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Abstract

The number of services available on the internet has grown exponentially in the last decade.
Internet dependent services like on demand video services (streaming), online gaming, online
data management and processing have gained more prominence than ever before. Users are

approaches. At the heart of offering services online is the Quality of Experience (QoE)
phenomenon especially for video on demand services which requires a holistic understanding
of the Human Factors coupled with Quality of Service elements to predict QoE. This paper
takes its point of departure from the presenting the theoretical formulation of QOE
phenomenon, which clearly captures dynamic uncertainty in user behavior and sits at the
intersections of quantitative and qualitative parameters. We further describe the taxonomy of
QOE, present the state of the art and related literature in QoE for VoD predictive models.
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1. INTRODUCTION

Video On Demand (VoD) is an interactive media distribution technology that al- lows users to
access multimedia content irrespective of time or their geographical location. Owing to the
readily available miniaturized high computing devices and access to broadband internet
connectivity, inter- net services have become diverse and rich in content [80]. Among the
dynamic services offered through the Real-Time Streaming Protocol are multimedia services
such as VoD, news, Internet Protocol Television (IPTV), social networks, video
Teleconferencing, immersive and virtual reality games, multimedia conferencing, live sports,
movies among others [2]. Real-Time Streaming Protocols which mediate signal transmission
in a VoD ecosystem were established through a collaborative effort be- tween the World Wide
Web Consortium (W3C) and the Internet Engineering Task Force (IETF).

W3C prescribes the JavaScript APIs and the standard HTMLS5 tags for peer-to-peer (P2P)
connections and the IETF which prescribes the protocols for setting up and management of a
communication channel [28]. In a VoD environment, the abstraction is created by storing the
video content as a com- pressed digital file in a centralized server environment. This allows a
viewer to put in a re- quest for an on demand video which is then compressed and transmitted
to an internet enabled device either at a cost or freely [46]. Nowadays, the most popular
interactive multimedia service is video on demand and as projected by Cisco, video traffic has
now sur- passed 82 percent of the total web consumer traffic [75].

However, even with the traction VoD has gained, it is still prone to a myriad of factors which
can result in degradation of the agreed Service Level Agreement (SLA). These factors could
range from lossy signal encoding or decoding, fluctuation of throughput, net- work overload,
video freezes, delay, increase in turnaround time and jitter [25] which in-turn results to
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decreased user satisfaction which eventually leads to low Quality of Experience (QOE). This
also implies that a positive change in the factors mentioned above toward attainment of the
required threshold leads to high QOE perception. As a result, the research and industry
community, through numerous extant studies have invented various schemes to better
understand how consumers perceive and experience service degradation, and to investigate
mechanisms of providing them with better experiences [63] [2] as well as predicting the
optimum Quality of Experience levels.

The construct of quality of a service cannot be ignored in contemporary world. Modern day
users can be perceived as [73]}, quality meters who are not just service consumers but evaluators
who conduct quality assessments on the video and audio content they receive. Countless studies
[45] [24] [80] [74] [11] have demonstrated that while traditional quality assessments focused
mainly on Quality of Ser- vice (QoS), QOE has been proven to be a more effective way of
evaluating user perceptions. Quality of Experience is post exposure holistic phenomenon that
depicts user’s perception of a product or a service. It seeks to measure the user’s satisfaction
through objective or subjective measures. Provision of above board QoE for VoD is a herculean
task for many service providers. This is due-to the fluid nature of the requirements which are
defined from an end user perceptive and due to the fact that they are agnostic to the network
architecture as well as the communication protocols in use. However, despite the strong
arguments exuded in the studies mentioned above in favour of QOE, the existing literature
provides ng-adequate instruments to quantify the service quality of video-on-demand services
as its a novel concept. As such, the objective of this paper will be to conduct a review of related
literature on QoE predictive models for VoD. The methodology proposed by Kitchenman [44]
for conducting rigorous literature review was adopted.

2. THEORETICAL BACKGROUND

This section presents the context-of Quality of Experience in prediction and estimation of Video
on Demand. It further presents a review of recent related studies with a focus on the taxonomy
proposed for each model. The section also highlights a critique and open issues for research.

2.1 Quality of Experience and Quality of Service

Over the last two decades, Quality of Experience research has been very active leading to even
broader computer science allied tenets like emotional and psychological experiences, aesthetics
among others. Various researchers have provided different QoE definitions, International
Telecommunication Union (ITU-T) for example defines QoE as "the overall acceptability of
an application or service, as perceived subjectively by the end-user". This implies that since
QOE is an end to end assessment of the system, the overall experience and perspective may be
prejudiced due tocontext and user expectations. Therefore, this makes QoE prediction and
estimation a complex task that can only be addressed comprehensively though qualitative
(subjective)and quantitative (objective) techniques.

Subjective QoE measures can jbe derived from conducting interviews with users of a VoD
services, web surveys, questionnaires and suggestion boxes. On the other hand, objective QoE
can be derived from network-based Quality of Service (QoS) parameters which quantify the
conditions set out in the SLA, cognitive parameters, physiological and psychological
parameters [28].

In an contemporary multimedia environment where VoD is offered as a service, QoE
subjective tests can be categorized as either passive assessments or active tests (conversational
assessments). In passive assessment, users are exposed to a series of original and distorted
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audio visual frames for scoring using Mean Opinion Scores (MOS) [42] [39]. While true MoS
can only be derived from subjective tests, objective assessments can also be carried out to
reproduce human perception. In the case of VoD, objective tests can be categorized as either
(i) Parametric Packet layer models that estimate QOE based on packet header information rather
than analyzing media signals are known as parametric packet-layer models. ii) Parametric
planning models which predict QoE using quality planning criteria for networks and associated
terminals. iii) Bit-stream-layer models which estimate QOE using encoded bit-stream and
packet-layer information. iv) Hybrid models which takes data from the signal, bit stream,
and/or packet headers as inputs. v) Media layer model which utilizes certain reference data and
degraded audio as well video signals for robust QoE estimation [28]. Acknowledging that
subjective measures provided better accuracy in prediction of QoE, they are characterized by
major downside based on the following arguments. firstly, subjective tests ought to be
conducted in a controlled environment and under limited conditions.

