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ABSTRACT
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Identifying mobile network problems in 4G cells is more challenging when the complexity of
the network increases, and privacy concerns limit the information content of the data. Classifying
cells automatically into normal and problematic ones can increase Quality of Service of User
Equipment by reducing the time of locating problematic cells in mobile networks. Despite the
positive effect of using a machine learning model to automatically cluster problematic cells, the
research has been focused on methods that use data from both the service provider and the
user’s side. A search of the relevant work did not yield any research where network throughput
classification would have been performed on a cell level with the information gathered only from
the service provider's side.
This thesis studies methods to classify 4G cells into problematic and normal ones with a low
number of expert-labelled data. The goal of this research is to create a working machine learning
model and to find the model architecture which classifies cells correctly with the best performance.
To support these objectives, related work is studied in the field of mobile networks and Machine
Learning. Also, the used dataset is studied, and data processing methods are created. Multiple
model architectures are created, and experiments are made to find the best model with selected
performance metrics. Precision, recall and Precision-Recall Area Under Curve are used to evaluate the models.
As a result, this work proposes a data-driven machine learning model for identifying 4G cells
that have fundamental network throughput problems. The proposed model takes advantage of
clustering and deep neural networks. The model learns its parameters from both unlabelled data
and a small number of expert-labelled data. To achieve case-specific classification, this work
proposes a model that contains a multiple clustering models block for capturing features common
for problematic cells. The captured features of this block are then used as input to a deep neural
network. Experiments show that the proposed model outperforms a simple baseline classifier in
identifying cells with network throughput problems. To the best of the author’s knowledge, this
work identifies a new research area that focuses on identifying throughput problems in cells.
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The originality of this thesis has been checked using the Turnitin OriginalityCheck service.

This work is submitted to the IEEE International Symposium on Personal, Indoor and Mobile
Radio Communications 2020 (IEEE PIMRC 2020) conference. The conference formatted paper
is available at: https://arxiv.org/abs/2004.13148

ii

TIIVISTELMÄ
Lauri Alho: Mobiiliverkon suoritustehon luokitteleminen koneoppimisen avulla
Diplomityö
Tampereen yliopisto
Tietotekniikan diplomi-insinöörin tutkinto-ohjelma
Huhtikuu 2020
Ongelmien tunnistaminen mobiiliverkon soluissa on haasteellisempaa niiden ollessa kompleksisia. Lisäksi tietosuoja asettaa rajoitteita käytettävissä olevan datan sisällölle. Automaattiset ratkaisut, jotka luokittelevat solut joko normaaleiksi tai ongelmallisiksi, voivat kasvattaa käyttäjälaitteiden palvelunlaatua lyhentämällä aikaa ongelmallisten solujen tunnistamisessa. Vaikka koneoppimista hyödyntävät mallit voisivat ratkaista tämän ongelman, aiemmissa tutkimuksissa on keskitytty kehittämään menetelmiä, joissa käytetään sekä palveluntarjoajan että käyttäjälaitteiden
dataa mobiiliverkon ongelmien tunnistamiseksi. Aiheeseen liittyvää tutkimusta etsiessä ei löytynyt
tutkimuksia, joissa verkon suoritusteho-ongelmia tunnistettaisiin solutasolla ainoastaan mobiiliverkon palveluntarjoajalta kerätyllä datalla.
Tässä työssä tutkitaan menetelmiä luokitella 4G-solut ongelmallisiksi ja normaaleiksi pienellä
määrällä asiantuntijan luokittelemaa dataa. Työn tavoite on luoda toimiva koneoppimismalli ja
löytää malliarkkitehtuuri, joka luokittelee solut parhaalla suorituskyvyllä. Työ alkaa kirjallisuuskatsauksella mobiiliverkkoihin ja koneoppimiseen liittyen. Tämän jälkeen selvitetään tietoaineiston
rakennetta ja luodaan sopivat datan prosessointimenetelmät. Lopuksi luodaan ja testataan useita
malliarkkitehtuureja. Paras malli valitaan käyttäen tiettyjä suorituskykymittareita.
Tutkimuksen tuloksena tässä työssä esitetään koneoppimista hyödyntävä dataohjattu malli.
Se tunnistaa 4G-mobiiliverkoista solut, joissa on suoritusteho-ongelmia. Mallissa käytetään ohjaamatonta oppimista klusterointimenetelmiin ja ohjattua oppimista syviin neuroverkkoihin. Opetus tapahtuu pienellä määrällä asiantuntijan luokittelemaa mobiiliverkon monitorointidataa. Jotta
solut voidaan luokitella tapauskohtaisesti, esitettävä malli sisältää useista klusterointimalleista
muodostuvan klusterointiryhmän, joka oppii tunnistamaan ongelmallisten solujen piirteitä. Klusterointiryhmän oppimia piirteitä käytetään tämän jälkeen syvän neuroverkon opettamiseen. Tulokset osoittavat, että malli pystyy tunnistamaan suoritusteho-ongelmaisia soluja mobiiliverkon monitorointidatasta. Kirjoittajan parhaan tietämyksen mukaan tämä työ tunnistaa uuden tutkimusalueen, joka keskittyy tunnistamaan suoritusteho-ongelmia soluissa.
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Tämän julkaisun alkuperäisyys on tarkastettu Turnitin OriginalityCheck –ohjelmalla.
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PREFACE
At first you may wonder what is common between a Finnish 22-year-old guy from a small
town, a multinational company, and lagging internet? The answer is the first two want to
fix the third one. But how to fix it? Continue reading and you will know.
Master’s thesis can be the last academic work for many students in their journey. For
me, finishing this thesis feels like opening another old rusty treasure chest in an abandoned shipwreck, which has only waited to be found someday by a candid explorer and
to reveal all unforeseen treasures inside. In the same way the explorer could not have
found the shipwreck without a map, neither could I have climbed to the highest point of
the Mountain of Studies alone. Achieving the peak of the mountain is a sign of sealing
my three-year journey of university studies, but at the same time as the curious explorer
finds another map from the treasure chest, far away in the horizon even higher and
steeper mountains are waiting to be climbed.
A thesis is always a team project that requires a star team to back it up to make it shine.
I am grateful that I have been able to be a part of one of those teams. The result of my
team was not only this thesis, but also a paper that was submitted to the IEEE PIMRC
2020 conference. All new things that I have learned during this journey could not be fitted
into this page, but after this research I have a feeling I could start a new research with
this team any time.
However, as the storm is now settled down, it is time to look who has travelled with me
during these years to the peak of the mountain. At first, I would like to thank my teammates Ville Juutilainen, Rasmus Salla, Joonas Toimela, Thomas Foucault and Erik
Keitaanniemi who all have challenged and supported me during this journey. I want to
thank my university research fellows Joni Kämäräinen, Nataliya Strokina and Wenyan
Yang. I have had multiple fruitful discussions with you which have directly supported me
to finish my studies. Also, I want to say special thanks to the supervisors of this thesis,
Joni Pajarinen, Adrian Burian and Janne Helenius. You gave me multiple precise details
regarding this work and thereby increased the overall quality of the thesis. And last but
not least, I would like to thank Janina for supporting me in everything I do. I am grateful
that I have been able to climb the mountain with this great team, including many people
who were not mentioned here but who definitely deserve my thanks.
As I said, this thesis concludes my three-year studying in higher education. Pursuing
something that at first sounded impossible to accomplish, completing both BSc and MSc
in three years, was a challenge that felt super fascinating. However, this journey is now
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coming to an end, and it is soon time to start the next chapter of my book. What the new
chapter will contain, well, I think I have to find out!

