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Assessing and optimizing the perceptual quality of media plays an important
role in enhancing the subjective experiences of hundreds of millions of televi-
sion, streaming, and social media viewers. Quality assessment methods may
be broadly categorized into “subjective” and “objective” methods. Subjective
quality assessment consists of conducting studies where participants manually
rate the quality of media. On the other hand, objective quality models consist
of algorithms designed to accurately predict subjective quality. In this chap-
ter, we will discuss the challenges in assessing the quality of popular visual
media, including streaming video, virtual reality, high-dynamic-range, high-
framerate, and user-generated video. In particular, we will discuss subjective
databases and state-of-the-art (SOTA) quality models that have been devel-
oped to address the problem of quality assessment. Finally, we will discuss
future trends and open problems that are interesting to tackle.

1.1 Standard Streaming Videos

Video-On-Demand (VOD) and streaming videos comprise the most ubiquitous
video modality consumed by users on the Internet. VOD includes a broad
range of platforms such as Netflix, Amazon Prime Video, Hulu, Disney+,
HBO Max, etc. In this chapter, we will use VOD to refer to professionally
generated content, which is typically produced with high-quality equipment
that deliver pristine source contents. User-generated content will be discussed
separately in Section 1.2 and is considered a separate video modality in this
chapter, even when it is “streamed” on the Internet.

In order to stream videos under the bandwidth constraints of the Internet,
lossy compression is used to significantly reduce file sizes. However, since com-
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pression is lossy, compressed videos are “distorted” versions of their respective
source contents. Common distortions associated with video compression are
blocking artifacts, temporal incoherency, and color bleeding.

In this section, we will first review video compression and popular SOTA
codecs. Then, we will discuss rate-distortion optimization (RDO), which refers
to the common paradigm used to “optimally” encode videos. Then, we will
provide an overview of commonly used subjective quality databases that study
the impact of compression on subjective quality. Finally, we will discuss SOTA
quality assessment algorithms for compressed videos and outline interesting
future work.

1.1.1 Overview of Video Compression

The widespread use of streaming and social media platforms has led to an
explosion in the amount of video content that is being generated and consumed
on the Internet. In order to reliably store and deliver such large volumes of
bandwidth-hungry video content, lossy compression is a necessity. In general,
the term “lossy compression” refers to “encoding” videos in order to reduce
their file sizes and/or bandwidth requirements, without guaranteeing perfect
reconstruction at the decoder.

Modern video compression algorithms may be broadly summarized as com-
prising the following sequence of operations, whose order may vary.

1. Converting pixel values to an entropy-reducing or sparsifying trans-
form domain, such as the Discrete Cosine Transform [1] or the In-
teger Transform [2].

2. Coding “intra” frames by computing residuals between neighboring
blocks from the same frame.

3. Coding “inter” frames using block motion estimation and compen-
sation to compute motion-compensated residuals.

4. Quantization of transformed residuals, which is the source of “loss”
that may be tuned based on user preference.

5. Entropy coding of transformed residuals, motion vectors, and other
data using algorithms such as Context Adaptive Variable Length
Coding (CAVLC) [3] and Context Adaptive Binary Arithmetic Cod-
ing (CABAC) [4] to yield the compressed bitstream.

As described above, the amount of quantization determines the amount
of “loss” in the bitstream, thereby affecting the file size/compression ra-
tio/bitrate. The amount of compression (and so, quantization) is typically
tuned by selecting values of the “quantization parameter” (QP), “constant
rate factor” (CRF), or the “bitrate.”

Popular video compression algorithms include H.264/Advanced Video
Coding (AVC) [3], H.265/High Efficiency Video Coding (HEVC) [5], and the
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Combining scaling and encoding for optimal compression

recent H.266/Versatile Video Coding (VVC) [6], which have all been devel-
oped by the Moving Picture Experts Group (MPEG). In addition to such
proprietary algorithms, the popularity of open-source compression algorithms
has grown in recent years with the development of algorithms such as VP9 [7]
by Google and AOMedia Video 1 (AV1) [8] by the Alliance for Open Media
(AOM).

