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ABSTRACT

Due to users demand for high mobile bandwidth, operators increasingly spend money in routine
optimization activities, adding cell sites, and deploying new technologies. This is mainly to
improve capacity and quality of congested cells in network hotspot areas. In hotspots, Quality of
Service (QoS) is highly degraded. Dynamically managing and optimizing network resources
improves degraded QoS in real time and decreases capital and operational costs. For dynamic
optimization, proactive and accurate identification of hotspot variations is required. Some studies
have modeled hotspot prediction based on data traffic usage and others based on user density.
However, this may not accurately identify congested cells since cells have different capacity
configurations, and network QoS such as throughput are affected by factors such as radio

conditions.

This study focuses on developing a model to accurately identify congested cells based on number
of users and user throughput by utilizing cell counters collected from Long-Term Evolution (LTE)
network. Data preprocessing techniques such as replacing missing values using per cell per hour
historical mean, and resampling to reduce class imbalance are applied on the collected data. Long
Short-Term Memory (LSTM), a deep recurrent neural network, is used to model hotspot
prediction, and performance of the model is evaluated using metrics such as accuracy, precision,

and F1 score.

Experimental results show the model performs with an accuracy of 89.13% and F1 score of 85.5%,
and predicts for four future hours. Therefore, the model achieves acceptable performance, and it

can help operators predict hotspots for dynamic optimization to improve QoS in real time.

KEYWORDS - Long-Term Evolution, Congested Cells, Quality of Service, Hotspot Prediction,
Active Users Throughput, Long Short-Term Memory
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1 INTRODUCTION

Due to users demand for high mobile bandwidth and rapid increase of cellular networks traffic,
operators are continuously investing in deploying new technologies and more cell sites to expand
the capacity of their network [1]. They are also devoting more time and money to improve the
quality of their network through various optimization approaches such as balancing cell loads in
congested areas. Cell sites in these congested areas with high data traffic and number of users are
considered as hotspots, and their users’ service quality is compromised [2]. Identifying and
handling these hotspots efficiently and in real time helps improve service quality, and decrease
expenditures. However, due to users’ dynamic mobility behavior, cellular network hotspots highly
fluctuate, and currently existing methods and mechanisms to handle and identify these variations
in real time is inflexible and inefficient [3]. This is resulting in increasing operators’ capital
expenditure (CAPEX) and operational expenditure (OPEX), and more importantly causing service

quality degradation.

Unfair load distribution among neighboring cells is created due to fluctuation of hotspots. This
imbalance can be efficiently handled using load balancing mechanisms by adjusting cell coverage
or other optimization parameters of overloaded cells and their adjacent low traffic cells [4]. As a
result, resources are utilized efficiently, and good service quality experience of users is maintained.

To achieve this, hotspots need to be accurately and proactively identified.

To identify hotspots and their variations, they firstly need to be defined correctly and modeled
based on the definition. The authors in [5] defined hotspots as areas in which user density is high.
However, [6] did not define hotspots as cell coverage areas in which number of User Equipment
(UE) is high but an area with high data volume usage. However, this definition is not guaranteed
as high data traffic may not lead to degradation of network QoS such as throughput as shown in
Figure 1.1 (a) and (b). Cell_7 has the highest data traffic demand but throughput is also the highest
of all the cells in (a). Whereas, in (b), Cell_45 has the lowest data volume but throughput is very

bad. In addition, Cell_3 and Cell_4 have almost equal data volume but the throughput at Cell_4 is
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bad while Cell_3 has very good throughput. This is because throughput is affected by a variety of
factors such as radio condition, user mobility, cell load, number of transmit antennas, and user
location [7], [8].
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Figure 1. 1- Data traffic vs user throughput (August 02 and July 01, 2021)

So, to identify hotspots and their variations for dynamic and proactive network optimization, they

need to be measured differently and more correctly.

In LTE, throughput is one of the most important QoS indicators. When factors such as cell load,
radio conditions, and user speed variations cause user throughput degradation, PRB utilization
increases resulting in radio resource congestion. In hotspots, throughput is severely degraded due
to cell load and according to [9] throughput decreases as number of active users increases as shown
in Figure 1.2 below. Thus, hotspots should be monitored and modeled using number of users and

user throughput to be correctly identified and handled.

Previously, some research works were conducted to capture traffic variations in Addis Ababa. In
[10], data traffic was modeled for Universal Mobile Telecommunications System (UMTS)
network. It modeled data traffic usage per partitioned area. Aggregating cell sites with different
capacities and congestion levels in to a single area and modeling per area is not a good idea.

Besides, modeling data volume variations may not correctly identify hotspot variations if the
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model is applied for dynamic optimization. So, it is better to identify hotspot variations per cell
level rather than per grid area. It is also important to handle hotspot variations based on number of

users and their throughput to identify them more correctly.

Scheduled throughput versus number of active UEs
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Figure 1. 2- User throughput versus number of active users[9]

This research work develops number of users and their throughput-based hotspot identification

mechanism using state of the art deep recurrent neural network for Addis Ababa LTE network

cells.
1.1 Statement of the Problem

Hotspots in cellular networks occur when cells get congested by users’ traffic. Users served by
these cells experience degraded QoS resulting in bad QoE. To improve degraded network QoS in
hotspots by dynamically optimizing and managing the scarce radio resources, it requires proactive

hotspot identification scheme to capture congestion variations.

