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Abstract—In this paper, we make the first attempt to study
the subjective and objective quality assessment for the screen
content videos (SCVs). For that, we construct the first large-
scale video quality assessment (VQA) database specifically for
the SCVs, called the screen content video database (SCVD). This
SCVD provides 16 reference SCVs, 800 distorted SCVs, and their
corresponding subjective scores, and it is made publicly available
for research usage. The distorted SCVs are generated from each
reference SCV with 10 distortion types and 5 degradation levels
for each distortion type. Each distorted SCV is rated by at
least 32 subjects in the subjective test. Furthermore, we propose
the first full-reference VQA model for the SCVs, called the
spatiotemporal Gabor feature tensor-based model (SGFTM), to
objectively evaluate the perceptual quality of the distorted SCVs.
This is motivated by the observation that 3D-Gabor filter can
well stimulate the visual functions of the human visual system
(HVS) on perceiving videos, being more sensitive to the edge
and motion information that are often-encountered in the SCVs.
Specifically, the proposed SGFTM exploits 3D-Gabor filter to
individually extract the spatiotemporal Gabor feature tensors
from the reference and distorted SCVs, followed by measuring
their similarities and later combining them together through
the developed spatiotemporal feature tensor pooling strategy to
obtain the final SGFTM score. Experimental results on SCVD
have shown that the proposed SGFTM yields a high consistency
on the subjective perception of SCV quality and consistently
outperforms multiple classical and state-of-the-art image/video
quality assessment models.

Index Terms—Screen content videos (SCVs), video quality
assessment (VQA), subjective assessment, objective measurement,
spatiotemporal feature tensor.
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I. INTRODUCTION

W ITH the rapid development of mobile Internet and mul-
timedia technologies, and extensive usage of various

mobile devices, the screen content video (SCV) becomes an
emerging visual media, since it can offer people more flexible
and freer multimedia experiences through various applications,
such as remote education, shared screen collaboration, mobile
office, gaming video [1], [2]. Consequently, the SCV-related
tasks (e.g., compression, and processing) have received high
attentions. For example, to efficiently store and transmit the
SCVs, screen content coding (SCC) has been developed as an
extension of the latest video coding standard high efficiency
video coding (HEVC) [3]. Similar to the natural videos, the
SCVs are inevitably disturbed by various distortions in the
SCV acquisition, compression, transmission, reproduction, and
display processes, producing considerable perceptual quality
degradation. For example, the compression often causes the
block artifacts on the SCVs; the screen sharing across different
devices frequently produces color/contrast changes on the
SCVs due to different display settings and environments.
Therefore, the video quality assessment (VQA) for the SCVs
is meaningful and highly demanding.

In general, according to the assessment subject, the VQA
can be conducted from two aspects: subjective and objective.
The subjective VQA asks the human as the observers to score
the video quality according to their subjective perception. It
consumes manpower and material resources and is thus not
suitable for the practical applications. However, the subjective
VQA is indispensable, since the videos are usually meant
for the human perception, and the subjective scores can
be served as the ground truth to evaluate various objective
VQA methods. On the contrary, the objective VQA is a
promising and practical alternative VQA solution, with the
goal of developing an accurate and efficient mathematical
model by taking the characteristics of human visual system
(HVS) into account. The assessment scores computed for the
input videos by an ideal objective VQA model are expected
to be well correlated with human subjective perception. Note
that the objective quality assessment models can be roughly
classified into three categories according to the availability
of the reference images/videos: full reference (FR), reduced
reference (RR), and no reference (NR). This paper focuses
on FR quality assessment model, which has wide practical
applications, such as performance evaluation/optimization of
various image/video processing/coding algorithms [4], [5],
[6], [7], [8], and successfully assisting the design of NR
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models [9], [10].
In the past decades, significant progresses have been made

in the study of subjective and objective image/video quality
assessment (IQA/VQA) [11], [12] for the natural images
(e.g., [13], [14], [15], [16], [17]), natural videos (e.g., [18],
[19], [20], [21], [22], [23]), screen content images (e.g., [2],
[24], [25], [26], [27]), and cross-content-type images (e.g.,
[28], [29], [30], [31], [32]). However, different from the
natural images/videos, the SCVs are usually of the computer-
generated content (e.g., text, computer graphics, computer
screen, etc.), or are the mixtures of the computer-generated
content and the camera-captured content (e.g., the natural
scene) [33]. From the spatial perspective, the computer-
generated content (i.e., discontinuous-tone content) usually
contains extremely sharp edges, texts, limited color variations,
and repeating patterns, while the camera-captured content (i.e.,
continuous-tone content) usually contains relatively smooth
edges, complex textures, and rich colors [27]. From the tem-
poral perspective, the motion fields inherited in the SCVs are
quite irregular, for instance, long-time stillness, large motion,
and even abrupt screen change are often happened in SCVs,
e.g., playing power-point slides or browsing documents in
the scenarios of online education [3]. Moreover, although the
screen content images have similar contents to the SCVs, the
SCVs naturally have the temporal/motion information. There-
fore, the aforementioned existing quality assessment works
may not be effective for directly evaluating the perceptual
quality of the SCVs. To the best of our knowledge, the
subjective and objective VQA for the SCVs remains an open
question. Therefore, it is our goal to investigate this critical
issue.

In this paper, we make the first attempt to carry out the
VQA specifically for the SCVs from both subjective and
objective aspects: 1) The first large-scale video database, called
the screen content video database (SCVD)1, is built for the
purpose of VQA for the SCVs. The proposed SCVD contains
16 reference SCVs, 800 distorted SCVs, and the corresponding
subjective scores. The distorted SCVs are generated under 10
different types of distortions and 5 degradation levels for each
distortion type. It is worthwhile of mentioning that this SCVD
is made publicly available for research usage, which can be
served as the ground truth to evaluate the performances of
various objective models on the quality evaluation of SCVs; 2)
The first FR VQA model, called the spatiotemporal Gabor fea-
ture tensor-based model (SGFTM), is proposed for conducting
the objective quality evaluation of the SCVs. The key novelty
of the proposed model lies in the design of spatiotemporal
Gabor feature tensor for simultaneously exploring the spatial
and temporal characteristics of the SCVs. Specifically, the
3D-Gabor filters involving horizontal, vertical, and temporal
orientations are performed on the reference and distorted SCVs
to extract their spatiotemporal Gabor feature tensors. The
similarity of the spatiotemporal Gabor feature tensors are then
measured and combined through the spatiotemporal feature
tensor pooling strategy to obtain the final score of the distorted
SCVs. Extensive experimental results have demonstrated the

1SCVD, [Online]. Available: http://smartviplab.org/pubilcations/SCVD.html

proposed SGFTM approach is able to accurately judge the
perceptual quality of the SCVs in accordance with the HVS.

The remaining of this paper is organized as follows. Sec-
tion II introduces a brief review of the related works. Sec-
tion III presents our newly established VQA database for
the SCVs, namely, SCVD. Section IV describes the proposed
quality assessment model for the SCVs, namely, SGFTM.
Section V introduces and discusses the performance evaluation
of the proposed SGFTM and multiple classical and state-of-
the-art IQA/VQA models. Section VI draws the conclusion.

II. RELATED WORKS

To the best of our knowledge, the subjective and objective
quality assessment specifically for the SCVs is still in the
infant stage. Currently, the existing quality assessment works
for screen contents only focus on images rather than videos.
Consequently, the existing quality assessment works for the
screen content images and natural videos are briefly reviewed,
which mainly cover two aspects: subjective databases and
objective models.

