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ABSTRACT
Multimedia services have become an important part of today’s network offering.
How to guarantee user’s perception of delivered video quality is a critical problem for all
content providers, especially when the underlying transportation uses a shared network
infrastructure.
In this thesis, we present an event-based model to correlate video quality metrics to
user experience, as part of VIDAR - a comprehensive VIDeo quality Analyzer in
Real-time. Our model maps objective frame-level metrics to perceivable video defects
with correlated user experience, using machine learning techniques.
Through experiments, our model shows good classification accuracy of defect
events while keeping the training time reasonable. Furthermore, we have developed user
perception models for each event, which also show good prediction of the user experience
when subjected to the specific type of events.
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1 Introduction
Multimedia services have become an important part of today’s network offering.
Therefore, how to guarantee user’s perception of delivered video quality is a critical
problem for all content providers, especially when the underlying transportation uses a
shared network infrastructure. In order to improve user’s Quality of Experience (QoE), it
is important to have a good understanding of the different parameters that affect the
perceptual quality of displayed content. These parameters include underlying networkrelated factors (packet loss, delay, jitter, etc.), application-related factors (frame rate, bit
rate, codec types, loss recovery technique, etc.), and human perception-related factors
(light, user’s preference for video content, etc.). In this thesis, we are interested in the
effect of network-related factors on user experience, specifically with respect to network
packet loss, because delay or jitter can be translated into losses in the playback buffer.
In order to assess user’s perception of video quality, many existing work rely on
measurable objective metrics. In particular, the peak signal-to-noise ratio (PSNR)/the
mean squared error (MSE), structure similarity (SSIM) [1], and video quality metric
(VQM) [2] are popular. However, all of them are full-reference metrics, which means
they need the original frame for reference. Although these approaches give quantifiable
measurements of video frame quality (measured as deviation from the original source
frame), they generally do not consider temporal factors and the related influence of
human perceptions.
In contrast to these objective metrics, user experience is generally measured in terms of
QoE, which is obtained via direct user feedback. A common method of evaluation QoE is
the mean opinion score (MOS), ranging from 1 (bad) to 5 (excellent) [3]. However, as a
metric, MOS is not readily measurable and its reliance on human feedbacks makes it
difficult for content providers to estimate user’s QoE.
To date, mapping from frame quality metrics to user experience is remains an
important open problem. This problem is challenging because such a mapping should not
only correlate the objective metrics to users’ perception, but also augment biological and
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psychological factors of human perception.
In this thesis, we present the video perception model of VIDeo quality Analyzer in
Real-time (VIDAR) project [4], which uses a machine learning approach to evaluate user
experience of video services under varying network conditions. Machine learning (ML)
has been widely used in literature to establish correlation among metrics that are either
complex to mathematical model or with many sensitive parameters that are difficult to
tune in isolation. It is important to mention that for a ML approach to work well, two
crucial conditions must be met: 1) there must exists a strong correlation between the input
parameters (called features in ML lingo) and the output result; 2) the number of features
must be small and sensitive. In surveying the existing literature on video quality
assessment using ML techniques (see Related Work in Chapter 2), we find that existing
work attempt to build very complex models that attempts to incorporate many factors
(network, codec, content, and human) under a single ML mechanism, resulting in
solutions that are both difficult to train and to apply in practice. In contrast, we take a
more focused and decomposable approach to the mapping procedure. First, we observe
that human experience is formulated by recalling and evaluating memorable events. In the
case of video perception, these events are usually some form of visible defects. Second,
we observe that different type of defects generates different degree of experience from the
user. From these two observations, we propose an event-based mapping methodology,
whereby we attempts to first classify the type of defects the users will experience based
on frame level metrics, and then to correlate the intensity of dissatisfaction associated
with each specific events. With this methodology, we are able decompose the entire
mapping problem into sub-problems of event classification, and intensity mapping per
event class. In doing so, we meet the two crucial conditions under which ML techniques
can be successfully applied.
Our perception model targets on the following two main problems:
l Because frame level objective metrics do not consider human perception factors,
how to estimated user MOS from them?
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l Because our model aims to be applied in practical operations, how to ensure that
it is simple and fast?
Accordingly, our contributions are as follows:
First, our eSSIM aggregator group frame quality metrics into defective events, which
are series of defective frames in close play-time proximity. Then, multi-class
classification is applied to automatically determine the types of defects a human viewer
will experience. Because of the diverse defect patterns produced by stochastic packet
losses and the varied length of defective events, traditional time series classification by
measuring similarity among series are not suitable to our problem. Therefore, we extract
statistical features from the time series data that best represent the characteristics of the
defective events.
Second, to ensure that our model is simple and fast, we focus on key features that are
sensitive for classification. Furthermore, optimization processes are applied to the
machine learning techniques, including parameters selection for radial basis function
(RBF) kernel of support vector machine (SVM), and methods selection for aggregating
binary classifiers.
Third, for each type of defect events, we design a user model (ML-based or statistical
correlation) to estimate user experience (MOS) about an event.
Through experiments of both eSSIM aggregator and the user model in Chapter 4, we
show that our perception model can provide good estimate of user MOS from frame level
objective metrics, while keeping the overall process simple and practical to operate on.
The rest of the thesis is organized as follows. Chapter 2 provides a brief overview of
H.264/AVC, related work on objective metrics, as well as that on mapping from objective
metrics to user MOS. Chapter 3 presents the overview of VIDAR, specifically our user
model based on different types of defect events. In Chapter 4, we show the result of
validation. We give our conclusion in Chapter 5.
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2 Related Work
In this chapter, several objective video quality assessment methods are briefly
introduced, and related work on inferring user MOS from these objective metrics are
reviewed. Then, we give a comparison among multiple supervised ML techniques, and
explain why k-NN and SVM are selected as our candidate algorithms. Finally,
H.264/AVC, which is chosen as the video technology, is summarized.

2.1 Objective Video Quality Assessment Methods
Objective video quality assessment (VQA) methods can be categorized as fullreference (FR), reduced-reference (RR), and no-reference (NR) depending on whether
methods require access to full information, partial information, or no information of
transmitted videos, respectively [6]. Because FR methods compare the source video and
the transmitted video frame-by-frame, exact temporal and spatial alignment of the two
videos are necessary. By having access to full information, FR methods usually give
better result in terms of accuracy than RR and NR. However, they are impractical for
real-time scenarios, because of their larger bandwidth requirement for transferring full
video information. In contrast, NR gives the worst accuracy because they predict the
expected distortion without any information of transmitted videos, although they are more
flexible because of the same reason. RR, as a trade-off method, can reduce both
additional bandwidth requirement and assumption on the video characteristics, by
extracting features from the transmitted video.
Among the different objective VQA methods, PSNR/MSE is simple and popular.
However, it does not consider human perception and therefore have been shown to have
poor result in practice [7]. VQM on the other hand aggregates seven independent features
based on luminance or chrominance components into a single metric, and haven shown
good correlation with user’s perception of video quality [2]. However, it is processing
intensive, and consequently is not suitable for real-time analysis. Another popular metric
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is SSIM [1], which is computed frame by frame on the luminance component of the video.
It has been shown to be a good metric for still image quality assessment, but it does not
consider temporal factors or content features of video.
We choose SSIM as our objective metric, and remedy its shortcoming with our
subjective model (Vidi model) in VIDAR [4]. As SSIM is FR, an estimated SSIM
(eSSIM) metric is introduced in the R3 model of VIDAR, as an RR method, that
produces an approximate of SSIM.