1.1.2 Scaling and Rate-distortion Optimization

As mentioned in Section 1.1.1, compression algorithms are equipped with a
user-selected parameter (such as CRF, QP, or directly setting the bitrate) to
control the trade-off between the bitrate of the encoded video and the amount
of “loss,” which can be characterized by distortion functions. Traditionally,
metrics such as Mean Square Error (MSE) or Peak signal to noise ratio
(PNSR) have been used to measure compression-induced distortion. However,
with the development of perceptual video quality algorithms, models such
as Structural Similarity (SSIM) [9, 10] and Visual Multimethod Assessment
Fusion (VMAF) [11] have become widely adopted in the video industry.

In practice, videos are typically encoded at a lower encoding resolution
compared to their native resolution in order to exploit spatial redundancy
and to achieve higher compression ratios. This is particularly useful for source
videos that do not contain a great amount of detail. For example, a 1080p
source content may be scaled down to 480p prior to encoding by downscaling
and compression. At the user’s end, the encoded bitstream is decoded and
upscaled to 1080p for display. This process is illustrated in Figure 1.1.

While the relationship between bitrate and distortion is generally mono-
tonic for a given content, the perceptual effects of compression significantly
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Database Source Videos | Test Videos
BVI-CC [16] 9 198
LIVE-SJTU A/VQA [17] 14 336
VQEG-HDTV [18] 45 828
LIVE Streaming [19] 45 245

TABLE 1.1
Summary of Subjective Video Databases

vary with and depend on content, and the combined effects of scaling and fur-
ther complicates analysis and modeling of distortion. RDO algorithms such as
the Dynamic Optimizer [12] tackle this problem by performing a convex-hull
analysis to identify a set of “Pareto-optimal” encoding “recipes” (such as a
combination of encoding scale and bitrate) from the given set. The Pareto-
optimal set essentially consists of a set of encoding recipes that may be ordered
in terms of their rates and distortions, thereby restoring monotonicity. Dur-
ing deployment, the best encoding recipe is chosen based on a rate/distortion
constraint.

While the traditional approach to scaling involves the use of classical
interpolation algorithms such as Bicubic/Lanczos interpolation, modern ap-
proaches use Deep Neural Networks (DNNs) to learn scaling algorithms from
data by optimizing the rate-distortion tradeoff. Deep Video Precoding [13]
and Deep Perceptual Optimization (DPO) [14] are two recent advancements
in this nascent area of research. In addition to the aforementioned algorithms,
“progressive” neural network architectures have been used to support frac-
tional scale factors [15].

1.1.3 Swubjective Quality Databases

The effect of video compression on perceptual quality has been an area of ex-
tensive research over the last decade. As a result, several subjective databases
of compressed HD videos exist in the literature. In this section, we will de-
scribe some exemplary subjective databases that have aided the development
of powerful quality assessment algorithms. A summary of the databases de-
scribed below is provided in Table 1.1.

1. Bristol Vision Institute Codec Comparison Database
(BVI-CC): The BVI-CC [16] database compares the performance
of three popular video codecs, namely HEVC, VVC, and AV1,
when compressing High-Definition (HD) and Ultra-High-Definition
(UHD) content. The database consists of nine source sequences sub-
jected to both scaling and compression distortions, leading to a total
of 198 distorted test videos.

The study found that according to human viewers, AV1 and HEVC
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performed similarly on average, while VVC generally outperformed
both AV1 and HEVC. In addition, the study investigated the ef-
fect of the Dynamic Optimizer, which was found to improve the
performance of HEVC over AV1.

2. LIVE-SJTU Audio and Video Quality Assessment Database
(LIVE-SJTU A/VQA): The LIVE-SJTU A/VQA [17] database
studies the joint impact of audio and video compression on sub-
jective quality, which is representative of streaming use-cases. The
database consists of 14 reference and 336 distorted sequences, gener-
ated by applying both video compression (with and without scaling)
using the HEVC codec, and audio compression using the Advanced
Audio Coding (AAC) codec.

The study found that subjects reported higher difficulty in assessing
audio quality compared to video quality, with joint audio video qual-
ity being reported as the most difficult. Furthermore, the authors
observed that subjective scores varied non-monotonically with com-
bined audio and video bitrates, thereby illustrating the complexity
of the multi-modal quality assessment task.

