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Abstract

In the last few years, fourth generation (4G) mobile networks have become
much more complex due to deployments of macro, micro, pico, and femto-
cells to boost network capacity and quality of Services(QoS). Long-Term
Evolution Advanced (LTE-A) system is a 4G wireless communication tech-
nology that offers mobile devices high-speed data transmission, increased
capacity, and improved network performance. While LTE-A offers im-
proved capabilities, it also poses unique resource allocation problems. The
following are some difficulties in allocating LTE-A resources: heteroge-
neous network deployment, diverse QoS requirements and dynamic traffic
patterns. Traditional resource management approaches usually use static
strategies or predefined rules and are insensitive to the current demand
on the network. To allocate resources effectively based on the current
network conditions, resource allocation must be adaptable and dynamic.
Adaptive resource allocation methods that can handle the dynamic na-
ture of LTE-A networks can be developed with the help of machine learn-
ing and artificial intelligence. This thesis evaluates the performance of
machine learning-based resource allocation strategies in LTE-A networks
using realistic data. Four different machine learning-based resource allo-
cation strategies are compared: Long Short Term Memory (LSTM), Con-
ventional Neural Network and Long Short Term Memory (CNN-LSTM),
Random Forest (RF) and K Nearest Neighbor(KNN) algorithm. Perfor-
mance measures include the accuracy of resource allocation, Root Mean
Square Error (RMSE), Mean Absolute Error(MAE) and speed of con-
vergence(running time). The results show that LSTM is the model with
higher accuracy score of resource allocation that is 98.56% and in terms
RMSE and MAE random forest has lowest value of 0.294 and 0.08. In the
case of running time KNN takes shortest time of 1.58 second.

Keywords:LTE, LTE-Advanced, Machine Learning, Radio Resource Al-
location, Channel quality indicator
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1 Introduction

1.1 Background

The scale and complexity of fourth generation (4G) mobile networks have
grown significantly during the past few years. By adding more cells of
various types to the present deployments, which include macro-, micro-,
pico-, and femtocells, operators are constantly looking to increase network
capacity and Quality of Service (QoS). The Operating and Capital Expen-
ditures (OPEX/CAPEX) of the mobile network providers significantly in-
crease as a result of this increase in complexity. To permanently decrease
these costs, operators are looking for network solutions that would auto-
matically configure, manage, and optimize networks while reducing the
need for human interaction based on the traffic demand. Radio Resource
Management (RRM) making use of the available adaptation techniques
to serve users depending on their QoS parameters to ensure the efficient
use of available radio resources [1, 2, 4]. To enhance the capacity of the
network and absorb the mobile data traffic increment, ethiotelecom has
been conducting a lot of expansion projects, base station densifications on
a greenfield or rooftop, load balancing and optimizations.

In order to inform the User Equipment (UE) about its allotted time/frequency
resources and transmission formats to be employed by UE, eNodeB per-
forms scheduling on the available radio resources. UE capability, QoS,
and measurement reports from the UE are used to inform Radio Resource
(RR) scheduling [3]. Each eNodeB must distribute transmission powers
throughout each resource block while taking into account the impact on
UE throughput and interference on other UEs connected to other base sta-
tions. A resource allocation framework in the time and frequency domains
is defined by the Long-Term Evolution Advanced (LTE-A) standard. The
frequency dimension is broken into sub-carriers that are separated by 15
KHz. The time dimension is split into ten 1 ms sub-frames and then di-
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vided into 10 radio frames of 1ms each. It divides each sub-frame into two
0.5 ms slots. The lowest unit of resource, known as a resource element, is
one sub carrier lasting one Orthogonal Frequency Division Multiplexing
(OFDM) signal. The length of a resource block is one millisecond, with
12 constant sub-carriers. A centralized resource block scheduling method
chooses which UE will be assigned to each resource block. Only one user
may be given access to a resource block [4, 37].

A resource block (RB) is the smallest unit of resource allocation for any
one user. Twelve sub-carriers and six or seven OFDM symbols are used
by one resource block. Consequently, a resource block may contain a
total of 72 or 84 resource elements. Radio resource elements are sepa-
rated into time and frequency resource elements in LTE. As in Figure 1
resource elements are separated into a certain number of sub-carriers on
the frequency axis and a certain number of OFDM symbols on the time
axis. The smallest resource unit, known as a resource element (RE), uses
both an OFDM symbol and a single sub-carrier. Flexible bandwidths sup-
ported by the technology include 1.4MHz, 3MHz, 5MHZ, 10MHz, 15MHz,
and 20MHz. Each bandwidth can have a variable number of resource
blocks, namely 6, 15, 25, 50, 75, and 100 RBs. The five physical channels
Physical Downlink Control Channel (PDCCH),Physical Downlink Shared
Channel(PDSCH), Physical Broadcast Channel(PBCH), Physical Control
Format Indicator Channel(PCFICH), and Physical Hybrid ARQ Indica-
tor Channel(PHICH) suggested by the LTE standard are for use in the
downlink. The shared data traffic channel is called PDSCH, and the con-
trol channel is called PDCCH. In a 1ms transmit time interval (TTI)
sub-frame, a number of resource blocks are allotted to these channels. 10
sub-frames, each ranging 1ms, make up a single 10ms LTE radio frame as
in Figure 1. Two resource blocks (RBs) of 0.5ms each are included in each
sub-frame [5, 17, 35].
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Figure 1: Frame of long term evolution(LTE) [7]

The user measurement entity reports the Channel Quality Indicator (CQI)
to the base station (BS) for every TTI to give time and frequency channel
quality information for improved spectral efficiency and resource alloca-
tion. Users can alert the BS about the channel quality for downlink RBs
by using the Physical Uplink Control Channel (PUCCH). By employing
the PDCCH as shown in Figure 2, BS distributes downlink RB allocations
and Modulation and Coding scheme(MCS) assignments to all users [6].

Figure 2: Physical model of a downlink resource Allocation [8]

The International Telecommunication Union’s (ITU) guideline is not met
by the LTE standard. Since, it is a 3.9G rather than a full 4G tech-
nology. As a result, LTE was further developed in accordance with ITU
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rules to become LTE-A, which is a true 4G technology that offers up
to 500 MBPS in the uplink and up to 1 GBPS in the downlink. It en-
ables to have such increased data rates and low latency using higher order
Multiple Input Multiple Output(MIMO), relay technology, Cooperative
Multipoint(CoMP), carrier aggregation, and other technologies [5, 1].

To obtain high performance, it is vital to utilize limited network resources
as effectively as possible in the most advantageous way possible while also
maintaining the best network utilization, to model and predict exactly
cellular networks will load [9]. Besides, to assign the available network
resources to the devices requesting service while controlling the level of
network resources, such as the quantity of radio resources, the Buffer
Status Report (BSR) of users is typically used in traditional approaches to
network resource management to provision and allocate resources as shown
in Figure 3. However, in this case, take a proactive approach and look for
chances to implement resource provisioning and allocation. Then, based
on the present and past states of user traffic behavior, channel condition,
required quality of service, tries to decide how to serve a group of users
who coexist. It must do a through analysis of each user’s traffic behavior
[10]. This thesis compares the performance of different distinct machine
learning based dynamic resource allocating strategies, to jointly allocate
downlink Physical Resource block(PRB) utilization and average power
used by each user using realistic data collected from Addis Ababa LTE-A
network.
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Figure 3: Intelligent module for better decision-making in managing network resources
to serve users [10]

To utilize network resources effectively, considering traffic volume, active
user traffic, available resources is necessary. Accurate network traffic pre-
diction at access points provides effective resource allocation to guarantee
acceptable service quality [11].

1.2 Statement of the Problem

In the last few years, 4G mobile networks have become much more complex
as operators are always looking to expand their deployments of macro,
micro, pico, and femtocells as well as other cell types to boost network
capacity and QoS. Traditional resource management approaches usually
use static strategies and are insensitive to the current demand on the
networks. These static methods can cause certain cells to waste those few
resources while also adding to congestion in a select few cells. As a result,
such static solutions are ineffective at resolving the capacity issue facing
the network of the future. Planning and management of the network
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are deployed to address this increasing demand for data traffic, and they
depend on how well the network resource is used and the volume of traffic
at the time.

In LTE-A, resource allocation refers to the distribution of various network
resources, such as frequency, time, and power, among users and various
services. While LTE-A offers improved capabilities, it also poses unique
resource allocation problems. The following are some difficulties in allocat-
ing LTE-A resources: Spectrum scarcity, interference management, Het-
erogeneous network deployment, diverse QoS requirements and Dynamic
traffic patterns. To allocate resources effectively based on the current
network conditions, resource allocation must be adaptable and dynamic.
Advanced resource allocation algorithms, clever network design, and opti-
mization strategies are needed to overcome these obstacles. Adaptive re-
source allocation methods that can handle the dynamic nature of LTE-A
networks can be developed with the help of machine learning and artificial
intelligence. The goal of this thesis is to provide a machine learning-based
resource allocation framework that enhances network performance across
all bands in LTE-A systems while overcoming the drawbacks of conven-
tional approaches and comparing the performance of machine learning
based resource allocation strategies. The aim of this work intends to de-
velop a more intelligent, flexible, and efficient resource allocation solution
for LTE-A networks by utilizing actual data and sophisticated machine
learning algorithms.

1.3 Objectives of the Thesis

The general and specific objectives of the research are as follows.
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1.3.1 General Objective

The general objective of this thesis is to compare the performance of ma-
chine learning-based dynamic resource allocation methods by utilizing ac-
tual data of ethiotelecom LTE-A network in Addis Ababa.

1.3.2 Specific Objectives

The specific objectives of this research are as follows

• To review machine learning-based resource allocation-related litera-
ture for LTE-A

• To Collect and preprocess the collected data from ethiotelecom LTE-
A network

• To make dynamic resource allocation decisions in real-time.

• To develop machine learning-based resource allocation model using
historical data of ethiotelecom LTE-A network for performing joint
resource allocation (i.e., both power and physical resource block) to
maximize the overall network throughput..

• To evaluate the performance of each algorithm in terms of accuracy
of resource allocation and speed of convergence

• To compare the performance of different models and identify the best-
performing model.

