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Abstract—We have created a new mobile video database that
models distortions caused by network impairments. In particular,
we simulate stalling events and startup delays in over-thetop (OTT) mobile streaming videos. We describe the way we
simulated diverse stalling events to create a corpus of distorted
videos and the human study we conducted to obtain subjective
scores. We also analyzed the ratings to understand the impact
of several factors that influence the quality of experience (QoE).
To the best of our knowledge, ours is the most comprehensive
and diverse study on the effects of stalling events on QoE. We
are making the database publicly available [1] in order to help
advance state-of-the-art research on user-centric mobile network
planning and management.
Index Terms—Mobile video quality, rebuffering, quality of
experience, subjective quality assessment.

I. I NTRODUCTION
Video streaming now dominates global mobile data traffic
and it is estimated that it will account for over 66% of wireless
traffic by the end of 2017 [2, 3]. Given limited wireless
network capacity, the quality of experience (QoE), which describes an end user’s holistic perception and satisfaction with a
given communication network service, has become an essential
measure of network performance. Understanding QoE of the
video streaming services has gained immense attention during
the last few years due to the dramatic shift towards over-thetop (OTT) video streaming on mobile networks. The paucity of
available bandwidth causes volatile network conditions, which
invariably result in rebuffering events and playback interruptions, commonly referred to as stalling or rebuffering1 . Stalling
impairs QoE and leads to reduced consumer satisfaction and
user churn.
A subjective study to thoroughly understand the specific
factors regarding video stream quality that effect viewers’
QoE can help researchers better understand how increases in
network video quality affect viewer behavior, leading to design
choices that make more efficient use of network resources.
These studies are critical for designing reliable models for
objective evaluation of QoE that account for stalling events
in a way that is consistent with subjective human evaluation,
regardless of video content or the type and strength of rebuffering. Such models have the potential to motivate the design of
solutions for streaming video networks that strike a balance
between reducing network operational costs while delivering
the highest possible quality video content to customers.
1 Throughout

this paper, stalling and rebuffering are used interchangeably.

Several valuable video quality studies have been conducted
in the past towards understanding the effects of network stream
quality on QoE [4, 5] and the development of objective QoE
models [6-8]. The focus in these studies has been to investigate
the influence of simple factors such as startup delays, total stall
length, and the number of random video stalls on an end user’s
QoE. These factors have later been used to design objective
QoE prediction models. Certain general conclusions such as
that longer startup delays are more annoying than shorter ones
have been reported in these studies [4, 5].
Our goal is to thoroughly study the influence of diverse,
realistic stalling patterns by varying several QoE influencing parameters such as the position, frequency, and length
of the stalls, and the type of video content on end users’
QoE, to support the design of generalizable QoE models
for mobile videos. The methods used in previous studies do
not adequately advance our goal as they suffer from one
or more of the following problems: (1) small, insignificant
database size, (2) insufficient number of subjective judgments,
(3) unknown video sources with limited variability in content,
(4) lack of public availability of the database, (5) lack of
fine and continuous scale ratings and (6) use of large display
formats during the study which do not translate to the smaller
resolutions of mobile devices.
Here, we summarize a new large-scale database that we
designed to overcome all of the above limitations. The resulting LIVE-Avvasi Mobile Video database consists of 180
distorted videos generated from 24 reference videos with 26
unique stalling events and 4830 human opinions obtained from
54 subjects who viewed the videos on mobile devices. We
summarize certain key aspects of the database construction
such as the reference video selection and the generation of
realistic rebuffering patterns, followed by the details on how
the human study was conducted. We then provide a summary
analysis of the influence of several critical factors on QoE such
as position, frequency, length of the stalls, and varied video
content.
II. D ETAILS OF THE SUBJECTIVE STUDY
A. Source sequences
We chose 24 High Definition (HD) creative commons
licensed videos (that have audio included) from YouTube and
Vimeo, 17 of which have a resolution of 1280 × 720 pixels
and the rest 640 × 360 pixels. Any visual distortions due
to aliasing were deemed minimal or invisible. In order to

TABLE I

S UMMARY OF STALL FREQUENCY AND LENGTHS ( IN SECONDS )
Number of stalls
Stall length

Few (1-3)