A. Quality Assessment for Screen Content Images

As we known, the databases established through subjective
study are important bases for analyzing quality perception of
human vision, designing and evaluating objective quality as-
sessment models. On the evaluation of screen content images,
publicly-available databases include SIQAD [2], QACS [34],
IML-SCIQD [35], and SCID [25], etc. Among them, SIQAD
is the first quality evaluation database specifically for screen
content images, which mainly contain 20 reference images
and 980 distorted images resulted from seven distortion types.
And SCID is currently the largest screen content image quality
assessment database, which is composed of 40 reference im-
ages and 1800 distorted images generated from nine different
distortion types.

On the basis of these databases, multiple objective IQA
models for the screen content images can be found (e.g., [2],
[24], [25], [27], [36], [37], [38]). Inspired by the observations
that HVS is highly sensitive to the edges and the screen content
images contain abundant edge information, Ni et al. [37]
exploited gradient direction and magnitude to predict the
quality of screen content images. Ni et al. [25] further designed
an effective edge similarity (ESIM) model by comprehensively
exploring three salient edge attributes, i.e., edge contrast, edge
width, and edge direction. Fang et al. [24] utilized uncertain
weighted strategy to effectively integrate local quality of
textual and pictorial regions in screen content images. Fu et
al. [26] designed multi-scale difference of Gaussian (MDOGS)
to effectively capture quality degradations of screen content
image details in multi-scale spaces. Gu et al. [38] analyzed
the structural variation to evaluate the quality of screen content
images. Zheng et al. [27] proposed a NR objective assessment
model for screen content images by using segmentation and
local/global perceptual feature representations. These IQA
models specifically consider the special characteristics of the
screen content images, such as large flat regions, sharp edges,
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fruitful texts, repeated patterns, thin lines, and computer-
rendered graphics with few colors, therefore, they are able
to accurately assess the quality of the screen content images.

In addition to the aforementioned IQA databases and models
specifically for screen content images, it is interesting to
mention that some IQA databases and models are developed
for cross-content-type images (i.e., natural, graphic, and screen
content images) (e.g., [28], [29], [30], [31], [32]). Among
them, CCT database [28] is constructed based on the existing
screen content IQA database (i.e., QACS [34]) by adding two
more types of contents: natural and graphic contents, which
is composed of 1320 distorted natural, graphic, and screen
content images. Min et al. [28] proposed a unified content-
type adaptive (UCA) blind IQA model, which incorporated
the variations of human perceptual characteristics in viewing
different content types through a multi-scale weighting frame-
work. Min et al. [31] proposed the concept of pseudo-reference
image (PRI) and developed a PRI-based general-purpose blind
IQA model.

B. Quality Assessment for Natural Videos

For natural videos, many databases are gradually developed
with the development of video resolution, video compression
standards, and transmission networks (e.g., [39], [40], [41],
[42], [43], [44]). Among them, VQEG FR-TV Phase I [39]
is the earliest subjective video database. LIVE [40] is a
commonly-used subjective video database, which contains 10
reference videos, and 150 distorted videos involved with four
distortion types: wireless network transmission, IP network
transmission, MPEG-2 and H.264 compressed content. Recent
subjective video databases (i.e., SJU 4K-HEVC [42], Yonsei
4K UHD [43] and BVI-HD [44]) are concerned about the HD
videos (especially the 4K video content) with the latest video
coding standard (i.e., HEVC).

Based on these databases, many VQA models for natural
videos are proposed (e.g., [18], [20], [21], [22], [23], [45]).
Seshadrinathan et al. [18] presented a motion-based video
integrity evaluation (MOVIE) index to evaluate the video
quality over multiple scales, and along motion trajectories.
Vu et al. [20] developed a spatiotemporal MAD (STMAD)
model based on so-called spatiotemporal “images” created
by taking time-based slices of the original and distorted
videos. Vu et al. [21] presented a method named as Vis3
to separately measure the spatial distortion of each frame
and spatiotemporal dissimilarity between spatiotemporal s-
lices images. Li et al. [22] utilized support vector regression
to integrate multiple quality-aware features to predict video
quality, denoted as video multi-method assessment fusion
(VMAF). Bampis et al. [23] calculated perceptually-relevant
video quality characteristics through local spatial operations on
each frame and frame differences, called the spatial efficient
entropic differencing for quality assessment (SpEED-QA). Wu
et al. [45] developed FR assessor along salient trajectories
(FAST) by judging video quality degradations from spatial,
temporal, and joint spatial-temporal perspectives.
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Fig. 2. The spatial information (SI) and temporal information (TI) of all the
16 reference SCVs in our SCVD.

III. SUBJECTIVE STUDY: PROPOSED SCREEN CONTENT
VIDEO DATABASE (SCVD)

To investigate the quality evaluation of the SCVs, we
establish the first large-scale screen content video database
(SCVD). The construction of our SCVD mainly consists of
four stages: 1) reference SCV collection; 2) distorted SCV
generation; 3) subjective test; and 4) subjective score pro-
cessing. They will be distinctly described in the following
subsections, respectively.

A. Reference SCV Collection

Our constructed SCVD contains 16 reference SCVs. The
16 reference SCVs are created through screen recording with
thoughtfully considerations of the SCVs’ special characteris-
tics and application scenarios. From the spatial perspective,
they cover not only a diverse mixture of various contents (e.g.,
texts, graphics, symbols, patterns, natural scenes) but also a
wide variety of percentages and location distributions between
the discontinues-tone and continues-tone contents. From the
temporal perspective, they cover a wide range of motion
activities, including motionless, moderate and fast motion,
abrupt screen change, etc. From the application perspective,
they cover various scenarios, such as online education, screen
sharing, advertisement, live games, animation, conference,
and so on. All the reference SCVs are of 10 seconds with
a frame rate of 30 per second and none of them contain
audio components. Moreover, they are in raw uncompressed
progressive scan YUV format with a resolution of 1920×1080.

For demonstration, Fig. 1 shows the first frame of all
16 reference SCVs in our established SCVD, and a short
description of these reference SCVs are provided as follows.

a) Online Education: A video clip of online education in
which the male lecturer hovers in front of the blackboard
and talks with the slides on the right side of the screen;

b) Animation: An animation scene in which three people
are walking on the grassland;

c) Dynamic Charts: A collection of program execution
windows and dynamic charts;
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Fig. 1. All illustration of the first frame of all the 16 reference screen content videos (SCVs) in our SCVD named as: (a) “Online Education”, (b) “Animation”,
(c) “Dynamic Charts”, (d) “Boxes”, (e) “Magazine”, (f) “Mobile Phone”, (g) “Game”, (h) “Map”, (i) “Comic & Video”, (j) “News Broadcasting”, (k) “Meeting”,
(l) “Slides”, (m) “Software Installation”, (n) “Word Documents”, (o) “Weather”, and (p) “Webpage”.