1.4 Literature Review

Researchers are addressing the challenge of resource allocation by utilizing
innovative traffic forecasting techniques, by developing intelligent systems
that considers channel and user conditions to optimize resource allocation
following the traffic data flow during network operation. Some of the
related literature’s are presented as follows.

7



1.4.1 Dynamic Resource Allocation Strategies

A fair and effective resource allocation system is crucial for enhancing net-
work performance [12]. To enhance network capacity, QoS, and bandwidth
usage, it introduce a dynamic resource allocation technique. To maximize
the total network throughput, the resource controller distributes transmis-
sion bandwidth to subnetworks in a heterogeneous network cooperatively.
We examine a heterogeneous LTE/WLAN network with a spectrally ef-
ficient distribution of transmission resources across its member networks
[13].

The authors in [14] present that using RRM, the LTE Advanced system
distributes radio resources for various services. Different service kinds,
including real-time (RT), non-real-time (NRT), and control signaling, are
dynamically active in networks, necessitating dynamic resource allocation
for the transmission of pertinent data packets. When findings from the
suggested technique are compared to those from existing methods, it be-
comes clear that the current solution yields superior outcomes. There are
descriptions of several service types and their schedule. It demonstrates
service prioritizing optimization strategies in which the weights of service
types are optimized. For resource allocation, it does not, however, take
into account the volume of traffic, user count, channel status, etc.

Since it is responsible for ensuring user QoS in LTE-A networks, multi-user
scheduling is one of the key components. Typically, scheduling algorithms
strive for maximum throughput while retaining a certain level of fairness.
The smallest resource unit in LTE-A is the RB, which has a frequency
domain size of 180 KHz and a time domain division into two slots with a
duration of 0.5 ms each. The eNodeB makes a scheduling decision every
1 ms, which is the size of the Transmission Time Interval (TTI). Physical
resources are distributed to users in the frequency or time grid through-
out time, and multi-user diversity is controlled in both of these time and
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frequency domains. Signaling limitations prevent subcarriers from being
allocated separately, so they should be combined on an RB basis [15, 16].

The efficiency of Universal Terrestrial Radio Access Network(EUTRAN)
when using various resource allocation algorithms, including round robin,
proportional fair, best channel quality indicator (CQI), maximum trans-
mission point (TP), and resource fair, was evaluated using MATLAB. Fair
resource distribution among UE is provided via round robin, proportional
fair, resource fair, and best CQI. High cell throughput with selective re-
source allocation is provided by MAX TP. The best CQI and resource fair
strategy offers a network with degraded resource occupancy high through-
put and fair resource distribution. Although the UE throughput is rel-
atively smaller with the round robin technique, resource allocation and
occupancy are quite fair. The authors recommend adapting mixed strate-
gies in addition to channel imperfection in which the performance of re-
source allocation depends [17, 18]. The paper [19] compares how well two
fundamental techniques proportional fairness (PF) and round robin per-
form. According to this, the PF approach offers great fairness but just
average throughput. However, from a scheduling standpoint, it does not
distinguish between different service types; instead, a technique for rais-
ing QoS called proportional fairness is offered. Similar to this, [20] also
describes adaptive QoS for PF methods. These methods, however, cannot
have the capability to determine the current service type prior to resource
scheduling. Dynamic resource allocation is necessary for dynamic service
behavior. This research focuses on performance comparison of machine
learning-based dynamic resource allocation methods for LTE-A using re-
alistic data.

1.4.2 Traffic Prediction Models

Time-series analysis techniques have typically been used to study the pre-
diction of mobile traffic patterns. Prediction issues are divided into tem-
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poral and spatiotemporal prediction issues based on how cellular traffic is
predicted. The statistical, machine learning, and deep learning models of
artificial intelligence are subcategories of prediction models [21]. To cap-
ture the trends of the temporal evolution of the mobile traffic, the majority
of previous related works use statistical approaches like Auto-Regressive
(AR), Auto Regressive Integrated Moving Average (ARIMA) and Seasonal
Auto-Regressive Integrated Moving Average (SARIMA). Since the predic-
tion tends to over-reproduce the average of the previously observed values,
one of the known disadvantages of such algorithms is their low resistance
to the time-series’ rapid fluctuations. These techniques also function with
homogeneous time-series, in which the input and the forecast both fall
into the same range of values [22].

It is necessary to replace the legacy design approach with user-centric pre-
dictive analysis of mobile network traffic and proactive network resource
management since resource provisioning and operation control based on
cell-aggregated traffic scenarios are not as energy and cost-efficient. By
creating traffic prediction tools that combine per-user data with common
machine learning (ML) techniques like LSTM and ARIMA. In this inves-
tigation, the effects of several parameters, including the temporal granu-
larity, the length of future forecasts, and feature selection are examined.
It gives a thorough empirical evaluation of the provided solutions over a
real network traffic dataset. The presentation of ML models for dynamic
Discontinuous reception (DRX) parameter adaptation to user traffic. The
findings demonstrate that DRX parameter adaptation using online traf-
fic prediction offers significantly more energy savings at low latency cost
than the more traditional cell-wide DRX parameter adaptation [23]. The
author in [24] Base Stations (BSs) can conserve energy by applying deep
learning to predict the light-traffic data periods for them and sleeping
during those times. To control the on-demand allocation of network re-
sources and to lower network operation costs, traffic-exchange prediction
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is typically based on an hourly granularity [9].

A hybrid deep learning model for spatiotemporal prediction that uses
LSTM units for temporal modeling and an unique autoencoder-based deep
model for spatial modeling. The findings demonstrate that, when com-
pared to two widely used baseline approaches, ARIMA and Support Vec-
tor Regression (SVR), the proposed deep learning model greatly increases
prediction accuracy [25].

Recently, a few research has been undertaken to predict the Universal
Mobile Telecommunication System (UMTS) and LTE network traffic in
Addis Ababa city using neural network models. In reference [26] use Con-
vLSTM to predict spatiotemporal UMTS mobile traffic data considering
space and time variation of the UMTS traffic data by collecting real time
dataset from 739 base stations for three months. It recommends to exam-
ining user-level data traffic use patterns to provide better information for
spatiotemporal traffic data prediction and improve resource management.
Besides in [27] to predict time series traffic data for UMTS network using
LSTM by collecting from five Radio Network Controllers (RNCs) of the
UMTS for ten months and it recommends to improving forecast accuracy
use a combining approach, different dissimilar models. The authors in pa-
per [28] use hybrid Convolutional Neural Network and Long Short Term
Memory (CNN-LSTM) to predict temporal LTE traffic data by collecting
data from 690 eNodeBs for four months on an hourly granularity and by
clustering the base stations using k-means then predicted on cluster ba-
sis. It recommends to consider more specific multivariate features such
as amount of spectrum utilized and Radio Access Bearer(RAB) attributes
like maximum source data, traffic type, and maximum bit rate to improve
the model performance.
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1.4.3 Machine Learning Based Dynamic Resource Allocation

In [29], the author presented supervised deep learning model for allocation
of sub-band and power for multi-cell wireless network to maximize the
total network throughput. The proposed model uses CQI values of each
user of the multicell network as input and allocates the required radio
resources. The proposed model needs only one-time offline training and
after training, it can allocate radio resources in an online fashion. The
optimality of this work is no guarantee because it uses Genetic algorithm to
generate training and testing data. In [30], the authors propose a method
for distributed power regulation based on a data-driven Convolutional
Neural Network (CNN) that uses spatial data in channel gain to estimate
the transmit power. Maximizing throughput through power allocation is
the major goal. There is no assurance that the suggested approach would
produce the centrally optimum result. The authors in [31] propose two-
step training framework that is a Deep Q Network (DQN)is trained with
Deep Q Learning(DQL) algorithm with the off-line learning environment
and DQN is fine-tuned in on-line training with real time data. They
considered Interfering Multiple-Access Channel (IMAC) cellular network
with the problem of power allocation.
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Table 1: Summary of literature review

Ref Objective Method Contribution Limitations
[32] Energy

effi-
ciency

A two-
step
neural
network
(NN)

By allocating RB and Power using
unsupervised and supervised neural
networks to reduce the computa-
tional cost achieve, better energy ef-
ficiency ,throughput and fairness

The dataset is
generated by
a genetic algo-
rithm not from
real deployment.

[33] Power
effi-
ciency

Deep
Rein-
forcement
Learning

DRL-based framework for dynamic
resource allocation in a cloud RAN
for power efficiency, user demand
satisfaction and the capability of
handling highly dynamic cases.

Historical data
used to train the
DNN offline is
not known

[30] Power
effi-
ciency

CNN It propose a Deep power control
strategy using CNN to allocate
transmit power based on the channel
condition to maximize spectral effi-
ciency or power efficiency

It considers only
CSI

[29] Power
and
through-
put
maxi-
mizing

Deep
neural-
network

To solve the sub band and power al-
location problem in multi cell net-
works using supervised Deep neural
network for maximizing through put

The dataset
is generated
by a genetic
algorithm not
represent real
deployment

[43] Maximizecell
through-
put

Dynamic
neural
Qlearning

How to intelligently select the best
scheduling rule based on the esti-
mated values of throughput and cell
fairness index

Uplink and
downlink in the
network are
considered to be
one

[34] To in-
crease
data
rate

LSTM Allocate bandwidth and power to
each UE based on data rate

The only data
rate is considered

This thesis focuses on performance comparison of machine learning-based
dynamic resource allocation using the realistic data of Addis Ababa LTE-A
network. It considers the actual active user traffic, traffic volume, chan-
nel quality indicator and service types rather than predicting traffic first.
Besides, traditional resource allocation strategies follow predefined rules
so that cannot adapt the dynamic nature of the network.
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1.5 Methodology

In this study, a multivariate time series data approach are employed to con-
struct accurate machine learning based radio resource allocation model to
allocate average power used and physical resource block based on channel
state information and quality of service requirement of each user. Related
literature’s are reviewed to select most fit machine learning based resource
allocation algorithms for regression problem . Historical data is collected
from the real deployment of ethiotelecom LTE-A network in Addis Ababa
to build the machine learning based resource allocation model for future
online allocation of radio resources. It is collected two months hourly basis
historical data of 450 cells and finally one month 213 cells data is used to
build the resource allocation models by removing the cells that have down
hours. The collected data is preprocessed for the way that is suitable for
the machine learning models. Data preparation, which involves locating
and removing outliers and noisy values as well as missing information, is
carried out. Correlation analysis is used to choose the pertinent features
from multivariate time series data. The best machine learning based re-
source allocation model that enhance the network performance in terms
of throughput and QoS is selected by evaluating and comparing the per-
formance of each model. The performance of each model is evaluated in
terms of accuracy of resource allocation and speed of convergence.
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Figure 4: The overall methodology of the research

1.6 Scope and Limitations

This thesis mainly focused on performance comparison of ML-based re-
source allocation for LTE-A systems using realistic data. In this thesis the
evaluation of different machine learning (ML) methods for resource allo-
cation like LSTM, CNN-LSTM, Random forest and K nearest neighbor
is investigated using the real data collected form ethiotelecom. However,
the implementation of the models for examining the realistic systems is
not conscidered.