Many (4-7)

Short (2-4 )

Medium (5-9)

Initial delay

Short (0-7)

Long (8-20)

Long (10-15)

TABLE II
Fig. 1. (Left) A sample stalled test sequence. (Right) Screenshot of
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Illustrating (a) different positions of stalls represented by
a number between 0-3. (b) stall pattern 0 sfl (short initial delay
followed by few long stalls in the beginning.) (c) stall pattern 2 lmm
(long initial delay with many medium stalls towards the end.) as
defined in Table II in any video sequence of length L.
Fig. 2.

focus exclusively on network impairments, we excluded any
jittered or delayed videos, and thus all the 24 video sequences
were selected to contain minimal spatial distortions and abrupt
camera shakes. Moreover, the videos are semantically and
temporally coherent and are long enough to be meaningful on
their own. Their lengths (after adding rebuffering impairments)
range between 29 − 134 seconds. In order to understand the
impact of video content type in the presence of network delays
on QoE, we selected video sequences of varied categories that
a typical video viewer is likely to encounter on the internet on
a mobile device. All 24 videos were categorized into: sports
(9), talk shows / documentaries (8), music (2), advertisements
(3), and newscasts (2).
B. Distortion simulation
The studies in [6, 7] model the scenario where network
congestion occurs at a constant rate, leading to periodic
stalling patterns such that each stall is of a fixed duration. This,
however is not realistic and thus, investigating the influence of
arbitrarily occurring stall patterns on an end user’s QoE is of
significant interest. Consequently, the goal of our study was
to develop a database of videos containing diverse, realistic
stall patterns that will challenge automatic VQA algorithms
that predict QoE scores across varying stall types and video
content. Table I provides information about the parameters that
we varied for each stalling pattern while Table II provides a
brief overview of the diverse stall patterns we designed. Fig.
2 illustrates the different positions in a video sequence where
the stalls were placed and a few sample stall patterns.
Each reference video was preprocessed to realistically introduce these impairments, thus generating 180 distorted videos.
To be able to gather a reasonable number of subjective opinions on all the distorted videos without prohibitively increasing
the study duration, we divided them into two groups A and B,
each containing 90 video sequences. The 2 hour study session
per group was divided to include as many videos as possible by

manually adjusting the distribution of the stall patterns (Table
II) amongst the reference videos so that all of the stall events
are reasonably represented. At least 2 and at most 4 sequences
of any given distortion were included in each study group.
Each group’s playlist was further randomly divided into 6 sets
each of 20 minute duration. To avoid contextual and memory
effects in the judgment of a user’s viewing experience, these
sets were prepared to not contain any two adjacent sequences
generated from the same reference video.
C. Subjective Testing Methodology
We adopted a single stimulus continuous quality evaluation
procedure (SSCQE) [9] to obtain quality ratings on video
sequences where the subjects rated their viewing experience on
a continuous scale ranging between worst (1) to best (5). 27
subjects were uniformly assigned to each group at random and
the study was conducted in parallel for both groups on two
different mobile devices. To minimize the effects of viewer
fatigue, we divided the 2 hour study into three 40 minute
sessions and a subject viewed and rated videos from 2 of the
6 sets in each session.The subject also viewed each of the
reference videos once at an unknown and random point in
the presentation to facilitate computation of difference mean
opinion scores (DMOS) to facilitate a procedure known as
hidden reference removal [10, 11].
All the subjects viewed the videos on an Apple iPhone 5
which ran a web application that communicated over WiFi
with a web server that was hosted in-house to fetch and
display the test sequences. The study setup was thoroughly
tested to ensure that no external impairments were introduced
by the WiFi while video streaming. The user interface of the
application was designed to keep the video viewing experience
close to that of the real YouTube mobile website, assuming
the absence of any bitrate adaptations to focus exclusively on
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Fig. 3. (a) Histogram of DMOS for all video sequences from our

database. (b) DMOS of stall patterns added to a specific reference
video vs. total stall duration (i.e., sum of all the intermittent stalls).
It is critical to note that DMOS value of 2 lms is more than 2 lfm’s
(also 2 smm vs. 0 lfm) despite their respective total stall lengths.
TABLE III