Figure 1: Quality of Experience Influence Factors

Categories Typical QoE IFs
Content-related Spatial-temporal requirements, colour depth,
System IFs 2D/3D, texture, content reliability, etc.

Media-related Encoding, resolution, sampling rate, media
synchronization, etc.

Network-related Bandwidth, delay, jitter, loss, error rate,
throughput, etc.

Device-related System specification, equipment specifications,
device capabilities, provider specification &
capabilities, etc.

Physical Location, space, movement, etc.

Temporal Playing time, duration, frequency, etc.

Context IFs Economic Cost, brand, subscription type, etc.

Task/Social Multitasking, social occasion, etc.

Tech & Info Relationship between the system of interest and
other relevant system.

Low-level Physical, emotional and mental constitution of

Human IFs processing human etc.

High-level Demographic and socio-economic background,

processing etc.

Secondly, subjective tests cannot be done in real time and require a large group people which
not only makes it expensive but also time consuming. Notably, subjective assessments may
also be affected by the user’s opinions, preferences, prior and posterior state of the mind, past
perceptions and user understanding.

2.2 Quality of Experience Taxonomy and Measurement

The main debate in prediction and estimation of QoE for Video on Demand services is
determination of the critical parameters that have a significant-impact. JResearchers have
demonstrated a divergent perspective on the how-to arrival at the taxonomy for QoE. In their
white paper, [12] argue that the system, context, and human/user factors as the critical
performance indicators when deriving QoE taxonomy. System Influence Factors (IFs)lays its
main focus on parametric technical measures of a system which can be expressed using QoS
parameters. The user IFs refer to observable human aspects and behaviour while interacting
with a system. Context IFs focuses on the ecosystem of the user like their environment,
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location, time among others while content IFs speak to the quality of the content accessed by
the user [80]. These performance indicators created a basis for further analysis and
improvements as opined by [36] [86] [57] [35].

Various IFs in the end-to-end chain of video communication, which includes video capture,
coding, storage, delivery, decoding, rendering, display, context of use, and user factors, are
known to influence QoE. However, monitoring QoE with all the IFs is impractical due to the
fact that some of these Influence Factors are difficult to observe and monitor, and again these
Influence Factors may be correlated. Given the aforementioned, a comprehensive QoE Model
IS one that measures both subjective and objective parameters. The assessments must be
carefully planned and the subjects prepared for the experiments as per the ITU-T P.800
recommendations [29].

QOE was represented as a linear equation by [62] as shown below;

JQoE=p. QoS+ 1u.UX 1)
Where
QoS = g—: ’::Z and )

| Saipi | S.BiRi | T YkUk
.JUX_EI:H’!:# YiBi e Y Bk (3)

where:

The variablep controls the proportional weight related to the quality of service parameters as
compared to the user experience (UX). At the same time, the variables S, Pi,R;j,Ux, represent
the quality values that are provided to the individual parameters of quality of service
measurements (Si), perception measurements (P;), rendering quality measurements (Ri), and
user state measurements (Ux) respectively.

The variables A, B, C are computed empirically with weighting constants for the respective
perception measurements, rendering quality measurements, and user state measurements. The
variables #1, ai, pj, y« are weighing factors that rely on the proportionate individual user
experience’s quality value parameters underneath quality of service measures, that of
perception measurements, rendering quality measurements, and user state measurements
respectively.

2.3 Quality of Experience Assessment for Video on Demand

A: Subjective QOE Assessment

Subjective QoE assessment aims at deriving quantitative data that depicts the perceived Quality
of Experience by allowing humans to score video frames after watching them in a controlled
environment as prescribed ITU-T and ITU-R in [40] [41] [38]. The scores are represented by
Mean Opinion Scores whose approaches are shown below in Table 1 [17].
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Table 1: Summary of MOS Scoring Approaches

Sr No. | MOS Scoring | ITU Recommendation | Frames Grading Scale
Approach Evaluated
1 SS/ACR ITU-R  Rec.BT.500, | One ITU-R Quality Scale
ITU-T Rec.P.910
2 ACR/HR ITU-T Rec. P.910 One ITU-R Quality Scale and
DMOS
3 DSIS/DCR ITU-R  Rec.BT.500, | Two ITUR-R Impairment Scale
ITU-T Rec. p. 910
4 DSCQS ITU-R Rec.BT.500 Two ITU-R Quality Scale
5 SC ITU-R Rec.BT.500 Two ITU-R comparison Scale.
6 PC ITU-T Rec. P.910 Two ITU-R Quality or
Comparison Scale.
7 SSCQE ITU-R Rec.BT.1788 Multiple Continuous Rating Scale
between 0 and 100.
8 SDSCE ITU:R Rec.BT.500 One, Long | Continuous Rating Scale
Sequences | between 0 and 100.
9 SDSCE ITU-R Rec.BT.500 Two, Long | Continuous Rating Scale
Sequences | between 0 and 100

From the summary table, mean opinion scores are categorized as Single, Double, Multiple or
Long Sequence Tests.

The Single Sequence Tests can be carried as either Single Stimuli (SS), Absolute Category
Rating (ACR) or Absolute Categary Rating with Hidden Reference (ACR-HR). In the first two
tests categories, user is required to watch one video frame/sequence a time then score it based
on either the ACR Five, Nine or Eleven grade. In the ACR-HR, the process is identical to ACR,
except that all sequences of the unaltered references are displayed and rated separately. Then,
between each sequence’s MOS values and its hidden reference, a Differential MOS (DMOS)
is calculated.

