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Abstract—Cell-free (CF) systems play a pivotal role in the evolu-
tion of next-generation wireless networks, as they improve spectral
efficiency and coverage by eliminating the need for traditional
cell boundaries. However, these systems encounter significant chal-
lenges, such as high computational complexity, scalability issues,
and constraints on real-time decision-making. Meanwhile, the joint
communication and sensing (JCAS) concept in wireless systems
provides a framework that leverages communication signals not
only for data transmission but also for accurate environmental
sensing, thereby maximizing the utility of available resources. In
this paper, we propose a neural network (NN)-based framework to
estimate the joint angle-of-arrival (AoA)/angle-of-departure (AoD)
resulting from available targets in a CF system after exploiting
the communication waveforms generated by the access points
(APs). In the simulation results, we first demonstrate that our
proposed NN mechanism achieves comparable performance to
the maximum likelihood estimation (MLE), and then show that
the results are promising, proving the NN’s ability to capture
complex, non-linear relations between the angle values and channel
estimations across a range of received signal qualities after testing
with varying numbers of APs and targets.

Index Terms—Cell-free system, JCAS, neural network, joint
AoA/AoD estimation.

I. INTRODUCTION

The increasing demand for high data rates, low latency,
and seamless connectivity in wireless networks has driven the
development of advanced communication paradigms. Among
these, CF systems have emerged as a promising solution to
meet the stringent requirements of next-generation wireless
networks [1]. By eliminating the concept of traditional cell
boundaries, CF systems utilize a large number of service anten-
nas, or APs, to serve users over a wide area. This distributed
approach enhances the spatial diversity and mitigates inter-cell
interference, leading to improvements in spectral efficiency
and coverage particularly in dense urban environments [2]. In
CF systems, a central processing unit (CPU) coordinates the
APs, with information exchange limited to payload data and
power control coefficients. However, despite their benefits,
the deployment of CF systems faces significant challenges
in terms of computational complexity, scalability, and real-
time decision-making, especially for tasks such as optimal
beamforming, user association, and resource allocation in
dynamic environments [3].
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under the 6G-ISAC project, and by the Research Council of Finland under
Grant number 357730.

To overcome these challenges, recent advancements in
machine learning (ML), particularly deep neural networks
(DNNs), offer promising solutions. ML-based approaches
have gained traction as they can learn from the underlying
patterns of complex wireless environments through data-driven
methods [4]–[6]. In the context of CF systems, for instance,
[7] proposed a channel estimation framework based on a fast
and flexible denoising convolutional neural network, while
[8] introduced a NN-based solution for access point schedul-
ing in CF massive multiple-input multiple-output (MIMO)
systems with bandwidth-limited fronthaul. Additionally, [9]
optimized the downlink precoding matrices without the need
for fronthaul data sharing. These studies demonstrate that
learning-based solutions can manage power control efficiently,
reducing both the computational overhead and signaling in
CF systems.

Beyond communication services, high-frequency MIMO
transceivers are now being designed for dual communication
and radar sensing purposes without transmitting additional
sensing signals [10], [11]. Radar sensing involves detecting
characteristics such as object presence, location, gesture, and
distance. This convergence of communication and sensing is
known as integrated sensing and communication (ISAC), or
JCAS, as referred to in this paper. Various forms of JCAS
and dual-function radar-communication (DFRC) systems have
been proposed, each with different design emphases [12],
[13]. On one hand, radar-centric approaches extend traditional
radar systems to incorporate basic communication functions,
though they often achieve limited data rates. On the other
hand, communication-centric approaches utilize conventional
communication signals for environmental sensing, albeit with
reduced sensing performance [14].

