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Abstract—In modern-era video streaming systems, videos are
streamed and displayed on a wide range of devices. Such devices
vary from large-screen UHD and HDTVs to medium-screen Desk-
top PCs and Laptops to smaller-screen devices such as mobile
phones and tablets. It is well known that a video is perceived
differently when displayed on different devices. The viewing
experience for a particular video on smaller screen devices such
as smartphones and tablets, which have high pixel density, will be
different with respect to the case where the same video is played
on a large screen device such as a TV or PC monitor. Being able
to model such relative differences in perception effectively can
help in the design of better quality metrics and in the design of
more efficient and optimized encoding profiles, leading to lower
storage, encoding, and transmission costs.

However, to the best of our knowledge, open-source datasets
providing subjective scores for the same content when viewed
on multiple devices with different screen sizes do not exist,
thus limiting a proper evaluation of the existing quality metrics
for such multi-screen video streaming applications. This paper
addresses this research gap by presenting a new, open-source
dataset consisting of subjective ratings for various encoded video
sequences of different resolutions and bitrates (quality) when
viewed on three devices of varying screen sizes: TV, Tablet,
and Mobile. Along with the subjective scores, an evaluation
of some of the most famous and commonly used open-source
objective quality metrics is also presented. It is observed that the
performance of the metrics varies a lot across different device
types, with the recently standardized ITU-T P.1204.3 Model,
on average, outperforming their full-reference counterparts. The
dataset consisting of the videos, along with their subjective and
objective scores, is available freely on Github1.

Index Terms—Adaptive Streaming, Video Streaming, QoE,
Dataset, Subjective Assessment, P.1204, Mean Opinion Scores

I. INTRODUCTION

The past two decades have seen a tremendous improvement
in streaming technologies, resulting in the growth and popu-
larity of streaming services delivering media over the internet,
often referred to as Over-the-top (OTT) applications. One of
the major reasons behind the popularity of such services is
the evolution of the concept of adaptive streaming, where
media bitrate is adapted based on the (fluctuating) network
bandwidth, thus allowing the users to experience a smooth
playback on their device. The concept itself is not new, with
the first commercial product built on ABR principles being the
RealNetworks system G2 released in July 1998 [1]. Nowadays,
HTTP-based Adaptive Streaming (HAS) protocols such as

1https://github.com/NabajeetBarman/Multiscreen-Dataset

HLS [2] and DASH [3] have become the de-facto streaming
technology.

The advancement in encoding, transmission, and playback
capabilities have resulted in the growing popularity of such
streaming services, changing how people consume content.
For example, previously, in traditional broadcasting, the video
was usually delivered to a single device, a TV, with most of
them of similar screen size. However, in today’s modern era of
streaming, videos are delivered to many different devices with
different playback capabilities [4]. The distribution of playback
devices can range from large screens, e.g., 75′′ or 65′′ TVs, to
medium and small-sized devices such as Tablets and Mobile
phones. Not limited to on-demand video streaming, there is
also an increasing usage of video conferencing solutions such
as Google Meet, Zoom, and Microsoft Teams. Such online
meetings can now take place over multiple screens, such
as on a large TV in a conference room or on a laptop or
mobile phone, depending on the attendees’ preference. In some
cases, the users even switch devices during a session, with an
expectation of the same consistent quality of experience.

Such a complex ecosystem of videos being streamed to
multiple devices with different screen sizes and form factors
(pixel density and viewing distance) brings many inherent
challenges, from a selection of codecs and profiles to encoding
bitrates and resolutions, to make sure the video playback is
supported on multiple devices. This often necessitates the
generation of multiple copies of the same content, leading
to increased storage and transcoding costs, a problem faced
by almost all online video providers. The availability of
generalized parametric models, which can help model the
relative difference in perception due to the use of multiple
screens, can help in a better understanding of the performance
of the streaming systems, which in turn, can be used to design
better, more optimal content and context-aware streaming
applications, thus reducing the number of generated streams
per content and hence, the encoding and streaming costs [5].

A. Prior Work

The effect of display-related parameters such as rendered
image/video size, image/video resolution, viewing distance,
and display pixel density, among others, is well known and
studied in the literature [6–9]. For example, Catellier et al
in [10] demonstrated that lower quality content is usually
rated slightly higher on displays with high pixels per degree.