Operators configure their cell sites with different capacities. Currently in Addis Ababa LTE
network, for example, cell sites have different capacity resources configurations: 4T4R+2CC (four
transmitters and four receivers with two component carrier’s aggregation), 4T4R, 2T2R, and
1T1R. This implies that different cells can handle different number of users without affecting

service quality such as throughput. Some cells can also generate more data traffic volume with
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better QoS than others. So, modeling congested cells based on UE density [5] or data usage volume
[11] may not result in accurate identification of hotspots since cells are configured with different
capacities, and no exact and direct indication of users in a cell experience bad service quality.
Besides, network QoS such as throughput are affected by various factors such as cell user location
and radio conditions. However, by taking number of active users and user throughput, hotspots

can be more accurately identified.

Therefore, to accurately identify hotspots and efficiently handle them, active users and throughput-
based hotspot variations prediction model is required. So, this thesis develops average active users
and user throughput-based hotspot identification mechanism by capturing real cell counters and
KPIs variations of Addis Ababa LTE network using state of the art deep recurrent neural network

algorithm, Long Short-Term Memory.

1.2 Objective

1.2.1 General objective

To build number of users and throughput-based hotspot prediction model using deep learning to
identify congestion variations of Addis Ababa LTE network cells.

1.2.2 Specific objectives

The specific objectives of the research are:

» To analyze and build dataset required for deep learning scheme using preprocessing
techniques
» To develop hotspot prediction model using deep learning scheme

» To evaluate prediction performance of the employed model
1.3 Literature Review

In cellular network hotspots, QoS is highly degraded resulting in bad QoE. Identifying hotspots
occurrences and variations proactively and in real time is crucial for dynamic radio resources
optimization to keep good service quality experience of users unaffected. So, different literatures

related to mobile network hotspot prediction are reviewed here.
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Data usage volume variations were captured in [3] to predict the spatiotemporal hotspot variations.
data usage volume of base stations was collected in hourly basis for thirty days. Gaussian Random
Field (GRF)-based model was employed to capture spatial behavior of data traffic, and Holt-
winters model was utilized to predict the data traffic variations temporally. Symmetric Mean
Absolute Percentage Error (SMAPE) metric was adopted to evaluate hotspot prediction

performance.

Data usage volumes were also used in [6] to model the spatial distribution of hotspots. To
determine the location of the mobile data, a combination of different geo-location techniques such
as signal delay-based, and pathloss and network configurations-based estimations were applied. It
was conducted using data traffic of specific busy hours. The framework did not model real
temporal data traffic variations.

In [11], cells were defined and labeled as hotspots or low traffic based on data traffic volume. Cell
KPIs were collected and utilized. Support Vector Machine (SVM) algorithm was applied to
identify a cell as either hotspot or low traffic using the collected KPIs variations. Evaluation
metrics such as accuracy were used to evaluate the performance of the employed classifier

algorithm.

However, hotspot identification in [12] was developed by determining the existence of group of
users. It collected and used Minimization of Drive Test (MDT) to collect UE coordinates. The
paper utilized a clustering algorithm, K-means, to model hotspot identification but user mobility

behavior was not considered.

In [5] historical data of Call Detail Record (CDR) numbers reflecting number of users were
collected, and hotspots were identified by predicting UE density distributions. Different deep
learning and non-deep learning algorithms: autoregressive integrated moving average (ARIMA),
LSTM, and ConvLSTM were applied, and their hotspot prediction performance was evaluated

using Root Mean Square Error (RMSE) metric.

A summary of the papers is presented in Table 1.1 to summarize emphasis of the studies, dataset
used to model the problems, algorithms employed for the problems, experimental results obtained,

and limitations of the reviewed studies.



Table 1. 1- Summary of literature review

INTRODUCTION | 6

Paper | Focus Dataset Algorithm Result Limitation
[3] Predicting Data traffic | - GRF SMPE=25. | Data usage volume
hotspots of base - Holt-winters | 1% average | may not correctly
based on data | stations for for every identify hotspots as
volume usage | 30 days hour cells are configured
with different
capacities and QoS
such as throughput are
affected by radio
conditions, cell load
[12] | Determining | UEs K-means Half - Users’ mobility not
group of coordinates hotspots considered.
clusters based | from are close to | - User density may not
on number of | minimization 40m correctly identify
UEs of drive test hotspots as QoS are
(MDT) affected by a variety of
factors such as radio
condition, user cell
location, user mobility
[11] | Identifying Cell KPIs— | SVM Accuracy: | Data usage volume
hotspots hourly basis 98.1% may not correctly
based on data | during a day identify hotspots as

volume usage

cells are configured
with different
capacities and QoS
such as throughput are
affected by radio

conditions, cell load
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[6] Determining | Data traffic | Framework Hotspot - Real temporal data
and tracking | of 15 busy using variety | densities: 4 | variations were not
hotspots hours of 4 of techniques | per km2 for | modeled
based on data | days such as five times | - Data usage volume
traffic geolocation of | mean may not correctly
locations data traffic traffic and | identify hotspots

2.5 for ten
times mean
traffic

[5] Predicting Voice & data | ARIMA, LSTM: User density may not
spatiotempor | CDR of ConvLSTM, | 75% of correctly identify
al hotspots active users | LSTM grids hotspots
based on UE | for two within 30
density months in RMSE

hourly basis

To conclude, the reviewed research works help us shape our study objectives and techniques by
enabling us to know the methodologies and algorithms of hotspot prediction problems. Various
research works used different hotspot identification measurement parameters and algorithms to
model hotspot prediction. Some research papers utilized different models based on data traffic
volumes to model cellular networks congestion variations. Some have also used number of users
distribution to identify hotspots. However, while cell sites are configured with different capacity
resources and network QoS such as throughput are also affected by radio conditions, user location,
and user mobility, more correct modeling of congested LTE network cells identification needs to
be based on number of users and user throughput measurements. Since it is based on users and
their throughput, it can be directly identified if a user is experiencing bad service quality. So,
average active users and user throughput-based hotspot identification of Addis Ababa LTE

network is modeled.
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1.4 Scope and Limitation

The study focuses on providing cell level hotspot variations identification model for Addis Ababa
LTE network which only supports data service. Only data features measurements are considered
since voice service is not supported in the current Addis Ababa LTE network. The study is
conducted to model hotspot prediction for the downlink.