ML-based solutions are also promising in JCAS systems,
where vast sensory data can be leveraged to estimate the
channel state information (CSI) [15]. Joint beamforming design
in JCAS systems is typically a high-dimensional non-convex
problem, making it challenging to find optimal solutions [16].
For example, [17] utilized a deep learning (DL) approach to
predict beamforming matrices in the next time slot to maximize
the average achievable sum-rate in ISAC systems. Additionally,
[18] proposed two novel methods to address the joint AoA/AoD
estimation problem for bistatic JCAS systems. Although nu-
merous studies have examined the advantages of ML-based
solutions in JCAS models, most have been limited to traditional



TABLE I
NOTATIONS USED IN THIS WORK

Notation Definition
x Scalar values
x, X Vectors/Matrices
In n-by-n identity matrix
(·)T Transpose operation
(·)H Hermitian transpose
|| · || Norm of vector/matrix
⊗ Kronecker product
E[ · ] Average operator
ℜ{·} Real part
ℑ{·} Imaginary part
CN

(︁
µ, σ2

)︁
Circular-symmetric complex Gaussian random variable
with a mean µ and a variance σ2

Cm×n A set of complex matrices of m× n dimensions

cellular systems. Expanding on the insights from [18], this work
presents an NN-based solution tailored for CF systems—an
area that, to the best of the authors’ knowledge, has not yet
been explored in the literature. Specifically, we propose a NN
framework to jointly estimate AoA and AoD values for targets
in CF JCAS systems. Using supervised learning techniques,
we first train a multilayer perception (MLP)-based NN with
varying network structures. We then evaluate the proposed
mechanism’s performance, benchmarking it against joint MLE
results for the single transmitter access point (Tx-AP) case.
Our results indicate that the proposed framework is a practical
solution, which can be later exploited through capable of
enabling optimized power control, mitigating interference, and
enhancing overall network capacity, thanks to accuracy in the
joint AoA/AoD estimation. For reference, the notations used in
this paper are provided in Table I.

II. CF JCAS SYSTEM MODEL

We consider a CF system model depicted in Fig. 1. In this
model, each AP functions as either a Tx-AP or a receiver
access point (Rx-AP). The APs and user equipments (UEs)
are equipped with uniform linear arrays (ULAs) with half-
wavelength spacing between antennas, and all UEs are jointly
served by all Tx-APs. Tx-APs are responsible for transmitting
communication waveforms to UEs in a communication-
centric DFRC manner such that the transmitted waveforms
are also utilized to perform sensing. Rx-APs collect the
waveforms reflected from the targets and conduct AoD and
AoA estimations of the targets. We consider a distributed
operation, where each Rx-AP locally estimates the channel and
performs angle estimation through the existing NN mechanism.
Fronthaul links connect the APs to a CPU, and the transmitted
symbols from all Tx-APs are shared with all Rx-APs via these
links. These connections are assumed to be error-free, ensuring
reliable control data transmission. Furthermore, all APs are
perfectly synchronized.

A. Sensing Channel Model

In the considered CF model, we assume that Mr Rx-APs
and Mt Tx-APs are deployed within the service area without
any cluttering topology. Each Tx-AP is equipped with Nt

antennas and each Rx-AP is equipped with Nr antennas.

NN

: CPU

: Target

: UE

: Tx-AP

NN

: Rx-AP

NN

Fig. 1. Network elements of considered CF JCAS systems where Tx-APs
serve the existing UEs while Rx-APs perform joint AoD/AoA estimation of
the targets by utilizing their trained NN mechanisms.

Additionally, there are W fixed targets in the considered
service area. The aggregated channel response between the
receive antenna nr of the Rx-AP mr and the transmit antenna
nt of the Tx-AP mt can then be expressed as

hmrnr
mtnt

(τ) =

W∑︂
w=1

αmr
mt,wa

mrnr (θmr,w)

amtnt(ϕmt,w)δ(τ − τmr
mt,w),

(1)

where mr ∈ {1, . . . ,Mr}, mt ∈ {1, . . . ,Mt}, nr ∈
{1, . . . , Nr}, nt ∈ {1, . . . , Nt}, and αmr

mt,w represents the
channel coefficient that includes the combined effect of
the radar cross section (RCS) ρmr

mt,w and the path-loss of
the NLOS path through the target w between the Rx-AP
mr and the Tx-AP mt. It is important to note that, as
shown in [19]–[23], line-of-sight (LoS) links do not provide
useful information about the targets and may impair sensing
capabilities. Therefore, the LoS path is excluded, as reflected
in (1) as neglecting w = 0 in the summation. Furthermore, it
is assumed that the UEs do not create reflections and channel
paths caused by double-bounce reflections involving distinct
targets are ignored.

