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ABSTRACT
Network streaming video services have been growing explosively in
the past decade, but how to measure and assure the video quality-ofexperience (QoE) of end consumers is still an open problem. Poor
presentation quality and playback stalling have been identiﬁed as the
most dominant factors that degrade user QoE. Although both factors
have been studied individually, little is known about the interactions
between them. In this work, we ﬁrst construct a streaming video
database that contains compressed videos at different distortion levels and with different stalling patterns. We then carry out a subjective test to evaluate the QoE of the videos. The results reveal some
interesting dependency between presentation quality and playback
stalling. Speciﬁcally, playback stalling always causes QoE degradation, but the strength of such degradation depends on the presentation
quality when the stalling event occurs.
Index Terms— Video Stalling, Presentation Quality, Video
Streaming, Quality-of-Experience
1. INTRODUCTION
The explosive growth of streaming media services in the past decade
is creating many technical challenges, among which how to assure
the visual quality-of-experience (QoE) of end consumers is one of
the most critical ones. A recent large scale survey [2] shows that
75% of the consumers will switch their video channels if they experience a subpar service for more than 5 minutes. Youtube launched
its Video Quality Report program [3] to help its customers from
worldwide locations to understand the performance of their Internet
Service Provider (ISP) and other factors that may effect the viewing
experience. Netﬂix releases a country-based ISP speed index [4] to
help its customers to gain more knowledge about the expected video
QoE. A common major problem of such real systems is the lack of
a direct way to quantify the real QoE of end users. Rather, indirect
parameters such as video bitrate have been used to give a rough estimate of visual QoE. But bitrate could be an extremely poor indicator
of the actual video quality. Therefore, an accurate, real-time, and
easy-to-use video QoE measurement tool is highly desirable.
Stalling is considered as a highly annoying quality issue, which
could cause strong user frustration during a viewing session [3].
Based on the 2015 Conviva viewer experience report, 28.8% of
viewing experience suffers from stalling problem, which causes signiﬁcant reduction of viewer engagement. Signiﬁcant effort has been
made to understand the perceptual impact of stalling and discuss
the way to reduce stalling. Hossfeld et al. [5] demonstrated that
subjects are extremely sensitive to stalling during playback, and
service provides should design their systems accordingly, for example, by increasing the initial loading time or the compression ratio.
Ghadiyaram et al. [6] conducted a large-scale subjective experiment
to study the stalling events on the QoE of mobile streaming videos,
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and analyzed the impact of the frequency, position and length of
stalling occurrences. Garcia et al. [7] focused on the progressive
download type of video services and investigated the quality impact
due to initial loading, stalling, and compression for HD sequences.
They observed an additive impact of stalling and compression on the
perceived QoE and reported that the perceptual impact of stalling
is independent of the video content at high bitrate. Staelens et al.
[9] evaluated the video stalling effect due to camera feed switch by
a subjective study, towards the overall quality ratings for adaptive
streaming of sports event.
Another major QoE factor is the presentation quality of the compressed video (without considering transmission issues such as rebuffering and switching). Traditional objective video quality assessment (VQA) models, such as SSIM and MS-SSIM, are useful
in measuring the presentation quality, but lack certain features that
are important in video streaming scenarios. A QoE database for
HTTP-based video streaming was constructed that contains compressed sequences with temporally variable bitrates to study timevarying subjective quality of rate-adaptive videos [12]. Aiming at
IP-based video streaming, the MCLV database was built, which contains videos with 4 compression and 2 spatial scaling levels [13].
State-of-the-art VQA metrics had been shown to have moderate prediction performance on this database. Lievens et al. [14] reported
that the classical quality measurements (PSNR, SSIM, VQM) failed
to predict the perceived video quality in HTTP adaptive streaming
due to quality ﬂuctuations, and proposed an empirical quality metric
to account for the streaming-speciﬁc distortions. A device adaptive
video QoE measurement, named SSIMplus [10, 11], was designed to
extend the capabilities of VQA methods to streaming application. A
number of unique features, such as real-time speed, cross-resolution
assessment, automatic alignment, device adaptivity, make SSIMplus
a much better tool suited for streaming media applications.
A straightforward way to reduce the probability of stalling is
to reduce bitrate, but reducing bitrate will meanwhile lower presentation quality. Apparently, achieving an optimal compromise between the two is critical. For this purpose, a reliable QoE measure
that considers both factors is important. Unfortunately, very few
efforts have been made to investigate the joint effect of them. In
[15], it is stated that “if the video stalls, the video experience of the
user is disturbed - independent of the actual video characteristics”,
which means stalling and presentation quality are independent of
each other, a similar conclusion as in [7]. In this work, however, this
conclusion is challenged by our experimental results. More specifically, we built a new database that contains compressed videos at
different distortion levels and with different stalling patterns, and
then conducted a subjective test to evaluate the QoE of the videos.
Among a number of observations that are useful for the future development of a complete QoE prediction model, an interesting one
is that playback stalling has stronger negative impact if the presentation quality is higher when the stalling event occurs.
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Fig. 1. Test video sequences.
2. SUBJECTIVE QUALITY ASSESSMENT
To the best of our knowledge, existing relevant databases in the literature focus on either video presentation quality only (where the distortion is mostly compression) or the impact of stalling only (for different patterns of stalling position, duration, and frequency), making
it difﬁcult to observe the dependencies between presentation quality
and playback stalling. Therefore, our ﬁrst goal here is to develop a
new database that can be used to study the interaction between them.
Twenty high-quality video sequences of 1920x1080 resolution
and 10-second [8] long are selected to cover diverse video content, including animation, humans, plants, natural sceneries, movie,
sports, live show, indoor and outdoor views, and man-made architectures. The detailed speciﬁcations of those videos are listed in
Table 1 and a screenshot of each video is shown in Fig. 1.
Using aforementioned sequences as the source, each video is
encoded into three bitrate levels, 500Kbps, 1000Kbps, 1500Kbps, to
cover different quality levels. A 5-second stalling event is inserted at
either the beginning or the middle point of the encoded sequences.
In total, we obtain 200 test samples that include 20 source videos,
60 compressed videos, 60 initial stalling videos, and 60 mid-stalling
videos. An example of a stalling frame is shown in Fig. 2.
The test video sequences are categorized into four groups: A:
reference group; B: videos with compression artifacts only; C:
videos with compression and initial stalling; D: videos with compression and middle stalling. Groups A and B can be used to test
VQA metrics that aim for predicting presentation quality. Using
Groups A and B as the anchors, Groups C and D are useful to study
the impact of stalling.
A computer with Intel(R) Core(TM) i7-2600 dual 3.40GHz CPU
was used in the subjective user study. The test environment was
setup as a normal indoor ofﬁce workspace with ordinary illumination
level. All videos are displayed at their actual pixel resolution on an
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Table 1. The details of reference videos.
Name
Frame Rate
Bitrate(Mbps)
Animation
25
32.7
Biking
50
297
BirdsOfPrey
30
114
ButterFly
25
163
CloudSea1
24
163
CloudSea2
24
133
CostaRica1
25
131
CostaRica2
25
128
Football1
25
140
Football2
25
90.3
Football3
25
95.3
Forest1
25
281
Forest2
25
247
MTV
25
259
Ski
30
148
Squirrel
25
136
Transformer1
24
102
Transformer2
24
156
Basketball1
25
137
Basketball2
25
217