1.5 Contribution

The contribution of our study is providing number of users and their throughput-based hotspot
variations identification model that can accurately identify congested cells to be used as input for

dynamic optimization to improve QoS and QoE in real time.

Our research also contributes sequence to sequence predictive classification in hotspot

identification. It predicts the class of cells as congested or low traffic over four future hours.

Our model can also be used as input during network expansion planning.
1.6 Thesis Organization

The rest of the paper is organized as follows. Overview of LTE network and its architecture is
described in Chapter 2. LTE quality of services and existing hotspot identification mechanisms in
Ethio telecom are also discussed in this chapter. Chapter 3 introduces overview of deep learning.
Here, deep learning schemes that can be used in hotspot predictions are explained. The
methodologies followed in this research work such as data collection, data preprocessing, and
model performance evaluation are explained in Chapter 4. In Chapter 5, experimental setup is
described and results are summarized. Finally, conclusions and recommendations of this study are

presented in Chapter 6.



Z LONG-TERM EVOLUTION NETWORK

2.1 LTE Overview

LTE is a Fourth Generation (4G) technology, and it is marketed as 4G. LTE is considered to be
evolved from Third Generation (3G) although their air interfaces are not the same. The key
requirements of air interface specifications that led to the design of LTE are higher data speed,
spectral efficiency, lower latency, and support of multiple bandwidths [13]. LTE band supports
different bandwidths ranging from 1.4MHz, the minimum to 20MHz, the maximum. It has higher
data rate and lower latency than 3G. In addition, it supports backward compatibility with its
predecessor generations: 3G, and Second Generation (2G). LTE provides, in the downlink, up to
100Mbps theoretical data rate for Time Division Duplex (TDD) and 150Mbps for Frequency
Division Duplex (FDD). In FDD duplexing method, downlink and uplink use different
frequencies. Whereas, in TDD, downlink and uplink use the same frequency. LTE does have also
a later release called LTE-Advanced (LTE-A), but it is vital to remember that LTE and LTE-A are
the same technology, and the name does not make LTE-A a distinct system from LTE, nor is it the
ultimate evolutionary stage in the evolution of LTE [14]. LTE-A includes additional features such

as carrier aggregation that enhance LTE data rate.

In Ethio telecom, the bandwidth of the deployed LTE network is 20MHz and the duplexing method
is FDD. The LTE network in Ethio telecom has both LTE and LTE-A and here we use LTE to
refer for both LTE and LTE-A. Since LTE is all-IP network, it doesn’t support the circuit switched
voice service. Ethio telecom provides voice service for 4G subscribers via 3G by Circuit Switched
Fall Back (CSFB) mechanism.

2.2 LTE Network Architecture

3rd Generation Partnership Project (3GPP) developed LTE architecture is an all-1P network with
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Orthogonal Frequency Division Multiplexing (OFDM) air interface [15]. As shown from Figure
2.1, LTE has two main parts: the access part, Evolved Universal Terrestrial Radio Access Network
(E-UTRAN), and the core part, Evolved Packet Core (EPC). LTE has simplified architecture
compared to UMTS and Global System for Mobile Communication (GSM). There is no radio
controller network element in the access part, and the core network part has no circuit switched
core, and it is all IP network [16].

___EURAN EPC

‘ N

i L HSS

: | o

l - yd

: X2 1 ! 351-MME | MME GxorS7 PCRF
o l 51|1
o & PDN/ Internet
LTE-UE | — 51-U— ol 55/58 []

| E-NodeB S-GW P-GW

Figure 2. 1- LTE architecture [15]

2.2.1 LTE E-UTRAN
E-UTRAN is the radio access part of LTE network. It is a network of eNodeB (eNBs), which

support OFDMA and enhanced antenna methods, and each eNB has an IP address which makes it
part of the all-IP LTE network [16]. Since there is no radio controller network element in LTE E-

UTRAN, its functions such as handover are handled by eNBs.

222 LTE EPC

EPC is the core part of the LTE network and it is IP-based. In the core part there is no circuit
switched core. EPC is comprised of core elements such as Mobility Management Entity (MME),
Serving Gateway (S-GW), and Packet Data Network Gateway (P-GW). MME handles the control
plane i.e., mobility signaling for the access network. S-GW and P-GW handle the user plane i.e.,
user data traffic transportation. The EPC is connected to the access part of the network via S-GW
and to the cloud via P-GW.
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2.2.3 E-UTRAN interfaces

e LTE Uu -This is the air interface that connects UE and eNBs to create communication link

between them.

e X2 —an interface that connects eNBs to each other.

e S1 —this is the interface that creates communication links between E-UTRAN and EPC.
S1-U connects eNBs with S-GW and S1-MME connects eNBs with MME.

2.3 Quality of Service in LTE

Network QoS can be used to measure service quality experience of a user. Different services

require different QoS. For example, real time gaming service requires higher throughput than web

surfing service. LTE was designed to handle these varied and increased requirements by providing

higher data rates in real time.