Additionally, θmr,w denotes the AoA between the Rx-
AP mr and the target w, while ϕmt,w denotes the AoD
between the Tx-AP mt and the target w. The term amrnr (θ)
represents the steering coefficient of the antenna nr of the Rx-
AP mr towards angle θ, and similarly, amtnt(ϕ) represents the
steering coefficient of the antenna nt of the Tx-AP mt towards
angle ϕ. Finally, τmt

mr,w represents the total propagation delay,
accounting for the delay from the Tx-AP mt to the target w
and from the target w to the Rx-AP mr.

In the frequency domain representation of the nth subcarrier,
the discrete Fourier transform of (1), denoted as Hmr

mt,n ∈
CNr×Nt , can be formulated as

Hmr
mt,n = Amr (Θmr )G

mr
mt

Dmr
mt,n(τ )(Amt(Φmt))

T , (2)



with the following definitions

Θmr
= [θmr,1, . . . , θmr,W ] , (3a)

τ =
[︂
τmr
mt,1

, . . . , τmr

mt,W

]︂
, (3b)

Φmt
= [ϕmt,1, . . . , ϕmt,W ] . (3c)

Here, the columns of Amr
(Θmr

) and Amt
(Φmt

) include
the steering vectors towards Θmr

and Φmt
, respectively.

Additionally, Dmr
mt,n(τ ) in (2) is a diagonal matrix that

incorporates delays. Its diagonal entries are defined as
{e−j2πn∆fτmr

mt,1 , . . . , e−j2πn∆fτmr
mt,W }. Meanwhile, Gmr

mt
is

another diagonal matrix that contains channel coefficients,
with its diagonal entries specified as {αmr

mt,1
, . . . , αmr

mt,W
}.

B. Communication Waveform Model

In the transmission model, all Tx-APs transmit K orthog-
onal frequency division multiplexing (OFDM) symbols to
the UEs, with each symbol containing N subcarriers, which
corresponds to the size of the fast Fourier transform (FFT).
The kth OFDM symbol transmitted by Tx-AP mt can be
expressed as

xmt

k (t) =

N∑︂
n=1

pmt

n,kr(t−kT ) ∈ CNt×1, k = 1, . . . ,K, (4)

where r(t) is the windowing function, which is assumed to
be a rectangular window for simplicity. Here, pmt

n,k is the
modulated symbol on the subcarrier n of the kth OFDM
symbol sent by the Tx-AP mt. Additionally, T = T0 + Tcp

represents the duration of one OFDM symbol, including the
cyclic prefix (CP) with the duration Tcp. Since the analysis
primarily focuses on the frequency domain, we assume that
the CP has been perfectly removed at the Rx-APs. It is
further assumed that the signals transmitted by the Tx-APs are
orthogonal to each other after assigning adjacent sub-bands to
each Tx-AP within the available total bandwidth. Thanks to
this, the channel estimation can be independently performed
for each Tx-AP.

Since it is assumed that the channel response, Hmr
mt,n,

remains the same during K symbols, and combining (2)
and (4), the signal received on the subcarrier n of the kth

symbol at the Rx-AP mr can be written as

ymr

n,k =

Mt∑︂
mt=1

Hmr
mt,np

mt

n,k + z ∈ CNr×1, (5)

where z ∼ CN (0, σ2INr ) represents the additive white
Gaussian noise vector. Due to the orthogonality, only one
symbol in (5) is nonzero corresponding to the subcarrier n.
Then, an alternative matrix form of (5) can be expressed as

ymr

n,k = Hmr
o,n

Mt∑︂
mt=1

pmt

n,k + z, (6)

where Hmr
o,n represents the combined channel effect of all Tx-

APs. Based on this, the average signal-to-noise ratio (SNR)

of the subcarrier n and the kth symbol at the Rx-AP mr is
then given by

γmr

n,k =
E{||Hmr

o,n

∑︁Mt

mt=1 p
mt

n,k||2}
σ2

. (7)