Similarly, in an ongoing standardization effort ITU-T Rec.
SG12-TD1612[11], it is shown that only 40′′ TV monitors
showed noticeable quality improvement when video resolution
was 1080p as compared to 720p. No noticeable improvement,
however, was observed for smaller screen devices such as mo-
bile and tablets. In the same study, no noticeable improvement
in perceptual quality was observed between FHD and UHD
video sequences, even when considering a 75′′ TV screen.
Authors in [12] performed subjective evaluation experiments
on 8K videos encoded using VVC [13] under seven viewing
conditions (a combination of various screen sizes and viewing
distances). They also found that the perceived quality is higher
in smaller screens or at increased viewing distances. However,
the subjective test results are not made available to the public.

However, most QoE models and metrics currently either
ignore the effects introduced due to the differences in de-
vices (e.g, PSNR and SSIM [14]) or require recomputation
for each device/display type (e.g, VMAF [15] and ITU-T
P.1204.3 [16]). In an effort towards the design of a content-
independent model of variation of subjective scores across
different devices, viewing modes, and viewing distances, au-
thors in Ref. [17] proposed a content-independent model of
variation of subjective scores across different devices, viewing
modes, and viewing distances. The authors use a power-
law function to derive a relationship between the subjective
scores (MOS and DMOS) and display size and viewing
distances using the ratio of the device pixels-per degree (PPD).
Similarly, in [18], the authors model the perceived image
quality as a function of coded image quality using a power
law whose parameters are dependent on the downsampling
factor while incorporating the device characteristics in terms
of effective-displayed pixels-per-inch (ED-PPI). More recently,
Reznik et al. in [5] presented simple parametric models for
predicting visual quality scores on different devices in multi-
screen systems considering the viewing setup, resolution of
the projected video, size of the display, and viewing distance.
Using different datasets, the authors demonstrated the utility
of the proposed models to effectively capture the relative
perceptual differences introduced by using different devices.

B. Existing Challenges

As discussed in the previous section, while there have been
few works towards the design of QoE models capturing the
effects due to differences in perception due to different devices
(screen), the performance evaluation of such models is often
performed using a combination of different datasets, each
considering a single device type. Such datasets, due to the
use of different content as well as test subjects, environment,
rating scale, etc., fail to capture the relative differences in per-
ceived quality between different devices. Also, none of these
works includes an open-source subjective multi-screen dataset
containing MOS capturing the relative perceptual differences
of the same content when viewed on multiple devices/screens.
This paper presents a dataset addressing this research gap.

Figure 1: SI vs TI plot for the three source sequences.

C. Contributions

We present in this paper an open-source dataset consisting
of subjective scores of various videos displayed on three
different devices, TV, Tablet, and Mobile. The source video
sequences were encoded in three different resolution-bitrate
pairs, which were then played and rated by test subjects on
three devices of different screen sizes. The source and encoded
video sequences, along with mean opinion score ratings, are
provided as part of the dataset. In addition, we also present
a discussion on the performance of four widely used Full-
Reference and the recently standardized ITU-T Rec. P1204.3
bitstream-based No-Reference model [16] on this dataset.
We believe the presented dataset will be of much use to
the research community to design better metrics and models
for modern-era streaming applications delivering videos to
multiple devices.

A few possible research areas where this dataset can con-
tribute are as follows:

• Gaining insight into the effect of different screen sizes
on the viewing experience of the end user;

• Evaluating the performance of existing VQA algorithms
and methods (e.g., quality metrics) considering a multi-
screen streaming environment;

• Design of new parametric models and metrics taking into
account differences in perception due to varied screen
sizes;

• Cross-lab evaluation and comparison of subjective quality
assessment studies.

The rest of the paper is organized as follows. Section II
presents the overview of the source sequences, their complex-
ity, and encoding settings used to obtain the test sequences.
Section III discusses the subjective test procedure. Section IV
presents the subjective and objective evaluation results. Sec-
tion V concludes the paper.