A

PATTERN P INL DEFINED IN F IGURES 3 ( B ), 4, AND 5. T HE
STALL POSITIONS ARE DEFINED WITH REGARDS TO THE TOTAL
LENGTH OF EACH VIDEO .

p (stall position)

3

1.5
1

0_lms

shortInitial
0

3

DMOS scores

3

(a)

DMOS scores

25

beginning (0), middle (1), end (2),
uniformly throughout (3)

i (initial delay)

short (s), large (l)

n (number of stalls)

few (f), many (m)

l (stall length)

short (s), medium (m), long (l)

stalling.
The subjects were instructed to hold the phone in landscape
mode at a comfortable viewing distance and angle. At the
end of the presentation of each video, a rating screen was
displayed (Fig. 1) on the screen with a continuous scale slider.
The cursor was set at its center to avoid biasing the subject’s
perception of quality. The subject could control the slider using
the touch screen and after a rating was entered, pressing the
Play Next Video button on the rating screen presented the
next test sequence. The web application automatically logs
the submitted quality scores into a database.
The study was conducted at The University of Texas at
Austin over a period of two weeks and the subject pool
mostly consisted of undergraduate and graduate students from
different disciplines. No vision tests were performed but the
subjects were asked to wear corrective lenses during the study
if they did so normally. Each subject was provided with
instructions during all three sessions and had a three minute
training phase during their first session, where they viewed
two videos picked from the pool of test sequences that were
used exclusively for subject training.
The subject rejection procedure in [9] was used to reject
1 subject from group B while the remaining scores were
averaged and a DMOS for each video was computed [11].
DMOS is representative of the perceived viewing experience of
each video whose values ranged between [0, 2.43] and [0, 2.87]
with a standard error of the sample mean equal to 0.07 and
0.08 for playlists A and B respectively. Fig. 3 (a) shows the
distribution of the DMOS values from both groups. A higher
DMOS value indicates bad QoE.
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Fig. 4. (a) Few stall patterns that occur in the first half of the test

sequences having varied spatio-temporal activity. (b) DMOS of test
sequences containing only initial delays.

III. EVALUATION OF SUBJECTIVE OPINION
We now describe our method of categorizing the videos and
our analysis of the scores obtained.
Global spatio-temporal motion categories: Motion information plays a significant role in the perception of video
quality [12] and QoE. Thus, we characterized each reference
video’s spatial-temporal content at each pixel (i, j) in the form
of horizontal and vertical motion vectors computed between
consecutive frames using Horn-Schunck’s optical flow model
[13]. The mode (mk ) of the magnitudes of these motion
vectors at each pixel (i, j) was computed for every pair
of consecutive frames. The mean (µ̄) of these mode values
computed across the entire video sequence was found to be
a good indicator of the magnitude of global motion in [12].
We followed the same approach and observed that the mean
magnitudes of global motion (µ̄) of the reference videos could
be clustered into two groups - one with lower mean values and
the other with higher. If µlow is the mean of all the lower mean
values and µhigh that of all the higher ones, we computed
µthreshold to be the midpoint between µlow and µhigh . We
categorized 13 videos into the high motion category since
their mean values µ̄ were greater than µthreshold and the
remaining 11 videos into the low motion category.
We now present our analysis of the combined scores from
both groups to understand the impact of several QoE influencing factors such as varied severities of stall events, their
frequency and positions, and their interplay with the spatialtemporal motion in a given video sequence. Fig. 4(a) shows
the impact of the stalls we simulated to occur at the beginning
of few video sequences (prefix 0 ), along with the underlying
test sequences’ motion categories.
Motion category: From Fig. 4(a), it is evident that most
stalling patterns have had an impact on the user experience
to a degree that appears to be independent of a sequence’s
motion category. This was observed to hold true for all of the
other stall patterns as well.
Position of the stalls: A closer look at the DMOS of test
sequences with specific stall patterns simulated at different
positions is shown in Fig. 5(a). This plot indicates that the
subjects exhibited a hysteresis (recency) “after-effect” [14],
thus a previous unpleasant viewing experience caused by stall
events in the first half (prefix 0 as defined in Fig. 2) or the
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Fig. 5. DMOS of a few stall patterns illustrating the impact of (a) position of the stalls, (b) stall frequency, (c) stall length, and (d) total
duration of a video sequence on QoE. Note that frequency and stall length have a significant impact on QoE.