3. Video Quality Experts Group - High Definition Television
Database (VQEG-HDTYV): VQEG-HDTYV [18] is a collection of
five publicly available databases created by VQEG to validate ob-
jective quality models that may be used to evaluate the perceptual
quality of HD videos. In total, the set of databases consists of 45 di-
verse source contents compressed using the MPEG-2 [20] and AVC
codecs at various bitrates to yield 828 test contents. In addition
to compression, the database also includes simulated IP network
errors.

4. LIVE Livestreaming Database: The LIVE Livestreaming
database [19] is a large subjective database that studies the impact
of several streaming-related distortions such as compression, alias-
ing, judder, and frame drops. The database consists of 45 HD and
UHD source contents, distorted to produce 245 test contents. The
compression artifacts were produced using the AVC codec applied
at four quality levels.

The study observed that UHD videos were typically rated higher
than HD videos. Furthermore, aliasing due to scaling affected the
quality of HD videos to most, while judder had the greatest impact
on the subjective quality of UHD videos.

1.1.4 Objective Quality Assessment

In this section, we review three classes of objective quality models, namely,
full-reference (FR), no-reference (NR), and bitstream-based quality models.
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1.1.4.1 Full-Reference Quality Assessment

The journey of modern image and video quality assessment (I/VQA) begins
with the development of the SSIM [9] index. Prior to SSIM, the standard
measure of “distortion” was PSNR, which depends logarithmically on the
mean squared error (MSE). However, PSNR was found to correlate poorly
with subjective judgments, which is the primary goal of objective quality
models.

SSIM introduced a much-needed perceptual element to the measurements
of distortions by using similarity metrics that embody Weber masking of both
luminance and contrast. Weber masking refers to the phenomenon that hu-
man perception is sensitive to relative changes, rather than absolute changes.
As a result, in the presence of a large “background value,” such as a high
luminance or contrast, small changes in the value are not perceptible, that is,
are “masked.” SSIM and multi-scale SSIM (MS-SSIM) have successfully been
used in the quality control of most cable, satellite, and fiber optic Internet
streaming television providers and by most social media outlets. Recently, a
variant of SSIM called Enhanced SSIM [10] has been shown to achieve even
higher accuracy at lower computational cost.

Another breakthrough in quality assessment occurred with the develop-
ment of the Visual Information Fidelity (VIF) quality model. VIF was the
first algorithm to use powerful statistical models of natural scenes, modified
to model distortions, to conduct FR quality assessment. VIF uses a Gaussian
Scale Mixture (GSM) to model the statistics of bandpass wavelet coefficients,
and a local Gaussian channel to model distortions. Versions of VIF have been
deployed to conduct the quality control of videos on the Internet, most no-
tably by contributing most of the features in the SOTA VMAF quality model.
Furthermore, the philosophy behind VIF has been used to develop reduced-
reference quality models such as ST-RRED [21] and SpEED-QA [22].

The Detail Loss Metric (DLM) [23] is another quality model that has
emerged as a powerful tool to measure the quality of compressed videos. This
is particularly because the primary spatial artifact introduced during com-
pression is blocking, which leads to loss in detail that DLM is designed to
capture. DLM uses a dyadic wavelet decomposition of input frames and a
model of the contrast sensitivity function (CSF) of the Human Visual System
(HVS) to decompose distortions into detail losses and additive impairments.
Due to its high performance, DLM contributes one part of the SOTA VMAF
quality model.

As alluded to above, the SOTA video quality models used by the streaming
industry are MS-SSIM and VMAF, which was jointly developed by Netflix
and academic collaborators. The core principle of VMAF is to fuse smaller
“atom” quality models to obtain a better-performing quality model. VMAF
can be viewed as an ensemble model consisting of “weaker” quality models.
In particular, VMAF uses DLM, VIF computed at four scales on a Gaussian
pyramid, and a temporal difference feature to capture Motion, as its atom
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features. VMAF and its anti-hacking variant [24] have been widely adopted
in the industry for quality assessment, RDO, and codec comparison.

