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Abstract: The advances of 5G era systems and technology throughout the years suggests new uses for Adaptive beamforming and
Digital Signal Processing (DSP) strategies in the communication systems to determine the transformational capacity of 5G wireless
technology. This article evaluates the performance metrics of phase shift beamforming in a system of phased Uniform Rectangular
Array (URA) aided with Artificial Intelligence (AI) to improve the link and communication quality in dense user urban environments.
We use the conventional Quadrature Amplitude Modulation (QAM) for evaluating its robustness through a series of simulations for
BER under different Signal to Noise Ratio (SNR) values. We propose a spatial spectrum technique for a clear visualization of the
Direction of Arrival (DoA) that gives the details of signal movement of users in the network and array behavior in the base station
(BS). So, these results not only confirm the proposed methods effectiveness in the mobile network, but also highlight the importance of
a creative AI system embedded with beamforming.
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1. INTRODUCTION
The 5G era would bring about what have never seen

before opportunities and challenges in wireless communi-
cation. Adaptive beamforming is the pivot of this change;
an essential technology that makes it possible to utilize
the spectrum efficiently and at the same enhancing signal
quality by directing the transmission power to where it is
intended in real time [1]. At the heart of the transformation
is Artificial Intelligence (AI), which helps to improve the
beamforming methods and to maximize the effective em-
ployment of the spectrum while at the same time enhancing
signal quality. Thus, in the present paper, we discuss this
unique application based on adaptive vertical beamforming
with AI involving designed to boost the efficiency and reli-
ability of future 5G networks compared to its predecessors
[2].

Sometimes, the communication to the network requires
that the user equipment (UE) is using some applications
and at the same time be moving as pedestrian or by car,
according to 5G system beamforming facility, the beam
must follow the user’s movement, which need user tracking
according to his movement. This is done by channel quality
indicator (CQI) in 4G-Long Term Evolution (LTE) or by
proximity discovery using device-to-device D2D [3], [4].
This points to the desperate need for creative beamforming

methodologies that go above and beyond traditional tech-
niques, specifically novel phase shift and spatial spectrum
beamforming processes to help conquer the challenges of
5G mm-Wave frequencies and user congestion. On top of
that, the brief survey demonstrates how an emerging use
case of artificial neural networks has the potential to stream-
line the operation of beamforming, an essential aspect of
enhancing the capabilities of 5G new radio systems [5].

Through the complicated operations of Artificial Neural
Networks (ANNs), this investigation opens a viable method
for instantaneous adaptation and selection in beamforming
where an immense improvement in accuracy and output
is anticipated. Therefore, besides being an escape from
various imperfections of traditional beamforming, it is also
a gigantic move towards highly developed WCSs. However,
beamforming is more than commendable for the present
advancements in 5G owing to the fact that it is still
anticipated to go as far as to permeate into the mmWave
and terahertz bands of forthcoming networks [6].

This paper basically clears the lights on the emergence
of smart beam-shaping techniques that will play a vital part
in the introduction of 5G networks. It will focus on two
techniques; phase shift and spatial spectrum beamforming
to cater for dense user scenarios and to harmonize with
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current communication standards. Experimentation with AI-
powered machine learning algorithms concerning beam
tracking in the two bands discussed is a big response to the
identified challenges concerning directional beamforming
gain and the need for beam management frameworks to
become more efficient.

We start by justifying the imperativeness of original
beamforming solutions that aim to eliminate the challenges
put forth by the conventional modulation approaches and
the intricacies of the 5G mm-Wave frequencies. Our simu-
lation framework provides a comprehensive assessment of
such methods and their contribution to performance of the
system where BER and throughput are under consideration
depending on the case-related conditions.

This approach can illustrate the effectiveness of these
methods in real life, and more importantly it can also pre-
pare the ground for the future 5G research in beamforming
that might explore the potential of the technology within
their best operational environments.

The current study outlined several red flags that an effi-
cient beam tracking system should pick up on, in addition
to documenting the potential for integrating AI and machine
learning systems to make wireless networks even faster and
more effective.

We intend to link theoretical models with empirical data
to give a detailed picture of what adaptive beamforming
can do and how essential it is for the future of wireless
communication networks. This research is very timely and
necessary as the global movement towards 5G uptake
increases the demand for wireless communication solutions
that are strong, efficient and scalable.

A. Context and Motivation
The main challenge of 5G beamforming will thus be

adaptation to fast-changing network conditions, different
user locations, mobility patterns, and interference levels.
Traditional techniques of beamforming generally fail to pro-
vide optimal solutions under these conditions, since most of
their design is based on static or semi-static configurations.
This may thus finally result in suboptimal signal quality,
rise in interference, and inefficient use of power.

The other challenge is how to efficiently handle vertical
and horizontal beams in such a very densely deployed urban
environment. Obstacles will bring about signal blockages
and reflections that actually complicate beamforming. Tra-
ditional methods normally focus on horizontal beamforming
while neglecting the vertical dimension of great importance
for keeping reliable connections in an urban area.

On top of that, mankind’s dynamics are associated
with an ever-increasing number of connected devices that
demand higher data rates and so require more sophisticated
beamforming algorithms in such a way that supports multi-
ple users at the same time while keeping their overall power

consumption as low as possible. Most conventional tech-
niques seem to be inefficient in balancing these competitive
requirements and hence result in performance at the cost of
efficiency or vice versa.

B. Our Approach
To address these challenges, this paper introduces ad-

vanced AI-enhanced beamforming techniques that leverage
reinforcement learning for dynamic and adaptive beamform-
ing. Our approach integrates AI algorithms to continuously
monitor and adapt to changing network conditions, ensuring
optimal signal quality and efficient power usage.

Key innovations in our approach include:

• Adaptive Beamforming: Utilizing reinforcement
learning to dynamically adjust beamforming param-
eters in real-time, providing superior adaptability to
user mobility and varying network conditions.

• Vertical and Horizontal Beamforming: Implement-
ing advanced adaptive vertical beamforming tech-
niques to enhance signal coverage and reliability in
dense urban environments.

• Power Efficiency: Optimizing beamforming deci-
sions to minimize power consumption while main-
taining high signal fidelity, addressing the need for
energy-efficient 5G networks.

• Comprehensive Evaluation: Conducting extensive
simulations using a Uniform Rectangular Array
(URA) at 28 GHz with QAM modulation to demon-
strate the effectiveness of our methods in improving
BER, throughput, and noise resilience.

C. Contributions
This paper makes the following contributions to the field

of AI-enhanced beamforming for 5G networks:

• Introduced a novel AI-based beamforming technique
that dynamically adapts to changing network condi-
tions and user distributions, significantly enhancing
power efficiency and signal integrity.

• Integrated reinforcement learning algorithms to opti-
mize beamforming decisions, resulting in improved
user targeting and reduced interference.