When a user connects to the LTE network and requests for a service, LTE instantly assigns QoS

Class Identifier (QCI) according to QoS requirement of the service. This is implemented between

the UE and P-GW on the set of bearers: Radio bearer, S1 bearer, and S5/S8 bearer, which are all

referred to as the EPS bearer [17] as shown in Figure 2.2.

E-UTRAN

EPC

= > <

>

Internet

>

[ EPS Bearer

External Bearer J

J

UE eNodeB S-GW

|, Radio Bearer ] [ S1 Bearer ]

LTE-LU. S1

P-G'W

[ S5/S8 Bearer J

- ]

Peer

Emntity

Figure 2. 2- EPS bearer service architecture where LTE QoS is applied [18]

According to [19], LTE has two types of bearers: Guaranteed Bit Rate (GBR) and non-Guaranteed
Bit Rate (non-GBR) in which non-GBR is based on best effort but GBR is assigned with dedicated
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resources. The bearers are also named as default and dedicated bearers. Default bearer is always
non-GBR but dedicated bearer can be either GBR or non-GBR.

23.1LTE QCI

QCl is an identifier to node specific parameters that handle packet transmission based on resource
type, priority, packet delay, and packet loss, and a service is assigned with only one QCI [20]. The
LTE standardized QCI characteristics are provided in table 2.1.

Table 2. 1- LTE QCI Characteristics [20]

QCI | Resource | Priority | Packet | Packet Error | Example Services
Type Level | Delay | Loss Rate
1 2 100ms 1072 Conversational voice
2 GBR 4 150ms 1073 Conversational video (live streaming)
3 3 50ms 1073 Online gaming (real time)
4 5 300ms 106 Video streaming (buffered)
5 non- 1 100ms 107° IMS signaling
6 GBR 6 300ms 10°¢ Video, Web, FTP ...
7 7 100ms 1073 Voice, Video streaming (live),
Interactive game
8 8 300ms 107° Video streaming (buffered), Web, FTP ...
9 9

2.4 Handling QoS in Hotspots

Users served by congested cells experience degraded QoS. It is a very challenging task to meet the
required QoS in these hotspot cells. One of the reasons is that hotspots are not proactively and
correctly identified. Ethio telecom identifies congested cells by conducting regular drive tests, by
extracting and analyzing cell KPIs, and from customer complaints. It is very difficult to handle
QoS degradations in hotspots using these manual identification mechanisms. So, a model is

required to efficiently identify hotspots to tackle QoS degradations in real time.



3 DEEP LEARNING SCHEMES

3.1 Deep Learning Overview

Machine learning (ML) is a subfield of artificial intelligence (Al). It allows a computer system to
learn from data by utilizing a range of algorithms to understand patterns and make predictions by
iteratively learning from the data rather than user programmed instructions [21]. To solve a real-
world problem using ML, first and foremost, data for the problem in interest must be available.
Then an algorithm suitable to the type of problem is selected. The data is fed to the algorithm, and
the algorithm learns important patterns and information. Using this trained model, ML prediction

is done on new data. This is how ML works.

Deep learning is a subclass of ML that enables computer systems to learn from experience and
comprehend the world as a multi-layer of concepts in which complicated concepts are learned from
building less complicated concepts [22]. The relationship among Al, ML, and deep learning is

depicted in Figure 3.1.

" Artificial Intelligence >

(A1) . To incorporate human behavior and

v intelligence to machine or systems

Machlm(?h;ia)rnlng S \. Methods to learn from data or past

f L ’experience, which outomates

/’—_\ ‘ I analytical model building

'\ ' Deep N\ '

Learning — | Computation through muiti-layer
\ (DL) neural networks and processing

Figure 3. 1- Artificial intelligence types and their relationship [23]
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Digital data are enormously increasing due to technological advances, smart phone users,
continuous growth of Internet users, and social media [24]. This continuous increase of data is one
of the factors that enabled deep learning to gain popularity because the performance of deep
learning schemes is better than traditional ML models with big data [23]. The performance trend
of deep learning schemes and traditional ML techniques is shown in Figure 3.2. The figure
demonstrates that as amount of data keeps increasing, performance of deep learning algorithms is
largely surpassing common ML ones. Traditional ML algorithms perform better with small amount

of data as Figure 3.2 shows.

Deep learning

Most learning
Performance algorithms

Amount of data

Figure 3. 2- Performance comparison of deep and machine learning with data amount [23]

3.2 Neural Networks

The principle of deep learning is based on the working principle of biological neural networks. It
takes the concept of brain neurons and their networks to mimic learning capability of humans to
solve complex and non-linear prediction problems using computer systems. Neural networks are
designed in a layered fashion by grouping neurons into different layers. Fundamentally, neural
networks can have three layers: input, hidden, and output layer. However, in the hidden part of the
neural network, there may exist one, two or more layers as shown in Figure 3.3. In the input layer,
input values, in our case cell feature values, are fed to the neural network algorithm. The hidden
layer is in charge of performing mathematical calculations on the input layer's input values.
Activation functions on weighted inputs are used to generate the hidden layer's output. The output

layer produces the model's output, which is derived from the hidden layer's output.
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input layer <

Figure 3. 3- Layers of Neural Networks [25]

There are different types of neural networks. To mention the most common and more important
ones are Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN). CNN is
commonly applied for image processing such as medical imaging, and RNN is commonly used to
model sequential data such as time series problems [26].

