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Resumo 

Com o aumento do consumo de conteúdos multimédia através de dispositivos sem fios (e.g., 

smartphones), é crucial encontrar novas formas de otimizar as atuais e futuras redes móveis, e que 

garantam uma boa qualidade de experiência (QoE) aos utilizadores quando acedem a esse tipo de 

conteúdos. Para que este objetivo seja atingido, é necessário que os Operadores de Redes Móveis 

(MNO) possam efetuar uma monitorização em tempo real da QoE em serviços de comunicação 

multimédia (e.g., streaming de vídeo e navegação na web), permitindo uma gestão de recursos ativa e 

eficiente.  

Nesta dissertação propõe-se um modelo de previsão de QoE para serviços streaming de vídeo através 

de redes móveis 4G, e que utiliza apenas métricas de rede obtidas em tempo real pelo MNO. Embora 

existam vários modelos de previsão de QoE para streaming de vídeo baseados em métricas da camada 

de aplicação (e.g., frequência de ocorrência de stalls, qualidade média do vídeo, frequência de 

variações na qualidade do vídeo) estas métricas são difíceis (ou mesmo, impossíveis) de obter por 

parte dos MNO. Dado que os MNO têm à sua disposição um grande volume de informação relativo às 

camadas de protocolo inferiores (e.g., camada física e camada MAC), e que pode ser obtido em tempo 

real durante a sessão de streaming, nesta dissertação considera-se a incorporação dessa informação 

num modelo de previsão de QoE.  No desenvolvimento do modelo, foram considerados vários 

algoritmos de machine learning e técnicas de processamento de dados com o intuito de optimizar a 

estimação da QoE em termos de Mean Opinion Score (MOS), e usando dados reais obtidos de um 

MNO através de drive tests (DT) dedicados.  A análise dos valores de MOS resultantes dos DT mostrou 

terem uma distribuição extremamente desbalanceada, com maior número de exemplos nos valores de 

MOS mais elevados, reduzindo o desempenho dos algoritmos de machine learning na previsão dos 

valores menores da escala de MOS. Como tal, foi necessário recorrer ao balanceamento do dataset. 

Dos vários algoritmos de machine learning considerados, o método Gradient Tree Boosting foi aquele 

que conduziu aos melhores resultados de predição de MOS; num test set com 901 exemplos, obteve-

se uma correlação de Pearson de 78.9%, uma correlação de Spearman de 66.8% e um erro quadrático 

médio de 0.114. 

Depois de obtidos os resultados de previsão de QoE apenas utilizando parâmetros rádio da physical 

layer, sugere-se nesta dissertação a ativação por parte dos MNOs do mecanismo disponível nas redes 

4G (DASH QoE Reporting) que permite que métricas relevantes à QoE em streaming de vídeo sejam 

reportadas aos MNOs. A sua ativação permitiria aos MNOs obter diretamente métricas da camada de 

aplicação que traduzem em maior detalhe a QoE em streaming de vídeo. A ativação deste mecanismo 

levaria a um aumento de overhead nas suas redes enquanto que o modelo proposto nesta tese produz 

previsões de QoE sem introduzir qualquer overhead na rede. 

Finalmente, o modelo proposto foi testado com dados provenientes de um novo drive test. Alguns 

exemplos são apresentados e discutidos usando estes dados em conjunto com a topologia da rede. 

Dos exemplos foi possível analisar a previsão de QoE de acordo com o contexto em que a sessão de 

streaming foi realizada, do ambiente de transmissão rádio e de indicadores da qualidade do canal rádio.  
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Abstract 

With the increase in consumption of multimedia content through mobile devices (e.g., smartphones), it 

is crucial to find new ways of optimizing current and future wireless networks and to continuously give 

users a better quality of experience (QoE) when accessing that content. To achieve this goal, it is 

necessary to provide Mobile Network Operators (MNO) with real time monitorization of QoE for 

multimedia services (e.g., video streaming, web browsing), enabling a fast network optimization and an 

effective resource management. 

In this dissertation a new QoE prediction model for video streaming services over 4G networks that uses 

only network metrics obtained in real time by the MNO is proposed. Current video streaming models 

mostly rely on application performance metrics (e.g., frequency of stalls, average video quality, 

frequency of quality switches) which are more difficult (or even, impossible) to obtain by MNOs. Since 

MNOs have at their disposal a great volume of information regarding lower protocol layers (e.g., physical 

layer and MAC layer) that can be obtained in real time during the streaming session, in this dissertation 

the incorporation of that information in a QoE prediction model is considered. To this end, a wide range 

of machine learning algorithms and data processing techniques have been employed with the intention 

of optimizing the prediction of QoE in terms of the mean opinion score (MOS), and by using real MNO 

data retrieved from dedicated drive tests (DT). The analysis of the MOS values retrieved from the DT 

revealed that these have a severely unbalanced distribution, with a predominance in sessions with high 

values of MOS, reducing the performance of machine learning algorithms in the prediction of the lower 

values in the MOS scale. As such, the dataset had to be balanced by eliminating a portion of the higher 

valued MOS video sessions.  

From the several considered machine learning algorithms, the algorithm was the Gradient Tree Boosting 

which produced the best MOS prediction results; on a test set of 901 examples, a Pearson correlation 

of 78.9%, a Spearman correlation of 66.8% and a mean squared error of 0.114 was achieved. 

After obtaining QoE prediction results using only physical layer radio parameters, the activation by 

MNOs of the mechanism available in 4G networks (DASH QoE Reporting) that allows for video 

streaming relevant metrics to be reported to MNOs is suggested in this dissertation. Its activation would 

enable MNOs to obtain application layer metrics directly which portrait, in further detail, the QoE of video 

streaming. The activation of this mechanism would lead to increased overhead in mobile networks while 

this thesis’ proposed model provides QoE estimation without causing any overhead in the network. 

Finally, the proposed model was tested with new drive test data. Some examples are presented and 

discussed using the drive test data together with the network’s topology. From the examples it was 

possible to analyze the QoE predictions according to the context in which the session was established, 

the radio transmission environment and radio channel quality indicators. 

Keywords: Video Streaming, Quality of Experience, Mobile Wireless Networks, Machine Learning, 

LTE 
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Chapter 1 Introduction 

1.1 Context and Motivation 

In the past few years, the consumption of multimedia content has drastically increased, and the 

way users watch this type of content has also changed. In the past, people could only watch live events 

or on-demand videos, such as movies, documentaries, sports events, programs, or advertisements, on 

televisions or on movie theaters; today, people may watch them wherever and whenever they want, 

using a portable device, like a smartphone. This explains why Internet Protocol (IP) video traffic will 

account for 82% of all consumer Internet traffic by 2021 [1]. The increase on the amount of generated 

traffic has been accompanied by an increase on the number of users and on their quality of experience 

(QoE) expectations. Today, the users expect not only a service that delivers video with good resolution, 

but also without freezing events and with low initial delays, even in a mobile scenario, where the 

transmission conditions are not optimal and are ever-changing. Accordingly, the operators should be 

able to measure, or to estimate, the user satisfaction of a service in real-time, in order to adjust the 

provided service quality according to the user’s needs.  

In [2],  QoE is described as "the degree of delight or annoyance of the user of an application or 

service. It results from the fulfillment of his or her expectations with respect to the utility and/or enjoyment 

of the application or service in the light of the user’s personality and current state". From this definition, 

two questions arise: what parameters influence the end-user QoE and how can these parameters be 

monitored to ultimately estimate if the user is enjoying its video watching experience? To answer to 

these questions, this work firstly provides an overview of the current mobile network technologies, in 

order to understand the network parameters that may have an influence on user QoE, and what they 

can tell about the state of the service being provided.  

Several researchers have already proposed QoE prediction models, based on network 

measurements, or on application level parameters, for video streaming services; however, some of 

these models use parameters that are not measurable by the Mobile Network Operator (MNO) and can 

only be measured at the client side, making these inadequate to predict QoE from the MNO’s 

perspective. Furthermore, some of these models do not work on a real time, since they rely on data 

acquired during drive test campaigns, and thus are not useful for the MNO to obtain a proper gauge of 

the network’s quality status at any given time; thus, they cannot be used for real time optimization of the 

user´s QoE while using a video streaming service. 

An attractive alternative to drive test campaigns is real-time QoE prediction, allowing the MNO to 

evaluate the satisfaction of its users, and the performance of its network, along a video streaming 

session. This could be achieved with a QoE model based on real-time radio measurements, easily 

obtainable by the MNO, that would output quality scores similar to the subjective scores (e.g., Mean 

Opinion Score, MOS), portraying the rating a user would give to the video streaming session.  
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1.2 Objectives 

The main goal of this dissertation is to design, implement and assess an improved QoE model, that 

can predict the perceived quality that a user is having in a video streaming session through a 4G 

network, by relating objective radio channel metrics to QoE. The model development should be 

supported in machine learning techniques, since with these techniques a mathematical model that can 

relate network-centric QoS metrics, with perceived quality scores (e.g., MOS values), can be obtained 

using data acquired from several drive tests.  

Since the network data acquired during the drive tests showed a strongly unbalanced statistical 

distribution, this thesis also studies how the balancing of the training data can impact the machine 

learning process. 

Furthermore, this thesis aims to study the effect of the inclusion, in the quality prediction model, of 

QoE metrics that can be reported by DASH clients; thus, recommendations for the adoption of this 

reporting mechanism by the MNOs are made. 

1.3 Thesis Outline 

This thesis is organized in eight chapters, with this first one introducing the work in terms of context, 

motivation and main objectives. 

In Chapter 2, some fundamental concepts about 4G networks are described. The 4G Network 

Architecture, the multiple access techniques, and some Key Performance Indicators (KPI) that may be 

useful for QoE assessment, are presented. 

Chapter 3 overviews the concept of adaptive video streaming, focusing on the MPEG-DASH standard. 

Firstly, the architecture of this technology is presented, including how the video content is hosted in the 

server; finally, the MPEG-DASH client is described. 

Chapter 4 introduces the concept of QoE, as well as some of its most relevant influence factors. Then, 

the concept of QoE in DASH is discussed. Lastly, several models that relate video metrics to MOS are 

presented. 

In Chapter 5 the data provided by the drive tests is described and analyzed, and the selection of the 

model that relates application layer metrics (i.e., video metrics) with MOS values is conducted.  

Chapter 6 presents an overview of machine learning (ML) techniques, and the methodological approach 

to be used in the context of this dissertation.  

Chapter 7 presents the data balancing results as well as the results for the proposed QoE estimation 

model. Moreover, the addition of DASH metrics to a QoE estimation model is discussed. Finally, in this 

chapter two use cases are presented using the prediction results provided by the new proposed QoE 

video streaming model. 

Chapter 8 presents some brief conclusions regarding the work conducted along this dissertation. 
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Chapter 2 4G Network Architecture 

Long Term Evolution (LTE) is a system of the fourth generation (4G) of wireless standards for cellular 

systems, developed by the 3rd Generation Partnership Project (3GPP). It is the successor to the 

Universal Mobile Telecommunications System (UMTS) standard and was developed to be exclusively 

a packet-switched service. The 4G service is set to offer a fast and secure all-IP mobile broadband 

solution, to devices such as laptops with wireless 4G modems, 4G smartphones and other 4G mobile 

devices that require high speed internet access. The International Telecommunications Union (ITU) has 

specified that the peak bitrate requirements for LTE is 100 Mbps, for a connection in which the user is 

highly mobile, and it can reach 1 Gbps, for stationary connections. The latest LTE system - LTE-

Advanced - can achieve peak bitrates as high as 3 Gbps, for the downlink, and 1.5 Gbps for the uplink, 

using Advanced Multiple Input Multiple Output (MIMO). 

LTE was designed to improve data rate, capacity, spectrum efficiency, and latency. For that 

purpose, it uses new multiple access schemes on the air interface: Orthogonal Frequency Division 

Multiple Access (OFDMA) in the downlink, and Single Carrier Frequency Division Multiple Access (SC-

FDMA) in the uplink. Furthermore, MIMO antenna schemes form an essential part of LTE [3]. The MIMO 

system explores multipath propagation to improve transmission rate, range, and/or to reduce the bit 

error rates (BER), by sending more than one signal in the same channel at the same time, instead of 

trying to mitigate the effects of multipath propagation [4]. 

2.1 System Architecture  

The growing trend in telecommunications systems is to adapt Circuit Switched (CS) networks into 

Packet Switched (PS) networks, thus providing a unifying network that can guarantee a much sought 

out increase in bandwidth and in which telecom operators can uniquely focus on and improve. LTE only 

supports PS services. It aims to provide seamless IP connectivity between user equipment (UE) and 

the packet data network (PDN) [5]. 

First, the term LTE must be defined in detail, for it only represents the radio access network, or the 

Evolved-UTRAN (E-UTRAN). However, the 4G network also comes with an evolution of the non-radio 

aspects designated by System Architecture Evolution (SAE) which includes the Evolved Packet Core 

(EPC) network. The LTE architecture is then comprised of the LTE and SAE, which together form the 

Evolved Packet System (EPS). The EPS uses the concept of EPS bearer which is an IP packet flow 

with a defined QoS from the gateway in the PDN to the UE. These bearers can be set up and closed by 

the E-UTRAN and EPC as requested by the UE. To provide connections with different QoS to different 

PDNs, several bearers can be set up for a single user. Overall, EPS encompasses the core network 

(CN) (i.e. EPC) and the radio access network (i.e. E-UTRAN).  

The radio access network consists of the evolved NodeB (eNodeB), which connects to the UE and 

can now perform tasks, that were performed, in previous generations, by other network elements, thus 

simplifying its architecture. Some of these tasks are Radio Resource Management (RRM), header 

compression, positioning, security and connectivity to the EPC.  
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Additionally, the eNodeB is also responsible for the connectivity with the UE as well as for handover 

decisions, made by communication between eNodeBs using the X2 interface, as can be seen in Figure 

2.1. The interface S1 serves as the connection to the Mobility Management Entity (MME) by the S1-

MME interface and to the Serving Gateway (S-GW) by the S1-U interface. 

 

Figure 2.1 - Overview of the E-UTRAN architecture [3]. 

The CN is complex and consists of several logical nodes. These network elements and their inter-

connection interfaces can be seen in further detail in Figure 2.2 and can be described as such: 

• The Mobility Management Entity (MME) processes the signaling between UE and the CN. Its 

main functions are bearer establishment, maintenance and release (bearer management) or 

establishing a connection and ensuring its security (connection management).  

• All packets must pass through the Serving Gateway (S-GW) before reaching the UE. It is 

responsible for maintaining information on the used bearers even when there is no active 

communication between the eNodeB and the UE (idle state). 

• The Home Subscriber Server (HSS) is where the information regarding the users’ QoS profile 

is kept. It encompasses the authentication center (AuC), that plays a role in the security of the 

connection. Stores which PDN the user can access and discriminates which MME the user is 

connected to or registered to.  

• The PDN Gateway (P-GW) is responsible for assigning IP addresses to the UE and QoS 

enforcing for a certain required bitrate. It also assigns IP packets into the different bearers 

according to QoS requirements and is responsible for managing the connection to other 

systems that use a non-3GPP technology.  

• The way that a certain flow of information needs to be handled is described by a QoS 

authorization (QoS class identifier (QCI) and bit rates), which is stipulated by the Policy Control 

and Charging Rules Function (PCRF), according to the user’s subscription profile. 
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Figure 2.2 - EPS network nodes [5]. 

2.2 Downlink LTE 

In LTE, the downlink users’ access is managed through an OFDMA scheme which is based on OFDM 

which, in turn, is based on multiplexing the radio resources of the frequency and time domains. 

2.2.1 OFDM 

In the E-UTRAN downlink, the used modulation method is the Orthogonal Frequency Division 

Multiplexing (OFDM). This technique is based on the concept of Frequency Division Multiplexing.  

In OFDM, instead of having frequency guard intervals between carriers, these are overlapped 

resulting in a smaller amount of occupied spectrum when compared to classical multicarrier modulation. 

This more efficient spectrum occupation can be seen in Figure 2.3 and results in a 50% increase in 

spectral efficiency. The available spectrum is divided into multiple carriers, called subcarriers which are 

spaced out to ensure orthogonality between them, reducing interference between them at the receiver. 

This ensures robustness against the problems presented by radio-frequency (RF) interference and 

multipath propagation fading. This multipath propagation fading, causing inter-symbolic interference 

(ISI) is one of the main problems tackled by OFDM. ISI is caused by delay spread, which can be 

explained by the time difference between the arrival of one symbol through a certain multipath signal 

and the same symbol arriving from the last multipath signal component. The way to solve this issue is 

by adding, in the time domain, a guard interval that, depending on the environment, must be greater 

than the expected delay spread. In E-UTRAN this time interval is called the cyclic-prefix and it is inserted 

before each OFDM symbol. 
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Figure 2.3 - Spectral efficiency of OFDM compared to classical multicarrier modulation: (a) classical 
multicarrier system spectrum; (b) OFDM system spectrum [6]. 

2.2.2 OFDMA 

For OFDM to be implemented in a mobile communications system there must be a way of enabling 

multiple users to access the system at one given time. 

In Orthogonal Frequency Division Multiple Access, multiple OFDM subcarriers are allocated to 

different users according to their data consumption needs. The resource assignment is based on 

resource blocks. These result from a combined allocation of not only frequency spectrum (i.e. 

subcarriers) but also time. Figure 2.4 shows a possible downlink resource allocation scheme for different 

users. The usual duration of an OFDM symbol ranges from 71.367 µs to 83.337 µs, when using a shorter 

or longer cyclic prefix, respectively. The variations in cyclic prefix depend on the multipath transmission 

environment. Since the symbol duration is maintained, this increase in cyclic prefix leads to a lower 

throughput. These resource blocks are a grouping of 12 subcarriers with 7 symbols each and a regular 

spacing of 15 kHz which can be modulated using QPSK, 16 QAM or 64 QAM. One resource block has 

a bandwidth of 180 kHz and the duration of 0.5 ms, which equates to 1 slot. Two of these slots, also 

called subframe, compose a Transmit Time Interval (TTI) after which the resource allocation is analyzed 

and can be modified by the eNodeB. To increase data rates, several resource blocks can be grouped 

in the time and/or frequency domain. 

 

Figure 2.4 - Possible downlink resource allocation scheme for different users (UE 1-6) [3]. 
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2.3 SC-FDMA 

In LTE uplink transmission, between UE and eNodeB, the Single Carrier Frequency Division Multiple 

Access is used. Like in OFDM, guard intervals and cyclic prefixes are inserted between groups of 

transmitted symbols. The main advantage of using SC-FDMA in the uplink is the lower Peak to Average 

Power Ratio (PAPR) compared to OFDM. This fact not only lowers energy consumption in the UE but 

simplifies its transmitter. The available frequency spectrum is also subdivided into several subcarriers 

but, contrarily to OFDMA, where each subcarrier carries information about only one specific symbol, in 

SC-FDMA each subcarrier carries information regarding all the transmitted symbols. 

2.4 MIMO 

According to the 3GPP, Multiple Input Multiple Output is used to increase the overall bitrate through 

transmission of two (or more) different data streams on two (or more) different antennas - using the 

same resources in both frequency and time, separated only through use of different reference signals - 

to be received by two or more antennas [7]. 