d) Boxes: Rotating boxes (with texts or graph), texts, pic-
tures, symbols (e.g., triangle, five-pointed star), etc. in
the background with changing colors;

e) Magazine: Scanning E-magazine with executing pro-
gram, static word documents and a calendar on the
desktop;

f) Mobile Phone: A mobile phone advertisement in which
its key features are presented;

g) Game: A live game with a set of real-time comments on
the webpage;

h) Map: Zooming in to a specific location on digital map;
i) Comic & Video: Three paralleled display windows on

the screen (i.e., a static PDF document on the left, a
digital comic under browsing in the middle, and an
online basketball video on the right);

j) News Broadcasting: An anchorman is broadcasting the
financial news with updating data, text and line chart;

k) Meeting: A group meeting in which a woman stands for
reporting in front of a TV;

l) Slides: Playing PPT slides consisting of various texts,
figures, equations, and tables;

m) Software Installation: A remote control by which the
software is installed;

n) Word Documents: Changing the positions and sizes of
two Word documents with some executing programs and

various updating experimental charts;
o) Weather: Real-time weather display with four kinds of

weather maps on the screen;
p) Webpage: Browsing the website of Huaqiao University.
To further analyze the characteristics of the video contents,

Fig. 2 shows the spatial information (SI) and temporal infor-
mation (TI) of the reference SCVs as suggested in [46]. One
can see that the distributions of the SI and TI are expansive.
This indicates that the collected reference SCVs obey the rule
that the ideal reference videos in a database should span a
wide range of the spatial and temporal information to be
representative of a wide variety of contents [46].

B. Distorted SCV Generation

A good VQA database tends to have a wide coverage of
possible distortion types. To generate the distorted SCVs,
we considered 10 types of distortions that may incur on
the SCVs during the acquisition, processing, compression,
transmission, and display stages. Each distortion includes 5
levels of quality degradations for spanning a wide range of
perceptual quality. Consequently, we have generated 800 (i.e.,
16×10×5) distorted SCVs for our SCVD.

These 10 types of distortions include: the Gaussian noise
(GN), Gaussian blur (GB), motion blur (MB), contrast change
(CC), color saturation change (CSC), color quantization with
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dithering (CQD), H.264, high efficiency video coding (HEVC),
screen content coding (SCC), and packet loss (PL). First of
all, three kinds of noisy SCVs resulted from three types
of noise (i.e., GN, GB, MB) are included in our database,
because of their common existing in the image/video practical
applications. Then, the display distortions (i.e., CC, CSC,
CQD) are essential to be considered in our database. This is
because significant changes of intensity, contrast, color satu-
ration, etc. are often-encountered in the screen sharing/display
between different devices with different conditions. Finally,
since the video compression is indispensable for efficiently
store and transmit the huge amount of the video data, the
accompanying compression artifacts are unavoidable for the
SCVs. Hence, the video coding standards (i.e., H.264 [47] and
HEVC [48]) are considered, since they are widely-explored
to encode the videos. Moreover, the screen content coding
(SCC) [3], which is specifically developed for compressing
the SCVs and adopted as an extension of HEVC, is considered
as well. Further considering that the video transmission over
the unreliable network will significantly deteriorate the quality
of the reconstructed video, we simulate the transmission error
through packet-loss network based on Gilbert’s model [49],
and introduce the packet loss (PL) as another type of distortion
in our SCVD.

C. Subjective Test

1) Test Setup: Due to the large number of distorted SCVs
in the SCVD, it is naturally very time-consuming and imprac-
tical to require each subject to view all the distorted SCVs.
Moreover, according to [46], the time spent on one evaluation
session should not exceed 30 minutes to avoid fatigue that
might affect the accuracy of the obtained subjective scores.
Therefore, the entire 800 distorted SCVs are randomly and
non-overlappingly divided into 20 sessions (i.e., 40 SCVs per
session) for conducting the subjective test. In each session, two
consecutive SCVs to be evaluated in sequence, including their
distortion types and levels of distortion, are all different. To
obtain the sufficient subjective scores, the total 230 subjects are
involved in the subjective test for three weeks. All the subjects
are recruited from Huaqiao university, including 148 males and
82 females. All subjects are not tested for vision problems
and do not have background in image/video processing, since
it is desirable to obtain the real response from the random
human subjects without bias as real as possible. Each subject is
randomly assigned with two sessions at least or three sessions
at most of the distorted SCVs for conducting their subjective
evaluation. Based on such test setup, each session is evaluated
by 32 subjects at least, and the subjective scores of total 672
evaluation sessions are finally obtained.

2) Test Methodology: As specified in ITU-R BT.500-
13 [46], there are two kinds of commonly-used subjective
test methodologies to evaluate the video quality based on the
subjects’ own perception, namely, single stimulus and double
stimulus. The single stimulus method is simple and straight-
forward, since it directly presents a video under assessment
to the subjects for seeking their subjective scores. On the
contrary, the double stimulus method presents the reference

Fig. 3. A screenshot of the user interface of the subjective test system.

TABLE I
DESCRIPTION OF SUBJECTIVE SCORES USED IN SUBJECTIVE TEST

Subjective Scores Impairment Scales Description
1 Bad Severely annoying
2 Poor Annoying
3 Fair Slightly annoying
4 Good Perceptible, but not annoying
5 Excellent Imperceptible

and distorted videos to the subjects for seeking their subjective
evaluation on the quality of the distorted video comparing
to the reference video. Compared with the single stimulus
method, the double stimulus method is more complex and
time-consuming but is able to obtain more reliable subjective
scores [46], [50]. Therefore, the double stimulus impairment
scale (DSIS) method is used in this work.

Specifically, a subjective test system with the user interface
as shown in Fig. 3 is designed to fulfil the DSIS using
five-grade impairment scales as documented in Table I. The
subjective test system is run on the desktop PCs with the con-
figuration of a 23-inch LED monitor 8 GB RAM, and 64-bit
Windows operating system. The subjective test is conducted
indoors under a normal lighting condition. In each evaluation
session, 40 SCVs are evaluated one by one. For each SCV, the
reference SCV, a grey screen, and the distorted SCV will be
successively presented to the subject. Note that the SCV will
be played in full screen when the subject clicks the play button
(i.e., the triangle), as shown in Fig. 3. Afterwards, the subject
gives his/her subjective score for the distorted SCV under
evaluation according to Table I, where the higher subjective
scores mean the better perceptual quality. And each subjective
score will be automatically recorded with the labels of the
corresponding distorted SCV and subject.

It is worthwhile of mentioning that before starting the
above-mentioned subjective test, relevant rules and procedures
are firstly provided to each subject for clearly explaining how
to give the subjective scores for the distorted SCVs based
on his/her viewing experiences. Then, each subject proceeds
to the training evaluation session, for getting familiar with
the practical subjective test procedure. The SCVs used in the
training evaluation session are not part of the SCVD and
covers different contents, which span the same range of the
perceptual quality as those SCVs in our SCVD. Moreover,
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Fig. 4. The MOS distribution and revelent standard deviation (indicated
by error bar) of total 50 distorted SCVs generated from the reference SCV
“Map” as shown in Fig. 1 (h).

the subjects are also instructed not to take any break in
a complete evaluation process for a SCV to avoid a non-
continuous scoring. They are also told to take a break after 30
minutes of evaluation work to avoid fatigue. All these assist
the subjects to give the subjective scores as reliable as possible.