3.3 Recurrent Neural Networks for Hotspot Prediction

RNNs are deep neural networks created to solve real world problems using sequential data.
Sequential data are ordered series such as statements in a language created by arranged words
based on established rules and time series data ordered based on events in time. In modeling
sequential data, future values can be determined based on past observations. Normal deep neural
networks cannot model these kinds of problems because it is not clear how a standard deep neural
network could use prior observations to determine subsequent ones [27]. However, RNNs have
memory and are capable of remembering the past and can predict the future based on past
information and current input data. The architecture of an RNN is presented in Figure 3.4, and A
represents to a neural network. It takes current input at time t and previous time step output at time

t-1 to generate output for future time step at t+1.

Our study is to build hotspot prediction model utilizing time series LTE cell counters and KPIs.
Besides, it is sequence to sequence problem. It takes sequence of past hourly observations and
generates outputs for sequence of future hours. This kind of problem is modeled using deep

recurrent neural networks.
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Figure 3. 4- Basic architecture of RNN [27]
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There are different variants of deep recurrent neural networks such as normal RNN, and LSTM.
According to [28], LSTM handles long term temporal dependencies of data but normal RNNs face
difficulties. As a result, normal RNNs suffer from vanishing gradient problem. This problem
occurs when weight is updated to minimize prediction error during backpropagation for long
sequences. When number of layers increases, the difference between old weight and new updated
weight becomes very small and model no longer trains. This is due to simple and single layer
design of normal RNN cell; however, LSTM solves this problem by adding important

functionalities and layers in the LSTM cell: cell state, forget gate, input gate, and output gate [27].

& ® 0 b b &)
P 1 A
AT1ET A e A
| | | B
¢ © g 0 3
(a) Normal RNN (b) LSTM

Figure 3. 5- Comparison of normal RNN and LSTM cells architecture [27]

As shown from Figure 3.5, normal RNN cell has only one tanh layer; whereas, LSTM cell has

three sigmoid layers including the tanh in the normal RNN cell.

In LSTM, capturing long term dependencies is achieved with the help of cell state, and the
information in the cell state is managed and determined by three gates: forget gate, input gate, and

output gate. Forget gate determines which information should be omitted or kept for next time step
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in the cell state. The input gate determines what new information should be added to the cell state.

Then next, the output gate determines what information from the cell state is to be generated as
output.

The overall interactions in the LSTM cell are given by the equations stated below.

fo— o(Wr.[he_q,x¢] + by) (3.1)
ic- o(W; . [he_g,xc ] + by) (3.2)
C,- tanh(W¢ .[he_1,%¢ ] + bc) (3.3)
Ceo fr * Cooq + ic* C) (3.4)
0r= 0(W, .[he_q,x¢ ] + by) (3.5)
h;- o, * tanh (Cy) (3.6)

The symbols W and b refer to weight and bias respectively for each respective gate. o refers to
sigmoid activation function and tanh refers to tanh function. f; i, C, C; o, and h, refer to forget

gate, input gate, new candidate information to be added to cell state, cell state, output gate and
hidden state respectively.



4 METHODOLOGY

In this chapter of the study, the detailed methodology followed to achieve the stated objectives is
presented. This research work begins with collecting, studying, and investigating relevant papers,
books, and other electronic documents related to hotspot identification mechanisms to help us

identify and shape the research objectives and techniques.
4.1 System Model

Below in Figure 4.1, the system model required to build hotspot prediction is shown.

1

Cell KPIs
i

Data preprocessing

| |

Training data Testing data

| !

LSTM algorithm > Training model — Testing model

!

Evaluating performance

i
T

. . . No / \\‘\-\__\.es_.. Hotspot prediction
Tuning hyperparameters |« < Accepted? > potp
\ / model

Figure 4. 1- System model

The system processes to develop hotspot prediction model are:
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1. First LTE cells KPIs and counters are collected.

2. Next the collected dataset is preprocessed. As a result, training and testing datasets are
generated.

3. Using the training set, the LSTM algorithm is trained to develop hotspot identification
model.

4. Then using the testing dataset, the trained model is tested.

5. Next the performance of the developed model is evaluated using classification evaluation
metrics.

6. If the model meets the required performance criteria, final hotspot prediction model is
produced. Unless, the algorithm is optimized by tuning hyperparameters then passes
through training, testing, and evaluating steps until the model meets the performance

evaluation criteria.
4.2 Data Collection

The model is built to identify congestion variations in cell level. So, Addis Ababa LTE cells’
counters and KPIs are collected from Ethio telecom Performance Reporting System (PRS). The
minimum time dimension in PRS is one hour according to the domain experts. So, cell dataset is
collected in hourly basis. Since deep learning algorithms require large amount of data to learn well
during training, the data is collected from 200 cells for the duration of nearly two months from
July 01, 2021 to August 23, 2021. Since LTE cell sites are layered to 3G sites, the naming of cells
contains Radio Node Controller (RNC). So, the cells are selected from areas under RNC4 and
RNCS.

4.3 Data Preprocessing

4.3.1 Data exploration

Firstly, getting familiarized with the characteristics of the collected data is important to proceed
with data preprocessing. The dataset has some duplications, counters with all-time zero (0) values,
and non-number features. Missing values are also observed in the dataset. Data are missing when

there are no recorded data points for a feature or counter in the observation of interest [29] and
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missing values are caused by various factors such as environmental factors, measurement sensor
failure, and infrastructure failures [30]. Among the infrastructure failures, in our case, are
transmission failure, eNB device failure and so on. The data values have also varied values ranging
from 0 to 2230694.