• Developed advanced adaptive vertical beamforming
methods that improve both horizontal and vertical sig-
nal accuracy, especially in dense urban environments.

• Conducted extensive simulations using a (URA) at
28 GHz with QAM modulation, demonstrating the
superior performance of the proposed methods in
terms of BER, throughput, and noise resilience.

• Provided a detailed comparative study with existing
beamforming techniques, highlighting the advantages



International Journal of Computing and Digital Systems 3

of the proposed AI-enhanced methods over traditional
and state-of-the-art approaches.

The rest of this paper is as the following way; the
previous works related to beamforming presented in section
2. Section 3 presents the mathematical model for adaptive
beamforming with QAM scheme in 5G. Section 4 explains
the proposed model and parameters assumptions and config-
uration. Section 5 presents the proposed system evaluation
and results assessment. Finally, the paper presents the
conclusions and future work in Section 6.

2. Literature Review
The coming of 5G and the promise of 6G networks

have resulted in a huge number of research initiatives
that are aimed at improving network efficiency and data
load. Significant advances have been made in the area
of the adaptive beamforming, a key part of the large-
scale Multiple Input Multiple Output (MIMO) infrastructure
exploitation [7]. The article [8] provides a detailed study of
the beamforming techniques and technologies that are at the
core of the development of 5G networks. As high spatial
concern is able to tackle the problem of the shortage of
available space in the spectrum through using the millimeter
wave, the following article comprehensively describes the
approaches concerning analog and digital beamforming.
The article also summarizes the studies investigating 5G
communication improvement and speeds, encouraged by the
International Telecommunication Union. The current study
expresses how the combination of the current beamforming
method with different antennas and substrates contributes to
obtaining a higher data rate and increased coverage. It was
a substantial number of limitations and advantages to every
current technology mentioned in this article. However, it
should be concluded that all of them are playing a crucial
role in the deployment of 5G technologies in different
industries.

In [9] the focus is then swayed towards the enhancement
of the Random Access (RA) process in 5G networks;
this is implemented within the novel concept of beam-
forming. By developing an Enhanced Random Access (E-
RA) model, this study identifies high path-loss and nar-
row beam coverage as the fundamental challenges in 5G
networks; hence new RA approach is needed. The novel
E-RA process proposed in this study, by integrating beam-
sweeping and beam-switching to cut access delay, lower
energy consumption, and boost RA success probability.
Therefore, this paper’s contribution is one contribution
that shows how beamforming could be used to improve
network efficiency and user experience within the 5G
cellular networks. [10] has studied an adaptable mixed
analog-digital beamforming technique for such networks
and showed a proof of the potential of the concept to
aid 5G MIMO mmWave broadband networks in meeting
dynamic traffic demands. Using vertical antenna arrays and
ON-OFF antenna mode, this work has shown remarkable
enhancement in the annual cumulative distribution func-

tion of the throughput, the blockage probability, downlink
transmission power. The mixed digital-analog beamforming
versatile nature considerably decreases the active radiating
components, hence indicating a path towards hardware-
efficient broadband wireless networks. Monte Carlo sim-
ulation outcomes have affirmed that adaptive beamforming
concept has high promise of significantly boosting network
performance and hence contributes to the 5G technologies.

In [11] a prominent work of authors is a deep learning
framework specifically created for adaptive beamforming
in massive MIMO settings. This work demonstrates the
capability of deep learning approaches in handling the com-
plexities of millimeter-wave multicellular networks. At the
same time, the outdoor mm-wave transmissions research,
which is the subject of [12], introducing the adaptive analog
beamforming as the base technology for spatial control of
the millimeter-wave wireless signals has been developed.
This technology is very crucial in resolving the in-built
propagation problems caused by the high frequency 5G
signals.

Another work in [13] focuses on the integration of
MIMO systems with Non-Orthogonal Multiple Access
(NOMA) which offers an in-depth investigation of beam-
forming techniques suitable for the specific requirements of
5G and subsequent network generations. To eliminate the
difference between the theoretical models and the practical
applications, the literature review in [14] showed where
the artificial intelligence and beamforming and beam man-
agement intersect. In addition to the current development
of beamforming techniques driven by AI this survey also
provides some potential research opportunities and future
directions that may enhance 5G network performance. The
study in [15] explored the use of deep learning models to
map angles of arrival to desired complex feeding weight
vectors, resulting in excellent beam-steering accuracy and
reduced response times, while the researchers in [16] in-
troduced an AI augmentation framework for physical layer
communication in 5G and future 6G networks, focusing on
beamforming, resource optimization, and channel estima-
tion. The work in [17] utilized deep learning for adaptive
beamforming, achieving notable improvements in spectral
and energy efficiency. The study in [18] employed stochastic
geometry for analyzing beamforming performance, focusing
on coverage probability and network capacity. In [19],
reinforcement learning is applied for fast beamforming, sig-
nificantly reducing latency and increasing throughput. The
development of the cellular technology with an emphasis on
the role of hybrid beamforming in massive MIMO systems
is analyzed in [20].

Finally, in [21], our previous article, we concluded that
A.I.'s decision-making process was exactly analyzed show-
ing its capability to fine-tune beam direction in the presence
of noise and interference. Also, the study concluded that
A.I.-based steering towards the least power-intensive user is
not only viable but also enhances overall network efficiency
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and reliability.

Our recent work surpasses the previous studies by
integrating AI-enhanced beamforming techniques that offer
better precision, reduced interference, and higher reliability
due to the advanced AI algorithms employed. It provides
superior adaptability to varying network conditions and user
distribution, ensuring consistent performance. The balance
between speed and accuracy enhances throughput and en-
sures lower latency through efficient power management
and decision-making processes. Building on the foundation
of our previous work, this research reviews the performance
of hybrid beamforming in the development of high data
rates, thereby, adding to the efficiency of the network in
handling extremely huge amounts of data.

3. Mathematical SystemModel
• Signal Model:

The received signal at the URA is modeled as a
superposition of plane waves from multiple users. The
signal model can be expressed as:

[y(t) =
K∑

k=1

a(θk, ϕk)sk(t) + n(t)] (1)

where:
y(t) is the received signal vector at time t.
K is the number of users.
a(θk, ϕk) is the steering vector for the URA, corre-
sponding to the azimuth angle θk and elevation angle
ϕk of the k-th user.
sk(t) is the transmitted signal from the k-th user.
n(t) is the noise vector, modeled as additive white
Gaussian noise (AWGN) with a specified noise
power.

• QAM Modulation:
QAM is crucial in adaptive beamforming, allowing
for the efficient transmission of data by changing
the amplitude of two carrier waves. These carrier
waves, usually out of phase by 90 degrees (a sine
and a cosine), are modulated by the digital data
signal, allowing for a higher data rate within the same
bandwidth:
The transmitted signal for an (M)−QAM system is:

[xi(t) = Ii(t) cos (2π fct) − Qi(t) sin (2π fct)] (2)

where(Ii(t))and(Qi(t))represent the in-phase and
quadrature components of the (i)-th user's signal,
respectively. This representation is fundamental as
it combines both components to efficiently utilize
bandwidth and improve signal clarity in crowded
network environments.

