployment A is defined as

ρ : Pr
(
PEB(φ, r;A) < ρ

)
= 1− ε, (23)

i.e., ρ is the (1 − ε)-th percentile value of the PEB when
regarding φ and r as random variables. The value of ε can be
set based on the application requirements.

B. Proposed Optimization Methodology

The optimization problem formulated in (11) based on the
metric ρ(A) defined in (23) is not tractable and additional
constraints are required.

1) Practical Sub-Array Deployments: First, the set of possi-
ble deployments A is discretized by only allowing sub-arrays
to be placed at finite number of pre-defined points on the
vehicle body, referred to as grid points. Specifically,

i) Grid points specify the placement and orientation of sub-
arrays. Placements are restricted to those deemed practical
from a vehicle-manufacturer standpoint.

ii) Sub-array placements are symmetric and mirrored in a
vertical plane intersecting the vehicle body along its
center length-wise. If a grid point is placed center and in



(a) (b)

Fig. 2: (a): Grid used for optimization trials. Sub-array orientations are
indicated by arrows, sizes scaled up by a factor of ten. (b): Example traffic
scenario for restricting (φ, r) when sampling PEB(φ, r;A).

that plane, then it is not mirrored. Likewise, orientations
are mirrored in the said plane.

iii) All sub-arrays in a grid are identical with respect to the
element distribution such that Qk = Q and Mk = M .

Two grids are used in this work with identical placements
and sub-array rotations, shown in Fig. 2a, but varying element
distributions Q. They vary between 2× 2 (M = 4) and 4× 2
(M = 8) elements and the latter configuration is the one
in Fig. 2a. There are 20 grid points in total, corresponding
to 34 unique sub-array placements. The vehicle model is
approximately 4.0 m × 1.8 m × 1.7 m.

2) Integer Programming Formulation: Because of the de-
ployment constraints, the optimization problem is now com-
binatorial in nature where all possible deployments make up
the discrete set of feasible solutions. A rigorous mathematical
formulation now follows. A grid has W candidate grid points,
with each point w = 1, . . . ,W involving either one or two sub-
arrays. Let Nw ∈ {1, 2} denote the number of placements for
grid point w and further denote the corresponding placements
as ∆w and rotations as Rw. Let xw ∈ {0, 1} denote a selection
variable, then the optimization problem can be formulated

min
x1,x2,...,xW

ρ(A)

s.t. Aw =

{
{∆w,Rw,Q} , xw = 1

{} , otherwise

A =
⋃

wAw

K =
∑

w xwNw.

(24)

To solve (24), we consider two approaches: (i) an exhaustive
search over all feasible solutions A; (ii) a low-complexity
greedy search which starts from an initial deployment of two
roof-mounted sub-arrays. In the greedy search, unique sub-
arrays are appended to the initial deployment in an iterative
manner and according to the placement constraints, where each
iteration minimizes ρ, until the desired K is met.

C. Understanding the Impact of Ambiguities

The CRLB is a local metric based on the local curvature
of the likelihood function around the true value [17]. Hence,
it cannot capture the behavior outside of this neighborhood
of points η. In case of high non-linearity and absence of
convexity, the complexity of an estimator employing a P -
dimensional global search will be significantly increased [17].
To understand the impact of specific deployments on the
complexity of en estimator and to provide a more complete

analysis, we investigate the effects of deployments on the
likelihood function in a region around the true value.

Using (17) and noting that y1, . . .yK are jointly Gaussian
and independent, the ML estimator is equivalent to minimizing
the sum-of-squares function

L(η)
.
=

∑
k
∥yk −

∑
ℓ
µk,ℓ∥2 (25)

with respect to η [17] and is non-linear and generally not
convex. Minimizing L(η) requires numerical methods, and its
compressed version is now derived but only for the LOS+GR
case. The mean received signal in (18) is rewritten as∑

ℓ
µk,ℓ = Ck(p, s)Fk(p, s)αk , (26)

where Ck(p, s) = [ck,0 ck,1] with ck,ℓ =
√
Ptx(bk,ℓ ⊙

x) ⊗ ak,ℓ ∈ CMN×1, Fk(p, s) = diag(ejϕk,0 , 1) and
αk = [αk,0, γk,1]

T where γk,1 = αk,1e
jϕk,1 ∈ C. In the

coherent mode, Ck(p, s)Fk(p, s) = Ωk(p, s) with columns
[Ωk]:,ℓ = ωk,ℓ and the nuisance parameters can be estimated