2.2 From Objective Metrics to User Experience (MOS)
Objective metrics can provide concrete information at the video frame level (MSE,
PSNR, etc.) and at the network level (packet loss, delay, etc.). Here, we discuss how
objective metrics can be utilized to assess user experience that is generally subjective.
Since objective metrics do not consider natural visual characteristics or perceptual
characteristics of human visual system (HVS), many work attempts to map objective
metrics to human experience by incorporating human perception factors.
A simple perceptual metric based on MSE is proposed as follows [8]:

!"#! = 1 − ! !"#

,

(1)

where k is derived from the spatial edge strength. Spatial edges give a good estimate of
the amount of detail in a region and are related to object boundaries, surface crease, and
other important visual events [9]. However, MOSp is only designed to predict MOS of
compressed video without considering distortion caused by varying network conditions.
PSNR is normalized in the MOS scale by scaling factor a and shift factor b, which are
obtained by applying an affine minimum MSE estimator [10]:

!"#!"#$ ! = ! ∙ !"#$ ! + !,

(2)

where n is the frame index. After normalization, several simple human perception rules
are applied to correct this result. For example, gradual scene changes are compensated by
multiplying the minima with k > 1, which is obtained by linear minimum mean square
estimation applied to all tested sequences.
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The above techniques are representative of the type of statistical techniques used. In
summary, statistical models rely on a very small number (usually 1 or 2) of salient
perception characteristics that has strong correlation with human vision systems. For
more comprehensive treatment of multiple perception factors, machine learning (ML)
techniques are sometimes used for QoE prediction [11]. Both support vector machine
(SVM) and decision tree, as popular ML algorithms, are used to predict user’s perception
of video quality. Data instances used in these algorithms are made up of four parameters,
including video spatial information, video temporal information, frame rate and bitrate,
while the output is just simple “YES” or “NO”. Clearly, simply accepted or reject cannot
express user’s QoE comprehensively. These approaches typically use application-level
metrics as indicator metrics.
In [29], authors explored the use of temporal quality fluctuations as an important factor
towards effective video quality assessment. Considering the spatial factors, support vector
regression is applied to find the factors’ interaction to the overall video quality. However,
their temporal factor is obtained by simply computing the average spatial quality of a
certain number of worst frames. The disadvantage of their method is that both the spatial
and temporal factors are based on frames, and they did not consider content factors, i.e.
scene change.
Some works also try to predict user perception of video quality from network-level
metrics using ML algorithms. Neural network-based model is designed to optimize the
QoE, with a random packet loss on the link [12]. However, because they calculated the
QoE of the received videos using the PSNR and SSIM, the same problem for PSNR and
SSIM still exists, which is that they did not consider temporal or content-related factors.
The same disadvantage is for [30]. A neural network was trained to viewer responses on
the ITU-R 9-point quality scale, when a single 10-s sequence was subjected to different
bandwidth, frame rate, packet loss rate, and I-block refresh rate. In [33], two modeling
approaches are studied to predict packet loss visibility in MPEG-2 video: one classifies
each packet loss as visible or not; the other one predicts the probability that a packet loss
is visible. However, without considering HVS factors, simple classification of visible
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packet loss and invisible one cannot reflect user perception in detail.
Most of the effort to understand the visual impact of network-level metrics, i.e. packet
losses, has focused on the goal of understanding the average quality of typical videos
subjected to average packet loss rate, by ignoring that packet losses may have different
visual effects. For instance, in [31], authors studied video conferencing using the average
judgment of consumer observers to examine the relative importance of bandwidth,
latency and packet loss. The impact of packet loss on the MOS of real-time streaming
media is studied for Microsoft Windows Media encoder 9 videos [32].
Compared to the existing methods that predict user’s QoE from either application-level
metrics or network-level metrics, our approach is event-based, which is motivated by the
observation that human experience is largely event-based. The viewers react and evaluate
their experience by recollecting their reactions to past events. In this way, we can
decompose the complex problem of user QoE assessment into sub-problems of predicting
QoE of specific types of events. Consequently, our sub-problem shows stronger
correlation between user QoE and a small set of indicator metrics, and can achieve higher
accuracy with smaller training data set.

2.3 Machine Learning Techniques
Since ML techniques are extensively used in our methodology, we now give a
summary of supervised machine learning techniques. We do not consider unsupervised
ML techniques as they are only preferred when training is not possible.
In essence, supervised ML [13] is the process of learning from supplied instances to
produce general hypotheses, and then make predictions about future instances. Basic
steps in the processing include: collecting dataset, data pre-processing, feature
construction, algorithm selection, training, and evaluation with test data. According to the
result of evaluation, we need repeat this process in order to tune each stage of the process
as to improve accuracy.
Supervised ML algorithms can be classified into logic-based algorithms, perceptronbased techniques, statistical learning algorithms, and SVM [13]. Among logic-based
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algorithms, decision tree is a popular one. Each node in a decision tree represents a
feature of instances, and each branch represents a value that the node can assume.
However, logic-based algorithms, like decision trees, usually cannot perform well with
numerical features. Artificial neural network (ANN) [13], as a popular algorithm of
perceptron-based techniques, has been applied to many real-world problems, but can be
very inefficient with the presence of irrelevant features. Naïve Bayesian network (NB)
[13] is the most well known representative of statistical learning algorithms. The major
advantage of NB is its short computational time for training, but NB is only applicable in
specific problem scenarios, because it assumes that it can discriminate between classes
with a single probability distribution. Another popular algorithm under the category of
statistical method is k-nearest neighbor (k-NN) [13], which is based on the principle that
instances close to each other have similar properties. Although k-NN is very sensitive to
irrelevant features, its tuning is straight forth as there is one single parameter (the number
of nearest neighbors) to adjust. Finally, as one of the most recent supervised ML
technique, SVM has been shown to perform well when dealing with multi-dimension and
continuous features, as well as when a nonlinear relationship among the input and output
features.
Considering the pros and cons of each ML technique, no single one can uniformly
outperform other algorithms over all datasets. The preferable approach is to test several
candidate algorithms on the dataset, and then choose one with the highest accuracy.
Therefore, for our problem specifically, we choose k-NN (statistical) and SVM (multidimensional) as the chosen techniques for classifying defect events.

2.4 Overview of H.264/AVC
H.264/AVC was developed by ITU-T Video Coding Experts Group together with
ISO/IEC Moving Picture Experts Group in 2003. It is the current state-of-the-art video
codec standard by achieving a significant improvement in rate-distortion efficiency
relative to existing standards [5]. In H.264/AVC, a video is composed of a sequence of
frames, and a frame consists of several slices, which are made up of consecutive
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macroblocks. H.264/AVC is also a temporal compression scheme, which means that
besides conventional spatial compression within each frame, it also considers redundant
probabilities among frames. To be specific, three slice types are defined. Intra slice (I
slice) is coded using only spatial information within the slice. In addition to the coding
scheme of I slice, predictive slice (P slice) is also coded using inter prediction with at
most one previous reference slice. Bi-predictive slice (B slice) is similar to P slice, but
uses inter-prediction with two reference slices. In general, all of the slices in a frame are
coded with the same slice type, termed I-, P-, and B-frames.