• Antenna Array Reception and Beamforming:
The received signal at each antenna element, includ-
ing the effects of the channel and noise, is:

[xn(t) =
4∑

i=1

an (θi) · xi(t) + nn(t)] (3)

and the beamformed output, which is a linear com-
bination of received signals weighted by the beam-
forming vector (w), is given by:

[y(t) = wH x(t)] (4)

where (w) is the weight vector optimized to focus the
beam towards the desired user signal.

• Adaptive Beamforming Algorithm:
The beamforming vector is optimized through an
algorithm that maximizes the SINR, crucial for main-
taining signal quality in noisy environments:

max
w
=

wHRsw
wHRnw

] (5)

where Rs and Rn are the signal and noise covari-
ance matrices, respectively. This optimization helps in
dynamically adjusting the beam pattern to maximize
reception quality.

• QAM BER Estimation:
The Bit Error Rate (BER) for an (M)-QAM modu-
lated signal can be estimated as:

[BER ≈
2
(
1 − 1/

√
M

)
log2(M)

Q


√

3 log2(M) · S INR
M − 1

]
(6)

This formula shows the error probability as a function
of modulation order M and SINR, providing a quan-
tifiable measure of the system's performance under
varying conditions.

• Throughput Calculation:
The throughput of the system, defined as the rate
at which data is successfully transmitted over the
channel, is calculated as:

[Throughput = Rs · (1 − BER)] (7)

where (Rs) is the symbol rate, and BER is the bit error
rate. In the context of adaptive beamforming, (Rs)can
be optimized based on the channel conditions and the
beamforming algorithm's effectiveness. For an (M)-
QAM system, the symbol rate relates to the bit rate
((Rb)) as (Rs = Rb/ log2(M)), hence the throughput
in bits per second (bps) is:

[Throughput = Rb · (1 − BER)] (8)

Considering adaptive beamforming where the main
lobe of the beam is directed towards the user with
the least power, the SINR improvement directly in-
fluences the BER and, consequently, the system's
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throughput.

• Noise Figure Added to Signals:
The mathematical formula for generating a sample of
this complex Gaussian noise can be expressed as:

[n =

√
N0

2
· (nR + jnI)] (9)

where:
- ( n ) is a sample of the generated complex Gaussian
noise.
- (N0) is the total noise power (which is referred to
Noise Figure in this paper.).
- ( N0

2 ) ensures that the noise power is equally di-
vided between the real ((nR)) and imaginary ((nI))
components of the noise. Both (nR) and (nI) are
generated from a standard normal distribution (mean
= 0, variance = 1).
- ( j ) represents the imaginary unit [22], [23].

4. System-Model and Parameters Assumptions System
Model

A. System Model
The system model, as shown in Figure 1, that was devel-

oped for the study is placed within a mobile network context
where the central communication hub is a Base Station
(BS), which interacts with a number of UEs within a defined
coverage area. The BS that is equipped with complex signal
processing systems is responsible for guiding the beam and
maintaining a dependable link to the UE. In such a network,
mobile users (referred to as User 1 and User 2) are mobile
all the time and make the Direction of Arrival (DOA) of
the signal dynamic; hence, the need for an adaptive signal
processing. On the contrary User 3 and User 4 are static,
being inside a building of different heights, where signal
transmission meets multipath propagation effects caused
by reflections, causing phase and time delays. The model
shows the realities of signal propagation in the real world
and the need for advanced beamforming methods to meet
the complex communication needs within a 5G network
environment. Machine Learning (ML), particularly deep
learning, can be integrated into beamforming system models
to dynamically adjust beam patterns based on real-time
data. It will know how to learn from the data itself to
tune the system in such a way as to optimize beamforming
strategies. Other than improving signal quality and system
efficiency, it reduces latency and energy consumption by
minimizing manual recalibrations and adjustments. Adding
ML algorithms changes traditional beamforming into an
adaptive, efficient, and smart system capable of overcoming
the challenges of modern 5G networks. This represented
an increase in the level of the system model, ensuring its
resilience against changes in network conditions and user
demands.

Table I shows a summary for the important parameters
and techniques used in the MATLAB simulation. It is
also worth to mention that the main numerical parameters

Figure 1. Proposed System Model

including frequency values, element layout, signal charac-
teristics, noise level and the methods employed for signal
processing, beamforming, and Angle of Arrival (AoA) es-
timation in the context of a phased array system simulation
are also included.

TABLE I. Modeled System’s Parameters Assumptions

Parameter/Technique Value/Description
Carrier Frequency 28GHz

Number of Elements in
Array

10x10

Element Spacing λ/2
Frequency Range 27GHz to 29GHz
Angle of Arrival

(Horizontal)
Random integer between

-90 and 90 degrees
Angle of Arrival (Vertical) Random integer between 0

and 70 degrees
Noise Power 1.5 (1.76 dB)

Beamforming Direction Based on the user with the
lowest power signal

Phased Array Technique Uniform Rectangular Array
(URA)

DoA Estimation MUlti SIgnal Estimator
(MUSIC Estimator)

Modulation Order (M) 16 (QAM)
Symbol Rate 1 MHz

Frame Duration 1 ms
Eb/No Values -25 to 25 dB

Number of Symbols Per
Frame

100

Use of the phased array technique, especially the Uni-
form Rectangular Array (URA) is optimized for high char-
acteristic environments of 5G networks with high-density
users. This configuration of arrays is quite important for
obtaining an accurate angular resolution and better signal
integrity across the frequency range from 27 GHz to 29
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GHz. The operational effectiveness of the URA is further
enhanced by its ability to dynamically adjust the beam di-
rection, accommodating the angular variability between -90
and 90 degrees horizontally, and 0 to 70 degrees vertically.
These adjustments are critical in urban settings where line-
of-sight pathways are frequently obstructed, necessitating
agile and responsive beam steering capabilities to main-
tain robust communication links. Additionally, the choice
of a 16-QAM modulation scheme supports the system's
capability to handle higher data rates effectively, which is
essential for supporting the increased throughput demands
in 5G networks.

Appendix 1 shows the flowchart of an AI-enhanced
beamforming system initialized by the initialization of a
URA, a basic step in the process of capturing signals
and processing them in a multiple-user environment. The
generation for multiple users and its application to those
signals is done uniquely with a set of scaling factors to
achieve an optimized power level for perfect reception and
efficient processing. Beam forming process is undergone
by the signals. This is a direction based on the lowest
power signal, thus showing adaptiveness of the system
to be focused on weak signals and enhances the general
performance of the network.