Tampere, 29 April 2020

Lauri Alho
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1 INTRODUCTION

1.1 Background
Companies are adopting more and more Machine Learning (ML) methods into their businesses. However, understanding the possibilities of applying ML efficiently into new domains remains the challenge in many companies. It is predicted that companies that can
create and integrate Artificial Intelligence (AI) and ML strategy into their businesses successfully, will receive a noteworthy competitive advantage in their business field (Ministry
of Economic Affairs and Employment of Finland, 2019).
Generally, tech-companies are in a better situation to start adopting AI into their business
due to their more comprehensive data collection methods. The result of collecting, storing, accessing and modifying big and diverse datasets has coined the term ‘big data’ to
refer it (Hilbert, 2013). Big data can be used to extract new knowledge from datasets that
cannot be done with traditional data-processing methods.
The increased availability of computing resources and interest to use big data has allowed companies to find novel solutions to previously unsolvable problems. Because big
datasets contain greater statistical power than small datasets, finding correct and descriptive parameters for complex statistical models is possible nowadays. Big data analysis can be used for intelligent decision-making, such as deciding whether a Mobile Network (MN) component should be inspected more thoroughly to identify underlying problems.

1.2 Mobile Networks
We are living in an era where communication between radio devices is more important
than ever before. The importance creates constantly increasing technical requirements
for MNs and User Equipment (UE), and progress can be seen in cases such as increased
network reliability, lowered latency and increased network throughput (Dahlman et al.,
2014). The first mobile phone network generation, 1G, was released in 1979 (Ajay R,
2018). After that, four major new generations have been released, 5G most recently.
Technological improvements are required to create more diverse and complex networks
(Dahlman et al., 2014). The networks are usually built to achieve carrier-class reliability,
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meaning 99.999 % network availability (Johnson et al., 2004). To achieve the required
reliability, the increased number of UE, cells and base stations in MNs require new solutions for more efficient monitoring (Ajay R, 2018). In MN monitoring, identifying problems
while taking data privacy into account can be challenging due to the limited amount of
informative data.
ML methods can be used to detect anomalies, e.g. network throughput problems, by
using a dataset gathered on the cell level in the network. Understanding downlink
throughput problems on the cell level is crucial for MN owners, because poorly behaving
cells can decrease drastically users’ Quality of Service (QoS) (Ajay R, 2018; Masood et
al., 2018). QoS illustrates how traffic is prioritized in an MN (ITU-T, 2008). Identifying a
problematic cell requires usually human interaction but classifying continuously a high
number of cells to working and problematic ones can be unmanageable for a human.

1.3 Objective of the Thesis
The objective of this thesis is to build an ML model that can classify an MN cell to normal
or throughput problematic one by its condition with a low number of labels. To meet this
research objective, the following research questions must be answered in this thesis:
RQ1. Can throughput problematic cells be identified from network monitoring data with
a low number of labels?
RQ2. What kind of model architecture has the best performance?
The first research question is answered by creating and evaluating various ML models
to overcome the challenges of MN operators for identifying problematic cells manually.
This work studies a combination of Unsupervised Learning (UL) and Supervised Learning (SL) methods by using a small number of expert-labelled data to identify throughput
problematic cells in 4G networks. Another model is used as a baseline to verify whether
the performance really differs between a complex ML model and a simple thresholdbased model.
The second research question is answered by firstly identifying main components for the
working model, and secondly optimizing it with hyperparameter tuning. Classification
task related performance metrics are used to evaluate the models and the results are
analysed.
Figure 1 shows a research process which tries to find the answers to the research questions. The presenting idea phase supports to identify relevant research objectives. After
that, three distinct phases collect raw data, pre-process and clean the raw data. The
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exploratory data analysis produces a better understanding of the dataset which in result
can create changes to data pre-processing. At the same time, related work and methods
affect the created models. The research process continues until the model evaluation
phase provides satisfactory results.

Figure 1. Overview of the research process.

1.4 Structure of the Thesis
The thesis continues from this point as follows. Chapter 2 presents related work. The
chapter explains the connection between this work and the related research in the field
of MN and ML.
Chapter 3 presents ML methods and it has three subchapters. The first two subchapters
represent UL and SL methods and the last one describes used performance metrics.
Chapter 4 studies the 4G MNs and the used dataset. The chapter also presents preprocessing and data augmentation methods.
Chapter 5 describes the best model architecture. One of the subchapters discusses models that are not presented in the results in Chapter 6.
Chapter 6 shows a baseline model that is used in the experiments. Chapter 6 also describes the experiment environment and summarizes and analyses the results.
Chapter 7 answers to the research questions and concludes this thesis. The chapter
utilizes theoretical knowledge of the 4G MNs presented in Chapter 4 when the future
research direction is presented.
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2 RELATED WORK

Extensive ML related research has been done in the area of MNs, including assisted MN
planning (FattouhIbrahim & El Harby, 2012; Ibrahim et al., 2012), techniques for analysing big data in 5G network (Zheng et al., 2016), and anomaly detection in operating networks (Jerome & Hätönen, 2017). While some of the research focuses on planning MNs
efficiently, the proposed method in this paper is closer to solutions that aim to optimize
and identify problems in operating networks. These studies focus on areas such as
throughput prediction (Liu & Lee, 2016; Samba et al., 2017; Wei et al., 2018) and identification of MN problems (Casas et al., 2016; Gurbani et al., 2017; Masood et al., 2018).
Samba et al. (2017) studied throughput prediction and showed it was possible to predict
throughput of UE by combining the MN and user-level data. The research objective in
this thesis differs from Samba et al. (2017) by using only network-level features and
therefore the need for non-MN specific information, e.g. GPS location, is not required. In
addition, Samba et al. (2017) focus on only predicting the future throughput of the UE,
but there is no classification made for identifying throughput problems. This is the biggest
difference between this thesis and Samba et al. (2017). Other differences are that this
work combines UL and SL motivated by the very small number of labels in the dataset.
The author is not aware of prior research in classifying cells based on the throughput.
Gurbani et al. (2017) studied detecting and predicting MN outages with log data. Their
main contribution was to develop a novel method for detecting and predicting anomalies
in cellular networks in nearly real-time. Their work focused on finding statistical differences between normal and outage periods in cellular networks, and therefore it is close
to research done in this work. However, in this thesis, it is not relevant to use only UL,
because the dataset contains also labelled data by an expert. The nature of the problem
is different, as the problem presented in this thesis is related to identifying problems in
situations when the signal quality from a cell to UE is normal, but the throughput is low.
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3 MACHINE LEARNING METHODS