II. TEST SEQUENCES AND ENCODING SETTINGS

A. Source Sequences

We selected four source sequences from the BVI-CC
dataset [19], which is a well-known and widely used dataset
for research on video compression and quality assessment.
Figure 2 above shows the screenshots of the videos used in



Figure 2: Screenshots of the source videos used in this
dataset. Sequence (a) is used for training, while the rest three
sequences, (b)-(d), are used in the actual test.

this work. Sequence (a) was used during the training session,
while sequences (b), (c), and (d) were used in the actual
subjective test. To validate that the selected videos are of
varied complexity and representative of what is observed in
real-world applications, we calculated the Spatial Information
(SI) and Temporal Information (TI) values of the three source
sequences. SI and TI values can be used as an approximate
measure of complexity, with high SI and high TI values
representing a high level of complexity [20]. Figure 1 shows
the Spatial Information (SI) vs Temporal Information (TI) plot

for all three video sequences. Based on the figure, it can
be observed that the selected source sequences are of hard
to medium complexity and should be representative of the
challenging contents of any major streaming application.

B. Encoding Settings

The encoding of the source files was performed by a
commercial HEVC encoder, Zencoder [21] using the Context
Aware Encoding (CAE) setting [22]. CAE analyzes each
source video and intelligently builds a custom bitrate ladder
(set of renditions) for each piece of content while also taking
into account constraints associated with the delivery network
and device being used to view the content. However, to
make sure that the generated profiles are consistent across the
three different sources, we introduce a set of constraints on
framerate (= 60, same as source), resolutions (540p, 720p,
and 1080p), and quality (roughly high, medium and low). The
three video qualities (high, medium, and low) are generated
using the CAE’s “quality” setting, which adjusts the quality-
bitrate trade-off to obtain the encoded video representation.
The exact ”quality” setting value was obtained based on a
visual inspection of the obtained encoded sequences. More
details about the encoded sequences, along with the encoded
video sequences’ bitrates, are available in the dataset. More
details about the encoded sequences, along with the encoded
video sequences’ bitrates, are available in the dataset.

TABLE I: SUMMARY OF VIDEO ENCODING SETTINGS.

Parameter Value
Duration 5 sec
Resolution 1080p, 720p, 540p
Dynamic Range SDR (BT.709)
Framerate 60
Encoder Zencoder [21]
Encoding Mode Brightcove’s CAE [22]
Codec/Profile HEVC (Profile: Main)

III. SUBJECTIVE EXPERIMENTS

In the absence of any existing recommendations on sub-
jective assessment of content in a multiple device setting, we
relied on existing relevant ITU-T Standards (ITU-T BT500-
14 [23], and ITU-T P.913 [24]) to design the subjective test
setup for conducting this study. We next discuss the selected
devices, test environment, and the test methodology, along
with details about the test participants.

A. Test Devices

After careful consideration based on the availability, screen
size, and display type, the following three devices were
shortlisted and used in this study:

1) TV: 55′′ Samsung Q9F Flagship QLED 4K Certified
Ultra HD Premium HDR 2000 Smart TV powered by
HDR10+

2) Tablet: 12.4-inch Samsung Tablet with 2800 x 1752
(WQXGA+) resolution super amoled display

3) Mobile: 6.1′′ Samsung Galaxy S21 5G smartphone with
device resolution of 2400x1080 pixels.

The display for all three devices was set to the default man-
ufacturer settings, and HDR and other related enhancements,
if any, were switched off. More details about the devices and
their settings, along with a link to their technical specifications,
are available as part of the dataset.

B. Test Environment

The subjective test was conducted in the Centre for Aug-
mented and Virtual Environments (CAVE) at Kingston Univer-
sity, London, United Kingdom, which is specifically designed
for conducting subjective tests adhering to ITU-R Rec. BT.500
standard [23]. Figure 3 illustrates both the schematic and
the actual subjective lab setup used to conduct this study.
The schematic illustrates the viewing distance of the de-
vices/screens from the observer: TV= 3H (=81′′), Tablet= 18′′,
Mobile= 12-14′′. The values are selected based on well known
statistics as reported in other relevant literature [5, 17, 23–27].
The room lighting was maintained between 60 and 110 lux
and it was made sure that there was no glare on any screen
due to the room lights or light from other screens. The test
environment was quiet, without any distractions or external
noise. No other person was in the room during the subjective
test (except for the test supervisor, as required by Kingston
University regulations).



Figure 3: Subjective test lab setup: (a) Schematic (b) Actual.