1.1.4.2 No-Reference Quality Models

All the aforementioned algorithms are said to be “full-reference” since they
assume the availability of a “reference video” for each test video. The reference
video is a “pristine” version of the test video that is used as a gold standard
against which the test video is evaluated. On the server-side, this assumption
generally holds since the pristine source video is used to generate the encoded
videos. As a result, the majority of quality algorithms used in the streaming
video industry are FR.

Nevertheless, “no-reference” quality models have been an active area of
research, finding applications in moderating the quality of source contents
prior to encoding, and for any client-side quality assessment. As the name
suggests, “no-reference” models operate on test videos directly without using
a paired reference video. The classical approach to NR quality assessment has
been using natural scene statistics (NSS).

“Natural” images have been observed to exhibit regular statistical proper-
ties when subjected to band-pass decompositions, and distorted videos exhibit
deviations from ideal behavior. Modeling the statistics of band-pass coeffi-
cients yields quality-aware features that are used to predict the subjective
quality of videos. This approach has formed the basis of popular NR image
quality models such as DIIVINE [25], BRISQUE [26], and NIQE [27]. When
assessing the quality of videos, these models are applied frame-wise and the
quality scores are aggregated across frames.

Extending NSS-based quality models to video typically involves introduc-
ing temporal information in the form of spatio-temporal band-pass decompo-
sitions [28], or using optical flow/motion vectors. Quality models that utilize
motion information have studied the use of optical flow statistics [29, 30],
motion-coherency [31], and localized space-time slices called “chips” [32].

1.1.4.3 Bitstream-based Quality Models

A recent novel approach to assessing the quality of compressed videos is
“bitstream-based” quality assessment. While traditional FR and NR mod-
els operate on decoded frames, that is, pixel values, bitstream-based models
operate directly on information extracted from the encoded bitstream. This
alleviates the additional computational burden of decoding videos prior to
quality assessment. Common “features” obtained from the bitstream include
values of frame resolution, frame rate, frame type (I, B, or P-frame), encoded
frame size, bitrate, and QP.

The SOTA for bitstream-based quality assessment is the ITU P.1204.3
[33] standard, which uses a combination of a parametric model and a machine
learning model to predict quality scores.
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1.1.5 Challenges and Trends

Despite the success of FR models such as VMAF, there remains a variety
of challenges to be tackled. Firstly, the SOTA FR model VMAF demands a
high computational load due to the calculation of a heterogeneous set of atom
features. Given the development of hardware encoders for popular codecs,
quality assessment (using VMAF) has emerged as the bottleneck operation
in RDO. In order to address these concerns and to advance the SOTA, the
FUNQUE [34] model has been proposed. FUNQUE “unifies” the atom quality
features by computing them from a common HVS-aware decomposition. The
HVS-aware decomposition provides for an 10% improvement in correlation
against subjective scores compared to VMAF, while the computation sharing
reduces the computational load by a factor of 8!

Despite the advances made by FUNQUE, both VMAF and FUNQUE
operate only on the luma (grayscale) channel and are almost entirely ap-
plied framewise. The only temporal information that has been included in
the model is the temporal difference between successive reference frames. A
common solution is to introduce optical-flow-based quality models and apply
quality models on various color channels [35, 36]. However, such methods of-
ten drastically increase the computational burden of quality assessment. So,
incorporating color and temporal quality information into SOTA FR models
in an efficient manner has proven to be an open practical challenge.

Furthermore, the deep-learning revolution has arrived in the quality assess-
ment space, with the development of models such as LPIPS [37], NIMA [38],
Patch-VQ [39], and CONTRIQUE [40]. The current SOTA deep architecture
for vision tasks is the Transformer [41], which “tokenizes” images into patches
and applies attention mechanisms to identify salient features. The success of
Transformers in computer vision suggests that their application to quality
assessment could break new ground. A common challenge that hinders the
widespread adoption of deep models is the computational burden of applying
them at scale. However, the development of hardware-accelerated deep learn-
ing platforms and large server farms with dedicated tools such as Graphical
Processing Units (GPUs) and Tensor Processing Units (TPUs) aims to bridge
the gap between research and the industry.