The Double Sequence Tests are executed as either Double Stimuli Impairment Scale
(DSIS), Degradation Category Rating (DCR), Double Stimuli Continuous Quality Scale
(DSCQS) or Stimulus Comparison. In first two i.e., DSIS and DCR, a user watches an
unimpaired sequence of frames after which they are asked to score an impaired sequence with
the same source based five grade ITU-R impairment scale. For the DSCQS, users are asked to
score the quality of two sequences from the same source using the ITU-R five grade quality
scale, with at least one sequence being unimpaired. In the SC, a user compares two video frame
sequences and scores them using the ITU-R comparison scale. This method of scoring offers
an index of the relationship between two presentations that are being compared. The last
category of Double Sequence Tests is the PC where a user is shown a pair of sequences for
each test. These two sequences are chosen from a pool of N sequences (for a total of N(N-1)
potential pairs). The individual is asked to choose which of these two sequences is more
preferable.

Multiple Sequence Test mainly refers to the Subjective Assessment of Multimedia Video
Quality (SAMVQ) which is entails a participant seeing an explicit and unaltered reference
video frames sequence as well as various different variations of the same video content. The
respondent is then asked to grade all of the sequences on a scale of 0 to 100. After careful
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comparisons, the subject can evaluate and alter the scores of all variations during the test. A
hidden reference is sometimes used to assess intrinsically, the quality of a given reference video
sequence.

Long Sequence Tests include Single Stimulus Continuous Quality Evaluation (SSCQE) and
the Simultaneous Double Stimulus for Continuous Evaluation (SDSCE) methods. In the first
one, a subject continuously watches and grade sequences of video frames using a 0 to 100
quality scale. Since the scoring is done continuously and with the option of play back, then a
continuous video quality curve is obtained. The SDSCE has similarities with the SSCQE,
however, the main distinction between these two methods is that in SDSCE, an unaffected
reference sequence is played alongside the assessed video sequence. Eventually, only the
impaired/tested sequence is graded by the subject.

B: Objective QOE Assessment:

While Subjective Quality of Experience assessments are the most reliable [86], for real time
and continuous assessment of video sequences, objective parameters would be more efficient.
This is because unlike other assessments, video content is characterized by unique and varied
dynamic requirements which are best addressed through objective measures.

Highly dependent on the degree of information available for a video signal, objective video
quality assessments can be categorized into; Full Reference (FR), Reduced Reference (RR)
and No Reference (NR) [9] [8]. In the full reference method, reference multimedia materials
are fully available for comparison with the received distorted/impaired contents in order to
evaluate visual quality. The original signal is not available at the client or receiver end in most
real situations. Studies by [49] [58] [66] depict Structural Similarity Image Index (SSIM),
Multi-Scale Structural Similarity Index (MS-SSIM), Feature Similarity Index (FSIM),
Gradient Magnitude Similarity Deviation (GMSD), and Perceptual Similarity Index (PSIM)
as available metrics for objective similarity assessment which have all been developed using
the FR method.

(2uxpy + C1) + (205 + C2)
(ug + 4 + C1)(0f + 03 + C5) 4)

FSIM (x,y) =

where the first, second, and third terms in the first line of measuring image luminance,
contrast and structure similarity, respectively; W, o, oxy are local mean, variance, and
covariance; X, y indicate two images; c1, c2 are small two stabilization constants.

’PLCC __ 2il@-q-(o;~0)
VYi(gi — 9% Xi(o; — 6)? (5)

where sjand pi indicate the i-th image’s subjective score and converted objective rating after
nonlinear mapping, s and p are the mean of all sjand pi.

2fxfy + ¢

}MS — SSIM (x,y) = fZtfEte (6)
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where f indicates the feature Phase Congruency (PC) or Gradient Magnitude (GM), x, y indicate
two image while ¢ is a stabilization constant. PC similarity and GM similarity are then
multiplied to the FSIM.

)FSIM _ ZxeaSL(X) - PO (X)

Yxe P O (X) (7)
where we use PCy(X) = max (PC1(x), PC2(x)) to weight the importance of S (x) in the overall
similarity between f1 and f», and accordingly the FSIM index between fi and f, as defined
above and where Q means the whole image spatial domain.

. . . 2 .. 2 ..
GMS(D) = (2m,(Dmg(i) + ¢) /(m= (i) + m= (i)+c) (8)
where c is a positive constant that supplies numerical stability, L is the range of the image
intensity. The GMS index is computed in a pixel-wise manner; nonetheless, important to note
that a value m¢(i) or mq(i) in the gradient magnitude image is computed from a small local
patch in the original image r or d.

Figure 2: Summary of Subjective QoE Assessment Techniques [2]

Parameter | ACR | ACR- | DRC PC SSQE | DSIS | DSCQS | SDSCE | SCACJ
HR

Stimulus | Single | Single | Double | Comparison | Single | Double | Double | Double | Comparison

type

Video 10s 10s 10s 5m 10s 10s 5m

duration

Explicit No No Yes No No Yes Yes Yes No

Video

reference

Hidden No Yes No No No No Yes No No

Video

reference

Video Yes Yes Yes Yes No Yes Yes No Yes

repetition

In the reduced reference method, the need to offer particular properties like texture, edges
among others of the original image or video for quality assessment instead of supplying the
original image or video as a reference is underscored. With the proliferation of social
networking, online games, and video streaming, RR-based quality evaluation has been a hot
study field as observed by [21]. Therefore, RR based methods can be termed as intermediate
between FR and NR since-it only requires partial information on the multimedia content only
on the receiver’s end. In the no reference method, because there is no reference, the quality
assessment of an image or video in this category is done blindly using extracted information
from the multimedia content. However, evaluating the picture and video quality with NR is
difficult since the recovered features may only provide a limited amount of information. As
such, [66] proposes an NR picture quality measurement metric based on the free energy-based
brain theory and features influenced by the Human Visual System (HVS). In addition, [31]
suggested a different technique based on a Free Energy-based Distortion Measure (FEDM) and
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a structural degradation model. Due to the lack of a reference, no reference method is more
difficult compared to the other two methods explained above.

