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Abstract—This paper introduces a learning-based approach
to the near-field source localization problem adopting a hybrid
analog-digital beamformer in an extremely large-scale multiple-
input multiple-output (XL-MIMO) system. Hybrid analog-digital
architectures gained significant attention in the literature due to
the limited number of radio-frequency (RF) chains. However,
the investigation of effective techniques tailored to partially
connected hybrid beamformers for near-field localization is still
missing in the literature. To this end, we leverage a Convolutional
Neural Network (CNN)-based model to: (i) perform the analog
beamformer design with proper training constraints; and (ii)
estimate the single-user near-field position in a single snapshot.
In the inference stage, the model is divided into two parts: the
first accounts for the beamformer design, and the second acts
as a localizing function. Simulation results demonstrate superior
performance of the proposed method over existing solutions and
robustness in multipath propagation conditions. In addition, our
network is scalable and requires fewer RF chains than fully-
connected architectures.

Index Terms—Convolutional neural network, near-field, XL-
MIMO, one-shot localization, sub-array, inter-connected, hybrid
beamforming.

I. INTRODUCTION

Near-field source localization has gained interest with the
rise of millimeter wave (mmWave) and (sub-)terahertz (THz)
frequencies, driven by the need for precise positioning in next-
generation wireless systems. As the Rayleigh distance extends
to hundreds of meters, the traditional far-field assumption
becomes less accurate [1]. Instead, near-field propagation
enables joint estimation of both angle and range, enhancing
localization and tracking accuracy.

Near-field source localization can be achieved using fully
digital architectures, where the number of radio-frequency
(RF) chains equals the number of antennas [2], [3]. However,
in extremely large-scale MIMO (XL-MIMO) systems, this ap-
proach is impractical due to high cost and energy consumption.
To address this, research has focused on hybrid architectures,
which reduce hardware complexity by using fewer RF chains
than antennas. Several studies have investigated the challenges
of designing hybrid MIMO systems [4]–[8]. The authors of
[7], [8] addressed the problem of hybrid beamformer design
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via iterative algorithms, leveraging radio-frequency (RF) chain
selection based on current communication needs. However,
they do not address near-field localization, which is considered
in [2], [9] with a focus on multi-snapshot localization. This
approach is unsuitable for real-time applications due to rapid
environmental changes and limited time for position estima-
tion. To overcome this challenge, deep learning has emerged
as a powerful tool for capturing complex, non-linear relation-
ships. A single-snapshot localization method was proposed in
[10], where a deep neural network (DNN) optimizes the analog
beamformer and serves as a localization function. However,
this solution requires extensive connections between receiving
antennas and RF chains, posing practical implementation
challenges. Additionally, since analog beamformers allow for
an infinite range of configurations, the authors benchmarked
their model using only a single specific setup.

In this paper, we investigate various analog beamformer
configurations, including sub-array and inter-connected archi-
tectures, where each RF chain is connected to a subset of
antennas. Building on [10], we first design the analog beam-
former through constrained training of fully connected layers.
Then, we develop a localization function using a Convolutional
Neural Network (CNN) followed by fully connected layers. To
leverage the sparse nature of the mmWave channel, we extend
our model to estimate multipath components from scatterers.
The proposed method achieves superior localization accuracy
compared to [10] while improving scalability by reducing the
number of phase shifters in the analog beamformer.

All the simulation results can be reproduced using the
Python code available at https://github.com/mattiafabiani/One-
Shot-Near-Field-Localization-with-AI-Optimized-Hybrid-
Beamformer-Design.

II. SYSTEM MODEL

We consider the uplink of a narrowband XL-MIMO sys-
tem. As shown in Fig. 1, the base station (BS) uses hybrid
beamforming with M RF chains and a uniform linear array
(ULA) with N ≥ M antennas, spaced d = λ

2 apart where λ
denotes the wavelength. A single-antenna source is located at
position p = [r sin θ, r cos θ]T , where r and θ are the range
and angle of the source. Let ρ denote the received signal-to-
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(a) Sub-array

(b) Inter-connected

Fig. 1: Example of (a) sub-array and (b) inter-connected
beamformer configurations, where N = 6, M = 2.