C. MLE-based joint AoA/AoD estimation

For the joint estimation of AoA and AoD between the Tx-
AP mt and the Rx-AP mr values, the MLE can be formulated
as [18]

argmin
α,Θmr ,Φmt ,τ

⃦⃦
Ymr −

[︁
IN ⊗Amr

(Θmr
)Gmr

mt

]︁
Dmr

mt
(τ )[︁

IN ⊗ (Amt
(Φmt

))T
]︁
Pmt

⃦⃦2
,

(8)

where α = [αmr
mt,1

, . . . , αmr

mt,W
], the kth column of Ymr ∈

CNrN×K is
[︁
ymr

1,k , ... ymr

N,k

]︁T
and the kth column of

Pmt ∈ CNtN×K is
[︁
pmt

1,k, ... pmt

N,k

]︁T
. Also, Dmr

mt
(τ ) is a

diagonal matrix whose diagonals are Dmr
mt,n(τ ) for different

subcarriers n.

III. PROPOSED NN-BASED APPROACH

In this section, we describe the proposed NN-based joint
AoA/AoD estimation mechanism, starting from the channel
estimation procedure and followed by coarse timing estimation
which generates the required training data for the MLP-based
NN structure, as illustrated in Fig. 2. Thanks to coarse timing
estimation, a reduced size of the channel estimation matrix is
used for training as utilized in [18].

A. Acquiring Training Data

The Least Squares (LS) estimation method is commonly
used for channel estimation due to its low computational
complexity [24]. Specifically, the LS estimation for the
channel expressed in (6) is given by

H̃
mr

o,n = Ymr
n (Po

n)
H(Po

n(P
o
n)

H)−1, (9)

where the columns of Ymr
n and Po

n contain ymr

n,k and∑︁Mt

mt=1 p
mt

n,k for different symbols, respectively. Following,
the estimation in (9) can be further reshaped by stacking its
columns vertically as

h̃
mr

o,n =

⎡⎢⎣ H̃
mr

o,n(1)
...

H̃
mr

o,n(Nt)

⎤⎥⎦ ∈ CNrNt×1, (10)

where H̃
mr

o,n(k) represents the kth column of H̃
mr

o,n. To express
the channel estimation for all subcarriers, h̃

mr

o,n can be stacked
horizontally for different subcarriers as

H̃
mr

o =
[︂
h̃
mr

o,1 · · · h̃
mr

o,N

]︂
∈ CNrNt×N . (11)



Fig. 2. Illustration of the overall considered NN architecture as well as the used loss function exploited in the training process of the joint AoA/AoD estimation
at the mr th Rx-AP. The block-diagram further highlights how the training data is obtained along with the channel and signal models.

B. Training Data Size Reduction for Improved Learning

The goal of this section is to derive a coarse timing
estimate of the target delays τmr

mt,w in (1) at each Rx-AP
mr. As seen in (1), target reflections generate peaks in the
channel response, with their phases influenced by the steering
coefficients amrnr (θmr,w) and amtnt

(ϕmt,w). Therefore, it is
advantageous to identify these peaks in the time domain and
extract the angle information directly, instead of considering
all elements of the channel estimation matrix in (11). To
achieve this, an inverse Fourier transform (IFFT) is applied
to the rows of the matrix H̃

mr

o in (11), which corresponds
to the transmitter and receiver antenna pairs, resulting in the
following matrix

Ṽ
mr

= FH̃
mr

o ∈ CNrNt×N , (12)

where F ∈ CNrNt×NrNt is the IFFT matrix that performs
the IFFT over the rows of H̃

mr

o .
Then, for each row of Ṽ

mr , the timing indices with
the WMt largest absolute values are identified, and the
corresponding values of these peaks are collected. Therefore,
NtNrWMt peaks are collected for a given Ṽ

mr . This method
ensures that the selected indices represent the most significant
peaks, enhancing the reliability of the result, which benefits
from the use of multiple antennas. Assuming the identified
timing indices are ĉ1, ĉ2, . . . , ĉW , the propagation delay for
the target w can be expressed as

τw =
ĉw

∆fN
, (13)

where ∆f = 1
T0

is the OFDM symbol subcarrier spacing.
The accuracy of joint AoA/AoD estimation is influenced

by the number of targets and the number of Tx-APs. With
an increasing number of targets or Tx-APs, the likelihood
of multiple targets appearing within the same timing index
grows, leading to increased signal overlap and degradation
in estimation accuracy. Conversely, fewer targets result in
better signal separation, reducing the probability of overlap
and improving the precision of AoA and AoD estimates.

