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Abstract—Source localization with distributed networks is
hindered by the high communication overhead associated with
raw data transmission from nodes. We propose a framework
for antenna arrays, applicable to both mobile platforms and
distributed networks, which compresses the local data in each
node into a compact set of Direction-of-Arrivals (DoAs) and
power parameters. As the local estimation is highly dependent on
the specific hardware architecture, we focus on Hybrid Analog
and Digital (HAD) antenna arrays, for which we introduce a
two-stage estimator that exploits the structural characterization
of the Spatial Covariance Matrix (SCM). Global localization is
then performed by a Fusion Center (FC) that must account for
the heterogeneous quality of the incoming data. Rather than
assuming a specific error distribution, we employ the Cramér-
Rao Lower Bound (CRB) as a statistical weighting tool. With this,
global estimate accounts for the specific hardware characteristics,
link quality and geometry of each node. Simulations indicate that
the framework achieves near-efficient localization accuracy.

Index Terms—Direction of arrival, hybrid analog and digital
arrays, array signal processing, localization.

I. INTRODUCTION

Source localization remains a cornerstone of signal process-
ing, with its importance surging alongside the proliferation
of distributed networks, such as Unmanned Aerial Vehicle
(UAV) swarms and ad-hoc sensor grids [1]–[4]. Historically,
sensor networks were primarily composed of passive, single-
sensor nodes with limited processing capabilities. However,
modern implementations have evolved into active sophisticated
systems where nodes are equipped with multi-antenna archi-
tectures capable of performing complex local signal processing
[5]–[7]. While localization has been extensively developed for
single mobile platforms, where a lone agent captures sequen-
tial measurements along a trajectory to create virtual network
nodes, modern applications are increasingly shifting towards
distributed networks of multiple agents. The primary distinc-
tion lies in the communication requirement: in distributed
networks, data must be transmitted from individual nodes to
a central entity, making the available bandwidth a critical
and often limiting factor. Regardless of the architecture, the
fundamental objective remains to estimate source coordinates
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from collected signal data. Traditional localization strategies
generally bifurcate into two categories:

i) Bearing-Only Localization (BOL). This is a decen-
tralized approach where the individual nodes process
their received signals locally to estimate intermediate
parameters such as Direction of Arrival (DoA) or Time
Difference of Arrival (TDOA). These estimates are then
transmitted to a Fusion Center (FC), which fuses them to
locate the sources. Historically, BOL techniques have fo-
cused on single source scenarios by using the Maximum
Likelihood Estimator (MLE) [8], geometric-based ap-
proaches [9], techniques based on linearization techniques
to reduce complexity [10]–[12] or Machine-Learning
techniques [13]. However, in a multi-source environ-
ment, BOL requires the FC to solve an additional data
association problem [14], correctly pairing intermediate
estimates from different nodes to their respective source.

ii) Direct Position Determination (DPD). DPD techniques
bypass intermediate parameter estimation. Nodes transmit
raw signal data [15]–[20] or sufficient statistics, such
as the Spatial Covariance Matrix (SCM), to the FC
[21], where sources positions are estimated, typically
via multi-dimensional grid searches [22], [23], MUSIC-
like algorithms [16], [17], [21], or iterative Expectation-
Maximization [20].

Despite the accuracy of DPD, its practical implementation is
severely hindered by the high communication demands from
every node to the FC, that scales poorly as the number of
sensors increases. In addition, a coherent aggregation of the
different contributions requires an accurate calibration of the
different sensors [24], making BOL the preferred target for
this study.

The estimation performance of each sensing unit will be
determined by the corresponding multi-antenna architecture.
The massive hardware cost associated with Fully Digital (FD)
arrays, with a dedicated RF-chain for every antenna, has made
Hybrid Analog and Digital (HAD) architectures emerge as
a lower cost alternative. However, this cost-saving measure
introduces an additional challenge: the signal is compressed
at the hardware level before any digital processing can be
performed. As a result, local parameter estimation becomes
significantly more difficult, an aspect that has received limited
attention in the existing literature. For example, [18] considers



DPD-based localization using a HAD architecture; however,
the approach is limited to a single source transmitting a
sequence that is known a priori by all nodes.