Finally, in practice, watching most videos involves listening to the audio,
which encounters many of the same compression/transmission challenges that
video faces. As a result, end users often simultaneously encounter distorted
audio and video. However, the effect of audio on subjective quality is less
understood when compared to videos. In fact, human subjects report greater
difficulty in rating audio and audio-visual quality when compared to visual
quality. Due to these factors, despite recent advances [17], multi-modal audio-
visual quality assessment remains a challenging problem.
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1.2 User-Generated Content (UGC) Videos

In January 1996, Bill Gates stated in a published article that “content is
king” [42]. The television industry during the past century has arguably vali-
dated the value of his words, but it has become even more true in the 2020s
as we enter a new phase of the Internet where overwhelming user creation
weighs over professional artifacts made by traditional media. The rise of so-
cial media platforms such as Facebook, YouTube, and TikTok, coupled with
the increased availability of affordable mobile capturing devices, has led to
UGC being created, uploaded, and shared almost instantly and ubiquitously
across the globe every day. Among the vast amount of shared video content,
UGC videos undoubtedly account for the largest portion of Internet streams.
It has been reported that YouTube viewers watch over 1 billion hours of video
every day and generate billions of views [43]. Thus, it is of great importance
for streaming companies to understand and analyze this new type of content,
and accordingly, design optimized UGC processing pipelines to improve the
encoding and streaming efficiency of UGC videos.

1.2.1 Introduction to UGC Video Quality

VQA is one of the core research topics in video compression and streaming
pipelines that are designed to monitor, control, and calibrate video processing
algorithms. Most VQA models may be classified into two categories: full-
reference models (FR-VQA) and no-reference or blind (NR-VQA or BVQA)
metrics. FR-VQA models compare the perceptual difference against pristine
videos, while BVQA models directly predict the quality without references. For
UGC videos, the “pristine” video is never available, and hence, only NR-VQA
models can be applied, which makes the UGC-VQA problem [44] very chal-
lenging. Moreover, unlike relatively simple synthesized distortions simulated
in traditional VQA databases, UGC video distortions arise from realistic user
captures. Thus, UGC videos suffer from unknown, highly diverse, and com-
mingled impairments. These authentic and intermixed visual defects include,
but are not limited to, bad lighting conditions, capturing by shaky hands,
imperfect shooting devices, processing and editing effects, compression and
streaming artifacts, etc. Figure 1.2 shows some examples of UGC videos hav-
ing various degrees of degradation. Indeed, apart from the technical distortions
such as noise, blur, ringing, and banding that have been studied for decades,
there exist even more complicated and subjective factors that affect how view-
ers perceive regarding aesthetics, interestingness, and content preference. Fi-
nally, many current video databases dedicated to UGC quality prediction are
far smaller in size compared to mainstream video databases [45]. Moreover,
none of them are capable of modeling the full complexity and diversity of
real-world UGC distortions. Due to these challenging aspects, predicting the
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perceptual quality of UGC videos has remained largely unsolved for several
years. So, it is of great interest to both industry and academia to investigate
this most general and impactful problem in video quality research.

FIGURE 1.2

Exemplar frames of UGC video contents sampled from the LIVE-VQC
database [46]. These natural videos captured from mobile devices are sub-
ject to unknown, highly diverse video distortions, and making it harder for
objective video quality models to accurately predict their perceived qualities.

1.2.2 Subjective UGC Video Quality Databases

Subjective video quality research usually requires extensive resources invested
in time- and label-consuming human studies on a selected video corpus to
obtain reliable subjective data. These human-labeled videos are then used to
build a video quality database for the training, benchmarking, and calibra-
tion of video quality prediction (VQA) models. Traditional subjective video
quality databases are typically constructed by first selecting a small set of
high-quality sources, dubbed “pristine” or “reference,” then synthetically dis-
torting them using simulated approaches. Some examples of databases con-
structed in this manner are LIVE-VQA [47], EPFL-PoliMI [48], CSIQ [49],
and MCL [50]. These databases are limited in their diversity of contents and
distortions, making them incapable of modeling more complicated, real-world
UGC impairments.

Recently, researchers have started to build “in-the-wild” databases that
include authentically distorted contents captured under realistic settings. We
list and briefly summarize these efforts as follows.