Because spatial multiplexing techniques make receivers very complex, they are typically combined 

with OFDMA modulation, which tackles multipath fading problems efficiently. The usage of multiple 

antennas can be done in different ways and its basic principles can be described as such: 

• In spatial diversity the eNodeB transmits the same signal through multiple antennas spread 

out spatially, ultimately reducing the effects of multipath fading (Figure 2.5 (a)). 

• When beamforming (or precoding) is used, the energy of a signal is focused on one or more 

directions and is then transmitted from each of the antennas in such a way that improves the 

quality of the signal at the reception. By narrowing the beam between eNodeB and UE its energy 

can be focused on one or more UEs, allowing for a better received signal gain and thus 

improving network performance (Figure 2.5 (b)). 

• In spatial multiplexing a signal is split and transmitted by different antennas and in the same 

frequency channel to a single user with multiple receiving antennas. This technique can also be 

used as multi-user MIMO when transmitting to multiple receivers simultaneously (Figure 2.5 

(c)). 

 

Figure 2.5 - Different MIMO implementation principles: (a) Spatial Diversity; (b) Beamforming; (c) Spatial 
Multiplexing [6]. 
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2.5 LTE Advanced 

To increase the available bitrates and the number of users served by the network, the LTE-Advanced 

system was developed and then released as part of LTE release 10. Some of its main new features 

were carrier aggregation, upgraded MIMO technology and relay nodes support. The new requirements 

for this system, according to [7], are the following: 

• Increased peak data rate of 3 Gbps in downlink and 1.5 Gbps for the uplink; 

• Higher spectral efficiency of 30 bps/Hz; 

• Increased number of simultaneously active subscribers; 

• Improved performance at cell edges, e.g. for downlink 2x2 MIMO at least 2.40 bps/Hz/cell. 

2.6 Key Performance Indicators (KPI) in 4G Networks 

To understand how one can possibly predict QoE, it is important to firstly investigate what measurable 

factors may be of key importance when analyzing a network from the MNO’s perspective. Often called 

KPI, a key performance indicator is, by definition, an indicator of progress towards an intended result, 

and in 4G networks it can give an indication of the network behavior and overall performance. 

Through research in several papers that focused on predicting QoE in a mobile scenario, this 

chapter focuses on determining and describing the KPIs that where considered most relevant by the 

authors of such papers and can be seen below: 

• In [8] the authors conceived different QoE assessment models based on supervised machine 

learning techniques, capable of predicting the QoE experienced by the users of smartphone 

apps, using as input the passive in-device measurements. The paper’s results indicate that QoE 

was positively related to signal strength, maximum throughput, average throughput and 

session volume. Session duration negatively correlated to QoE; 

• In [9] the impact of both access bandwidth and its fluctuations and latency on the QoE is 

analyzed. The study found positive correlation between downlink bandwidth, downlink 

bandwidth stability, round trip time, latency and throughput fluctuations and QoE. 

• In [10] the authors reviewed related work on several network-related System Influence Factors 

(SIF) and found that delay, jitter and packet loss were the most used SIF; 

• In [11] the user perceived quality was estimated by evaluating several RF channel 

measurements and QoS metrics. When constructing a QoE predicting web browsing model, the 

authors considered RSRP Minimum, RSRQ Minimum, MCS Constant Flag, BLER Mean, 

BLER Kurtosis, BLER Skewness and CQI Mean. When constructing a voice model, the 

authors considered SIR Minimum, SIR Target Maximum, SIR Target Standard Deviation 

(SD), Active Set (AS) 𝑬𝒄/𝑵𝟎, AS RSCP Mean, 𝑺𝑰𝑹 − 𝑺𝑰𝑹 Target SD. 

Some of the discussed KPI are shortly described in Table 2.1. To extend the KPI analysis, some 

basic statistic calculations can be performed like the maximum, minimum, mean and median values, or 

some more advanced calculations, as presented in Table 2.2. 
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Some of the aforementioned KPIs will be the focus of attention throughout this thesis, as they 

present a solid basis for the work on the establishment of QoE prediction models. However, it is not 

possible to conclude beforehand, with certainty, which ones may play a major role in this work. 

Table 2.2 - Statistical metrics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Statistical Metric Description 

Standard Deviation 
Measure that is used to quantify the amount of 

variation or dispersion of a set of a data set 

Skewness 
Measures the symmetry or lack of it, to the left or right 
of the central point of a given distribution or data set 

Kurtosis 
Measures the movement of probability mass from the 
shoulders of a distribution into its center and tails [13]. 
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Table 2.1 - KPI's summary. 

KPI 
Acronym/ 

[unit] 
Description 

Signal Strength SS [dBm] 
Signal strength received by a mobile phone from a base station on the 
downlink which may be attenuated by several environment dependent 
factors 

Throughput [Mbps] 
The rate of successful data delivery through a given communications 
channel 

Session Volume SV [MB] 
The amount of data consumed in a session (group of data flows generated 
by the same app continuously in time) 

Downlink 
Bandwidth 

DLBw 
[MHz] 

Maximum amount of possible data transfer on the downlink 

Delay [s] Time it takes a bit of data to travel from one node to another in the network 

Latency [s] 
Delay of a packet being sent between a source node and the destination 
node 

Round Trip Time RTT [s] 

It indicates the total elapsed time from the beginning of the video server to 
send data, to the video server receives an acknowledgement information 
of the mobile client (mobile client will send confirmation immediately after 
it has received data). It is an important performance metric to measure the 
condition of the wireless network, and reflects the quality of current LTE 
network connection directly [12] 

Jitter [s] Variation in packet delay 

Packet Loss [%] Loss of packets in the network 

Reference Signal 
Received Power 

RSRP 
[dBm] 

It refers to the linear average value of signal power received by Resource 
Elements (RE) that carry the reference signal in any symbol. It is a key 
parameter which represents radio signal strength in LTE network [12] 

Reference Signal 
Received Quality 

RSRQ 
[dB] 

It refers to the reception quality of LTE reference signal, which is mainly 
used in cell handover and reselection [12] 

Physical Downlink 
Shared Channel 
Modulation and 
Coding Scheme 

MCS 
Index that defines the modulation and the size of the transport blocks to 
be used 

Block Error Rate BLER [%] Percentage of discarded blocks duo to error [11] 

Channel Quality 
Indicator 

CQI 
Index corresponding to a modulation scheme and coding rate adapted to 
the radio channel quality [11] 

Signal-to-
Interference Ratio 

SIR [dB] 
Ratio between the average received modulated carrier power and the 
average received co-channel interference power [11] 

SIR Target [dB] Reference SIR set by the outer loop power control [11] 

Active Set 𝑬𝒄/𝑵𝟎, 
AS 𝐸𝑐/𝑁0 

[dB] 
Best received chip energy to noise spectral density ratio  [11] 

AS Received Signal 
Code Power 

AS 
(RSCP) 
[dBm] 

AS best power measured in the Common Pilot Channel (CPICH) [11] 

Received Signal 
Strength Indicator 

(RSSI) 
[dBm] 

Metric that takes into account the RSCP and the received chip energy to 

interference level ratio (𝐸𝑐 = 𝐼0) [11] 

Received Signal 
Strength Noise 

Ratio 

RSSNR 
[dB] 

It refers to signal to noise ratio (SNR) of the received signal, corresponding 
to the received signal quality, which is also the key physical layer 
parameters of the wireless signal strength. [12] 
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Chapter 3 DASH Overview  

Multimedia communications has had a notable development during the last decades, and an 

increasingly large amount of video content is being distributed and watched across more and more IP-

connected devices, that are gradually more capable of supporting high-quality video. A recent burst in 

popularity of media streaming, partially caused by the rise of video sharing/streaming websites such as 

YouTube or Netflix, changed drastically the way the Internet is used. Together with the rapid 

implementation of high-speed 4G mobile networks all around the world, granting billions of people easy 

access to mobile internet, the volume of mobile internet traffic (a large portion of which belongs to mobile 

video streaming) has increased tremendously in the last decade. It has then become a challenge to 

deliver high-quality video experiences, meeting the user’s expectations, without a proportional 

expansion of bandwidth. Mobile networks in particular, are afflicted by these high quality demands in a 

more severe way; not only do they support many users, handle large amounts of traffic, but also there 

is a wireless transmission environment where background noise, narrow frequency spectrum, network 

coverage and signal variance have to be taken into account, as it may degrade the video quality and 

cause an increase in re-buffering events when streaming a video, ultimately affecting users’ QoE. 

Because users have access to limited data rates and to battery and power consumption issues on their 

devices and are affected by signal strength variations due to mobility, it would be useful if the UE 

receivers could adapt to the transmission conditions, for example, by selecting a version of the content 

that leads to a lower power consumption. It is then important to make the applications themselves adapt, 

to handle all these factors and ultimately enhance and deliver better QoE to the users. With all this in 

mind, the Adaptive Bitrate Streaming (ABS) technology was developed.  

In ABS, the application client starts by estimating the available transmission bandwidth, and then 

choosing between different content representations hosted on the server, which correspond to higher 

or lower bitrate versions of the same multimedia content. By monitoring the available resources and 

making the appropriate choice of content representations, ABS prioritizes smooth and uninterrupted 

content playback. When there is a decrease in the available bandwidth, the ABS client can then choose 

a lower bitrate version of the content which leads to lower quality video but, with the decrease in the 

frequency of video stalls, a higher overall QoE.  

The first ABS solutions were closed systems with their individual metadata formats, content formats 

and streaming protocols; the interoperability among different manufacturers’ devices and servers was 

not guaranteed. The creation of an international ABS standard - the Moving Picture Experts Group-

Dynamic Adaptive Streaming over HTTP (MPEG-DASH) - was a great leap forward in achieving that 

interoperability and will be the focus of this chapter. The historical evolution and main concepts of video 

streaming, until the development of ABS, will be firstly addressed as they provide a solid basis for the 

understanding of the MPEG-DASH standard.  

3.1 Adaptive HTTP Streaming  

The concept of ABS helps in mitigating some of the inherently negative characteristics of wireless mobile 

transmission. In its simplest form, in an environment where bandwidth fluctuations can have significant 
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and potentially service degrading fluctuations, a client using ABS can firstly estimate the available 

bandwidth and can then decide which video bitrate should be requested from the video server.  

In the earlier versions of video streaming services, the used protocols were stacked upon User 

Datagram Protocol (UDP). These were the Real Time Streaming Protocol (RTSP), which is a client-

server application layer protocol that allows for user display control, the Real Time Control Protocol 

(RTCP), which monitors transmission statistics and QoS, aids synchronization of multiple streams and 

controls information for a session, and Real Time Transmission Protocol (RTP), which carries the media 

streams (e.g., audio and video). While by using UDP a real time transmission could be assured, avoiding 

the Transmission Control Protocol (TCP)’s congestion and transmission rate control mechanisms, there 

were still some disadvantages to be considered when using RTP, such as: 

• The lack of support for RTP streaming by the Content Distribution Networks (CDN);  

• Firewalls and Network Address Translation (NAT) routers often difficult RTP packet 

transmission; 

• RTP streaming requires the server to manage a separate streaming session for each client, 

making large-scale deployments resource intensive. 

Because of this and with the increase of Internet access and available bandwidth, audio or video 

can now be delivered efficiently in larger segments using HTTP. With Progressive HTTP download, it is 

possible to serve many streaming clients with no additional cost on server resources beyond standard 

Web browsing use of HTTP. The Internet infrastructure has evolved to efficiently support HTTP as CDNs 

provide localized edge caches, which reduce long-haul traffic.  Also, HTTP is firewall friendly because 

almost all firewalls are configured to support its outgoing connections. Thus, supporting HTTP streaming 

for millions of users is cost effective [14]. For these reasons, HTTP progressive streaming became a 

popular technique in commercial applications.  

In HTTP progressive streaming, the process of video reproduction on the client side starts with an 

HTTP request by the client to the server that hosts that content; the client’s media player can then start 

displaying the content while it is being downloaded, without the need for the download to be completed 

before some parts of the content can be viewed. Since the file that was originally requested cannot be 

changed, it is not possible to change encoding qualities, and thus bitrates, during the download process, 

meaning that in a mobile network, where bandwidth variations are a major problem, this intolerance to 

bitrate changes will most likely cause unwanted video playback interruptions (video stalls). For these 

reasons, a mechanism that would allow the download requirements to be adapted according the network 

conditions, and also the UE characteristics, was needed; hence the development of ABS. In adaptive 

bitrate streaming, several parameters can be considered - like available bandwidth, battery charge, 

screen size, among others - to better decide which bitrates should be requested for download. This 

choice of bitrate is made by the client as the information needed to select it is mostly known by the client.  

In ABS, a stream is divided into an array of file segments, where each segment has been coded 

with different bitrates and, at the client request, different bitrates can be requested and can then be 

downloaded independently. Typically, the client starts by requesting the lowest bitrate, and progressively 

changes to a higher one as long as the corresponding minimum bandwidth requirement is met.  As the 

video resource was encoded and segmented without gaps or overlaps, the client video player can play 
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video segments in a continuous order so that the video looks seamless. Using this logic, there should 

be no video stalls (or re-buffering events) while the media is being displayed.  

HTTP has become the most common transport protocol for adaptive streaming because it inherits 

all the benefits of progressive streaming while offering a solution to the greatest problem with streaming 

over HTTP: fluctuating bandwidth. Several companies have developed their own version of HTTP based 

ABS, such as Apple’s HTTP Live Streaming, Microsoft’s Smooth Streaming, and Adobe’s HTTP 

Dynamic Streaming. They differ in the metadata syntax, segment Uniform Resource Locator (URL) 

conventions and media container formats. However, the highest impact in performance between 

different systems comes from the clients’ quality adaptation strategies, not from which streaming 

standard is used.  

To best benefit from the advantages of adaptive HTTP streaming and to allow the compatibility 

between servers and clients of different manufacturers, in 2009 MPEG developed a streaming standard, 

in collaboration with many companies and organizations such as 3GPP, resulting in a standard known 

as MPEG-DASH.  

3.2 MPEG DASH Standard 

Independently of the equipment’s software and client implementation, there must be a standardized 

method with which a DASH client can know what content is being hosted in a certain server and how to 

request it from that server. For the streaming to be adaptive, it is necessary that the server hosts several 

encoded versions, with different bitrates, of the same multimedia content. Moreover, a given multimedia 

content may consist of multiple media components, like audio, video, and text. In MPEG-DASH, all these 

characteristics are described in the Multimedia Presentation Description (MPD) file, which is transmitted 

to the client at the beginning of the communication.  

The MPD provides all the metadata needed to make an informed decision about the content, like 

its type, used codec, bitrate, etc., and the URL address from which an intended segment can be fetched. 

The MPD’s structure is standardized and can be broken down into several elements, as represented in 

Figure 3.1. In this figure it is possible to observe that the MPD contains Periods, which contain 

Adaptation Sets. These Adaptation Sets contain Representations, which in turn enclose Segments. In 

this case, the MPD contains three Periods, Period 2 contains three Adaptation sets and Adaptation set 

1 contains four Representations, including three with various bitrates and one for trick mode. Finally, 

Representation 2 consists of segment info, which subsequently includes its Initialization segment and 

four media Segments’ information. It is important to recall that this file is one of the few things specified 

by the MPEG-DASH standard [14]. 
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Figure 3.1 - MPD hierarchical data model representation [14]. 

From Figure 3.1 one can understand that, generically, the MPD data model is characterized by the 

following set of elements and each can be described in further detail as follows: 

• Period Element: Represents a period in the media content timeline where several encoded 

versions are available for that media content. These encoded versions have different 

characteristics among themselves like bitrate, frame rate, audio channels, etc., that do not 

change within a Period. Nevertheless, the client can adapt during a period according to bitrates, 

resolutions and available codecs for that given period. Moreover, a period might be used to 

separate content (insert an ad, change the angle of a live transmission) if there’s a need to 

introduce the ad exclusively in high definition while the rest of the content is available in a larger 

range of resolutions, it is just a matter of establishing a single period for the ad containing only 

a high resolution [14]. 

• Adaptation Set Element: Components like video, audio or subtitles are organized in Adaptation 

Sets. An adaptation set provides the information about one or multiple media components and 

their various encoded alternatives. For example, components with the same codec, language, 

resolution, audio channel format, etc., can be in the same adaptation set, or, for instance, an 

adaptation set might contain the different bitrates of the video component of the same 

multimedia content while another might contain the different bitrates of the audio component 

[14]. 

• Representation Element: A representation is an encoded alternative of the same media 

component, varying from other representations by bitrate, resolution, number of channels, or 

other characteristics. Even if a single representation might be enough to provide a playable 

stream, different Representations give the client the possibility to switch dynamically from 

Representation to Representation within an Adaptation Set according to the network conditions, 

granting a smoother playback. Representations are often chosen automatically by the MPEG-

DASH client, but some players allow users to override this option. A user might select a lower 

resolution, to not waste bandwidth, in a video (maybe the audio is more important) or is willing 

to have video stalls and/or buffering events in exchange for higher quality [14]. 
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• Segment Element: Segments are the actual media file chunks that are played by the MPEG-

DASH client. These segments are described by a URL or, in certain cases, by a range of bytes 

if these segments are hosted inside a bigger file. Segments from the same representation have 

typically the same time length and are organized according to the timeline of the content. MPEG-

DASH standard does not impose a specific length for segments. This can be selected depending 

on the situation: larger segments allow a more efficient compression or even less overhead, 

smaller segments are used for live situations or high-varying bandwidth scenarios as they allow 

faster transitions between different bitrate elements [14]. 

3.3 Scope of MPEG-DASH  

In MPEG-DASH, the multimedia content is stored on a HTTP server and is delivered using this protocol. 

The standard specifies two types of information, that are stored on the server:  

• Media Presentation Description (MPD): An Extensible Markup Language (XML) document 

where the client is informed about URL addresses, byte-ranges, bitrates, resolutions and 

encryption mechanisms, of the multimedia streaming content (as described in the previous 

section); the client can then select which segments to request from the HTTP in order to better 

adapt the video segment bitrate, to the available channel bandwidth. 

• Segments: Single or multiple files containing the multimedia bitstream in the form of chunks 

[14]. 

 

 

Figure 3.2 - Streaming scenario between an HTTP server and a DASH client. The formats and 
functionalities of the red blocks are defined by the standard, while the clients control heuristics and media 

players - the green blocks - are out of the standard’s scope [14]. 

To better understand the DASH client-server exchange, a simple streaming scenario is illustrated 

in Figure 3.2. From it, it is comprehensible that the MPEG-DASH standard only defines the MPD and 

the segment formats, hence the MPD and Segment parsers are in the standard’s scope. To play the 

content, the DASH client first obtains the MPD via HTTP. After parsing the MPD, the DASH client now 

has information regarding the program timing, media-content availability, media types, resolutions, and 

the existence of various encoded alternatives of multimedia components, accessibility features and 

required digital rights management (DRM), media-component locations on the network, along with other 

features. The DASH client can now select the most appropriate encoded alternative based on the 
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collected information and start streaming the intended content by fetching the segments using HTTP 

GET requests via the HTTP client [14]. 