Figure 2 describes the three subtypes of ML: Reinforcement Learning (RL), SL and UL
(Raschka & Mirjalili, 2017). RL methods can solve problems that require the model to
interact with the environment. These methods divide into value- and policy-based methods. Policy Gradient (PG) is an example of policy-based methods (Sutton & Barto, 2018).
SL methods can solve regression and classification problems (Raschka & Mirjalili, 2017).
In this work, a Deep Neural Network (DNN) is a solution for the classification problem,
and therefore it is next to the classification circle in Figure 2. However, DNNs and a
Support Vector Machines (SVMs) are not only limited to classification problems, as those
can also find answers to regression problems. UL divides into dimensionality reduction
and clustering methods. Principal Component Analysis (PCA) belongs to dimensionality
reduction methods (Raschka & Mirjalili, 2017), and k-means and Gaussian Mixture Models (GMMs) are commonly used in clustering analysis.
Figure 2 does not only illustrate a high-level of ML methods but also summarizes a variety of used ML techniques in this work. The final model architecture uses methods written
with black colour whereas greyed ones were dropped out during constructing and evaluating models.
This chapter contains three subsections which discuss in greater detail the used methods
in this work. Chapter 3.1 explains clustering methods and Chapter 3.2 Deep Neural Networks. Chapter 3.3 discusses performance metrics.
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Figure 2. Three subtypes of Machine Learning (ML): Reinforcement Learning (RL),
Supervised Learning (SL) and Unsupervised Learning (UL). Some techniques
which the final model uses are highlighted with black colour and some dropped
ones are highlighted with grey colour.

3.1 Clustering methods
This chapter refers to a book written by Aggarwal & Reddy (2014). Clustering methods
are UL techniques in ML. The methods can extract new features or patterns from a dataset in multiple ways, and the dataset does not need training labels while SL requires
labels. Clustering methods are therefore fast to use, as the training set does not require
labels. Labelling a consistent size training set can be a tedious and time-consuming process, and when the training set size increases it becomes impractical.
Figure 3 illustrates a clustering process. The clustering process groups data points into
clusters by using input features. A clustering algorithm fits the clusters in a way that
characteristics of a single cluster differs to the other clusters by certain metrics.
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Figure 3. Overview of the clustering process.
Multiple application domains exist where clustering related problems can arise. These
includes:
•

dynamic trend detection

•

data summarization

•

working as an intermediate step for other fundamental data mining problems

Dynamic trend detection extracts trends automatically from real-time data, revealing a
possible pattern of changes. Data summarization methods reduce the dimensionality of
data which in turn allows a more compact data representation. Intermediate step for other
fundamental mining problems happens when the output of the clustering algorithms is
used as an intermediate part of a bigger problem, such as a classification problem. The
most relevant cases related to this work are the second and the third one.
Common techniques for performing cluster analysis includes:
•

feature selection methods

•

probabilistic and generative methods

•

distance-based algorithms

Feature selection methods find features that differentiate data into distinct clusters in the
best way. For example, a clustering algorithm does not benefit a feature which has the
same value over the whole dataset. A linear combination of features is another way to
select features and reduce dimensions of input features.
Probabilistic and generative methods assume there exists a pre-defined form of the
model. The model form can represent for example a mixture of Gaussians. The model
then adjusts its parameters with an Expectation Maximization (EM) algorithm. The goal
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of using an EM algorithm is to have a maximum likelihood fit between the used data
points and the model. This way the model assigns every data point into a cluster by
selecting the cluster with the highest likelihood.
EM-based models can cluster a wide variety of data. GMMs commonly cluster numerical
data. A distance-based k-means algorithm is a special form of a GMM algorithm, and the
next subchapters describe these algorithms. This work uses k-means and GMM algorithms for two reasons:
1. This work uses the Scikit-learn library (Varoquaux et al., 2015) which has implementations for k-means and GMM algorithms. Both implementations allow to
cluster new samples and remain the weights of already trained clustering models.
This is not possible with every implemented clustering algorithm.
2. The dataset in this thesis contains multi-dimensional numerical data. K-means
and GMMs have successfully clustered this kind of data previously.

3.1.1 Gaussian Mixture Model
A Gaussian Mixture Model (GMM) is a probabilistic and generative model (Aggarwal &
Reddy, 2014). GMMs are widely used due to its efficiency to label numerical data. The
core idea of GMMs is to fit the data with multiple Gaussian models by using a probabilistic
approach. A GMM can have one or more clusters and every component of the GMM
represents a single cluster. GMMs are successfully applied into many areas, including
robotics (Heinen et al., 2012; Obayashi et al., 2015), MNs (Ficek & Kencl, 2012; Nguyen
& Tu, 2007) and audio processing (Ito et al., 2016; Povey et al., 2010).
Aggarwal and Reddy (2014) describes the following two steps of how a GMM fits with
the training data:
1. Initialize a GMM with k Gaussian components having random weights 𝑤, means
𝝁 and covariances 𝚺 in I-dimensional space defined by N training data points.
Every GMM component represents a single unique Gaussian distribution. Probability distribution of a data point 𝐱 can then be defined as
𝑘

𝑝(𝐱) = ∑ 𝑤𝑖 𝛮(𝐱 | 𝝁𝒊 , 𝚺𝑖 )
𝑖=1

(3.1)
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where 𝑤𝑖 is the positive weight of the corresponding Gaussian component and
𝛮(𝐱 | 𝝁𝒊 , 𝚺𝑖 ) represents a multivariate normal distribution with mean vector 𝝁𝒊 and
covariance matrix 𝚺𝑖 . The sum of weights 𝑖 = 1, 2, … , 𝑘 equals 1.
2. An EM algorithm runs iteratively to update parameters 𝝁𝒊 , 𝚺𝑖 and 𝑤𝑖 , to maximize
the likelihood of the data to fit the model. The EM algorithm in this case can be
variational Bayesian estimation of a Gaussian mixture.
Figure 4 shows a result of clustering 2-dimensional data points with a GMM. The GMM
has three clusters and data points are color-coded to correspond to the assigned cluster.
The clusters shapes are illustrated with ellipses.

Figure 4. Data points clustered into three clusters with a Gaussian Mixture Model
(GMM).

3.1.2 K-means
K-means is a special case of generative models by its nature of having a fixed distance
for each cluster (Aggarwal & Reddy, 2014). A k-means clustering method clusters unlabelled, I-dimensional data into k clusters, and the number of clusters can be freely defined in the same way as in GMM clustering. The method initializes with random weights
which represent cluster class centres called centroids. The method runs iteratively and
moves centroids into direction where the error between class labels minimizes.
MacKay (2005) describes the three main steps of adjusting k-means weights:
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1. Initialize k clusters with random centroids in I-dimensional space defined by N
data points.
2. Assign each data point to the nearest cluster by using distance-based function,
e.g. Euclidean distance.
3. Update cluster centroids by responsible sample means of data points.
Figure 5 shows a k-means model which has clustered two-dimensional data. The model
has three clusters and diamonds illustrate the final locations of the cluster centroids.