In this paper, we address these challenges by proposing a
localization framework based on multiple non-coherent arrays
[25]. Each node, equipped with a multi-antenna array, employs
a two-stage estimator that exploits the structure of the SCM
to achieve high-accuracy parameter estimation. This enables
the nodes to compress complex spatial observations into a
compact set of parameters (DoAs, signal power, and noise
power). A FC then performs global fusion using a weighted
bearing-only localization method based on the Cramér–Rao
Bound (CRB). The CRB serves as a statistical weighting
mechanism, ensuring that the contribution of each node is
prioritized according to the reliability of its estimates. As
a result, the framework enables accurate source localization
across unsynchronized sub-arrays while drastically reducing
communication requirements.

Notation: We use upper-case boldface letters to represent
matrices and vectors, respectively. IN denotes the N × N
identity matrix. The ℓ2-norm and expectation are represented
by ∥ · ∥2 and E[·], respectively. The operator diag(a1, . . . , aN )
denotes a diagonal matrix with entries a1, . . . , aN on its
main diagonal, while blkdiag(A1, . . . ,AN ) refers to a block-
diagonal matrix with matrices (or vectors) A1 . . . ,AN . Fi-
nally, â denotes an estimate of the vector (or matrix) a.
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Fig. 1: Geometry for a single-source (L = 1) and three nodes
(J = 3). The diagram illustrates the relationship between the
global coordinate system, subarray positions pj , orientation
angles αj , and local DoAs θj .

II. SIGNAL MODEL

A. Distributed Network Characterization

We consider a distributed sensing network composed of a
Fusion Center (FC) at the origin (0, 0) of a 2-D coordinate
system, J sensing nodes and L emitters. The number of
emitters is supposed to be known a priori in all the nodes and
at the FC. Results are also applicable to a moving observer
performing estimates at J different locations of a set of fixed
sources. Each node j ∈ {1, . . . , J} is equipped with a Uniform
Linear Array (ULA) consisting of Nj antennas and NRF,j
RF-chains (NRF,j ≤ Nj ∀j). The antenna spacing of each
array is fixed at dj = λ/2 ∀j, where λ is the operating
wavelength. As illustrated in Fig. 1, the known global position
of the j-th node is defined by its reference antenna element

pj = [px,j,1, py,j,1]
T , with its orientation relative to the

global x-axis represented by the angle αj ∈ [−π/2, π/2].
Consequently, the coordinates of the n-th antenna element in
the j-th node are mapped as:

pj,n = pj + (n− 1)d

[
cos(αj)
sin(αj)

]
n = 1, . . . , Nj . (1)

The L emitters are located at unknown coordinates qℓ =
[qx,ℓ, qy,ℓ]

T for ℓ = 1, . . . , L. Geometrically, the signal from
the ℓ-th emitter arrives at the j-th array with a local Direction
of Arrival (DoA) θj,ℓ(qℓ) ∈ [0, π] ∀j, ℓ. This local angle is
linked to the global geometry through the relation

θj,ℓ(qℓ) = arctan2(qy,ℓ − py,j , qx,ℓ − px,j)− αj . (2)

To simplify the notation, we suppress the explicit dependence
on qℓ and refer to the angle simply as θj,ℓ.

B. Node Received Signal Characterization

We assume that node j applies Hybrid Analog and Digital
(HAD) beamforming characterized by a codebook of Kj

matrices {Bj(t) ∈ CNj×NRF,j}Kj

t=1. To ensure that the noise
power remains invariant after beamforming, we enforce the
semi-unitary constraint BH

j (t)Bj(t) = INRF,j ∀ t, j [26]. This
formulation is sufficiently general to encompass a range of
architectures, for example, for Bj(t) = INj

the node j
employs a Fully Digital array. After down-conversion and
sampling, the received signal vector yj(t) ∈ CNRF,j×1 is
modeled as

yj(t) = BH
j (t)(Aj(θj)sj(t) + nj(t)) 1 ≤ t ≤ Kj , (3)

where Aj(θj) ≜ [aj(θj,1), . . . ,aj(θj,L)] represents the array
manifold matrix. This matrix is formed by the steering vectors
of the L sources. For ULAs, the steering vector corresponding
to the ℓ-th source is defined as:

aj(θj,ℓ) ≜ [1, ejπ cos θj,ℓ , . . . , ej(Nj−1)π cos θj,ℓ ]T (4)

The vector sj(t) ∈ CL×1 represents the emitted signals as
observed in node j, modeled as a zero-mean white random
process with diagonal covariance Rs,j ≜ E[sj(t)sHj (t)] =
diag(σ2

s,j,1, . . . , σ
2
s,j,L). The noise nj(t) ∈ CNj×1 is zero-

mean white complex Gaussian noise with covariance matrix
σ2
n,jINj

. Due to the lack of temporal synchrony among the
different signal captures, we assume non-coherent processing
[25], where the noise and emitted signals are statistically
independent across different nodes. The spatial information
at each node is completely captured by 2L + 1 parameters
representing the DoAs and powers. These are collected into
the parameter vector ηj ∈ R(2L+1)×1 as