In summary, subjective studies as discussed above have been proven to be very demanding
and must comply with established rules like number of subjects, age, noise free/dedicated
environment among others. The more number of participants in a subjective study, the higher
the accuracy of of the overall QoE rating. For objective assessments, tools like google
microwork site and Amazon Mechanical Trunk are now being used due to their ability to'allow
an internet service consumer to carry out formal tests. Recently, machine learning based
methodologies like Pseudo Subjective Quality Assessment (PSQA) method based on a
Random Neural Network (RNN) has also been used as a learning tool. in RNN, assessment
results are used to capture the link and relationship between the distortion parameters and the
perceived consistency.

3. REVIEW OF RELATED LITERATURE

This section presents an overview of related literature on Quality of Experience predictive
models for Video on Demand. Specifically, the section presents state of the art and a review of
techniques, methods and models published in period between 2016 - 2021.

3.1 State of the Art

Given the recent trends in QoE prediction, the state of the art is presented based of the following
foremost fronts; (a) Over The Top (OTT) broadcasting of VoD content, (b) Adaptive Bitrate
Streaming, (¢) High Speed Broadband Requirements, (d) MULSEMEDIA-QoE, (e) Machine
Learning for QoE Prediction.

Over The Top (OTT) broadcasting of VoD content OTT is an emerging media distribution
platform which uses internet over a public network to distribute digital media [3]. This
paradigm shift has resulted in many companies creating individual media distributing
applications called OTT Media Platforms (OMP). Compared to the classical media distribution
techniques, OTT provides consumers with flexibility and ability to access the multimedia
content through multiplicity of ways like smartphone apps, social media and websites. The
advent and proliferation of OMP shows a new trend of perceiving entertainment as a bundle of
several multimedia packages. In addition, this new paradigm is customer centric and with
competition forcing industry player to remain creative and innovative [14].

HTTP adaptive streaming (HAS) also called MPEG-DASH is an adaptive bitrate
streaming method that has inlthe recent past attracted a lot of attention. It is the technology
behind-most of the common VoD services like YouTube, Vimeo LLC, Show Max Amazon
Video (Amazon VoD), Hulu and Netflix due to its ability to support transmission of high-
quality multimedia content from the classical HTTP severs. Naturally, HTTP DASH initiates
pertinent questions on how the varying quality levels should be treated with the main debate
being instantaneous QOE during transition from different service levels [30].

High Speed Broadband Requirements At the backdrop of Video on Demand services is a
requirement for fast and reliable internet connection. Unlike many online services, for optimal
experience, VoD requires high download speed and network reliability. Many countries today
offer 5G which is a new network design meant to deliver multi-GPS peak data speeds, dismal
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latency levels, high availability characterized by better user experience. As opined by [2], "5G
networks will have to deal with dynamic, diverse, fast, and multi-tier networks, but they also
should meet the desired QOE". As such, proposals have been put forth towards developing
intelligent neural networks with potent to learn interrelation between resulting QoE, devices
and network parameters [51].

MULtiple SEnsorial MEDIA (MULSEMEDIA QoE) is a modern advancement of
multimedia which complements traditional multimedia with novelties like thermal, haptics and
olfactory, objects characteristics. This is increasingly becoming a common requirement
especiaiiy for immersive, virtual and 3D based multimedia applications [81]. Ongoing research
geared towards improving the QoE in Mulsemedia include; advancements and refinement of
haptics interactions especially in kinesthetics and tactile perceptions, special mulsemedia
effects like wind illumination, motion among others and how the they affect sensor-based data,
cross modal interactions and communication of sensory effects in heterogeneous ecosystems
[55] [65].

Machine Learning for QoE Prediction Majority of the non-Al/ML based QoE prediction
models are reliant on the explicit modelling of highly non-linear behaviour of users and their
perception. Comparing this classical approach to contemporary AI/ML based models,
traditional models normally results into over fitting or uncertain overall reliability. It is these
cons that are currently being addressed using deep learning. More attention is required to
demonstrate how feature extraction and selection, classification, mapping, correlations and
representational learning on QoE for VoD models [2].

Edge Assisted Video Distribution

Method. The exponential growth of rapid video apps poses significant technological
challenges to current processing and connectivity networks. All videos are stored in the cloud
and distributed to viewers via rival distribution netwaorks or the Internet in standard techniques.
They do, however, generate a lot of network traffic and have a long wait time, which has a
detrimental influence on the consumer viewing experience. Towards this end, [16] proposes an
edge-assisted rapid video distribution method to address these issues, which involves storing
selected videos that consumers enjoy on edge servers, which individuals can obtain via
increased network connections. Due to the limited computing and storage capacity af ‘edge
servers, they propose creation of an online algorithni with a provable approximation ratio to
assess whether videos should be archived at edge servers, regardless of prospective network
efficiency or watching patterns shifts. The opine that this can increase efficiency by taking
video fetching and user-edge association into consideration simultaneously.

3.2 Related Work

This section presents recent QOE predictive models for Video on Demand published within the
period 2015 to 2021. Service Quality assessment can be approached from various perspectives.
for instance, network-engineers will focus on quality of service and general network aspects,
in the business discourse, they will focus on the customer churn, revenues per user while
behaviour scientists will be concerned with experiences like happiness, sadness, enjoyment
among others [54]. As such, various studies analysing diverse QoE concepts have been studied
as discussed below.

Early studies like the one done by [61] used the regression method called Least Absolute
Shrinkage and Selection Operator (LASSO) to evaluate the bit-stream parameters accuracy
while using Full Reference. In their study, they conducted both objective and subjective
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measures on the original and impaired frames. The impaired video frames were either
compressed and synthetic impairments added to them. The study opines in conclusion that
visible losses have a heavy impact on video quality degradation and ultimately, the overall
experience.

[69] proposed an ensemble model which brought together various bit-stream layer features
using machine learning. Specifically, the study used Artificial Neural Network (ANN) to
estimate the quality of video frames provided to users. This method was tested and compared
with PSNR and it proved to provide better performance.

In their work, [89] developed tools to measure user perceptions when interacting with
varying multimedia content. The work culminated in development of a Facebook application
called Youo for automatic collection of user QoE data as Facebook users watch videos. This
application has since been made open to researches for customization based on various stimuli
[60] [88] [52] [87] [13].