Figure 5. An example of clustering data points with a k-means model. The model
has three clusters. Diamonds illustrate cluster centroids of the model.

3.2 Deep Neural Network
Deep Neural Networks (DNNs) are a subtype of neural networks as DNNs have more
than one layer between input and output layers. A DNN model learns with SL
(Goodfellow et al., 2016). The model adjusts its weights to produce the desired output
with specific input. The smallest units of a DNN, neurons, are typically called units. Multiple neurons form a dense layer in a neural network. The layers use the outputs of the
previous layer as an input which allows the model to learn the general representation of
data. Figure 6 illustrates a DNN with four dense layers.
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Figure 6. Overview of a Deep Neural Network (DNN) with two hidden layers.
The width (units per layer) and depth (the number of layers) of a DNN model has the
biggest effect on the model complexity. If a DNN has too few units, it cannot learn the
general features from a dataset and underfitting happens (Goodfellow et al., 2016). Also,
if a DNN is too complex, it can overfit to training data. This means the DNN does not
learn the general features from the dataset, but instead it learns the training set specific
features. Overfitting or underfitting is not intended due to the decreased performance in
the model testing phase.
The following subchapters describe relevant DNN components and methods which this
work uses. The subchapters present neurons, activation and loss functions, model optimizers and regularization.

3.2.1 Neuron
A DNN builds on top of multiple neurons which are mathematically defined as
𝑛

y = 𝑓 (𝑏 + ∑ 𝑤𝑖 𝑥𝑖 )

(3.2)

𝑖=1

where 𝑓 is an activation function, 𝑏 is a bias value of a neuron, 𝑛 is the size of the dense
layer, 𝑤𝑖 is the weight of an input at index 𝑖 and 𝑥𝑖 is the value of input at index 𝑖
(Goodfellow et al., 2016). Figure 7 illustrates a single neuron with three input values, bias
term and an activation function.
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Figure 7. Neuron with three input values, a bias term and an activation function.
A dense layer can have one or more bias units which have always fixed values. The fixed
value ensures that the output of the dense layer is never zero. If the output of a neuron
would be zero, the output would remain zero to the end of the DNN which would decrease
the model performance.

3.2.2 Rectified Linear Unit
DNNs commonly use Rectified Linear Units (ReLUs) as units in hidden layers
(Goodfellow et al., 2016). A ReLU uses an activation function whose output is always
positive. The activation function is defined as
ReLU(𝑥) = max {0, 𝑥}

(3.3)

where 𝑥 is the input value of the ReLU. Figure 8 visualizes the output of a ReLU with
values between -5 and 10.
A ReLU prevents the output value of the unit to be negative which reduces the likelihood
of the gradient respect to DNN weights to vanish. Chapter 3.2.5 discusses gradient more
thoroughly.
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Figure 8. Output of a Rectified Linear Unit (ReLU).

3.2.3 SoftMax
SoftMax is an activation function that converts the sum of the input vector to one. SoftMax is calculated as

SoftMax(𝒙)𝑖 =

exp(𝑥𝑖 )
∑𝑗 exp(𝑥𝑗 )

(3.4)

where 𝒙 is the input vector (Goodfellow et al., 2016).
SoftMax is useful in classification tasks when a DNN uses it as the activation function of
the last layer. As a result, the output of the DNN is interpreted more easily when the
output of every unit represents the probability of a sample belonging to the corresponding
class.

3.2.4 Mean Squared Error
Mean Squared Error (MSE) is a loss function which can illustrate the cost of an ML
model. MSE calculates the error between true values and predicted values of a dataset.
This is defined as
MSE =

1
̂ − 𝒚)2𝑖
∑(𝒚
𝑚
𝑖

(3.4)
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̂ is the vector of
where 𝒚 is the output vector of true values, 𝑚 is the length of 𝒚 and 𝒚
predicted true values (Goodfellow et al., 2016).
A loss function describes only the current state of a model. To decrease the loss and the
total cost of the model, optimizers such as Stochastic Gradient Descent (SGD) must find
the best parameters for the model.

3.2.5 Stochastic Gradient Descent
Stochastic Gradient Descent (SGD) is a widely used optimization algorithm for DNNs.
SGD is derived from a Gradient Descent (GD) optimization algorithm. GD calculates the
gradient of a cost function 𝐽(𝒘) and move the weights 𝒘 into the opposite direction of
the gradient with a certain learning rate 𝜂 (Goodfellow et al., 2016). Figure 9 shows a
simplified illustration of optimizing a cost function with GD. The figure shows how weights
are moved step-by-step closer to the global cost minimum 𝐽min (𝒘).
Figure 9 illustrates a convex optimization case as the case has only one optimal minimum value, in this case 𝐽min (𝒘). However, optimizing weights for a DNN is generally a
non-convex problem due to the high number of optimizable weights. In DNN optimization
cases, a surface does not only have the global minimum but also one or more local
minimums (Raschka et al., 2016). If the learning rate of a model is too small, weights
get trapped into a local minimum, as the weights cannot escape from the local minimum.
To avoid stagnation of the convergence, a learning rate can be adaptively decreased to
overcome the challenge of getting stuck into local minimums.
A GD optimization algorithm calculates cost gradient for the whole training set whereas
an SGD optimization algorithm calculates cost gradient for a small batch of training samples only (Raschka et al., 2016). SGD can therefore calculate cost gradient faster than
GD. However, SGD can make the weight to zigzag when the weights are reaching the
global minimum, because a small batch of samples cannot present the true characteristics of data. If SGD has properly selected learning rate 𝜂, it performs better than GD
especially with big datasets.
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Figure 9. Simplified illustration of optimizing the cost function with a Gradient Descent (GD) algorithm. The initial weight is moved towards the global cost minimum with multiple steps. Adapted from Raschka et al. (2016).