1.7 Contribution of the Thesis

This thesis focuses on performance comparison of machine learning based
dynamic resource allocation methods for LTE-A networks using realistic
data for jointly allocating radio resources such as, average power used and
physical resource block utilized. This allocates based on channel condi-
tions, quality of service requirements, service type, average traffic volume
and active user traffic to adapt the dynamic nature of the traffic and
heterogeneity of the network.

By assessing LSTM, CNN-LSTM, RF, and KNN, the research offers useful
insights into the advantages and limitations of each technique, empowering
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network operators to choose the best course of action for their unique
network requirements and conditions.

A significant contribution comes from using realistic data in the experi-
ments. The research guarantees that the results are more useful in real-
world settings by using operational LTE-A network data. By giving a
more precise picture of LTE-A network activity and traffic patterns, this
feature increases the results’ validity and credibility.

1.8 Thesis Organization

The rest of the paper is organized as follows: Chapter two focuses on
an overview of machine learning based resource allocation in LTE-A net-
works. Chapter three presented system model and data preparation. This
describes about the overall processes of the study and data collection.
In chapter four the results and discussions of the research are presented.
The results and performance evaluations of each model is discussed in this
chapter. Finally, the conclusions and the recommendation of the research
are presented in chapter five.
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2 Machine Learning-Based Resource Allocation in LTE-

A Network

One of the major difficulties in designing and operating cellular wireless
networks is allocating radio resources optimally. For particular network
scenarios, these issues must be resolved while taking into account the
rapidly changing wireless channels and the users’ demands for QoS [29].
LTE-A, which provides great spectral efficiency, low latency, and high peak
data rates, is now the leading Orthogonal Frequency Division Multiple Ac-
cess (OFDMA) wireless mobile broadband technology [35]. It distributes
radio resources across user equipment (UEs) using OFDMA [32].

2.1 Overview of Rdio Resource Allocation in LTE/LTE-A

2.1.1 Overview of LTE/LTE-Advanced

In order to meet the International Mobile Telecommunications Advanced
(IMT-Advanced) specifications established by the ITU for 4G networks,
3GPP created Release 10, also known as LTE Advanced. More than a new
version, LTE Advanced is a development of Release 8 and should seem like
conventional LTE networks to legacy LTE terminals because it is backward
compatible with LTE technology [35, 4].Table 2 below summarizes the
main differences between the two releases.

Table 2: Summary of difference between LTE and LTE-A

LTE(Rel.8) LTE-A(Rel.10)
DL peak data rate 300 Mbps 1 Gbps
UL peak data rate 75 Mbps 500 Mbps
Maximum bandwidth 20MHZ 100MHZ
DL MIMO Support up to 4 Up to 8

The Evolved Packet System(EPS), which consists of the Evolved Packet
Core(EPC) and the radio portion of the core network, is the major compo-
nent of LTE’s overall design. Mobility Management Entity(MME), Home

17



Subscriber Server (HSS), Serving Gateway, and Packet-data (S-GW) and
(P-GW) are the control elements that make up the EPC. Connecting with
other 3rd Generation Partnership Project(3GPP) and non-3GPP networks
is the responsibility of the EPC. The radio part of the network is composed
of eNodeB and UE as shown in Figure 5 [4].

Figure 5: LTE architecture [4]

Sub-carriers are frequently distributed in groups due to the limited signal-
ing resources; specifically, sub-carriers are grouped into Resource Blocks
(RBs) of 12 contiguous sub-carriers with a 15 kHz inter-subcarrier spac-
ing. One RB represents six or seven OFDM symbols and 0.5 ms (one time
slot) in the time domain. A Scheduling Block (SB), which is made up of
two consecutive RBs, is the lowest resource unit that may be assigned to a
user and represents a sub-frame time length of 1 millisecond [6] as shown
in Figure 6.
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Figure 6: Scheduling block in an LTE downlink [6]

Multi-user scheduling is one of the key components of LTE systems be-
cause it is responsible for ensuring that the QoS of all active users is
maintained.

In wireless connections, scheduling algorithms are crucial for ensuring QoS
metrics as throughput, latency, jitter, fairness, and packet loss rate. Due
to the fact that it allocates RB to various users for transmission, the sched-
uler is crucial to both current and future cellular communications. The
connection state, the number of sessions, the reserved rates, and the state
of the session queues are all taken into account by the scheduling algorithm
when making a decision. The downlink transmission makes it simple to
get the data needed by a scheduler set up in the base station. According
to the demand of the cellular customers, the schedulers of the Medium Ac-
cess Control (MAC) Layer in Evolved Node B (eNodeB) are responsible
for distributing resource blocks (RB) among them. The schedulers assign
both uplink and downlink resources, with eNodeB serving as their primary
location of operation. At each TTI, it distributes the shared resources to
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each cellular user according to a scheduling algorithm’s technique.

A reference signal is sent by eNodeB to each piece of user equipment during
downlink scheduling. User equipment decodes this signal, computes the
CQI indicator, and then transmits it back to the base station. Through
channel quality management, the eNodeB obtains CQI information. The
resource block’s modulation and coding mechanism (QAM, 16QAM, or
64QAM) is chosen by the MAC scheduler utilizing AMC and link adap-
tation. The channel is better the higher this CQI indicator rises [12].

2.1.2 Conventional Resource Allocation Strategies

Today’s wireless communications are expected to ensure better QoS, as
the majority of multimedia applications demand higher data rates. This
necessitates the creation of strong resource management plans that not
only guarantee high throughput but also efficient use of the resources al-
ready on hand. These algorithms are divided into two groups: distributed
algorithms and centralized algorithms. Downlink transmission often uses
centralized algorithms to effectively meet the fairness and QoS criteria.
Where the decision on the distribution of resources among users is made
by the eNodeB. In the case of distributed algorithms, these are frequently
used in uplink transmission, where users can choose how to allocate re-
sources [32]. One of the specific problems with LTE-A networks is re-
source allocation, where in inefficient RB allocation could lead to higher
energy usage and lower throughput [35]. To ensure QoS metrics includ-
ing throughput, latency, jitter, fairness, and packet loss rate, energy and
spectral efficiency in wireless links, scheduling algorithms distribute RB to
multiple users [36]. The following are some of the conventional strategies
to distribute radio resources to cellular users in LTE-A network.
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Round Robin(RR)

A round robin scheduler is a non-aware scheduling method that recur-
sively allots resources to users one at a time, starting with the first user.
It doesn’t account for the current channel situation. Because of this, it
sacrifices performance to give greater user fairness. As users might be
given fading channels, it reduces the system throughput as a whole. Ad-
ditionally, because the CQI element is not taken into account, the overall
quantity of resources are not managed effectively. Due to its simplicity of
use, this scheduler is utilized by numerous systems [36].

Proportional Fair(PF)

By utilizing the channel variations, PF increases spectral efficiency and
raises the level of fairness in the system. By combining CQI and level of
fairness, this scheduler distributes the resource blocks to the mobile users
with the optimal link quality. Because it maintains a balance between
fairness and maximum cell throughput, it also enables mobile users to
attain a maximum QoS. The throughput at a particular TTI and the
typical throughput of the cellular customer are taken into account while
allocating the RB.

Best Channel Quality Indicator(BCQI)

For a specific RB at every TTI, the best CQI scheduler allocates resource
blocks to the user with the best radio connection circumstances or channel
quality. For scheduling purposes, each cellular user sends an eNodeB
a CQI. In the downlink channel, the eNodeB sends the cellular user a
reference signal (also known as a downlink pilot). Cellular users receive
this reference signal, which is used to calculate their unique CQI. The
better the channel condition, the higher the CQI value. Although this
scheduler can boost individual cell throughput, it has a problem with
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cellular consumers’ lack of fairness. The majority of cellular customers
who are far from the base station (often near the cell’s edge) are unlikely
to ever be scheduled.

Enhanced Proportional Fair

PF chooses an MS based on the current instantaneous data rate, which is
normalized by its average throughput over a given appropriate window of
time. Each MS will eventually receive an equal amount of airtime because
to the PF’s goal of airtime fairness. As a result, each MS’s throughput
only depends on its own data rate and is unrelated to the data rates
used by other MSs. This implies that PF results in comparatively low
throughput of users on faulty channels [37] PF is an improved PF-based
utility function that is anticipated to support QoS and offer a simple
solution for multi-channel OFDMA networks.
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Table 3: Summary of conventional resource allocation algorithms

Scheduling
Policy

Effect Factor Scheduling Priority Usage Scenario

BCQI Channel
condition

The UE with the best chan-
nel quality is most likely to be
scheduled, whereas cell edge
users are unable to be sched-
uled at all

Increase the through-
put of individual
cells.

Round
Robin

None Each UE has an equal chance
of being scheduled.

To confirm the high-
est limit of scheduling
proportionality

Proportional
fair

Service rate
and channel
condition

The UE with a low ratio of
service rate to channel qual-
ity is given higher priority in
scheduling.

To ensure the sys-
tem’s fairness and
throughput.

Enhanced
proportional
fair

channel
condition,
Service rate,
and QoS
requirement

In operating net-
works Used in
Ethiotelecom LTE-A
network

2.2 Machine Learning Basics

Machine learning is a branch of AI that enables a computer to learn from
history in order to carry out a particular activity. Recently, RRM for
wireless networks is an area where ML is receiving a lot of interest. In
particular, during the past ten years there has been a considerable rise in
the application of ML to enhance the performance of wireless networks.
Supervised learning, unsupervised learning, semi-supervised learning, and
reinforcement learning are the four basic categories that machine learning
methods can be divided into [38, 32].