D. Subjective Score Processing

To generate the final mean opinion score (MOS), the stan-
dard subjective score processing methodology as suggested
in [40], [46] is performed on those raw subjective scores
obtained in the subject test. Let RSSijk be the raw subjective
scores evaluated by subject i to distorted SCV j in session k,
where i = {1, . . . , 230}, j = {1, . . . , 40}, and k = {1, ..., 20},
respectively. Firstly, to reduce the negative impact caused
by the subjects’ scoring habit, the raw subjective scores are
converted to the Z-scores per session through the following
normalization operation [51]:

µjk =
1

Nk

Nk∑
i=1

RSSijk,

σjk =

√√√√ 1

Nk − 1

Nk∑
i=1

(RSSijk − µjk)2,

Zijk =
RSSijk − µjk

σjk
, (1)

where Nk is the number of subjects who have evaluated the
session k, as each session k could have different numbers of
subjects. Generally speaking, unreliable raw subjective scores
(i.e., outliers) are unavoidable in the subjective test. To identify
the outliers, the standard outlier rejection procedure [40], [46]
is performed on the Z-scores computed by Equation (1) per
session to check whether this entire session is reliable, based
on the assumption that the majority of subjects should have
reached the similar interpretation on the perceptual quality
of each distorted SCV under evaluation. By performing the
above-mentioned Z-scores conversion and outlier rejection

procedures for each session k (k = 1, · · · , 20), 40 unreliable
evaluation sessions are discarded and 632 reliable evaluation
sessions are remained.

Assuming that the Z-scores of each remaining session
follows the Gaussian distribution, 99% of them will fall in
the range [−3,+3] [40]. A linear re-scaling operation is used
to map the Z-scores from [−3,+3] to [0, 100]. The re-scaled
Z-scores, Zijk, can be computed as:

Zijk =
100(Zijk + 3)

6
. (2)

Then, the MOS of each distorted SCV j in session k can
be computed by averaging the re-scaled Z scores received for
the corresponding SCV, that is,

MOSjk =
1

Rk

Rk∑
i=1

Zijk, (3)

where Rk is the number of remaining subjects who have
evaluated the session k after outlier rejection procedure. Con-
sequently, the standard deviation of the re-scaled Z-scores Zijk
of each distorted SCV j in session k can be calculated as:

σjk =

√√√√ 1

Rk − 1

Rk∑
i=1

(Zijk −MOSjk)2. (4)

Finally, the computed MOS values will be included in our
SCVD and served as the ground truth of the perceptual quality
of each distorted SCV.

To analyze the reliability of the computed MOS values, the
consistency of all the subjects’ judgements of each SCV is
firstly examined. Fig. 4 shows the distribution and relevant
standard deviation of the MOS values of all the distorted SCVs
generated from a reference SCV (i.e., “Map” in Fig. 1 (h))
as an example. In this figure, there are total 50 MOS values
of 50 distorted SCVs covering 10 types of distortions with
5 levels of quality degradations. It can be found that various
distorted SCVs generated from the same reference SCV have
different MOS values and similar standard deviation values.
And similar conclusion can be drawn for the distorted SCVs
resulted from other reference SCVs. This indicates that the
subjects are consistent with each other on the judgement of
the SCV perceptual quality.

Moreover, Fig. 5 shows the MOS values of the total 800
distorted SCVs in our SCVD. For better visualization, Fig. 5
(a) illustrates their scatter plot, where 800 symbols correspond
to 800 MOS values, and 10 types of symbols denote 10 types
of distortions (i.e., GN, GB, MB, CC, CSC, CQD, H.264,
HEVC, SCC, and PL). On the other hand, Fig. 5 (b) illustrates
the histogram of the entire MOS values. It can be found
that the MOS values of all the distorted SCVs are evenly
distributed across various levels of quality degradations, and
exist a good separation ranging from low to high values.
This indicates that the perceptual quality in our established
SCVD have spanned a wide range of visual quality from
severely annoying to imperceptible with a good separation,
which satisfies the rules of VQA database construction [40].
Therefore, it is believed the MOS values of our SCVD are
reliable.
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Fig. 5. The MOS distribution of the entire 800 distorted SCVs included in our established SCVD in terms of (a) Scatter plot; and (b) Histogram.
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Fig. 6. The framework of proposed spatiotemporal Gabor feature tensor-based model (SGFTM) for evaluating the perceptual quality of the SCVs.

IV. OBJECTIVE STUDY: PROPOSED Spatiotemporal Gabor
Feature Tensor-Based Model (SGFTM) FOR THE SCVS

A. Motivation and Overview

The properties of the HVS and the characteristics of the
SCVs are two important aspects for the design of an objec-
tive VQA model specifically for the SCVs, which aims to
measure the perceptual quality of the SCVs in accordance
with the HVS. Specifically, the HVS is highly sensitive to
the orientation, edge, pattern, contour from the spatial per-
spective [52] and tends to be interested in the moving objects
from the temporal perspective [53]. And the video quality
degradations are often-appeared in the spatial and temporal
domains simultaneously. In addition, the SCVs contain fruitful
edge information (e.g., text, graphics) and variable motion
activities (e.g., long-time stillness, abrupt scene change). For
that, the main objective of our proposed VQA model is to
extract the spatiotemporal visual features from the SCVs for
well characterizing the human perception on the SCVs. It has
been evidenced from the psychophysical and physiological
experiments that the receptive field profiles of simple cells in
the mammalian visual cortex can be well reflected by Gabor
response [54]. Meanwhile, the feature representation by 3D-
Gabor filter [55], [56] allows for the visual characterization in
the spatial and temporal domains simultaneously.

With these motivations, we propose a novel FR-VQA model

X

Y

T





ft

fx

fy

f

(a) (b)

Fig. 7. An illustration of (a) a screen content video volume (SCVV) of
SCV sequence “Magazine”, consisting of three consecutive frames; and (b)
3D-Gabor filter orientation represented by (θ, φ) in 3D frequency domain.

for objectively evaluating the perceptual quality of the SCVs
through the spatiotemporal visual feature representation us-
ing 3D-Gabor filter, called the spatiotemporal Gabor feature
tensor-based model (SGFTM). An overall framework of the
proposed SGFTM is shown in Fig. 6, which mainly consists
three stages: (1) spatiotemporal feature tensor extraction, (2)
spatiotemporal feature tensor similarity measurement, and (3)
spatiotemporal feature tensor pooling. They will be descried
in the following subsections, respectively.

B. Spatiotemporal Feature Tensor Extraction
Human eyes perceive a video as a set of successive im-

ages evolving over time. That is, human eyes simultaneously
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observe both extent and texture (i.e., spatial frequency) in the
spatial domain. Likewise, human eyes simultaneously perceive
duration and motion (i.e., temporal frequency) in the temporal
domain. These visual functions on videos can be stimulated by
the 3D-Gabor representation, which could accurately reflect
the selectivity for moving edges exhibited by complex and
hypercomplex cells in visual cortex [54]. Moreover, abun-
dant edge information (e.g. text, graph) and variable motion
activities are inherited in the SCVs, and Gabor filter has
been demonstrated its success in edge detection, and motion
analysis [57], [58]. Therefore, the proposed SGFTM exploits
3D-Gabor filter [55], [56] to filter the SCVs for arriving at
their spatiotemporal visual representations in accordance with
HVS. Specifically, as shown in Fig. 7 (a), three consecutive
frames of the input reference and distorted SCV sequences
individually form a set of reference and distorted screen
content video volumes (SCVVs). Then, 3D-Gabor filter is
respectively exploited to convolve with these reference and
distorted SCVVs for extracting their spatiotemporal feature
tensors. The detailed steps can be described as below.