C. Experimental Procedure

The testing was performed according to ITU-R Rec BT.500-
14 methodology [23]. The 5-point Absolute Category Rating
ACR scale was used for the quality assessment. The test
participants first filled in a consent form followed by a pre-test
questionnaire answering some questions about demographics
(age, gender, and viewing habits). This was followed by a
training session where they were introduced to three different
quality levels (low, medium, and high) via the training video
sequence T01 Cross Walk (see Figure 2) on the three devices.
This allowed them to get used to the test procedure, interface,
and video playback. The subjects were asked to evaluate the
“picture” quality and ignore any particular likeness for the
video, as is done in most QoE studies. The subjects were
also informed of the motivation and objective of this study,
followed by a discussion of any queries they had related to
the procedure or the test in general.

Before starting the subjective test, the test subjects were first
seated and then the device placement/table for smartphone and
tablet was adjusted for each test participant to ensure they were
at the required distance (from the center of the screen of the
devices to the participants’ eye level) as shown in Figure 3.
They were instructed to maintain the required viewing distance
during the course of the subjective test. The test was started
by the test participants when they felt comfortable. They were
allowed to take breaks whenever they wanted, stop the study if
they felt discomfort, or ask questions to the supervisor. At the
end of the test, the lighting was adjusted, and the participants
filled in the post-test questionnaire by answering four short
questions describing their experience.

D. Video Playback

For video playback, the latest version of the VLC player was
used. The video to the TV was delivered from a Windows PC
connected over HDMI with VLC Version 3.0.18 for Windows
installed. VLC 3.5.3 for Android was installed on the Tablet
and Mobile via Google Playstore. The VLC player settings
were changed to ensure that the video is always played in
full screen and no additional video-related information was
displayed during the video playback. The upscaling of videos
to the display resolution was performed by the VLC player.
The settings were kept the same across all three devices and
the test subjects were asked to watch the same video on all

three devices in order of their preference. However, as the
sequences were only five seconds long, the subjects were
allowed to repeat a particular sequence as many times as they
wanted before they agreed on the rating. Once happy with
their judgment of quality, they were asked to rate the video
sequence on a scale from 1-5 for each device separately.

E. Test Participants Demographics

A total of 26 test participants took part in the study, with
17 male and nine female test participants. The participants
mostly included current and past Kingston University students,
along with a few academics and other university staff. This
allowed us to capture a wide range of opinions and not restrict
them to a particular demographic, as done in many other
subjective studies (e.g., including only young students). They
were almost equally distributed among three age groups: 18-
24, 25-34, and 35-44, with nine of them having participated in
a subjective test before. Before starting the test, the participants
were tested for visual acuity and color blindness using Snellen
charts and Ishihara plates, respectively. All had (corrected)
normal vision, and no color blindness was observed among
the test participants. Additional details about the subjective
experiments such as individual subjective ratings for all three
devices, statistical analysis on the user ratings, and additional
demographic information about the test participants including
viewing habits, etc. are not presented here due to page limi-
tation but are available in the GitHub repository.

IV. RESULTS AND DISCUSSIONS

A. Subjective Assessment

Figure 4 presents the bar plots showing the average of
the opinion scores, also commonly known as Mean Opinion
Scores (MOS), along with the 95% confidence interval. The
plots are shown separately for each encoded resolution for
all three devices. Based on the plots, the following can be
observed:

1) A particular video sequence is almost always rated the
highest on a mobile device. Tablet devices receive a
slightly lower rating, while on a larger screen, such as
a TV, the rating for the same video can be quite low.

2) In general, even the lowest quality videos were rated at
least “fair” (3 MOS) on a mobile device.

3) The difference in quality for the 1080p resolution ren-
ditions, considering each device individually, is more
prominent for lower-quality encodes as compared to
medium and high-quality encodes of the same video.

4) At lower encoded resolutions (720p and 540p), the dif-
ference in quality when considering different devices is
more prominent for 540p resolution, especially for mobile
and tablet devices.