Figure 1. Example of Frame Reference Relationships
Because both intra-frame prediction and inter-frame prediction are used during the
coding process, several problems may occur during the decoding process, if network
packets are lost. First, H.264/AVC is subject to error propagation, which means that the
loss of a single packet containing one or more slices, affects not only frames these slices
belong to, but also frames using these slices as a reference. However, this error
propagation is limited to a group of pictures (GOP), which starts with an I-frame
followed by P- and B-frames. Usually, the encoder can set the maximum and minimum
GOP sizes, however the actual GOP size depends on the content of videos. For example,
a GOP may start after a scene change where frames change greatly in a short time.
Second, H.264/AVC is also sensitive to the content of video, meaning that the more
things change over time, the more difficult it is to compress the video while maintaining
high quality and minimizing bandwidth and storage. More specifically, a scene change or
a fast moving of object has negative impact on bandwidth and video quality. A detail
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exploitation of these characteristics can be found in VIDAR’s R3 model [4].
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3 Proposed Approach
In this chapter, first, we will give an overview of VIDAR project, including its
components and their functionalities. Then, we will focus on the construction of
event-based eSSIM aggregator, and the way the user model predicts user MOS.

3.1 Overview of VIDAR Project
VIDAR is a video quality analyzer in real-time. It takes as input the network QoS
conditions observed at the client side, and estimates the impact on the quality of video
frames and user’s perception of video quality. Multiple aspects that have an effect on the
user experience are considered, including varying network conditions, codec behavior,
error recovery techniques, and video content features. In our investigation, we have
focused on packet loss. VIDAR is made up of three models: the R3 model, the Vidi
model, and the user model (Figure 2).

Figure 2. Process flow of VIDAR framework
The R3 model relies on a lightweight client-side monitor and a server-side R3 analyzer.
The client-side monitor is a modified video decoder that can generate error-correlation
trees and send it to the server-side R3 analyzer. Error-correlation trees are the key part of
the R3 model, which is a result of packet loss in our case. Besides, error-correlation trees
are constructed based on the frame reference strategies, so they are codec dependent in
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fact. By analyzing these trees, it is possible to estimate SSIM without access to
transmitted videos [4]. Our R3 model has three salient advantages:
l The amount of information transferred between the client and the server is
minimized;
l Client side can be kept lightweight, ideal for power-constrained mobile devices;
l Better preservation of network-video causalities.
The Vidi model relates eSSIM of frames to temporal events of perceived video defects.
The design rationale behind this model is as follows: a good estimation of image quality
is not sufficient to evaluate perceived video quality on its own. This is because user
perception is video content-dependent. For instance, it is known that minor to moderate
defects in dark scenes are much less noticeable to the viewers [1] and residual image can
hide defects in frames immediately following a scene change [14]. In Vidi model, we
consider four key content features: luminance, frame complexity, scene change, and
motion. A combination of these factors can be used to describe different classes of video
content (e.g. news, sports, action, drama, etc.). The Vidi model takes into account of these
features through the use of Vidi filters. The filters modify the eSSIM values and help the
eSSIM aggregator to generate defective events, recorded as a series of video index (Vidi)
metrics.
The user model maps the Vidi metrics to user MOS. The mapping approach depends
on that how different types of defective events affect user QoE and their intensity.
Although we do not provide a mapping of Vidi metrics to MOS in this thesis, we show
how Vidi metrics can be used to analyze viewer’s perception and the impact of different
defects on user’s MOS.

3.2 eSSIM Aggregator
As shown in Figure 2, eSSIM aggregator takes as input eSSIM series that have been
passed through subjective content filters, and its output are classified events with their
intensity, termed as Vidi metrics. ML techniques are applied to classify different types of
defect events. In the following part, we will give an overview of the process flow of
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eSSIM aggregator, and then each process is explained in detail.

3.2.1 Overview of eSSIM Aggregator
The construction of eSSIM aggregator is motivated by the following observations:
l Human perception is content-dependent;
l Human experience is event-based as we react and evaluate our experience by
recollecting past events.
Basically, event is a time-related concept, and in this thesis, we consider event as a
consecutive series of video frames, which is a short sequence video for users. Under the
effect of varying network conditions, an error propagation, a series of dropped frames or
duplicated frames may occur in transmitted videos that are coded by H.264/AVC. Finally,
these errors result in different types of defect events in the videos that are perceived by
users.
According to our experiential investigation, defect events of transmitted videos can be
categorized as follows:
l Distortion: frames containing perceivable distortions.
l Glitch: short sequence of distortion, which is slightly perceivable.
l Freezing: series of duplicate frames, or frames dropped and duplicated in
interleaving patterns.
l Discontinuity: two frames not in consecutive order are played back-to-back.
Through our initial experiments, we find that these four defective types are not
mutually exclusive and some types often co-exist in the same event, i.e., freezing is
always followed by discontinuity. Therefore, we combined freezing and discontinuity as
a single defect event in the experiment.
In our previous work [4], these defect events are generated from a modified aggregated
eSSIM by passing eSSIM through the content feature filters (Figure 2). Then, a specific
class label for each event has to be tagged by users manually, which is impractical and
prone to human errors. Therefore, this motivates us to develop an approach to classify
defect events automatically by using ML techniques.
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Figure 3. Process flow of eSSIM aggregator
The process flow of the eSSIM aggregator is shown in Figure 3. Over all, these
processes can be grouped into two parts: 1) dataset preparation for ML techniques,
including eSSIM data preprocessing, event segmentation, feature extraction from events,
and feature preprocessing; 2) ML techniques and their optimization, including reducing
computation complexity and training time. Since we have multiple types of defect events,
multi-class classification techniques are used. Among our candidate binary classification
algorithms, kNN can be directly extended to multi-class classification, while a
combination of several binary SVM classifiers has to be used to solve a given multi-class
problem.
In conclusion, we investigated multi-class classification for the defect events. To
improve the accuracy while keeping the classification processing efficient, several
optimization steps are applied (e.g., parameter selection for the kernel of SVM).
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3.2.2 Preprocessing for eSSIM Raw Data
Considering that human perception is content-dependent, eSSIM raw data has been
passed through four content filters, including luminance, frame complexity, scene change
and motion (Figure 1). However, to improve the accuracy of classification, some hints
injected into raw data can also be helpful. Among the four defective types, all of
distortion, glitch and freezing have their own mark in the eSSIM raw data: distortion may
exist in a series of frames with lower eSSIM values (the range of original eSSIM value is
[0, 1]. 1 shows a perfect match between the original frame and the transmitted frame. The
nearer 0, the heavier the distortion, but 0 means that the frame is duplicated or dropped.),
glitch may exist in a shorter series of frames with not very low value, and freezing
usually happens with a sequence of duplicated frames (eSSIM=0). The difference
between discontinuity and the other three types is that only discontinuity requires the
comparison between two frames. Based on our experience of experiments, discontinuity
always happens with freezing. To be precise, there are two situations:
l Frames dropped: if the frame before dropped frames and the frame after them
have distinguishing content, discontinuity may be perceived.
l Frames duplicated: when a sequence of frames duplicate the frame before them,
and the frame after them has a distinct content, discontinuity may be perceived.
To let the original eSSIM have discontinuity characteristic, we introduce a
discontinuity mark:

!""#$!"#$ = !!"# !"#$%! , !"#$%! − 1,

(3)

where function ssim() calculates the structure similarity between the frame (frameb)
before and one (framea) after duplicated or dropped frames. Since the value range of
SSIM is [0, 1], eSSIMdisc has a range of [-1, 0]. Therefore, the closer the value is to 0, the
less difference there is between frameb and framea.
According to two situations mentioned above, we give two modification strategies,
respectively:
l Frames dropped: replace the original eSSIM of dropped frames with eSSIMdisc.
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l Frames duplicated: keep eSSIM of duplicated frames at 0, and add an eSSIMdisc
after duplicates.

