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Abstract— In this paper, we present a model to optimize
wireless network radiation patterns using a Long Short-
Term Memory (LSTM) neural network. The objective is
to increase the signal-to-noise ratio (SNR) and received
power for users. We improve the selection between
omnidirectional and directional radiation patterns of
access points. In the simulation, we set the environment
with user distributions and obstacles. The LSTM model
achieved a training RMSE of 8.62 dB and a test RMSE of
25.82 dB for the omnidirectional radiation pattern, and a
training RMSE of 7.3 dB and a test RMSE of 28.37 dB for
the directional radiation pattern. We integrated LSTM
predictions into a proposed decision-making method. We
discovered that the omnidirectional radiation pattern is
often appropriate in environments with uniformly
distributed users, while the directional radiation pattern
is suitable for environments with a small number of users.
This study demonstrates the potential of machine
learning for optimizing radiation patterns to improve
wireless networks.
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I. INTRODUCTION

In recent years, wireless network users have increased
rapidly. Therefore, present technology must improve to
maximize benefits. Additionally, since OpenAl became
available for public use, machine learning has been
extensively used to develop wireless networks. From a survey
of research on wireless networks, we find that in reference [1],
the Random Forest algorithm selects access points (AP), thus
improving channel quality and throughput. In reference [2],
ML predicts handover from AP 1 to AP 2 in Cognitive Wi-Fi
Networks, reducing the burden of handover by 60%. In
reference [3], the development of WIFI 7 focuses on
increasing data transmission rates. This support for multiple
users using ML improves WLANS. In reference [4] ML is
used to increase network capacity, Quality of Service (QoS),
and security. In reference [5], guidelines for architectural
requirements for ML are applied to WLANSs. From a survey
of past research, it can be seen that ML has the potential to
help develop wireless networks in many areas.

One of the challenges of ML is its application in radiation
pattern modeling. Therefore, reference [6] uses ML in antenna
array design to increase the efficiency of the radiation pattern.
However, using radiation patterns has limitations depending
on their characteristics. Omni-directional radiating patterns
are often used for APs in densely populated areas because they
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cover all users within the range of the radiation pattern.
However, the main disadvantage of this type of radiation
pattern is that transmission efficiency is relatively low and
does not perform well in delivering power specifically to
priority groups of users. On the other hand, using a directional
radiation pattern has the benefit of being focused on a specific
user. Reference [7] uses directional antennas such as
microstrips are effective for wireless networks in urban
environments. Normally, urban environments use an
omnidirectional radiation pattern. However, in specific cases,
users may use directional radiation patterns, but the coverage
area is limited. This makes it impossible to support all users
around the AP. Therefore, research that utilizes the potential
of these two types of radiation patterns is beneficial.
Reference [8] presents an antenna that can adjust the type of
radiation pattern. This allows devices that use this type of
antenna to adjust their power distribution patterns to suit the
network situation. Moreover, references [9], [10], and [11]
improve antennas for radiation pattern advantages. From the
above research survey, it can be concluded that there is still a
lack of guidelines for developing wireless networks in terms
of radiation pattern patterns. Therefore, developing new
techniques to solve these challenges is still necessary.

Machine Learning (ML) encompasses a wide range of
techniques, including Reinforcement Learning (RL), which
can learn and adapt to dynamic environments in wireless
networks; Unsupervised Learning (UL), which does not
require labeled data; Semi-Supervised Learning (SSL), which
uses less labeled data; and Self-Supervised Learning (SSL),
which can use unlabeled data. Nonetheless, there are many
benefits to employing Supervised Learning for precise
wireless network research. A relevant development role for
Supervised Learning, particularly Long Short Term Memory
(LSTM), is seen in constantly deployed wireless networks. In
reference [12], a channel prediction method using Long Short
Term Memory-Projected Layer (LSTM-PL) is proposed by
detecting OFDM signals in wireless network systems. In
reference [13], LSTM replaces Back Propagation (BP) and
Maximum Likelihood Sequence Estimation (MLSF) in terms
of bit error rate in signal detection. In reference [14], LSTM
increases the efficiency of SNR estimation. Reference [15]
proposed LSTM to improve accuracy in wireless networks. In
reference [16] a new novel model of LSTM is proposed to
improve energy efficiency. From the above research, it can be
seen that using LSTM in wireless networks allows the
network to increase its performance potential.

Although there is research on network optimization every
year, challenges related to radiation patterns and signal quality
remain, and gaps exist in the application of LSTM to wireless
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networks. In addition, AP settings can now be configured
directly through the cloud, providing resilience in
configuration. Therefore, this research focuses on applications
to upgrade wireless networks using LSTM, working with a
proposed algorithm decision-making tool for APs through the
cloud. This proposal breaks the limits of conventional
applications in radiation patterns.