First, a 3D-Gabor filter [55], [56] can be depicted as
a sinusoidal function modulated by a 3D Gaussian kernel
function, and its formulation in the spatiotemporal domain
is defined as

G(x, y, t) =
1

(2π)
3
2σ3

exp

(
−x

2 + y2 + t2

2σ2

)
exp(j2πu),

(5)
u = fxx+ fyy + ftt, (6)

where (x, y, t) denotes the spatiotemporal (i.e., horizontal,
vertical and temporal) coordinate of pixel in SCVVs, σ denotes
the standard deviation of the 3D Gaussian kernel function,
j represents the complex computation, (fx, fy, ft) means
the frequency of the sinusoidal function (namely, the center
frequency of the 3D-Gabor filter in the 3D frequency domain),
and its amplitude F =

√
(f2x + f2y + f2t ) is called as radial

center frequency. In this paper, the σ and F are empirically
determined as 20 and 0.1, respectively. Three components of
the center frequency (i.e., fx, fy , ft) can be further represented
as

fx = Fsinθcosφ, fy = Fsinθsinφ, ft = Fcosθ, (7)

where (θ, φ) defines the orientation of 3D-Gabor filter (See
Fig. 7 (b)).

With exp(j2πu) = cos (2πu) + j sin (2πu), the complex
3D-Gabor filter in Equation (5) can be further expressed as
two 3D-Gabor filters [59], [57]: the real part (i.e., cosine
term) with even symmetric (denoted as Ge(x, y, t)), and the
imaginary part (i.e., sine term) with odd symmetric (denoted
as Go(x, y, t)). They can be formulated as

Ge(x, y, t) =
1

(2π)
3
2σ3

exp

(
−x

2 + y2 + t2

2σ2

)
cos (2πu),

Go(x, y, t) =
1

(2π)
3
2σ3

exp

(
−x

2 + y2 + t2

2σ2

)
sin (2πu).

(8)

Further note that a typical SCV contains quite a lot of edge
information in the spatiotemporal domain and HVS is highly
sensitive to edge information. Meanwhile, the imaginary part
of Gabor filter is an effective means for edge detection [57],
[60]. Therefore, the imaginary part of 3D-Gabor filter (i.e.,
Go(x, y, t)) is employed to extract the spatiotemporal visual
features of the SCVs for measuring its perceptual quality.
Obviously, various orientations (θ, φ) in Equation (7) can be
selected to generate a set of Go(x, y, t) filters with different
orientations, and each filter with specifical orientation is able
to capture the spatiotemporal quality of the SCV content along
that direction. On one hand, the computational complexity will
be increased with the number of involved orientations of 3D-
Gabor filter. On the other hand, the visual orientations are
more sensitive to the horizontal and vertical directions from
the spatial perspective [61]. And to facilitate the description of
moving edges from the temporal perspective, it is naturally to
utilize the direction along the temporal axis [62]. Considering
the tradeoff between the spatiotemporal representation effec-
tiveness, and the computational complexity, only the horizontal
(i.e., x-axis), vertical (i.e., y-axis), and temporal (i.e., t-axis)
orientations are selected in this work. That is, the x-, y-,
and t-oriented odd 3D-Gabor filter can be obtained by setting
(θ, φ) as (π/2, 0), (π/2, π/2), (0, π/2), respectively. They are
individually denoted as Gxo(x, y, t), G

y
o(x, y, t) and Gto(x, y, t)

with the formulations as

Gxo(x, y, t) =
1

(2π)
3
2σ3

exp

(
−x

2 + y2 + t2

2σ2

)
sin (2πfxx),

Gyo(x, y, t) =
1

(2π)
3
2σ3

exp

(
−x

2 + y2 + t2

2σ2

)
sin (2πfyy),

Gto(x, y, t) =
1

(2π)
3
2σ3

exp

(
−x

2 + y2 + t2

2σ2

)
sin (2πftt).

(9)

Then, to extract the spatiotemporal Gabor feature ten-
sor of each SCVV, the aforementioned 3D-Gabor filters
as established in Equation (9), Gxo(x, y, t), G

y
o(x, y, t), and

Gto(x, y, t), are convolved with the luminance component of
each SCVV. Consequently, the resulted spatiotemporal feature
tensor (SFT) of each SCVV, consisting of SFT x(x, y, t),
SFT y(x, y, t) and SFT t(x, y, t) in the horizontal, vertical,
and temporal orientations, can be calculated as

SFT x(x, y, t) = I(x, y, t)⊗Gxo(x, y, t),
SFT y(x, y, t) = I(x, y, t)⊗Gyo(x, y, t),
SFT t(x, y, t) = I(x, y, t)⊗Gto(x, y, t), (10)

where “⊗” denotes the convolution operator, and I(x, y, t)
denotes the luminance component of the input SCVV.

To demonstrate, Fig. 8 shows the extracted spatiotem-
poral Gabor feature tensors {SFT x(x, y, t), SFT y(x, y, t),
SFT t(x, y, t)} of a chosen SCV sequence “Webpage” and its
different distorted versions. It can be observed that various
spatial and temporal distortions incurred in the SCV can be
reflected by the developed spatiotemporal feature capturer
through 3D-Gabor filters with horizontal, vertical, and tem-
poral orientations.
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Fig. 8. An illustration of the spatiotemporal Gabor feature tensors of a SCV and its distorted versions (2nd frame of SCV sequence “Webpage” as an
example) in x, y, and t orientations, respectively. [Row 1]: (a) the reference SCV, and the corresponding distorted SCV frame caused by (b) Gaussion noise
(GN); (c) color quantization with dithering (CQD); (d) screen content coding (SCC). [Row 2]: their corresponding spatiotemporal Gabor feature tensors in x
(i.e., horizontal) orientation; [Row 3]: their corresponding spatiotemporal Gabor feature tensors in y (i.e., vertical) orientation; [Row 4]: their corresponding
spatiotemporal Gabor feature tensors in t (i.e., temporal) orientation.

C. Spatiotemporal Feature Tensor Similarity Measurement

Since the responses of the neurons in the area 18 of the
visual cortex are shown to be almost separable in the spatial
and temporal fields [63], this motivated us to conduct the
spatiotemporal feature tensor similarity measurement from
the spatial and temporal domains separately. Considering
that both spatiotemporal feature tensor in horizontal (i.e.,
SFT x(x, y, t)) and vertical (i.e., SFT y(x, y, t)) directions
describe the visual quality variations incurred in the spatial do-
main, the spatial feature tensor (denoted as SFTS(x, y, t)) of
each SCVV is defined by summarizing them together. More-
over, the spatiotemporal feature tensor in temporal direction
(i.e., SFT t(x, y, t)) that describe the visual quality variations
appeared in the temporal domain is naturally considered as the
temporal feature tensor (denoted as SFTT (x, y, t)). That is,

SFTS(x, y, t) = SFT x(x, y, t) + SFT y(x, y, t),

SFTT (x, y, t) = SFT t(x, y, t). (11)

Let the similarity tensors, SST (x, y, t) and TST (x, y, t),
be the spatial and temporal similarity measurement between
reference (i.e., r) and distorted (i.e., d) SCVVs, respectively.
By following the same practices of similarity measurement

commonly-used in field of IQA/VQA [13], [16], [64], [65],
the SST (x, y, t) and TST (x, y, t) can be computed as

SST (x, y, t) =
2SFTSr (x, y, t) · SFTSd (x, y, t) + C1

SFTSr
2
(x, y, t) + SFTSd

2
(x, y, t) + C1

,

TST (x, y, t) =
2SFTTr (x, y, t) · SFTTd (x, y, t) + C2

SFTTr
2
(x, y, t) + SFTTd

2
(x, y, t) + C2

,

(12)

where SFTSr (x, y, t) and SFTSd (x, y, t) are respectively the
spatial feature tensors of the reference r and distorted d
SCVVs, SFTTr (x, y, t) and SFTTd (x, y, t) are respectively
the temporal feature tensors of the reference r and distorted d
SCVVs, and C1 and C2 are the positive constants used to avoid
the numerical instability, which are empirically determined as
800 through extensive experiments in this work.