3.4 The MPEG-DASH Client  

The MPEG-DASH client is responsible by the main QoE-related decisions that are made during a 

streaming session. As referred in the previous sections, it is up to the client to analyze the network and 

UE parameters and, based on these, to decide which bitrates to request from the HTTP server. It is of 

utmost importance to clarify that the MPEG-DASH standard does not cover these client decisions, since 

each manufacturer can implement different adaptation and fetching processes, but only aims at 

standardizing the communication between the client and the server which is ultimately achieved by the 

formalization of the MPD XML file and the segment formats. 

To play the multimedia file, the client player uses a URL to request the MPD file. After parsing the 

MPD, the DASH client learns the stream duration, available bitrates and resolutions, media location, 

and required Digital Rights Management (DRM). Using this information and considering the available 

resources, like buffer fullness, available channel bandwidth and device size, the client picks the 

appropriate encoded alternative and content streaming starts, by fetching the segments using HTTP 

GET requests. Depending on the bandwidth measurements, the client decides how to adapt to the 

available bandwidth by fetching segments of different qualities (with lower or higher bitrates), to maintain 

an adequate buffer fullness. In Figure 3.3, the blue boxes represent the different quality segments with 

variable duration, while the yellow line represents the client’s perceived available bandwidth, with this 

the client can decide on which is the most appropriate segment to request to the server. 

 

Figure 3.3 - Appropriate bitrate segment fetching according to the available network resources [15]. 
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Chapter 4 Mobile QoE Overview 

With a growing consumer demand for mobile video services, a key concern is to devise new ways of 

optimizing future wireless networks to continuously give users a better QoE when using video services. 

QoE is defined in [2] as the degree of delight or annoyance of a person experiencing an application, 

service, or system, and it takes into account several and diverse factors, like the user expectation, 

content type provided by the service, user’s device features, network QoS and the context in which the 

user is using the service, like movement (mobile or stationary) and location (indoor, outdoor, more or 

less coverage). One of the main reasons for QoE improvement in current and future networks, is to 

maximize customer satisfaction and ensure customer loyalty resulting in an increased customer base.  

This chapter presents an overview of Quality of Experience (QoE) in adaptive video streaming-

based services. At first, some basic concepts are defined and the main motivation behind the 

development of QoE models for multimedia communications is presented. The main QoE-influencing 

factors in adaptive video streaming, and the performance metrics related to the MPEG-DASH standard, 

are then summarized. Finally, some already proposed QoE models for adaptive video streaming are 

reviewed. 

4.1 Understanding QoE 

It is not uncommon to find video streaming quality assessment mechanisms that rely solely on network 

QoS performance indicators; these can be packet delay, delay jitter, bit error rate, and channel 

throughput. However, this approach is not sufficient since there are other factors affecting QoE that 

cannot be analyzed using only these parameters. In recent years, more user centric quality assessment 

methods have been emerging, as operators turn their attentions towards the quality that the end user is 

truly experiencing. However, this is a very difficult task, since the overall user experience depends on 

many factors, some of which are extremely subjective and can be nearly impossible to predict. To 

understand QoE, it is important to firstly pinpoint the several content delivery stages, where and which 

factors may influence the QoE of the end user, and ultimately how much do these influence factors 

affect QoE. Described below are the main elements of a video content delivery chain and how they main 

condition the user QoE [16]: 

• Content – Spatio-temporal resolution, video quality delivered to the server, additional encoding 

process while creating the different video representations. 

• Content Distribution Network (CDN) – Performance and optimization of video cache, 

processing time, delay from CDN to user. 

• Network Operator – QoS parameters (jitter, bandwidth, delay, congestion, etc.). 

• Device and Application – Size, resolution, performance of the viewing device and client 

application. 

• User Behavior – User expectation and interaction with the device, and client app. 
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4.1.1 QoE influence factors 

As discussed previously, QoE can have very distinct, and often subjective, influence factors. These can 

be described as any characteristic of a user, system, service, application, or context whose actual state 

or setting may have influence on the user QoE. This quality can change based on time of day, day of 

week and differ from different users, resulting that the same video can sometimes be assessed 

differently on different occasions. As such, the factors that influence QoE can be categorized as human, 

system or context related [2]: 

• Human factors are the varying properties or characteristics of human users. Because all 

humans are different in their physical, emotional and mental constitution, one can expect these 

factors to be complex and strongly correlated. Users can have a distinct demographic and socio-

economic background, physical and mental constitution, and emotional state. As explained 

above, the user experience may change based on time of day as a user’s emotions, mood, 

motivation, attention level change accordingly. Additionally, the inherent socio-economic 

situation, education background, attitudes, values and personality traits change from user to 

user. In terms of physical characteristics, the user’s visual and auditory acuity, gender, age may 

differ. With these notions in mind, one can picture, for example, that the viewer’s interests - a 

human factor-, such as favorite programs, will strongly determine their level and focus of 

attention, which can in turn define the QoE of the watched content. 

• System factors properties and characteristics that determine the technically produced quality 

of an application or service. They are related to media capture, coding, transmission, storage, 

rendering, and reproduction/display, as well as to the communication of information itself from 

content production to user. These may be divided into four sub-categories: 

o Content-related: content type and content reliability (e.g. specific temporal or spatial 

characteristics, color depth); 

o Media-related: referring to media configuration (e.g. encoding, resolution, sampling rate, 

frame rate, media synchronization); 

o Network-related: referring to data transmission over a network (e.g. bandwidth, delay, jitter, 

loss, error rate, throughput); 

o Device-related refer to the end systems or devices involved along the end-to-end 

communication path (e.g. UE’s display size, screen resolution, color depth, user interface 

capabilities, computational power, memory, battery life-time). 

• Context factors are factors that embrace any situational property to describe the user’s 

environment in terms of physical, temporal, social, economic, task, and technical 

characteristics. These can be described as:  

o Physical context: describes the characteristics of location and space, including 

movements within and transitions between locations;  

o Temporal aspects: describes the temporal aspects of the experience (e.g. time of day, 

duration, and frequency of use of the service/system);  

o Economic context: covers the costs, subscription type, or brand of the service/system; 



19 

o Task context: describes if the experience can be perceived by a focused user or a user in 

a multitasking situation; 

o Social context: describes if the user is alone or with other people present or even involved 

in the experience;   

o Technical and information context: describes the relationship between the system of 

interest and other relevant systems and services including devices (e.g., existing 

interconnectivity of devices over Bluetooth), applications (e.g., availability of an app instead 

of the currently used browser-based solution of a service), networks (e.g. availability of other 

networks than the one currently used). 

4.1.2 QoE evaluation methods 

QoE evaluation methods can be categorized in objective or subjective methods. An objective evaluation 

uses a developed metric, usually based on some key performance indicators, to automatically assess 

or predict the QoE; to obtain a subjective evaluation there is a need for human involvement. 

Subjective evaluation methods 

The most accurate way to obtain multimedia quality ratings is through subjective measurements, where 

a variable number of participants are asked to rate the multimedia clip(s) they have watched. These 

results are then averaged for each test clip which provides a MOS. One of the MOS scales proposed 

by the ITU have five levels: Level 5 - Excellent Quality (Imperceptible distortions), Level 4 - Good Quality 

(Perceptible distortions but not annoying), Level 3 - Fair Quality (Slightly annoying distortions), Level 2 

- Poor Quality (Annoying distortions) and Level 1 - Bad Quality (Very annoying distortions). The 

measurements will invariably depend on the person that is evaluating the intended clip(s), more 

specifically on their expectations, mood, interested, among other factors. If these evaluations are 

performed in controlled environments and if subjects are given precise instructions, it is possible to 

minimize the effects of some of the factors mentioned in section 4.2.1. The ITU also recommends other 

test procedures, with implicit comparisons, such as the Double Stimulus Continuous Quality Scale 

(DSCQS), with explicit comparisons, such as Double Stimulus Impairment Scale (DSIS), or absolute 

ratings, such as Single Stimulus Continuous Quality Evaluation (SSCQE) or Absolute Category Rating 

(ACR). The main limitations of subjective experiments are the requirement for several viewers, which 

makes the measurement time-consuming and makes real-time evaluation not possible, and the fact that 

these models need the human intervention to rate the service quality. 

Objective evaluation methods 

When approaching the MOS estimation and prediction problem from the MNO’s perspective, it is clear 

that the objective evaluation methods are a much more practical option, since these can be performed 

in a much more efficient, cheaper and time-saving manner, even though these may suffer from reduced 

accuracy. It is possible to categorize these models in three different classes, according to the used input 

parameters for predicting, or assessing, the QoE [11]: 

• Full Reference - The original signal is used as reference to compare with the received one and 

estimate the perceived quality.   
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• No Reference - The models use only the received signal to predict the QoE.   

• Reduced Reference - Some features are extracted from the original signal and transmitted 

over a side channel to the receiver. These features and the received signal are used to predict 

the quality. 

Peak-Signal-to-Noise-Ratio (PSNR) and Mean Square Error (MSE), are examples of an objective 

approach, these only evaluate the spatial quality of videos, hence they are not suitable or sufficient on 

their own for HTTP video streaming [17]. It is important to note that the user’s experience is influenced 

by not only the image quality, since ABS is being used, but also by some other relevant factors: 

• Representation quality: generally higher quality representations are perceived as better. 

This quality is related to the encoding rate of the representation selected by the client. The 

more time a higher quality representation is presented during playback, the better the 

experience;  

• Video representation switches: in adaptive streaming the experienced quality is also 

impacted by the frequency of quality changes during playback, especially when those changes 

lead to lower quality video;  

• Audio/video synchronization: in a dialogue, audio out of sync with video poses as a 

nuisance.   

The metrics above are application level metrics, but they influence QoE, and thus affect the 

predicted MOS. Some models that predict QoE based on some of the metrics featured in bold can be 

found in the literature such as the one that is extensively explained in section 4.3. 

4.2 QoE in DASH 

For this work, since the aim is to increase the QoE of a DASH end-user, the focus is to understand the 

evaluation methodologies, performance metrics and reporting protocols of DASH. With these application 

performance metrics, it is possible to provide QoE feedback and monitoring which are fundamental for 

detecting and debugging failures, managing streaming performance, enabling intelligent client 

adaptation, and allowing for QoE-aware network adaptation and service provisioning (useful for MNOs 

and content/service provider). [18] 

4.2.1 Triggering of QoE reporting 

QoE metrics clearly play a key role on the optimization of mobile networks for DASH. Accordingly, both 

the 3GPP and MPEG have included these metrics in their DASH standards. Additionally, for 3GPP 

DASH, there are mechanisms for triggering QoE measurements at the client device, which is 

responsible for these measurements and their reporting, as well as protocols and formats for the delivery 

of QoE reports to the network servers. The list of QoE metrics standardized by 3GPP that are applicable 

for DASH will be discussed in the following section. For now, the attention is on the monitoring and 

reporting mechanism, which is depicted in Figure 4.1 and has the following stages:  

• A server activates/triggers QoE reporting, requests a set of QoE metrics to be reported, and 

configures the QoE reporting framework. 

• A client monitors or measures the requested QoE metrics according to the QoE configuration. 
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• The client reports the measured parameters to a network server. 

For there to be an activation of QoE reporting, the server must send a message in which the 

reporting configuration information is included. From this message, the client learns the set of QoE 

metrics to be reported, the URIs for the server(s) to which the QoE reports should be sent, the format 

of the QoE reports (e.g., uncompressed or gzip), information on QoE reporting frequency and 

measurement interval, percentage of sessions for which QoE metrics will be reported, and access point 

name (APN) to be used for establishing the packet data protocol (PDP) context to be used for sending 

the QoE reports. This triggering of QoE reporting can be done through the “QualityMetrics” element in 

the MPD, the OMA Device Management (DM) QoE Management Object [18]. 

 

Figure 4.1 - QoE monitoring and reporting mechanism [19]. 

4.2.2 QoE metrics for DASH 

The metrics to be measured and reported by the client upon activation by the server were defined in 

3GPP’s DASH specification TS 26.247 and will be defined in this section. It is important to note that QoE 

reporting is optional, but if there is reporting by a DASH client it will have to report all requested metrics, 

according to the QoE configuration sent by the server. These metrics are described below in accordance 

to [18]: 

• HTTP request/response transactions – This metric registers the result of each HTTP request 

and corresponding HTTP response. For every HTTP request/response transaction, the client 

measures and reports: 

o Type of request (e.g., MPD, initialization segment, media segment); 

o Times for when the HTTP request was made, and corresponding HTTP response was 

received; 

o HTTP response code; 

o Contents in the byte-range-spec part of the HTTP range header; 

o TCP connection identifier; 

o Throughput trace values for successful requests. 

From HTTP request/response transactions, it is also possible to derive more specific performance 

metrics such as the fetch durations of the MPD, initialization segment, and media segments. 

• Representation switch events - This metric is used to report a list of representation switch 

events that took place during the measurement interval. A representation switch event signals 
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the client’s decision to perform a representation switch from the currently presented 

representation to a new representation that is later presented. As part of each representation 

switch event, the client reports the identifier for the new representation, the time of the switch 

event when the client sends the first HTTP request for the new representation, and the media 

time of the earliest media sample played out from the new representation. 

•  Average throughput - This metric indicates the average throughput that is observed by the 

client during the measurement interval. As part of the average throughput metric, the client 

measures and reports: 

o Total number of content bytes (i.e., the total number of bytes in the body of the HTTP 

responses) received during the measurement interval; 

o Activity time during the measurement interval, defined as the time during which at least 

one GET request is still not completed; 

o Wall clock time and duration of the measurement interval; 

o Access bearer for the TCP connection for which the average throughput is reported; 

o Type of inactivity (e.g., pause of presentation). 

• Initial playout delay - This metric signals the initial playout delay at the start of the streaming 

of the presentation. It is measured as the time from when the client requests the fetch of the 

first media segment (or sub-segment) to the time at which media is retrieved from the client 

buffer.  

• Buffer level - This metric provides a list of buffer occupancy level measurements carried out 

during playout. As part of the buffer level metric, the client measures and reports the buffer level 

that indicates the playout duration for which media data is available starting from the current 

playout time along with the time of the measurement of the buffer level. 

• Play list - This metric is used to log a list of playback periods in the measurement interval, 

where each playback period is the time interval between a user action and whichever occurs 

soonest of the next user action, the end of playback, or a failure that stops playback. The type 

of user actions that trigger playout may include a new playout request, resume playout from 

pause, or user-requested quality change. For each playback period, the client measures and 

reports the identifiers of the representations that were rendered and their rendering times (in 

media time) and durations, playback speed relative to normal playback speed (e.g., to track trick 

modes such as fast forward or rewind), and reasons why continuous playback of this 

representation was interrupted (e.g., due to representation switch events, rebuffering, user 

request, or end of period, media content, and a metrics collection period).   

• MPD information - This metric allows for reporting information on the media presentations from 

the MPD so that servers without direct access to the MPD can learn the media characteristics. 

Media representation attributes on bit rate, resolution, quality ranking, and codec-related media 

information including profile and level can be reported by the client via this metric.   
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4.3 Mobile QoE Models for Adaptive Video Streaming Through Mobile 

Networks 

In this section, several papers considered to be very relevant in the context of QoE assessment in 

adaptive video streaming over mobile networks are reviewed, in order to acquire the required knowledge 

for the development of a new, and hopefully better, QoE prediction model.  

4.3.1 QoE Model for Video Delivered Over an LTE Network Using HTTP Adaptive 

Streaming  

Objective 

The end user QoE of content delivered over a radio network is (mainly) influenced by the radio 

parameters in the radio access network. In [19], the authors assess the influence of these parameters 

on the video quality as perceived by the end users and the correlation of the MOS with some radio 

parameters. In the first phase, a set of representative HTTP Adaptive Streaming (HAS) profiles 

(sequence of chunk identifiers (e.g., by nominal bit rate or by quality level), one for each video segment, 

that are downloaded and played on the video client) were selected based on a lab experiment where 

scenarios with typical radio impairments (fading, signal-to-interference-plus-noise ratio (SINR), round 

trip time (RTT) and competing traffic) were investigated in a test network. Based on these HAS profiles, 

video files were prepared by concatenating chunks of the corresponding video quality. In a second 

phase, these video files were downloaded, viewed, and rated by many volunteers. Based on these user 

scores, a MOS was determined for each of the video files, i.e. the HAS profiles. It is important to note 

that this paper does not focus on the MOS based on the HAS profiles, but instead on the influence of 

the radio parameters on MOS and the possibility of developing such a model that could predict QoE by 

assessing those relevant radio access network (RAN) parameters. 

Technical solution 

Firstly, the authors detail how the set (cloud) of HAS profiles corresponding to each scenario (i.e., each 

set of radio parameters) was determined. The authors obtained 84 scenarios after identifying that the 

important parameters affecting QoE were device type, content type, congestion, SINR, fading and RTT. 

With this, it was possible to set these parameters to values typical for wireless environments:  

• Content - Low and high motion clips; 

• Competing traffic - 5, 10, or 20 competing File Transfer Protocol (FTP) users; 

• Combined fading and SINR profiles: 

o Fading of 0.3 km/h combined with 4 fixed SINR profiles of 0, 2, 5 and 10 dB; 

o Fading of 30 km/h combined with 3 variable SINR profiles: 30 to 0 dB; 0 to 30 dB and 

15 to 0 to 15 dB all changing in steps of 1 dB every two seconds; 

• RTT - 20 ms and 100 ms; 

• Device type: iPad and iPhone. 

For the experiments, the authors used the following test conditions: 

• 2 clips of about 2 minutes long from Sintel. One with slow, the other with high motion intensity; 
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• Content encoded with H.264/AVC for video at six levels: 128, 210, 350, 545, 876 and 1440 

kbit/s. Audio encoded with advanced audio coded (AAC) at 64 kb/s for stereo audio; 

• HAS server connected to HAS clients via an LTE network; 

• Apple HTTP live streaming (HLS) variant of HAS was used; 

• Propsim*F8 allowed the controlled introduction of various radio related impairments; 

• NewHawk EAST* T500 was used to introduce background traffic to alter the congestion on the 

air interface. 

Each of the 84 scenarios was run an average of eight times in order to select a typical HAS profile 

for that scenario. Some of the HAS profiles were similar, hence there was a reduction in profiles which 

allowed for the introduction of some synthetic profiles (HAS profiles that did not show up while using the 

HLS client in this test network, but could occur with other algorithms), resulting in 90 HAS profiles to be 

tested. The resulting 90 files were grouped into 20 packages of 5 clips each. A package was allocated 

to each of the 500 volunteers that rated the clips in a package which yielded a MOS value for each HAS 

profile. It is important to mention that the 90 videos created above did not have any stalls. Since HAS 

was especially designed to avoid such stalls, these were not considered.  Therefore, in this paper, only 

the rating of a HAS video that is played out continuously and consists of segments that may have 

different qualities is predicted. Subsequently the authors used the QoE model that predicts the MOS 

based on the HAS profile proposed and evaluated in [20] and is given by (4.1). 

𝑀𝑝𝑟𝑒𝑑  =  𝛼 ⋅  𝜇 −  𝛽 ⋅  𝜎 −  𝛾 ⋅  𝜑 +  𝛿   (4.1) 

in which, 𝛼, 𝛽, 𝛾 and 𝛿 are tunable parameters and 𝜇 is the average of quality info, 𝜎 is the standard 

deviation of quality info and 𝜑 is the frequency of switches. The parameters are then tuned by minimizing 

the root mean squared error (RMSE) between what the MOS that the model predicts (𝑀𝑝𝑟𝑒𝑑) and the 

measured subjective MOS values (𝑀𝑠𝑢𝑏𝑗). 

