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ABSTRACT

The vast majority of today’s internet video services are consumed
over-the-top (OTT) via reliable streaming (HTTP via TCP), where
the primary noticeable delivery-related impairments are startup de-
lay and stalling. In this paper we introduce an objective model called
the delivery quality score (DQS) model, to predict user’s QoE in the
presence of such impairments. We describe a large subjective study
that we carried out to tune and validate this model. Our experiments
demonstrate that the DQS model correlates highly with the subjec-
tive data and that it outperforms other emerging models.

Index Terms— Quality of experience, Delivery quality score,
Mobile video

1. INTRODUCTION

Recent forecasts predict that by 2015 mobile video will represent
66% of global mobile data traffic [1] [2]. According to Google’s of-
ficial reports, more than one billion unique users visit YouTube each
month, and over 6 billion hours of video are watched every month
on YouTube [3]. Uninterrupted playback is a major component of
the viewer experience, and playback interruptions are known to re-
duce viewing time or engagement [4]. Having a reliable QoE metric
for internet video that reflects the impact of these delivery-related
impairments is crucial.

Not surprisingly, Quality of Experience (QoE) metrics which fo-
cus on user perception of and satisfaction with service performance
have received increased attention over the past several years [4–8].
Evaluating the quality of experience specifically for video services is
usually done by conducting subjective studies wherein human sub-
jects rate the perceived quality of video clips, with and without im-
pairments [9, 10].

Subjective studies are the gold standard for assessing the quality
of video services, representing the most accurate method for obtain-
ing quality scores and ratings [11–13]. Results of a study can then
be used to develop models for, or to evaluate the performance of,
automated video quality measurement systems. Unfortunately, sub-
jective testing is very expensive in terms of preparation, running time
and human resources.

There have been numerous efforts and studies to develop ob-
jective quality measures for video, though most of these efforts are
focused on more traditional sampling and coding impairments or on
packet loss and associated spaitio-temporal artifcats due to unreli-
able streaming [14, 15]. The vast majority of today’s internet video
services, and certainly those which contribute to the forecast and
marketing headlines above, are consumed over-the-top (OTT) via

reliable streaming (HTTP via TCP), where the noticeable delivery-
related impairments are limited to startup delay and stalling. Re-
cently, objective methods that focus on these types of temporal arti-
facts have started to appear in the literature [5, 16, 17].

Avvasi has been working on these problems since 2008, and Av-
vasi’s DQS model considers that a viewer’s recent level of satisfac-
tion or dissatisfaction plays an important role in their opinion about
the overall QoE. This is supported empirically through multiple sub-
jective studies focused on these artifacts [18]. This model is a con-
tinuous function that can provide a score at any point in time during
a clip.

This paper provides an overview of Avvasi’s DQS model includ-
ing a description of performance on data collected from subjective
studies carried out in collaboration with the Laboratory for Image
and Video Engineering (LIVE) at the University of Texas at Austin.
Experiments show that the model predicts QoE scores quite well and
that it correlates highly with subjective data. Moreover, further anal-
ysis demonstrates that the model consistently outperforms another
emerging QoE model.

2. DELIVERY QUALITY SCORE (DQS) MODEL

Initial buffering (startup-delay) and re-buffering (stalling) are the
most important factors that contribute to reduced quality of expe-
rience (QoE) of OTT video services. The problem of estimating
delivery QoE can therefore be reduced to predicting the perceptual
impact of these delivery-related artifacts. Therefore, the goal is to
define an objective model that takes initial buffering and re-buffering
events into account, and produces scores which accurately predict a
viewer’s QoE at any point during the clip.

The model is constructed as a parameterized behavioral model.
Behavioral models are often based on state models or state machines.
This requires identifying important states and events which are likely
to cause state transitions.

The Avvasi model (DQS) states have been determined from ob-
servations made from multiple subjective studies. This is further
described in section 3.1. Analysis of subjective scores leads us to
the following conclusions. First, on average, viewers do not react
to initial buffering (or startup delay) with the same level of dissatis-
faction as they do to interruptions once playback has started. Sec-
ond, during playback, viewers do not react to a single interruption
(first re-buffering) with the same level of dissatisfaction as they do
to repeated interruptions (multiple re-buffering). Each of these three
scenarios can be sub-divided into two sub-states, playback and no
playback. A complete state diagram is shown in Figure 1 that also
includes the initial and end states. Note that some level of startup
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Fig. 1. DQS model state machine.

delay is tolerated in the initial state. Also, the “end” state repre-
sents not only the completion of a media session, it can be reached
from all stall and playback states as a result of early termination.
The DQS model is built on the premise that viewer satisfaction de-
creases during playback interruptions and increases during uninter-
rupted playback, as a function of time. The shape of these decreases
and increases for a variety of events is captured by the following
general parametric, function

f(t) =


0 0 ≤ t < T1

a
2
[1 + cos(π(t−T2)

T2−T1
) T1 ≤ t ≤ T2

a+m(t− T2) t > T2 ,

(1)

The above function is a combination of a raised cosine in the in-
terval of T1 to T2, and a ramp with slope m after T2. This function
can model a wide variety of waveforms from a ramp to a logarithmic-
like function. Note that other functions, additional intervals and ad-
ditional states may be introduced to further improve model accu-
racy and/or to support additional delivery techniques (e.g. adaptive
streaming) at the cost of added complexity.