14 Quality Assessment in Media and Entertainment: Challenges and Trends

1. €VD2014 [51]. The Camera Video Database (CVD2014) is per-
haps the first authentically distorted video quality database in the
literature. It consists of 234 480p and 720p videos recorded using
78 different cameras that are prone to distortions induced by video
acquisition. However, the database only covers five unique scenes.

2. LIVE-Qualcomm Mobile In-Capture Database [52]. The
LIVE-Qualcomm database proposed in 2017 is another camera-
captured database containing 208 realistic consumer contents with
smartphones in full HD (1080p) resolution. Compared to CVD2014,
this dataset contains more than 50 different scenes, thus having bet-
ter diversity in contents.

3. KoNViD-1k [53]. The KoNViD-1k dataset is a subjective UGC
video quality database consisting of 1,200 public-domain video se-
quences. The 1,200 sequences were sampled from a large public
video dataset named YFCC100m [54], based on a selected feature
space of blur, contrast, colorfulness, Spatial Information (ST), Tem-
poral Information (TT), and NIQE scores [27]. All the videos were
trimmed and resized to 540p for eight seconds.

4. LIVE-VQC [46]. The LIVE-VQC database is another large-scale
UGC database containing videos that were captured using a di-
verse set of mobile devices. It consists of 585 contents that span
various resolutions, layouts, and framerates. Subjective scores were
collected from 4,776 unique participants via online crowdsourcing
on Amazon Mechanical Turk.

5. YouTube UGC [55]. In 2020, Google released a large-scale UGC
dataset called YouTube UGC, whose videos were sampled from un-
curated YouTube uploads. It contains a total of 1,380 unique 20-
second-long video clips, having resolutions ranging from 360p to 4k
and framerates ranging from 15 to 60. Over 8,000 subjects were
hired to rate these videos in a crowdsourcing environment.

6. KonVid-150k [56]. The KoNViD-150k dataset follows similar de-
sign principles as KonViD-1k, but was orders-of-magnitude larger.
It consists of two subsets, a coarsely annotated set of 153,841 videos
having five quality ratings each, and a densely annotated set of
1,596 videos with over 89 ratings each. Notably, the first subset of
KonVid-150k can be used as a weakly labeled pre-training set for
various downstream VQA tasks.

7. LIVE-FB LSVQ [39]. LSVQ is yet another large-scale “in-the-
wild” UGC database containing 39,000 real-world videos and 117k
space-time localized video patches, labeled by 5.5 million human
perceptual quality annotations. It is constructed from web-scale
crawled video sources including Internet Archive [57] and YFCC-
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100M [54] to make the dataset more representative of real-world
content.

8. LIVE-YT Gaming [58]. LIVE-YouTube Gaming dataset is the
first UGC video dataset dedicated for a specific type of UGC — gam-
ing contents. It consists of 600 real-streaming UGC gaming videos
spanning 59 various types of games.

1.2.3 Objective UGC Video Quality Assessment

The goal of subjective video quality studies or databases is to help develop
automatic objective VQA metrics. As described before, UGC video qual-
ity problems can only be solved by no-reference or blind VQA algorithms
since no “pristine” video is available for these UGC uploads. Thus, here we
briefly review the evolution of BVQA models, from traditional feature-based
approaches to recent deep learning-based models.

Traditional feature-based BVQA models. Almost all the earliest
blind quality prediction models were developed for a single or at most two
types of distortions. Some examples are models for analyzing noise [59], block-
iness [60], blur [61], ringing [62], banding artifacts [63] in streamed, distorted
videos, or to assess multiply concurrent compression and transmission de-
fects [64, 65], to name a few. More recently, general-purpose BVQA models
that are capable of capturing versatile distortions have been developed based
on natural scene statistics (NSS) [66] and its deduced simple but highly ef-
fective low-level features [26, 27] equipped with machine learning techniques.
Among these NSS-based models, BRISQUE [26] and NIQE [27] operate in the
divisively-normalized image domain, BLIINDS [67] examines statistics in the
DCT domain, and Video-BLIINDS [31] extended BLIINDS to analyze DCT
transforms of frame differences. TLVQM [29] leverages a bag of well-defined
quality-related features extracted from multiple visual spaces and then trains
a shallow support vector regressor. VIDEVAL [44] is the most recent BVQA
model, and it uses an ensemble of features based on NSS inspired by multiple
prior BVQA models. VIDEVAL has been shown to achieve strong performance
on UGC databases.