Figure 4. eSSIM example without discontinuity filter
Compared to Figure 5, eSSIM of the same transmitted video without discontinuity filter
is shown in Figure 4. Two issues are worth mentioning. First, the process of eSSIMdisc is
done at the server side, meaning that frameb and framea can be extracted from the original
video. Second, because for human vision system, the first few frames immediately
following a scene change are not perceived [14], hence our process work on eSSIM
values that have already passed through the scene change filter.

3.2.3 Event Segmentation
The design of event-based classification is motivated by the observation that human
experience is event-based as we react and evaluate our experience by collecting past
events. At the same time, this motivation also shows us that the length of event (in this
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thesis, the length of event means the number of frames in an event) can be scalable and
the boundary between events can be coarse. But event segmentation is a key part to
generate event instances for both ML training and testing. Therefore, according to our
experimental experience (in our experiment, we set frame rate of video to 30 frames per
second, and bitrate to 800 kilobits per second.), we set the following rules to extract event
instances from video eSSIM sequences:
l The minimum length of a defect event is 10.
l The maximum length of a defective event is 100, about 3 seconds.
l The minimum length of boundary between two events is 10.
l When eSSIM >= 0.95, distortion is too small to be perceived. Therefore, we
regard these frames as normal ones with eSSIM = 1.
l The first 10 frames of each video are ignored, because they can be counted as
frames after a scene change.

Figure 5. An example of event segmentation
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An example of event segmentation in a transmitted Foreman video is shown in Figure
5. The X-axis is the frame id of this video, and the Y-axis is eSSIM value of each frame.
From this eSSIM sequence, we can extract four defect events, which are marked by the
red frame. According to our segmentation scheme, the first few frames are ignored
although there is a frame dropped among them. Besides, in the first defect event, we can
see two series of duplicated frames, but we integrate them as a single event because the
boundary between them is too short to be distinguished by users.

3.2.4 Feature Extraction
As shown in Figure 5, we can consider a defective event as a time series data.
Traditional classification algorithms on time series data usually use a distance measure,
i.e. Euclidean Distance. But it is impractical for our problem. First, the time series data is
very long (high dimensionality), so it slows down the speed of computation. Second, it is
sensitive to handle time series with missing or noisy data if actual points are used as input.
Third, it cannot process time series data with different length, because it usually requires
a one-to-one alignment. But for our case, defect events do not have a uniformed start
point and do not follow a specific pattern, as we can see in Figure 5. There are many
reasons for these characteristics of our data, including packet-loss model used in our
experiment and the loss rate we set, size of a group of pictures (GOP), and event
segmentation methods.
Therefore, to provide a method that can handle time series data with varying length, be
robust to missing or noisy data, and ensure the computing efficiency, we find a path on
using statistical measures to extract features from event data. Basically, the set of features
extracted from defective events should follow several considerations:
l First, it can best capture the global characteristic of event data;
l Second, it can discern similarity and difference between events;
l Third, it should be calculated in a normalized way, since the length of events
can be different.
Here are the features we extract from event data:
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where n is the total number of frames in an event, eSSIMi is the eSSIM value (range
from -1 to 1) of the ith frame in the event. If µ is close to 1, the distortion is not
heavy, meaning that glitch may happen.
2) δ:
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3) Minimum: the minimum eSSIM value of an event. If there are frames dropped or
duplicated in an event, the minimum eSSIM can be an indicator of how severity the
discontinuity is.
4) Defective ratio:
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where NeSSIM < 0.95 is the number of frames with eSSIM < 0.95. It shows the
severity of distortion in terms of the number of frames. 0.95 is selected because
frames with eSSIM > 0.95 have no distortion perceivable, according to our
experiment.
5) Severity of dropped frames and duplicated frames:

!"#"$%&' =
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!

.

(7)

where NeSSIM <= 0.0 is the number of frames with eSSIM <= 0.0. It indicates the
severity of freezing.
6) Skewness: it is a measure of the asymmetry of the probability distribution of event
data. Negative skewness shows that the mass of distribution is concentrated on the
right of the distribution, and vice versa [20]. Therefore, both skewness and the
following kurtosis are calculated based on the probability distribution of event data.
According to our experimental experience, the probability distribution is generated
based on a range of varying unit:
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[-1.0, 0.0, 0.1, 0.5, 0.8, 0.9, 0.95, 0.98, 1.0]
7) Kurtosis: it is a measure of whether the data are peaked or flat, relative to a
normal distribution [21]. Both skewness and kurtosis represent some characteristics
of eSSIM distribution in an event.
By applying these statistical measurements to defective event dataset with high
dimension and different length, a new dataset with a limited number of features (low
dimension) are generated.

3.2.5 Preprocessing for Features
During generation of above seven features, we have considered calculating them in a
normalized way by dividing values by n. But both the range of skewness and kurtosis are
still different from that of the others. This unbalanced situation can decrease the
efficiency of classification. For instance, the Euclidean Distance function treats every
dimension equally, and when we apply it in k-NN to calculate distance between two
instances, skewness and kurtosis can affect the result more than the others do. On the
other hand, except the unbalance of range of these seven features, there is also
unbalanced mean among them. For instance, mean of defective ratio is much higher than
that of freezing severity.
According to these two different types of unbalance, two types of normalization are
applied to the feature dataset, respectively:
Middle-range Normalization: this filter normalizes the dataset with a certain middle
value and a certain range for each feature (Figure 6). In our experiment, we set the middle
value 0 and the range 2. Therefore, all features of the dataset are normalized to the range
[-1, 1].
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Figure 6. Middle-range normalization
Mean-std Normalization: this filter normalizes all features of the dataset with mean 0
and standard deviation 1 (Figure 7).

Figure 7. Mean-std normalization

3.2.6 Feature Reduction
Although we only extract seven features to limit the size of dataset, these features are
not totally independent. For instance, it is very likely that a high defective ratio or
freezing severity is accompanied by a small µ. The dependence among several features
often unduly influences the accuracy of classification [15]. Compared to SVM, k-NN is
very sensitive to noisy data or irrelevant features [13]. Therefore, a greedy forward
selection of features is applied to k-NN. For the greedy forward selection algorithm, the
best individual feature is selected first, and then the second one is chosen from the rest to
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be combined with the best individual feature. After the best combination of two features
is selected, we choose the third one from the rest to find the best performance of three
features. Afterwards, the input subsets with four, and more features are evaluated. Finally,
the best one is selected from all the combinations.

3.3 Multi-class Classification
The SVM, as a state-of-the-art classification method, is widely used and usually
performs well in many fields. To be precise, the advantages of SVMs include that it
performs well when there is a nonlinear relationship between the input and output, and
that it is capable of dealing with high dimensional data. Therefore, we choose the SVM as
one of our candidate techniques. To get good performance of SVMs, we need to make
right decisions in the following steps: preprocessing data, kernel selection, parameters
setting of the SVM and the kernel. Uniformed choices may result in severely reduced
performance [22]. Since how to preprocess data has been introduced in previous parts, we
will focus on kernel selection and parameters setting. Besides, because our problem
requires multi-class classification and SVMs are just for binary classification, we need to
choose the best approach to construct a multi-class model from binary SVMs.