After performing the spatiotemporal feature tensor similar-
ity measurement, the proposed SGFTM combines the spatial
similarity tensor SST (x, y, t) and the temporal similarity
tensor TST (x, y, t) to obtain the spatiotemporal quality tensor
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SQT (x, y, t) as

SQT (x, y, t) = [SST (x, y, t)]α · [TST (x, y, t)]β , (13)

where α and β are two positive constants used to adjust
the relative importance of SST (x, y, t) and TST (x, y, t).
By simply treating the similarity measurements in spatial
and temporal domains equally important in the SCV quality
assessment, α = β = 0.5 are set according to the geometric
mean formula.

D. Spatiotemporal Feature Tensor Pooling

After obtaining the spatiotemporal quality tensor
SQT (x, y, t) of each SCVV in the SCV sequence, the
question boils down to the computation of the quality score
for each SCVV individually and later the SCV sequence
under evaluation. Since all the pixels in the SCV are not
equally perceived by the HVS, it is logical to develop a
proper weighting strategy with the considerations of HVS
attentions on each pixel. As aforementioned, 3D-Gabor filters
have shown to well reflect the visual selectivity in visual
cortex [54]. This indicates that the HVS will pay more
attentions to those pixels with higher 3D-Gabor response.
Therefore, a spatiotemporal feature tensor pooling strategy is
developed as follows.

First, to compute the quality score of each SCVV, the
spatial feature tensors SFTS(x, y, t) in Equation (11) from
the reference and distorted SCVVs are considered, and their
larger values of each pixel location will be exploited as the
corresponding weighting factor. Thus, a weighting tensor for
each SCVV, WT (x, y, t), can be generated as

WT (x, y, t) = max{|SFTSr (x, y, t)|, |SFTSd (x, y, t)|},
(14)

where | · | denotes the absolute-value operation. Hence, the
quality score for each SCVV, SCVV-QS, can be computed as
the weighting average over the spatiotemporal quality tensor
SQT (x, y, t) as

SCVV-QS =

∑
(x,y,t)

WT (x, y, t) · SQT (x, y, t)∑
(x,y,t)

WT (x, y, t)
, (15)

where the weighted average is carried out in all pixel locations
(x, y, t) of each SCVV.

Second, different SCVVs usually contribute differently to
the overall quality perception of a SCV sequence due to the
fact that the video quality is usually time-varying. Considering
that the temporal feature tensor SFTT (x, y, t) in Equation
(11) for each SCVV is able to indicate the temporal perceptual
importance of each pixel location (x, y, t), a simple average
of the obtained temporal feature tensor can be treated as
the temporal perceptual importance of each SCVV. Similarly,
the maximum temporal perceptual importance values of the
reference and distorted SCVVs are utilized as the weighting
factors of the corresponding SCVVs; that is,

WSCV V =

max{mean(|SFTTr (x, y, t)|),mean(|SFTTd (x, y, t)|)},
(16)

where | · | denotes the absolute-value operation, and mean()
denotes the average operation over all pixel locations (x, y, t)
of each SCVV.

Therefore, the final quality score of the distorted SCV by the
proposed SGFTM can be computed as the weighting average
over the quality scores of all the SCVVs; that is,

SGFTM =

N∑
i=1

WSCV V (i) · SCVV-QS(i)

N∑
i=1

WSCV V (i)

, (17)

where WSCV V (i) and SCVV-QS(i) individually represent the
weighting factor and quality score of i-th SCVV, and N is the
number of the SCVVs in the SCV sequence under evaluation.

V. EXPERIMENTAL RESULTS AND ANALYSES

A. Experimental Setup

In this section, we evaluate the performance of the proposed
SGFTM and multiple objective quality assessment models on
SCVD. These 16 objective IQA/VQA models include seven
classical PSNR, SSIM [13], MSSIM [14], VIF [15], GMSD
[16], MOVIE [18], STMAD [20], and nine state-of-the-art
PSIM [17], SQMS [36], ESIM [25], SVQI [38], MDOGS
[26], SpEED [23], ViS3 [21], VMAF [22], and FAST [45].
Among them, PSNR, SSIM, MSSIM, VIF, GMSD and PSIM
are the IQA models for natural images, SQMS, ESIM, SVQI,
and MDOGS are the IQA models specifically for the screen
content images, while the remaining six are the classical and
state-of-the-art VQA models for natural videos. To ensure a
fair comparison, the algorithm codes of various IQA/VQA
models under evaluation are provided/downloaded from their
authors/websites and performed under the same experimental
environment. For those IQA models, they are performed on
the SCVs frame by frame and the quality scores of all
the frames are averaged as the final score for the distorted
SCVs. Moreover, to reduce computational complexity of per-
formance evaluation on MOVIE model, the SCVs of resolution
1920×1080 in SCVD are downsampled to 960×540 through
ffmpeg with its default setting as suggested in [45].

The SCVD used for the performance evaluations of various
IQA/VQA models can be summarized as follows. It consists of
16 reference SCVs and 800 distorted SCVs that are generated
from the reference SCVs using 10 different distortion types
and 5 degradation levels for each distortion type. All the
reference and distorted SCVs are of resolution 1920×1080,
and 300 frames with frame rate 30 frames/second (i.e., video
duration of 10 seconds). The above-mentioned 10 types of
distortions considered in SCVD are Gaussian noise (GN),
Gaussian blur (GB), motion blur (MB), contrast change
(CC), color saturation change (CSC), color quantization with
dithering (CQD), H.264, high efficiency video coding (HEVC),
screen content coding (SCC), and packet loss (PL). More
details of this SCVD can be referred to Section III.

The performances of various IQA/VQA models are evalu-
ated based on the recommendation in [66]. Specifically, three
commonly-used performance evaluation criteria are utilized,
namely, the pearson linear correlation coefficient (PLCC),
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TABLE II
PERFORMANCE COMPARISONS OF DIFFERENT IQA/VQA MODELS ON THE SCVD.

