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Abstract

Video streaming services such as YouTube, Netflix, and Hulu, and remote web confer-
encing systems such as Zoom and Cisco WebEx are rapidly gaining popularity, and the
number of users of such services continues to increase every year. Research on improving
the quality of user experience (QoE) in video streaming delivery (hereafter referred to as
video delivery), which is common to these services, has become very important for both
users and service providers. In recent years, most video delivery services have adopted
HTTP adaptive streaming (HAS) in order to provide video delivery with appropriate ser-
vice quality for various service usage environments. Dynamic Adaptive Streaming over
HTTP (MPEG-DASH) is one of the most popular HAS standards, and there has been a
lot of research on developing QoE-based adaptive streaming using MPEG-DASH. QoE is
expected to be used as an indicator to reflect user satisfaction. However, QoE depends
on various user’s external factors and internal factors. In our previous research, we made
a classifier for estimating QoE by using extracting temporal and frequency features from
the user’s EEG, and clarified that the estimation accuracy of the method. In the context
of the QoE-based video delivery control, it is important to accurately estimate the user’s
QoE especially when the video quality changes. Therefore, in this thesis, in addition to
our previous method, we investigate a method to obtain the timing for controlling the
video bitrate. We propose a delivery control method based on the user QoE, using event-
related potentials (ERPs), which are EEGs occurred by a specific event (stimulus) and
are endogenous potentials that reflect the subject’s cognitive attitude toward the stimu-
lus. The P300 is an event-related potential and is known to occur in association with the
presentation of low-frequency stimuli in stimulus-classification tasks such as the oddball

task, but recent studies have reported that it is also evoked when perceiving changes in a



playback video quality. We collected the EEG and QoE data during video watching, and
evaluated the value of recall when bad label is classified as target, and showed that the
recall value was 76.0% at maximum and the average is 49.3%. And We evaluated the P300
on a threshold basis, detecting and comparing it to the bitrate changes. We also discussed
the design and feasibility of a rate control system using an EEG-based QoE estimation

method.
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1 Introduction

Video streaming services such as YouTube, Netflix, and Hulu, and remote web conferencing
systems such as Zoom and Cisco WebEx are rapidly gaining popularity, and the number of
users of such services continues to increase every year. Research on improving the quality of
user experience (QoE) in video streaming delivery (hereafter referred to as video delivery),
which is common to these services, has become very important for both users and service
providers. In recent years, most video delivery services have adopted HTTP adaptive
streaming (HAS) in order to provide video delivery with appropriate service quality for
various service usage environments. Dynamic Adaptive Streaming over HTTP (MPEG-
DASH) is one of the most popular HAS standards, and there has been a lot of research on
developing QoE-based adaptive streaming using MPEG-DASH [1,2]. These studies have
focused on communication quality and video quality such as latency and rebuffering time
to estimate the QoE of a user, the QoE of a user can be affected not only by external
factors that do not originate from the user, such as video quality, communication quality,
viewing environment, and content itself, but also by internal factors that originate from
the user, such as its current mood and personal preferences for videos. For these reasons, it
is actually difficult to estimate QoE using only the quality of communication and a video.
In addition, in order to use the estimated QoE for controlling video delivery, it is necessary
to obtain the QoE of a user who is watching the video in a real-time manner. To solve
these technical problems, we establish a method to estimate QoE using the user’s biometric
data. Particularly we focus on electroencephalogram (EEG), which can be obtained in
real time and it is thought to be able to acquire psychological information about the user.
In our previous research, we developed a method to make a classifier for estimating
QoE of a video viewing user by extracting features in the time domain and the frequency
domain from the user’s EEG. We clarified the estimation accuracy of the method in [3].
For realizing the QoE-based delivery control, it is important to accurately estimate
the user’s QoE when the video quality changes. In this thesis, in addition to our previous
method, we propose a method to obtain another useful information from EEG for video
delivery controls. We use event-related potentials (ERPs), which are EEGs evoked by a

specific event (stimulus) and are endogenous potentials that reflect the subject’s cognitive



attitude toward the stimulus. The P300, which is one of ERPs, is classically known to oc-
cur in association with the presentation of low-frequency stimuli in stimulus-classification
tasks such as the oddball task, but recent studies have reported that it is also evoked when
perceiving changes in video quality [4]. In this thesis, we use the P300 as an indicator of
the cognition of changes in video quality. By combining the P300 with the estimated QoE
with our previous method, we can obtain the QoE immediately after the user’s cognition
of changes in video quality. In other words, we utilize the P300 as a decision criterion of
the video delivery control. The overview of our proposed video delivery system is shown

in Fig. 1.
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Figure 1: Overview of our proposed video delivery system.

To evaluate our proposed method, we need a data set which contains the QoE and
EEG of video viewing users. Therefore, we start with data collection experiments. After
obtaining a data set, we evaluate our proposed QoE estimation method and P300 detection

method. Finally, to verify the feasibility of the real-time video rate control with our



proposed method, we implement an MPEG-DASH player that request a bitrate determined
by using the estimated QoE right after the detection of the P300, to a video server.