ηj ≜ [θT
j , (σ

2
s,j)

T , σ2
n,j ]

T 1 ≤ j ≤ J, (5)

where θj ≜ [θj,1, . . . , θj,L]
T and σ2

s,j ≜ [σ2
s,j,1, . . . , σ

2
s,j,L]

T .
These parameters are embedded into the Spatial Covariance
Matrix (SCM) Rj(ηj) ∈ CNj×Nj of the underlying Fully
Digital (FD) array, which reads as

Rj(ηj) =
∑L

ℓ=1
σ2
s,j,ℓaj(θj,ℓ)a

H
j (θj,ℓ) + σ2

n,jINj
. (6)



Note that the SCM Rj(ηj) ≜ E[xj(t)x
H
j (t)], with xj(t) =

Aj(θj)sj(t) + nj(t), is not directly observable due to the
beamforming in (3). This is a Hermitian Toeplitz matrix and,
consequently, can be completely defined by 2Nj − 1 unique
entries. We define the spatial covariance sequence as the
vector that aggregates these set of entries as

rj ≜ [R∗
j [Nj , 1], . . . ,Rj [1, 1], . . . ,Rj [Nj , 1]]

T . (7)

III. NODE-LEVEL PARAMETER ESTIMATION

Unlike Direct Position Determination, where nodes trans-
mit an estimate of the SCM R̂j , requiring

∑J
j=1 N

2
j real

parameters, our framework only transmits the compact set
{θ̂j , σ̂s,j , σ̂n,j}. This reduces the feedback overhead to just
J · (2L+ 1) real parameters, where typically L ≪ Nj .

We now describe the proposed two-stage algorithm for the
estimation of {θ̂j , σ̂2

s,j , σ̂
2
n,j} at each node j = 1, . . . , J .

Unlike FD architectures, for which parameter estimation is
well-established [27], HAD systems present a unique chal-
lenge due to the inherent signal compression. Methods based
on covariance reconstruction are usually preferred for better
resolution. In this regard, we apply recent results in [28] to
obtain the estimate r̂j of the spatial covariance sequence (7).
This estimate is asymptotically complex Gaussian distributed
with mean rj = E[r̂j ] and covariance matrix Σrj

≜ E[(r̂j −
rj)(r̂j − rj)

H ]. In the following, a consistent estimate Σ̂rj

of Σrj
will be used due to the unavailability of the true

covariance [28].
Each node j = 1, . . . , J applies a two-stage algorithm.

In the first stage, the SCM R̂j is built from r̂j , and then
Root-MUSIC [27] is applied to extract the corresponding
estimate θ̂j . In the second stage, signal and noise powers are
obtained. Note that conventional power estimation algorithms
rely on the eigenvalues of the SCM; however, because our
estimate R̂j is not guaranteed to be semi-definite positive,
standard eigenvalue-based methods are inapplicable. To bypass
this limitation, we exploit the linear relationship between the
spatial covariance sequence and the powers. Specifically, rj
satisfies

rj = Aj(θj)
[
(σ2

s,j)
T σ2

n,j

]T
, (8)

where Aj(θj) ≜ [ãj(θj,1), . . . , ãj(θj,L), eNj ], with
ãj(θj,ℓ) ≜ [e−jπ(Nj−1) cos θj,ℓ , . . . , 1, . . . , ejπ(Nj−1) cos θj,ℓ ]T

and eNj
≜ [0, . . . , 1, . . . , 0]T .

Thus, utilizing the DoA estimates θ̂j obtained in the first
stage, the signal and noise powers are recovered by solving
the weighted covariance matching optimization problem[

σ̂2
s,j

σ̂2
n,j

]
= arg min

{σ2
s,j ,σ

2
n,j}

∥∥∥∥Σ̂−1/2
rj

(
r̂j −A(θ̂j)

[
σ2
s,j

σ2
n,j

])∥∥∥∥2
2

, (9)

for which the closed-form solution reduces to[
σ̂2
s,j

σ̂2
n,j

]
= (AH(θ̂j)Σ̂

−1
rj

A(θ̂j))
−1A(θ̂j)

HΣ̂−1
rj

r̂j . (10)