noise ratio (SNR) of the symbol transmitted by the source.
Thus, the received signal at the BS is

y =
√
ρa(θ, r) + n (1)

where n ∼ CN (0, IN ) ∈ CN×1 is thermal noise, a(θ, r)
denotes the array response vector given by [11]

a(θ, r) = [e−j 2π
λ (r1−r), . . . , e−j 2π

λ (rN−r)]T (2)

with rn being the distance between the source and antenna n,
which can be computed as [11]:

rn =
√
r2 + δ2nd

2 − 2r sin θδnd (3)

and δn = (2n − N − 1)/2. The received signal y is then
combined through the analog beamformer V ∈ CM×N to
obtain

ȳ = Vy =
√
ρVa(θ, r) +Vn (4)

where |[V]mn| = 1√
N

to account for power balance.
Our goal is to design the analog combining matrix V

to estimate the source position from the beamformed signal
ȳ, while reducing the NM phase shifters required in fully
connected designs [10]. To achieve this, we explore two
alternative hybrid structures: subarray [12] and inter-connected
architectures. In this way, only N phase shifters are required.

Fig. 2: Structure of the developed DNN, divided into two parts:
analog beamformer and localizing function.

1) The first architecture is depicted in Fig. 1a, and it is such
that each RF chain is connected to a subset of N/M
adjacent antennas. This yields

V(sub) = blkdiag(vT
1 , . . . ,v

T
M ) (5)

where vi ∈ CN/M denotes the vector containing the
weights of the analog phase shifters between the ith RF
chain and ith subset of antenna elements.

2) The second architecture is an alternative setup where each
RF chain is connected to N/M antennas with a uniform
connection spacing of M . Specifically, the ith RF chain
is connected to the antennas indexed by i + jM , where
j = 0, . . . , N

M − 1.

III. LEARNING-BASED NEAR-FIELD LOCALIZATION

Building on [10], we explore the potential of DNNs to learn
complex data-driven mappings. Here, the network is trained
end-to-end to capture the relationship between the received
signal at the ULA and the polar coordinates (θ̂, r̂).

Since range and angle components serve as labels, a pre-
processing step is required to ensure they contribute equally
to the model’s output. To achieve this, the polar coordinates
of the near-field source are scaled as follows:r′ = 2(r − rmin)/(rmax − rmin)− 1

θ′ = sin θ
(6)

where rmin and rmax represent the minimum and maximum
feasible range of the user. Both range and angle are bounded
to [−1, 1]. The following subsections provide a detailed ex-
planation of how the proposed DNN designs the analog
beamformer and extracts localization information from the raw
received signal. Finally, we present a complexity analysis of
the proposed method.

A. Analog Beamformer Design

We being by describing the methodology to turn a fully-
connected layer into a learnable analog beamformer. First,
the complex-valued received signal y ∈ CN×1 is split into
the real and imaginary parts and then stacked into a real-
valued column vector F{y} = [ℜ{yT },ℑ{yT }]T ∈ R2N×1.



As described in [10], the weights of a fully-connected layer
cannot be employed directly to design a hybrid beamformer.
To ensure the feasibility of the model, specific constraints
must be applied during the training process. Let us denote
W̄(in) ∈ R2NRF×2N as the weights of the first network layer.
Then, W(in)

1 ∈ RNRF×N and W
(in)
2 ∈ RNRF×N represent two

quadrants of W̄(in) and will serve as the real and imaginary
part of the analog beamformer. Thus, the network is trained
according to the following constraints

(W̃, b̃) = argmin
W,b

E
{∥∥∥γ(i) − f (train)(y(i))

∥∥∥2
2

}
(7)

subject to

f (train)(y(i)) = f (out)(. . . (f (1)(b(in) +W(in)F(y(i))))),

W(in) =

[
W

(in)
1 −W

(in)
2

W
(in)
2 W

(in)
1

]
(8)([

W
(in)
1

]
m,n

)2

+

([
W

(in)
2

]
m,n

)2

=
1

N
, (9)

∀n ∈ {1, . . . , N},∀m ∈ {1, . . . ,M}

where i indicates the index of a training sample, γ(i) =
[θ′(i), r′(i)]T represents the ground-truth label, while W =
{W(in),W(1), . . . ,W(L)} and b = {b(in),b(1), . . . ,b(L)}
denote the network weights and biases of the L hidden layers.
After the training stage, the network weights and biases are
represented as W̃ and b̃, respectively. The proof of the
equality W(in)F{y(i)} = WRFy can be found in [10], and it
allows the utilization of the trained weights to act as the analog
phase shifters. The function f (i)(x) describes the forward pass
and activation function at the ith layer, and it can be described
as f (i)(x) = f

(i)
act (W

(i)x+b(i)), where f
(i)
act is the non-linear

activation function.