Performance Assessment 

• Relating MOS and Scenario Parameters 

Relation between the scenario parameters and the corresponding MOS. To limit the number of 

scenarios during the lab tests, the parameters of the scenario were not always chosen independently. 

While the fading conditions have been linked with SINR profiles, the content (clip), number of FTP users, 

and RTT were chosen independent of the other parameters. The scenario parameters that have the 

most impact on the MOS can be determined by analyzing Table 4.1. It shows the results of the average 

of 𝜇𝑠 over the scenarios that were grouped according to the filter criterion given in the first column. The 

first row (labeled “average”) is the average over all scenarios. From the table and having in mind the 

(in)dependence of scenario parameters, one can conclude the following expected relations: 

• Average MOS for clip 1 (lower motion intensity) is higher than for clip 2 (higher motion intensity) 

(which can be explained by the fact that clip 2 is harder to encode); 

• Average MOS increases when the number of FTP users decreases; 

• Higher MOS is seen with lower RTTs; 
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• MOS increases when (average) SINR increases; 

• No conclusion can be made on the impact of fading. The table shows higher MOS for more 

fading, but this is since the higher fading scenarios have higher average SINR in the radio 

scenarios used. 

Table 4.1 - 𝜇𝑠 values for all scenarios (using a tablet) [19]. 

 

• Radio Scenario Parameters Based Model  

The authors questioned the possibility of building a QoE model that predicts the MOS based on the 

radio scenario parameters. The conclusion is that it can be quite a complex model, since it must take 

into account not only radio parameters, but also factors like Transmission Control Protocol (TCP) type 

used in the client decision algorithm, TCP goodput, among others, and the HAS profile is also easier to 

capture than all the radio parameters. Based on that, the authors concluded that it is better to predict 

MOS based on the HAS profile than based on radio parameters.  

• Combination of Radio Parameters That Provide Sufficient Quality  

The authors also tried to determine if any four parameters (SINR, FTP users, RTT, and content) would 

suffice for an efficient quality estimation. However, it was not possible to provide minimum requirements 

on any of the parameters without specifying the others for obtaining good video quality. 

4.3.2 Measuring and Predicting Quality of Experience of DASH-based Video 

Streaming Over LTE 

Objective 

In [12] the authors study the relationship between LTE signal quality parameters and user QoE condition 

of DASH video service in LTE network, since the end-user’s QoE of content delivered over a radio 

network is (mainly) influenced by the radio parameters in the radio access network. Having this in mind, 

in this paper the authors propose two machine learning models to predict user QoE based on LTE 

network quality metrics and calculate the feature importance of different parameters.  
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Technical solution 

Firstly, the authors studied the quality issues of DASH videos in the LTE network. To do this, they 

deployed a DASH video server on Ali cloud (cloud computing platform) and then modified the DASH 

client source code to collect the necessary video playback information (e.g., timestamp, 

videocurrenttime, bitrate, bitindex, buffer length) for the analysis of video watching quality. For 

measuring LTE network quality metrics, the authors then developed a user-friendly Android app and 

stored measured data in the MongoDB database which was also deployed on the Ali cloud. The LTE 

network quality metrics were measured using: 

• HuaWei H60-L01 with the following characteristics: 

o 16GB storage; 

o 3GB RAM; 

o Hisilicon Kirin 920 processor; 

o Android 4.4.2 version. 

• Big Buck Bunny experimental video, each clip with 20 different bitrates between 46 - 3858 kbps. 

RSRP, RSSNR, RSRQ and RTT were the metrics used to analyze and evaluate the performance 

of LTE network. These metrics are described in full detail in section 2.6. The ten minutes long 

experimental video is watched in its entirety on the smartphone through LTE network. Video playback 

information is collected from the DASH client and LTE network quality metrics from Android app both of 

which are then stored. When performing data processing, the video freezing condition (videocurrenttime 

parameter) was used to quantify the user’s QoE. This parameter records the current playback position 

of video client, so two adjacent measurement data must have the same videocurrenttime (vct) value 

when video freezing event occurred as is shown in (4.2). 

𝑄𝑜𝐸_𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟[𝑖] = {
0, 𝑣𝑐𝑡[𝑖] = 𝑣𝑐𝑡[𝑖 + 1]
1, 𝑜𝑡ℎ𝑒𝑟𝑠

   (4.2) 

Performance Assessment 

• Correlation between LTE network quality metrics and user QoE  

From the experimental measurements and posterior statistically analysis of the data of LTE network 

quality metrics some conclusions regarding the correlation between LTE network quality metrics and 

user QoE indicator can be drawn: 

• By analyzing the mean and standard deviation of the measured parameters, it is visible that the 

volatility of LTE network quality metrics is heavy, which demonstrates that the LTE network 

quality changes heavily while watching the DASH video on smartphone; 

• The significant number of poor-QoE events, reflect that the current DASH control algorithm still 

has some problems to conquer in LTE network environment; 

• When calculating the mutual information between every single feature and user QoE indicator 

the mutual information between RTT and user QoE indicator is 0.12, which is the highest value 

in Table 4.2, followed by RSRP and RSSNR, valued at 0.10 and 0.07, respectively. Thus, it is 

reasonable to conclude that QoE is correlated to the LTE network quality metrics, particularly 

RTT. 
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Table 4.2 - Mutual information between LTE network quality metrics and user QoE indicator [12]. 

 

• DASH video QoE models 

Two machine learning models were built to predict the QoE of a user’s DASH video watching based on 

the LTE network quality metrics: 

• QoE mapping model – Model that, based on the current LTE network quality metrics, predicts 

whether a user can have a good QoE while watching a DASH-based video. The authors 

suggest that it can be used to estimate the video playback conditions before a video is 

watched. This model was trained using the features in Table 4.3; 

• QoE prediction model – Model based on windows (History Window (HW), Interval Window (IW) 

and Prediction Window (PW)) that uses the measured LTE network quality metrics in the HW 

to predict the user QoE in the PW. These LTE network quality metrics can be continuously 

collected during a user’s video watching process allowing for the prediction of the user QoE in 

the next Prediction Window. The DASH’s bitrate control algorithm can then be adjusted to 

improve the continuity of video playback. This model was trained using the features in Table 

4.4. 

Table 4.3 - Feature importance of different algorithms for QoE mapping model [12]. 

 

Table 4.4 - Feature importance of different algorithms for QoE prediction model [12]. 

 

The authors used Random Forests (RFs), Decision Trees (DTs), Support Vector Machines (SVM) 

and K-Nearest Neighbor (KNN) to train these models. To evaluate the performance of these models, 

the authors resorted to F1 score (F1) (4.6), Precision (p) (4.3), Recall (r) or True Positive Rate (TPR) 

(4.4) and False Positive Rate (FPR) (4.5). 
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p =
TP

TP+FP
     (4.3) 

r = TRP =
TP

TP+FN
           (4.4) 

FPR =
FP

FP+TN
       (4.5) 

𝐹1 =
2rp

𝑟+𝑝
             (4.6) 

Where  

• True Positive (TP): Corresponding to positive samples which are classified correctly by 

prediction model; 

• False Negative (FN): Corresponding to positive samples which are classified erroneously as 

negative samples by prediction model; 

• False Positive (FP): Corresponding to negative samples which are classified erroneously as 

positive samples by prediction model; 

• True Negative (TN): Corresponding to negative samples which are classified correctly by 

prediction model. 

The different algorithms’ F1 score of poor user-QoE prediction results are compared as they are a 

comprehensive index that both includes precision and recall. As shown in Table 4.5, the Random 

Forests algorithm has a higher F1 score for poor user-QoE prediction (i.e., 0.75) than the other three 

algorithms. In terms of feature importance, as can be seen in Table 4.3, RTT has the largest value 

among four parameters in two different machine learning algorithms, which clearly indicates that RTT 

is the most important feature for the prediction of poor user-QoE events. 

The Random Forests algorithm was chosen to train both the QoE mapping model, using all four 

features listed in Table 4.3 as input variables, and the QoE prediction model, using RSRP (Mean), 

RSSNR (Mean), RSRQ (Mean), RTT (Mean) and RTT (SD) as input features in agreement with their 

importance, which can be seen in Table 4.5. 

Table 4.5 - Performance of different algorithms for QoE mapping model [12]. 

 

4.3.3 Measuring the Quality of Experience of HTTP Video Streaming 

Objective 

In [17], the relationship between the three dimensions (network, application, and user dimensions) of 

HTTP video streaming QoS is studied. This conceptual relationship is depicted in Figure 4.2. The 

ultimate goal is to understand how the network QoS (i.e., network path quality) affects the user´s QoE. 
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Figure 4.2 - Three levels of QoS [17]. 

Technical Solution 

The network dimension of the QoS is the network path performance between a server and a client, 

including the round-trip time (RTT), packet loss rate, and network bandwidth. The application dimension, 

on the other hand, reflects the performance from the application point of view. To measure this 

performance, the authors propose three Application Performance Metrics (APM) to express the impact, 

on the user QoE, of the temporal structure of a video playback, regardless of the video content:  

• Initial delay 

• Rebuffering average time 

• Rebuffering frequency 

The metrics above are described in detail in section 4.1.2. They are combined in a partial QoE 

model, that predicts the Mean Opinion Score (MOS) according to (4.7). 

𝑀𝑂𝑆𝑝  =  4.23 −  0.0672 ∗ 𝐿𝑡𝑖  −  0.742 ∗ 𝐿𝑓𝑟  −  0.106 ∗ 𝐿𝑡𝑟,  (4.7) 

where 𝐿𝑡𝑖, 𝐿𝑓𝑟 and 𝐿𝑡𝑟 are, respectively, the performance levels for the initial delay, rebuffering frequency 

and rebuffering average time, which assume the values 1, 2 and 3 (for low, medium and high levels, 

respectively) according to Table 4.6 (note that the lower the level, the higher the MOS). The model 

coefficients were obtained from regression analysis of the MOS values resulting from subjective tests. 

Table 4.6 - Three performance levels based on the APMs [17]. 

 

Performance Assessment 

Using the QoE model proposed in the previous subsection, a QoE assessment experiment was 

made with Flash video using some test subjects. The purpose is to quantify how the QoE is influenced 

by the network dimension of QoS. The sequence is, as seen Figure 4.2: the network dimension affects 

the APM’s which in turn affect the QoE (here represented by the 𝑀𝑂𝑆𝑝 in the model above). The used 

testbed is the following: 

• Apache Webserver 2.2.14 running Ubuntu (server used to store the media content); 
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• A Click router (used to emulate different network bandwidths (> 1 Mbit/s), packet loss rates 

(up to 8%) and packet delays (up to 100 ms)); 

•  A Firefox 3.6.8 browser used as client running modified version of Flash Player 10.1 called 

FlashTrack; 

• Dataset for subjective assessment (Movie trailer of “New Moon” from the Twilight Saga). 

Instead of delivering the video in real-time, the rebuffering events were simulated by pausing and 

resuming the video. FlashTrack has been used to compute the actual APMs based on the video 

playback status obtained from the client. It uses the Flash Netstream class to record the buffer status 

and current playhead time every 0.25 seconds, and special events, such as empty buffer. The property 

BufferTime in the Netstream class has been used to adjust the size of the player buffer. The buffer must 

be filled up before starting the playback or after the rebuffering event. In the experiments, BufferTime 

was set to 3 seconds as this was observed to be the value possibly used by YouTube. Figure 4.3 shows 

the histograms of the APM’s measured by FlashTrack under different network conditions (network 

bandwidth (Mbits/s), RTT (ms) and packet loss rate (%)). The results are the averages from three 

independent trials. All three APM’s increase with the packet loss rate and delay but decrease with the 

network bandwidth. 

 

Figure 4.3 - The three APM’s under different network conditions [17]. 

Figure 4.4 plots the 𝑀𝑂𝑆𝑝 against the three levels of rebuffering frequency (initial delay and 

rebuffering average time were kept at a constant level). It shows that the level of rebuffering frequency 

is negatively correlated with the MOS. This parameter is usually the most important one when it comes 

to the user-perceived video quality. Users are often willing to tolerate longer start-up times in exchange 

for better video-watching experience, notably without rebufferings. This shows that the temporal 

structure, instead of just spatial artifacts, affects greatly the QoE. 

Using the previous QoE model, it is now possible to complete the sequence from network directly to 

QoE (𝑀𝑂𝑆𝑝) With the three APM estimates (easily obtained by any Internet Service Provider through 

the network conditions at any given moment), their levels are retrieved according to Table 4.6 and finally 

their MOS is obtained to represent the user-perceived performance under different network conditions. 

Moreover, what follows is perhaps the most important achievement of the paper: being able to 

directly map the network dimension with QoE by iterating, several times, the process described in the 

last paragraph. This relationship can be better seen in Figure 4.5. The MOS is divided into three levels 

– greater than 1, 2 and 3 – which are represented using different grey levels. The network metrics with 

the same MOS level are bounded into areas. Sector AB, BC and CA fix one of the network metrics to 

the “best” value – unlimited bandwidth, zero packet delay, and zero packet loss rate, respectively. The 
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other two metrics, on the other hand, vary within the sectors. As shown in Figure 4.5, both packet loss 

rate and packet delay are the dominant factors affecting the QoE. The sector AB of the chart, which 

varies the packet loss rate and packet delay, is mainly a dark color region (i.e., a low MOS). This effect 

is also reflected in the large light color regions shown in sectors CA (zero packet loss rate) and BC (with 

zero packet delay). 

 

Figure 4.4 - MOS against levels of rebuffering frequency for four types of video clips [17]. 

 

 

Figure 4.5 - The radar chart mapping the network dimension with QoE [17]. 

4.3.4 Real-Time QoE Estimation of DASH-based Mobile Video Applications 

through Edge Computing 

In [21], a real-time in-network QoE estimation scheme that is enabled by edge computing is proposed. 

This scheme is packaged into a virtual network function (VNF) and is deployed at a Multi-Access Edge 

Computing (MEC) server. The goal is to measure the 4 major QoE metrics for video applications in real 

time, including initial playout delay, video buffer, rebuffering events (occurrence and duration) as well 

as video quality switching statistics. This scheme advantageously can operate in an environment typical 

of mobile communications. The authors study an offline approach that can estimate all 4 QoE metrics 

above, and convert it into a real-time approach, by optimizing the algorithm so it consumes less 

resources and corrects errors commonly occurring in mobile network. The algorithm analyzes packet 
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sniffing traces from within the network. Specifically, every time a client downloads a video segment, it 

utilizes 3 key packets during the download to estimate the client’s QoE. These key packets contain the 

segment’s HTTP GET request, HTTP 200 OK response and the last packet containing the requested 

segment data respectively. 

Technical Solution 

Figure 4.6 characterizes the scenario considered by the authors where a DASH client streams a video 

from a content source (owned by content provider) via an LTE network infrastructure (owned by MNO), 

and a MEC server is deployed within the MNO infrastructure. The QoE estimation VNF is deployed at a 

MEC server and consists of 4 functional blocks: 

• HTTP proxy: responsible for handling incoming DASH requests by e.g., resolving them to an 

appropriate video source. It provides input to the QoE estimation algorithm in terms of incoming 

requests’ URL and timestamp; 

• Packet sniffer: captures packets on transport layer and identifies all DASH-related ones. It then 

pre-processes each packet’s information into an efficient one-line format, which includes 

timestamp, TCP port number, SEQ/ACK number etc. The information is then passed to the QoE 

estimation algorithm as inputs; 

• QoE estimation algorithm: processes the inputs from the HTTP proxy and the packet sniffer 

and estimates all 4 QoE metrics mentioned earlier of all DASH clients covered by the MEC 

server. This algorithm is described in further detail below; 

• User QoE repository: stores all DASH clients’ current and historic QoE knowledge, which can 

be used by MNO and/or content service provider to perform QoE-driven optimizations. 

The physical location of this QoE estimation VNF is flexible within the MNO infrastructure as it can 

be deployed anywhere between a base station and the P-GW.  

 

Figure 4.6 - System Architecture [21]. 

• QoE estimation algorithm 

The proposed QoE estimation algorithm is composed of 3 stages: 

A. DASH Session Identification 

When a video segment request is received by the HTTP proxy, the QoE estimation algorithm firstly 

identifies which DASH session this request belongs to. Likewise, when the packet sniffer captures a 

packet, the algorithm also needs to 1) check if this is a DASH-relevant packet; and 2) if so, which DASH 
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session it belongs to. To this end, the QoE estimation algorithm maintains a list of all DASH clients, 

where each client contains a list of DASH video sessions (VS), where a VS instance is created every 

time an MPD manifest request is sent from the client. The strategy (key timestamp-based) used by the 

authors in the DASH session identification grants that packets errors such as packets containing the 

GET request not always being captured, arriving out-of-order, or being duplicated are effectively ruled 

out. It is worth mentioning that the DASH session identification mechanism above works when a client 

has multiple ongoing DASH sessions and if the actual clients are behind NAT (sharing the same IP 

address). This significantly improves its practicality in real-world applications.  

B. Video Quality Estimation 

To estimate a DASH client’s experienced video quality, the algorithm needs to know the exact URL that 

the client requested for each segment, which is then mapped into specific representations as follows: 

1. Client requests video’s MPD manifest at the beginning of the DASH session; 

2. HTTP proxy intercepts the file and keeps a copy then parsing the URL of each representation 

segment and generates a look-up table; 

3. When the client requests a segment, the HTTP proxy can map the URL contained in the HTTP 

GET request into a specific segment ID and representation. Hence the video quality and 

switching events are captured with 100% accuracy on a per-segment basis. 

C. DASH Client Video Buffer Estimation 

To estimate a DASH client’s video buffer in real time, through the estimation of initial playout delay and 

rebuffering events, the algorithm needs to detect, as soon as possible, as the packet flow passes the 

packet sniffer, 2 key timestamps within each SDS: 

• LAST_SENT marks the point when the last packet containing data of the requested segment is 

sent towards the client. A SENT packet is identified to contain a requested segment’s data sent 

towards the client. Every time a SENT packet is identified, a counter is updated. When the 

counter reaches the size of the requested video segment, the latest SENT packet’s timestamp 

is identified as the SDS’s LAST_SENT; 

• The second key timestamp, LAST_ACK, marks the point when the HTTP proxy receives the 

last ACK sent from the client, hence acknowledging it has received the entire requested video 

segment.  

These 2 key timestamps are then used to estimate a DASH client’s video buffer using an algorithm 

that can be seen in further detail in [21]. 

Performance Assessment 

To evaluate the proposed QoE estimation scheme the authors conducted experiments in a real LTE-A 

network testbed using: 

• PC running Ubuntu 16.04, Google Chrome browser v62, 

• dash.js v2.6.3 (DASH client), connected to LTE Band 41 small cell via Huawei Nexus 6P 

through USB tethering; 
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• Video with 246.08s, first compressed into 1 single representation with H.264 at 15Mbps, 

divided into DASH segments of 2s length. 