C. MLP Structure and Training

MLP, the most well-known and frequently used type of
neural network, is capable of solving a wide variety of
problems [25], [26]. Its versatility and effectiveness have
made it the most utilized model in neural network applications

[27]. In this work, we propose and implement a MLP-based
NN structure specifically designed for the joint estimation of
AoA and AoD values at the Rx-AP resulting from the existing
targets. This approach provides estimated AoA values, denoted
as Θ̂mr , and estimated AoD values, represented as Φ̂mt . The
MLP-based NN is trained using a carefully designed loss
function that minimizes estimation errors.

To begin with, after considering the signal model described
in (6) for the Rx-APs, the NN takes the observations as
input and generates estimates for the true labels Θmr

and
Φmt

, as referenced in equations (3a, 3c). This relation-
ship can be mathematically represented by the function
fµ(·) : Ymr → [−π/2, π/2], which utilizes learnable
parameters µ to facilitate the mapping.

The inputs of the MLP model consist of the WMt largest
absolute values from each row of Ṽ

mr . Note that due to
the NN structure, the input of the MLP is required to be
a real-valued vector with the length of 2NtNrWMt, thus
the complex values of Ṽ

mr are first converted to the real-
valued input by stacking its real and imaginary parts. The
loss function employed in this work is the root mean square
error (RMSE) calculated between the original input and the
reconstructed output of the NN. Specifically, the RMSE loss
function at a given Rx-AP mr is formulated as follows

ℓ(mr) =

⌜⃓⃓⎷ 1

MtW

Mt∑︂
mt=1

⃦⃦⃦⃦[︃
Θ̂mr

−Θmr

Φ̂mt
−Φmt

]︃⃦⃦⃦⃦2
(14)

The detailed MLP architecture can be found in Table II.
To optimize performance, the Adam optimizer is used with
a learning rate of 0.002, along with gradient clipping set to a
norm of 1.0 to ensure stability during training while minimizing
the loss function defined in (14). Also, L2 regularization with a
coefficient of 10−5 and dropout with a ratio of 0.1 are applied
to each hidden layer to mitigate overfitting.

During training, the model is trained with a batch size of
256, and the training proceeds for a maximum of 300 epochs.
The data samples for each batch are drawn independently,
ensuring that no data is reused between the training and testing
phases, which helps to prevent overfitting and enhances the
model’s generalization capabilities. Moreover, early stopping
is implemented by monitoring the loss with a patience of 15
epochs, allowing the model to restore the best weights once
training concludes. Additionally, a learning rate reduction
strategy is employed to decrease the learning rate by a



TABLE II
THE PARAMETERS OF THE PROPOSED NN ARCHITECTURE MECHANISM

USED IN JOINT AOA/AOD ESTIMATION

Type MLP
Dimension of the input layer 2NtNrWMt

Number of the hidden layers 5
Dimension of the hidden layers 512
Dimension of the output layer MtW
Activation function ReLU

TABLE III
THE PROPERTIES OF THE SIGNAL WAVEFORM EMITTED FROM APS

Center frequency 30 GHz
Subcarrier spacing 120 kHz
FFT size 512
Channel bandwidth 50 MHz
Active subcarriers 384
Modulation QPSK
Reference symbols 4
Comb factor {2, 3, 4}

factor of 0.98 if no improvement in loss is observed for 10
consecutive epochs, while also imposing a minimum learning
rate threshold of 10−8. The NN is trained using a diverse
mixture of different SNR values in each training batch, while
testing is performed at discrete SNR values, considering only
a single SNR value at a time. The MLP parameters were
determined through a combination of experimentation and
computational feasibility. Specifically, the number of hidden
neurons was progressively increased through iterative trials
until the model achieved satisfactory performance on the
validation set while avoiding overfitting.

IV. NUMERICAL RESULTS

In the simulations, we examine two different simulation
setups: Case-1, which considers a single Tx-AP, and Case-2,
where multiple Tx-APs are assumed. Both cases involve a
single Rx-AP; however, the simulations can be easily extended
to include multiple Rx-APs without compromising generality.
In each scenario, there are Nt = 4 transmitting antennas and
Nr = 4 receiving antennas. The transmit waveforms follow
the specifications outlined in [28], [29], and the relevant
parameters are provided in Table III. A concrete example
of a physical reference signal in 5G New Radio (5G NR),
conforming to these assumptions, is the positioning reference
signal (PRS) [29].