3.2.6 L1-regularization
Overfitting happens when a trained model has significantly better performance in the
training set than in the test set. The reason for overfitting is, that the model fits the parameters too closely with the training dataset, and therefore it cannot generalize to the
underlying statistics of the whole dataset. Raschka and Mirjalili (2017) propose multiple
solutions to avoid overfitting, including:
•

increasing the training set size

•

using a penalty for complexity via regularization

•

reducing the model complexity

•

reducing data dimensionality

L1-regularization falls into the regularization methods, as it can be used to reduce the
complexity of a model. An L1-regularization function penalizes large individual weights
and therefore reduces a model complexity as Equation (3.5) shows:
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𝑚

𝐿1: ‖𝒘‖ = ∑|𝑤𝑗 |

(3.5)

𝑗=1

where 𝒘 is the weight vector of a model. L1-regularization increases the performance
especially in cases where data is high-dimensional, and the data contains irrelevant features. Model performance increases also when data has more irrelevant dimensions than
samples, and therefore L1-regularization can be understood as a feature selector for a
model (Raschka & Mirjalili, 2017).
L1-regularization is an additional term in the cost function of the model. The cost function
can be defined with L1-regularization terms as
𝐽(𝒘) = Loss function +

𝜆
∗ ∑‖𝒘‖
2𝑚

(3.6)

where 𝑚 is the number of model weights and 𝜆 is a regularization parameter affecting
the magnitude of L1-regularization. We can see that L1-regularization tries to compress
models, as the smaller the values of weights are, the smaller the value of a cost function
becomes.

3.3 Performance Metrics
Metrics are relevant performance indicators of ML models, as those can be used for
comparing and evaluating different methods. True positive, true negative, false positive
and false negative terms are commonly used labels for classified samples in a classification task (Raschka et al., 2016).
Figure 10 shows a confusion matrix that describes the performance of a classification
model. The following subchapters describes how accuracy, precision and recall metrics
can be calculated by combining the labels found in the confusion matrix.
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Figure 10.
Confusion matrix labels every sample as true positive, false positive, false negative or true negative depending on the classification result and
the true label of the sample.

3.3.1 Accuracy
Accuracy illustrates how many samples a model classifies correctly. This is calculated
as
Accuracy =

𝑇𝑝 + 𝑇𝑛
𝑇𝑝 + 𝐹𝑝 + 𝑇𝑛 + 𝐹𝑛

(3.7)

where 𝑇𝑝 means true positive, 𝑇𝑛 means true negative, 𝐹𝑝 means false positive and 𝐹𝑛
means false negative samples (Raschka et al., 2016).
Accuracy describes the performance of a classifier reliably when a dataset is balanced.
If the dataset is not balanced, the classifier can have a very high accuracy by only classifying samples to positive or negative ones. This happens when a dataset has many
true or false labels and the majority of samples are labelled as the dominant one.

3.3.2 Precision
Precision demonstrates the accuracy of a model detecting true samples (Goodfellow et
al., 2016). Precision is calculated as
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Precision =

𝑇𝑝
.
𝑇𝑝 + 𝐹𝑝

(3.8)

Precision is one when a classification result does not contain false positives. Precision
is a more accurate metric than accuracy especially when a dataset is imbalanced. The
limitation of the precision metric is that it can give very high scores in cases where a
model classifies only a small portion of true samples as positives and the rest of true
samples as false negatives.

3.3.3 Recall
Recall illustrates the score of true samples a model finds in detection (Goodfellow et al.,
2016). Recall can be calculated as:
Recall =

𝑇𝑝
.
𝑇𝑝 + 𝐹𝑛

(3.9)

Recall is zero, when the model none of true samples are detected, and one, if every true
sample is detected and none the samples are classified as false negative. The limitation
of using the recall score alone is that it does not consider how many false samples were
classified as false positives.

3.3.4 F1-score
F1-score combines single precision and recall scores into a single value which is in between a range 0 and 1 (Raschka et al., 2016). F1-score can be calculated as
F1 = 2 ∙

Precision ∙ Recall
.
Precision + Recall

(3.10)

F1-score is useful when specific recall with given precision is compared between different models. The closer the score is to one, the better a model performs with used recall.

3.3.5 Precision-Recall Curve
A Precision-Recall Curve (PRC) illustrates how changes in recall affects to precision in
a model (Raschka et al., 2016). Figure 11 shows an example of a PRC.
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Figure 11.

A Precision-Recall Curve (PRC). Area Under Curve (AUC) is highlighted with a green grid and its theoretical maximum value is 1.

Area Under Curve (AUC) can be calculated from a PRC to get the average performance
of a model. The closer Precision-Recall AUC (PR AUC) is to 1, the better the model
performs with different thresholds. For example, PR AUC is 0.85 in Figure 11.
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4 DATASET

This chapter studies a 4G MN environment from which the used dataset in this work is
gathered. Subchapters also studies the characteristics of the used dataset and presents
pre-processing and data augmentation methods.

4.1 4G Mobile Networks
Components of every MN generation can be divided into Radio Access Network (RAN)
and Core Network. RAN components include functionality for air interface access between UE and Core Network, and Core Network provides centralized functions e.g. user
authentication and access to the Internet.
4G MNs use Long-Term Evolution (LTE) architecture with main changes to previous
generation MN architectures (1G, 2G and 3G) being the new Core Network component
Evolved Packet Core (EPC) and no controller function, e.g. Base Station Subsystem in
2G and Radio Network Controller in 3G MNs, in place. LTE architecture contains five
distinct modules, which are the Mobility Management Entity (MME), the Home Subscriber Server (HSS), Serving Gateway (S-GW), the Packet Data Network Gateway (PGW) and the Policy Control and Charging Rules Function (PCRF) (Dahlman et al., 2014).
Figure 12 illustrates connections between the LTE components where orange arrows
indicate control plane signals and blue arrows indicate user plane signals.
The control plane signals are used e.g. when a connection is set up between UE and a
cell, or UE changes to another cell. The latter one is called handover. The user plane
signals are used to deliver data packets between UE and the Internet.
When UE is connecting to an MN, an authentication request is sent to HSS by MME to
authenticate the UE. If authentication is successful, the UE initializes a user plane connection with the S-GW. S-GW is required to create a connection between EPC and RAN.
The P-GW is responsible for connecting EPC to the Internet, and it uses PCRF to determine QoS enforcement.
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Figure 12.

Main components in Long-Term Evolution (LTE) architecture.

To enhance the data transmission speed between UE and a cell, carrier aggregation can
be used in the air interface. When an MN uses carrier aggregation, UE uses one primary
cell and one or more secondary cells for data transferring (Shen et al., 2012). In this
work, the used dataset includes only throughput of the primary serving cell of UE and
eNodeBs produce the data, including both user plane and control plane traffic.

4.2 Dataset
The used dataset for predicting throughput problems is collected from a 4G MN. Every
sample of the dataset contains information about transmission between a single UE and
its serving cell. Data features contain summarized and averaged information of an MN
state, such as a four-second average of the downlink throughput of UE and its serving
cell. Most of the features in the dataset are standardized in LTE architecture. Table 4
presented in Appendix A describes the data features in more detail including a short
description, is it standardized, a possible unit, value range and example value.
The dataset used in this work has 25 591 samples and 53 cells. It is divided into about
70 % for a training set and 30 % for a test set. The true state of every cell in the training
set and the test set is identified by an expert and the corresponding label is given for
every sample. Also, another split with about 90 % of samples belonging for a training set
and 10 % into a test set is created and labelled by the expert in the same way. The expert
is only needed during model training to give the correct states of the cells and the model
identifies new problematic cells on its own after the model is trained.
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A correlation matrix is used to understand the correlation between features better. Figure
13 illustrates the correlation matrix of features in the 70 % training set after the data preprocessing stage which is presented in Chapter 4.3. The correlation matrix shows that
some features have a strong positive or negative correlation between other features. For
example, throughput correlates positively with Channel Quality Indicator (CQI), Physical
Resource Block (PRB), and Reference Signal Received Quality (RSRQ). This finding is
in alignment with the characteristics of 4G MNs, as it is not common to get high downlink
throughput with a low number of PRBs and bad signal quality.