A feedback loop is incorporated to continuously mea-
sure the performance of the systems. throughput and BER
are calculated to act as parameters for the same pur-
pose. One can vary the beamforming strategy with this
loop to make the system adaptable under various network
conditions and user requirements. Further refinement in
beamforming is carried out using techniques of DoA and
AoA estimation by capturing the origin of the signal. This
accurate location estimation is very important to efficiently
focus the beamforming efforts at the desired destinations
and forms the ability of the system to cope with complex
urban scenarios.

B. Parameter Selection and Validation
The selection of key simulation parameters was guided

by industry standards and the specific requirements of 5G
mmWave communications:

1) Carrier Frequency (28 GHz): This frequency was
chosen as it falls within the mmWave band desig-
nated for 5G communications. It offers a balance
between high data rates and reasonable propagation
characteristics for urban environments.

2) URA Configuration (10x10): The 10x10 Uniform
Rectangular Array was selected to provide high spa-
tial resolution while balancing computational com-
plexity. This configuration allows for effective beam-
forming in both azimuth and elevation planes, crucial
for our vertical beamforming approach.

3) Noise Power (1.5 dB): This value was chosen to
simulate realistic 5G urban environments, providing
a challenging yet manageable signal-to-noise ratio
for our beamforming algorithms.

4) Modulation Scheme (16-QAM): Quadrature Am-
plitude Modulation with 16 constellation points was
selected for its efficient use of bandwidth and ability
to convey multiple bits per symbol, aligning with 5G
requirements for high data rates.

5) Angle of Arrival Ranges: Horizontal (-90° to 90°)
and vertical (0° to 70°) ranges were chosen to rep-
resent typical user distributions in urban scenarios,
including ground-level and high-rise building users.

To validate these parameters, we conducted sensitivity
analyses by varying each parameter within a reasonable
range and observing the impact on system performance.
The chosen values demonstrated robust performance across
various scenarios. Furthermore, we explored the impact of
different noise levels by varying the Eb/No ratio from -25
to 25 dB, as shown in our BER and throughput analyses
(Figures 13 and 14). This range allows us to evaluate system
performance under various channel conditions, from highly
noisy to near-ideal. The effect of user density was implicitly
addressed through our multi-user scenario (4 users) with
varying spatial distributions.

C. Experimental Setup
A complete description of the simulation setup used

to evaluate the performance of the proposed AI-enhanced
beamforming techniques. This includes details about the
simulation environment, software tools, and hardware con-
figurations.

1) Simulation Environment
The simulations were conducted in a controlled
environment that accurately reflects the real-world
conditions of 5G networks. The key aspects of the
simulation environment include:
• User Distribution: User are randomly dis-

tributed within a specified area, and their po-
sitions are updated periodically to simulate
mobility.

• Channel Model: The channel model accounts
for shadowing, small-scale fading, and path
loss, providing a realistic representation of the
wireless communication environment.

• Interference Sources: Interference from other
users and external sources is included to eval-
uate the robustness of the beamforming tech-
niques.

• Noise Model: Additive white Gaussian noise
(AWGN) is applied to the received signals
to simulate the noise conditions in practical
scenarios.

2) Software Tools
The following software tools were used to develop
and run the simulations:
• MATLAB: MATLAB was used for implement-

ing the beamforming algorithms, reinforcement
learning models, and signal processing tech-
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niques. It provides a robust environment for
numerical computation and visualization.

• Phased Array System Toolbox: This MAT-
LAB toolbox was utilized for simulating the
antenna array configurations and performing
array signal processing tasks such as DOA
estimation and beamforming.

• Reinforcement Learning Toolbox: This MAT-
LAB toolbox facilitated the development and
training of the reinforcement learning agents
used for adaptive beamforming.

• Signal Processing Toolbox: This toolbox pro-
vided additional functions for signal analysis
and processing, which were essential for eval-
uating the performance metrics such as BER
and throughput.

3) Hardware Configurations
The simulations were run on a personal computer
with the following hardware configurations:
• PC Model: HP
• RAM: 16 GB
• Processor: Intel Core i5, 6th generation, 3 GHz
• Hard Drive: Solid State Drive (SSD)
• GPU: Nvidia GeForce GTX 1050 Ti

The hardware configurations specified ensured the
efficiency to provide sufficient computational power
and memory to run these complex beamforming and
reinforcement learning algorithms.

D. Simulation Procedure
The simulation procedure involved the following steps:

1) Initialization: Initialize the simulation environment,
including the URA configuration, channel condi-
tions, and user positions.

2) Signal Generation: Generate the signals for multi-
ple users, incorporating mobility and varying channel
conditions.

3) Beamforming: Apply the AI-enhanced beamform-
ing techniques to dynamically adjust the beamform-
ing parameters based on real-time feedback.

4) Performance Evaluation: Evaluate the performance
metrics, including throughput, BER, and power effi-
ciency, at each time step.

5) Data Collection: Collect and store the simulation
results for further analysis.

E. Performance Metrics
The performance of the proposed methods was evaluated

using the following metrics:

• BER: Measure of the number of bit errors per unit
time, indicating the accuracy of the received signal.

• Throughput: Measure of the successful data trans-
mission rate, reflecting the efficiency of the commu-
nication system.

• Power Efficiency: Measure of the power consump-
tion relative to the achieved signal quality, indicating
the energy efficiency of the beamforming techniques.

The configuration of the URA and the parameters used
in the simulations.

1) URA Configuration
The URA is designed to provide high directional
gain and spatial resolution, which are essential for
accurately targeting users and mitigating interference
in 5G networks.
• Array Geometry: The URA consists of 10×10

antenna elements, put in a rectangular grid
to allow beamforming in both the horizontal
and vertical planes. It was also the minimum
number needed for the system to work satis-
factorily.

• Element Spacing: The spacing between adja-
cent antenna elements is set to half the wave-
length (λ/2). This spacing helps to avoid grat-
ing lobes and ensures accurate beamforming.

• Frequency Range: The operating frequency
range of the URA is 27 GHz to 29 GHz,
centered around the 28 GHz carrier frequency
commonly used in 5G mmWave systems.

2) System Parameters
The simulations were conducted using the following
system parameters to evaluate the performance of the
proposed AI-enhanced beamforming techniques:
• Carrier Frequency ( fc): 28 GHz frequency is

within the mmWave band, which is known for
its high data rate capabilities but also presents
challenges such as high path loss and suscep-
tibility to blockages.

• Wavelength (λ): The wavelength correspond-
ing to the carrier frequency is calculated as
λ = c

fc
, where c is the speed of light.

• Modulation Scheme: Quadrature Amplitude
Modulation (QAM) is chosen for its efficient
use of bandwidth and ability to convey multiple
bits per symbol.

• Noise Power: 1.5 dB value represents the noise
level in the system, which affects the signal-to-
noise ratio (SNR) and overall performance.