3.3.1 Kernel Selection
A kernel function for SVMs is used to map instances of a dataset from the original
feature space to a higher dimensional one. Then, a decision boundary is constructed in
this high dimensional feature space to distinguish between two classes. According to the
way of mapping, kernel functions can be classified into linear (i.e. linear kernel) and nonlinear ones (i.e. polynomial kernel and radial basis function (RBF)). Based on our
experiment with optimized parameters in the next chapter, linear kernel gives the worst
result (accuracy: 74.45%±0.63%), while RBF kernel performs the best (accuracy:
85.46%±0.29%) and polynomial kernel is in the second place (accuracy: 83.88%±0.36%).
The reason for linear kernel’s poorest performance is that our instances are not linearly
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separable even in the higher dimensional feature space. On the other hand, both
polynomial and RBF kernel perform better because they can construct a non-linear and
flexible boundary between two classes. Therefore, we choose RBF kernel for our
classification. RBF kernel is shown as the following:

! !, !! = !"# −! ! − !!

!

,

(8)

where γ = 1/2σ2.

3.3.2 Parameters setting
For the SVM with RBF kernel, there are two parameters to set: C for the SVM and γ
for the RBF kernel. C, termed as the soft margin constant or the penalty factor, controls
how strict each instance to be classified correctly. When C is small, points close to the
boundary are ignored. γ controls the flexibility of the decision boundary. When γ is small,
the decision boundary is nearly linear. Underfitting happens when both C and γ are small.
When γ increases, the flexibility of the decision boundary increases. But overfitting
occurs when γ is too large (Figure 8). Therefore, we can find that the classification
accuracy of SVM with RBF kernel is closely related to the setting of parameters.
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Figure 8. Grid search for C and gamma
To choose the best combination of C and γ, a common approach is using a grid search.
The grid search is usually based on exponentially growing sequences of C and γ, i.e. in
our experiment, as shown in Figure 8,

C ∈ {20, 20.5,…, 211.5, 212},
γ ∈ {2-5, 2-4.5,…, 26.5, 27}.
Therefore, the time complexity of a grid search is O(n2).
As what we mentioned in the first chapter, one basic requirement of our model is as
fast as possible to meet the challenge of video streaming. Thus, the grid search, as an
exhaustive and therefore potentially expensive method, is not suitable anymore. But
according to Figure 8, we can see that the best combinations of C and γ are not randomly
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distributed around all the area, but located in a restricted area. In fact, the result of a SVM
with a linear kernel can serve as a baseline [16]:

log ! ! = log ! − log ! ,

(9)

where ! is the penalty parameter of the SVM with a linear kernel. In Figure 8, the
baseline with best combinations of C and γ located, can be defined by (9), when ! is set
to the optimal value of penalty parameter for the linear SVM. Therefore, we can find best
combinations of C and γ following this procedure:
l Search for the best ! of the SVM with a linear kernel.
l Fix ! from last step in (9), and search for the best combination of C and γ that
satisfies (9).
Compared to the quadratic time complexity O(n2) of the grid search approach, the time
complexity of this optimized method is O(n).

3.3.3 Combination of Binary Classifiers
SVMs are originally designed for binary classification. To meet the requirement of
classifying multiple classes, a common approach is using a combination of several binary
classifiers. There are two popular strategies of combination:
1) One-versus-all (OVA): OVA combines M (the number of classes) binary
classifiers. For each classifier, it chooses a class as the positive class, and the
remaining as the negative class. For our problem, three binary classifiers are built:
distortion vs. rest, glitch vs. rest, and freezing vs. rest.
2) One-versus-one (OVO): OVO combines M(M-1)/2 binary classifiers. For each
classifier, it selects a pair of classes from all the classes without repeat: one as the
positive class, and the other as the negative class. For instance, in our problem set,
we have the following three OVO classifiers: distortion vs. glitch, distortion vs.
freezing, and glitch vs. freezing. After these classifiers are constructed, a simple
voting strategy is applied to evaluate the result. For each instance, we predict it in
the class with the largest vote.

25

By comparison, OVA may be better than OVO, in terms of the time complexity,
especially for the dataset with many types of classes. But OVO has been shown to
perform better than OVA, in terms of the classification accuracy [23]. According to our
experiment, we believe that one reason of the poor performance of OVA is the
unbalanced dataset for its binary classifiers. In our case, the same problem for OVA
exists. For instance, in our experiment, there are totally 238 defective events, but only 39
among them are glitch. Unbalanced datasets can present a challenge for training a
classifier [17], in terms of the classification performance. Besides, there are only three
classes in our experiment: glitch, distortion and freezing (we combine discontinuity with
freezing, because discontinuity always happens after freezing). Therefore, both for OVA
and OVO, only three binary classifiers are constructed. Considering these, we select
OVO as the combination method for our multi-class classification.

3.3.4 Multi-class Classification with k-NN
k-NN is a method for classifying points (instances) in the feature space by comparing
their relative distance. The basic principle behind it is that instances which are close to
each other have similar features. Because of this, k-NN can be very sensitive to noisy
instances or imbalanced features.
Two decisions need to be made when use k-NN: k selection and distance function
selection. A smaller k is more sensitive to noisy instances, but it can deal with situations,
like the region defining some class is so small that instances of other classes that surround
the region win the majority vote. The objective of the distance function is to minimize the
distance between instances of the same class, and maximize the distance between
instances of different classes. Since the classification result is sensitive to the different
combination of k and distance functions, we use a grid search to find the best one (k ∈
{1, 2, … 9, 10}, and distance function ∈ {Minkowsky, Manhattan, Chebychev,
Euclidean}) [13].
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3.4 User Model
In this part, we will investigate the user model of VIDAR project. Based on defect
events that have been classified by the Vidi model, we will show that how these events,
including Distortion, Glitch and Freezing, are related to user MOS, respectively.

3.4.1 Distortion
For Distortion defect, to get an accurate estimated user MOS (eMOS), we have to
measure the intensity of defect events. Although µ is the main contributor to classify
different types of defect events according to the next chapter, it is not enough to indicate
the exact intensity of a Distortion event, because of the complexity of human vision
system (HVS). Therefore, besides the features we extract from the event eSSIM sequence,
we also try to add easily operated factors that have information about HVS. According to
our experimental experience, different regions and different frames may be of different
importance to the human observers. For instance, with similar eSSIM sequence,
Distortion that occurs during a scene movement generally is less perceivable than that
happens with the scene fixed. Besides, Distortion within frames with a low frame
complexity (i.e. Football) is more perceivable than that with a high frame complexity (i.e.
Bus). Considering these HVS-related reasons, two factors are introduced to our feature set
to measure the exact Distortion intensity: frame complexity and motion speed [4]. As a
result, we have four features for each Distortion event:
{µ, ratio, frame complexity, motion speed}.
To estimate user MOS based on these four features, we select artificial neural network
(ANN) as our approach, because the linear correlation coefficient between these features
and user MOS is not clear, according to our experiment in Chapter 4. Besides, ANNs
usually perform well when a nonlinear relationship exists between the input and output
features.
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3.4.2 Glitch
Similarly, Glitch is a variant of the Distortion type in that it has a short length of
distortion. Therefore, features used to indicate the intensity of Glitch event is similar to
those of Distortion.

