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Abstract

The implementation of antenna array beamforming using
several neural network (NN) architectures is compared in
this paper. Gated recurrent unit, feed-forward NN,
convolutional NN, and Ilong short-term memory
architectures have been used for the beamforming process.
This comparative study is carried out using various metrics,
such as the root mean square error, and the computational
time for each NN. In addition, the mean absolute
divergences of the antenna array main lobe and nulls
directions from their respective desired directions have also
been used to assess the performance of each beamformer.
The neural networks are trained using the simulation
results of a 16-element microstrip patch antenna array. It is
demonstrated that deep learning-based beamformers are
capable of computing optimum antenna array weights in
real time and in environments that change with time.

1. Introduction

In wireless communication and radar systems,
beamforming is an extremely important process.
Beamforming can be defined as a method that concentrates
the signal in one desired direction rather than distributing
it out in several other directions. Usually, beamforming
creates a main lobe that corresponds to the desired signal's
direction, as well as many nulls that correspond to the
interference signals' directions. Furthermore, beamforming
is considered to be a basic tool to deal with the high
propagation loss observed in mm-wave communication
systems. Null steering beamforming (NSB), and minimum
variance distortion-less response (MVDR) method are
well-known adaptive beamforming methods. NSB works
by suppressing the interference output signals while
maintaining the desired output signal undistorted [1], [2].
On the other hand, MVDR minimizes the beamformer
output power caused by interference and noise while
maintaining the desired output signal undistorted [3].

Despite their advantages in calculating optimum weights,
such techniques are very difficult to consistently treat
changing environments, where the emitters are moving,
because the weights must be computed many times, not to
mention the computation complexity due to the large

number of antenna array elements. Deep learning (DL) has
achieved notable performance results in the beamforming
and direction of arrival (DOA) estimation fields, due to its
valuable features in changing environments, i.e., quick
response, and fast convergence rates [4]. The application of
neural networks (NNs) in the beamforming field has
attracted the interest of researchers, and a large body of
work is available in the literature [5], [6]. In [7], the
mismatch problem between the expected and the actual
signal steering vectors has been dealt with by a novel robust
adaptive beamforming based on NN, while its use for DOA
estimation in [8] has achieved the lowest mean square
errors. On the other hand, sum-rate maximization (SRM) is
a major issue in massive MIMO systems, and an algorithm
based on neural networks is able to address it in [9], by
choosing users who would be discarded, thus resulting in
SRM. A significant part of literature is concerned about
DL, because its use is not limited to the calculation of the
optimum weights as in [10] and the estimation of the angles
of arrivals as shown in [11] and [12]. DL contributed
significantly to the improvement of massive MIMO
beamforming performance and capacity [13]. In [14], it is
used to perform the beam selection and switching for the
classification of the beam channel information. On the
other hand, DL had a positive effect on ultrasound
beamforming, where it has replaced the conventional
beamforming process. Moreover, DL is applied directly to
radiofrequency channel data to acquire image
segmentation for robotic tracking tasks in order to increase
speed and accuracy [15], [16].

However, the application of DL in the beamforming field
is very challenging and its efficiency depends on many
factors. When a massive number of antennas is used, the
NNs must be of high complexity, hard to train, and
consume much time to provide a result. In this paper, a
comparative study between four different NN architectures
is performed, thus aiming at finding the most suitable
architecture for beamforming applications in terms of
accuracy and temporal response.

The remainder of this paper is organized as follows: in
section 2, the formulation of the beamforming problem is
introduced, followed by a description of the NN structures



in section 3. The results are given in section 4, and finally
brief conclusions are provided in the last section.

2. Beamforming problem

In this study, we assume a uniform linear array of M
elements placed at equal distances from each other equal to
M2 (M is the free space wavelength). The array receives N+1
monochromatic signals (where N+1<M) at wavelength A.
So(k) is the desired incoming signal with angle of arrival
6y, while the rest of the signals (s,(k),n =1,...,N) are
undesired (interfering) ones with respective angles of
arrival 6,,,n = 1, ..., N, as shown in Fig. 1.