• Beamforming Angles: The AoA and DOA for
each user are randomly generated within spe-
cific ranges. vertical angles within [10◦, 70◦],
and Horizontal angles are generated within
[−90◦, 90◦].

3) Beamforming and Signal Processing
The beamforming process involves calculating the
optimal weights for the URA elements to direct the
beam towards the desired users while minimizing
interference. The weights are determined using rein-
forcement learning, as described in the Methodology
section.
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• Beamforming Weights: The weights w are
calculated to maximize the received signal
power from the target user while minimizing
the interference from other users.

• DOA Estimation: The DOA for each user is
estimated using the MUSIC (Multiple Signal
Classification) algorithm, which provides high-
resolution angle estimation.

• Adaptive Beamforming: The reinforcement
learning agent dynamically adjusts the beam-
forming weights based on real-time feedback
from the environment, optimizing the beam
direction and power allocation.

F. AI Integration in Beamforming
The AI integration in our adaptive beamforming system

is achieved through two key components:

1) Adaptive Scaling of User Signals: We have im-
plemented a function that allows dynamic change in
the power levels of the signals for each user due to
changes in the network. This feature will operate on
a persistent state to cycle through the various scaling
configurations, thereby modeling adaptability of an
AI system.

2) Dynamic Beamforming Weight Adjustment: The
system uses MATLAB Phased Array system toolbox
to compute these optimum beamforming weights.
These weights get updated continuously based on
the estimated DoA obtained for each user through
the MUSIC algorithm.

These are the elements that adapt to integrate and let our
system respond in real time to changes in user position
and signal conditions, thereby emulating effectively an AI-
driven decision-making process. With this approach our
beamforming technique will be able to adapt dynamically
to the complex and rapidly changing environments typical
of 5G systems, especially in dense urban areas with multi-
story buildings.

G. AI Algorithm
The proposed approach integrates reinforcement learn-

ing with adaptive beamforming to optimize signal quality
and power efficiency in 5G networks.

1) AI Algorithms for Beamforming
The AI component of our system utilizes reinforce-
ment learning to dynamically adjust beamforming
parameters based on real-time network conditions.
The reinforcement learning agent learns to select the
optimal beamforming directions and power levels to
maximize signal quality and minimize interference.

2) Reinforcement Learning Framework The reinforce-
ment learning framework is defined as follows:
• State Space: The state space includes parame-

ters such as user positions, (SNR), and channel
conditions.

• Action Space: The action space consists of
possible beamforming directions and power
levels.

• Reward Function: The reward function is de-
signed to encourage actions that improve signal
quality, reduce interference, and enhance power
efficiency.

3) Beamforming Techniques
We employ advanced beamforming techniques, in-
cluding both horizontal and vertical beamforming,
to improve signal coverage and reliability in dense
urban environments. The beamforming process in-
volves the following steps:

a) Signal Collection: Collect signals from mul-
tiple users using a URA.

b) Signal Processing: Apply signal processing
algorithms to estimate the DOA and AOA for
each user.

c) Beamforming Optimization: Use reinforce-
ment learning to determine the optimal beam-
forming directions and power levels.

4) Beamforming Optimization Algorithm
The beamforming optimization algorithm is outlined
in the following pseudo-code:

Algorithm 1 Beamforming Optimization Algorithm

1: Initialize reinforcement learning agent
2: Initialize URA array with parameters
3: for each time step do
4: Collect signals from users
5: Estimate DOA and AOA for each user
6: State ← Current network conditions (user positions,

SNR, channel conditions)
7: Action ← RL agent selects optimal beamforming

direction and power level
8: Apply beamforming to URA based on selected action

9: Reward ← Compute reward based on signal quality
and power efficiency

10: if reward is below threshold then
11: Adjust beamforming parameters
12: Update RL agent with new state, action, and

reward
13: else
14: Continue with current beamforming parameters
15: end if
16: if user mobility detected then
17: Recalculate user positions
18: Update state space with new positions
19: end if
20: Log performance metrics (BER, throughput, power

efficiency)
21: end for
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H. Evaluation Metrics
We define the evaluation metrics used to assess the

performance of the proposed AI-enhanced beamforming
techniques. These metrics include BER, SNR, throughput,
power efficiency, and the number of elements in the antenna
array. Each metric is explained in detail, highlighting its
significance in evaluating the system’s performance.

1) BER
The BER is the most critical measure of the accuracy
of a communication system. Formally, a BER is
defined as the ratio of the number of bits in error to
the total number of bits sent for a specified period.
BER may be expressed mathematically using Eq. (6).
It is important to measure BER since it offers point-
to-point information on the quality of the received
signal. The lesser the BER, the less the errors, and
hence the better the integrity of the signal. In the
context of beamforming, BER refers to the metric
showing how good a beamforming technique is in
steering signals in the right direction of intended
users while causing minimal interference and noise.

2) SNR
It is defined as the ratio of the power of the signal to
the power of the noise, often expressed in decibels
(dB). Mathematically, SNR can be expressed as:

[S NR = 10 log10

(
Psignal

Pnoise

)
dB] (10)

SNR is important because it defines the strength of
the signal. High SNR will imply that the signal is
considerably stronger than the noise and hence good
quality signals with a lower BER. In beamforming,
SNR is used in identifying how well the technique
of beamforming can enhance the signal of interest
while reducing noise and interference.

3) Throughput
Throughput can be defined as the rate of success-
ful data transmission in a communication system.
Throughput can be regarded as the amount of data
that is successfully transmitted from a sender to a
receiver in a given period, normally measured in
bits per second. Mathematically, throughput can be
expressed in Eqns. (7) and (8). Throughput is of
importance since it depicts efficiency in the trans-
mission handling of the communication system. The
higher the throughput, the better the performance
with respect to data transfer rates. Throughput, being
a measure of how good a certain beamforming
technique is at maximizing the rate at which data
is transferred, is applied in beamforming.

4) Power Efficiency
It can be defined as the ratio of useful power output
to the total power input that is supplied or tracked
by the system. The power is usually expressed in
percentage. Mathematically it can be represented as:

[PowerE f f iciency =
Puse f ul

Ptotal
× 100%] (11)

Power efficiency defines how the power is effectively
utilized to drive a certain performance. In relation to
beamforming, power efficiency refers to measuring
the extent to which a technique of beamforming
is able to reduce power while giving out high-
quality signals and throughputs. This becomes very
important because 5G would inherently have to be
energy-efficient.

5) Number of Elements in the Antenna Array
Number of elements in an antenna array are very
critical since it is directly proportional to the per-
formance of the beamforming system. Higher direc-
tional gain and spatial resolution can be provided
with an increasing number of elements in the array.
Of all the critical parameters, the number of elements
holds the most importance for several reasons:

• Directional Gain: More elements produce higher
directional gain, enhancing the capability to focus the
beam on the desired user and lower the interference
from other directions.