3.4.3 Freezing
According to our initial experiment, we observed that sometimes Freezing defect
happened with Distortion in the same event, i.e. the first segmented event in Figure 5.
Because we have discussed the intensity of Distortion in the previous part, we will only
consider Freezing events without Distortion accompanied. However, as another part of
our observation, Freezing is always followed by Discontinuity defect. Therefore, in this
thesis, we combine Freezing and Discontinuity as a single type of defect event.
For this kind of Freezing events, calculating its intensity is quite straightforward. Two
features are extracted from Freezing eSSIM sequences:
l The time duration of Freezing: it can be directly computed given the number of
duplicated frames in sequence and the frame rate of the video itself. However, in
this thesis, we set the same frame rate for all testing videos. Therefore, we only
need to calculate the number of duplicated frames.
l Discontinuity: it is quantified based on the difference between two frames that are
not adjacent in the original video, but are played back to back in the transmitted
video. The intensity of discontinuity is computed by comparing the SSIM
difference between these two frames.
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4 Validation
In this chapter, we show our experiment results of both eSSIM aggregator and the user
model. First, we show our experiment setup for event-based classification, and that how
the event dataset is generated. Then, we compare the result of multi-class classification
and investigate the effect of our optimized steps on the classification efficiency. Finally,
we analyze that how our classified defect events are related to user MOS.

4.1 Validation of eSSIM Aggregator
4.1.1 Experiment Setup and Dataset Generation
As experiment setup, original videos are encoded at the server side into H.264/AVC
using the x264 library [27] of VLC media player. Then, these videos are streamed to the
client side through RTP over UDP. The client side decodes the streamed videos using
FFmpeg [28], and plays the video with VLC media player.

Figure 9. Gilbert-Elliot burst loss model
To simulate different network packet loss situations, two packet loss models are
applied to our experiment:
l Bernoulli uniform loss model: this model performs random loss patterns, and we
set the loss rate to 2% for our experiment.
l Glibert-Elliott (GE) burst loss model: compare to uniform model’s random loss
pattern, GE model results in a burst of packet loss. Two parameters, p and q,
control its loss probability and loss burstiness, respectively (Figure 9). In our
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experiment, we set the loss rate to 2%, which is the same as the uniform model,
and the burstiness rate to 45%.
Through the experiment, we find that generally GE model creates severer defects than
the uniform model. To be specific, as a result of burst loss, GE model is more likely to
introduce freezing or heavy distortion into the transmitted videos that are coded by
H.264/AVC. On the other hand, because of the random loss pattern, glitch defects are
more likely caused by the uniform model. In Figure 10, we can see that, for the uniform
model, there are only three frames dropped, and the distortion is not severe in terms of the
number of frames with defects. However, for the GE model, we can find two series of
consecutive duplicated frames, which may result in a freezing perception for users.
Besides, there are also more frames discarded, and the ratio of frames with distortion is
also higher.
During encoding at the server side, we set two different size (12 and 24) of GOP for
each video, because the varying GOP size has a great influence on the severity of defects
in transmitted videos. To be precise, with GOP size 12 and 2% uniform loss, a small
number of frames are dropped and the sequence of consecutive distorted frames is not
very long. However, with GOP size 24 and 2% uniform loss, more frames are discarded
and the distortion is severer.
For the videos streamed to the client side, we use reference videos with lossless H.264
encoded from [24]. Considering user MOS is closely related to the content of videos, we
select a range of videos with varying contents, including Bus, Container, Flower,
Football, Foreman, Mother & Daughter, and Stefan. However, all of these videos have
no scene cuts. Therefore, to investigate the effect of scene cut on user’s perception of
videos under the same network condition, we extract a short video from Inception, where
there is six scene cuts. In Table 1, we show the detail information of these videos,
including number of scene cuts, scene moving speed, object moving speed, average frame
complexity, and the main content. The maximum length of these videos is 10 seconds of
Foreman, while the minimum length is 3 seconds of both Football and Stefan.
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(a) Foreman, GOP=12, 2% uniform loss model

(b) Foreman, GOP=12, 2% GE loss model
Figure 10. Comparison of two different models
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Table 1. Detail information of streamed videos
Name

Number of
Scene Cuts

Scene
Moving
Speed

Object
Moving
Speed

Average
Frame
Complexity

Content

Bus

0

Middle

Fast

27.95

Bus

Container

0

No

Slow

16.18

Flower

0

Middle

Slow

22.14

Football

0

Fast

Fast

11.96

Foreman

0

Slow

Slow

18.73

Mother
&Daughter

0

No

Slow

12.60

Portrait

Stefan

0

Slow

Middle

23.62

Tennis player

Ship with
containers
Flower and
house
Football
players
Portrait and
construction

Portrait,
construction
and etc.
To focus on investigating the effect of varying network packet loss conditions on user

Inception

6

Fast

Fast

18.00

MOS and keep the other parameters the same, we transcode all these videos with frame
rate 30 (frames per second), and bit rate 800 (kilobits per second). A screenshot of each
tested video is shown in Figure 11.
After getting eSSIM sequence of the transmitted video from R3 model, we pass it
through the content and discontinuity filters of Vidi model, and then defect events are
segmented from it. Each video is tested with different network packet loss conditions
(uniform model and GE model) and different GOP size (12 and 24). Finally, 238 defect
events are generated from these transmitted videos, including 151 distortion events, 39
glitch events, and 48 freezing events. These defect events are labeled manually by people
with multimedia research experience. The unbalance between the number of distortion
and glitch events shows that 2% packet loss for both the uniform model and GE model is
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severe enough to create perceivable distortion.

Figure 11. Screenshots of tested videos

4.1.2 Multi-class Classification (SVM)
To compare the efficiency of SVM multi-class classification with different kernels and
different parameter setting strategies, we construct three multi-class models based on
sequential minimal optimization (SMO). SMO is an algorithm for efficiently solving the
optimization problem that arises during the training of SVMs [25].
1) SMO-G: SMO with RBF kernel, and the best combination of C and γ is selected
by Grid search (SMO-G). The range of C and γ for searching is as following:

C ∈ {20, 20.5,…, 211.5, 212},
γ ∈ {2-5, 2-4.5,…, 26.5, 27}.
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As we mentioned in Chapter 3, when both C and γ are too small, underfitting will
happen, and when γ is too large, overfitting will occur. Therefore, according to
parameter setting experience of other related work, we restrict the range of C and γ
as above.
2) SMO-L: SMO with Linear kernel (SMO-L). Compared to RBF kernel or
polynomial kernel, one important difference between linear kernel and them is that
only one parameter C, the penalty factor, needs to be set. Therefore, we use a fine
granularity for searching the best C.

C ∈ {2, 4, 6, …, 198, 200}
3) SMO-O: SMO with RBF kernel, and the best combination of C and γ is set by the
Optimized method that is mentioned in Chapter 3 (SMO-O). First, we fix ! in
Equation (9) with the best C selected by SMO-L. Then, compared to SMO-G, we
use a fine granularity for searching the best combination of C and γ.