Time series data are generally affected by five components [31] and one of them is seasonality.
Seasonality characteristics exists when sequential data demonstrates consistent and predictable
patterns per time intervals. From Figure 4.2, it is observed that features such as downlink average
active users and user throughput exhibit seasonality per 24 hours (daily). This can be used to

identify easily predictable past observation time steps to enhance model learning skill.
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Figure 4. 2- Plot of one week data records of some cell features

4.3.2 Data cleaning

Models require correct and quality data to enhance their training skill and accuracy. As mentioned
in section 4.3.1 above, the collected data have duplications. So, the duplicated ones are just
dropped. Those irrelevant numeric and non-numeric features, and features with all-time zero
records are also removed. There are uplink measurements in the collected cell level dataset.
However, this study focuses on modeling the downlink congestion variations. As a result, uplink
measurements are removed from the dataset. After cleaning the data, 55 counters and KPIs left

from 97 collected cell features.
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4.3.3 Feature selection

Even though, feature selection is not a requirement to be met for deep learning algorithms, there
is accuracy and computational time improvement if only relevant features are utilized for deep

neural networks [32].

For this and other simplicity reasons, independent features having good correlations with
dependent features are selected. The dependent features are the target ones, and they are average
active users and user throughput. Note that this is only to select independent features correlated
with the target features using cross correlation. It is not about minimizing redundancy between
independent features. Figure 4.3 shows sample features correlation. DL_PRB_Utilization, for
example, has good correlation with average active user and throughput. It is positively correlated
with average active user and negatively correlated with user throughput. Whereas, TA(O-
78m)_Percent has almost no correlation with the targets, and it is discarded. After correlation is
done with the targets, 31 features are selected from the 55 features. Please note that features are

abbreviated and renamed for simplicity and clarity reasons.
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Figure 4. 3- Features correlation heatmap for sample features
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4.3.4 Handling missing values
As described above in section 4.3.1, missing values are identified from the collected dataset. In

addition, the features exhibit seasonality per 24 hours’ time interval.

Cells have their own unique characteristics. As shown in Figure 4.4 below, although both cells
exhibit seasonality per every 24 hours, their measurement values are different at different hours.
For example, Cell_11 serves relatively high number of users from 18:00 to 23:00 O’clock in the
evening. This site may be in residence area. Besides, the maximum average active users served by
Cell_11 ranges between 30 and 40 users. Whereas, Cell_14 serves high number of users, most of
the time, from 14:00 to 18:00 O’clock in the afternoon. This site may be in business area. The

maximum average active users served by Cell 14 ranges mostly between 10 and 20 users.

Therefore, handling of missing data is done based on the characteristics of the cells. As a result,

per cell and per hour historical mean is imputed to replace missing values.
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Figure 4. 4- Downlink average active users’ behavior comparison between two cells



METHODOLOGY | 23

4.3.5 Labeling

Since this study is a time series predictive classification, cells are labeled with 1 for hotspot and 0
for low traffic cells for each observation. Labeling is done based on hotspot threshold shown in
Table 4.1 below, which is taken from internal document of Ethio telecom and recommended by
domain experts. By determining target user throughput based on baseline speed for video
buffering, number of active users is calculated using mathematical formula according to the Ethio
telecom and Huawei document. If a cell, at a point of observation, has greater than 12 average
active users and less than 4Mbps average throughput, it is a hotspot cell. Otherwise, it is a non-
congested cell. Inaddition to this hotspot threshold, there is also another threshold for normal cells.
However, it is not considered in this study for two reasons; all cells are not categorized as normal

or high value cells, and there is huge data imbalance between hotspot and low traffic cells.

Table 4. 1- LTE cells hotspot threshold

User Throughput (Target) | Active User | Hotspot
4Mbps 12 Active users > 12 and user throughput < 4Mbps
Source: Ethio telecom (2021)

4.3.6 Data imbalance resampling

Imbalanced data in classification is a scenario in which a dataset has much less number of
observations of minority class than the majority class [33]. In this scenario, observations from the
minority class are misclassified since they don’t have enough information for the classifier model.

This causes bad classification performance of a model.

In our case, there is huge difference between the hotspot and low traffic classes of the collected
data points. The dataset is collected from 200 cells in hourly basis for 54 days. So, the dataset has
259,200 observations. From these data points, only 35665 instances are in the hotspot class i.e.,
the hotspot cells are 13.76% of the total data points. This imbalance may be caused due to
underutilization of the LTE network resource. It is recalled that, expansion project for Addis Ababa

LTE network has been done recently.

According to [34], under-sampling which is removing some data points from the majority class or
over sampling which is adding data points to the minority class can overcome data imbalance

problem. In our study, under-sampling is done on the majority class to reduce class imbalance.
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Cells having much smaller number of hotspot class observations are dropped. Since our study is
time series classification problem, removing data points randomly can affect the sequential
characteristics of our dataset. So, the reduction of the low traffic class, which is major class, is
based on removing less congested cells over the 54 days in hourly basis observations of a cell. As
a result, our final dataset after resampling of data imbalance is shown in Table 4.2 below.
According to [35], the majority of recent works on class imbalance focus on imbalance ratios in
the range from 1:4 to 1:100 i.e., from 25% to 1%. So, we can proceed with developing our model

having 32.32% of class imbalance as it is not a severe imbalance.