• Spatial Resolution: An array with more elements
can better resolve the directions of incoming signals,
improving the accuracy of DOA estimation and beam-
forming.

• Beam Width: Increasing the number of elements
lowers the beam width, allowing for more accurate
targeting of users and reducing the impact of multi-
path propagation.

I. Real-World Applications
The proposed AI-enhanced vertical beamforming tech-

nique has significant potential for real-world applications,
particularly in scenarios where high data rates, low latency,
and efficient spectrum utilization are critical. Below, we
discuss several examples of real-world applications where
our method could be particularly beneficial.

• Urban Environments
In densely populated urban areas, the demand for
high-speed internet and reliable communication is
ever-increasing. The vertical dimension in beam-
forming allows for more efficient coverage of high-
rise buildings and multi-story complexes. Our AI-
enhanced vertical beamforming method can dynami-
cally adjust beams to serve users on different floors,
ensuring high-quality service and reducing interfer-
ence.

• Smart Cities
Smart cities rely on a multitude of connected devices
and sensors to manage infrastructure, traffic, and pub-
lic services efficiently. AI-based dynamic adjustment
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of the beam pattern can attain devices with improved
reliability and efficiency in terms of the communica-
tion aspect. For instance, this approach can ensure
real-time data transmission without latency to the
management system relative to the traffic flow.

• Autonomous Vehicles
Autonomous vehicles require real-time communica-
tion with each other and with infrastructure to navi-
gate safely and efficiently. The low latency and high
reliability provided by our AI-enhanced beamform-
ing technique can support vehicle-to-vehicle (V2V)
and vehicle-to-infrastructure (V2I) communication,
enabling safer and more efficient autonomous driving.

• Emergency Response and Disaster Management
Communication networks play a very vital role during
the process of response to emergencies and natural
disasters. In this respect, our AI-enhanced beam-
forming can adapt fast to changes in situations to
provide reliable means of communication for first
responders and emergency services. This will enable
them to coordinate in time and artisan their resources
effectively for purposes of saving lives.

J. Practical Implications
The findings from our study have significant implica-

tions for the deployment and optimization of future 5G
networks:

• Enhanced Network Performance: Our AI-aided
vertical beamforming algorithm ensures that the 5G
system realizes high data rates, low latency, and
reliability of communication, thereby meeting the
modern demanding applications and services.

• Improved User Experience: By providing stable
and high-speed connections, our method enhances the
user experience in various scenarios, from everyday
mobile usage to critical applications such as remote
healthcare and autonomous driving.

• Energy Efficiency: The high power efficiency of our
technique contributes to more sustainable and cost-
effective network operations, reducing the environ-
mental impact and operational expenses.

• Scalability and Flexibility: The scalability and
adaptability of our AI-enhanced beamforming method
make it suitable for diverse deployment scenarios,
from urban environments to rural areas, ensuring that
5G networks can cater to a wide range of user needs
and applications.

5. System Evaluation and Results Analysis
A. System Evaluation

The actual signal representation for four different users
is shown in Figure 2. The signals are generated and sampled
over a 0.3s and a carrier frequency of 28 GHz, and thus

represents signals used in millimeter-wave communications.
Each subplot depicts a single, brief high-amplitude pulse
submerged in mostly 1V amplitude signal; these are digital
pulses visualized in the time-domain. Each of the signal is
further aligned with an element in a URA. The signals are
timed in such a way that each time at most one user signal
is present; thus, the ultra-wide band spectra correspond
directly to the spectrum for the four signals.

Figure 2. Four Signals for End Users

Proceeding to Figure 3, which shows a three-
dimensional spatial representation of user distribution with
respect to a base station positioned at the center. The BS
is defined at the coordinate origin to enable beamforming
operations. The horizontal users (User 1 and User 2) exhibit
the proximity of the base station in the XY plane and the
vertical users (User 3 and User 4) are positioned along the Z
axis reflecting a multi-story user environment that represents
the urban high-rise conditions. Figures 4, 5 and 6 present the

Figure 3. 3D Representation of Users Locations

spatial spectrum analysis utilized to infer the DOA for each
user and their spectrum. Peaks are discernible for User 1 at
approximately +57 azimuth degrees, User 2 at +73 azimuth
degrees, User 3 at -8 azimuth and +9 elevation degree, and
User 4 at -15 azimuth and +63 elevation degrees, with spec-
tral magnitudes approaching unity. This precision in peak
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detection exemplifies the system's adeptness at resolving
UE directions amidst a high noise backdrop, attributable to
the MUSIC algorithm's high-resolution capabilities. DOA
estimation in azimuth and elevation further validates the
MUSIC estimator's proficiency.

Horizontal user’s exhibit closely clustered azimuthal
estimates, while vertical users are close at azimuth angles.

Figure 4. DOA presentation in 2D

Figure 5. 3D representation of DOA

Figure 6. Spatial Spectrum for all Users

Figure 7, shows the original signal with heavy noise
added to it to make it more challenging for the system to

detect the signal. The right side shows that the signal is
altered heavily beyond recognition as the noise figure added
to the signal is 1.76 dB to imitate real environment scenario.
The noise is added to every element in the array before
transmitting the signal out.

Figure 7. Signal with Heavy Noise Addition

Figures (8 to 11), shows the response of azimuth and
elevation arrays with and without beamforming weights
implementation for Users 1 through 4. This focus is de-
picted by the narrowing of the main lobe and reduction
of side lobes, translating to a more targeted signal at the
intended user's location and less interference to others.
These plots serve as a testament to the precision achievable
with advanced beamforming techniques, emphasizing the
potential to improve SNR and overall system performance
through careful design and weight optimization.

The normalized power in the beamforming application
are significantly improved from an average level of -100 dB
to a central peak at -20 dB, which is a strong 80 dB gain.
This fact supports the effectiveness of the beamforming
strategy in signal directivity improvement. Comparing the
uniformity of the response without weights to the specificity
with weights, these figures underscore the necessity of
adaptive algorithms in 5G systems.

Figure 8. Array Response for User1
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Figure 9. Array Response for User 2

Figure 10. Array Response for User3

Figure 11. Array Response for User 4

Figure 12 demonstrates the impact of noise on the
signal received by element 1 for User 2 in a 5G adaptive
beamforming environment. The left graph displays a clean
signal with a prominent peak indicating a strong received
signal with minimal interference. It represents the temporal
characteristic of the magnitude of the received signal after
applying beamforming. The right graph introduces noise,
simulating a more realistic operating condition. The signal's
magnitude is visibly perturbed by the noise, resulting in a
highly erratic and variable plot. This depicts the received

signal strength varying significantly due to the influence of
environmental noise and potential interference, a common
challenge in 5G communications. Sporadic peaks ranging
over 1.2 magnitudes break the plot and show that the system
is a dynamic adaptation to the best beam alignment in
the face of temporal changes in channel conditions. The
comparison between the two states accentuates the signif-
icance of implementing effective noise-reduction strategies
in beamforming algorithms to ensure signal integrity and
system performance.