Figure 13.

The correlation matrix of features in the 70 % training set.

4.3 Data Pre-Processing
The dataset is pre-processed before models use it for training and testing. Pre-processing is done in the following order.
1.

Cells that have lower than 100 samples in a training set are filtered out. Filtering ensures that enough real samples are available during model training.
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2.

Equation (4.1) is used for converting Reference Signal Received Power
(RSRP) values from logarithmic units into linear
𝑅𝑆𝑅𝑃linear = 10^(𝑅𝑆𝑅𝑃dBm / 10) / 1 000

(4.1)

where 𝑅𝑆𝑅𝑃dBm is the RSRP value in the dBm unit.
3.

RSRQ values are converted from logarithmic units to linear with (4.2) which is
defined as
𝑅𝑆𝑅𝑄linear = 10^(𝑅𝑆𝑅𝑄dB / 20)

(4.2)

where 𝑅𝑆𝑅𝑄dB is the RSRQ value in logarithmic format.
4.

Normalization is done by using (4.3) which is min-max feature scaling. Equation (4.3) is defined as
𝑭norm = [𝑭 – 𝑚𝑖𝑛(𝑭)] / [𝑚𝑎𝑥(𝑭) – 𝑚𝑖𝑛(𝑭)]

(4.3)

where F is a one-dimensional vector, min is a function that returns the minimum value of the given argument, and max is a function that returns the maximum value of the given argument (Ozdemir & Susarla, 2018). Normalization
is done for every feature except Cell Identifier and UE Identifier which are
scrambled.

4.4 Data Augmentation
The sample count of cells varies in training and test datasets. For example, one cell can
have only 50 samples and some other cells can have a thousand samples. Different cell
sample counts are expected, as the amount of traffic and number of connected UE in
MNs is rarely constant which results in a varying number of samples generated for each
cell.
Because the input shape of a model can be fixed, a data augmentation algorithm generates a fixed number of samples for cells that have too few samples. The algorithm generates new samples for a cell by duplicating the cell samples. If a cell has more samples
than a model can use, the number of samples in a cell is decreased by dropping randomly samples out.
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5 MODEL ARCHITECTURE

This chapter represents the best model architecture. Chapter 5.1 describes a clustering
block and Chapter 5.2 a DNN part of the model. Chapter 5.3 presents model ideas that
are not used in the best model architecture.
The model uses the clustering block which contains multiple clustering models. The clustering block is trained with UL. After that, a DNN uses the output of the clustering block
as input. The DNN is trained with SL.

5.1 Clustering Block
A clustering block contains multiple clustering models that use UL for training. Figure 14
shows the overview of the clustering block. The clustering models are trained with assumed problematic cells as these probably contain the features shared with actual problematic cells.

Figure 14.
Illustration of training a clustering block with assumed problematic
cells which selection is shown in Figure 15. The clustering block provides features for the Deep Neural Network (DNN), as illustrated in Figure 16.
The number of problematic cells identified in a training set by a prior assumption defines
the number of created clustering models. Selecting the problematic cells with the prior
assumption is done as follows:
1. Calculate the average of throughput (TAvg, UE) and average of CQI (CAvg, UE) by UE
of each cell.
2. Calculate the cell-specific average of TAvg, UE values (TAvg, Cell) and the cell-specific
average of CAvg, UE values (CAvg, Cell).
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3. Create an intersection of the highest 30 % of CAvg, Cell values and the lowest 30 %
of TAvg, Cell values. The clustering block uses the cells in the intersection for training.
Figure 15 illustrates the intersection of cells which are identified by the prior assumption.
It is worth noting that this is only a prior assumption that makes classification easier for
the DNN.

Figure 15.

Illustration of how the prior assumption selects the problematic
cells from a training set.

Table 1 shows the hyperparameters of the clustering block. The implemented k-means
and GMM algorithms in the Scikit-learn library allow to cluster new samples without
changing the model weights. This is the main reason to use k-means and GMM algorithms in the model architecture, as a model must cluster new samples based on the
previous training data. The model creates and trains 18 clustering models with different
parameters for every problematic cell identified by the prior assumption algorithm.
All features except UE and cell identifiers are used as input for clustering models. The
weights of the clustering models are not changed after training. The output of a clustering
model is a one-dimensional vector, which is one-hot encoded. Every clustering model
output must be one-hot encoded independently, because clustering models have different maximum cluster count and thus different output size after one-hot encoding. The
output of a clustering block is a two-dimensional array which is flattened and then a DNN
uses it as input.
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Table 1.

Summary of the used hyperparameters and the best identified values.
Hyperparameter

Clustering block

Clustering algorithm

Clustering block

Cluster count

2–10

-

DNN

Cell max samples

25, 50 or 100

100

DNN

Units per layer

25, 50 or 100

100

DNN

Hidden layers

0, 1 or 3

3

DNN

Decreasing units

False or True

True

DNN

Optimizer

SGD

-

DNN

Activation

ReLu

-

DNN

Learning rate

0.001

-

DNN

Loss

MSE

-

None or L1-regularization

None

DNN

Regularization of the last
layer

Possible values

Best

Model part

k-means and Gaussian
Mixture Model (GMM)

value

-
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5.2 Deep Neural Network

Figure 16.

Illustration of the model architecture.

A DNN is a binary classifier that uses the output of a clustering block as input. Figure 16
presents the model architecture. The clustering block uses cell data as input and its
training is shown in Figure 14. The clustering block clusters cell data in multiple different
ways. The output of the clustering block is one-hot encoded, flattened and then used as
input of the DNN which is trained with cell labels provided by the expert. The DNN makes
the final decision whether a cell is problematic or not. Expert labels are only required
during model training, and after training the model can classify new cells on its own.
The number of hidden layers and units per layer is defined by selected hyperparameters
which are shown in Table 1. Every hidden layer except the output layer uses ReLUs.
The output layer has the SoftMax activation function and additionally L1-regularization.
The loss function is MSE and optimizer is SGD with 0.001 learning rate. If decreasing
units hyperparameter is true, units of every layer is calculated with the following equation
𝑈𝑙 =

𝑈𝑙−1
2𝑙

(5.1)

where 𝑙 is the index of a layer, 𝑈𝑙 is the number of units of the l-th layer, and 𝑈1 is defined
by the hyperparameter units per layer shown in Table 1.
A DNN is trained with SL. The true state of a cell is identified by an expert and it is used
as a label during training. A model is trained with a maximum of 100 epochs and the best
state of the model is used.