The objectives of this research are:

¢ Toaid in deciding on adjusting the AP radiation pattern to
suit the situation.

e To increase the efficiency of the signal in the wireless
network.

e To apply LSTM with radiation pattern simulation
techniques.

This article is structured as follows: The network environment
is described in Section Il. The research hypothesis, LSTM
model, and selection algorithm are presented in Section IlI.
The results and discussion are shown in Section IV. The
conclusions are provided in Section V.

Il. CHANNEL MODEL

In  wireless communications, the electromagnetic
transmission from the AP to the user is an important factor
affecting the simulation. We take each factor into
consideration as follows:

P: total = P, — FSPL + X, + Multipath (1)

Where P; is the transmitted power, FSPL is the free-space
path loss, X represents shadowing, and Multipath accounts
for the multipath fading. The power available to the user
depends on the AP's transmit power, attenuation due to FSPL,
attenuation caused by line-of-sight (LOA) obstructions, LOA
related to shadowing, and multi-path transmission effects,
including diffraction and scattering.

A. Free-Space Path Loss

FSPL is a loss that depends on the distance between the
user and the AP. This depends mainly on the operating
frequency, as shown in the following equation:

FSPL = (4“7df)2 (2)

Where d is the distance between the transmitter and receiver,
f is the frequency of the transmitted signal, and c is the speed
of light in a vacuum.

B. Shadowing

Shadowing or fading is the reduction of signal attenuation
due to obstructions. This significantly affects the signal
strength, as described by the following equation:

Pr,shadow =h+X; (3)

Where P is the received power without shadowing, and X, is
a zero-mean Gaussian random variable with standard
deviation o

C. Multipath Effects

Multipath effects occur when signals are sent via multiple
paths. Some routes are fast, while others are slow, causing
signal attenuation when the signal reaches the user. We
simulate the gain that occurs in each path as shown in the
following equation:
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Figure 1 Network scenario configurable from the cloud

i Y ob (4)
Multipath Effect = 10 1og10(z 1010)
i=1

Where g; is the gain of the i-th multipath component in dB, N
and is the number of multipath components.

I1l. HYPOTHESIS MODELLING

The wireless network model consists of random users and
obstacles, with the AP located in the middle of the network as
shown in Figure 1. Moreover, the AP can use both types of
radiation pattern models, where the AP estimates the number
of users in the network. Then, the AP sends data to the cloud
for processing. In the cloud, an algorithm and LSTM are
installed. The AP data includes the user's location, received
power, and Signal-to-Noise Ratio (SNR) of each user. After
receiving the data, we use the LSTM model to predict the
received power for both omnidirectional and directional
radiating patterns. Moreover, factors include user location and
work power of each user. This data is used to estimate in the
algorithm for deciding the type of radiation pattern, as
referenced in [8], that can switch radiation patterns

In this research, we create a model using simulation data
from the channel model section. We simulate the received
power, Signal-to-Noise Ratio (SNR) values, and user
positions for both radiation patterns. The simulated data
incorporates various signal attenuation factors such as free-
space path loss, shadowing, and multipath effects. The next
step is data preprocessing. We assign non-readable values,
such as infinite values, to ensure accurate predictions. The
data is also normalized to keep the levels between 0 and 1.

A. LSTM architecture

The LSTM architecture is designed to have multiple
layers. This research consists of an Input Layer, which uses
data from the wireless network simulation, including received
power, Signal-to-Noise Ratio (SNR) values, and user location
from both types of radiation patterns. LSTM Layers capture
long-term dependencies in the data. Dropout Layers are used
to prevent overfitting Dense Layers are used to map features
to data predictions. Key aspects of the LSTM model are as
follows:



e Data Preprocessing: After receiving input, the model
preprocesses the data to focus on received power.

o Splitting Data: In this model, the data is split into training
and testing sets with a ratio of 70% to 30%, respectively.

e Network Model: This model uses the LSTM network from
the TensorFlow Keras Sequential API for simulation.

e Training: The model is trained for 1000 epochs with a
batch size of 30, using 20% of the training data for
validation.