The QoE estimation scheme is implemented and packaged into a VNF and deployed onto a MEC 

server, which is deployed next to the P-GW in the LTE-A core network, as can be seen in Figure 4.7. 

 

Figure 4.7 - Experiment setup [21]. 

To evaluate the accuracy of the QoE estimation algorithm under various network conditions, the 

authors conducted experiments in 3 scenarios with different backhaul latency and packet error rate 

between the MEC server and the video source. The RAN conditions are the same among the 3 

scenarios. The predicted DASH client buffer is then compared with logs console logs from the Chrome 

browser to reconstruct the real DASH client buffer conditions as a benchmark. This comparison can be 

seen in Figure 4.8 it is where shown that the algorithm achieved very high accuracy when estimating 

initial playout delay, playback duration and rebuffering duration in the different network conditions. The 

comparison is further detailed in Table 4.7 where, again, it is seen the accuracy of the algorithm. 

 

Figure 4.8 - Comparison between estimated and real buffer length under (a) ideal; (b) fluctuating and (c) 
poor network conditions [21]. 

Table 4.7 – Comparison between real and estimated QoE statistics [21]. 

 

The authors further evaluate the QoE estimation scheme’s CPU and RAM usage and conclude that 

the proposed scheme is capable of operating in a lightweight and stable manner over long term, which 

is very important in a possible implementation on a real mobile network. 
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Chapter 5 Data Acquisition and Analysis 

The focus of this chapter is on explaining how the dataset was obtained and its analysis. Firstly, the 

data collection process from the drive test is explained as well as the drive tests that provided this 

dataset. The reference model required to enhance the dataset with ground-truth MOS values is 

described, and the statistical distribution of the resulting MOS values is presented. 

5.1 Drive Tests and Benchmarking 

Drive tests are valuable tools for both telecommunications operators, regulators and consultancy 

companies, since these allow for the assessment of the network QoS. For the operators, drive test 

benchmarking can provide not only data regarding the status of their network but also regarding other 

operator’s networks, so that the operator can assess its competition. Regulators can monitor if the 

operators are complying with established regulations, and for consultancy companies, the gathered data 

can be sold to operators or can be used to improve current technologies and develop new ones. 

There are two main types of drive tests. In the scanner mode, the radio-frequency spectrum is 

scanned, and the received signal's strength and interference are measured. In the dedicated mode, a 

mobile device connects to the network, simulating a user accessing any service (e.g., voice, video 

streaming). Several metrics can be collected during each service establishment and throughout the 

service execution. In this mode, it is possible to collect a wider range of metrics than in the scanner 

mode; hence dedicated drive test data is used in this work. 

Drive test campaigns in dedicated mode are performed with two main objectives. Firstly, they are 

conducted with the goal of benchmarking the MNOs ability to provide services like voice calls, web 

browsing, video streaming, etc. through the different mobile network technologies (2G, 3G, 4G). 

Additionally, a MNO may request specific dedicated mode drive tests to assess a given service 

performance. This performance can be assessed with the evaluation of several KPIs gathered during 

the drive test. For data services, these KPIs can be related to the different layers of the 4G Open System 

Interconnection (OSI) model, as described below. Figure 5.1 depicts the structure of the E-UTRAN 

protocol stack for the control plane. This structure is divided into three layers which encompass one or 

more sublayers [6], [22]: 

• Layer 3  

o Non-Access Stratum (NAS) – The NAS, also referred to as the ‘upper layers’ of the 

control plane between the user equipment (UE) and MME. This layer’s control protocols 

handle the mobility of the UE, tracking area update, authentication and Evolved Packet 

System (EPS) bearer establishment, modification and release. 

 

o Radio Resource Control (RRC) – The RRC sublayer’s functions include broadcast of 

system information related to the NAS and to the access stratum (AS), the paging, 

establishment, maintenance and release of an RRC connection between the UE and 

E-UTRAN. This layer’s functions include key management and establishment, 

configuration, maintenance and release of point to point Radio Bearers. 
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• Layer 2 

o Packet Data Convergence Control (PDCP) – This layer processes RRC messages. 

Depending on the radio bearer, the main functions of the PDCP layer are header 

compression, security (integrity protection and ciphering), and support for reordering 

and retransmission during handover. 

o Radio Link Control (RLC) – The main functions of the RLC layer are segmentation 

and reassembly of upper layer packets in order to adapt them to the size which can 

actually be transmitted over the radio interface. The RLC layer also performs 

retransmission to recover from packet losses. Additionally, the RLC layer performs 

reordering to compensate for out-of-order reception. 

o Medium Access Control (MAC) – This layer performs multiplexing of data from 

different radio bearers. By deciding the amount of data that can be transmitted from 

each radio bearer and instructing the RLC layer as to the size of packets to provide, the 

MAC layer aims to achieve the negotiated QoS for each radio bearer. For the uplink, 

this process includes reporting to the eNodeB the amount of buffered data for 

transmission. 

• Layer 1 

o Physical Layer (PHY) – This layer carries all information from the MAC transport 

channels over the air interfaces described in sections 2.2 and 2.3. It handles the link 

adaptation, power control, cell search (for initial synchronization and handover 

purposes) and other measurements (inside the LTE system and between systems) for 

the RRC layer. 

 

Figure 5.1 - LTE protocol stack layers [22]. 

The drive tests and the gathered data have the following characteristics: 

• Performed using 3 operators’ 2G, 3G and 4G networks; 
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• Collected within 4 days of testing (04/12/2017 – 07/12/2017) in the year of 2017, one day 

(04/01/2018) in 2018 and in three dates on the year of 2019 on the months of January, April 

and May; 

• Using 2 distinct mobile devices (Samsung Galaxy S8 (SM-G950F) and Sony XZ (F8331)); 

• The tests were conducted by analyzing the process of downloading and playing a Youtube video 

out of a selection of three different videos, two of them lasting 0m45s and one lasting 0m47s; 

• Collected several KPIs regarding the Youtube video metrics (number of video freezes, average 

video resolution, etc.), Layer 2 and Layer 1; 

• Performed in Portugal in different locations (as can be seen in Figure 5.2): 

o Cities (Lisbon, Setúbal, Porto, Braga, Figueira da Foz, Viana do Castelo); 

o Highways (A12, A16, A1, A23, A3, A8, A17, A29, A41); 

o Smaller Cities (Vila Real, Bombarral) 

o Others (Nisa, Trofa, Peso da Régua, Lancada, Aldeia de Irmãos, Santa Comba, 

Caramulo, Tondela) 

• Performed in different mobility settings (no mobility or at different speeds); 

• Collected information regarding 4510 sessions; 

 

Figure 5.2 - Locations of each video streaming session collected in drive tests.  

As mentioned in section 3.4, it is up to each devices’ DASH client to analyze the network (e.g., 

transmission bitrate) and UE parameters and, based on these, to decide which bitrates to request from 

the HTTP server. Since the MPEG-DASH standard does not cover these client decisions, each 

manufacturer can implement different video segment adaptation and fetching processes.  

Using data collected with only one device means that one would exclusively be studying the impact of 

the radio KPIs on the user QoE when watching a video on that specific device. However, by also using 
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data collected by another device it is possible to increase the representativity of different devices’ DASH 

client behavior, making it possible to study the QoE that users may have on different devices.  

Data Processing and Preliminary Feature Selection 

The first step to take when handling data is to organize and process the dataset under study. This means 

removing instances (in this case video streaming sessions) that may be at fault for some reason (missing 

one or more KPIs, no data because of a failure in initiating the session) as well as removing some 

irrelevant features (KPIs or session identification parameters). Additionally, only the 4G-related data 

was selected, since the objective is to predict QoE for 4G networks. As a result of this first data 

examination, the video metrics were selected and the several KPIs were grouped according to the OSI 

model layer they belong to. This categorization is shortly exemplified below: 

• Video Metrics parameters 

o Number of Interruptions 

o Interruptions Duration [s] 

o Maximum Interruption Duration [s] 

o Average Video Resolution 

o Reproduction Start Delay Duration [s] (Initial Delay) 

o Session duration [s] 

• Layer 3 – Non-existent 

• Layer 2 (15 parameters in total) 

o (Uplink and Downlink) Total_number_of_PDU 

o (Uplink and Downlink) Number_of_data_Bytes 

o (Uplink and Downlink) MAC_Throughput 

o (Uplink and Downlink) Number_of_RLC_PDU 

o … 

• Layer 1 (123 parameters in total) 

o RSSI (Received Signal Strength Indicator) 

o RSRP (Reference Signal Received Power) 

o RSRQ (Reference Signal Received Quality) 

o (Uplink and Downlink) MCS (Modulation Coding Scheme) 

o SINR (Signal to Interference plus Noise Ratio) 

o Modulation information 

o … 

5.2 QoE Model Selection and Ground Truth Values 

In order to develop and assess a QoE prediction model, subjective quality scores (i.e., ground-truth 

data) are required; these can either be obtained by subjective evaluation by a test panel or estimated 

using an already proven objective model of the users’ perception. Since during the drive tests it was not 
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possible to apply the first alternative, an appropriate objective model that could replicate the subjective 

scores had to be used. The chosen objective model should verify two main conditions:   

i) the required variables and parameters should be available on the collected data; ii) it should be a 

reliable model, that could emulate the user perception of the video-watching experience and thus 

produce a reliable MOS result. The selected model resulted from the study conducted in section 4.3.1, 

and after examining the parameters provided in the drive test document; it was firstly proposed in [20] 

and adapted in [23], and is described by: 

        𝑀𝑂𝑆𝑒𝑠𝑡 = 5.67 ∗
�̅�

𝑞𝑚𝑎𝑥
− 6.72 ∗

�̂�

𝑞𝑚𝑎𝑥
− 4.95 ∗ 𝐹 + 0.17                 (5.1) 

where  

𝐹 =  
7

8
∗ 𝑚𝑎𝑥 (

𝑙𝑛(𝜙)

6
+ 1, 0) +

1

8
∗ (

𝑚𝑖𝑛(𝜓,15)

15
),   (5.2)                    

�̅� is the average value of the requested video quality level and �̂� is its standard deviation, which are 

both normalized with respect to the highest available (in the server) quality level, 𝑞𝑚𝑎𝑥, for that video. 

The parameter 𝐹 models the influence of freezes (i.e., video stalls) and takes into account 𝜙 and 𝜓 , 

which represent the freeze frequency and the average freeze duration, respectively. 

The reasoning behind electing the model in [23] and not the original presented in [20], resides in 

the fact that the latter did not take into account the video stalls (video freezing events) since the authors 

considered that “HAS was especially designed to avoid said stalls”. However, these stalls do happen, 

especially in a rapidly varying mobile network environment, and have a high negative impact on the 

QoE. 

Comparing the available data to the data required as model inputs 

The average quality of the played video segments, �̅�, is not directly available from the drive tests since 

there is no information regarding the individual played video segments throughout the video session; 

nonetheless, the same information can be obtained by averaging the video resolutions registered 

periodically during the session. Additionally, other model parameters were obtained through some 

simple calculations using the data provided in the dataset. These were: 

𝜙 =  
Number of Interruptions

Duration of the session [s]
                     (5.3) 

and 

𝜓 =
Interruptions Duration [s]

Number of Interruptions
.                      (5.4) 

Standard Deviation of Video Quality Level  

Because of the way that the drive tests were conducted, where the parameters were collected during 

the session and only their average or maximum values were shown in the dataset, it was not possible 

to obtain the standard deviation of the quality of the video segments that were transmitted. As such, a 



40 

decision had to be made regarding a possible estimation of this parameter or if it would be more 

appropriate to set this parameter to a default value. Due to the lack of appropriated data, the first 

approach could not be pursued. For the purpose of adopting the second approach, the following points 

that support or discourage it were: 

PROS: 

• In some of related works, the authors do not consider the standard deviation of the quality of 

the video segments to be an important parameter in the estimation of QoE and/or do not include 

this parameter as input to their model mainly due to the fact that smartphone screens are smaller 

than normal laptop/desktop screens where many of the tests that point out the importance of 

this parameter were conducted. This could mean that, when watching video on the smaller 

smartphone screen, the impact of quality changes is less noticeable [24], [25], [26], [27], [28]. 

CONS: 

• There have been several papers, including the paper that originally proposed the used model 

[23], that consider at least one parameter associated to video quality switching/adaptation as 

an important factor in the QoE degradation. Some of those parameters are quality switching 

frequency, number of quality switches, amplitude of the quality switches, quality switching 

direction and time on the highest layer and at least one is included as input on the papers’ 

proposed QoE models [29], [27]. 

• By assuming  𝑞 ̂ = 0 in the sessions in which the �̅� is constant and the same, the error for 𝑞 ̂is 

null, i.e., when the 𝑞 ̅ is exactly one of the fixed resolution values (like 240p, 360p,…,1080p) it 

is very unlikely that there was any variation in the video resolution for the played segments 

throughout the session, which in fact corresponds to a   𝑞 ̂ = 0. Whereas if �̅� reflects a non-

constant resolution, i.e. is a value that does not correspond to one of the fixed resolution values, 

the error between the actual 𝑞 ̂ and its assumed value (  𝑞 ̂ = 0) is not null and is different 

among the different sessions. 

After weighting the pros and contras, the decision was to set   𝑞 ̂ = 0 and assume that, due to the 

small size of the smartphone screens on which these videos were/are going to be watched, the changes 

in the video resolution do not greatly impact the users’ QoE. Accordingly, it is expected that the final 

prediction model will have only a slightly diminished prediction capacity of the users’ real QoE, and that 

this will not affect the conclusions regarding the possibility of constructing a QoE model based on MNO 

measurements. 

MOS Values Distribution 

After computing the model input parameters, the MOS ground truth values were obtained for each 

session, according to (5.1), resulting in values in the range [0, 5.84]; since the usual MOS scale is in the 

range [1, 5], a simple linear rescaling was applied. Figure 5.3 depicts the final MOS values distribution. 
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Figure 5.3 - Distribution of MOS values of all sessions in the dataset. 

Figure 5.4 is obtained by adjusting the number of bins on the histogram where it is possible to 

see the number of sessions grouped by good ]4, 5], average ]3, 4] and low (]2, 3], [1, 2]) MOS values. 

 

Figure 5.4 - Grouped distribution of MOS values. 

From the analysis of the resulting MOS values, the following remarks can be made: 

• The dataset is extremely unbalanced, where the optimal MOS values ]4, 5] are in clear majority. 

One presumable future complication arises from the lack of low and average MOS values which 



42 

could lead to added difficulties in incorporating the less represented values in new QoE model; 

this topic will be addressed in Chapter 6. 

• From  Figure 5.3 it is clear that the group of optimal values ]4, 5] has two greatly represented 

values around a MOS of 5 and ~4.4/4.5. These are sessions where all the video input 

parameters (�̅�, �̂�, 𝐹) have their maximum values or very close to it. There are two 

agglomerates of values in 4.5 and in 5, that will be justified when analyzing the distributions of 

MOS for each smartphone, separately. In Figure 5.5, it can be seen that the MOS distribution 

for the Samsung Galaxy S8 (in red) has its maximum MOS around 4.4, and from Figure 5.6 it 

can be seen that the reason for this is that the smartphone only reached a maximum value for 

�̅� of around 930p, while the other parameters are at their maximum. 

• From the distribution of MOS values for the Sony XZ, depicted in blue in Figure 5.5, it can be 

concluded that the maximum score is 5, and because the maximum value for �̅�  in the drive 

tests videos (1080p) was reached, as seen in blue in Figure 5.6. 

 The differences in selection of �̅� and subsequent different MOS distributions for each device can 

be attributed to the different DASH client behavior. It is known that many manufacturers have decided 

to design their DASH algorithms to display/request a lower than maximum resolution since this leads to 

savings in both data and battery usage which, while may lead to a slightly worse QoE when watching a 

YouTube video, may increase user satisfaction with the device/service. It is worthy to note that this 

difference in DASH client behavior is advantageous for the development of a new QoE model, since it 

brings diversity and better representation of different devices, and their corresponding DASH algorithms, 

on the used dataset. 

 

Figure 5.5 - Distribution of MOS values obtained using a Samsung Galaxy S8 (red) and a Sony XZ (blue). 
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Figure 5.6 - Distribution of Average Video Resolution displayed when using a Samsung Galaxy S8 (red) 
and a Sony XZ (blue). 
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Chapter 6 Machine Learning and Methodology 

This chapter provides the methodology used to develop a new QoE model based on metrics from lower 

layers protocols, that are available to the MNOs. Since the model is supported in a machine learning 

(ML) algorithm, a summary of the main concepts involved in machine learning (ML) techniques is also 

included.  

6.1 Machine Learning Overview 

The idea of machine learning is to obtain an algorithm that can optimize a performance criterion using 

example data (training data). This fits the problem at hand, since the objective is to develop a model 

that, given the measured network KPIs, can ultimately estimate the perceived service quality in terms 

of mean opinion score (MOS). The ML model learning may be:  

• Supervised – If training data includes the desired outputs; 

• Unsupervised – If training data does not include desired outputs; 

• Semi-supervised –If training data includes a few desired outputs; 

• Reinforced – The algorithm employs trial and error to find a solution to the problem by getting 

either rewards or penalties for the performed actions. Its goal is to maximize the total reward. 

 
Many different types of ML solutions exist, but given the problem, a supervised regression algorithm 

is the right one to use since there is an input, X (drive test data), a numeric output, Y (MOS), and the 

task is to learn the mapping from the input to the output. A ML algorithm results from a combination of 

three components [29]: 

• Representation – In order to train a model, there must be a representation of the input which 

is done through a selection of features that can best represent the data. 

• Evaluation – The candidate models generated by the ML system need to be automatically 

evaluated by a certain function. An evaluation function (also called scoring function) is needed 

to distinguish good models from bad ones. 

• Optimization – In this component, several candidate models are going to be generated so that 

the model with the highest evaluation score can be found. The method used for optimization 

conditions the efficiency of the model. 

6.2 Generalization  

The aim of machine learning is not to replicate the training data - a model performing well on the training 

set is easy to obtain (just has to memorize the examples) - but to establish predictions for new cases, 

i.e., to generate the right output for an input instance not included the training set. How well a model 

trained on a training set predicts the right output for new instances is called generalization [29]. 

The development process for each learning algorithm follows the same methodology. The algorithm 

is applied to different sets of features (corresponding to KPIs in this dissertation), in order to form 

different hypotheses. The hypothesis with the best performance is chosen to be in the best model. For 
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best generalization, the complexity of the model should match the complexity of the underlying function 

that can best explain the data. If the model is less complex than the function, it may result in underfitting; 

on the other hand, if the model is too complex, it may learn not only the underlying function but also the 

noise in the data and may produce a bad fit.  In order to achieve generalization in a ML model beyond 

the examples in the training set, a common and simple procedure is to separate all the available data 

into two non-overlapping sets – the training and test sets – usually with a size proportion of 80% to 20%, 

respectively. The aforementioned ratio depends on the amount of data available, since increasing the 

training set allows the creation of a more generalized model at the cost of having a smaller test set to 

validate the resulting model. In most situations, as the amount of training data increases, the 

generalization error decreases. 