γ ∈ {0.05, 0.10, …, 1.95, 2.00}
When γ is fixed with one value from the above range, we can calculate the
corresponding C according to Equation (9).
For all three methods, we conduct a ten-fold cross-validation on the dataset.
Cross-validation is used to assess how accurately a predictive model will perform in
practice [26], because our dataset is small and therefore overfitting of classification can
happen easily. Briefly, cross-validation works like this:
l Partition the dataset into complementary subsets
l Perform classification training on one subset
l Validate the training model on the other subsets
The implementation is based on Weka open source library [19]. Because
cross-validation applies partition randomly, we test all three models several times to get
the average result. In Table 2, we show both the classification accuracy and the time
consumption of four multi-class classification models: SMO-G, SMO-L, SMO-O, and
k-NN (the result of k-NN will be analyzed in the next part).
According to Table 2, we can see that SMO-G performs the best in terms of the
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classification accuracy, but its time consumption is much higher than the other models.
The best performance shows the advantage of grid search, but it also explains why an
optimized method to find the best combination of C and γ is possible. In fact, according to
our multiple tests of SMO-G, the combination of C and γ with the best accuracy varies for
each test. The following are some examples in the format of (C, γ):

(25, 21), (26, 2-1), (28, 2-2), (29, 2-3), (210, 2-3)
But we can find that the product of C and γ is either 26 or 25. This result just coincides
with Equation (9). Actually, Equation (9) can be converted to:

2×!×! = !,

(10)

where ! = 1 2×! ! . As we fix ! according to the best result of SMO-L, the product
of C and γ can be constant. Depending on the granularity for searching the best
combination, the product may fluctuate slightly, like 26 or 25 in our case.
Among all the SVM-based models, SMO-L gives the worst classification accuracy, but
its time consumption is the least. The reason is that the computational complexity of
linear kernel is lower than that of RBF kernel, and there is only one parameter C to set.
As an optimized model, SMO-O shows almost the same accuracy as SMO-G, and
keeps its time consumption at the same level as SMO-L. Therefore, in terms of both
classification accuracy and time consumption, SMO-O performs the best.
Table 2. Classification result

Accuracy
Time (s)

SMO-G

SMO-L

SMO-O

k-NN

85.46%±
0.29%
445.2±16.0

74.45%±
0.63%
66.7±2.7

84.57%±
0.29%
94.5±4.5

83.00%±
0.33%
31.6±3.2

For the above experiment, we set parameters for each binary classifier uniformly to
keep it easy to control. Now we investigate each one separately to see what affects the
classification accuracy. According to OVO combination strategy of binary classifiers,
there are three binary SVM classifiers generated in our case, including Distortion vs.
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Glitch, Distortion vs. Freezing, and Glitch vs. Freezing. Each one is with RBF kernel,
and grid search is applied to search for the best setting of parameters.
Table 3. Classification result of each binary classifier

Accuracy

Distortion vs. Glitch

Distortion vs. Freezing

Glitch vs. Freezing

92.04%±0.24%

85.38%±0.32%

97.18%±0.21%

In Table 3, we can find that Glitch vs. Freezing has the best accuracy, which is near
100%. This means that Glitch and Freezing events can be distinguished from each other
easily. In fact, according to our experimental experience, generally Freezing events are
caused by a series of duplicated frames, like the Freezing event found in Figure 12, while
Glitch event is caused by a short sequence of slightly distorted frames. Therefore, some
features in our feature set have distinguishable values for these two types of defect event.
For instance, Freezing usually has a lower value of feature µ because of duplicated
frames with eSSIM = 0, while Glitch has a higher value of µ.
As for Distortion vs. Glitch, it has a relatively high classification accuracy. One
important factor that affects the accuracy, we believe, is that user’s perception of video
quality is highly content-related. To be precise, the following points can be factors of
video content:
l Frame complexity: the frame complexity has a direct correspondence to how
perceivable a distortion can be. For instance, the second Distortion event in Figure
12 (frame complexity of Foreman: 18.73) and the Glitch event in Figure 13 (frame
complexity of Flower: 22.14) have similar eSSIM value. However, we observe
significant difference in defect visibility, and that is why we label one as
Distortion and the other as Glitch. According to our experience, videos with higher
frame complexity can reduce the severity of distortion, while distortion is more
perceivable in videos with lower frame complexity.
l Content types of video: different types of content have different influence on
user’s perception of video quality. In fact, it depends on which object users focus
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Figure 12. Event examples (Foreman, GOP=12, 2% GE loss model)

Figure 13. Event examples (Flower, GOP=12, 2% uniform loss model)
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on. For instance, the main object of Foreman is the person who is talking, while
the object of Flower is just the ground full of flowers (Figure 11). For distortion
with similar eSSIM values, it is more perceivable when it occurs in Foreman than
that in Flower.
Finally, for Distortion vs. Freezing, it shows the worst classification accuracy. The
main reason, according to our analysis of the dataset, is that Freezing may happen
accompanied by Distortion in the same event. For example, in Figure 12, although we
labeled it as a Freezing defect, distortion is also observed in this event. The area marked
with the blue ellipse shows where the distortion is. This coexistence characteristic in the
dataset makes the binary classifier difficult to distinguish between Freezing and
Distortion.

Figure 14. Feature sensitivity under different binary classifiers
Now, we study how each binary SVM classifier is sensitive to all seven features. For
each test, we remove one from the feature set, and use the remaining as the dataset for
classification. In Figure 14, the dashed line shows the classification result without any
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feature removed, while the solid line is the classification accuracy after each feature is
removed. As we can see in this figure, without feature skewness, all three binary
classifiers retain the same accuracy, which means that skewness is a redundant feature for
our multi-class classification. In contrast, the removal of feature severity, δ and ratio has
a negative influence on the classification accuracy of both Distortion vs. Freezing and
Distortion vs. Glitch. It means that these features can provide certain useful information
for multi-class models. Finally, the removal of feature minimum, µ and kurtosis increases
the accuracy slightly. The reason is that both Distortion and Freezing have similar value
of these features. On the other hand, the removal of these features decreases the accuracy
of Distortion vs. Glitch, meaning that they are important for this binary classifier. To be
precise, Glitch defect usually does not have minimum or µ for small value, while dropped
or duplicated frames with eSSIM = 0 may exist in Distortion event.

4.1.3 Multi-class Classification (k-NN)
For multi-class classification with k-NN, we use grid search to select the best
combination of k and distance function:

k ∈ {1, 2, … 9, 10},
distance function ∈ {Minkowsky, Manhattan, Chebychev, Euclidean}.
Combined with grid search, a greedy forward feature selection approach is applied to find
that which features contribute to the classification the most. Through experiment, we find
that the best combination of k and distance function is (5, Manhattan), and the result is
shown in Table 2. Compared to the other SVM-based multi-classifiers (SMO-G, SMO-L,
SMO-O), k-NN still has a relatively good performance in terms of the classification
accuracy, while it shows the best time efficiency because of its simple mechanism of
classification. The result of feature selection is shown in Figure 15. As a single feature,
ratio is the most important contributor to the classification. After combined with
minimum that is selected from the remaining features, the accuracy improves significantly.
Finally, the best accuracy happens with this feature combination:
{ratio, minimum, µ, severity}.
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Besides, we can also see that δ, skewness and kurtosis introduce some noisy information
to k-NN.

Figure 15. Greedy forward feature selection for k-NN

4.2 Validation of User Model
In this part, first, we will show that how we conduct the subjective testing for user
MOS of defect events. Then, based on these subjective data, we will validate our models
proposed for estimating user MOS of each type of defect, respectively.