Criteria Distortions PSNR
SSIM MSSIM VIF GMSD PSIM SQMS ESIM SVQI MDOGS MOVIE SpEED ViS3 STMAD VMAF FAST

SGFTM
[13] [14] [15] [16] [17] [36] [25] [38] [26] [18] [23] [21] [20] [22] [45]

GN 0.9647 0.9438 0.9661 0.9611 0.9465 0.9510 0.9594 0.9646 0.9627 0.9275 0.7134 0.9107 0.9102 0.8836 0.9364 0.9197 0.9524
GB 0.7336 0.1294 0.8089 0.8121 0.7354 0.7380 0.8330 0.8841 0.8229 0.8542 0.7991 0.5958 0.5839 0.8412 0.8934 0.7354 0.9085
MB 0.6193 0.7364 0.7310 0.7830 0.7478 0.7313 0.8418 0.8963 0.8185 0.7919 0.6415 0.0574 0.7526 0.8281 0.8851 0.7037 0.9108
CC 0.6313 0.5348 0.6881 0.6881 0.6636 0.6768 0.7384 0.7853 0.6972 0.8107 0.7199 0.3730 0.7664 0.3917 0.5715 0.7221 0.8334

CSC 0.7653 0.7713 0.8886 0.7893 0.8596 0.8621 0.8224 0.0645 0.7627 0.6950 0.2390 0.1142 0.0785 0.1378 0.0094 0.0643 0.0475
PLCC CQD 0.7866 0.8582 0.8307 0.7545 0.7602 0.7973 0.8265 0.8646 0.8270 0.7445 0.6626 0.7370 0.8427 0.7173 0.7766 0.8306 0.8085

H.264 0.7787 0.7515 0.8521 0.8799 0.8472 0.7657 0.8088 0.9068 0.7754 0.8707 0.6155 0.9307 0.8539 0.8050 0.9143 0.9115 0.9107
HEVC 0.8427 0.8010 0.8927 0.9312 0.9068 0.8863 0.9025 0.9536 0.8772 0.9051 0.7024 0.9618 0.8879 0.8786 0.9445 0.9446 0.9488
SCC 0.8363 0.8197 0.9014 0.9289 0.8926 0.8980 0.9090 0.9335 0.8707 0.8931 0.6927 0.9459 0.9405 0.8443 0.9503 0.9376 0.9355
PL 0.7055 0.7969 0.7922 0.6261 0.7507 0.7897 0.7194 0.7479 0.6753 0.7249 0.5812 0.8581 0.7893 0.8500 0.7913 0.8709 0.8372

Overall 0.6226 0.7007 0.7305 0.7263 0.7108 0.7482 0.7487 0.7833 0.7191 0.7325 0.5971 0.5972 0.7831 0.7318 0.6787 0.6918 0.8279

GN 0.9480 0.9380 0.9485 0.9468 0.9337 0.9328 0.9429 0.9519 0.9451 0.9048 0.8341 0.9254 0.9302 0.8810 0.9104 0.9367 0.9362
GB 0.7711 0.8068 0.8341 0.8395 0.7754 0.7697 0.8640 0.9000 0.8463 0.8837 0.7462 0.5375 0.8591 0.8625 0.8970 0.7808 0.9186
MB 0.6190 0.7323 0.7344 0.7909 0.7493 0.7449 0.8508 0.8977 0.8308 0.8530 0.7031 0.5278 0.8128 0.8349 0.8951 0.7347 0.9170
CC 0.6504 0.5077 0.6535 0.5826 0.5146 0.5494 0.6933 0.6852 0.6173 0.7197 0.5740 0.2217 0.7339 0.3427 0.4319 0.5905 0.7791

CSC 0.7719 0.8828 0.8835 0.7745 0.8485 0.8732 0.8078 0.0927 0.6764 0.7828 0.1768 0.1680 0.2457 0.1383 0.0267 0.1392 0.1816
SROCC CQD 0.7952 0.8636 0.8285 0.7563 0.8084 0.7962 0.8350 0.8646 0.8254 0.7233 0.7194 0.7517 0.8652 0.7246 0.8227 0.8508 0.8080

H.264 0.7801 0.8751 0.8427 0.8724 0.8372 0.7640 0.8037 0.9313 0.7692 0.8685 0.4278 0.9320 0.8956 0.8080 0.9313 0.9190 0.9024
HEVC 0.8449 0.9075 0.8917 0.9226 0.8941 0.8886 0.8974 0.9372 0.8402 0.9130 0.5089 0.9564 0.9272 0.8550 0.9499 0.9436 0.9445
SCC 0.8370 0.9186 0.9090 0.9260 0.8900 0.8982 0.9076 0.9381 0.8367 0.8954 0.5250 0.9470 0.9278 0.8466 0.9424 0.9448 0.9332
PL 0.7552 0.8251 0.8215 0.6722 0.8234 0.8162 0.7522 0.7738 0.6875 0.7635 0.4863 0.8743 0.8834 0.7996 0.7992 0.8696 0.8306

Overall 0.6134 0.6976 0.7324 0.7314 0.7800 0.7621 0.7566 0.7794 0.7262 0.7404 0.5368 0.5632 0.7694 0.7267 0.6682 0.7197 0.8127

GN 3.1647 3.9728 3.1051 3.3197 3.8784 3.6225 3.3924 3.1722 3.2535 4.4940 8.4244 4.9721 4.9798 5.6297 4.2197 4.7178 3.6654
GB 7.7319 11.2813 6.6899 6.6382 7.7096 6.3785 6.2954 5.3169 6.4637 5.9155 6.8403 9.1369 9.2364 6.1513 5.1114 7.7096 4.7549
MB 10.2852 8.8620 8.9381 8.1472 8.9313 8.8710 7.2615 5.8086 7.7280 7.9993 10.3199 13.0778 8.6258 7.3431 6.0971 7.8011 5.4082
CC 9.1786 10.0002 8.5877 8.5879 8.1350 7.7925 7.3328 7.3275 7.7957 6.9284 7.5476 10.9812 7.6207 10.8894 9.7114 7.5223 6.5413

CSC 5.9531 5.8864 4.2414 5.6778 4.5544 4.5885 5.2607 9.2284 5.9815 6.6491 8.9797 9.1872 9.2192 9.1595 9.2473 9.2286 9.2373
RMSE CQD 6.3021 5.2394 5.6819 6.6983 6.6304 5.6737 5.7448 5.0710 5.7381 6.8130 7.6439 6.9270 5.4937 7.1110 6.4300 5.6833 6.0068

H.264 8.1612 8.5825 6.8090 6.1821 6.9108 8.3843 7.6493 5.4841 8.2148 6.3988 10.2527 4.7638 6.7709 7.7176 5.2703 5.3498 5.3743
HEVC 7.7262 8.5910 6.4667 5.2297 6.0502 6.7752 6.1812 4.3187 6.8901 6.1008 10.2148 3.9291 6.6014 6.8533 4.7178 4.7086 4.5329
SCC 7.8372 8.1879 6.1892 5.2935 6.4453 6.0901 5.9582 5.0519 7.0299 6.4318 10.3094 4.6431 4.8562 7.6602 4.4492 4.9700 5.0505
PL 9.9302 8.4659 7.9042 10.9248 9.2558 5.9765 9.7321 9.3001 10.3330 9.6522 11.4030 7.2094 8.6021 7.3811 8.5668 5.7429 5.8144

Overall 10.6630 9.7210 9.3054 9.3659 9.5845 8.8376 9.0328 8.4709 9.4683 9.2763 10.9307 10.9348 8.4705 9.2864 10.0076 9.8395 7.6423

the spearman rank order correlations coefficient (SROCC),
and the root mean square prediction error (RMSE). PLCC
estimates the quality prediction accuracy, SROCC examines
the quality prediction monotonicity, and RMSE measures the
prediction consistency. Higher values of PLCC and SROCC
while lower value of RMSE indicates the better performance.
Before computing these performance evaluation criteria, a
nonlinear regression process is performed to map the quality
scores resulted from each IQA/VQA model to the subjective
scores according to the video quality experts group (VQEG)
HDTV test [66]:

Q̃ = β1

[
1

2
− 1

1 + exp [β2(Q− β3)]

]
+ β4Q+ β5, (18)

where Q is the quality score computed by a IQA/VQA model,
Q̃ is the corresponding mapped score, and β1, β2, β3, β4, β5
are the parameters to be determined by minimizing the sum
of squared errors between the mapped objective score Q̃ and
the subjective score MOS [66].