In supervised learning, certain labeled data are used to accomplish the
first training. The labeled data represents a set of known inputs and out-
puts with matching inputs. As a result, applications using historical data
are ideally suited for supervised learning techniques. The whole process is
under supervision. It can be classification or regression type. Machines are
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trained using unlabeled and unclassified datasets in unsupervised learn-
ing. Algorithms for unsupervised learning seek to extract features from
the data, hence inferring the implied structure. There is no any supervi-
sion it extracts patterns from the data. In case of Semi-supervised learning
was built taking into account both the advantages and disadvantages of
supervised and unsupervised learning. The data used by semi-supervised
learning systems might be labeled or unlabeled. Instead of using previous
data, reinforcement learning makes use of data from the implementation.
Using feedback from the environment, reinforcement learning aims to in-
crease an agent’s performance in a certain task. As a result, the agent’s
objective is to foresee the next move that will result in the highest final
reward. Although reinforcement learning is unsupervised, it differs from
other unsupervised learning methods in the way that it facilitates learn-
ing. Reinforcement learning aims to discover the best behaviors inside
the operating medium rather than studying the structure of some data.
As a result, reinforcement learning is excellent for problems involving a
succession of decisions because it can capture the environment through
feedback and take actions, i.e., follow a policy of actions according to the
observed environment’s state [38, 44].

2.3 Deep Learning (DL)

Deep learning (DL), a subclass of machine learning (ML), uses numer-
ous layers of nonlinear processing units to automatically extract high-
level characteristics and correlations from input data. DL is a particu-
lar method for constructing and training neural networks. Unsupervised
pre-trained networks (UPNs), convolutional neural networks (CNNs), re-
current neural networks (RNNs), and recursive neural networks are the
four main neural network architectures used in deep learning (DL). Three
learning models:supervised, unsupervised, and reinforcement learning can
be utilized in conjunction with DL structures [29, 40, 30].
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2.4 Deep Learning-Based Resource Allocation

DL is a particular method for constructing and training neural networks.
A multi-layered feed-forward neural network that permits feature extrac-
tion and manipulation of incoming data is the foundational DL model.
There are several hidden layers, an input layer, and an output layer that
make up a Deep neural network (DNN)(Figure 7). Several units known
as neurons are present in each layer. On the inputs, each neuron applies
a non-linear action.

Figure 7: A deep neural network with three hidden layers [29]

Recently, DL methods have been applied to numerous wireless resource
management issues (e.g. Allocation of channels and power, throughput
maximization, and spectrum sharing). We divide the significant efforts
into two categories: supervised DL and DRL.

2.4.1 Supervised Deep Learning

The authors in [30] Convolutional neural networks (CNNs) that are data-
driven and rely on spatial features in channel gain to predict transmit
power are proposed as a distributed power control approach. Maximizing
throughput through power allocation is the major goal. In [39] the au-
thors Create a trained DNN that predicts the transmit power using the
communication channels as input(Figure 9). This DNN will serve as the
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basis for an energy-efficient power control strategy. Maximizing energy ef-
ficiency is the main goal. There are three types of supervised deep learning
algorithms.

Figure 8: Train stage [40]

Figure 9: Test trained model [40]

2.4.2 Artificial Neural Network(ANN)

An artificial neural network is a component of a computing system created
to mimic how the human brain thinks, processes information, and makes
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decisions. ANN, a fundamental component of deep learning, finds solu-
tions to issues that people might find impossible or extremely challenging.
It functions Like a human brain composed of many billions of neurons,
and each one is made up of a cell body that computes information by
sending it to hidden neurons for ultimate output [41].

Figure 10: Artificial neural network [41]

An artificial neural network (ANN) first learns to recognize patterns using
inputs provided to the input layer during the training phase. This stage
involves comparing ANN’s output with the real output, and any discrep-
ancy between the two is referred to as an error. As in Figure 10 the weight
and bias of the interconnection aim to minimize this error which is known
as backpropagation.

2.4.3 Conventional Neural Network(CNN)

CNN is a supervised form of deep learning that is most frequently em-
ployed in computer vision and image recognition. The image is processed
and key features are extracted by CNN using many layers.
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2.4.4 Recurrent Neural Network(RNN)

RNN is a sort of supervised deep learning that works best with sequential
data. RNN is most frequently employed in picture captioning, time-series
analysis, natural language processing, handwriting recognition, and ma-
chine translation. A specific kind of RNN network called LSTM was de-
veloped to address issues with exploding and vanishing gradients as well
as short-term dependency [22].

The LSTM is a particular kind of recurrent neural network (RNN) that can
learn long-term dependencies and recall information for prolonged periods
of time [34]. Three gates in the LSTM network Figure 11 determine which
data should be added to or subtracted from the cell state, and the desired
data is stored in the cell state memory. These are the input gate accom-
plished basic operations,forget gate selects whether information should be
maintained or throw away and cell state represents the memory unit.

Figure 11: Structure of LSTM network [26]

2.4.5 Deep Reinforcement Learning

In reinforcement learning, a software agent interacts with the environ-
ment to learn. The agent assesses its own state as well as the status of
the surrounding environment before deciding on a course of action. There
are consequences for every action it takes. When an agent makes a wise
decision, they are either rewarded or penalized. The agent’s main respon-
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sibility is to take a set of acts that will maximize the cumulative reward.
A DNN is known as a DRL when it serves as an agent. Hence, DRL is
the outcome of merging DNN with RL as shown in Figure 12.

Figure 12: Deep Reinforcement Learninge [29]

The three types of deep reinforcement learning (DRL) algorithms include
value-based, policy-based, and actor-critical techniques. In value-based
DRL, the agent learns the best course of action via the action-state value
function. The most widely used value-based DRL techniques are Deep
Q-learning (DQL) and SARSA. With a policy-based approach like REIN-
FORCE learning, the agent directly optimizes the policy. In actor-critic
approaches, the actor updates the policy while the critic modifies the
action-value function. The actor-critic based algorithm is Deep Determin-
istic Policy Gradient (DDPG) [29, 40].

Q-Learning As a member of the Machine Learning (ML) family, deep
reinforcement learning (DRL) has been hailed as a promising technique
that can interact with the wireless environment to learn the best way to
allocate resources. To reduce overall power usage and ensure that each
user receives the power they need, the authors in [33] use a DQL for power
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allocation in a cloud-RAN. The suggested model uses user demand as an
input before allocating power to the distant radio heads.the authors in
[42], in order to address bandwidth utilization and energy efficiency in
an IIoT system, we suggest a DQN based approach. It creates a DQN
model, which is made up of two deep neural networks (DNN) and a Q-
learning model, in detail. The DNN network obtains the estimated Q-
function for the Q-learning model by abstracting the features from the
highly dimensional inputs. The Q-learning model may produce the Q-
table and reward function based on the Q-function. Following training,
the DQN model can choose the agent’s suitable actions.

The authors in [43] propose dynamic neural Q learning radio resource al-
location algorithm for downlink transmission in LTE-A network to make a
good trade-off between fairness and throughput.The main concept behind
this algorithm is how to intelligently select the best scheduling rule based
on the estimated values of cell throughput and cell fairness index.
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3 System Model and Data Preparation

3.1 System Model

The time and frequency domain resource allocation framework is defined
by the LTE standard. The subcarriers that make up the frequency di-
mension are separated by 15 kHz. The time dimension is first split into
ten 1 ms subframes, followed by ten 10 ms radio frames. Two 0.5 ms slots
separate each subframe. One subcarrier for one OFDM symbol makes up
a resource element, which is the lowest unit of resource. For the duration
of one slot, a resource block has 12 constant subcarriers [4].

3.1.1 Resource Allocation

OFDMA is the foundation of the LTE downlink. The OFDMA technol-
ogy offers a flexible multiple-access scheme that enables the frequency do-
main allocation of transmission resources of variable bandwidth to various
users and the utilization of various system bandwidths without changing
the core system parameters or equipment design. The LTE physical layer
standards state that radio resources are organized into frequency domain
RBs, which are collections of 12 subcarriers with a 15 kHz subcarrier
spacing [44]. LTE-A networks in mobile broadband technology support
a wide range of communication services with different requirements. One
of the most significant and distinctive problems in wireless communica-
tion networks is resource allocation for each UE, wherein inefficient RB
distribution could significantly reduce performance in LTE-A networks
[35]. PDCCH carries the Resource Allocation information over Downlink
Control Information (DCI). One of the key fields of the DCI is resource
allocation.

The scheduling algorithm used for LTE-A in ethiotelecom network is en-
hanced proportional fair and considers channel quality indicator(CQI),
QoS requirement, buffer status report and UE capability.To inform the
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eNB about the channel quality in the LTE-A system, the UE uses the
CQI. It ranges from 0 to 15 for the CQI reported value. It shows the
degree of coding and modulation that the UE is capable of.

Figure 13: Enhanced proportional fair scheduling algorithm

QoS requirement is represented in terms of QoS class Identifier(QCI) that
defines priority, service type, packet loss rate and delay.

Figure 14: Overall system model
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3.2 Data Preparation and Feature Extraction

3.2.1 Data Collection

In this study machine learning based resource allocation model is devel-
oped for accurate jointly allocating PRB and power for each user using
historical data of ethiotelecom LTE-A network. Hourly data is collected
from the Key Performance Indicator(KPI) that indicates the performance
of real deployment of the LTE-A network in Addis Ababa from 450 cells
for two months. The collected data is taken from high, medium and low
traffic areas in Addis ababa (Figure 15)

Figure 15: Traffic Distribution

This data includes channel state information(CQI), quality of service class
indicator(QCI), MCs, traffic volume, average active user traffic, average
user traffic, available PRB and maximum power per cell with 16 features
14 input and 2 output features. Finally, by removing the sites with missing
hours one month data of 213 cell is used.
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(a) (b)

(c)
(d)

Figure 16: (a) Average active user (b) Average power used in dBm (c) DL PRB
Utilization (d) The pattern of the combination traffic, power and PRB utilized

3.2.2 Data Preprocessing and Feature Extraction

Data preprocessing perform steps like data cleaning, filtering, and nor-
malizing the dataset. Data cleaning is the process of clean the dataset
by removing any missing or irrelevant data points. Normalize the data to
ensure uniformity and prevent biases toward specific attributes. In case
of feature extraction, extract relevant features from the dataset that can
serve as input to the machine learning models and affect the resource al-
location decisions. This study extracts 16 features with 14 input and 2
target features from 43 total collected features.