IV. JOINT LOCALIZATION AT THE FUSION CENTER

As discussed in Section I, a prerequisite for BOL in multi-
source scenarios is the data association problem, consisting of
pairing DoA estimates from different nodes to their respective
sources. This step is outside the scope of the present work;
we assume it has been performed by some existing technique
(e.g., [14]), providing the Fusion Center (FC) has access to
the correctly associated DoAs along with their corresponding
signal and noise power estimates. . Upon receiving the J
sets of local estimates {η̂j}Jj=1 in (5), the FC fuses this
information to estimate the concatenate source position vector
q = [qT

1 , . . . , q
T
L ]

T ∈ R2L×1, where qℓ = [qx,ℓ, qy,ℓ]
T (see

Fig. 1).
The global localization problem is formulated as a Weighted

Non-Linear Least Squares (W-NLLS) minimization. Since
the exact distribution of the received DoAs θ̂j is generally
unknown, we leverage the Cramér-Rao Bound (CRB) matrix
of the DoAs, denoted as Cθj (ηj) ∈ RL×L [26], as a statistical
proxy to weigh the measurements. Incorporating the CRB
allows the FC to account for the heterogeneous nature of the
network, including diverse node geometry, varying hardware
architectures (e.g., number of antennas or RF-chains), and
local signal and noise powers. The weighted W-NLLS cost
function is formulated as

q̂ = argmin
q

∑J

j=1
∥Cθj (η̂j)

−1/2(θ̂j − θj(q))∥22. (11)

Since the true CRB depends on the unknown values ηj , we
employ the plug-in estimates Cθj (η̂j).

While (11) typically requires a multidimensional non-linear
optimization, it can be simplified under the assumption of
small estimation errors. Specifically, using the linearization
θ̂j − θj(q) ≈ D−1

j (B̂jq − ĉj), as seen in Stansfield-type
estimators [10], [11], we approximate (11) as a Weighted
Linear Least Squares (W-LLS) problem:

q̂ = argmin
q

∑J

j=1
∥Cθj (η̂j)

−1/2D−1
j (B̂jq− ĉj))∥22, (12)

which admits a closed-form solution:

q̂ =
(∑J

j=1
B̂T

j ŴjB̂j

)−1(∑J

j=1
B̂T

j Ŵj ĉj
)
, (13)

with Ŵj ≜ (DjCθj (η̂j)Dj)
−1, Dj ≜ diag(dj,1, . . . , dj,L)

and

B̂j ≜ blkdiag(b̂Tj,1, . . . , b̂
T
j,L), (14)

b̂j,l ≜
[
sin(θ̂j,ℓ + αj) − cos(θ̂j,ℓ + αj)

]T
, (15)

ĉj ≜ [ĉj,1, . . . , ĉj,L]
T , (16)

ĉj,ℓ ≜ px,j sin(θ̂j,ℓ + αj)− py,j cos(θ̂j,ℓ + αj). (17)

Note that the diagonal matrix Dj depends on the unknown
node-to-source distances dj,l ≜ ∥pj−qℓ∥2, creating a circular
dependency. Similar reasoning applies to the true CRB in (11).
In this regard, we propose an iterative procedure that updates
the matrix Ŵ

(k)
j based on the previous estimate q̂(k−1). This

process is detailed in Algorithm 1.



V. SIMULATIONS

We validate our proposed algorithms using MC = 104 in-
dependent Monte Carlo runs. Performance is evaluated via the

Root Mean Squared Error: RMSE =
√

1
MC

∑MC
i=1 ∥q − q̂i∥22,

where q and q̂i denotes the true and estimated position
vectors, respectively. We benchmark our estimators against
the theoretical Root Cramér-Rao Lower Bound (RCRB) [26],
localization RCRB [16] and a genie-aided Stansfield estimator
[10] with a priori known distances. The latter is equivalent
to the first iteration of our method initialized with exact
distances via W (0)

j = D−2
j . We also compare against the joint

Received Signal Strength (RSS) and DoA (RSS+DoA) Least
Squares estimator from [29], setting its weighting parameter
λ ∈ [0, 1], that balances the confidence between RSS and
DoA, to λ = 0.5, due to the absence of prior knowledge.
Furthermore, we also represent the results with the scheme in
[30], which makes use of RSS+DoA, and assumes a priori
knowledge of Ps. Since these baseline methods are limited to
a single source, we focus on the L = 1 scenario for evaluation.