α̂k(p, s) =
(
ΩT

kΩk

)−1
ΩT

k yk
, (27)

where Ωk is a real matrix given by

Ωk =

[
ℜωk,0 ℜωk,1 −ℑωk,1

ℑωk,0 ℑωk,1 ℜωk,1

]
∈ R2MN×3 , (28)

y
k

= [ℜyT
k ,ℑyT

k ]
T and α̂k = [αk,0,ℜγk,1,ℑγk,1]T . The

compressed objective function becomes
Lcoh(p, s) =

∑
k
∥yk −Ωk(p, s)Πα̂k(p, s)∥2, (29)

now independent of α and where Π ∈ C2×3 transforms α̂k

into α̂k. In incoherent mode, Fk(p, s)αk = γk ∈ C2×1 are
arbitrary complex channel coefficients and

Lincoh(p, s) =
∑

k
∥yk −Ck(p, s)γ̂k(p, s)∥2 (30)

for γ̂k(p, s) = (CH
k Ck)

−1CH
k yk.

IV. RESULTS & DISCUSSION

A. Simulation Parameters

The channel gains αk,ℓ are generated as

αk,0 =
√

GtxGrx,0
λ

4πdk,0
(31)

αk,1 = |Γk,1|
√

GtxGrx,1
λ

4πdk,1
(32)

where Gtx is a constant antenna gain at the BS and Grx,ℓ =
Grx(θ

az
k,ℓ, θ

el
k,ℓ) is the antenna gain of each sub-array element.

The latter quantity is modeled as
Grx(θ

az
k,ℓ, θ

el
k,ℓ) = Gmax cos

2β θ az
k,ℓ cos

2β θ el
k,ℓ +Gmin , (33)

for |θ az
k,ℓ|, |θ el

k,ℓ| ≤ 90◦ and otherwise zero. The directivity
is Gmax = 108/10 (8 dBi), Gmin = 10−4 (−40 dBi) is the
minimum gain and β ≈ 2.03 such that the half-power beam
width is 65◦, and is consistent with the 3GPP model of a
patch-antenna element at FR2 in [19] apart from a smoother
taper. The reflection coefficient Γk,1 is calculated using the
Fresnel equations [20, (8-221)]. The ground is modeled using
a complex relative permittivity of ϵ = 5.0 + 0.2j.

Vehicle self-occlusions are detected and implemented
through two mechanisms. Initially, if either |θ az

k,ℓ|, |θ el
k,ℓ| > 90◦

then the virtual source is outside the sub-array’s field-of-view
and occluded. Additionally, if there is an intersection along the



TABLE I: Simulation parameters.
Parameter Description Value
hBS BS height 20.0m
Ptx BS average transmit power 1W
Gtx BS antenna gain 10dBi
Gmax Sub-array element directivity 8dBi
fc Carrier frequency 28GHz
∆f Subcarrier spacing 120 kHz
N # subcarriers 792
N∆f Bandwidth 95.0MHz
σ2 Noise variance 3.81× 10−12 W
ε PEB percentile 0.1

line spanned by ũk,ℓ with the vehicle body (shown in Fig. 2a),
the corresponding path is occluded.

To compute ρ(A), the parameters (φ, r) are restricted by
considering an example traffic scenario illustrated in Fig. 2b.
We seek to guarantee positioning performance indicated by
ρ(A) within a certain radius rmax = 77m and outside
rmin = 5m. PEB(φ, r;A) is sampled at vehicle positions
p = [0, r,−hBS + 0.2]T for r = rmin, rmin +∆r, . . . , rmin +
(Nr − 1)∆r with Nr = 20 and ∆r = 3.6m. Because of
placement constraint ii) in Section III-B, PEB(φ, r;A) is sym-
metric with respect to φ and samples are only generated for
a 180◦ interval φ ∈ [−90◦, 90◦) with steps of ∆φ = 3◦ such
that Nφ = 60. The total number of samples are NrNφ = 1200.
The remaining simulation parameters are presented in Table I.

B. Optimization Results
The exhaustive search is initiated by considering all possible

deployments for the grid, of which there are
∑20

i=1

(
20
i

)
=

1048575 in total, and selecting only the deployments that
satisfy the constraint on K to be further processed. For each
selected deployment, the metric ρ(A) is calculated. If the FIM
Iη is singular or severely ill-conditioned for any (φ, r), the
corresponding deployment is deemed to not be identifiable and
is discarded. Six separate optimization trials were performed:
(i) the exhaustive search was run with the different grids
mentioned in Section III-B such that M = 4 or M = 8 is
varied for both modes; (ii) as a low-complexity alternative,
the greedy search was performed for the M = 4 grid, also
for both modes. In each trial, the total number of elements
KM = 48 is fixed.