3.3 Machine Learning Algorithms

On the basis of prior data, machine learning models are employed to fore-
cast UEs’ resource needs. The LTE-A network’s realistic data is used to
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train the machine learning algorithms.

Figure 17: Types of machine learning algorithm [38]

Regression and Classification are subcategories that simply differ in terms
of output value. While classification categorizes the dataset, regression
produces continuous results. This thesis uses regression supervised ma-
chine learning algorithm for jointly allocating resource. The algorithms
used in this thesis are Long short term memory(LSTM), the hybrid model
of Conventional Neural Network and Long Short Term Memory(CNN-
LSTM), Random Forest(RF) and K-Nearest Neighbor(KNN) algorithm.

3.3.1 Long Short Term Memory(LSTM)

Long Short-Term Memory (LSTM) is type of Recurrent neural networks
(RNNs) which are especially made to handle sequential data, including
time series, speech, and text. To address the vanishing gradient problem,
that typical RNNs have, the LSTM kind of Recurrent Neural Network
(RNN) architecture was developed. The goal of the LSTM approach is
to develop a model that has a long-term memory while also being able to
forget about unimportant data from the training set. To do this, three
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significant variations from conventional RNNs are introduced [45].

• Two types of activation functions;tanh, sigmoid function

• A cell state which serves as a neuron’s long-term memory;

• The neuron, also known as a cell, has a complicated structure that
includes four gates that control information flow. By integrating
LSTMs with a deep learning framework like TensorFlow, Keras, Py-
Torch, or Theano, they can be used in code.

In this thesis keras library is used to built LSTM for joint resource allo-
cation from TensorFlow back end.

Activation Functions

Tanh is the most commonly used activation function in LSTM networks.
This aids in controlling data flow through the network and prevents the
phenomenon known as "exploding gradients" that ranges <-1,1>.The
LSTM networks continue to use tanh, but they also incorporate the sig-
moid activation function that ranges <0,1> and this allows to discard
irrelevant information.

Cell State and Hidden State

The hidden state serves as both the network’s memory and the hidden
layer’s output in the traditional RNN architecture. A cell state is also
implemented by the LSTM networks. Their hidden state acts as a working
memory during the short term. The cell state, on the other hand, serves
as a long-term memory for essential information from the past.
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Figure 18: LSTM cell structure[46]

Gates

A technique known as gates allows the LSTM network to change the value
of the cell state. Figure 18 consists of four gates:

• Forget gate fk:-Used to identify and remove the unwanted data

• Cell state:-utilized to store information for a long time.

• Input gate ik:-Updates values by passing them through the sigmoid
function with values from the current input and the prior hidden state
as inputs.

• Output gate ok:-it determines the value of the next hidden layer.

fk = σ(Wf [hk−1, Xk] + bf) (1)

ik = σ(Wi [hk−1, Xk] + bi) (2)

ok = σ(Wo [hk−1, Xk] + bo) (3)

ck = tanh(Wc [hk−1, Xk] + bc) (4)
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ck = ik × ck + fk × ck−1 (5)

hk = ok × tanhck (6)

where

• Wf ,Wi,Wo, Wc represents the weight matrix associated with the for-
get gate, input gate output gate and cell state.

• [hk−1, Xk] denotes the concatenation of the current input and the
previous hidden state.

• bf , bi,bo,bc is the bias with the forget gate,input gate, output gate
and cell state.

• σ is the sigmoid activation function.

This thesis uses Rectified linear unit(ReLU) activation function in order
to remove completely the drawbacks like vanishing gradient problems of
TanH and sigmoid functions. Besides, Adam optimizer is used.

3.3.2 Conventional Neural Network and Long Short Term Memory(CNN-
LSTM)

In hybrid model CNN model combined with an LSTM backend can be
used to interpret the input subsequences supplied as a sequence to the
LSTM model.

The architecture of CNN-LSTM was developed with CNN layers on the
front end as shown in Figure 19. Its goal is to extract the input dataset
features. The outputs of CNN layers were then passed to the LSTM and
a dense layer added at the output to aid with sequence prediction [47].

For reading throughout the subsequence, the CNN model first uses a con-
volutional layer that calls for a number of filters and a kernel size to be
supplied. The quantity of filters corresponds to how many times the input
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sequence has been read or interpreted. Each’read’ operation on the input
sequence includes a certain number of time steps, which is known as the
kernel size.

Figure 19: The structure of CNN-LSTM model [47]

The max pooling layer, which reduces the filter maps to half their size and
incorporates the most important features, is added after the convolution
layer. These structures are then reduced to a single one-dimensional vector
and used as the LSTM layer’s only input time step.

3.3.3 Random Forest(RF)

The bootstrap aggregation-based bagging approach is the foundation of
the random forest algorithm , which consists of a collection of decision
trees as shown in Figure 20. The goal is to prevent overfitting by tak-
ing into account numerous trees and using each one to make predictions.
Each tree in the RF model is trained to fit to a random sample of the orig-
inal data’s rows and columns. The average of each tree response is used
for regression tasks. A prediction on a regression problem is the mean
of the predictions made by all of the ensemble’s trees. RF is resilient to
noisy data since it is nonlinear. Additionally, the approach was created
to decrease error variance while just slightly increasing bias [48, 49]. Our
random forest regression model will be trained using the RandomFore-
stRegressor function of the sklearn package. It chooses from a wide range
of parameters for this model, according to the RandomForestRegressor
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documentation. The following is a list of some of the crucial variables:

• N-estimators:- define how many decision trees planed to use in the
model

• Criterion:- define loss function to evaluate the model such as Mean
Absolute Error (MAE) and Mean Squared Error (MSE). The default
value is MSE.

• Max-depth :- Sets the maximum possible depth of each decision
tree

• Max-features:- The important features that the model will take
into account when deciding on a split

• Bootstrap:- True is its default value, meaning the model follows
bootstrapping principles that is technique of randomly selecting dataset
subsets over a predetermined number of rounds.

• Max-samples:- In order for this parameter to be applicable, boot-
strapping must be set to True. The biggest size of each sample for
each tree is set by this value when the value is True.
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Figure 20: The structure of random forest algorithm [48]

3.3.4 K-Nearest Neighbor(KNN)

KNN is the supervised learning technique used for both regression and
classification. It is a straightforward technique that stores all of the pos-
sible examples and forecasts the numerical target based on a similarity
metric (such as distance functions) [50]. Working with numbers is the
sole distinction. Accordingly, the KNeighborsRegressor() algorithm from
the Sklearn library will calculate the regression for the dataset, take the
n-neighbors parameter with the desired value, check the results of those
neighbors, and average the results to give you an estimated result.

The KNN algorithm believes that related things are located nearby. In
other words, related things are located close to one another. KNN uses
the arithmetic to encapsulate the idea of similarity (also called distance,
proximity, or closeness). Other methods of estimating distance exist, and
depending on the issue at hand, one method may be better. The common
and well-known option, however, is the direct distance (also known as the
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Euclidean distance).

3.4 Performance Metrics

The trained model’s performance is evaluated using appropriate regression
evaluation metrics such as accuracy, RMSE, MAE and speed of conver-
gence (running time). The developed Machine learning models is a crucial
stage in determining the effectiveness and correctness of the model based
on the metric scores.

3.4.1 Accuracy

Measures how often the model predicts accurately.

3.4.2 Root Mean Square Error(RMSE)

The square root of the average squared difference between the actual and
predicted output values is known as the mean squared error, or RMSE.

RMSE =

√√√√ 1

N

N∑
i=1

(yi − yp)2 (7)

3.4.3 Mean Absolute Error(MAE)

MAE is the absolute difference between the actual and predict values that
is the absolute error but it is the mean absolute of the complete dataset.

MAE =
1

N

N∑
i=1

|(yi − yp)| (8)

3.4.4 Mean Absolute Percentage Error(MAPE)

MAPE is another measure used to assess the effectiveness of the regression
model. As a ratio, it is used to express precision according to the following
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equation:

MAPE =
1

N

N∑
i=1

|(yi − yp)|
yi

× 100% (9)

where N is the number of data series, yi and yp are the actual test sample
and predicted value at time t, respectively
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4 Results and Discussions

The goal of this study is to better understand how machine learning-based
resource allocation algorithms perform in LTE-A networks. The findings
of this study will bring insight into which algorithms perform best in terms
of accuracy, RMSE, MAE and running time when it comes to allocating
resources in LTE-A networks. Before training the model, the values of
the hyperparameters should be initialized, and the grid search technique
is used to find the model’s optimal configuration.

4.1 Results

4.1.1 Long Short Term Memory

LSTM is one of the models used to perform analysis on sequential data.
Grid search optimization is used to optimize the hyperparameters of the
model. Hyperparameters are parameters that are set by the user rather
than being learned during training. Because the grid search approach is
computationally expensive even for a small number of parameters in the
sample space, some major parameters, such as the kind of optimizer, loss
function, and activation function, are not included in the grid search to
reduce the amount of time spent searching. These hyperparameters were
chosen using the following criteria.

• Optimizer: Due to the Adam optimizer’s efficiency for stochastic
gradient optimization, employs adaptive learning rates, is compu-
tationally effective, and requires less memory, which promotes rapid
convergence.

• Loss function: MSE was utilized as the loss function in this study
since it is the most used loss function for regression issues and mini-
mizes the variance between real and predicted values.

• Activation function: It is selected based on regression that is Relu
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Dropout

There should be a dropout layer between each LSTM layer. By omitting
neurons that were chosen at random during training, such a layer reduces
the sensitivity to the particular neurons’ weights and helps prevent over-
fitting. The dropout rate should be kept low (up to 50%), but 20% is an
acceptable starting point. The 20% number is generally regarded as the
ideal balance between avoiding model overfitting and maintaining model
correctness [28, 25].

Epochs

The number of epochs refers to how many times the neural network has
processed the complete training dataset. Similar to how hidden layers and
units are counted, the best number of epochs can be calculated. Once the
performance on a validation set stops getting better, progressively increase
the number of epochs from a low starting point [32, 28, 26]. Table 4 the
number of epochs is selected based on this by trail and error.