The remainder of this paper is organized as follows. In Section 2, we briefly describe
related work about ERPs and QoE-based delivery control methods. In Section 3, we
explain the experiments that we conducted to collect data set for the estimation of QoE.
In Section 4, we present our QoE estimation method and show the evaluation results of
our proposal. Also, in this section, we present a P300 detection method. In Section 5, we
show the detailed design of the video delivery system with MPEG-DASH and a QoE-based

bitrate control. Section 6 gives the conclusion of this thesis.



2 Related Work

2.1 Event Related Potential in the EEG

Event Related Potentials (ERPs) are voltage fluctuations generated in the brain elicited
by stimuli or events. The P300 is one of the event-related potentials, a positive voltage
fluctuation that appears near the parietal lobe about 300 ms after the perception of a
significant stimulus (e.g., target stimulus in Oddball paradigm [5]). The P300 is often
used in the field of Brain Computer Interface (BCI), such as the P300 Speller.

For the detection of the P300, the additive averaging process is generally applied
to improve the SINR (Signal to Interference and Noise power Ratio) and obtain high
reliability [6]. For single-trial detection of the P300, amplitude threshold-based methods
and linear discriminant analysis-based method have been proposed [7,8].

The P300 has also been utilized to assess the video quality of multimedia [9,10]. In
general, it is known that the amplitude of the P300 is smaller in passive task conditions,
where no information about tasks and stimuli are presented to subjects in advance, than
in active task conditions [11]. There is not enough discussion on whether it is possible
to detect the P300 for unexpected changes in video playback such as bitrate changes and

rebufferings.

2.2 QoE Estimation Methods in Video Streaming Services

QoE is a measure of the user’s satisfaction with its enjoying services. QoE is affected by
system factors, context factors and human factors [12]. System factors include communi-
cation delay, packet loss, video resolution and frame rate. References [13,14] show that
rebufferings in video watching have a large impact on user’s QoE. References [14,15] show
the played bitrate and the bitrate change ratio are also affect the QoE.

Context factors include location, time of day, and type of the tasks. References [16,17]
describe that the QoE is video content dependent, and Ref. [18] discusses the utility of
social network trend analysis for QoE estimation through a case study involving simu-
lation of HTTP adaptive streaming (HAS) and load balancing in a content distribution
network (CDN).

QoE also relies on Human internal factors like gender, age, mood, and cognitive pro-



cesses expectations. To reflect human cognitive processes for QoE estimation, some studies
use EEG data of users [4,9,10]. By combining these multiple factors, it is expected that

QoE can be estimated more accurately and effective control can be achieved.

2.3 Adaptive Video Streaming Techniques

In recent years, HT'TP Adaptive Streaming (HAS) has been widely used in video delivery
services. For example, it has been implemented in Microsoft’s Silverlight SmoothStream-
ing (MSS), Apple’s HTTP Live Streaming (HLS), and Adobe Systems’ Adobe HTTP
Dynamic Streaming (HDS). One of the HAS standards is DASH published by MPEG in
2012 [19]. DASH aims to provide users with a smooth video streaming service based on
network conditions and types of client devices. In DASH system, the video content is
encoded into multiple versions at different bitrates, and each encoded video is divided
into segments of a certain length. These segments are stored in the DASH server, and
the server delivers the specified segment in response to a request from a DASH client.
The DASH client requests segments of suitable quality according to a predefined ABR
algorithm. Various ABR algorithms have been proposed, for example, throughput based
control methods in [20,21] and buffer based control methods in [22,23].

0o



3 Experiment for EEG Data Collection

To implement and evaluate a method for estimating the QoE of a video viewing user,
we conducted an experiment to collect QoE and EEG during video viewing. 25 healthy
students from our University participated in the experiment. Our experiment received
approval from Osaka University Research Ethics Committee and permission from the
head of our research institution. Considering the recent spread of COVID-19 infection,
we carried out experiments in a ventilated room. Also, both the person conducting the
experiment and the subjects checked own body temperature, disinfected their hands and

fingers.

3.1 Device Configuration

Figure 2 shows the experimental environment. In the experiment, three types of data were
recorded: EEG data, QoE data, and playback start time. Two laptops were used, one for
video playback and the other connected to an EEG sensor (Emotiv EPOC X) for recording
EEG raw data. Each laptop for video playback was connected to a 27-inch monitor and
participants watched a video clip on the 27-inch monitor. Laptops and smartphones (the
details will be described later) were connected to the same network through a wireless
router placed in the same room, and their Operation-system time was synchronized with
an NTP protocol to keep time difference below the order of 10ms. Time synchronization

is sufficient for our system to detect the P300.

3.2 Experimental Protocols

Figure 3 describes the protocol of the experiment we designed. Before the start of the
experiment, the time of each device was synchronized using an NTP. The video view trial
was repeated 30 times, corresponding to the number of total video clips. In order to avoid
participant from fatigue affecting the measurements, a 10-minute break time was provided

every 10 trials.
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