Table 4. 2- Final dataset after resampling

Data Points | Minor Class Percentage
77,600 32.32%

4.3.7 Data scaling

Neural networks become stable and their performance increases during model training if the input
features are scaled to small ranges specifically between 0 and 1. This is due to the fact that neural
networks use small weights and these small weights are adjusted by gradient descent optimization
algorithms to reduce model estimation errors during training. So, if there are features range
differences, gradient descent doesn’t smoothly converge towards local minimum because learning
rate is not updated at the same rate for all features. Model training process becomes slow and

unstable.

As mentioned in section 4.3.1 above, the collected data values range from 0 to 2230694. So, data
scaling is done by applying data normalization. Normalization is scaling data values to the range

between 0 and 1 using the formula:

X— Xmi
X’ — min (4.1)
Xmax~ Xmin

where, x is the value of each feature to be scaled. x,,;, is the minimum and x,,,,, is the maximum

values.
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4.3.8 Dataset splitting

To build a model with accepted accuracy performance, it needs to be trained with training dataset
and then tested with unseen testing dataset. The collected data is split into 80% for training and
20% for testing sets according to common defaults as shown in the table below.

Table 4. 3- Training and testing sets

Data Points | Training Set | Testing Set

77,760 62,208 15552

4.3.9 Dataset reshaping
In this study, we apply LSTM algorithm to model our hotspot prediction problem. LSTM is a deep

recurrent neural network in which its input layer takes three dimensions (3D) as input: samples,
time steps, and features. However, the collected data has only two dimensions (2D): rows as

samples and columns as features. So, the 2D data is reshaped into 3D.

4.4 Algorithm

In this study, LSTM algorithm is used to model hotspot prediction. LSTM is an enhanced and
special form of RNNSs used to handle sequential data. One of the complex problems where LSTM
is suitable to apply is time series prediction because LSTM is capable of learning long term
dependencies by overcoming vanishing and exploding gradient problems [36]. In addition, this
study focuses on modeling sequence to sequence hotspot prediction. Taking sequences of past
hourly observations, future sequences of hours are predicted as hotspot or low traffic cells. RNNs
are designed to handle for such sequence to sequence problems. So, sequence to sequence LSTM
is an ideal solution for this study. The model is developed using Keras on Tensorflow [37] using

Python programming language.
4.5 Performance Evaluation Metrics

The metrics that are used to measure the performance of the developed hotspot prediction model
are explored here. There are different types of metrics available to evaluate model performance.

But, the most important classification metrics are identified and described here.
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4.5.1 Confusion matrix

A confusion matrix contains information about a classification model’s actual and expected
classifications and the data in the matrix is used to evaluate the performance of the model [38]. It
is a matrix used to display false positive (type 1) and false negative (type Il) errors. Using the
values in the matrix, the most important classification metrics: accuracy, precision, recall, and F1

score are derived. Table 4.4 is the confusion matrix.

Table 4. 4- Confusion matrix

Predicted Value

Negative (0) Positive (1)

Actual Negative (0) | True Negative (TN) | False Positive (FP)
Value Positive (1) | False Negative (FN) | True Positive (TP)

4.5.2 Accuracy

Accuracy is one of the metrics used to measure performance of a classification model. It is the
ratio of correct predictions to total predictions. Derived from the confusion metrics, the formula to
find accuracy is given by:

TP+TN
TP+FP+TN+FN

Accuracy = (4.2)

4.5.3 Precision

Precision determines the fraction of actual positives out of the total predicted positives. Here it
measures the accuracy of the hotspot cells. Its values range from 0 to 1 where 0 shows no precision
and 1 shows perfect precision. The formula of precision derived from the confusion matrix is given
by:

TP
TP+FP

Precision = (4.3)
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4.5.4 Recall

Recall measures the fraction of positive predictions out of the total actual positives. Its values
range from O to 1 where 0 shows no recall and 1 shows perfect recall. The formula of recall derived

from the confusion matrix is given by:

Recall = (4.9

TP+FN

455 F1 score

F1 score combines precision and recall into one score. It considers both FP and FN errors of the
classification model. It is very important metric in imbalanced data classifications. In this study
F1 score is considered to be the most important evaluation metric because there is imbalance

between hotspot and low traffic cells’ class data points. The formula of F1 score is given by:

2xPrecision*Recall

F1 score = 45
S Precision+Recall ( )




5 EXPERIMENTAL RESULTS AND DISCUSSION

In this chapter, experimental results of the hotspot identification model are analyzed and discussed.
First, experiment setup and model tuning are described. Next, experimental results are summarized

then the effect of data imbalance on model prediction performance is demonstrated.
5.1 Experiment Setup

Taking sequence of past hourly observations, our model predicts cells as hotspots or non-hotspots
for sequence of hours in the future. Cell counters show patterns of seasonality per every 24-hours.
So, the input time step is configured to be 24-hours. The output time step is decided to be for four
hours because some decrease of prediction accuracy is observed if time step is extended beyond

four hours. As a result, the model is trained using 15,264 sequences.

To implement this, sequence to sequence LSTM is employed i.e., encoder decoder LSTM. The
encoder encodes the inputs of past sequence of observations i.e., the 24-hour data points into vector
representation, and LSTM decoder decodes the representation and generates all sequence outputs.
This is fed to fully connected dense layer to interpret the decoder outputs for each timestep i.e.,

the four future hours. Then final output is generated from the output layer.

To check model skill while tuning hyperparameters, 10% of the training data is used for validation.
In addition, to calculate prediction errors, cross entropy function is used since the study is a

classification problem.
5.2 Model Optimization

To update LSTM network weights, Adam optimizer algorithm is used. Adam is practically better
than other gradient descent algorithms [39]. Different hyperparameters such as number of nodes,

learning rate, and batch-size are tuned to obtain the optimized classification model. Finally



EXPERIMENTAL RESULTS AND DISCUSSION | 29

learning rate is chosen to be 0.0001 and the parameters of the sequence to sequence LSTM hotspot
prediction model are listed in Table 5.1.