B. Objective Assessment

Since subjective tests are not practical for evaluating real-
world applications, objective quality assessment metrics are
of high interest to both academia and industry [28]. Towards
this end, we evaluated the performance of four of the most



Figure 4: MOS (with 95% confidence interval) for all video sequences
for all three different devices considering three different resolutions.

commonly used full reference (FR) VQA metrics on the
dataset: PSNR, SSIM [14], VIF [29] and VMAF [15]. For
VMAF, only the default model (1080p TV) was considered
for performance evaluation across all three devices as the
VMAF phone model could not be evaluated due to an issue
with the libvmaf implementation in FFmpeg. However, the
dataset repository will be updated later to include the VMAF
phone model scores. In addition, we also evaluated the ITU-
T P.1204.3 model [16], which is a no-reference bitstream-
based model. The model supports two variants: mobile/tablet
and TV models, both of which were computed separately for
performance evaluation for the corresponding device type.

Table II shows the Pearson and Spearman correlation coef-
ficients along with RMSE scores for the five quality metrics.
The values are obtained after performing a first-order linear
mapping of the scores to account for the differences in

scale between the subjective and objective quality ratings. As
expected, PSNR and SSIM do not have a high correlation with
subjective scores obtained for the three devices. Interestingly,
VIF performs quite close to VMAF in almost all three cases
with it performing the best for the Mobile and TV devices in
terms of SROCC scores. Among all the five metrics considered
here, it can be observed that, on average, across all devices,
P.1204.3 performs the best, considering all three performance
measures. It is quite remarkable since, compared to the other
four metrics, which are pixel-based full-reference models,
P.1204.3 is a no-reference bitstream-based model making it
suitable for real-world QoE monitoring.

We discuss next the performance of a particular metric
across different devices considering the various performance
measures. In general, when considering different device types,
the performance of simple metrics such as PSNR and SSIM
improves as we move from smaller-screen devices (Mobile) to
larger-screen devices (TV). However, interestingly enough, for
more complex metrics such as VIF, VMAF and P.1204.3, in
terms of PLCC and SROCC scores, we observe an improved
performance for Tablet device cases as compared to Mobile
and TV devices. However, in terms of RMSE scores, we
see consistent behaviour across all classes of metrics with
an improvement in performance as we move from smaller
screen devices to larger screen devices. The difference in the
behaviour of a metric across different performance measures
for different devices indicates the need for consideration of
various performance measures for a fair and complete com-
parison of different quality metrics.

V. CONCLUSIONS AND FUTURE WORK

We presented in this paper the first-ever open-source dataset
capturing the relative differences in perception when watching
the same video on three different devices, mobile, tablet, and
TV. The dataset consists of MOS scores separately for all
three devices and hence can also be used in conjunction with
other existing subjective datasets to study other aspects such
as encoding performance, codec comparison, etc. We also
presented the performance of the four most commonly used
FR metrics and the recently standardized ITU-T Rec P.1204.3,
a no-reference bitstream-based model. Our results in terms
of PLCC, SROCC, and RMSE scores indicate a very good
performance of the ITU-T P.1204.3 standard, on par with full-
reference metrics across different performance measures.

The consistent performance of P.1204.3 across device types
indicates that usage of contextual parameters such as device
type has the potential of enhancing the prediction accuracy of
quality models. However, the need to compute metrics such
as VMAF and P.1204.3 for each device type separately adds
additional complexity. A better approach would be to design
parametric models which can be adapted to take into account
the differences in viewing setup (device type, viewing distance,
etc) without the need for re-computation for each device
type [5]. In the future, we plan to extend the study to include
more source sequences of higher resolution (8K), bit-depth



TABLE II: COMPARISON OF THE PERFORMANCE OF VARIOUS VQA METRICS IN TERMS OF PLCC, SROCC, AND RMSE
SCORES. THE BEST-PERFORMING METRIC FOR EACH DEVICE IS SHOWN IN BOLD.

Device
PLCC SROCC RMSE

PSNR SSIM VIF VMAF P1204.3 PSNR SSIM VIF VMAF P1204.3 PSNR SSIM VIF VMAF P1204.3

Mobile 0.56 0.68 0.81 0.83 0.86 0.56 0.71 0.82 0.80 0.82 0.32 0.29 0.23 0.22 0.20

Tablet 0.65 0.72 0.85 0.86 0.89 0.65 0.76 0.85 0.86 0.89 0.49 0.44 0.34 0.32 0.29

TV 0.68 0.77 0.85 0.86 0.85 0.65 0.77 0.85 0.82 0.81 0.54 0.47 0.39 0.38 0.39

(10-bit), dynamic range (HDR) and other video compression
standards.
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