6.3 Model Validation and Grid Search 

Before comparing different learning algorithms and applying them, it is necessary to tune their 

hyperparameters, which are the parameters that are constants of the model’s equations. In order to 

choose the best hyperparameters, the K-fold Cross Validation (CV) method is used. In K-Fold CV, the 

training set is divided into K uniform subsets. Then, in one of the iterations of the process, K-1 subsets 

will act as the training set while the remaining subset will be used as the validation set. This process will 

be repeated K times, thus providing K error scores (usually, the Mean Squared Error) which are later 

averaged. With K-Fold CV, it is no longer necessary to reserve a given portion of the data set uniquely 

for validation since the training data is iteratively used for training and validation. Additionally, this 

procedure allows for more data to be used as validation since the whole training set is iteratively used. 

The process of 5-Fold CV is shown in Figure 6.1, where the whole training set (and not the entire 

dataset) is split into 5 uniform subsets. In each iteration, four out of five subsets are used for training 

while the remaining is used for validation. Each iteration will yield an error score and the resulting five 

scores will be averaged at the end of all iterations. This process is repeated for different combinations 

of the algorithms’ hyper-parameters. At the end, there is an average score for each combination of the 

algorithm hyperparameters. The combination with the lowest score (MSE) is the chosen one. 
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Figure 6.1 - Illustration of an example 5-Fold Cross Validation [30]. 

To find out which set of hyperparameters work best for a given ML algorithm, it is necessary to 

analyze the score of each hyperparameters combinations. The most efficient way to do so is to perform 

a Grid Search. Grid Search takes in: 

• an estimator (i.e. Linear Regression, Support Vector Machines, Random Forests, etc.); 

• a set of hyperparameters; 

• a cross-validation scheme (e.g., K-Fold CV); 

• a scoring function (e.g., MSE). 

After testing a model with a given estimator and with a set of hyperparameters, using K-Fold CV, 

Grid Search outputs the best combination, i.e. the combination of hyperparameters of the ML model that 

produces results with the lowest MSE. 

6.4 Learning Curves 

A learning curve is, by definition, a tool that can be used to measure how much a machine learning 

model benefits from the increase of training data and if the estimator suffers mostly from a variance or 

bias error. The objective of using Learning Curves in this thesis was mainly twofold. Firstly, in the early 

stages of the work there was the question of whether the data in the drive test from one operator would 

suffice for building the QoE model. And secondly, with these curves, it is possible to evaluate model 

performance in such factors like bias, variance and diagnose over/underfitting in the model.  

Data amount 

The basic rationale behind learning curves is to generate several iterations where, in each iteration, 

different training sets with different sizes are created and then applying K-Fold CV to each of these sets. 

By using K-Fold CV it is possible to have in each iteration separate training and validation sets. With 

this, it is possible to plot the curves for training error and validation error for different training set sizes. 

Shown in Figure 6.2  are curves that can be obtained by plotting the training and validation error given 

by an exemplary Random Forest Regressor with increasing training set size. One can observe that: 
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• When the training set is small, the MSE for the training set is small, since the model has no 

problem in fitting a small amount of data, and increases as the training set size increases; 

• When the training set is small, the MSE for the validation set is extremely high. This happens 

because the model is not able to generalize accurately to data that it has not seen before. When 

the model is trained on more data, it is able to fit better to the validation set, hence the MSE 

decreases. 

 

      Figure 6.2 - Learning Curves for an exemplary Random Forest Regressor model [31]. 

The convergence of both curves would mean that the addition of training set instances would no 

longer influence the MSE and would not lead to significantly better models (Figure 6.3 (left)), whereas 

the non-convergence of these curves (Figure 5.3 (right)) implies that a larger dataset could help in 

decreasing the prediction error. 

 

Figure 6.3 – Convergent learning curves (left) and non-convergent learning curves (right) [31]. 

Since the objective is lowering the MSE of the model, instead of adding more data, one would need 

to switch to a different algorithm, or add more features to the training data which could increase the 

complexity of the model. 
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Over/Underfitting and the Bias-Variance Trade-off 

Analyzing the learning curves of a model can be useful to diagnose problems with learning, such as 

model underfitting or overfitting, whether the training and validation datasets are adequate to the 

resolution of the problem and generalization behavior of ML models.  

A plot of learning curves shows overfitting if:  

• The plot of training error continues to decrease with an increased training set. 

• The plot of validation error decreases to a point and begins increasing again. 

A plot of learning curves shows underfitting if:  

• The plot of validation error follows approximately the same behavior as the training error’s and 

are both above the acceptable error threshold, despite the increase of training data. 

Learning curves can also aid in detecting if the model is suffering from an increased bias or variance. 

One way to know if there is a high bias and low variance problem or low bias and high variance 

problem is to analyze the training error. If the training error is very low, it means that the training data is 

fitted very well by the model. Thus, it has low bias with respect to that set of data. If the training error is 

high, it means that the training data is not fitted well enough by the model. Hence, it has high bias with 

respect to that set of data. These two concepts are summarized and illustrated with appropriate learning 

curves below: 

• Bias is a learner’s tendency to consistently learn the same wrong thing (Figure 6.4); 

 

Figure 6.4 - High vs low bias detection using learning curves [31].  

• Variance is the tendency to learn random things irrespective of the real signal (Figure 6.5); 
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Figure 6.5 - Low vs high variance detection using learning curves [31]. 

It can be shown mathematically that both bias and variance can only add to a model’s error. 

Unfortunately, it is not possible to avoid a bias-variance trade-off; hence the solution is to reduce the 

validation error plot to a certain acceptable error while preventing the training error to drop to a point 

where overfitting may occur.  

6.5 Machine Learning Algorithms 

This section introduces the ML algorithms that are going to be used in the QoE models development, 

with a more in-depth explanation regarding Support Vector Regression (SVR) and some ensemble 

regression algorithms. This section is based on [32], [29] and [33]. 

6.5.1 Regression ML Algorithms 

In this section the concepts of Support Vector Regression and Decision Trees are introduced. 

Support Vector Regression  

At its simplest form, a Support Vector Machine (SVM) considers binary separable data, and chooses a 

(hyper) plane with the largest margin possible to separate this data, as represented  in Figure 6.6, where 

the binary separable data is represented by the  blue and green dots, and the proposed separating 

planes are represented by the grey lines. However, only the plane with the highest margin possible 

(plane in pink), having the maximum margin imposed by the dots in light purple (support vectors), is 

chosen by SVM. Given a set of training examples, each marked as belonging to one or the other of two 

categories, the model can then assign new examples to one category or the other [34]. 
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Figure 6.6 – SVM representation (from [34]). 

SVM can be used in regression approaches, now being called Support Vector Regression (SVR). 

In SVR, the goal is to find and optimize a function, 𝑓(𝑥), that can predict values, �̂�, and that has at 

most  휀 deviation from the actually obtained targets, 𝑦, for all the training data. The errors are 

disregarded as long as they are less than 휀, but will not be accepted any deviation larger than this. 

However, it may not be possible to completely disregard values with an error 휀 >0, hence the need for 

the introduction of slack variables (ζ) to cope with infeasible constraints of the optimization problem. 

SVR utilizes parameters that can be used determine the trade-off between the complexity of 𝑓(𝑥) and 

the amount to which deviations larger than 휀 are tolerated. This corresponds to dealing with a 휀-

insensitive loss function depicted in Figure 6.7, where it can be seen that points outside the shaded area 

contribute to the cost as the deviations are penalized in a linear fashion (left), as depicted by the ε-

insensitive loss function (right). 

 

Figure 6.7 –Representation of 휀-insensitive loss function [35]. 

Non-Linear SVR 

In non-linear SVR, there is the introduction of a kernel function. This function may be applied with support 

vectors (SV) that allow for the transformation of the data into a multidimensional plane. That is, it is 

possible to transform the  휀 deviation region (shaded area in Figure 6.7) to a region that is explained by 

a kernel function (Figure 6.8). The Kernel function may be represented as the scalar product of two 

functions, given by (6.1).  

𝐾(𝑢, 𝑣) = 𝜑(𝑢) ∙ 𝜑(𝑣)     (6.1) 
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With this, a non-linear problem can be transformed into a linear problem. The most common kernel 

functions are:    

 

• Linear: 

𝐾(𝑢, 𝑣) = 𝑢 ∙ 𝑣     (6.2) 

• Polynomial of degree d (Poly): 

𝐾(𝑢, 𝑣) = (𝛾(𝑢 ∙ 𝑣) + 𝑟)𝑑         (6.3) 

• Radial Basis Function (RBF): 

                      𝐾(𝑢, 𝑣) = 𝑒−𝛾∙‖𝑢−𝑣‖2
    (6.4) 

• Sigmoid: 

                  𝐾(𝑢, 𝑣) = tanh( 𝛾(𝑢 ∙ 𝑣) + 𝑟)     (6.5) 

 

Figure 6.8 - A Kernel function transforms a multidimensional plane to a linear plane [36]. 

Where 𝛾, 𝑑 and 𝑟 are model hyperparameters, that can be tuned to achieve best performance. 

Decision Trees  

A decision tree (DT) is a hierarchical data structure implementing the divide-and-conquer strategy. DTs 

can make a prediction according to which node the input goes to, after passing through several 

conditions in each branch split or decision point. They can have a variable size, are deterministic, and 

can be used with discrete and continuous parameters. Another advantage of this algorithm is 

interpretability. The tree can be converted to a set of IF-THEN rules that are easily understandable and 

organized in such a way that features closer to the root are more important globally. For these reasons, 

DTs are very popular and sometimes preferred over more accurate but less interpretable methods. On 

the other hand, they have a key disadvantage which shows up whenever a tree does not have a growth 

limit – it easily overfits to the training data. Another important characteristic of DTs is that they do their 

own feature extraction. That is, a tree only uses the necessary variables, and after the tree is built, 

certain features may not be used at all. As an example, the DT in Figure 6.9 depicts a hypothetical 

decision tree in which, despite providing four features as input (x1, x2, x3, x4), only x1, x2, and x4 were 

used, and not x3.  
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Figure 6.9 - Hypothetical Decision Tree where only 3 out of the 4 input features are used [32]. 

6.5.2 Ensemble Regression ML Algorithms  

Ensemble methods are a ML approach based on the concept of creating an accurate regressor by 

combining several weaker and inaccurate regressors. In [37], the author states that, for regression 

machine learning problems, “ensemble learning may offer significant improvement in both robustness 

to skewed distributions and in predictive power” when using an unbalanced dataset, which is the case 

of the dataset used in this work. Furthermore, the author adds that using ensemble ML algorithms should 

allow for the development of “efficient regression systems that will have directly controlled diversity level 

on minority observations”. For these reasons, the ensemble ML algorithms are key candidates for this 

work. There are many different learning algorithms but, although one may try many and choose the one 

that best performs on a validation set with success, no one single algorithm is always the most accurate. 

In this section, the combination of multiple complementary learners is discussed so that more accurate 

models can be attained. The most used techniques for ensemble learning are [29]: 

• Bootstrap Aggregating (Bagging) – In this simple technique random variations of the training 

set are generated by resampling, a regressor is learned on each, and finally the results are 

combined by voting. This works because it greatly reduces variance while only slightly 

increasing bias; 

• Boosting – In boosting, training examples have weights, and these are varied so that each new 

weak performing regressor focuses on the examples the previous ones tended to get wrong.  

A brief description of some popular ensemble machine learning algorithms is provided below. Firstly, 

some of the most used bagging algorithms are: 

• Random Forests (RF) – The underlying premise of RF is that building a small Decision Tree 

with few features is a computationally cheap process. Knowing this, several small and weak 

trees are grown in parallel and these sets of DTs then result in a strong regression algorithm, 

with significant improvements in accuracy, by averaging or by majority vote. In order to grow 

these ensembles, often random vectors are generated that govern the growth of each tree in 

the ensemble. Since RF uses bagging, in order to grow each tree, a random selection (without 

replacement) is made from the examples in the training set. By limiting the split on a small 
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subset of features, RF allows for a drastically higher learning compared to standard DTs, since 

this is the most computationally expensive step in DT growing. Additionally, by using small 

subsets of features, RF increases the chance of growing uncorrelated weak learners which 

improve the ensemble algorithm’s predictions.  

• Extremely Randomized Trees (ET) – In ET both features and cut-point choice are strongly 

randomized while splitting a tree node. In the extreme case, ET builds fully randomized and 

grown trees from the whole training set (low bias, high variance) whose structures are 

independent of the output values of the learning sample.  ET differs from other tree-based 

ensemble methods as it splits nodes by choosing cut-points fully or partially at random and it 

uses the whole training dataset to grow the trees. Each grown tree uses the full training set to 

generate the ensemble model. In the end, all the predictions of the trees are aggregated to 

return the final prediction through a majority vote. The ET regressor aims to strongly reduce 

variance through a fully randomization of the cut-point and feature combined with ensemble 

averaging compared to the weaker randomization schemes used by other methods. By training 

each weak learner with the full training set instead of data subsets, ET thus minimizes bias. As 

each node splitting procedure is totally random, ET is expected to have faster performance 

compared to other tree ensemble methods.  

Lastly, some of the most used boosting algorithms are: 

• Adaptive Boosting (AB) – The AB algorithm is often used with DTs as weak learners. Boosting 

a DT increases its resistance to overfitting if the weak learners’ accuracy is higher than random 

guessing. AB also uses a regularization parameter which is the learning rate, with the aim of 

shrinking the contribution of each weak trained model to the ensemble model. This previous 

regularization technique is known as shrinkage and it has shown to dramatically increase test 

set accuracy because it leads to less steps that allow for obtaining the loss function minimum 

more precisely.  

• Gradient Tree Boosting (GTB) – GTB is a popular boosting algorithm for creating collections 

of regressors. To make a quick distinction between GTB and AB, the latter varies each 

regressor’s training set to have samples with higher weighted error in order to minimize the 

overall regression error whereas GTB calculates a negative gradient of a loss function and picks 

a weak learner that is the closest to that gradient to add to the model. Similarly to AB, GTB also 

allows for shrinkage and its learning rate can be changed to reduce overfitting to data.  

It is important to note that some of the algorithms that use DTs as weak learners can avoid overfitting 

by having as regularization parameters the maximum depth limit of the tree, the minimum number of 

samples required to create a leaf node and the minimum number of samples required to split an internal 

node. 

6.6 Performance Metrics 

In order to compare and evaluate the performance of the several created model hypotheses, the set of 

metrics described below were used: 
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• Correlations – To assess the relationship between predicted and ground truth MOS, Spearman 

and Pearson correlations were used. The Pearson correlation measures the linear correlation 

between two variables and the Spearman correlation measures how well the relationship 

between two variables can be described using a monotonic function. 

• Stratified Error – One of the problems encountered in the error analysis process was how to 

accurately measure which model could predict with more accuracy the predictions of low MOS 

values between [1, 2] and ]2, 3], since measuring the MSE error of the entire dataset did not 

produce a proper evaluation of model performance. With this in mind, one approach to solve 

this problem was to measure the MSE of the predictions in each MOS interval. Hence, the 

dataset is divided into several strata (i.e., [1, 2], ]2, 3], ]3, 4], ]4, 5]) of MOS ground truth values 

and the MSE can then be computed with (6.6) by comparing the MOS prediction (𝑀𝑂𝑆𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)̂  

with the MOS ground truth values (𝑀𝑂𝑆𝐺𝑇) for that stratum; 

𝑀𝑆𝐸𝑠𝑡𝑟𝑎𝑡𝑢𝑚 =
1

𝑛
∑ (𝑀𝑂𝑆𝐺𝑇𝑖

− 𝑀𝑂𝑆𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑖
)̂ 2𝑛

𝑖=1    (6.6) 

• Mean Absolute Scaled Error (MASE) – This metric can help in assessing the overall accuracy 

of model predictions, given that most sessions have high MOS values (around 4.4 or 5) as seen 

in section 5.2; thus, even if a model predicts always the same high value, it may still result in a 

low MSE. The MASE, firstly described in [38], measures the accuracy of a prediction in 

comparison with a naïve prediction, and is described by (6.7):  

𝑀𝐴𝑆𝐸 =
𝑀𝐴𝐸𝑚𝑜𝑑𝑒𝑙

𝑀𝐴𝐸𝑛𝑎𝑖𝑣𝑒
        (6.7) 

where 𝑀𝐴𝐸𝑚𝑜𝑑𝑒𝑙 is the MAE between MOS predicted and ground truth values, and 𝑀𝐴𝐸𝑛𝑎𝑖𝑣𝑒 is 

the MAE between the MOS ground truth and the median of the ground truth values. It is clear 

that when 𝑀𝐴𝑆𝐸 > 1, the model predictions are worse than the naïve prediction, and that the 

closer to 0 this value is, the better. 

• 𝑹𝟐 – Represents the proportion of variance of the prediction results that has been explained by 

the independent variables (features) of the model. It provides an indication of goodness of fit 

and therefore a measure of how well unseen samples are likely to be predicted by the model. 

The best possible score is 1 and can also be negative (because the model can be arbitrarily 

worse). Higher scores indicate a stronger strength of association. So, if the R2 score of a model 

is 0.5, then approximately half of the observed variation can be explained by the model's inputs 

[39]. 

6.7 Feature Selection 

After the data analysis and preprocessing that was done in section 5.1, the dataset includes, among 

other, several identification parameters and 60 Layer 1 radio parameters. With the purpose of building 

a MOS prediction model using ML techniques from Layer 1 parameters, a second feature selection was 

carried out having in mind that with ML, the objective is to simplify this model to a maximum extent, 

reducing the occurrence of overfitting, by reducing its computational complexity and required variables. 

To reach this goal, two correlation stages were used to reduce the number of features.   
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In the first stage, the features were analyzed independently of the problem at hand, and so the 

correlation was conducted between all the initial 60 features and had a purpose of eliminating features 

that were too identical and thus could not provide sufficiently independent information to the prediction 

model. A Pearson correlation was used with a threshold set at 0.8 and the corresponding correlation 

matrix is presented in Figure 6.10. This threshold value is selected because the intention is to eliminate 

some of the most correlated features but not to make this the main selection criterion. By using the 

Pearson correlation method instead of Spearman correlation, it was possible to eliminate the features 

that are too linearly correlated while maintaining the ones that possess a simple monotonic relation 

which can be explored by the ML algorithms. From this process resulted 37 features. 

 

Figure 6.10 - Heatmap of the correlation matrix of all 60 features. 

In the second correlation stage, after verifying that the threshold value that resulted from the 

50th percentile of the Cumulative Distribution Function (CDF) (Figure 6.11 and Figure 6.12) of the 

correlation values, was low for both correlations; thus, it can be expected that by eliminating half the 

features, only the features with low values of correlation with the MOS are being eliminated, which will 

not affect the prediction capacity of the model. The correlation values found for Pearson and Spearman 

were 0.143 and 0.089, respectively. 
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Figure 6.11 - CDF of the Peason correlation values. 

 

 

Figure 6.12 - CDF of the Spearman correlation values. 

With these values as correlation thresholds it is possible to reduce the features approximately 

by half from 37 to 19 selected by each correlation method. When comparing these two groups of 19 

features, some features did not figure in both groups. To obtain a set that included all the selected 

features from both correlation methods, these distinct features were joined to the features that figured 

in both groups, which resulted in 22 different features that can be seen in Table 6.1, where the features 

are organized in three categories and grouped as Transmission Rate, Channel Quality and Modulation 

and Coding- related features; then, they are sorted firstly by Pearson correlation value of the first feature 

in the category. In red are features in which correlation absolute values are below the threshold for that 

correlation method but above for the other correlation method. 
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Table 6.1 - Categorization of the selected 22 features.  