Table 5. 1- Parameters of hotspot prediction LSTM model

Parameter Final Value Range of Values
Encoder neurons 32 20, 32, 48, 64
Decoder neurons 32 20, 32, 48, 64

Fully connected dense layer neurons | 32 20, 32, 48, 64
Dropout 0.2

Hidden layer activation function Default

Output layer activation function Sigmoid

Optimizer Adam

Learning rate 0.0001 0.1, 0.01, 0.001, 0.0001
Input timestep 24

Output timestep 4

Epochs 120 40, 60, 80, 100, 120
Batch-size 64 32, 64,128

5.3 Experimental Prediction Results

After a trained model is built, it is tested using a real world and never seen before test datasets to
evaluate its performance using evaluation metrics. During testing the model, 3816 sequences of
datasets are used, and different metrics such as accuracy, precision, recall and F1 score are
employed to evaluate the performance. The model predicts with 89.13% accuracy as shown in
Figure 5.1. Accuracy is a crucial metric to measure performance of a classification model. But it
is not enough metrics in case there is class imbalance. In our study, hotspot and low traffic classes
are not equal in number of instances. As a result, there is data imbalance and F1 score is considered
to be the most important metric to evaluate in such a case. The hotspot prediction model performs
great with 85.5% F1 score. So, the experimental finding shows that the hotspot prediction model

performs very good according to the accuracy and F1 scores.
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Figure 5. 1- Model performance scores

In Figure 5.2, prediction result samples are presented. Actual and prediction values variations over
a given four hours for one cell are demonstrated. In Figure 5.2 (a), the cell is congested in the first
hour of the sample sequence. In the remaining three hours the cell is not a hotspot one. The actual
and predicted values are the same and the graph shows they are overlapped. The sequence here is
correctly predicted. The next day for the same sequence of hours, the cell is actually not congested
as shown in Figure 5.2 (b). But the first hour of the sequence is wrongly predicted. Figure 5.2 (c)
shows the cell is hotspot cell in the first and second hours of the sequence and the model predicts
here correctly. As we can see from the figures 5.2 (a) to 5.2 (d), hotspot variations of a cell are

observed and the model identifies the hotspot variations with very good performance.
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Figure 5. 2- Actual and predicted values variations over a given four hours for four days
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5.4 Effect of Data Imbalance on the Model

In classification problems, class imbalance is a critical issue because it affects model performance.
During learning process, models learn mostly the major classes. This is because they don’t obtain

enough information from the minor classes.

In this study, experimental results show that the hotspot identification LSTM model is sensitive to
class imbalance. The hotspot prediction model performs well when the percentage of hotspot class
is 32.32%, in our final model case, as shown above in Figure 5.1. However, when the hotspot class
percentage decreases from 32.32% to 23.11%, the model performance is affected provided that
number of training sequences and parameters configuration are the same. For 23.11% of the
hotspot cells percentage, the accuracy is 94.09% and F1 score is 74.81%. As shown in Figure 5.3,
the increase in accuracy and the decrease in F1 score indicate the class imbalance is affecting the
performance of the hotspot prediction model.
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Figure 5. 3- Data imbalance impact on hotspot prediction LSTM model



6 CONCLUSION AND RECOMMENDATION

6.1 Conclusion

In cellular network hotspots, QoS is highly degraded. To improve network QoS in these congested
areas, operators routinely perform optimization actions. But it is challenging task to efficiently
identify hotspots because they are volatile and depend on mobility behavior of users. To
proactively identify them, some studies modeled hotspots based on data traffic volume variations
and others based on user density distributions. However, this may not identify hotspots correctly
as cell sites are configured with different capacities and QoS such as throughput are affected by
radio conditions, cell user location, and other factors. This study proposes number of users and
user throughput-based hotspot identification mechanism using deep neural network LSTM

algorithm.

Taking sequence of twenty-four hours past observations, the model is trained to predict cells as
hotspots or non-hotspots for sequence of future four hours. After training the model, it is validated

using testing data and the model performs with an accuracy of 89.13% and F1 score of 85.5%.

Experimentation is conducted to show the impact of class imbalance problem on the model. The
collected data has huge data imbalance between hotspot and low traffic cells. Resampling
technique is used to minimize the imbalance problem but still exists class imbalance. The
percentage of the minority class in our final model data is 32.32%. The effect of class imbalance
is examined by decreasing the percentage of the minority class to 23.11%. According to the
experiment result, F1 score decreases from 85.5% to 74.81%. This shows class imbalance has

significant impact on the LSTM model.

To conclude, this study delivers number of users and user throughput-based cell level hotspot
prediction model with accepted performance. If implemented, operators can benefit from our

model by using it as input for network optimization processes to improve QoS in real time, to
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efficiently utilize scarce resources such as radio resources and energy, and to reduce capital and
operational costs.

6.2 Recommendation

This study develops a model for LTE downlink hotspot prediction as network performance is
mainly determined by downlink users. Future works are recommended to include uplink KPI
measurements to model hotspot variations in the uplink so that hotspot identification of cells is
handled in both the downlink and uplink of the network.

The experimental result in this study exhibits that the LSTM model is sensitive to class imbalance.
Therefore, using balanced class datasets with increased data points could help improve the
performance of the model.
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