5.3 Other Models
Multiple different model architectures were created during the model creation process.
Because experiments presented in Chapter 6 contains only the best model architecture,
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methods and models which are not included in the experiments are only briefly described
in this chapter. Because of that, this thesis does not present the theory of the models
which are not used in the final experiments.
PCA is a dimensionality reduction method, which tries to compress higher-dimensional
data into a smaller set of features by creating linear combinations of features (Aggarwal
& Reddy, 2014). PCA was used for the pre-processed dataset to see whether dimensionality reduction could help to select only relevant features for training. The initial results showed that PCA does not give any benefit, and therefore it was dropped.
An attention layer is commonly used to let a model focus on specific parts of data
(Bahdanau et al., 2015). The attention layer can for example focus on the closest data
points in time-series data. One of the tested model architectures contained an attention
layer in a DNN part. It turned out that using an attention layer in this situation was not
possible to do conveniently, as the samples in the used dataset could not be sorted
based on any relevant measure, such as time.
SVM was tested to replace the DNN in the final model architecture. SVM is a supervised
ML model which tries to separate the dataset into two different groups (Hastie et al.,
2009). In this case, two groups were normal behaving and problematic cell sets. The
performance of an SVM was not good during the model training, as the SVM was not
able to classify any of the problematic cells correctly in training data.
The main idea of RL methods is to let a model learn to perform a correct series of actions
in the environment (Sutton & Barto, 2018). The model is usually called an agent in RL.
The training session is split into one or more episodes and in this case, every episode
could have only one unique state. RL was used to train a DNN without any pre-training.
The state contained the data samples of a single cell. This way an agent learned by
receiving a positive reward when it predicted the state of a cell correctly and a negative
reward when it predicted the state of a cell incorrectly. Based on the sign of the reward,
the agent should have favored the actions which resulted in a positive reward and
avoided actions which resulted in a negative reward. The weights of the DNN were randomly initialized before RL, and a PG control algorithm was used to train the model. The
PG control algorithm was used as it allows the agent to learn a parameterized policy in
a continuous environment (Sutton & Barto, 2018). Tests showed that using RL was not
efficient as the agent was not able to identify problematic cells in a training data. One
reason for the poor performance might have been that the environment had only one
step per episode, thus limiting the benefits of using RL.
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6 EXPERIMENTS

Chapter 6.1 describes a simple classifier that behaves as a baseline in experiments.
Chapter 6.2 explains how the experiments were performed, and Chapter 6.3 summarizes
the experiment results.

6.1 Baseline
A simple model is used as a baseline for identifying problematic cells. The baseline uses
a hypothesis that problematic cells share certain characteristics to classify cells. The
characteristics are that the cell has problems when throughput is low and CQI is high, as
usually high CQI correlates with high throughput in normal situations. Based on this assumption Program 1 is used to classify cells into problematic and normal ones.
Algorithm 1 Classify cells to normal and problematic ones in the given dataset.
Avg() is a function that calculates the average value over a vector,
UniqueCells() is a function that calculates the number of unique cells, and
len() is a function that calculates the length over a matrix.
INPUT: Dataset ds where every row is a data sample of transmission between
UE and its serving cell.
OUTPUT: 1-D vector cell_labels where value 0 is given for a normal cell and
1 for a problematic cell.
cell_labels ← []
avg_throughput ← Avg(ds[‘Throughput’])
avg_cqi ← Avg(ds[‘CQI’])
i_start ← 0
i_last ← UniqueCells(ds)
FOR i_start TO i_last DO
j_start, labels ← 0
j_last ← len(ds[i]) - 1
FOR j_start TO j_last DO
IF avg_throughput < ds[i][j][‘Throughput’]
AND avg_cqi > ds[i][j][‘CQI’] THEN
labels ← labels + 1
ENDIF
ENDFOR
IF labels >= j_last / 2 THEN
cell_labels[i] ← 1
ELSE
cell_labels[i] ← 0
ENDIF
ENDFOR
RETURN cell_labels

Program 1. An algorithm for classifying cells into problematic and normal ones. The
algorithm is used as a baseline model in experiments.
An example cell after labelling its data points is shown in Figure 17. The cell is identified
as normal, as less than 50 % of the samples of the cell did not exceed both thresholds.
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Figure 17.
Data points of a normal cell labelled by the baseline. Samples that
exceed the calculated thresholds are highlighted with yellow colour. The baseline model classifies this cell as normal.

6.2 Performing Experiments
Experiments are done in an offline environment. The environment uses Python programming language (Van Rossum & Drake, 2009), with Scikit-learn (Varoquaux et al., 2015),
TensorFlow (Abadi et al., 2016) and Matplotlib (Hunter, 2007) libraries for creating the
model and evaluating the performance.
The experiments include using a grid search algorithm for performing hyperparameter
tuning. The algorithm is run independently for both dataset splits, a 70 % training and a
30 % test split, and a 90 % training and a 10 % test split. The algorithm calculates after
each epoch accuracy, precision, recall and F1-score performance metrics including PR
AUC. Because the algorithm keeps track of model performance during training, the algorithm can select the best state of the model easily. The algorithm evaluates different
models and selects the model with the highest PR AUC score as the best model.
The experiments are performed with Lenovo T480 laptop with Intel Core i7-8650U processor and 32 GB of DDR4 RAM. Due to the limitation of the laptop computing resources,
the experiments do not contain more comprehensive hyperparameter tuning.
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6.3 Results
Table 1 summarizes hyperparameters and the best-identified parameters of the best
model after hyperparameter tuning. The results of the hyperparameter tuning showed
that the same hyperparameters were identified as the best ones for both dataset splits.
Models used a dataset that had 25 591 samples of the data transmission between UE
and its serving cell in a 4G MN. Table 2 describes the problematic cells identified by an
expert and a prior assumption. When the model used 70 % training and 30 % test split,
the prior assumption identified 7 problematic cells in the training set, creating 126 unique
clustering models. When the model used 90 % training and 10 % test split, the method
assumed 8 cells in the training set were problematic.

Table 2.

Cells

Problematic cells identified by the prior assumption
and the expert in training and test sets.
70 % training

30 %

90 % training

10 %

set

test set

set

test set

53

53

53

53

7

-

8

-

6

6

7

7

Problematic cells
by the prior assumption
Problematic cells
by the expert

Table 3 summarizes the results. A baseline was able to identify problematic cells with
0.50 precision and 0.17 recall, giving 0.25 F1-score in 70 % training and 30 % test split.
The best ML model achieved 0.50 precision with 0.83 recall, making 0.67 F1-score. The
PR AUC score was 0.785. Figure 18 shows the PRC of the best model in 90 % training
and 10 % test split. The results show the proposed model clearly exceeds the baseline.
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Table 3.