2.1. Modeling Dissatisfaction During Interruptions

Using (1), we model viewer satisfaction decreasing over time as a
result of interrupted playback, sometimes referred to as a frustration
region. This can occur during startup delay, first re-buffering, and
multiple re-buffering states. Let Q0− be the DQS right before start-
ing a re-buffering event. A decrease in human satisfaction may then
be expressed as

DQS(t) =


Q0− 0+ ≤ t < T1

(Q0−)− a
2
[1 + cos(π(t−T2)

T2−T1
) T1 ≤ t ≤ T2

(Q0−)− [a+m(t− T2)] t > T2 ,

(2)

It can be seen from (2) that DQS(t) is monotonically decreasing
and there is no lower bound defined for this function. However, the

output of the model is meant to be in the range of 1 to 5, thus we let
1 be the lower bound of the model.

2.2. Modeling Satisfaction During Playback

The same reasoning can be applied to model viewer satisfaction that
gradually increases over time as a result of uninterrupted playback,
sometimes referred to as a recovery region. Using (1), we may ex-
press this as

DQS(t) =


Q0− 0+ ≤ t < T1

(Q0−) + a
2
[1 + cos(π(t−T2)

T2−T1
) T1 ≤ t ≤ T2

(Q0−) + [a+m(t− T2)] t > T2 ,

(3)

where Q0− refers to the DQS value before resuming playback.
Equation (3) is a monotonically increasing function without any
upper bound, while the maximum MOS is typically 5, thus we let
5 be the upper bound of the model. Combining Equation (2) and
Equation (3) for different states leads to a novel framework that gen-
erates a single score reflecting the delivery QoE for a media stream.
The remaining task is to determine the function parameters for the
different types of events and associated regions

As discussed previously, viewers do not react to startup delay
with the same level of dissatisfaction as they do to re-buffering, nor
do they react to the first re-buffering event with the same level of dis-
satisfaction as they do to multiple re-buffering events. This suggests
using different parameters for two regions (frustration and recovery)
of each of these events: initial buffering, single re-buffering and mul-
tiple re-buffering. Accordingly, six sets of four parameters (T1, T2,
a,m) remain to be determined. Finding the parameters is essentially
a regression problem. We used an exhaustive search to find the best
parameters which predict subjective scores accurately. The details of
tuning as well as the subjective study discussed in the next section.

3. TUNING THE DQS MODEL

3.1. Subjective study

In order to observe human responses to start-up delays and re-
buffering events, and to tune and validate the DQS model against
a large set of content and impairments, a subjective study was
performed. This study was conducted in collaboration with the Lab-
oratory for Image and Video Engineering (LIVE) at the University
of Texas at Austin. One hundred and eighty videos were divided into
two sets (set A and set B) where each set contains about 1.5 hour of
footage where the durations of the shortest and the longest videos
were 29 and 134 seconds, respectively. Fifty three subjects were then
divided into two groups, and each group was required to rate only
one set of videos. The subjects were asked to score the perceived
quality from 1 to 5 for each clip, corresponding to the worst and the
best quality, respectively. The subjective scores were recorded using
the Absolute Category Rating (ACR) method [19, 20], as shown in
Table 1.

Table 1. 5-level quality scale.
Score Assessment
5 Excellent
4 Good
3 Fair
2 Poor
1 Bad
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Table 2. The mean and the standard deviation of subjective scores given to different stalling patterns with different stall duration

Stall duration Start-up delay First re-buffering Two re-buffering More re-buffering
in seconds µ σ µ σ µ σ µ σ

5 - 10 4.57 0.03 3.94 0.1 – – – –
10 - 20 4.52 0.22 3.89 0.33 3.54 0.11 3.4 0.28
20 - 30 – – 3.83 0.37 3.44 0.25 3.2 0.41

It is known that the ACR method is susceptible to sequence ef-
fects, and thus the presentation sequence of the videos was changed
randomly to mitigate that issue. Moreover, assessment results when
using the ACR method are strongly affected by the scope of vari-
ation in the quality of test videos. Therefore, an ACR with hid-
den reference (ACR-HR) method was employed in our study. Typ-
ically, the assessment results obtained by the ACR-HR method are
processed by calculating the difference in scores between the assess-
ment video and the hidden reference video. The assessment results
are thus recorded as difference mean opinion scores (DMOS):

DMOS = (assessment video score) + (5− reference video score)
(4)

The perceptual quality of the reference video was judged by each
subject to be either “5: Excellent” or “4: Good” by experts in the
field of video quality. Finally, a statistical analysis as specified in the
ITU-R BT.500 [19] was performed to remove outlier subjects from
the set.