B. Localizing Network

The purpose of the second part of the network, as shown
in Fig. 2, is to predict the near-field components of the user
given the beamformed signal y. The real and imaginary parts
of the beamformed signal are stacked and reshaped to fit the
first convolutional layer, with 32 filters of size 1 × 1. The
second convolutional layer applies 16 filters with a filter size
of 1×1. Each CNN layer is followed by a batch normalization
layer and ReLU activation function. Then, the output of the
convolutional layer is vectorized and fed to a set of fully-
connected layers of size (512, 256, 128). Depending on the
nature of the problem, the network output is a multiple of
the number of paths, i.e. nout = 2L, with tanh activation
function to ensure the output to be in the range [−1, 1].
Then, the network output is converted into the near-field
coordinates [θ̂, r̂]T by inverting the functions in (6). The
estimated position in cartesian coordinates can be derived as
p̂ = [r̂ cos θ̂, r̂ sin θ̂]T .

C. Complexity Analysis

We analyze the computational complexity of the proposed
hybrid beamforming approach in terms of floating-point oper-

ations (FLOPs) and compare it with the fully digital scheme,
which utilizes the maximum likelihood algorithm. The com-
plexity of the maximum likelihood is given by 2(4N+1)NθNr

FLOPs, where Nθ and Nr denote the number of angle
and range bins, respectively. In particular with N = 128,
Nθ = 180 and Nr = 100, the maximum likelihood approach
requires ≈ 18.5 × 106 FLOPs. On the other hand, regarding
the proposed CNN-based framework’s complexity is given by

8N + 2

Nconv∑
i=1

h
(i)
outw

(i)
outC

(i)
outC

(i)
in K

(i)
1 K

(i)
2 + 2

Nfc∑
i=1

γiγi−1, (10)

where the first term accounts for the first hidden layer of the
network to model the hybrid beamformer architecture, and the
remaining terms describe the complexity of the convolutional
and fully-connected layers. Nconv is the number of convolu-
tional layers, h

(i)
out and w

(i)
out are the height and width of the

ith convolutional layer, C
(i)
out and C

(i)
in denote the ith output

and input number of channels, and K
(i)
1 ×K

(i)
2 is the ith filter

size. Overall, with N = 128 antennas, M = 16 RF chains, the
proposed method requires ≈ 0.77× 106 FLOPs. Additionally,
the sub-array and inter-connected beamforming architectures
reduce the number of phase shifters by a factor of M , resulting
in fewer connections in the first hidden layer compared to a
fully connected architecture [10].

IV. SIMULATION RESULTS

In this section, the performance accuracy of the proposed
learning-based near-field localization approach is assessed by
means of extensive simulations. We start by defining the
simulation setup, followed by the simulation results.

A. Simulation Setup

We consider a near-field scenario as in [10], where a BS
operating in the mmWave band, with a carrier frequency of
fc = 25 GHz, is equipped with a ULA comprising N = 128
antennas, each spaced d = λ

2 . If not otherwise specified, the
number of RF chains is set to M = 16. We first construct a
large dataset with 105 channel realizations for different values
of SNR. The user lies in the strong near-field region of the BS,
and it is uniformly distributed in a 10m×10m area restricted
to a range rmin = 1 m and rmax = 10 m. The Rayleigh distance
with the system parameters is dR = 2d2(N−1)2

λ ≈ 100 m. It is
worth noting that we evaluate our network in the strong near-
field region, which is in the order of dR/10. This allows us to
fully exploit the potential of near-field localization. Then, the
dataset is split into 80% and 20% for training and validation
sets. The maximum likelihood algorithm for the fully-digital
system is employed with a grid of Nθ = 180 and Nr = 100.
The proposed model is generated with the PyTorch framework
and trained on a PC with a 4-core CPU. During training, we
utilize the Adam optimizer for 50 epochs with a batch size
of 256, while the learning rate is 0.001. The hyperparameters
have been tuned through trial and error procedures.



Fig. 3: RMSE of angle, range, and position versus SNR with different hybrid beamforming configurations, when M = 16 and
N = 128.

Fig. 4: RMSE of angle, range, and position versus SNR when the number of RF chains varies in a sub-array beamformer
configuration with M = 16 and N = 128.