Learning Rate

How frequently the network updates its parameters is determined by this
hyperparameter. A greater learning rate speeds up the learning process,
but there is a chance that the model won’t converge or even diverge (a
situation during training where the loss settles to within an error range
around the final result) [22].

Batch size

This hyperparameter specifies how many samples must be examined before
the model’s internal parameters are changed. In comparison to smaller
ones for the same amount of samples, larger sizes provide larger gradient
steps. The generally accepted default batch size is 32 [32].
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Hidden Layer

As a general rule, one hidden layer will solve the majority of easy issues,
while two layers will solve most moderately complicated ones [34]. As in
Table 4 this paper tries to evaluate using three values.

Table 4: Hyperparameter and its value

hyperparameter value optimal
value

Dropout 0.0, 0.2, 0.4 0.2
epochs 10, 20, 100 20
Learning Rate 0.01, 0.001, 0.0001 0.0001
neuron 32, 64, 128 128
Batch size 16, 32, 64 32
hidden layer 1, 2, 3 2

The results of the model obtained using the optimal value are presented
in Table 5.

Table 5: LSTM model performance metrics value

Metrics value
Accuracy 98.56%
RMSE 1.0520
MAE 0.7654
Running time 278.96sec
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Figure 21: LSTM model output of each epoch train accuracy, test accuracy, train loss
and test loss

As in Figure 21 the train and validation loss decreases and the train and
validation accuracy is increasing as the number of epoch increases up
to some point, after that the model learns noisy data and decreases its
performance.
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(a) (b)

(c)
(d)

Figure 22: (a) LSTM accuracy at 10 epochs (b) LSTM accuracy at 20 epochs (c)
LSTM train test loss at 10 epochs (d) LSTM train test loss at 20 epochs

As shown in Figure 22 train loss is high at the first epoch as compared
to the test loss but as the number of epoch increases the train and test
loss are almost similar that is below 0.002. As in Figure 22 a and b the
accuracy at epoch 20 is higher than at epoch 10. This indicates that the
accuracy increases upto some level of epoch, after that it decreases because
the model can not learn new idea or learns noise.
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(a) (b)

(c)

Figure 23: (a)Predicted using LSTM model Vs observed value of power and PRB
utilized (b) Average power used (c) PRB utilized

The Figure 23 shows the graphical comparison of the predicted and ob-
served value of the target variable. The predicted value almost fit the ac-
tual observed value with the root Mean Square Error (RMSE) and Mean
Absolute Error(MAE) of 1.0520 and 0.7654 as shown in Table 5.

4.1.2 Conventional Neural Network-Long Short Term Memory (CNN-
LSTM)

It is possible to combine the CNN model’s ability to automatically learn
and extract features from raw sequence data with the LSTM model, which
more effectively captures long-term and short-term dependency of tempo-
ral features as discussed in the previous section. The CNN model accepts
input data sequences and extracts significant feature information, while
the LSTM model connected in tandem determines and provides an expla-
nation. Because the grid search approach is computationally expensive
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even for a small number of parameters in the sample space, some major
parameters, such as the kind of optimizer, loss function, and activation
function, are not included in the grid search to reduce the amount of time
spent searching. The hyperparameters were chosen using the following
criteria.

• Optimizer: Adam

• Loss function: MSE

• Activation function: relu

In this section, the CNN-LSTM prediction model results are discussed,
and the model performance is evaluated using the test dataset. The set
of hyperparameters, possible values and optimal values are listed in Table
6. The results listed on Figure 24, 25 and Table 7 below are based on the
optimal value.

Table 6: CNN-LSTM model hyperparameter possible value

Hyperparametes hyperparameter values Optimal values
Filters 32, 64, 128 64
Neurons 32,64,128 128
Batch size 16, 32, 64 32
Epochs 10,20,100 10

The simulation results value at the optimal values of the hyperparameters
are presented in Table 7

Table 7: CNN-LSTM model performance metrics value

Metrics value
Accuracy 98.49%
RMSE 0.95
MAE 0.66
Running time 743.07sec
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(a) (b)

(c) (d)

Figure 24: (a) CNN-LSTM accuracy at 10 epochs (b) CNN-LSTM accuracy at 20
epochs (c) CNN-LSTM train test loss at 10 epochs (d) CNN-LSTM train test loss at
20 epochs

Figure 24 above indicates that train and test accuracy at 10 epochs and 20
epochs, at the start train accuracy is much lower than test accuracy. After
the number of epochs increase to some level the train and test accuracy
increases slowly this is due to as the number of epochs increases the model
does not get new idea to learn it only learns noise with the accuracy of
98.49% and 98.31%.However, adding more hidden layers over time will
not dramatically increase accuracy, and in some situations, the model
may begin to pick up on noisy features. In the case of loss, train loss is
high at the first epoch as compared to the test loss but as the number
of epoch increases the train and test loss are almost similar that is below
0.002.
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(a) (b)

(c)

Figure 25: (a)Predicted using CNN-LSTM model Vs observed value of power and PRB
utilized (b)Average power used (c) PRB utilized

Figure 25 above shows as the predicted value almost fit the actual ob-
served value with the root mean square error(RMSE) and mean absolute
error(MAE) of 0.95 and 0.66 as shown in Table 7.

4.1.3 Random Forest

When the hyperparameters are adjusted, the flexible random forest algo-
rithm among other ML algorithms produces better results. A forest is
created by combining various decision trees in a sort of ensemble learning.

Table 8: Random forest model hyperparameter possible value

Hyperparametes hyperparameter values Optimal values
n-estimators 50,100,150,200,300 50
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Table 9: RF model evaluation result of possible value

n-estimators Accuracy RMSE MAE Runing time
50 98.22% 0.296 0.09 113.05
100 98.25% 0.294 0.08 230.26
150 98.24% 0.294 0.08 361.03
200 98.22% 0.296 0.08 457.44
300 98.24% 0.294 0.08 693.82

From Table 9 the n-estimator that give better performance from the given
possible combinations is at n-estimator 100. The value of each metrics is
accuracy 98.25%, RMSE 0.294, MAE 0.08 and the running time 230.26sec.

(a) (b)

(c)

Figure 26: (a)Predicted using RF model Vs observed value of power and PRB utilized
(b) Average power used (c) PRB utilized
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4.1.4 K-Nearest Neighbor(KNN)

Based on how similar the samples are, the kNN algorithm generates de-
cisions. A distance function is used to measure similarity. Euclidean dis-
tance was employed as the similarity metric because we are forecasting a
real-valued number and we used kNN as the regressor. Two hyperparam-
eters such as n-neighbors from 1 to 20 and weight uniform and Euclidean
distance are used and select best combination using Sklearn function Grid-
SearchCV(). It selects best combinations n_neighbors 4 and weight dis-
tance.

Table 10: KNN model performance metrics value

Metrics value
Accuracy 90%
RMSE 0.95
MAE 0.56
Running time 1.58sec

As shown in Figure 27b the predicted average power used is shifted from
the observed average power used but in Figure 27c the predicted PRB is
almost fited and the error between predicted and actual observed is very
small.
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(a)
(b)

(c)

Figure 27: (a)Predicted using KNN model Vs observed value of power and PRB utilized
(b) Average power used (c) PRB utilized

4.2 Performance Comparison

The performance metrics used to evaluate each model is, accuracy of re-
source allocation, RMSE, MAE and speed of convergence are used.Table
11 summarizes the evaluation of each model.

Table 11: Summary of performance evaluation of each model

Model Accuracy RMSE MAE Running
time(sec)

LSTM 98.56 1.0520 0.08 278.96
CNN-LSTM 98.49 0.95 0.66 743.07
Random Forest 98 .294 0.08 230.22
KNN 90 14.84 8.47 1.58
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From the evaluation results of each model, in Table 11 when comparing in
terms of accuracy of resource allocation, RMSE, MAE and time complex-
ity, LSTM model has higher accuracy of 98.56%, LSTM excels in handling
time-series data and capturing temporal patterns in network conditions.
It showed promising results with time-varying user densities and fluctuat-
ing network loads. LSTM models can automatically extract features from
the sequential input where as the other models, however, could need more
hand feature engineering.

In the case of RMSE and MAE, random forest has minimum error of
RMSE and MAE 0.294, 0.08. This is due to several decision trees are
combined to produce predictions using the ensemble learning technique
of random forest. Random Forest’s averaging system aids in identifying
different patterns in the data and reducing overfitting. This results in in-
creased generalization and fewer test data errors. In addition, it effectively
capturing the nonlinear interactions in the data, has less hyperparameters
to adjust as compared to LSTM and CNN-LSTM. These models may ex-
perience overfitting or insufficient learning if inappropriately tuned, which
could lead to greater error values.

In terms of running time KNN has shortest time to fit the model that
is 1.58sec this is due to its straightforward computing, lack of an explicit
training phase, flexible learning methodology, and limited model complex-
ity. Predictions are based on the similarity of new data points to previous
ones, and the model stores the complete training dataset. As a result, no
effort is wasted fitting or adjusting the model, which reduces computing
time but increases error of prediction (Figure 28).
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Figure 28: Predicted Vs observed value of average power used for each model

Figure 29: Predicted Vs observed value of PRB utilized for each model
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5 Conclusions and Recommendations

5.1 Conclusions

This thesis demonstrates how machine learning techniques can be utilized
to allocate resources for LTE-A networks in an efficient manner.Machine
learning models have the ability to optimize resource consumption, min-
imize congestion, and improve overall network performance by dynam-
ically adjusting resources based on conditions on the network and user
needs. Furthermore, the studies’ use of realistic data has made it possi-
ble for the results to be immediately applied to actual LTE-A network.
The paper evaluated different machine learning and deep learning mod-
els,including long short term memory,conventional neural network-long
short term memory, Random forest and k nearest neighbor to find their
performance in dynamically allocating radio resource jointly, such as aver-
age power used and physical resource block with in LTE-A network. The
allocation of radio resources is based on the channel quality indicator, QoS
class identifier, total traffic volume of each user, average active user traffic,
available physical resource block, maximum power of each cell. The main
objective is to boost the total network throughput.