LCD monitor at a resolution of 2560 × 1600 pixels with Truecolor
(32bit) at 60Hz. The monitor was calibrated in accordance with the
recommendations of ITU-T BT.500 [16]. A customized graphical
user interface (GUI) was used to render the videos on the screen
with random order during the test.
We adopted a single-stimulus quality scoring strategy. A total of
25 naı̈ve observers, including 13 males and 12 females aged between



Both PLCC and SRCC range between 0 and 1, within which higher
values indicate better performance. This is done for each individual subject and the results for all subjects are depicted in Fig. 5. It
can be seen that most individual subjects perform reasonably well in
terms of predicting MOS scores. The average performance across
all individual subjects and the standard deviation between them are
also given in the rightmost columns in Fig. 5. This provides a general idea about the performance of an average subject. In conclusion,
there is a considerable agreement between different subjects on the
quality of the test sequences.

Fig. 2. An example of a stalling frame.

22 and 30, participated in the subjective experiment. For each subject, the whole study takes about one and half hour, which is divided
into three sessions with two 7-minute breaks in-between. In order to
minimize the inﬂuence of fatigue effect, the length of a session was
limited to 25 minutes. During the test, subjects were asked to watch
a single video at one time, and give their opinions about the video
QoE after playback. The user interface of the scoring panel is shown
in Fig. 3. The score ranges between 0 and 100, where 0 is the worst
quality and 100 is the best.

Fig. 5. Performance evaluation of individual subjects using MOS as
the ground truth.
Video sequences in Groups A and B do not involve any stalling
event, and thus can be used directly to test VQA models designed
for predicting presentation quality. The models being tested include
both classical and state-of-the-art full-reference (FR), reducedreference (RR) and no-reference (NR) methods. The test results are
given in Table 2, where PLCC and SRCC are used as the performance evaluation criteria. Not surprisingly, in general RR models
perform better than NR models, and FR models better than RR
models. Among all models, the SSIMplus [10, 11] and MS-SSIM
[18] models achieve the best performance, which provide good predictions of the presentation quality. However, since these models do
not consider stalling, they are not able to provide any further insight
about visual QoE degradation in the presence of initial buffering and
rebuffering during video playback.

Table 2. Performance of objective VQA models on test video sequences without stalling.

Fig. 3. The scoring panel used in the user study.