For cases involving multiple Tx-APs, the total bandwidth
of 50 MHz is distributed among the Tx-APs using the comb
structure. In both cases, the APs are positioned at fixed locations,
while the targets are randomly placed on a 2D map, as shown
in Fig. 3, with AoAs and AoDs assumed to lie within an
uncertainty region, specifically the interval [30◦, 60◦]. For any
scenario involving Mt Tx-APs and W targets, Tx-APs indexed
1, 2, . . . ,Mt and targets indexed 1, 2, . . . ,W are considered.
For example, in the scenario with one Tx-AP and two targets,
Tx-AP 1 and Targets 1 and 2 are involved, as illustrated in Fig.
3. The channel gains for the multipaths are calculated using the
bistatic radar equation [30]. RCS is modeled by the Swerling-I
model [30], where ρmr

mt,w ∼ CN (0, 1).

fdfd

(0,0)

fdfd

(50,60)

Tx-AP 3 Tx-AP 4

Rx-AP

Tx-AP 1 Tx-AP 2

(10,30) (90,30)
fdfdfdfd

(x1,y1)
fdfd

Target 1

(x2,y2)
fdfd

Target 2

(x3,y3)
fdfd

Target 3

(30,0) (70,0)

100 m

75 m

x-axis

y-axis

fdfd fdfd

Fig. 3. 2-dimensional network layout considered in joint AoA/AoD estimation
over different target and Tx-AP numbers when single Rx-AP exists.

Fig. 4 presents a comparative analysis of the RMSE of angle
estimation (in degrees) against the average SNR ratio values
averaged over different subcarriers and symbols for MLE-
based and NN-based mechanism. At lower SNR levels, there
is a notable disparity in performance, where the NN-based
method demonstrates better robustness as SNR improves and
at higher SNR values, the performance of the MLE and NN-
based methods appears to converge as expected. This can be
interpreted as NN-based models can be trained using data from
various SNR conditions, including very low SNR, allowing
them to adapt and perform well across a range of noise levels.
On the other hand, MLE is an analytical method that does not
benefit from such adaptability—it produces estimates based
on the observed data and statistical assumptions, which may
degrade rapidly under lower SNR region. Also, the performance
degradation from the W = 1 to W = 2 case can be attributed
to the potential overlap of the targets within the same timing
index, which introduces ambiguity in angle estimation.

Fig. 5 illustrates the RMSE performance across different
numbers of Tx-AP and targets. Similar to Case-1, the
performance decline observed with multiple targets is due
to the possibility of the targets overlapping within the same
timing index, which creates ambiguity in angle estimation. The
degradation of estimation accuracy in relation to increasing
Tx-AP and target numbers highlights the scalability challenges
inherent in the CF JCAS system.

V. CONCLUDING REMARKS

In this paper, we presented a NN-based framework for radar
sensing in CF systems. Our approach addresses the scalability
challenges associated with benchmark MLE-based joint
AoA/AoD estimation by leveraging the learning capabilities
of deep neural networks. The flexibility of the NN allows
for real-time adaptation to dynamic environments, making it
suitable for next-generation wireless networks where efficiency
and scalability are essential. Future work will focus on
incorporating beamforming design at the Tx-APs, extending
the existing structure into autoencoder-based solutions. This



Fig. 4. The RMSE performance of joint AoA/AoD estimation when MLE
mechanism and the proposed NN model are tested over Case-1 when single
target and two targets are considered, respectively.

Fig. 5. The RMSE performance of joint AoA/AoD estimation when the
proposed NN model is tested over Case-2 when different sets of Mt and
W are considered.

will improve overall system performance by integrating
beamforming optimization with the learning capabilities of
the neural network framework. Integrating the proposed
angle estimation method with carrier phase estimation holds
significant promise for enhancing localization capabilities in
future wireless networks. Furthermore, exploring scenarios
where synchronization between the APs is absent presents an
intriguing avenue for future research.
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