4.2.1 Subjective Testing
We adopted a single stimulus procedure to obtain subjective quality ratings for
different defect events. The choice of a single stimulus paradigm is well suited to
state-of-the-art multimedia applications, including IPTV, Internet streaming, etc. In
addition, it significantly reduces the amount of time required to conduct the study,
compared to a double stimulus study. Considering that it is impractical for human

40

subjects to indicate the quality of the video on a continuous scale, and we also need
relatively fine gradations, the MOS with the range 1 to 10 is used instead of 1 to 5(Table
4).
Table 4. MOS with the range 1 to 10
MOS

1, 2

3, 4

5, 6

7, 8

9, 10

Quality

Bad

Poor

Fair

Good

Excellent

Impairment

Very
annoying

Annoying

Slightly
annoying

Perceptible
but not

Imperceptible

annoying

We select 173 defect events, with length less than 3 seconds, from the dataset that has
been classified by eSSIM aggregator, including different types of defect and videos with
different content (Figure 11). We prepare a playlist for each subject by arranging these
173 events in a random order. To make sure that subjects give their MOS with a
consistent baseline, we repeat the first 20 defect videos and insert them into the middle of
the whole playlist, and we compare the difference between the first 20 and their repeats
randomly distributed to see how big the drift is. If the drift is high, we will reject this
experiment result and conduct a new one. In addition, considering that the playlist is long,
we insert segments of the original videos without any defect into the playlist randomly, to
serve as fixture of reference for the viewer. Because subjects have no experience of
judging the quality of videos, we also show the viewer samples with different types of
defect videos before the test.
VLC is used as the video player, and all the videos are displayed at their native
resolution to prevent any defect due to the performance of software or hardware.

4.2.2 Distortion
Among all the defect events used in the subjective test, there are 116 Distortion events.
As what we expect, the MOS of Distortion is in the range of 1 (very annoying) and 5
(slightly annoying), which is just consistent with its definition we give in Chapter 2. The
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number of Distortion events for MOS from 1 to 5 is 15, 34, 39, 13, 15, respectively. Now,
based on the five-category dataset, we apply ANN to see how the four intensity-related
features indicate the subjective user MOS. In Figure 16, we show the classification result

Figure 16. Classification result of user MOS on Distortion events
of ANN for datasets with different features. For each table, the first column is user MOS,
while the first line is classified MOS. The dark grids show the number of events that have
been classified correctly, while the others are the number of events misclassified. For
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instance, according to the first line in Table (a), we know that there are 15 Distortion
events with MOS = 1, and only one of them is classified correctly, while 10 and 4 among
them are classified as events with MOS = 2 and 3, respectively. Based on these three
tables, the exact classification accuracy for each one is 34%, 37% and 41%. As we can
see, as we insert HVS-related features one by one, the result is getting better. However,
the absolute accuracy is still very low. The following are basic reasons:
l HVS is so complicated that we cannot include all the factors, especially subject’s
point of interest on the video. For instance, generally users focus more on the
character (i.e. Foreman) than the background. Therefore, Distortion on the
character is more perceivable than that on the background, even with the same
eSSIM sequence. However, it is still difficult to track user’s point of interest on the
video.
l For our subjective test, usually subjects can distinguish between good videos
without any defect and bad videos with obvious distortion. However, it is difficult
for users to tell the exact intensity of Distortion. For instance, for a video with
slightly distortion, users may hesitate to set it as MOS=5 or MOS=6.
Considering the above reasons, we believe that classification results with a drift by ±1
are reasonable. For instance, for Distortion events with subjective user MOS=3, it is ok
for ANN to classify them as events with MOS=2 or 4. Therefore, in Figure 16, the gray
grids show the number of events that can be considered as correct classification results,
under a drift by ±1. Then, the accuracy for these three feature sets is 79%, 83% and 83%,
respectively.

4.2.3 Glitch
Because 2% network packet loss can easily result in a severe distortion in the
transmitted video, Glitch happens not frequently as Distortion. Therefore, we only
collected 26 Glitch events from the subjective test. As Glitch is defined as a short
sequence of distortion, the expected user MOS of Glitch event should be usually higher
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than that of Distortion defect, and our experiment just proves that. The user MOS for
Glitch ranges from 6 (slightly annoying) to 9 (not annoying, even imperceptible), with a
distribution of the number of events as the following: 1 for MOS=6, 6 for MOS=7, 13 for
MOS=8, and 6 for MOS=9. With the same ANN applied, we got the result in (a) of
Figure 17, which has the same format as Figure 16. Without a drift by ±1, the accuracy is
16 out of 26, while the classification result can be improved to 23 out of 26, considering
the drift.

4.2.4 Freezing
There are totally 31 Freezing events used in the subjective experiment, and the range of
user MOS for these events is from 3 to 7 (2 for MOS=3, 8 for MOS=4, 12 for MOS=5, 5
for MOS=6, and 4 for MOS=7). The intensity of Freezing is indicated by two features:
the number of duplicated frames and discontinuity. Without distortion-combined
Freezing events included, these two features are straightforward enough to indicate the
intensity of Freezing. Therefore, we believe that it is practical to use ANN with such a
small dataset. (b) of Figure 17 shows the classification result: 16 out of 31 without drift,
and 30 out of 30 with ±1 drift considered.

4.2.5 Summary
In summary, for each type of defect, we extract most intensity-related features as input
of ANN. However, because of the complexity of HVS and the limited judge granularity
of human subjects, it is difficult to get a high classification accuracy. But with a ±1 drift,
our feature-based method has a good performance on estimating user MOS.
On the other hand, our experiment also shows that three types of defect event have a
distinguishable average user MOS (Figure 18). To be precise, Distortion can have a great
influence on user’s perception of video quality, while Glitch is the least perceptible, and
Freezing without distortion shows a relatively high effect.
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Figure 17. Classification result of Glitch and Freezing

Figure 18. Average user MOS of defect events
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5 Concluding Remarks
5.1 Summary
In this thesis, we presented an event-based model to correlate video quality metrics to
user experience. This model is a part of VIDAR project, which uses an analytical
approach to evaluate user experience of video services under varying network conditions.
The perception model we propose is a method to map objective frame-level metrics to
perceivable video defects with distinct user MOS characteristics, using ML techniques.

5.2 Contributions
Our contribution of this thesis composes of two parts: eSSIM aggregator and the user
model.
eSSIM aggregator is designed to aggregate frame-level metrics to event-level metrics,
and provide a classification of these defect events automatically. To make the whole
approach practical for video streaming, we extract important features of defect events
instead of using the original high-dimension eSSIM sequence. Considering that user
experience of video quality is greatly affected by human vision system, we design several
content filters, including scene change filter and discontinuity filter, to remedy the
original objective metrics. Feature preprocessing and feature reduction are applied to
improve the efficiency of classification. To classify different types of defect events, we
construct a multi-class classification model from several binary SVM classifiers, with
carefully kernel selection and optimized parameter-setting approach.
As for the user model, we analyze the intensity of different defect events, based the
classification result of eSSIM aggregator. Features, which are highly related to user
experience of video quality, are used to indicate the intensity.
Through experiments, eSSIM aggregator can provide a high classification accuracy of
defect events while keeping the time consumption within a reasonable range. Based on
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the good performance of eSSIM aggregator, the user model shows a strong correlation
between the intensity of different types of defect events and the user MOS.

5.3 Future Work
For future work, because our current user MOS estimation is at the event level, which
is a short sequence of video, an aggregator will be applied to predict user MOS of long
videos. For this long-video user MOS estimation, a number of psychological theories may
be used for modeling the complicated human perception system.
Besides, we need to conduct more comprehensive subjective tests and propose a
reference model of user perception, considering the complexity of human vision system.
To generate a reference model, we need find common response among users, and identify
key user-specific features that specialize reference model to individual users (or groups of
like-minded users) MOS.
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