B. Performance Comparison and Analysis

1) Overall Performance Comparison: Table II shows the
overall performance on all the distortion types of the proposed
SGFTM and the aforementioned 16 classical and state-of-
the-art IQA/VQA models on the SCVD. For a more explicit
description, the first-, second-, and third-best results of each
evaluation criterion (i.e., PLCC, SROCC, RMSE) are individ-
ually boldfaced in red, blue, and black.

It can be observed from the experimental results that the
proposed SGFTM achieves the highest PLCC and SROCC
values while the lowest RMSE value among all the IQA/VQA
models under comparison. It means that the proposed SGFTM
is able to yield the better overall performance, compared with
other classical and state-of-the-art IQA/VQA models. This is
credited to the fact that the proposed SGFTM specifically
considers the perceptual characteristics of the SCVs. Also,
some interesting observations can be found: (1) although
those VQA models for natural videos (i.e., MOVIE, SpEED
ViS3, STMAD, VMAF, FAST) have considered both spatial
and temporal perceptual characteristics, not all of them are
better than those IQA models for natural images that only
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consider the spatial perceptual characteristics (i.e., PSNR,
SSIM, MSSIM, VIF, GMSD, PSIM). For example, as far as
SROCC is concerned, MOVIE and SpEED are significantly
inferior to the PSNR, which yields the worst performance
among IQA models for natural images. This is because these
VQA models for natural videos fail to describe the temporal
visual perception on the SCVs, which have quite different
ranges of motion characteristics from the natural videos; (2)
most IQA models specifically designed for screen content
images (e.g., SQMS, ESIM, MDOGS) can achieve better
results than most quality assessment models developed for
natural images (i.e., PSNR, SSIM, MSSIM, VIF) and natural
videos (e.g., MOVIE, SpEED, STMAD, VMAF, FAST). This
is because these IQA models for screen content image take the
special characteristics of screen content into account, which
are different from that of natural scene.

2) Performance Comparison on Individual Distortion Type:
Table II also shows the performances on individual distortion
type of the proposed SGFTM and the aforementioned 16
classical and state-of-the-art IQA/VQA models on the SCVD.
For each distortion type, the first- second- and third-best results
of each evaluation criterion (i.e., PLCC, SROCC, RMSE) are
highlighted in boldface with red, blue, and black, respectively.
One can see that the proposed SGFTM has good ability to
accurately reflect the quality degradations caused by most
of the specific distortion types. Specifically, the proposed
SGFTM is able to better cope with Gaussian blur (GB),
and motion blur (MB). This is because that the distortions
made by blurring will inevitably affect the structures (e.g.,
text) in the SCVs, which would be effectively captured by the
spatiotemporal Gabor feature tensors exploited in the proposed
SGFTM. Moreover, it is interesting to note that the proposed
SGFTM yields a relatively poor performance on color sat-
uration change (CSC). This is because the distortion made
by CSC mainly causes significant influences on chrominance
component, while the proposed SGFTM only considers the
luminance component. In future, we will continue to inves-
tigate how to consider the chrominance component based on
the proposed SGFTM for better describing the SCV perceptual
quality. Moreover, future work will also include devising a
statistical model by following the big data-based strategies that
were well designed for quality perception recently [67], [68]
to predict the SCV quality without reference SCV based on
the proposed SGFTM.

3) Scatter Plots: To provide a visual comparison, Fig. 9
shows the scatter plots of the objective quality scores resulted
from various models against the subjective scores (i.e., MOS)
on the SCVD. In each sub-plot of Fig. 9, the blue line
is obtained by using a curve fitting procedure according to
Equation (18), and 10 types of distortions (i.e., GN, GB, MB,
CC, CSC, CQD, H.264, HEVC, SCC, and PL) are individually
displayed with 10 types of symbols. The closer the symbols
to the blue line, more accurate the objective scores against the
subjective scores. One can see that the symbols of the proposed
SGFTM across different distortion types are more compact
around the blue line, compared with other IQA/VQA models.
This indicates that the proposed SGFTM outperforms other
IQA/VQA models on the quality assessment of the SCVs. This

TABLE III
PERFORMANCE OF SPATIAL AND TEMPORAL FEATURE TENSORS IN THE

PROPOSED SGFTM ON THE SCVD.

Criteria SS ST SGFTM

PLCC 0.7187 0.6537 0.8279
SROCC 0.7699 0.6415 0.8127
RMSE 9.4740 10.3118 7.6423

is in line with the observation from Table II.
4) Performance Comparison on Spatial and Temporal Fea-

ture Tensors: We further analyze the contributions from the
spatial and temporal feature tensors in the proposed SGFTM.
For that, the performances on the evaluation of SCV perceptual
quality resulted from only using spatial feature tensor (denoted
as SS) and only using temporal feature tensor (denoted as ST )
are investigated on the SCVD by assigning different values to
α and β in Equation (13), respectively. Specifically, for only
using spatial feature tensor (i.e., SS), α = 1 and β = 0; for
only using temporal feature tensor (i.e., ST ), α = 0 and β = 1.
The corresponding results are documented in Table III. It can
be found that only using spatial or temporal feature tensor
has relatively good performance, and the proposed SGFTM
that explores the spatiotemporal feature tensor yields the
best performance. This reveals that both spatial and temporal
feature tensors are able to effectively describe the human
perception on SCVs from different perspectives, and they play
a complementary role to each other for jointly reflecting the
spatiotemporal perceptual properties of SCVs so as to achieve
accurate quality assessment for the SCVs.

VI. CONCLUSIONS

In this paper, we carry out the first in-depth study of
subjective and objective quality assessment for the SCVs.
For that, the first large-scale video database, namely, screen
content video database (SCVD), is established to investi-
gate the subjective quality assessment for the SCVs. This
SCVD is expected to serve as the benchmark to evaluate
the performance of various IQA/VQA models on the quality
evaluation of SCVs and facilitate the SCV-related research.
Then, the first SCV quality assessment model, called spa-
tiotemporal Gabor feature tensor-based model (SGFTM), is
presented. The novelty of the SGFTM is the usage of the
spatiotemporal Gabor feature tensors for evaluating the SCV
quality. Specifically, for the reference and distorted SCVs, 3D-
Gabor filter is utilized to individually extract spatiotemporal
Gabor feature tensors, and their similarities are measured and
combined to obtain spatiotemporal quality tensor and then
pooled together to obtain the final quality score. Extensive
experiments have shown that the proposed SGFTM yields
superior performance, compared with multiple classical and
state-of-the-art IQA/VQA models.
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Fig. 9. Scatter plots of subjective scores (i.e., MOS) versus the objective scores resulted from various IQA/VQA models on SCVD: (a) PSNR; (b) SSIM; (c)
MSSIM; (d) VIF; (e) SQMS; (f) ESIM; (g) SVQI; (h) MDOGS; (i) MOVIE; (j) SpEED; (k) ViS3; (l) STMAD; (m) VMAF; (n) FAST, and (o) the proposed
SGFTM, respectively.
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