B. Numerical Results

This section shows the near-field localization performance
of the proposed approach, evaluated with the root-mean-square
error (RMSE) metric. The RMSE is computed for angle as√
E[(θ − θ̂)2], for range as

√
E[(r − r̂)2], and for position

as
√
E[∥p− p̂∥2]. Since the predominance of the DNN-

based approach has already been proved in [10], we focus
on benchmarking the proposed solution with the fully-digital
architecture.

1) Hybrid Architectures: Fig. 3 illustrates the angle, range,
and position RMSE for diverse hybrid beamforming architec-
tures, including a fully-digital configuration for benchmarking.
The proposed CNN-based model demonstrates superior perfor-
mance compared to the fully-connected beamformer structure
presented in [10], achieving a relative improvement of 4.8%,
which motivates the use of an improved localization network.
The proposed sub-array and inter-connected structures perform
similarly to the fully-connected architecture, while signifi-
cantly reducing the number of phase shifters. Specifically, with
the current configuration of N = 128 antennas and M = 16
RF chains, these methods reduce phase shifter requirements by
a factor of 8. This reduction not only simplifies implementation

but also addresses scalability challenges posed by the extensive
interconnections in fully-connected designs [10].

2) Impact of Number of RF chains: It is noticeable in
Fig. 3 a gap between the hybrid beamformers configurations
with M = 16 RF chains and the fully-digital system. To
this end, we explore the impact of the number of RF chains
on localization accuracy. Fig. 4 shows the angle, distance,
and position RMSE metric with M = {8, 16, 32, 64} RF
chains for a sub-connected analog beamformer configuration.
As expected, the results show that as the number of RF chains
increases, the overall RMSE decreases, reaching a positioning
error as low as 0.9 m at 20 dB with 32 RF chains. However,
a trade-off persists between the number of RF chains and the
analog beamformer complexity.

C. Impact of Multipath

We now formulate the problem of near-field source local-
ization in the presence of multipath propagation. At mmWave
frequency bands, the severe path loss typically limits the
number of significant multipath components. Therefore, we
consider the strongest reflection component of the channel
between the source and the BS, originating from a point-like
scatterer in proximity to the user. The multipath channel with



Fig. 5: RMSE of angle, range, and position versue SNR when the number of RF chains varies in a sub-array configuration
with multipath.

P paths can be modeled as the summation of Line-of-Sight
(LoS) and Non-Line-of-Sight (NLoS) components, which can
be formulated ashLoS =

√
ρa(θ, r)

hNLoS =
∑P

i=1

√
ρie

jϕia(θi, ri)
(11)

where θi and ri denote the angle and distance between the
ith scatterer and the BS, while ρi and ϕi are the SNR and
phase deviation of the ith path. The scatterer is modeled such
that it applies a random phase shift uniformly distributed in
ϕi ∈ [−π, π] and a random amplitude response as CN (0, 1)
due to the unknown geometry of the scatterer.

Similarly to (1), the received signal at the BS is

y =
√
ρa(θ, r) +

√
ρ1e

jϕia(θ1, r1) + n (12)

where we consider a single scatterer, i.e., P = 1. The accuracy
performance in the presence of multipath is illustrated in
Fig. 5. We generate a point-like scatterer up to 1.5 meters
from the source and aim to estimate the position of both the
user and scatterer. To this end, we consider the hybrid inter-
connected structure with M = {16, 32} and N = 128. The
proposed approach demonstrates robustness against multipath
components. Indeed, despite the stringent single-snapshot lo-
calization approach, we are able to locate both the near-filed
user and roughly the position of the scatterer. It is worth noting
that the lower scatterer’s SNR, as modeled in (11), results in
a higher position RMSE compared to the near-field user.

V. CONCLUSION

This paper presented a CNN-based framework for the one-
shot near-field source localization problem in hybrid beam-
forming systems, where the analog beamformer design was
performed through constrained training. The proposed network
architecture outperforms existing learning-based methods in
terms of localization accuracy while improving scalability by
reducing the phase shifter requirements by a factor of M
compared to fully-connected systems. The results demonstrate
that sub-meter localization accuracy can be achieved in a

single-snapshot manner, even with a limited number of RF
chains. The proposed method also shows robustness in the
presence of multipath components. Additionally, depending
on specific network requirements, both the number of RF
chains and the pilot length can be adjusted to further enhance
localization accuracy.
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