Table 2 provides the mean and standard deviation of the subjec-
tive scores for different stalling patterns and durations. This table
shows a clear divide between two categories of impairment events:
start-up delay events, and one or more re-buffering events. This phe-
nomenon is also noted in other works [17] [5]. Moreover, given
similar stall durations, there is a significant difference in scoring
between sessions with one and two re-buffering events. However,
the difference in the mean between sessions with two re-buffering
events and sessions with more than two re-buffering events is much
smaller. Specifically, the mean ±1 standard deviation of the scores
for sessions with more than two re-buffering events is almost within
the mean ±1 standard deviation of the scores for sessions with two
re-buffering events. These observations support selecting start-up
delay, first re-buffering, and multiple re-buffering as the important
events for defining the model states.

Fig. 2. Performance on the training set

3.2. Parameter tuning

The results on set A were regressed to tune the parameters of the
DQS model. The best parameters were the ones which led to a min-
imum root mean squared error (RMSE) between subjective scores
and the DQS model. Figure 2 illustrates the scatter plot of the DQS
versus DMOS on the training set. It may be observed that exploiting
the tuned parameters for set A resulted in a very high Pearson corre-
lation (PLCC = 0.91) and very small deviation from DMOS (RMSE
= 0.25). Note that all results exclude scores on the reference videos.
Including the reference videos invariably increases correlation and
decreases RMSE.

Fig. 3. Performance on the validation set

4. VALIDATION

Although the model predicts DMOS very accurately on set A, the
important step remains to validate the model on set B which the
DQS model was not exposed to. Adopting the tuned parameters
and running the model on set B demonstrates that the DQS model
correlates very well against the subjective data, with high Pearson
correlation (PLCC = 0.88) and small deviation from DMOS (RMSE
= 0.34). Figure 3 shows the scatter plot of the DQS model versus
subjective scores on the validation set. Using the tuned parameters,
we further analyzed the performance of the DQS model by inspect-
ing different stalling patterns and by observing how well it behaves
over time for these scenarios. Figure 4 shows several stalling pat-
terns, using a red dashed line to represent playing or stalled. The
blue solid line is the continuous DQS model output. The final DQS
as well as DMOS scores are also included in the figures. Figure 4(a)
illustrates the performance of the model for a media session with a
16 seconds start-up delay. Figure 4(b) illustrates the performance of
the model for a media session with 2 seconds of start-up delay, 34
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(a) (b)

(c) (d)

Fig. 4. Media sessions with different stalling patterns including (a) start-up delay (b) single re-buffering event (c) multiple re-buffering
events(d) multiple re-buffering events.

seconds playback, 11 seconds of stall and 24 more seconds of play-
back. Figures 4(c) and 4(d) depict two media sessions with multiple
stalling events. It can be seen that in all of these scenarios the DQS
model accurately predicts subjective opinion. One recent objective
model that has been proposed to predict the quality of experience
was developed by the Telecommunications Research Center Vienna
(FTW) [17]. The FTW model of [17] assumes that human percep-
tion is influenced by two major factors: the number and length of
the stalls. It also assumes that the QoE can be expressed as an expo-
nential function of these two major parameters. To further validate
the DQS model, the FTW parameters were also tuned using set A in
the same way as was done for the DQS model. FTW was then run
on set B. Table 3 shows a comparison between the DQS and FTW
models for both training set (set A) and validation set (set B). It can
be observed that the FTW performs well in our experiments, but the
DQS model outperforms the FTW model on both sets.

5. CONCLUSION

Delivery-related impairments play an important role in forming
users’ quality of experience (QoE) when viewing internet video
services. Without having a reliable objective model to measure
the delivery quality, content and service providers are unable to
automatically predict users’ quality of experience (QoE). We have

Table 3. Performance comparison on set A and set B excluding
reference videos

Sets Metrics FTW model DQS model

Set A

PLCC 0.85 0.91
SRCC 0.83 0.90
RMSE 0.42 0.26

Set B

PLCC 0.84 0.88
SRCC 0.83 0.86
RMSE 0.52 0.34

made a substantive and demonstrably successful attempt to create
an objective method that can accurately predict the QoE of internet
video. Experiments using subjective data demonstrate that promis-
ing predictive power of the DQS model. Future work will include
more careful parameter calibrations, and we plan to conduct more
subjective studies on longer duration content.
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