Category Name Pearson 

Correlation 

(Absolute 

Value) 

Spearman 

Correlation 

(Absolute 

Value) 

Transmission 

Rate 

CAMaximumAggregateScheduledThroughput 0.3800 0.2365 

CAAggregateAverageScheduledThroughput 0.3489 0.1696 

PCC ScheduledThroughput 0.3037 0.1561 

Channel 

Quality 

PCC RSRQ 0.3437 0.1398 

PCC MaxRSRQ 0.3069 0.1135 

PCC MaxCQI 0.2742 0.1276 

PCC StdevCQI 0.14387 < 0.0893 

PCC SINR 0.2591 0.1431 

PCC DL NumTBs 0.2131 0.1672 

PCC RI 0.2113 0.1376 

PCC MaxRI 0.2080 < 0.0893 

PCC StdevRI 0.1767 < 0.0893 

PCC DL StdevRBsFrame 0.1918 < 0.0893 

PCC DL ACK 0.1836 0.1005 

PCC UL ACK < 0.1431 0.1514 

PCC DL AvgBLER < 0.1431 0.1031 

Modulation 

and Coding 

PCC DL MODQPSK 0.3125 0.1721 

PCC DL MOD64QAM < 0.1431 0.1386 

PCC DL MOD16QAM < 0.1431 0.1278 

PCC DL StdevMCS 0.2252 0.1175 

PCC DL MaxMCS 0.2032 0.1084 

PCC DL AvgMCS 0.1460 0.0917 

 

Feature Analysis  

• Transmission Rate – The selected features in this category relay information regarding the 

throughput and detail how much Carrier Aggregation (CA) was used. Carrier aggregation is a 

technique used in LTE-Advanced to increase the bandwidth, and thereby increase the bitrate 

[40] where several component carriers (CC) can be aggregated up to a maximum of five. 

Included in this category are some of the features related to the scheduled throughput. The 

‘CAMaximumAggregateScheduledThroughput’ is related to the maximum throughput provided 
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by all the of the used carriers. The ‘CAAggregateAverageScheduledThroughput’ is the sum of 

the average throughput provided by all the carriers. This means that, if no carrier aggregation 

was used, i.e. no other carriers than the Primary Component Carrier (PCC), the parameter will 

match the value in ‘PCC ScheduledThroughput’.  

• Channel Quality – An eNodeB and MNO may monitor and possibly improve the status of the 

network through the assessment of the features in this category. These features report the 

status of the transmission channel whether these are measured for the downlink (DL) or on the 

uplink (UL) direction. The Rank Indicator (RI) provides an indication of the performance of MIMO 

(section 2.4), by means of the degree of interference, of the several antennas. The number of 

ACKs correspond to the acknowledgement of downlink or uplink frames transmission. ‘PCC DL 

StdevRbsFrame’ is the standard deviation of the percentage of occupation of the Resource 

Block Frame. The ‘PCC DL NumTbs’ is the sum of transport blocks transmitted in a session in 

the downlink using the several modulation schemes. The remaining parameters were described 

in sections 2.6 and 2.2.2. 

• Modulation and Coding – The several ‘PCC DL MOD’ parameters reflect the number of 

Transport Blocks transmitted in the downlink using the respective modulations. While the ‘PCC 

DL MCS’-related parameters were described in section 2.6. 

6.8 Data Balancing 

In order to deal with the problem posed at the end of section 5.2, regarding the possible learning difficulty 

when the ML algorithm receives a severely unbalanced dataset, this section proposes modifications to 

the initial dataset so that all intervals of the MOS distribution become more evenly represented on the 

final dataset. 

As mentioned previously, the MOS interval that is most represented in the dataset is ]4, 5], which 

contain the scores corresponding to a video streaming session with very good quality. However, for an 

accurate prediction of QoE, all values must be accurately predicted; in particular, when the user is having 

a poor QoE, i.e. when the user rates the session with a MOS in the interval [1, 2], the MNO should be 

alerted to that fact, enabling it to act and increase the users’s QoE by making changes to the network. 

When analyzing Figure 5.4, it can be seen that only 6% of the sessions present a MOS value that 

is below the interval of ]4, 5]. This may bias the resulting QoE model to output MOS values that are 

mainly in this interval, thus severely affecting the accuracy of the MOS prediction.  

In an attempt to increase the prediction accuracy of the more critical values of the MOS, i.e. values 

in the intervals [1, 2] and ]2, 3], the assumed hypothesis was that if the ML algorithm learned from a 

more balanced dataset, in which most intervals in the MOS scale were sufficiently represented, the 

created model could then predict, in a more accurate way, the entire range of MOS values. To assess 

this hypothesis, part of the sessions that belonged to the interval with highest MOS scores, ]4, 5], were 

removed at random from the dataset, while maintaining all the sessions from the other MOS intervals. 
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Figure 6.13 - Distribution of MOS values for the balanced dataset. 

The intention was to replicate the real-life distribution that assumedly is the same as the original 

dataset. Hence, the selection of the number of these high value instances had to still capture the 

tendency of the original distribution. As such, approximately 90% of these values were eliminated in 

order to achieve this result. The distribution of the resulting balanced dataset is presented in Figure 6.13 

and, by observing it, it is clear that there are still more high MOS values than low ones. In Figure 6.14 a 

plot of the CDFs of both the balanced and unbalanced distributions of MOS shows that the density of 

instances with low MOS is higher in the balanced dataset, while capturing the tendency, from the original 

distribution, of the highest MOS interval of being the most represented. 

 

Figure 6.14 - CDFs of the balanced (blue) and unbalanced (green) distributions. 
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Chapter 7 QoE Model Development and 

Assessment 

This chapter presents a new QoE model for predicting the user QoE in video streaming sessions over 

4G wireless networks. The model development process is firstly described, followed by the comparison 

between MOS predictions using the unbalanced and the balanced training sets. The possible 

incorporation of DASH metrics, available on DASH client reports, into QoE prediction models is 

discussed. Finally, the proposed QoE model is applied in two example areas. 

7.1 Model Construction Process  

After organizing the datasets, several hypotheses can now be constructed and tested. Several models 

need to be built in order to compare both the balanced and unbalanced datasets and all the ML 

algorithms in terms of best performance. This process of model creation and performance analysis is 

repeated several times for the several hypotheses and can be described in the following steps: 

1) Grid Search – Provides the set of model hyperparameters that yield the lowest error, as 

described in section 6.3. 

2) 1st Learning Curves – Used to examine the evolution of the validation and training error with 

the size of the training set, and to analyze the behavior of the model predictions in terms of bias 

and variance, as explained in section 6.4. Also, it allows for studying a possible optimization of 

the model’s complexity by changing the hyperparameters, since a poor choice of 

hyperparameters can negatively influence the evolution of the validation and training error in 

terms of bias and variance, visible in these curves. 

3) Complexity optimization – After step 1, the model’s hyperparameters that yielded the lowest 

error was chosen. Another goal is to reduce the complexity of the model, by decreasing the 

dimension of the hyperparameters (e.g. number of estimators in a tree-based algorithm) or 

reducing the number of features, while maintaining a low prediction error. As such, by 

maintaining all but one hyperparameter, while varying the remaining ones, the plot of the error 

of the several models with the different sets of hyperparameters can be obtained, and with 

these, the different models can be compared. With the aim of finding a systematic approach for 

finding the optimal hyperparameters the Kneed algorithm from [41] was used. It finds the 

inflexion point as described in [42] for the curve plotted with Training+Test error, also known as 

the “elbow point” if the curve is convex, independently of its direction, or “knee point” if the curve 

is concave as is shown in Figure 7.1. This point is chosen because it is where “performance 

improvements start to level off as a function of one or more tunable system parameters” [42]. 
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Figure 7.1 – Shape and direction of Training+Test error curves as a function of hyperparameter 
dimension. [41] 

4) 2nd Learning Curves – A second set of Learning Curves are plotted to verify the bias/variance 

of the model and how the hyperparameter optimization affected the model’s learning process 

and its error evolution. 

5) Final Error Analysis –  To be able to compare between models and between the balanced and 

unbalanced datasets, some performance metrics, described in section 6.6 Performance 

Metrics, were required since the visual interpretation of the prediction vs. ground truth plots are 

not sufficient and cannot provide enough accuracy. 

On step 3, when using tree-based ensemble ML algorithms, the feature selection is done 

automatically by the algorithm when the tree(s) is(are) being built. 

7.2 Data Balancing and Complexity Optimization Results 

As mentioned, the learning process could suffer from the fact that there is not an even representation 

of the whole MOS scale in the dataset. Accordingly, ten models were created out of the unbalanced and 

balanced datasets, as explained in section 6.8 Data Balancing, using five different ML algorithms. These 

were tuned and optimized, and their prediction performance was analyzed using the metrics listed in 

section 6.6 Performance Metrics, to find out the approach that yields the smallest prediction error.  

The first objective was to compare the quality of the predictions provided by models that resulted 

from the Grid Search, with those resulting from the complexity optimization step. To test if this complexity 

optimization could have a significant impact on the performance of a ML model, four models were built 

using the Extra Trees algorithm, and using both the unbalanced and balanced datasets. This algorithm 

was chosen since it is one of the less resource intensive and faster models to use, out of all algorithms 

considered in this work. The resulting model hyperparameters, obtained according to step 3) of section 

7.1 are shown in Table 7.1 where it can be seen that the complexity optimization step leads to a  

significant reduction of the ‘Number of Estimators’ and ‘Maximum Depth’ hyperparameters, while 

maintaining the ‘Minimum Samples Split’.   
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Table 7.1 – Comparison of model complexity of both the Grid Search and Complexity Optimized models 
using the balanced and unbalanced datasets. 

 

Dataset 

Hyperparameters (Extra Trees algorithm) 

Number of 

Estimators 

Maximum 

Depth 

Minimum Samples 

Split 

Balanced 

 

Grid Search 50 10 2 

Complexity 

Optimized 
9 6 2 

Unbalanced 

Grid Search 50 11 3 

Complexity 

Optimized 
6 6 3 

 

Afterwards, the performance metrics from step 5) were obtained and are presented in Table 7.2. It 

is possible to see that there is no significant variation in all metrics between the models obtained with 

Grid Search and Complexity Optimization using the same dataset, with exception of the interval [1,2] in 

the stratified error for both datasets, in which some error fluctuations are expected due to the small 

number of samples in this interval. From these results, the conclusion is that the complexity optimization 

step can reduce the complexity of both models, with very little impact (with an error of ≅ 6 %) on most 

performance metrics, which validates this optimization step in the model construction process. 

Table 7.2 - Results for the different complexity models explained in Table 7.1. 

Performance Metric 
Balanced 

(Grid 
Search) 

Balanced 
(Complexity 

Optimization) 

Unbalanced 
(Grid Search) 

Unbalanced 
(Complexity 

Optimization) 

Correlations 
Pearson 0.807 0.798 0.900 0.890 

Spearman 0.697 0.692 0.808 0.802 

Test Set 
MSE 0.102 0.103 0.040 0.044 

𝑅2 0.508 0.503 0.807 0.785 

Training Set 
Error 

10-Fold 
CV 

0.178 0.188 0.041 0.049 

Stratified 
Error 

1-2 0.527 0.818 0.923 0.740 

2-3 0.657 0.604 1.165 1.498 

3-4 0.219 0.220 0.412 0.459 

4-5 0.088 0.088 0.008 0.007 

MASE 0.595 0.609 0.188 0.224 
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In order to compare the prediction performance of a model using either a balanced or an unbalanced 

dataset and to verify which ML algorithm considered in this work leads to the best performance, the 

model construction process was then concluded by completing step 5) using the following ML 

algorithms: Gradient Tree Boosting (GTB), Extra Trees (ET), Random Forests (RF), AdaBoost (AB) and 

Support Vector Regression (SVR); the resulting performance metrics values are shown in Table 7.3, 

from which three main conclusions can be drawn: 

• For all ML algorithms, the majority of performance metrics indicates that the unbalanced dataset 

produces the best results; however, from the Stratified Error metric, it is visible that there is a 

decrease in the MSE from the balanced to the unbalanced dataset, in the MOS intervals ]2,3] 

and ]3,4], and only a marginal increase in the interval [1,2] for the ET and AB algorithms; this 

proves that when a ML algorithm uses a balanced training dataset, it can produce more accurate 

predictions for less represented values than when using an unbalanced dataset.  

• All considered ML algorithms could be used, with varying degrees of performance and 

complexity, to obtain acceptable MOS predictions.   

• Regarding the ensemble learning algorithms, both the GTB and RF have similar performances 

when using the balanced dataset in terms of Stratified Error, and are able to outperform the ET 

and AB algorithms in this particular metric for the two lowest intervals of MOS. Furthermore, the 

GTB algorithm outperforms the RF in six of the other performance metrics being only marginally 

worse in one of those metrics. 

• The SVR algorithm produces the best predictions for most of the lower stratified error intervals 

but performs significantly worse than the other algorithms in all other metrics. 

When deciding which algorithm to use for building the prediction model, both the performance 

in the lower levels of MOS and the other general performance metrics have to be accounted for. 

This importance in predicting the lower intervals of MOS values comes from the fact that these are 

the values that reflect the critical experience that a user is having when watching a video. This poor 

experience, when accurately predicted, can alarm an MNO allowing for improvements to be made 

to its network, ultimately increasing customer satisfaction and decreasing service churn rates. 
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Table 7.3 – Results of the Performance Metrics, where darker colored values are better results when 
comparing between unbalanced (UB) and balanced (B) datasets. 

Performance Metrics 
GTB 
(UB)  

GTB 
(B) 

ET 
(UB) 

ET  
(B) 

RF 
(UB) 

RF 
(B) 

AB 
(UB) 

AB 
(B) 

SVR 
(UB) 

SVR 
(B) 

Correlations 
Pearson 0.897 0.795 0.890 0.798 0.891 0.724 0.896 0.714 0.848 0.703 

Spearman 0.826 0.679 0.802 0.692 0.831 0.647 0.814 0.629 0.777 0.611 

Test Set 
MSE 0.040 0.109 0.044 0.103 0.043 0.153 0.041 0.158 0.058 0.166 

𝑅2 0.805 0.471 0.785 0.503 0.794 0.261 0.803 0.238 0.711 0.195 

Training Set 
Error 

10-Fold 
CV 

0.043 0.201 0.049 0.188 0.043 0.209 0.043 0.212 0.372 0.504 

Stratified 
Error 

1-2 0.451 0.318 0.740 0.818 1.039 0.385 0.473 0.501 1.482 0.205 

2-3 0.990 0.477 1.495 0.604 0.756 0.432 1.241 0.536 0.923 0.508 

3-4 0.504 0.210 0.459 0.220 0.445 0.254 0.516 0.308 0.412 0.303 

4-5 0.009 0.100 0.007 0.089 0.014 0.144 0.006 0.146 0.029 0.157 

MASE 0.204 0.652 0.224 0.609 0.197 0.647 0.188 0.714 0.401 0.911 

 

Moreover, the need for an accurate prediction of MOS values that are between ]4, 5] is less relevant 

since the degradation in QoE of a user experiencing a session rated with a MOS of 5 to the quality of a 

session rated with a 4 is not very significant; on the other hand, there is a big degradation of QoE and 

in customer satisfaction when a user experiences a session rated between 3 and another rated with a 

2. Therefore, it becomes very important to accurately predict in the lowest values of the MOS scale. 

 

Figure 7.2 - Barplot of Stratified Error results from Table 7.3 using all considered ML algorithms. 
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By analyzing the results in Table 7.3,  the algorithm with the best performance in most metrics 

is the ET algorithm. However, in what concerns the stratified error, and as can be seen in Figure 7.2,   

the ET algorithm underperforms the other algorithms in the two lowest intervals of MOS values, which 

is not desirable at all. As such, the algorithm that ensues is the GTB, which has the second-best 

performance in most metrics and outperforms the ET algorithm in the three lowest intervals of MOS for 

the stratified error. Together with its low complexity, this makes it a good model to take into account for 

the problem at hand, since the aim is to achieve a balance between prediction accuracy for the lowest 

MOS intervals and an acceptable performance for the highest values of MOS. Therefore, the GTB 

algorithm model is the chosen one for the QoE prediction model development and will be analyzed in 

further detail in the following section. 

7.3 QoE Model for Video Streaming 

The optimization step from section 7.1 managed to reduce the complexity of the model by reducing the 

number of estimators, the maximum tree depth and by increasing the minimum samples split. The 

hyperparameters of the model that were used to obtain the MOS prediction results from the previous 

section are the Complexity Optimized model’s parameters shown in Table 7.4. 

Table 7.4 - Model complexity comparison for the GTB algorithm. 

 

Dataset and 

Optimization Process 

Hyperparameters (Gradient Tree Boosting algorithm) 

Number of 

Estimators 

Maximum 

Depth 

Learning 

Rate 

Minimum 

Samples Split 

Balanced 

 

Grid Search 110 3 0.05 12 

Complexity 

Optimized 
80 2 0.1 13 

 

Due to the nature of GTB, which is an iterative optimization algorithm that performs a gradient 

descent optimization (first-order iterative optimization algorithm for finding the minimum of a function 

[43]) of an adequate cost function (in this case the MSE) on a weak hypothesis (or weak decision tree), 

by reducing the ‘Number of Estimators’ hyperparameter, the number of boosting stages as well as the 

size of the created decision trees (‘Maximum Depth’), the complexity of the model is reduced. This 

reduction in complexity is a fundamental step since this model may need to handle large amounts of 

data and needs to do so in a near real time basis where QoE estimates are needed in a reasonable 

amount of time.  

Before the analysis of the model, the importance that each feature has in the prediction process is 

determined. For this, the ‘feature_importances_’, function of the algorithm was used and from that, the 

results shown in Table 7.5 were obtained. This function returns a percentage of the importance that 

each feature has in the prediction capacity of the model. From this table, it is observable that there are 

some features that are irrelevant or near irrelevant for the MOS predictions. So, in order to determine 

how many non-relevant features can be removed from this model whilst maintaining comparable 
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performance, several models were trained with an increasing amount of less important features 

according to the order in Table 7.5 (e.g. the 2nd model was trained with the two most important features 

while the 10th model was trained with the 10 most important features). The metrics used to analyze each 

model were Adjusted R-Squared, MSE, 10-Fold CV and the Stratified Error. 

𝑅𝑎𝑑𝑗
2 = 1 − (1 − 𝑅2) −

𝑛−1

𝑛−𝑝−1
     (7.1) 

Table 7.5 - Feature importance in % for the GTB model given by the 'feature_importances_' function. 