The proposed models takes realistic data of ethiotelecom LTE-A network
to train the model offline and then after training, it allocates resources
in online fashion.The performance of each model is evaluated using Accu-
racy score, RMSE, MAE and running time. LSTM has 98.56% accuracy
score, 1.0520 RMSE, 0.76 MAE and 278.96sec running time, CNN-LSTM
accuracy score 98.49%, RMSE of 0.95, MAE of 0.66 and running time
743.07sec, RF has accuracy score 98.25%, RMSE 0.294, MAE 0.08, run-
ning time 230.26sec and in the case of KNN 90% accuracy score, 0.95
RMSE, 0.56 MAE and running time 1.58 sec. From the performance eval-
uation of each model LSTM has highest accuracy score of 98.56%, in terms
of errors RF has highest performance of lowest error that is 0.294 RMSE
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and 0.08 MAE and in the case of running time KNN has shortest time of
1.58sec. Based on the results for implementation of the models and exam-
ining the realistic systems, considering the difficulties caused by latency
and computational complexity.

5.2 Recommendations

Based on the research results in this thesis, a number of suggestions may
be made to improve the use of machine learning in the dynamic allocation
of radio resources for LTE-A networks. The thesis concentrated on indi-
vidual machine learning algorithms, but it is important to look into the
possible advantages of ensemble techniques. When dealing with fluctuat-
ing network conditions and user behavior, combining different models can
increase performance and robustness.Conduct real-world evaluations and
implementation in partnership with telecommunication providers to verify
the efficiency of machine learning-based resource allocation in real LTE-
A networks. This will make it easier to identify any practical difficulties
and improve the models’ performance in real-world settings.To ensure the
viability and scalability of the suggested solutions, take into account the
difficulties caused by latency and computational complexity.
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Abstract—In the last few years, fourth generation (4G)
mobile networks have become much more complex due
to deployments of macro, micro, pico, and femtocells
to boost network capacity and quality of Services(QoS).
Long-Term Evolution Advanced (LTE-A) system is a 4G
wireless communication technology that offers mobile
devices high-speed data transmission, increased capacity,
and improved network performance. LTE-A poses unique
resource allocation problems. The following are some
difficulties in allocating LTE-A resources: heterogeneous
network deployment, diverse QoS requirements and dy-
namic traffic patterns. Traditional resource management
approaches usually use static strategies or predefined
rules and are insensitive to the current demand on
the network. To allocate resources effectively based on
the current network conditions, resource allocation must
be adaptable and dynamic. Adaptive resource alloca-
tion methods that can handle the dynamic nature of
LTE-A networks can be developed with the help of
machine learning and artificial intelligence. This thesis
evaluates the performance of machine learning-based
resource allocation strategies in LTE-A networks using
realistic data. Four different machine learning-based
resource allocation strategies are compared: Long Short
Term Memory (LSTM), Conventional Neural Network
and Long Short Term Memory (CNN-LSTM), Random
Forest (RF) and K Nearest Neighbor(KNN) algorithm.
Performance measures include the accuracy of resource
allocation, Root Mean Square Error (RMSE), Mean
Absolute Error(MAE) and speed of convergence(running
time). The results show that LSTM is the model with

higher accuracy score of resource allocation that is
98.56% and in terms RMSE and MAE random forest
has lowest value of 0.294 and 0.08. In the case of running
time KNN takes shortest time of 1.58 second.

Keywords:LTE, LTE-Advanced, Machine Learning,

Radio Resource Allocation, Channel quality indicator

I. INTRODUCTION

The scale and complexity of fourth generation (4G)
mobile networks have grown significantly during the
past few years. By adding more cells of various types
to the present deployments, which include macro-,
micro-, pico-, and femtocells, operators are constantly
looking to increase network capacity and Quality of
Service (QoS). The Operating and Capital Expendi-
tures (OPEX/CAPEX) of the mobile network providers
significantly increase as a result of this increase in
complexity. To permanently decrease these costs, op-
erators are looking for network solutions that would
automatically configure, manage, and optimize net-
works while reducing the need for human interaction
based on the traffic demand. Radio Resource Manage-
ment (RRM) making use of the available adaptation
techniques to serve users depending on their QoS
parameters to ensure the efficient use of available radio
resources [1], [2], [3]. To enhance the capacity of the
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network and absorb the mobile data traffic increment,
ethiotelecom has been conducting a lot of expansion
projects, base station densifications on a greenfield or
rooftop, load balancing and optimizations.

In order to inform the User Equipment (UE) about
its allotted time/frequency resources and transmission
formats to be employed by UE, eNodeB performs
scheduling on the available radio resources. UE ca-
pability, QoS, and measurement reports from the UE
are used to inform Radio Resource (RR) scheduling
[4]. Each eNodeB must distribute transmission powers
throughout each resource block while taking into ac-
count the impact on UE throughput and interference
on other UEs connected to other base stations. A re-
source allocation framework in the time and frequency
domains is defined by the Long-Term Evolution Ad-
vanced (LTE-A) standard. The frequency dimension is
broken into sub-carriers that are separated by 15 KHz.
The time dimension is split into ten 1 ms sub-frames
and then divided into 10 radio frames of 1ms each.
It divides each sub-frame into two 0.5 ms slots. The
lowest unit of resource, known as a resource element,
is one sub carrier lasting one Orthogonal Frequency
Division Multiplexing (OFDM) signal. The length of
a resource block is one millisecond, with 12 constant
sub-carriers. A centralized resource block scheduling
method chooses which UE will be assigned to each
resource block. Only one user may be given access to
a resource block [3], [5].

A resource block (RB) is the smallest unit of resource
allocation for any one user. Twelve sub-carriers and
six or seven OFDM symbols are used by one resource
block. Consequently, a resource block may contain a
total of 72 or 84 resource elements. Radio resource el-
ements are separated into time and frequency resource
elements in LTE. As in Figure 1 resource elements
are separated into a certain number of sub-carriers on
the frequency axis and a certain number of OFDM
symbols on the time axis. The smallest resource unit,
known as a resource element (RE), uses both an OFDM

symbol and a single sub-carrier. Flexible bandwidths
supported by the technology include 1.4MHz, 3MHz,
5MHZ, 10MHz, 15MHz, and 20MHz. Each bandwidth
can have a variable number of resource blocks, namely
6, 15, 25, 50, 75, and 100 RBs. The five physical
channels Physical Downlink Control Channel (PD-
CCH),Physical Downlink Shared Channel(PDSCH),
Physical Broadcast Channel(PBCH), Physical Control
Format Indicator Channel(PCFICH), and Physical Hy-
brid ARQ Indicator Channel(PHICH) suggested by the
LTE standard are for use in the downlink. The shared
data traffic channel is called PDSCH, and the control
channel is called PDCCH. In a 1ms transmit time
interval (TTI) sub-frame, a number of resource blocks
are allotted to these channels. 10 sub-frames, each
ranging 1ms, make up a single 10ms LTE radio frame
as in Figure 1. Two resource blocks (RBs) of 0.5ms
each are included in each sub-frame [6], [7], [8].

Fig. 1: Frame of long term evolution(LTE) [9]

The user measurement entity reports the Channel Qual-
ity Indicator (CQI) to the base station (BS) for every
TTI to give time and frequency channel quality infor-
mation for improved spectral efficiency and resource
allocation. Users can alert the BS about the channel
quality for downlink RBs by using the Physical Uplink
Control Channel (PUCCH). By employing the PDCCH
as shown in Figure 2, BS distributes downlink RB
allocations and Modulation and Coding scheme(MCS)
assignments to all users [10].
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Fig. 2: Physical model of a downlink resource Alloca-
tion [11]

The International Telecommunication Union’s (ITU)
guideline is not met by the LTE standard. Since, it is a
3.9G rather than a full 4G technology. As a result, LTE
was further developed in accordance with ITU rules
to become LTE-A, which is a true 4G technology that
offers up to 500 MBPS in the uplink and up to 1 GBPS
in the downlink. It enables to have such increased data
rates and low latency using higher order Multiple Input
Multiple Output(MIMO), relay technology, Coopera-
tive Multipoint(CoMP), carrier aggregation, and other
technologies [6], [1].

To obtain high performance, it is vital to utilize limited
network resources as effectively as possible in the most
advantageous way possible while also maintaining the
best network utilization, to model and predict exactly
cellular networks will load [12]. Besides, to assign
the available network resources to the devices request-
ing service while controlling the level of network
resources, such as the quantity of radio resources,
the Buffer Status Report (BSR) of users is typically
used in traditional approaches to network resource
management to provision and allocate resources as
shown in Figure 3. However, in this case, take a
proactive approach and look for chances to implement
resource provisioning and allocation. Then, based on
the present and past states of user traffic behavior,
channel condition, required quality of service, tries to
decide how to serve a group of users who coexist.
It must do a through analysis of each user’s traffic
behavior [13]. This thesis compares the performance
of different distinct machine learning based dynamic

resource allocating strategies, to jointly allocate down-
link Physical Resource block(PRB) utilization and
average power used by each user using realistic data
collected from Addis Ababa LTE-A network.

Fig. 3: Intelligent module for better decision-making
in managing network resources to serve users [13]

To utilize network resources effectively, considering
traffic volume, active user traffic, available resources
is necessary. Accurate network traffic prediction at
access points provides effective resource allocation to
guarantee acceptable service quality [14].

II. RELATED WORKS

Researchers are addressing the challenge of resource
allocation by utilizing innovative traffic forecasting
techniques, by developing intelligent systems that con-
siders channel and user conditions to optimize resource
allocation following the traffic data flow during net-
work operation. Some of the related literature’s are
presented as follows.

A. Dynamic Resource Allocation Strategies

A fair and effective resource allocation system is
crucial for enhancing network performance [15].The
authors in [16] present that using RRM, the LTE Ad-
vanced system distributes radio resources for various
services. Different service kinds, including real-time
(RT), non-real-time (NRT), and control signaling, are
dynamically active in networks, necessitating dynamic
resource allocation for the transmission of pertinent
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data packets. When findings from the suggested tech-
nique are compared to those from existing methods, it
becomes clear that the current solution yields superior
outcomes. There are descriptions of several service
types and their schedule. It demonstrates service pri-
oritizing optimization strategies in which the weights
of service types are optimized. For resource allocation,
it does not, however, take into account the volume of
traffic, user count, channel status, etc.