3. ANALYSIS
After the subjective user study, 2 outlier subjects are removed based
the outlier removal scheme in [16], resulting in 23 valid subjects.
All collected subjective scores are converted to Z-scores based on
the sample mean and standard deviation. The ﬁnal quality score for
each individual video is computed as the average of the subjective
scores, i.e., the mean opinion score (MOS), from all valid subjects.
Considering the MOS as the “ground truth”, the performance of
an individual subject can be evaluated by comparing his/her quality
scores with the “ground truth” for all test images. The Pearson linear correlation coefﬁcient (PLCC) and Spearman’s rand-order correlation coefﬁcient (SRCC) are employed as the comparison criteria.



IQA model
PSNR
SSIM[17]
MS-SSIM[18]
SSIMplus[10]
VQM[19]
RRIQA[20]
STRRED[21]
BIQI[22]
NIQE[23]
BRISQUE[24]

Type
FR
FR
FR
FR
FR
RR
RR
NR
NR
NR

PLCC
0.7186
0.7779
0.8817
0.8829
0.7497
0.7169
0.8196
0.5952
0.5371
0.5120

SRCC
0.7127
0.7650
0.8412
0.8595
0.7460
0.7083
0.8076
0.5624
0.5524
0.5486

Fig. 4. The impact of stalling on the drop of MOS values.

As discussed earlier, the key question we would like to answer
through this study is whether the impact of the stalling events is independent of video presentation quality. If they are independent, then
regardless of the presentation quality level, stallings will have the
same impact on the overall video QoE scores. Therefore, assuming
the additive relationship between stalling and presentation quality is
valid as in [7], we are expecting a near constant quality drop when
stalling occurs in videos with different presentation quality and compression levels.
Fig. 4 depicts the scatter plots between the MOS values of video
presentation quality (MOS values of videos in Group B) versus the
MOS values of the corresponding videos without stalling (Group B),
with initial stalling (Group C), and with middle-stalling (Group D).
There are several useful observations. First, stalling always results
in drops in MOS, and the drops could be very signiﬁcant. Second,
the impact of stalling in the middle of the video is in general stronger
than that at the beginning of the video. This is veriﬁed with the numerical statistics shown in Table 3, where comparing the last two
rows, we concludes that the drops in MOS in all three compression
levels are consistently higher in the mid-stalling than in the initial
stalling cases. A reasonable explanation is that viewers are more
tolerant to the stalling at the beginning which is often created by initial loading in practice. By contrast, stalling in the middle creates
discontinuity in consuming the video content and is thus more annoying. This is a phenomenon observed in previous studies, and is
also veriﬁed during our discussions with the subjects after they ﬁnished their subjective tests. Third, the drop in MOS is not a constant,
but varies with the increase of the MOS of the presentation quality.
This can also be seen in the last two rows of Table 3, where in both
initial stalling and mid-stalling cases, the MOS drops increases signiﬁcantly with bit rate levels. This suggests that stalling is creating
stronger frustration on the viewers when it occurs in videos with high
presentation quality. One explanation may be that users have higher
expectations when watching high quality video, thus when stalling
happens, it is less expected and results in stronger dissatisfaction.
We ﬁnd that an empirical model that may be used to describe
the MOS drops observed in the current subjective data for both the
initial stalling and middle stalling cases (but with different sets of
parameters) is given by
ΔQ = c1 Q + c2 Q2 + c3 Q3 ,

(1)

where Q is the presentation quality without stalling, and ΔQ is the
drop of quality caused by stalling, measured by the difference of
MOS (DMOS) of the videos with and without stalling. The ﬁtting parameters for the cases of initial and mid-stalling are given by

Table 3. The average MOS values for different stalling events.
Bitrate(Kbps)
500
1500
3000
No Stalling
42.29
66.23
81.67
Initial Stalling
35.99
55.27
66.01
Middle Stalling
33.29
52.42
61.63
NoStalling − InitialStalling
6.30
10.96
15.66
NoStalling − MiddleStalling
9.00
13.81
20.04

{−2.5e−6, −0.7e−3, −0.11} and {−1.4e−5, 0.001, −0.22}, respectively. Fig. 6 shows how the empirical models ﬁt the subjective
data.

Fig. 6. The impact of stalling along with the change of presentation
quality.

4. CONCLUSION
We built a database and conducted a subjective user study to investigate the visual QoE of streaming video. In particular, we make
one of the ﬁrst attempts that focuses on understanding the interactions between presentation quality and playback stalling. The most
important ﬁnding of the current work is that unlike widely assumed
in previous studies, the impact of presentation quality and playback
stalling on the overall QoE is not independent. Instead, the negative
impact of stalling increases signiﬁcantly with the level of presentation quality when the stalling occurs. We use a simple model to
describe this trend. We believe this work will provide useful insights
in the future development of comprehensive QoE models for video
streaming.
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