Figure 1. Beamformer structure, where xi(k), ..., xu(k) are
the kth samples of the signals at the inputs of the M array
elements, due to incoming signals from various directions.

3. Neural networks description

A NN is typically made up of three layers: the input layer,
which contains the data fed to the NN, the hidden layers,
which handle all computations, and the output layer, which
displays the results. In this paper, we propose four different
NN architectures to perform antenna array beamforming: a
feed-forward NN (FFNN), a convolutional NN (CNN), a
long short-term memory (LSTM) -based NN, and a gated
recurrent unit (GRU) -based NN. The FFNN is a
conventional NN structure with no feedback connections.
The CNN is a major class of NNs that use convolutions
rather than multiply-add neurons. LSTM and GRU are
advanced recurrent NN (RNN) architectures developed to
manage the vanishing gradient problem. The main
difference between these two RNN architectures is in the
number of gates used. To be able to undertake adequate NN
training, we will need a large training data set containing
an adequate number of records representing random inputs
with their corresponding outputs.

In this paper, a case with three incoming signals is
examined, i.e., one desired incoming signal (DIS) and two
undesired incoming signals (UIS1 and UIS2). As a result,
all the NN in our study have three inputs, which represent
the angles of arrivals of the three incoming signals and 32
neurons in the output layer (see Fig 2), which represent the

real and imaginary parts of the excitation weights that feed
a 16-element array (M=16). The training dataset is obtained
by employing the NSB method. The inputs and outputs of
every NN are all appropriately normalized in order to
enhance the training, while the number of hidden layers and
the activation function types in these simulations are
variable and under investigation. The performance
evaluation results of the NNs are displayed here for each
choice by using a variety of metrics, which will be
specified later in the paper.
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Figure 2. General neural network structure that accepts the
angles of arrival of one desired and two undesired
incoming signals as input and produces 32 numbers that
compose the feeding weights of the antenna array.

4. Simulation results

All the proposed NN structures are created using 3 or 4
hidden layers, while the number of neurons per hidden
layer is chosen to be 32, 64 or 128. Also, we choose either
the hyperbolic tangent (tanh) or the rectified linear unit
(ReLU) as activation function. The data set in this research
contains 1,100,000 records, of which 1,000,000 are used to
train the NNs and the remaining 100,000 records are
utilized to evaluate the NN performance. All the proposed
NN structures are trained using 1,000 epochs and the Adam
optimizer with a learning rate equal to 0.0001. The metric
used for the training process is the root mean squared error
(RMSE) of the 32 values at the output layer with respect to
the corresponding values given in the training data set of
1,000,000 records.

Figs. 3 and 4 depict the variation of the RMSE versus the
number of epochs (iterations) during training of the most
complex GRU-NN and CNN structures studied in this
paper (these are structures containing 4 hidden layers with
128 nodes per hidden layer and using the tanh activation
function). The final RMSE values achieved at the end of
the training phase are given in Table I. It seems that the best
NN structure is a GRU-NN that contains 4 hidden layers
with 128 nodes per hidden layer and uses the tanh
activation function. This structure achieves the lowest final
RMSE equal to 0.049. As also shown in Table I, a better
RMSE is obtained at the end of the training process, when
a NN structure becomes more complex (i.e., contains more
hidden layers and more nodes per hidden layer). By
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comparing all NN structures composed of 3 hidden layers
with 64 nodes per hidden layer, it seems that the tanh
activation function provides better RMSE values compared
to the ReL.U function.
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Figure 3. RMSE vs. the number of epochs (iterations)
during training of a GRU-NN that contains 4 hidden layers
with 128 nodes per hidden layer and uses the tanh
activation function.
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Figure 4. RMSE vs. the number of epochs (iterations)
during training of a CNN that contains 4 hidden layers with
128 nodes per hidden layer and uses the tanh activation
function.