B. Radiation pattern selection algorithm

After using the LSTM model, we employ an algorithm to
select the appropriate radiation pattern for the current network.
We define two possible types of radiation patterns:
omnidirectional and directional. The beamwidth of the
specified directional radiation pattern is 60 degrees. Then, we
clean the data by dealing with infinite values and values that
cannot be read. For the directional radiation power model, we
calculate the received power and the average SNR of users in
the AP's coverage area in 15-degree increments. For the
omnidirectional model, it is calculated for users in all
directions. After the calculations are completed, this research
compares the received power and SNR of each radiation
pattern and all directions to select the most suitable one for the
network. Then, the proposed algorithm works as follows:

Algorithm : Radiation Pattern Selection Algorithm

Cloud use data after LSTM prediction before send data to change
radiation at AP

Begin

1. Initialization: Define pattern with Omnidirectional
and directional radiation pattern. Set angle in range 0 to 360
degree. AP position at center. Directional radiation pattern
beamwidth 60 degree

N

. Data Collection: Collect prediction receive power, SNR, and
location of each users from LSTM model. Then, normalize
and clean data.

w

Evaluation of omnidirectional pattern: Calculate the total
received power and average SNR. Moreover, Store total
received power (Pymnni) @nd average SNR (SNR,mnni)

4. Evaluation of directional pattern:
For each angle 6 €angles:

a. Calculate received power (Pg;-(0)) and
SNR (SNR 4;,(0)) within the beamwidth.

b. Sum Py, (0) and SNR;.(8) for users
within the coverage area.

c. Store total Py;,-(0) and SNRg;.(6)

5. Comparison and Selection: compare received power and SNR
of directional and omnidirectional pattern. Then, Select the
pattern and angle that have total received power maximize and
best average SNR

6. Pattern Switching Decision:

If the selected radiation pattern differ from the current
pattern in use:

a. Switch the AP to the new radiation
pattern

If the selected radiation pattern is the same as the
current pattern in use:

b. Do not send configuration data to the AP.
End

TABLE I. WIRELESS NETWORK PARAMETERS
Parameter Value

Number of Users of
Omnidirectional/Directional 100 and 20
Radiation Pattern
Simulation Area 1000 x 1000 m
Base Station Position (AP) [500, 500]
Frequency 2.4 GHz
Bandwidth 20 MHz
Transmission Power 20 dBm
Path Loss Model Free-space
(S:)adowmg Standard Deviation 4dB
Beamwidth of Directional
Pattern 60 degrees

0 to 360 degrees in

Directional Pattern Angles 15-degree increments

TABLE II. LSTM MODEL PARAMETERS

Parameter Value
LSTM Training Epochs 1000
LSTM Batch Size 30
Learning Rate 0.001
Dropout Rate 0.2
Number of LSTM Layers 2
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Figure 2. LSTM model prediction of received power of
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IVV. RESULT AND DISCUSSION

In this experiment, the wireless parameters are set as
shown in Table 1 and the LSTM parameters are shown in
Table 2. This approach uses LSTM to train the data and
predict the received power. Moreover, this evaluates the
model's performance with Root Mean Squared Error (RMSE)
of omnidirectional radiation pattern and directional radiation
pattern, achieving a training RMSE of 8.62 dB and 7.3 dB and
a test RMSE of 25.82 dB and 28.37 dB, respectively.
Moreover, as shown in Figures 2 and 4, the test and train data
received power stay within the scope of true data. This shows
that the model predicts correctly. In Figures 3 and 5, the low
validation loss is shown, indicating that this model performs
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well for prediction. However, it still exhibits some overfitting
when the number of epochs increases.

For deciding on the radiation pattern, there are two types
of radiation patterns: directional and omnidirectional. The
most appropriate radiation pattern for the user in the model is
the omnidirectional pattern. This research considers the total
power received. Additionally, the algorithm collects data from
users from 0 to 360 degrees, providing more coverage to
accommodate users.

LSTM model analysis shows that the model has accurate
prediction performance based on the relatively low RMSE
indicator value. The model can determine the relationship
between user location, signal propagation effects, and
received power. Moreover, after using LSTM model with an
algorithm to select the radiation pattern, it is found that the
algorithm chooses to use an omnidirectional radiation pattern
as shown as in Figure 6. This conflicts with the antenna gain
because it is used in an environment where wireless users are
relatively evenly distributed within the AP's coverage.
However, when the number of users in the wireless network
decreases, the directional radiation pattern is better than the
omnidirectional radiation pattern, as shown in Figure 7 with
an angle of 240 degrees.

From the results of the experiment, it is also found that
choosing the type of radiation pattern must take into account
the distribution of users to suit the network environment. In
addition, the omnidirectional radiation pattern scheme is less
complex than directional schemes. However, using an
omnidirectional radiation pattern still has a higher chance of
receiving interference than a directional radiation pattern. This
requires using other techniques to help reduce signal
interference, such as noise reduction techniques.

V. CONCLUSION

The study object is creating a selection radiation pattern
algorithm for AP. Moreover, it is suitable in the present
situation. This paper proposes using the LSTM model to
predict the received power and the SNR value. The study
found that LSTM can detect the relationship between various
factors in the wireless network. The proposed algorithm can
evaluate both radiation patterns and improve their application.
This makes AP installation planning easier. Research has
shown the effectiveness of using LSTM in predicting and
optimizing wireless network performance.
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