[89] went ahead to model QoE based on user factors. They classified the user factors as either
physiological, demographic, psychological and social-cultural factors. The physiological
factors are aimed at collecting information about the sensory system of the user to build
objective VoD quality assessment metrics. Demographic factors are mainly attributing that can
be usedto define a particular group of users. These may include their gender, age, nationality,
education level among others which have been proven to have a correlation on the requirements
for certain levels of QoE [80]. Psychological factors focus on the mood and state of the user.

[83] developed a psychological mapping model based on the Weber—Fechner law [64], and
also leveraged on previous research [26] and [7] assessment models targeting the elements and
using the logarithmic function as the primary mapping connection to build a viable QOE maodel
by combining QoE and video characteristics. [85] in their work, they have consistently shown
that the-mood of a user has a major significance on the quality preferences and ultimately, the
QoE rating. Social Cultural factors address the education, social, cultural. Generally speaking,
social-cultural factor relates to the exposure of a user and how it affects their expectations while
conducting QOE assessments [33].

In another study by [27], they presented a layered approach towards QOE assessment where
various Influence Factors are aggregated and an overall QoE parameter derived. Using this
approach, the output of upper and lower layers can be aggregated and enhanced-to act as input
for other layers. The five-layer considered were physical, network, virtualization, combination
and application layers. The results from the paper show that while users expect to have accurate
and synchronized data in terms of video quality and its presentations, these factors do not have
a major impact on the user assessment of QoE compared to other IFs.

[37] also proposed a scalable layered QoOE evaluation methodology that takes into
consideration numerous[quality parameters. Physical and metaphysical measurements were
presented as new concepts for consideration. Physical metrics are connected to the technology
architectural metrics like network, sensor, and computational quality, whereas metaphysical
metrics are involved quality measures that end users frequently desire or expect to find in a
system. Based on their relationship to the surrounding situation, the physical metrics were
further divided into static and dynamic metrics. The metaphysical metrics are closely linked to
the notions of Quality of Context QoC and Quality of Information Qol, which have been
suggested in earlier studies such as [70].

[43] established a QoE prediction model which was based on fine-grained analysis of user
perceptual motion characteristics and statistical content features that have potent in influencing
user motion perception. The features were from user physiologicall characteristics, with the
goal of predicting the degree of VR illness when watching VR videos to ensure a comfortable
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viewing experience. After the experiments, it they concluded that the correctional between the
proposed QoE model and subjective scores was found to be 72 percent in experimental results.

[32] Investigated proved the need to simultaneously ensure overall QOE maximization during
adaptive video streaming modelling in a network with high variability requirements. The
authors used QoE impact factors from historical literature, where QoE was expressed a linear
equation derived from various taxonomic parameters whose summation leads to QOE
estimation.

[34] employed a QoE model for rate adaptation, weighting the QoE parameters to optimize
the utility of the QoE model under restrictions. Experiments reveal that VAS360 increases the
user experience, as well as the user satisfaction. The viewport-adaptive solution was rate at
between 23-45 percent better than the no viewport adaptive solution in terms of quality. The
authors used a Quality of Experience (QoE) model for their research which entailed rate
adaptation aimed at maximizing utility if the QOE model under constraints by weighting the
taxonomic parameters. In their results, they observe that use of ‘the VAS360 increases user
experience, as well as user satisfaction.

The-study by [23] proposed a instant QoE index based model called Streaming QoE Index
(SQI). They used parameters like video stalling, effect of initial buffering and video
compression to build a video database to be used for the experiments. The main objective of
the objective was to investigate the interactions between the video quality-and playback stalling
with an aim deriving the QoE and determining optimization points from a user perspective.
The results of the study depicted a good performance of SQI in determining optimization of
media. Notably, the SQI model has limited motoring parameters for service degradation.
streaming services.

In another study by [84], an Adaptive Video Streaming Evaluation framework (AdViSE)
was proposed. This model has support for a variety of media types, networking parameters,
and adaptation algorithm implementations. AdVISE includes a set of quality-of-service and
quality-of-experience measurements collected and evaluated during adaptive streaming
evaluation review as well as a segment log requests, which were used to create the impaired
media for evaluation and judgment using subjective measures. Nonetheless, the study did not
provide a source code level analysis of well-known HTTP Dynamic Adaptive Streaming
(DASH) as well as famous commercial streaming players.

In another follow up §fudy, the authors in [84] developed an end to end QoE evaluation model
to collect and analyses user experiences both objectively and subjectively. For subjective
measures, the authors used Web based Subjective Evaluation Platform (WESP) while for the
objective measures, AdVISE was used [71].

[53] presented VideoNOC which is a video quality of experience monitoring prototype
platform for mobile network operators. It uses specific video quality of experience parameters
into account like bit-rate, rebuffering among others. VideoNOC enables network impact
analysis, as well as demands for network conditions all through the experiments. The derived
Quiality of Experience (QoE) metric reflects video demand across the entire network and this
can be used to develop and improve networks as well as streaming services.

In a similar spirit, ViCrypt model was presented in [67]. ViCrypt is an online Machine
Learning (ML) model which was developed to predict re-buffering occurrences from encrypted
video streaming traffic in real-time. After subdividing the video streaming session into a
number of time-periods of equal length, a fine-grained time slot length of 1 second-to extract
the characteristics (for a proper compromise between precision and stalling delay detection) is
applied. After that, they’re fed into an ML model to anticipate when stalling will happen. It’s
worth noting that the initial delay and duration of stalling events can be retrieved as well.
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As a follow-up to their earlier work, the authors showed that ViCrypt can reliably estimate
video resolution and average video bit rate. This was well articulated by the authors in [76] that
ViCrypt can reliably estimate video resolution and average video bit rate.

In another study by [72], the authors also chose to use a machine learning model to estimate
the rebuffering ratio based on hidden and context information in order to improve the precision
of prediction using logistic regression.