The RMSE for local parameters {θ̂j,1, σ̂2
s,j,1, σ̂

2
n,j} is com-

puted analogously. Assuming transmit power Ps,1, the received
signals sj(t) ∈ C1×1 are modeled as independent zero-mean
white complex Gaussian, with variance Rs,j = σ2

s,j,1. For
simplicity, we adopt the path-loss model σ2

s,j,ℓ = Ps,1/d
2
j,1,

with distance dj,1 = ∥pj−q1∥2. Notably, our method remains
agnostic to the specific propagation model.

The parameters for the subarrays are summarized as follows:
the antenna counts are Nj ∈ {64, 10, 40, 60, 30}, the RF
chains are NRF,j ∈ {8, 5, 5, 10, 15}, and the corresponding ori-
entations are αj ∈ {−45◦,−30◦, 0◦, 45◦, 90◦}. The positions
of the antennas are displayed in Fig. 2a. In this setup, trans-
mitting the full SCMs would require

∑J
j=1 N

2
j = 10296 real

parameters, whereas our framework requires J ·(2L+1) = 15
instead.

The performance analysis of the proposed framework begins
with the local estimation results for subarray j = 1, shown
in Fig. 2b. While the DoA estimator θ̂1,1 is highly efficient
and converges to the RCRB, the second-stage power estima-
tors σ̂2

s,1,1 and σ̂2
n,1 are not statistically efficient; however,

our results indicate that the subsequent localization stage is
remarkably robust to these small local errors. Moving to
the global localization performance in Fig. 2c, our proposed
iterative W-LLS method clearly outperforms existing literature
alternatives. Methods such as RSS+DoA yield high error
floors as they do not exploit the statistical characteristics of
the signal and often rely on rigid propagation models that
are susceptible to environmental mismatches. Similarly, while
the Genie Stansfield incorporates distance-based weighting to
prioritize near measurements, it fails to account for the specific
hardware and statistical heterogeneity of the network, such as
varying antenna counts and RF chain configurations, resulting
in a performance gap compared to our proposal, which nearly
attains the network-wide RCRB. Finally, it is important to
note that although the estimator q̂1 obtained via our proposal

is generally biased, we observe that this bias vanishes as the
signal power Ps,1 increases.

(a)

(b)

(c)

Fig. 2: Performance analysis of the proposed localization
framework: (a) Network topology, where squares represent the
reference antenna elements {pj} of each subarray and arrows
indicate their respective orientations; (b) RMSE and RCRB
of local parameter estimation for subarray j = 1, including
the DOA θ̂1,1, signal power σ̂2

s,1,1, and noise power σ̂2
n,1;

(c) global source localization RMSE for various estimators
compared against the network-wide RCRB.



VI. CONCLUSION

This paper presents a distributed source localization frame-
work for networks of Hybrid Analog and Digital antenna ar-
rays. At each node, a two-stage estimator exploits the structure
of the spatial covariance sequence to efficiently compress local
observations into a compact set of DoA and power parameters.
At the Fusion Center, these estimates are fused via a CRB-
weighted least squares formulation, which naturally accounts
for the heterogeneous hardware, geometry, and link quality
across nodes. Simulation results demonstrate that the pro-
posed framework achieves near-efficient localization accuracy,
closely approaching the theoretical CRB, while substantially
reducing the communication overhead.

Algorithm 1 Iterative W-LLS Localization

In: η̂
(0)
j = [(θ̂

(0)
j )T , (σ̂2

s,j)
T , σ̂2

n,j ]
T , {pj , αj}, ϵ, kmax.

Out: Refined position q̂.
1: Init k = 0 B̂j , ĉj via (14)-(17); Ŵ (0)

j ← Cθj (η̂
(0)
j )−1; q̂(0) via (13).

2: for k = 1 to kmax do
3: for j = 1 to J do
4: ∀ℓ: θ̂(k)j,ℓ ← arctan2(q̂(k−1)

y,ℓ − py,j , q̂
(k−1)
x,ℓ − px,j)− αj

5: ∀ℓ: d̂(k)j,ℓ ← ∥q̂
(k−1)
ℓ − pj∥2

6:
7: Update: η̂(k)

j and D̂
(k)
j .

8: Ŵ
(k)
j ← (D̂

(k)
j Cθj (η̂

(k)
j )D̂

(k)
j )−1

9: end for
10: q̂(k) ← update via (13) using {Ŵ (k)

j }.
11: if ∥q̂(k) − q̂(k−1)∥2 < ϵ then break
12: end if
13: end for
14: return q̂ = q̂(k)
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