The produced deployments are visualized in Fig. 3 and
Fig. 4 for coherent and incoherent modes, respectively, and
their empirical complementary cumulative distribution func-
tions (ECCDFs) are plotted. In the plots, dashed lines are the
results from simulations with the ground reflections turned
off. For the exhaustive algorithm and K = 12,M = 4, a total
of 48410 and 48339 identifiable deployments were examined
of 48412 deployments in total for coherent and incoherent
mode, respectively. For K = 6,M = 8, the exhaustive search
examined 1898 identifiable deployments out of 1940. The
greedy search examined only 80 identifiable deployments.

In general, the coherent mode deployments promises sub-
millimeter positioning error, which is considerably better than
the centimeter-level error for incoherent mode. Judging by the
dashed lines from the LOS-only model, the ground reflections
are detrimental for positioning performance. However, for
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Fig. 3: Optimal deployments and corresponding ECCDFs of PEB(φ, r;A)
for coherent mode with KM = 48. Dashed lines indicate LOS-only model.
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Fig. 4: Optimal deployments and corresponding ECCDFs of PEB(φ, r;A)
for incoherent mode with KM = 48. Dashed lines indicate LOS-only model.

incoherent mode, the deployments that apply M = 8 elements
seem to fare better compared to M = 4 in this aspect
which is attributed to the improved angular resolution for
individual sub-arrays aiding in resolving the paths. The greedy
algorithm yields suboptimal deployments as expected and the
results are included as a baseline for the optimal exhaustive-
search. Interestingly, for coherent mode, the most performant
deployment has K = 12,M = 4 and the sub-arrays are visibly
spread out to maximize the total near-field coherent aperture.
The converse case is seen for incoherent mode results; now
the K = 6,M = 8 deployment achieves the smallest PEBs2.
For the incoherent-mode deployments in Fig. 4, we note the
phenomenon that, for M = 4, sub-arrays concentrate on the
roof. It is thought that the metric ρ is less sensitive to the size
of the total array in these cases, and deployments rather seek
to maximize received power.

C. Implications for an ML Estimator

Next, the ML objective functions generated from (29) and
(30) are drawn in the top and bottom of Fig. 5 for coherent and
incoherent modes, respectively, using optimal deployments
K = 12,M = 4 for coherent mode and K = 6,M = 8

2In the incoherent mode, the aperture size of the individual sub-arrays plays
a more critical role in determining localization accuracy due to the absence
of phase synchronization. Larger aperture sizes yields finer angular resolution
which, in turn, yields more accurate angle estimates.
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Fig. 6: Individual cuts in x and y of L(x, y) in Fig. 5 but sampled finer.

for incoherent mode. Now the vehicle y-coordinate is set to
r = 25m and φ = 30◦. The figures depict the noise-less
case and

√
· is applied for visualization purposes. Evidently,

Lincoh(x, y) has a visibly clear minima centered at the true
position and is locally smooth. However, for Lcoh(x, y) the
minima is not clearly visible due to a small-scale ripple
causing aliasing effects. Functions are sampled at 1λ intervals.

Cuts in the x- and y direction at respective true coordinates
are shown in Fig. 6, now sampled with a finer interval of
λ/10. The zoomed-in portion of the y-cut (right) in Fig. 6
use λ/100 sample spacing. Examining the left x-cut reveals
that the notably enhanced performance of coherent processing
over incoherent processing can be attributed to a sharp global
minimum. However, this minimum is poorly positioned among
a multitude of local minima. For the y-cut, coherent processing
can yield estimates that are ambiguous with some value close
to λ/2 (≈ 5mm in this case), even when the initial guess is
near the true position, as shown in the zoomed-in section of
Fig. 6 (right).

V. CONCLUSION

For the positioning-oriented sub-array deployment optimiza-
tion problem under consideration, an exhaustive search is
guided by a set of geometrical constraints to produce optimal
placements of sub-arrays whilst taking into account self-
occlusion effects and specular multipath. It shows that a large

total aperture is preferred for coherent processing with phase
synchronization. If the arrays are not phase synchronized,
the individual array size and, in turn, the individual angular
resolution are more important. Coherent processing delivers
sub-millimeter positioning accuracy for the simulated FR2-
based scenario, outperforming the centimeter-level accuracy
of incoherent processing, but requires a more complex ML
estimator to achieve this performance.
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