The NN architectures are also compared between each
other as well as with the NSB method in terms of their
temporal response (it refers to the mean time required by a
NN or the NSB to calculate the optimal feeding weights for
every set of incoming signals, i.e., DIS, UIS1 and UIS2,
received by the antenna array). As shown in Table II, the
FFNN has the fastest response regardless of its structure
(i.e., regardless of the number of hidden layers or the
number of nodes per hidden layer or the activation
function). Its mean computational time is found to be less
than 1 msec. The LSTM-NN and GRU-NN are close to
each other in terms of computational time, with both not
exceeding 2 msecs when using three hidden layers.
However, this time becomes almost double for both when
using four hidden layers. Despite its worse temporal
response compared to the FFNN, the GRU-NN seems to be
more promising, because it has better performance

compared to all the other NN architectures (see Table I).
The CNN needs the most computational time compared to
other NNs that have a similar structure. This time is over 5
msecs, unless the ReLU activation function is used. In this
case, the computational time is less than 3 msecs, but the
CNN has the worst performance, as shown in Table L.
Nevertheless, it is worth noting that all NN architectures
have a better temporal response compared to the NSB,
since the mean computational time of the NSB is
approximately 960 msecs.

Finally, we run two scenarios with respective SNR values
equal to 0 and 10 dB, in order to compare the GRU-NN-
based beamformer with the NSB method. For each set of
incoming signals, i.e., DIS, UIS1 and UIS2, received by the
antenna array, we estimate the divergence of the main lobe
from the direction of DIS, the divergences of the nulls from
the directions of UIS1 and UIS2, respectively, as well as
the SINR value.

Table I. RMSE values achieved by various NN
architectures at the end of their training.
No. hidden layers /

neurons per hidden GRU-NN LSTM-NN FFNN CNN
layer / activation

3/32/tanh 0.0829 0.0951  0.0839 0.0973
3/64/ReLU 0.0745 0.0836  0.1044 0.1194
3/64/tanh 0.0661 0.0759  0.0810 0.0819

4 /128 /tanh 0.0490 0.0502  0.0527 0.0585

Table II. Mean computational time in milliseconds for
various NN architectures.
No. hidden layers /

neurons per hidden GRU-NN LSTM-NN FFNN CNN
layer / activation

3/32/tanh 1.998 1.997 0.999  4.996
3/64/ReLU 1.997 1.998 0.998  2.998
3/64/tanh 1.998 1.998 0.999  4.995
4 /128 / tanh 3.999 3.996 0.999  5.995

Table III. The mean value and standard deviation of the
main lobe divergence, the nulls divergence, and the SINR.

Main lobe Nulls
Meoa SR Gt dvaece S
[mean/std]  [mean/std]
NSB 0 0.436/0.322 0/0 27.196/2.960
GRU-NN 0 0.439/0.328  0.084/0.12  27.145/2.973
NSB 10 0.436/0.322 0/0 37.196/2.973

GRU-NN 10 0.439/0.328  0.084/0.12  36.756/3.109

A statistical analysis of these divergences and SINR values
is given in Table III. The mean and standard deviation
values of the main lobe divergence and nulls divergence
remain the same when the SNR increases from 0 to 10 dB,
and only the SINR is affected by the SNR value. This
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applies to both the NSB and the GRU-NN-based
beamformer. We can also notice that the NSB ensures fair
accuracy in the main lobe direction and very high accuracy
in the nulls positions regardless of the SNR value. The
accuracy of the GRU-NN-based beamformer with respect
to the main lobe and nulls positions is inferior but very
close to the accuracy provided by the NSB. Nevertheless,
what makes the GRU-NN-based beamformer be superior
to the NSB is its fast temporal response, which translates to
less calculation complexity.

5. Conclusion

In this paper, we have presented a comparison of antenna
array beamformers based on four different NN
architectures that enable deep learning and provide
accurate results together with a very fast response, which
is much faster than the well-known NSB method. The NNs
have been designed and trained for a 16-element antenna
array. The GRU-NN with 4 hidden layers, 128 neurons per
hidden layer, and tanh activation is found to have the best
performance among the NN architectures studied.
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