Deep learning-based BVQA models. Despite performing well on re-
cent UGC-VQA databases, these “handcrafted” feature-based models have
been observed to underperform on recently released larger-scale datasets such
as LSVQ, On the other hand, deep convolutional neural networks (ConvNet)
that are purely data-driven have gained strength rapidly. VSFA [68] is a strong
CNN-based model that applies a pre-trained ResNet backbone as a feature
extractor and integrates the deep spatial features using recurrent layers and
temporal pooling. PatchVQ [39] models the relationship between local and
global perceptual quality from space, time, and space-time video patches.
Finally, PatchVQ spatiotemporally pools quality scores to make the final pre-
dictions. Li et al. [69] leveraged transfer learning for the BVQA task by mixed
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dataset pre-training on both authentic IQA databases and large-scale action
recognition sets. Some researchers have also proposed taking advantage of
both shallow (statistical) features and deep-learning features to make the best
prediction, such as CNN-TLVQM [70], RAPIQUE [71], and GAME-VQP [72].

1.2.4 Challenges and Future Trends

Although promising progress has been made on the UGC-VQA problem, sev-
eral challenges remain. Firstly, compared to mainstream vision tasks such as
image/video classification 73, 74], existing video databases dedicated to video
quality are quite limited in scale, thus unable to fully exploit the power of
deep learning approaches. Building massive-scale, diverse, and unbiased video
datasets for video quality and compression research continues to be a critical
research topic. Secondly, current deep learning-based models, despite showing
standout performance, require pretty heavy floating-point operations. Thus,
in their current form, they are neither efficient nor practical to be widely
deployed. Exploring accurate and also efficient VQA models that can make
predictions almost real-time for streaming services is still very challenging
and largely unsolved. Finally, thanks to the evolution of smartphones and
portable cameras, users can capture, curate, and share advanced media like
high dynamic range (HDR), high frame-rate (HFR), and even virtual real-
ity (VR) sources. Most current VQA research involving these types of media
modalities mainly focuses on small-scale compression video studies, whereas
future trends in UGC video quality research must extensively embrace such
“advanced-for-now” but “normal-to-be” multimedia sources.

1.3 High Dynamic Range Video

The human vision system (HVS) can perceive luminance levels between 10~6
cd/m? and 10® c¢d/m? using various mechanical, photochemical, and neuronal
adaptive processes [75]. However, traditional imaging and display systems pro-
duce content having much narrower ranges of luminance values than the vision
system is able to perceive. These older content formats are commonly referred
to as Standard Dynamic Range (SDR). HDR is a set of techniques that extend
the ranges of luminances and colors that can be represented and displayed.
HDR has seen increasing adoption over the past few years, particularly in the
area of streaming and video hosting, where services such as Amazon Prime,
Netflix, and YouTube now offer content in HDR. HDR is also used as the
default standard for UHD Blu-Rays. Major TV manufacturers such as LG,
Samsung, and Panasonic support HDR content, and manufacturers such as
Lenovo and Apple have also recently released laptops that can display HDR
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FIGURE 1.3

A representation of the PQ system. The initial step involves the transforma-
tion of the scene light into an electrical signal through the application of the
OETF, followed by the conversion of the electrical signal into display light
utilizing the EOTF.

content. HDR is now part of live broadcast and film production workflows and
is progressing rapidly into an industry standard.

1.3.1 Challenges Facing Adoption of HDR

The challenges of HDR VQA arise from the distinct features of HDR videos.
HDR videos contain much wider luminance ranges than SDR. HDR video con-
tent represents peak brightness up to 10,000 nits (1 nit = 1 candela/meter?),
enabling the display of brighter highlights. Its lower limits are also below
those of SDR content, enabling the display of darker black and deeper shad-
ows. In order to represent such a wide range of luminance with limited data
volume, while introducing minimal perceivable distortion due to quantization,
the HLG and PQ electro-optical transfer functions (EOTFs) are designed to
replace the legacy gamma EOTF defined in BT.-1886 [76], which was origi-
nally designed to be compatible with old cathode ray tube (CRT) displays,
as shown in Figure 1.3. Furthermore, the ranges of colors that can be rep-
resented by HDR video are also broader and richer than those captured by
SDR. Modern HDR videos use the Rec. 2020 [77] color primaries, which cover
75.8% of the CIE 1931 color space, much larger than the Rec. 709/sRGB color
gamut [78], which covers 35.6% of the CIE 1931 color space.