Model

Performance results of the proposed method and baseline.
70 % training and 30 % test split

90 % training and 10 % test split

Precision

Recall

F1-

PR

Pre-

score

AUC

cision

Recall

F1-

PR

score

AUC

The proposed

0.56

0.83

0.67

0.785

0.65

0.80

0.72

0.854

0.50

0.17

0.25

-

0.50

0.14

0.22

-

method
Baseline

When the training set size was increased to 90 % of the whole dataset, the baseline had
0.50 precision with 0.14 recall, making 0.22 F1-score. The best model achieved 0.65
precision with 0.80 recall and 0.72 F1-score correspondingly. PR AUC was 0.854. Figure
19 shows the PRC of the best model in 90 % training and 10 % test split.
Results indicate that increasing the training set size increases the performance of the
proposed method. Table 1 summarizes the hyperparameters which were identified as
the best working ones for both dataset splits. However, the bigger amount of test samples should be used in the 10 % test split to make the performance evaluation more
reliable, as the average number of samples per cell was only 35. Correspondingly, the
average number of samples per cell was 157 in the 30 % test split.
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Figure 18.

The Precision-Recall Curve (PRC) of the proposed method with 70
% training and 30 % test split.

Figure 19.

The Precision-Recall Curve (PRC) of the proposed method with 90
% training and 10 % test split.
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7 CONCLUSIONS

This chapter concludes the thesis with the main findings of this research. Chapter 7.1
answers to the research questions and summarizes the main contributions of this thesis.
Chapter 7.2 discusses the future research direction.

7.1 Answering the Research Questions
The goal of this research was to build an ML model that can classify an MN cell to a
normal or problematic one by its condition. The goal was supported by the fact that identifying throughput problematic cells efficiently in MNs becomes an issue when the complexity of the network increases and data privacy sets limitations for the available data.
To reach the goal, research questions were presented to support the research objective.
The research questions are answered below.
RQ1. Can throughput problematic cells be identified from network monitoring data with
a low number of labels?
This thesis proposed a method that can classify cells with a low number of labels in a
dataset gathered from a 4G MN. The method combined UL and SL. The proposed
method classified cells by their condition, which was either normal or problematic. The
used dataset contained only monitoring data between UE and its serving cell, and the
true state of a cell was identified by an expert. This meant the expert only needed to label
the cells during model training, and after training the model was able to classify all new
cells on its own. The best model achieved 0.785 PR AUC with 70 % training and 30 %
test split and 0.854 PR AUC with 90 % training and 10 % test split. The results indicate
that problematic cells can be identified by using only monitoring data with a low number
of labels.
RQ2. What kind of model architecture has the best performance?
Multiple model architectures were created to classify cells. The best model architecture
identified problematic cells by combining multiple clustering models and a DNN. Table 1
summarized the used model hyperparameters. The experiments focused on measuring
the performance of models with precision, recall, F1-score and PR AUC metrics. The
best model was the one with the highest PR AUC score. The best model achieved 0.67
in F1-score, exceeding 0.25 F1-score of the baseline. The PR AUC score of the best
model was 0.785 with 70 % training and 30 % test split.
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The most critical part of the best model architecture seemed to be the clustering block
which clustered data points of a cell in multiple ways. The DNN used these cluster labels
then as input and made the final decision of classifying a cell into a normal or problematic
one. Experiments showed that hyperparameters affected significantly for the performance, as too complex models overfitted badly and too simple models were not able to
learn the characteristics of the used dataset.
To the best of the author’s knowledge, this work identified a new research area that
focuses on identifying throughput problems in cells. The main contributions of this thesis
can be summarized as:
1.

This work proposed a novel ML-based approach that classifies throughput
problematic cells by using monitoring data with a low number of labels.

2.

The proposed method had better performance than a simple baseline classifier.

3.

Related research has used data gathered from UE to provide more accurate
predictions for throughput. This work proposed a method which used only network monitoring data from a network provider’s side.

7.2 Future Research Direction
In this work, the model used network data collected from a 4G MN. However, throughput
related problems are also expected to be present in 5G MNs, regardless of whether the
network is implemented as Non-Standalone (NSA) or Standalone (SA). In 5G NSA networks, RAN components are replaced with 5G components, but core network components are still the same as in 4G MNs. 5G SA on the contrary does not have any 4G MN
related components. Future work could therefore include using this approach with 5G
MN data.
Furthermore, future studies could focus on measuring how a bigger training dataset affects the performance, as initial results showed a positive correlation between performance and the size of the training set. In addition, trying out more sophisticated clustering algorithms and a larger variety of DNN structures with hyperparameter tuning could
increase performance even further.
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APPENDIX A: SUMMARY OF THE DATASET FEATURES
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Table 4.
Feature

Standardized in LTE

Cell Data Rate

no

Cell Identifier

no

Channel Quality Indicator (CQI)
E-UTRAN Radio Access Bearer (ERAB)
duration
Frequency Band

yes
yes
yes

Load Active

no

Physical Resource
Block (PRB)

yes

Summary of the dataset features.

Description
The four-second average of traffic throughput of the serving
cell.
Cell identification number. Specifies the primary serving cell
of UE.
The four-second average of the channel quality from the
serving cell to UE
The time of a session has been alive between UE and its
serving cell.
The used LTE frequency band coded as a single number.
The one-minute average of the number of active UE in a
serving cell.
The one-minute average of the number of Physical Resource
Blocks used in Transmission Time Interval (TTI) by all UE in
the serving cell. Maximum PRB number depends on the used
bandwidth which is in all cells greater than 10 MHz. PRB
value 100 equals to 20 MHz bandwidth.

Reference Signal Received Power (RSRP)

yes

The power of the reference signal from a cell which is measured by UE.

Reference Signal Received Quality (RSRQ)

yes

The quality of the reference signal from a cell which is measured by UE.

Speed Range

no

The average speed of UE during the last minute.

Unit

Value
range

Example
value

kilobit per
second
(kbps)

0–

1 200.0
kbps

-

-

2

-

0–15

6

second (s)

0–

10 s

-

-

1

-

0–

15

-

0–100

10

decibelmilliwatt
(dBm)

-44–140

-20 dBm

decibel
(dB)

-19.5–(-3)

-8 dB

-

1, 2 or 3

1
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Feature

Standardized in LTE

Description

Throughput

no

The four-second average of UE downlink throughput of the
primary serving cell. Throughput is measured from the
L2/MAC layer.

Time Interval

no

Generation time of a sample in 6 hours accuracy.

Timing Advance (TA)

yes

Transmission Time Interval (TTI)

yes

UE Identifier

no

Distance between UE and the serving cell. Granularity is 78
meters.
The number of TTI scheduled for UE during a four-second
monitoring period. TTI is a one-millisecond long period where
0–100 PRBs can be scheduled for the UE.
Date-specific identification number of UE.

Unit

Value
range

Example
value

kilobit per
second
(kbps)

0–

1 000.5
kbps

-

1, 2, 3 or
4

2

meter (m)

0–

312 m

-

0–4 096

20

-

-

1