Since it is responsible for ensuring user QoS in LTE-
A networks, multi-user scheduling is one of the key
components. Typically, scheduling algorithms strive for
maximum throughput while retaining a certain level
of fairness. The smallest resource unit in LTE-A is
the RB, which has a frequency domain size of 180
KHz and a time domain division into two slots with
a duration of 0.5 ms each. The eNodeB makes a
scheduling decision every 1 ms, which is the size of the
Transmission Time Interval (TTI). Physical resources
are distributed to users in the frequency or time grid
throughout time, and multi-user diversity is controlled
in both of these time and frequency domains. Signaling
limitations prevent subcarriers from being allocated
separately, so they should be combined on an RB basis
[17], [18].

The efficiency of Universal Terrestrial Radio Access
Network(EUTRAN) when using various resource allo-
cation algorithms, including round robin, proportional
fair, best channel quality indicator (CQI), maximum
transmission point (TP), and resource fair, was evalu-
ated using MATLAB. Fair resource distribution among
UE is provided via round robin, proportional fair,
resource fair, and best CQI. High cell throughput
with selective resource allocation is provided by MAX
TP. The best CQI and resource fair strategy offers
a network with degraded resource occupancy high
throughput and fair resource distribution. Although the
UE throughput is relatively smaller with the round
robin technique, resource allocation and occupancy
are quite fair. The authors recommend adapting mixed

strategies in addition to channel imperfection in which
the performance of resource allocation depends [7],
[19]. The paper [20] compares how well two fun-
damental techniques proportional fairness (PF) and
round robin perform. According to this, the PF ap-
proach offers great fairness but just average throughput.
However, from a scheduling standpoint, it does not
distinguish between different service types; instead, a
technique for raising QoS called proportional fairness
is offered. Similar to this, [21] also describes adaptive
QoS for PF methods. These methods, however, cannot
have the capability to determine the current service
type prior to resource scheduling. Dynamic resource
allocation is necessary for dynamic service behavior.
This research focuses on performance comparison of
machine learning-based dynamic resource allocation
methods for LTE-A using realistic data.

B. Machine Learning Based Dynamic Resource Allo-

cation

In [22], the author presented supervised deep learning
model for allocation of sub-band and power for multi-
cell wireless network to maximize the total network
throughput. The proposed model uses CQI values
of each user of the multicell network as input and
allocates the required radio resources. The proposed
model needs only one-time offline training and after
training, it can allocate radio resources in an online
fashion. The optimality of this work is no guarantee
because it uses Genetic algorithm to generate training
and testing data. In [23], the authors propose a method
for distributed power regulation based on a data-driven
Convolutional Neural Network (CNN) that uses spatial
data in channel gain to estimate the transmit power.
Maximizing throughput through power allocation is
the major goal. There is no assurance that the sug-
gested approach would produce the centrally optimum
result. The authors in [24] propose two-step training
framework that is a Deep Q Network (DQN)is trained
with Deep Q Learning(DQL) algorithm with the off-
line learning environment and DQN is fine-tuned in

4



on-line training with real time data. They considered
Interfering Multiple-Access Channel (IMAC) cellular
network with the problem of power allocation. This
paper focuses on performance comparison of machine
learning-based dynamic resource allocation using the
realistic data of Addis Ababa LTE-A network. It con-
siders the actual active user traffic, traffic volume,
channel quality indicator and service types rather than
predicting traffic first. Besides, traditional resource
allocation strategies follow predefined rules so that
cannot adapt the dynamic nature of the network.

III. SYSTEM MODEL AND DATA PREPARATION

A. System Model

The time and frequency domain resource allocation
framework is defined by the LTE standard. The sub-
carriers that make up the frequency dimension are
separated by 15 kHz. The time dimension is first split
into ten 1 ms subframes, followed by ten 10 ms radio
frames. Two 0.5 ms slots separate each subframe. One
subcarrier for one OFDM symbol makes up a resource
element, which is the lowest unit of resource. For the
duration of one slot, a resource block has 12 constant
subcarriers [3].

Fig. 4: Overall system model

B. Data Preparation and Feature Extraction

1) Data Collection: Hourly data is collected from
the Key Performance Indicator(KPI) that indicates the
performance of real deployment of the LTE-A net-
work in Addis Ababa from 450 cells for two months.
The collected data is taken from high, medium and

low traffic areas of Addis ababa. This data includes
channel state information(CQI), quality of service class
indicator(QCI), MCs, traffic volume, average active
user traffic, average user traffic, available PRB and
maximum power per cell with 16 features 14 input and
2 output features. Finally, by removing the sites with
missing hours one month data of 213 cell is used.

C. Data Preprocessing and Feature Extraction

Data preprocessing perform steps like data cleaning,
filtering, and normalizing the dataset. Data cleaning
is the process of clean the dataset by removing any
missing or irrelevant data points. Normalize the data
to ensure uniformity and prevent biases toward specific
attributes. In case of feature extraction, extract relevant
features from the dataset that can serve as input to the
machine learning models and affect the resource allo-
cation decisions. This study extracts 16 features with
14 input and 2 target features from 43 total collected
features. On the basis of prior data, machine learning
models are employed to forecast UEs’ resource needs.
The LTE-A network’s realistic data is used to train the
machine learning algorithms.

Fig. 5: Types of machine learning algorithm [25]

Regression and Classification are subcategories that
simply differ in terms of output value. While clas-
sification categorizes the dataset, regression produces
continuous results. This thesis uses regression super-
vised machine learning algorithm for jointly allocat-
ing resource. The algorithms used in this thesis are
Long short term memory(LSTM), the hybrid model of
Conventional Neural Network and Long Short Term
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Memory(CNN-LSTM), Random Forest(RF) and K-
Nearest Neighbor(KNN) algorithm.

D. Performance Metrics

The trained model’s performance is evaluated using
appropriate regression evaluation metrics such as ac-
curacy, RMSE, MAE and speed of convergence (run-
ning time). The developed Machine learning models
is a crucial stage in determining the effectiveness and
correctness of the model based on the metric scores.

IV. RESULTS AND DISCUSSIONS

The goal of this study is to better understand how
machine learning-based resource allocation algorithms
perform in LTE-A networks. The findings of this
study will bring insight into which algorithms perform
best in terms of accuracy, RMSE, MAE and running
time when it comes to allocating resources in LTE-
A networks. Before training the model, the values of
the hyperparameters should be initialized, and the grid
search technique is used to find the model’s optimal
configuration.

The performance metrics used to evaluate each model
is, accuracy of resource allocation, RMSE, MAE and
speed of convergence are used.Table I summarizes the
evaluation of each model.

TABLE I: Summary of performance evaluation of each
model

Model cyAccura RMSE MAE Running
time(sec)

LSTM 98.56 1.0520 0.08 278.96
CNN-
LSTM

98.49 0.95 0.66 743.07

Random
Forest

98 .294 0.08 230.22

KNN 90 14.84 8.47 1.58

From the evaluation results of each model, in Table
I when comparing in terms of accuracy of resource
allocation, RMSE, MAE and time complexity, LSTM
model has higher accuracy of 98.56%, LSTM excels
in handling time-series data and capturing temporal

patterns in network conditions. It showed promising
results with time-varying user densities and fluctuat-
ing network loads. LSTM models can automatically
extract features from the sequential input where as the
other models, however, could need more hand feature
engineering.
In the case of RMSE and MAE, random forest has
minimum error of RMSE and MAE 0.294, 0.08. This is
due to several decision trees are combined to produce
predictions using the ensemble learning technique of
random forest. Random Forest’s averaging system aids
in identifying different patterns in the data and reduc-
ing overfitting. This results in increased generalization
and fewer test data errors. In addition, it effectively
capturing the nonlinear interactions in the data, has less
hyperparameters to adjust as compared to LSTM and
CNN-LSTM. These models may experience overfitting
or insufficient learning if inappropriately tuned, which
could lead to greater error values.
In terms of running time KNN has shortest time to fit
the model that is 1.58sec this is due to its straight-
forward computing, lack of an explicit training phase,
flexible learning methodology, and limited model com-
plexity. Predictions are based on the similarity of new
data points to previous ones, and the model stores
the complete training dataset. As a result, no effort
is wasted fitting or adjusting the model, which reduces
computing time but increases error of prediction (Fig-
ure 6).

Fig. 6: Predicted Vs observed value of average power
used for each model
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Fig. 7: Predicted Vs observed value of PRB utilized
for each model

V. CONCLUSIONS

This thesis demonstrates how machine learning tech-
niques can be utilized to allocate resources for LTE-A
networks in an efficient manner.Machine learning mod-
els have the ability to optimize resource consumption,
minimize congestion, and improve overall network per-
formance by dynamically adjusting resources based on
conditions on the network and user needs. Furthermore,
the studies’ use of realistic data has made it possible
for the results to be immediately applied to actual
LTE-A network. The paper evaluated different machine
learning and deep learning models,including long short
term memory,conventional neural network-long short
term memory, Random forest and k nearest neighbor
to find their performance in dynamically allocating
radio resource jointly, such as average power used
and physical resource block with in LTE-A network.
The allocation of radio resources is based on the
channel quality indicator, QoS class identifier, total
traffic volume of each user, average active user traffic,
available physical resource block, maximum power of
each cell. The main objective is to boost the total
network throughput.

The proposed models takes realistic data of ethiotele-
com LTE-A network to train the model offline and
then after training, it allocates resources in online
fashion.The performance of each model is evaluated

using Accuracy score, RMSE, MAE and running time.
LSTM has 98.56% accuracy score, 1.0520 RMSE,
0.76 MAE and 278.96sec running time, CNN-LSTM
accuracy score 98.49%, RMSE of 0.95, MAE of
0.66 and running time 743.07sec, RF has accuracy
score 98.25%, RMSE 0.294, MAE 0.08, running time
230.26sec and in the case of KNN 90% accuracy
score, 0.95 RMSE, 0.56 MAE and running time 1.58
sec. From the performance evaluation of each model
LSTM has highest accuracy score of 98.56%, in terms
of errors RF has highest performance of lowest error
that is 0.294 RMSE and 0.08 MAE and in the case
of running time KNN has shortest time of 1.58sec.
Based on the results for implementation of the models
and examining the realistic systems, considering the
difficulties caused by latency and computational com-
plexity.
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