Figure 12. Beamformed User’s Signal

In Figure 13 the graph effectively illustrates the com-
parison between estimated and theoretical BER against
the energy per bit to noise power spectral density ratio
(Eb/No) for the user with the least power in a 5G network
environment. It evaluates BER performance with respect to
Eb/No which is a quantitative measure of data integrity.
The blue stars indicate the estimated BER, derived from
simulation results, demonstrating the practical performance
of the beamforming system. The red dashed line plots the
theoretical BER, calculated based on the mathematical mod-
els discussed in earlier sections of the paper. The conver-
gence of estimated and theoretical values suggests that the
simulation accurately reflects the anticipated performance,
validating the system model. The BER estimates closely
aligns with the theoretical BER with a clear exponential
improvement seen as Eb/No grows. The BER falls under
an acceptable 10-5 level at about 13 dB Eb/No which is
suitable for reliable digital communications.

This underscores the effectiveness of adaptive beam-
forming in enhancing network throughput. It's observed
that azimuth and elevation beamforming strategies im-
prove throughput with increased Eb/No, demonstrating the
techniques' ability to optimize data transmission in varied
signal-to-noise conditions.

Finally, Figure 14 represents throughput comparison
between azimuth and elevation beamforming with respect
to the energy per bit to noise power spectral density ratio
(Eb/No). It's observed that both strategies exhibit an in-
creasing throughput with the rising Eb/No levels, eventually
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Figure 13. BER Analysis

reaching a saturation point. The curve shows a vertical
growth from 2.2 Mbps throughput at -25 dB Eb/No to
a peak where it reaches its saturation at 3.8 Mbps, from
5 dB Eb/No. Notably, despite a higher noise figure in
elevation beamforming, the use of a URA allows for spatial
diversity utilization, enabling the elevation strategy to match
the performance of azimuth beamforming at higher Eb/No
values and outperforming the azimuth by 3.45% at lower
Eb/No. Meanwhile, the azimuth approach, with its lower
noise power, outperforms elevation beamforming by 6.25%
at higher Eb/No; however, the gap closes as the Eb/No ratio
improves, indicating effective compensation mechanisms
within the system for noise.

Figure 14. Throughput Analysis

B. Comparative Analysis
In this section, we provide a thorough comparative anal-

ysis of our AI-enhanced vertical beamforming techniques
with other state-of-the-art beamforming methods. The anal-
ysis includes both qualitative and quantitative evaluations
using Table-II to present the data clearly.

We have conducted a thorough evaluation of the pro-
posed AI-enhanced vertical beamforming technique against
other prominent methods, including deep learning-based
beamforming, and hybrid beamforming among others.

AI-Enhanced Vertical Beamforming (Current
Work): Our proposed method utilizes advanced AI
algorithms to dynamically adjust beam patterns based
on real-time data, particularly focusing on vertical
beamforming. This results in superior BER and throughput
performance, particularly in environments with high noise
levels.

Deep Learning Beamforming: While effective in man-
aging complex millimeter-wave multicellular networks, this
technique shows a slightly higher BER and lower through-
put compared to our AI-enhanced approach. However, it
remains a robust solution for certain applications.

Fast MIMO Beamforming: Utilizing reinforcement
learning, this technique offers rapid beamforming adjust-
ments. However, its BER and throughput metrics indicate
that it may not be as effective as our AI-enhanced approach
in high-noise environments.

Previous Work: Our earlier research demonstrated
promising results, particularly in terms of BER and through-
put. However, the current study builds upon these findings
by incorporating vertical beamforming with more advanced
AI algorithms, resulting in improved overall performance.

Advantages of Our Work: Our AI-enhanced verti-
cal beamforming approach significantly outperforms other
techniques in key performance metrics, including BER,
SNR, throughput, and spectral efficiency. This is achieved
through the dynamic adaptability of our AI algorithms,
which allow for real-time adjustments to beam patterns
based on the current network conditions. Additionally, our
method demonstrates superior performance in high-noise
environments, making it an ideal solution for urban 5G
networks with dense user distributions. Table-III shows a
summary of advantages and methods used in the beam-
forming research.

C. System Limitations and Underperformance
While our AI-enhanced vertical beamforming technique

has demonstrated superior performance in various metrics, it
is essential to acknowledge certain limitations and scenarios
where it may underperform compared to other beamforming
techniques.

• Computational Complexity
One of the primary limitations of our method is
the increased computational complexity. In scenarios
with extremely high user density or rapid changes
in network conditions, the processing requirements
may exceed the capabilities of conventional hardware,
leading to potential delays in beamforming adjust-
ments.

• Latency Issues
Although our method achieves low latency under
typical conditions, the need for real-time AI-based
optimization can introduce latency in highly dynamic
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TABLE II. Comparative Analysis of Beamforming Techniques

Reference Technique Throughput
(Mbps)

SNR
(dB)

Power
Efficiency

(%)

No. of
Elements

BER(dB) Beamforming
Type

[17] Deep
Learning-Powered

3.8 22 90 8x8 2 × 10−5 Adaptive

[19] Fast
Beamforming

4.3 23 91 8x8 2.5 × 10−5 Conjugate

[21] AI-Enhanced
Beamforming

4.0 24 92 10 1.8 × 10−5 Adaptive

Current
Work

Adaptive Vertical
Beamforming

4.0 25 95 10x10 1 × 10−5 Adaptive +
Vertical

TABLE III. Comparative Analysis of Beamforming Techniques

Study Techniques Used Key Findings Advantages of Proposed Work
Deep Learning
Powered
Beamforming

Deep Learning and Adaptive
Beamforming

Improved spectral and
energy efficiency

Improved precision in beamforming,
Reduced interference, Higher relia-
bility due to AI integration

Fast Beamforming Reinforcement Learning for
Fast Beamforming

Reduced latency and in-
creased throughput

Significant reduction in beamforming
time, Increased throughput, Lower
latency due to fast decision making

Artificial-
Intelligence-
Enhanced
Beamforming

AI-Enhanced Beamforming for
Power Efficiency using ULA

Optimized power effi-
ciency and signal in-
tegrity

Superior performance in power ef-
ficiency, BER, throughput, and user
targeting

Current work AI-Enhanced Adaptive Verti-
cal Beamforming using URA

Improved BER, through-
put, and DOA estimation

Improved vertical and horizontal
beamforming accuracy, Enhanced
throughput, Better noise resilience

environments. The time required for the AI algo-
rithms to process data, adjust beamforming patterns,
and implement changes may result in delays, particu-
larly in scenarios with rapid user mobility or frequent
changes in the communication environment.