Feature Importance percentage (0-100%) 

CAMaximumAggregateScheduledThroughput 53.8% 

CAAggregateAverageScheduledThroughput 20.0% 

PCC ScheduledThroughput 7.1% 

PCC UL ACK 5.5% 

PCC DL MODQPSK 3.0% 

PCC RSRQ 1.9% 

PCC DL MOD 64QAM 1.7% 

PCC DL NumTBs 1.7% 

PCC DL MOD 16QAM 1.1% 

PCC DL AvgBLER  1.1% 

PCC StdevCQI 0.8% 

PCC DL AvgMCS 0.7% 

PCC StdevRI 0.4% 

PCC MaxRSRQ  0.2% 

PCC DL StdevMCS  0.2% 

PCC RI 0.2% 

PCC DL ACK 0.2% 

PCC DL MaxMCS 0.2% 

PCC DL StdevRBsFrame 0.1% 

PCC SINR 0.1% 

PCC MaxCQI  0.% 

PCC MaxRI  0.% 
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Figure 7.3 - Plot of Test Set Error, Adjusted R-Squared, 10-Fold CV, and Stratified Error for all MOS 
intervals with the addition of less relevant features using the same GTB regressor. 

Adjusted R-Squared, as defined by (7.1), where n is the number of observations, p is the 

independent variables (features) in the model and R2 is the coefficient of determination, provides a 

measure of increase or decrease of prediction performance with the addition of independent variables 

(features) provided the same amount of observations (instances). By monitoring the evolution of 

Adjusted R-squared in Figure 7.3, it can be seen that when it reaches a maximum, the addition of more 

features does not have an impact in prediction capacity. From that, it can then be assumed that adding 

the remaining less important features is not necessary and that these can be discarded, decreasing 

model complexity even further. It is also important to keep track of the evolution of the Stratified Error 

since this is a metric with high importance as was discussed in the previous sections. Additionally, the 

Test Set MSE and 10-Fold CV error are considered in order to evaluate the overall prediction capacity 

and not only on separate intervals. 

From Figure 7.3, after the addition of 11 features, most metrics’ score does not decrease 

significantly beyond that point and even have a score close the minimum score (as is the case for MSE 

[1, 2]). Therefore, a possible amount of features for a reduced features model is 11, since the addition 

of more than 11 of the least important features will not increase the performance of the model. The 

selected features are presented in Table 7.6.  
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Table 7.6 - Feature importance of the 11 most relevant features. 

Feature Importance percentage (0-100%) 

CAMaximumAggregateScheduledThroughput 53.8% 

CAAggregateAverageScheduledThroughput 20.0% 

PCC ScheduledThroughput 7.1% 

PCC UL ACK 5.5% 

PCC DL MODQPSK 3.0% 

PCC RSRQ 1.9% 

PCC DL MOD 64QAM 1.7% 

PCC DL NumTBs 1.7% 

PCC DL MOD 16QAM  1.1% 

PCC DL AvgBLER 1.1% 

PCC StdevCQI 0.8% 

Total 97.7% 

 

In Figure 7.4, a pie chart of the importance of features from Table 7.6 is presented where these are 

grouped in their respective categories (according to section 6.7 Feature Selection). With this, the 

importance of each category is displayed. It is clear that the most important category is the one that 

encompasses the Transmission Rate parameters. This category alone, with 3 features, accounts for 

nearly 81% of all feature importance, meaning that with only 3 features it would be possible to build a 

satisfactory MOS prediction model. The second most important category groups the Channel Quality 

parameters having an importance of 11.5% followed by the Modulation and Coding category at 5.8%. 

 

Figure 7.4 - Pie chart of the 11 most important features grouped by the categorization made in 6.7 Feature 
Selection. 

With these 11 features alone a total of 97.7% of the importance of the model is obtained. With 

them, a new, less complex model, is built with the hyperparameters shown in Table 7.7. 
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Table 7.7 - Hyperparameters for the Reduced features model. 

 

Model 

Hyperparameters (Gradient Tree Boosting algorithm) 

Number of 

Estimators 

Maximum 

Depth 

Learning 

Rate 

Minimum Samples 

Split 

Reduced (11 

Features) 
80 2 0.1 13 

 

The number of estimators remains the same as from the model with 22 features. Since the model 

is already simplified by the reduction of features, the complexity optimization step yielded no better 

results. 

 

Figure 7.5 - Learning curves for the GTB model with 11 features. 

To analyze fitting and data amount issues, the model’s learning curves are plotted. To obtain these 

curves, one model is built for each of the selected training set sizes, all of them having the same 

hyperparameters, features and algorithm. With these, the training and validation error values are 

obtained since Cross-Validation (CV) (see section 6.3) is used to test each model. With CV, a portion 

of the data is used to train the model and another only to test it originating, respectively, the training and 

validation error results for each training set size. It is possible to assess the performance of the created 

model with the examination of these curves, having in mind what was discussed in section 6.4: 

• Both curves stabilize with the maximum amount of training set size, meaning that the algorithm 

has learned all it can from the provided training data and the prediction error would not decrease 

any further with the addition of more data; 

• Both curves do not converge totally, forming a gap between them. This gap implies that there 

will be increased variance in the results; 
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• The training error does not decrease with increased training set size, which means that this 

model does not overfit the training data; 

• The fact that the training error and the gap between the two curves are not large means that 

there is a good equilibrium between bias and variance. 

Table 7.8 - Performance metrics for the GTB reduced features model. 

Performance Metrics (Gradient Tree Boosting algorithm w/ 11 features) 

Correlation Test Set Error Training Set Error Stratified Error MASE 

Pearson Spearman MSE 𝑅2 10-Fold CV 1-2 2-3 3-4 4-5 
0.660 

0.789 0.668 0.114 0.451 0.196 0.266 0.490 0.237 0.103 

 

The performance metrics obtained with the reduced features model were obtained and are exhibited 

in Table 7.8, with them some conclusions can be drawn regarding these results: 

• The Pearson correlation measures the linear correlation between the predicted values and the 

ground truth values, and the Spearman correlation only measures how well the relationship 

between two variables can be described using a monotonic function. Hence, it can be assumed 

that, by the fact that the Pearson correlation is higher than the Spearman correlation, that there 

is a stronger linear trend relating the ground truth values with the MOS predictions than a 

monotonic trend, as can be seen in Figure 7.6. Furthermore, since the Spearman correlation 

takes into account the rank of the prediction and ground truth values, its lower result can be 

attributed to the fact that, in most cases, the MOS predictions do not monotonically increase 

with the increase of MOS ground truth values, which depicts a random increase or decrease in 

consecutive prediction results; 
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Figure 7.6 - MOS Prediction per MOS Ground Truth values trend analysis. 

 

• The values for the MSE of the entire test set (0.114) is close to the MSE for the interval ]4, 5] of 

the test set for the Stratified Error (0.103), which is expected since this is the interval with the 

most instances, as can be seen in Figure 7.7, meaning that the error for the remaining intervals 

in stratified error do not influence this error significantly. Therefore, it would not have sufficed to 

simply analyze this metric to properly evaluate the predictions for the lower MOS values. 
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Figure 7.7 - Scatterplot where both Predicted and Ground Truth MOS from the same session is compared. 

• From Figure 7.7 and from the Stratified Error metric it can be noted that this final model 

accomplishes its purpose of providing predictions in the lower intervals of the MOS scale with 

low error, when compared to other models considered in section 7.2, even with a reduction of 

features by half. 

• When comparing the 10-Fold CV metric to the MSE for this test set, it can be asserted that the 

performance verified for this particular test is similar to that of the entire dataset using Cross 

Validation. This means that the model performance is maintained over several test sets and 

most likely when the model is used on new data. 

7.4 Incorporating DASH Metrics into QoE prediction 

As explained in section 4.2.1 Triggering of QoE reporting, there are mechanisms for triggering certain 

QoE-related measurements at the users’ device that can be transmitted directly to the MNO. The aim 

of this section is to study if the addition of these metrics could improve the QoE predictions beyond the 

ones obtained when using the radio parameters considered in the sections above. It can be suggested 

that the MNOs consider using this QoE report mechanism, that already exists but is not used, to obtain 

these metrics, enabling the use of more accurate QoE prediction models. 

According to [44], a DASH client shall report QoE metrics according to the QoE configuration. This 

reporting is optional, but if a DASH client is to report any metrics, it shall report all requested metrics. 

The metrics considered in the QoE reporting mechanism for a DASH streaming session are shown in 

Table 4.1 and where described in more detail in section 4.2.2. Additionally in Table 7.9, the set of 
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parameters that can be extracted from each reported metric and can be used as inputs to the QoE 

model directly are presented.  

Table 7.9 - DASH metrics [44] and extractable QoE model variables. 

Reported Metric Metric description Extractable Metrics 

List of 

Representation 

Switch Events 

Describes representation switch events. 

 

Standard Deviation of 

Requested quality level 

(q̂), Average quality level 

(q̅) 

Average 

Throughput 

Indicates the average throughput that is 

observed by the client during the measurement 

interval. 

Not used 

Initial Playout Delay Indicates the waiting time that the user 

experiences for media start-up. 

Not used 

Buffer Level Defines the metrics for buffer level status 

events. 

Average freeze duration 

(ψ), Freeze frequency 

(ϕ) 

Play List The playlist includes user actions about 

start/stop, but also other non-user actions such 

as adaptation and rebuffering. 

Average freeze duration 

(ψ), Freeze frequency 

(ϕ) 

MPD Information Used to report Representation information from 

the MPD so that reporting servers without 

direct access to the MPD can understand the 

used media characteristics. 

Highest available quality 

level (qmax ) 

Device Information A list of device information objects. Not used 

 

Parameter estimation (as was done in section 5.2) is no longer required as the actual quality 

switches and video stalling events can be monitored directly. With them, it is possible to use the QoE 

model from section 5.2 directly, since the MNO can now access the video metrics that serve as inputs 

to this model. With this in mind the main conclusions are: 

• These DASH features, which are related to the application layer, assume, in terms of QoE 

prediction, an overwhelming importance as the information from these metrics depicts directly 

the impairments that the user is experiencing at a given moment. 

• Obtaining these metrics through the QoE reporting mechanism allows for applying the models 

that relate video metrics to QoE directly. These models have been extensively validated through 

multiple subjective studies and can accurately depict the QoE of a user. As such, it is expected 

that the obtained predictions will have increased accuracy when compared with those obtained 

with a model using radio features as input.  
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Overall, the predictions made using radio metrics provide accurate results. However, the accuracy 

of these predictions can only get so good, the next step in achieving higher accuracy would be to use 

this QoE reporting mechanism and for the MNOs to include these metrics into new prediction models.  

A downside to activating this reporting mechanism would be the increase of overhead in the network, 

which is a potentially undesirable consequence in already congested networks. One of the advantages 

of this thesis’ proposed model is the fact that the MNOs already collect the RAN KPIs required to provide 

QoE predictions without causing any overhead in the network. 

7.5 Applying the QoE Video Model 

In order to gain a better perspective of the MOS prediction results that can be obtained using the 

proposed model, another dataset was acquired and with it, it was possible to predict the MOS of 

previously unseen data using only the 11 radio parameters required by the proposed QoE model. This 

new dataset gathered information originated from drive tests, just like the one used to develop the QoE 

prediction model. The drive tests were performed in several locations in mainland Portugal and have a 

total of 2260 video streaming sessions using the 4G network of only one operator of which the network 

information was available. The tests were conducted using two identical devices (Samsung Galaxy S9 

(SM-G960F)) and are referred to as UE 1 and UE 2. 

 

Figure 7.8 - Representation of all the video streaming sessions conducted using UE 1. 

 



75 

 

Figure 7.9 - Representation of all the video streaming sessions conducted using UE 2. 

In Figure 7.8 and Figure 7.9 each colored point represents a streaming session using UE 1 or UE 

2, respectively. Each colored point corresponds to a session in which the higher MOS values are 

represented by a brighter green colored dot, while minimum MOS values are represented by a dark 

orange dot. A brief summary of the drive test information is found in Table 7.10.  

Table 7.10 - Summary of the drive test data per UE 

Summary UE 1 UE 2 

Number of Sessions 1312 948 

Average MOS 4.65 4.66 

Median MOS 5 5 

Minimum MOS 2 3 

Maximum MOS 5 5 

 

Additionally, it is noted that despite using two devices, the distributions of obtained MOS predictions 

are very similar as can be seen in Figure 7.10 and Figure 7.11. 
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Figure 7.10 - Distribution of MOS predictions obtained using UE 1. 

 

Figure 7.11 - Distribution of MOS predictions obtained using UE 2. 

7.5.1 Area #1 Analysis (Poor Quality) 

From the visual representations of predicted MOS of the several video sessions, it was possible to find 

areas in which the MOS values were low. These areas are scrutinized and an analysis of the radio 

context in which these sessions took place is carried out. In this dataset the information regarding which 

cell the UE was connected to, for the duration of the session, was available. Together with information 

obtained regarding the eNodeBs, it was possible to relate the geographical location of the vehicle – in 

which the UEs where located – and the location of nearby eNodeBs, which lead to the examination of 

the radio environment in which these sessions took place. Since the information regarding which cells 

connected to the UE during the sessions was available, it was possible to establish a logical relationship 

between some of the radio metrics that exhibit a worse performance and low values of MOS predictions. 

With this and given the fact that the locations of both eNodeBs and UEs were known, it was possible to 
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conjecture about why these degradations in these metrics were registered and if these were due to, for 

example, poor coverage, interference issues or low capacity. 

 

Figure 7.12 – First example area where a prediction of poor MOS is detected. 

In Figure 7.12 a first example of a problematic MOS area, Area #1, is shown. In it, it is possible to 

see the path of the vehicle in which these sessions were conducted and their corresponding MOS 

predictions, where several of these sessions present good (4) or excellent (5) MOS values. However, 

one of these sessions presents a MOS of 3, which is a level that, despite not being extremely low, is 

enough to alarm an MNO, since it could mean that this is an area with poor radio channel conditions. 

Additionally, the sites to which the UE 1 connected to can be seen, which are Site A and Site B (shown 

in blue in Figure 7.12). From the dataset, it was possible to learn that besides the sites displayed in 

Figure 7.12, another two eNodeBs, positioned further away, also connect to the UE throughout the 

streaming session.  
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Figure 7.13 - Depiction of the RSRQ level for the first example area. 

In Figure 7.13, it can be observed that RSRQ is low for that particular session, which is probably 

due to the fact that during the video session the received power from neighboring cells lead to the 

degradation of the radio channel’s conditions which caused a decreased signal to interference plus 

noise ratio. This results in the UE switching to a more robust modulation scheme, in this case QPSK - 

as was verified in the drive test data. A consequence of using a more robust modulation scheme is a 

decrease in throughput, which has a direct impact in the QoE since adaptive video streaming is very 

sensitive to changes in throughput. This variation in throughput leads to a degradation in quality of an 

adaptive streaming which is correctly pointed out by the proposed QoE prediction model.  

7.5.2 Area #2 Analysis (Poor Quality) 

From the data provided by the drive test, it is known that the vehicle in which this video session took 

place was travelling on the road from a location closer to Site 2 towards the location depicted by the 

dark orange point in Figure 7.14. The azimuth of the Site 2’s cell to which the UE was connected to 

points towards an angle of 190º. Presumably, as the vehicle travels west-bound, the radio channel 

conditions deteriorate due to increased distance to this site and to deviation from the cell’s azimuth. This 

leads to a worse coverage by Site 2 which results in the UE connecting to Site 1.  
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Figure 7.14 - Elevation profile between the UE and Site 2 for Area #2. 

However, from the available downtilt information, it is safe to assume that the Site 1’s cell’s downtilt 

was planned to focus its coverage on the cluster of houses circled in red in Figure 7.15. In Figure 7.15, 

the path from the UE and Site 1 is shown with a yellow line as well as the terrain profile. Some 

calculations with the antenna’s downtilt provide the half-power beam width coverage, which is the part 

of the yellow line that is highlighted in red and is highlighted again in the terrain profile. With this, it is 

possible to see which portion of the path is most covered by this cell. From this, it can be seen that the 

power that reaches the vehicle in the specified poor MOS point is low, resulting in bad propagation 

conditions which are confirmed by the low RSRQ value obtained for that point. All this leads to a worse 

throughput which, in turn, causes a deterioration in adaptive video streaming which is accounted for, by 

the proposed QoE prediction model, with a poor MOS value.  
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Figure 7.15 - Elevation profile between the UE and Site 1 for Area #2.. 
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Chapter 8 Conclusions 

In an age when there is an vast number of people using mobile devices to access the internet and video-

based services, the MNOs must keep in mind the churn rate of their services, that is, the rate at which 

the users disapprove of the quality of the provided service and cease to use that service or may switch 

to another MNO. QoE has been pointed out to be one of the most important indicators of this user 

dissatisfaction. If the MNO can measure QoE using network metrics, it could implement changes in its 

network or re-dimension it based on the QoE, ensuring customer satisfaction. The development of 

models that allow for the prediction of such a subjective perception based on objective metrics is, thusly, 

of utmost importance. 

This dissertation focused firstly on studying the already existent models, found in the literature, that 

relate the video metrics (such as video stalls, average video resolution, etc.) to MOS. With this and given 

that these video metrics are available in a dataset obtained via drive tests, for each registered session 

it was possible to obtain the expected MOS. This process was not without its difficulties since the drive 

test dataset did not, to a full extent, provide all the required video metrics required that could serve as 

inputs to the model.  

The following step was to establish the relations between the several available radio parameters 

to the MOS values obtained for each session. This process was done resorting to Machine Learning 

regression techniques, where several models were build based on the several hypotheses of which set 

of features could, more appropriately, relate radio metrics to the MOS values. 

From the process of dataset analysis resulted that the available dataset was extremely unbalanced 

in terms of the distribution of MOS values. As such, one of the key findings in this dissertation was 

verifying that the ML regression process, and consequentially the created models’ predictions, do benefit 

from a balancing of the distribution of the training data. For the purposes of substantiating the benefits 

of training set balancing, there was a need for using different performance metrics, namely the Stratified 

Error, which measures the MSE for certain MOS intervals. This performance metric provided a useful 

outlook of the models’ prediction capacity of all values in the MOS scale. 

Another finding was determining which ML algorithm could best predict MOS. To accomplish that, 

5 different ML algorithms were used and their performances compared, being that the Gradient Tree 

Boosting algorithm managed to achieve the best overall results. The model estimates QoE with a 

Pearson correlation of 78.9%, a Spearman correlation of 66.8% and a MSE of 0.114. Having in mind 

the real-world applications of this QoE prediction model, one fundamental step (also validated in this 

work) was to optimize it in order to make sure that its execution is as less resource demanding as 

possible while achieving low losses (~6%) in prediction capacity. 

Furthermore, the adoption of the QoE reporting mechanism by the MNOs is studied. With this 

adoption, it would be possible to obtain parameters that would drastically improve the prediction capacity 

of existent and future QoE prediction models. 
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Finally, two example sessions with a low MOS prediction were picked and the surrounding areas 

in which these streaming sessions took place were analyzed.  With information regarding the eNodeBs 

and the position of the drive test vehicle, some considerations were made regarding if there were any 

plausible issues that lead to poor MOS. What was concluded was that, in fact, in both studied areas, the 

UEs suffered from poor radio channel conditions which lead to lower throughput and in turn caused the 

deterioration of adaptive video streaming quality, which explains the low MOS predictions. 

As future work, it would be of great relevance to jointly analyze lower QoE session predictions with 

the configurations of the serving cells for that session. With the intent of proposing new configurations 

and/or network optimization actions to mitigate the QoE-degraded areas.  
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