middle of the video penalized their overall perceived quality.
However, looking closely at Fig. 3(b), a general conclusion
can be made that the same stall pattern towards the end of
the video lends to higher DMOS than at the beginning of the
video (0 lms vs 2 lms).
Stall Frequency: Comparing the DMOS of videos with the
same stall patterns but with varied frequency of occurrence
(eg: 2 sfm vs. 2 smm i.e., few medium vs. many medium
length stalls), videos with many stall events had much higher
DMOS than those with fewer stalls (Fig. 5(b)).
Stall length: When the stall pattern and frequency were
maintained and only the stall length was varied, videos with
shorter stalls had lower DMOS than those with longer stalls,
irrespective of their position of occurrence (eg: 3 smm vs.
3 sms i.e., many medium vs. many short stalls in Fig. 5(c)).
Length of initial delay: To understand the impact of the
length of the starting delay on QoE, we compared the DMOS
of videos with just short and long initial delays (delay
lengths are defined in Table I). From Fig. 4(b) (longInitial
vs. shortInitial), it can be observed that subjects were not too
frustrated with the inital delay and thus the opinion scores
did not seem to vary greatly around this factor. However, a
more focussed study with more videos having initial delays of
several different (preferably longer) lengths will help us better
understand the impact of this factor on QoE.
Total sequence length: To understand the impact of the total
video length on QoE, we compared the DMOS of sequences
that varied in their total length but were distorted with the same
stall events (Fig. 5(d)). It was observed that shorter videos had
a slightly more serious influence on end users’ QoE.
Total stall length: In Fig. 3 (b), we summed the individual
intermittent stall lengths of different patterns added to a specific reference video and observed the corresponding DMOS
values. It is significant to observe that more than the total stall
duration, the interplay of stall position, frequency, and stall
length influences QoE the most. Thus, 2 smm has a higher
DMOS than 0 lfm, despite having a lesser total stall length.
To summarize, the frequency of occurrence of stalls, their
position, and their lengths have a more serious impact on an
end user’s QoE when compared with factors such as motion
information and total video length. Longer, more frequent
stalls have a significant impact on a user’s QoE, irrespective

of their position of occurrence. Stalls towards the end of the
video usually lead to poor QoE. That more frequent stalls
lead to poor QoE has already been reported earlier [8] but
the finding was based on a subjective study conducted using
only a single video. Hopfeld et. al [6] also observed the
same effect in a study they conducted by varying the number
and length of the stalls. Our large-scale study reveals that
this influence persists even in the presence of diverse video
content containing realistic, arbitrarily occuring stall patterns.
However, a more focussed study to understand the influence
of the position of the stalls on QoE can be conducted where
longer test sequences are used such that the hysteresis effect
is reduced, and stalls occurring in the first half have a lesser
impact on the overall QoE. Other factors such as the effect
when a user likes (or does not like) the content in a video
with stalls, or the effect of coincided spatial artifacts in a video
along with stalls are possible topics for future work.
IV. CONCLUSIONS AND FUTURE WORK
We presented preliminary results and analysis from a recently conducted large-scale subjective study to evaluate the
effects of network impairments on end users’ viewing experience in OTT mobile video streaming. The LIVE-Avvasi
Mobile VQA database includes 180 videos derived from 24
reference videos by incorporating a wide variety of stall events,
along with the associated opinion scores from 54 subjects on
their viewing experience. Furthermore, we presented a simple
statistical analysis of the ratings to understand the impact of
several factors on QoE. We intend to make use of this data
to understand the influence of dynamic network impairments
such as stalling events on QoE. This will help us design
perceptually-aware video assessment algorithms that will be
able to better predict QoE, and which will in turn be useful in
designing solutions for resource allocation and rate adaptation
of OTT video streaming. We believe our publicly available
database is the first of its kind to include such diverse stalling
events and a large number of subjective scores and videos [1].
We hope that our database will serve as a valuable resource
to enable the efforts of the research community to build better
QoE predictive models and to benchmark their performance
to advance the state-of-the-art in user-centric mobile network
planning and management.
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