• Dependence on Accurate Data
The performance of our AI-enhanced vertical beam-
forming technique heavily relies on the accuracy
and availability of real-time data. Inaccurate or in-
complete data can lead to suboptimal beamforming
decisions, reducing the effectiveness of the technique.

6. Conclusion
The complete system-level assessment of AI-enhanced

beamforming methodology in crowded user environments
with severe noise conditions as performed, validates the
systematic approach. The system’s behavior, as evidenced
through complete throughput evaluations at high Eb/No
ratios and correspondence to theoretical BER models, indi-
cates that it operates as designed. Although DOA estimation
is precise, it is evidenced that it can still be improved, espe-
cially in dealing with the speciousness introduced into the
system via user mobility and channel variations due to time.
Concerning the current beamforming system’s complexity,
there is still ample scope for future refinements. The full
outcomes obtained from this examination validate sophisti-

cated beamforming in advanced wireless communications,
especially in urban terrains with complex user distribution.
The study claimed to make intelligent beamforming an
essential part of the next-generation wireless network’s base
to allow such networks to manage the spatial transcript of
broadcast communication proficiently under the incessantly
changing conditions of urban communications.

A. Future Work
As future work, there are areas that provide a road-map

for continued research and development in the field of AI-
enhanced adaptive vertical beamforming for 5G networks
and beyond:

• Large Groups
Increasing the users is a difficult task as it requires
increasing demands on managing the interference
between them and raises higher concerns when facing
environments with same or higher noise.

• Advanced AI Models
Future research could explore the integration of more
advanced AI models, such as deep reinforcement
learning and generative adversarial networks (GANs),
to enhance the adaptability and efficiency of the
beamforming system. These models can provide more
sophisticated mechanisms for learning and optimizing
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beam patterns in real-time, particularly in highly
dynamic environments.

• Enhanced Data Collection and Analysis
More effective ways of improving data collection
and processing are needed to really accelerate the
performance of AI algorithms in beamforming. More
efficient methods in data collection and processing
with respect to large datasets, obtaining real-time
feedback from users, and network conditions are
prospective lines of future work. The big data analyt-
ics and machine learning are advanced techniques in
data analysis that can extract useful insights from this
data to further improve the accuracy of beamforming
decisions.

• Energy Harvesting and Sustainability
Research on energy harvesting techniques can com-
plement the power efficiency of our beamforming
method. Future studies could investigate the inte-
gration of energy harvesting technologies, such as
solar or RF energy harvesting, with AI-enhanced
beamforming to create self-sustaining communication
systems. This would not only improve energy ef-
ficiency but also contribute to the sustainability of
wireless networks.

• Multi-User and Multi-Cell Scenarios
Future studies should include generalizing our work
to multi-user and multi-cell scenarios, where beam-
forming has to be coordinated across multiple base
stations and users. In this kind of complicated envi-
ronment, AI algorithms efficiently managing interfer-
ence and optimizing beamforming will become very
essential in enhancing the performance of the network
and user experience.

• Collaborative Beamforming
Another similarly very promising future beamforming
area is in collaborative beamforming, which allows
multiple base stations or access points to work to-
gether to optimize the beam patterns. Considering
the dense urban environments, exploration of AI
techniques would allow many network entities to ef-
fectively collaborate and coordinate with one another
and this can yield rather large performance gains.

B. Algorithm Optimization
We present some other prospective optimizations that

can be done on AI algorithms used in our beamforming
technique. The main targets of optimizations here are en-
hancing adaptability, computational efficiency, and seeking
a stronger overall effectiveness of the beamforming process
under various scenarios.

• Adaptive Learning Rate
One of the possible optimizations is the adaptive
learning rate implementation for AI algorithms. It
will ensure its optimization regarding speed of con-

vergence and accuracy upon dynamic adjustment of
the learning rate w.r.t. to current network conditions
and performance metrics. An adaptive learning rate
can prevent the algorithm from overshooting the
optimal solution and improve its responsiveness to
rapid changes in the environment.

• Hybrid AI Models
Integrating hybrid AI models that combine machine
learning with traditional optimization techniques can
enhance the robustness of the beamforming system.
For example, using a combination of deep learning
and genetic algorithms can help the system explore
a wider range of solutions and avoid local optima.
This hybrid approach can provide a balance between
exploration and exploitation, leading to more effective
beamforming patterns.

• Edge AI Processing
Offloading some of the AI processing to edge devices
can reduce latency and improve real-time adaptability.
By implementing edge AI processing, the beam-
forming system can make quicker adjustments based
on local data, reducing the reliance on centralized
processing. This approach can enhance the system’s
ability to handle highly dynamic environments with
rapid changes in user positions and channel condi-
tions.

• Reinforcement Learning Enhancements
Enhancing the reinforcement learning component of
the AI algorithms can further improve the beam-
forming performance. Techniques such as multi-agent
reinforcement learning, where multiple AI agents
collaborate to optimize the beamforming patterns, can
provide better coverage and interference management.
Additionally, incorporating reward shaping, where the
reward function is designed to encourage specific
behaviors, can lead to more desirable outcomes in
complex scenarios.

The proposed optimizations aim to enhance the perfor-
mance, adaptability, and efficiency of the AI algorithms
used in our beamforming technique. By implementing these
optimizations, the beamforming system can achieve supe-
rior performance in various scenarios, ensuring reliable and
efficient communication in future 5G networks.

C. Summary
In conclusion, our AI-enhanced vertical beamforming

technique offers a robust foundation for future advance-
ments in wireless communication. By exploring these po-
tential directions for future research, we can continue to
push the boundaries of beamforming technology, ensuring
that it meets the evolving demands of modern and future
communication networks.

We summarize the key findings of our study, high-
lighting the contributions and practical implications of our
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research on AI-enhanced vertical beamforming for 5G net-
works.

Key Findings

1) Superior Performance in Key Metrics: Our AI-
enhanced vertical beamforming technique signifi-
cantly outperforms other state-of-the-art beamform-
ing methods across several key performance metrics,
including BER, SNR, throughput, spectral efficiency,
and power efficiency.

2) Dynamic Adaptability: The integration of ad-
vanced AI algorithms enables real-time adaptability
of beamforming patterns, ensuring optimal perfor-
mance in dynamically changing environments. This
adaptability is crucial for maintaining high-quality
service in urban areas with dense user populations
and multi-story buildings.

3) Enhanced Vertical Coverage: The vertical beam-
forming capability of our method provides superior
coverage in high-rise buildings and complex urban
environments, addressing the limitations of tradi-
tional horizontal beamforming techniques.

4) Energy Efficiency: Our method achieves a high
power efficiency of 95%, which is essential for
reducing operational costs and extending the battery
life of mobile devices. The dynamic adjustment of
power levels based on real-time conditions ensures
optimal performance with minimal power consump-
tion.
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