[48] used supervised machine learning and a support vector machine to predict users’ QoE
based on the number of active users and channel conditions. Based on cell-related information
acquired at the start of a video session, they categorize a session into two categories (i.e., with
or without stall incidents). Mobile users are more likely to face starvation events than users in
the adaptive streaming and static ecosystems. In the ir findings, they opine that the predictive
model was accurate and convenient in predicting the starvation events and the impact on QoE.

In the same vein, [18] have also created a multistage ML cognitive technique for QoE
prediction. In this study, the proposed model combines unsupervised learning of video
attributes with a supervised classifier trained to automatically extract quality-rate features. The
results depict that this model outperformed other previous ML based approaches to video
QOE prediction

Similarly, [59] presents YouQ, which is an android app that uses machine learning to predict
QOE based on taxonomic features like delays, video stalls, quality of playout, and its variations
using objective metrics collected from a stream of encrypted packets. Despite the encouraging
outcome, the bulk of the characteristics are dependent on TCP, implying that these strategies
will most likely fail in the case of UDP.

In another related study, the authors [50] proposed a deep learning-based QOE detector
dependent on data extracted from network packets. An RNN, Convolutional Neural Network,
and Gaussian Process (GP) classifier are used in the model. This classifier can detect and
forecast video problems (such as black pixels, ghosts, blockness, columns, chrominance,
colour bleeding, and blur) at the present time interval (in one second). The model is designed
to predict video quality of experience in real time, but it may run into problems due to a lack
of training data.

Based on the expectation-confirmation theory and the video dataset constructed by [22], the
ECT-QoE framework was developed with the ability to predict the QOE of streaming over
DASH at any given time. The findings show that model outperformed a number of other
models, particularly when paired with the SSIMplus model. Notably, ECT-QoE, can only be
used on videos with view parts.

Unlike earlier proposals, [78] model examines the global intensity & local texture metrics
taken from a decoded video to forecast video stalls and evaluate the user’s quality assessments.
The approach uses linear combinations to map the normalized number and length of stalls.
When compared with other models, their proposition appears to be more consistent especially
on the subjective perspective front.

Trend analysis of literature depict an shift from the classical objective and subjective based
QoE models to hybrid QoE models that combines subjective and objective taxonomic measures
using ML algorithms, statistics and other fields. This has been shown to be the most accurate
way of measuring and predicting QoE as it can be used in real-time and eliminates the
weaknesses of the traditional approaches [82] [79] [10].

Trend analysis through literature depicts an increasing shift from traditional measurement
and prediction of QoE which relied on objective and subjective taxonomic parameters towards
use of hybrid methods. Hybrid methods takes the approach of combining subjective and
objective measurements using ML, statistical methods and other fields. It has been shown
through numerous studies that the hybrid approach is more accurate than traditional ways
because it not only eliminates the shortcomings of traditional approaches but also enables real
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time measurement and prediction of QoE [82] [79] [10]. A case in point the PSQA assessment
method whose proponents argued that the QOE measures it produced were similar to human
results based on accuracy. PSQA is based on the training of a statistical learning approach
known as a Random Neural Network (RNN). The influence factors on the quality are chosen
to generate numerous distorted video samples in order to evaluate the video quality. Following
that, the samples are subjectively evaluated. The RNN is then trained using the observations to
understand the relationship between the components that create the distortion as well as overall
perception by real humans. After completing the training technique, the trained neural network
model can be used in real time.

In another study [1], four machine learning algorithms were combined namely Decision
Tree, Neural Network, K-Nearest Neighbour and Random Forest. The aim was to evaluate
Mean Opinion Score based on the VQM and SSIM methods. The Pearson correlation
coefficient and the Root Mean Square Error are used to evaluate the performance of these
algorithms. The Random Forest algorithm performed the best in terms of anticipating user
impression, according to the findings. Network factors such as transmission latency and
reaction time, on the other hand, are not taken into account.

Further, [15] created MLQOoE, a modular user centred approach based on supervised learning
to connect QoE and network statistics like average latency, packet loss, and average jitter.
Multiple machine learning algorithms are used in the framework (i.e., Artificial Neural
Networks, Support Vector Regression Machines, Decision Trees, and Gaussian Naive Bayes.).
The one that outperforms the others will be chosen automatically, along with its parameters,
based on the dataset used as input. In comparison to other known machine learning models,
MLQOoE can accurately predict the QoE score, according to their findings. In addition, the
authors of [47] went ahead to propose a trained machine learning model that has the ability to
predict the mean opinion score value in software defined networks using the following network
parameters; bandwidth, jitter, and delay.

In a related paper, [68] YoMoApp (YouTube Monitoring App) which is a monitoring tool
developed as an android application for both mobile and WIFI networks streaming settings. It
monitors the application and the network layer (i.e., the total quantity of uploaded and
downloaded data is logged frequently). It does this by obtaining subjective QOE assessments
from end-users which are expressed in form of mean opinion scores. The information is
anonymously uploaded to a third-party database after which using all of the users provided
data, a map is created that shows how each network operator works and how they can be
benchmarked. YoMoApp delivers precise measurements on a sufficiently short time period (1
second). They suggested that QoE metrics take into account longer video segments and in order
to test the precision of alternative methodologies, the latter was used, along with another
Android-based passive monitoring application. As a result, streaming characteristics showed
higher correlations with subjective quality than with objective quality, indicating that it is more
suited for QoE monitoring. The downside of the tool is that it makes use of JavaScript, which
might occasionally lead to inconsistencies and problems.

YoMoApp was also utilized by [77] to monitor video sessions and extract many parameters
from end-user cell phones such as signal quality and the quantity of incoming and outgoing
bytes subject to the device of choice. They offer a lightweight approach to forecast Video
streaming QoE parameters like initial latency, number, and ratio of stalls, as well as user
engagement, using machine learning. According to their assessment, network layer features are
sufficient for obtaining reliable findings.

[5] proposed a machine learning technique dubbed Video Assessment of Temporal Artifacts
and Stalls (ATLAS). ATLAS predicts QoE using VQA method that combines QoE related
variables and memory features. In their work, the LIVE-Netflix Video QoE Database was used
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to evaluate their model. The algorithm, however, is only capable of delivering overall QoE
scores and cannot be utilized to make real-time bit-rate decisions [6].

In more recent studies related work like, [4] the approach involves a server-side assessment
which determines a bit-rate for each user connected to the bottleneck connection using
reinforcement learning (RL), but in a way that is fair to all concurrent DASH users. In their
future work, they suggested boosting their research work in order to reduce the quantity of
process required to keep the process balanced. They’re adding an LSTM model (particularly,
an LSTM recurrent neural network) to the server’s learning process to improve the consistency
and quantity of behaviour it takes to better direct the user.

Another recent paper by, [19] They aimed examining QOE as it relates to smartphone
applications running over Wi-Fi or cellular networks, with the goal of establishing predictive
QoE models and developing guidelines for app developers. to collect and use data aggregations
and collecting procedures and processes such as physical behaviour, network usage, and battery
knowledge in order to create numerous QoE models. Although, according to several surveys,
the user’s intent of the software (i.e., WhatsApp’s intention to achieve anything, such as
listening to music or using Spotify), and finally, network QoS, device usage on a smartphone
is the most important of these three desired features.

On the same verge, [20] laid a lot of emphasis on network traffic, which is regularly
disseminated to users via Wi-Fi connection points.
When the Wi-Fi connection is down, the quality of the service is prone to deterioration, which
may generate unfairness for those who are using the same network. They offer a strategy for
improving QoE fairness by taking into account the particular video and resource demand
features of Wi-Fi streams that redistribute certain slices over DASH flows in this work.

Finally, the work by [56] used the widely known Internet Control Message Protocol probes.
In their work, they offer a realistic approach for estimating quality if experience for video on
demand. Based on the ITU-T P.1203 Recommendation, measured network circumstances are
used as input to a ml model that calculates QOE in terms of mos. Switches in video quality and
playback delays are included in the estimate. They estimate MOS for a catalog of 25 different
videos using an average Root Mean Square Error of 1.05, training a model using sessions from
the shortest video, and evaluate generalization to the entire catalog.

The surveyed literature depicts Root Mean Square Error (RSME), Spearman Rank-order
Correlation Coefficient (SRCC) and Pearson Linear Correlation Coefficient (PLCC) as the
most common performance evaluation and quality indicators. While the SRCC index assesses
the consistency of subjective and objective ratings predicted by IQA measures, the PLCC and
RMSE indicators assess the accuracy of image quality algorithms’ anticipated scores. The
higher the SRCC and PLCC values, and the lower the RMSE value, the better the performance
of the associated IQA metric.

RMSE is given by the equation;

1
MSE = =YX, (p; — s
JN ' ©)

where siand pi indicate the i-th image’s subjective score and converted objective rating after
nonlinear mapping, s and p are the mean of all sjand pi. The PLCC is computed as;
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where ajand a are the estimated quality score of the i-th synthesized image and the average
value of all aj, respectively. liand | are the subjective quality label of the i-th synthesized
image and the average value of all |;, respectively. The SRCC is defined as:

623—1615
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where Q is the number of pairs of predicted quality scores and subjective quality labels. dq
represents the ranking difference between the predicted quality scores and the subjective
quality labels in each group.

4. METHODOLOGY

In the sections above, we have provided a theoretical background and a survey of related
literature on quality of experience models for predicting video on demand. The surveyed
literature has provided a snapshot of the state of the art as well as existing work in this domain.
The literature review was guided by the original methodology for conducting literature review
as proposed by [44]. Kitchenham proposed the following stages;

1. Formulate the research questions (RQSs).

2. Define the search process (what are the source selection and search keywords?).
3. Define the exclusion/inclusion criteria and the quality assessment to be followed.
4. Conduct data collection and extraction.

5. Analyse the results.

Stage One: The first step was formulation of the research questions to guide the process of
identification of related work. The following Research Questions were formulated;

i) RQ1 - Which QoE prediction models for Video on Demand have been employed between
2016 & 2021?

i) RQ2 - Can the models be categorized based on the taxonomic parameters used i.e.,
subjective, objective, machine learning or hybrid parameters?

Table 2: Selection Criteria Depicting EC, IC & QA
ID | Exclusion Criteria (EC)
EC1 | Papers that are still in the early phases of development or are not fully developed.
EC2 | Workshop and tutorial summaries, editorials that do not give sufficient information.
EC3 | Duplicate entries.
EC4 | Paper content is not related to QoE prediction.
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EC5 | Opinion papers and discussion papers which do not propose a a QoE prediction model.
EC6 | Paper whose full content is not accessible or are published in journals which the author
has not access to.
EC7 | Papers published in a language other than English.
ID | Inclusion Criteria (1C)
IC1 | Journal and conference publications that report on, discuss, or explore Qo0S/QoE
assessment in its entirety.
IC2 | Papers published between 2015 to 2021.
IC3 | Papers published in English language.
IC4 | Papers that propose prediction models based on subjective, objective, ML or hybrid
taxonomic parameters.
ID | Quality Assessment (QA)
QA1 | The paper is based on research.
QA2 | The paper has a clear statement of the objective.
QA3 | The paper provides a clear description of the context under which the study was executed.
QA4 | The QoE assessment methods and approached are well defined.
QA5 | The paper provides a clear statement and discussion of the findings.
QAG6 | The paper provides a discussion on how the results were validated.

Stage Two: The search process was mainly conducted using the google scholar search engine.
The target was papers published in SCI, SCIE and Scopus journals and conference proceedings.
Stage Three: The process followed to determine the criteria for inclusion or exclusion is
summarized in table 2 below. In order for a paper to be included in the final selection, it must
meet all of the inclusion criteria listed in this table. Each exclusion criterion, on the other hand,
is sufficient to eliminate a paper. Finally, we employ six quality evaluation (QA) questions to
grade each paper’s quality. Each QA question is responded with a score of Y(Yes), P (Partial),
or N (No), with Y =1, P =0.5,and N = 0. A paper is only included in the final selection if the
summation of the QA scores across all six questions is more than or equal to four.

Stage Four: The fourth step is data collection and extraction. A generic search lead us to 89
papers. Strictly following the framework depicted above in table 2 by considering the inclusion,
Exclusion and Content Criteria, we were left with 43 papers which we reviewed and provided
a critique.

Stage Five: The last stage in the literature review ought to provide an analysis of the results.
In this paper, to examine the findings, we first look at the various types of assessment methods
used in the selected publications, using the classification described in earlier sections. Then,
because the number of articles that were ultimately chosen is small, we present a brief overview
organized by the various sorts of assessment methodologies.

Figure 3: Categorization of Taxonomic Parameters & Approaches in Selected Papers

Id QoS QoE
S1 Packet delay, end-to end delay, bandwidth, | X
throughput, packet loss, jitter, bitrate.

S2 X Objective (VQM)
S3 Jitter, Latency, packet loss, bandwidth Subjective (MOS)
S4 X Subjective (MOS)
S5 Call setup time, end-to-end delay, jitter X

S6 End-to-end delay, bitrate, jitter X
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S7 Throughput, jitter, packet loss X
S8 Throughput, bandwidth, packet loss, bitrate, picture | Subjective
loss indication, bucket delay
S9 Call setup time, end-to-end delay X
S10 Objective(PESQ, PEVQ)
S11 Throughput, end-to-end delay, error rate X
S12 End-to-end delay
S13 End-to-end delay Objective (PESQ, SSIM,
PSNR)
S14 Bandwidth Subjective
S15 Bandwidth, jitter, bitrate, framerate, packet rate, | X
packet loss, latency, packet delay.

From the figure above, Serial number 1 to15 shows the methods and taxonomy used to evaluate
and predict the overall QoE by the selected papers. According to the findings, End-to-end
delay, jitter, packet loss, bandwidth, throughput, and bitrate are the preferable characteristics.
Subjective MOS is the recommended technique of assessment for QoE, followed by numerous
objective measurement methods namely PESQ, PEVQ, VQM, PSNR, and SSIM.

5. OPEN ISSUES AND RESEARCH GAPS

Despite the fact that QoE modelling has recently received a lot of attention, it is still a difficult
topic to tackle because it is a trans-disciplinary and subjective domain. As such, given the
reviewed literature, and to evolve the presented state if the art, the following are presented as
open issues with potent to shape future research direction.

1. QoE for future display technologies. Display technology has been advancing in recent
years to allow users to enjoy high-quality content. With larger screens and more complex
user interaction, these technologies continue to improve consumer happiness. The
augmented resolution
of 2D displays to S3D displays creates room for a more engaging experience, all of which
can be extrapolated from this ongoing technological advancement.

2. Deep Learning for HVS based QoE Modelling. As previously observed in the sections
above, deep CNN has emerged as a core technology capable of breaking most performance
records in the domain of QoE through intense dataset-based training. As a result, several
attempts have been made to use the deep-learning technique to discover new factors
without needing prior data. New QOE measurements are expected to be generated by
modelling the Human Visual System. As a result, the motion component of an image and
the weighting process of the human visual mechanism retrieved from the deep model could
be projected as useful metrics in calculating the visually perceived QoE.

3. Standardization of QoE Taxonomy for QoE Assessment & Prediction. EXisting
literature shows the absence of a standard taxonomy of objective or subjective QoE factors
that are associated with human judgment and perception. While there exist some efforts
and propositions on taxonomic parameters, non-can pass for a industry-wide standard. As
a result, it’s critical to establish appropriate taxonomy standards, which will aid not only
in quality measurement but also in standardizing the framework of commercial QoE
systems.
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4. QoE Based Physiological Parameters Using Less Obtrusive Sensors. The time is ripe
for establishment of the groundwork for future multimedia services and technologies by
evaluating physiological measures in connection to QoE Taxonomy. Understanding a
user’s physiology for instance their eyesight and hearing ability, cognitive and emotional
state as well as behavioural phenomena could potentially lead to a better understanding of
many influence factors and their relationship to QoE. Physiological observable parameters
include electroencephalography (EEG), functional magnetic resonance imaging (fMRI),
skin temperature, brain activity among others.

One critical concern with physiological assessments is intrusiveness nature of how they
are collected, particularly those that require subjects to wear sensors, potentially causing
the user to disrupt their typical behaviour and to some extent experience pain. There exist
an eminent need and research gap in devising less intrusive methods in gathering
physiological parameters.

5. Trusted Crowdsourcing. The absence of publicly available large datasets with higher
subjective evaluations is a persistent problem in QOE evaluation. While existing
Crowdsourcing methods such as Amazon’s Mechanical Turk, Facebook, and Micro
workers may be a viable answer to this problem, there is need to address the question of
trust. Crowdsourcing methods bring the evaluation out of the lab and into the Internet,
allowing for a larger and more diversified pool of subjects, as well as the inclusion of real-
world locations in the assessment task and a faster turnaround time. However, because of
the anonymity of users on crowdsourcing platforms and the loss of total control and the
trustworthiness of ratings may be questionable.

6. CONCLUSION

In this paper, we have examined the QoE prediction models for video on Demand services and
classification various assessment methods from a comprehensive review viewpoint. An
analysis of existing literature on QOE models has been presented based on the taxonomic
parameters and the assessment approach used to predict QoE. Finally, novel open issues within
this domain were presented. Despite significant advances, we observe that more precise
measurement of QOE continue to be a difficult task due to the fact that QoE is user centred,
individual and multidimensional.

Given the aforementioned, we opine that there is a great need for significant research efforts
aimed at finding efficient and optimal algorithms as well as models for assessment and
prediction of QoE for Video on Demand services. Goes without saying, these demands a huge
level of effort to unearth the novel potential of QoE and ultimately improve the end user
experiences and satisfaction.
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