The use of different nonlinear transfer functions in HDR can greatly change
the visibility and severity of compression distortions. The relationship between
the intensity of the light as the physical magnitude measured on the display
and how bright it appears to a human observer has long been known to be
not linear [79]. The perceived brightness heavily depends on both the image
stimulus and the viewing environment, including the image background, the
peak luminance and the dynamic range of the display [80, 81]. As a result,
the same magnitude of contrast may appear very different under different
circumstances, making it difficult to predict the perception of distortions.
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The increases in bit depth and the use of nonlinear transfer functions in
HDR provide different challenges for the task of HDR VQA. Most existing
VQA models can only operate on 8-bit luminance and color data, let alone
account for HDR transfer functions and expanded color gamuts. For example,
one of the most successful VQA models, the Video Multimethod Assessment
Fusion (VMAF) algorithm [11] can be applied to 10-bit data, but it does
not take into account the extended luminance range or transfer function of
HDR10. However, there are a few VQA models that address the compression
of HDR videos, even working with 10-bit data. These models will be discussed
later in the section.

Finally, one more challenge is the scarcity of high-quality subjective VQA
databases. As the HDR standards HDR10, HDR10+, and Dolby Vision are
still fairly recent, publicly available HDR content is difficult to obtain, and
there are few subjective VQA databases dedicated to HDR. Several existing
databases have limited usefulness because they have been rendered obsolete
by the latest HDR standards. Several other databases do comply with new
HDR standards but are not publicly available due to copyright issues.

1.3.2 Publicly Available Subjective Quality Databases and
Studies

1. DML-HDR Video Database: The DML-HDR video database
[82] is designed to evaluate various HDR image and video quality
metrics. The database consists of five videos captured by a RED
SCARLET-X camera. The videos are approximately ten seconds
long with a framerate of 30 frames per second (fps) and resolution
of 2048 x 1080. The videos are stored in “.hdr” and 12 bit “.yuv” raw
files using the Rec. BT.709 color primaries. The videos were then
compressed using H.264/AVC and HEVC, displayed on a custom-
built HDR display system, and viewed by 17 subjects.

2. HDR-VQM Video Database: The HDR-VQM Video Dataset
[83] is a subjective database that contains ten source HDR video
sequences with a resolution of 1920 x 1080 and the frame rate are 25
fps. These videos were compressed at eight different bitrates using
a backward-compatible compression method. The videos were tone
mapped to an 8-bit SDR version and compressed. When the videos
were decompressed, they were inverse tone mapped to HDR. The
videos were displayed on an HDR display with a peak luminance of
4,000 nits in a relatively bright environment (200 cd/m?).

3. Laboratory for Image and Video Engineering (LIVE) HDR
Database): The LIVE HDR Database [84] is a subjective database
that targets HDR10 videos. It contains 310 videos from 31 HDR10
source contents. All the source videos have a resolution of 3840 x
2160 and frame rates of 50 or 60 fps. The average duration of
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videos in the database is approximately eight seconds. The source
sequences were processed by ten different compression and resolu-
tion combinations using the HEVC codec, simulating standard in-
dustrial practices. A subjective quality study was conducted using
the database with 66 subjects. The subjective study was conducted
under two different illumination conditions to test the effects of
ambient illumination on the perceived quality of HDR content. It is
worth noting that the LIVE HDR Database is the only publicly
available HDR VQA database that complies with contemporary
HDR standards.

Other than these three databases, there are a few other HDR subjective
quality studies that have not made their data publicly available. Pan et al. [85]
created a VQA database using 12 pristine HDR videos compressed with 12
quantization parameters (QP) levels. The videos are generated by both PQ
and HLG and the BT. 2020 color space, compressed using the AVS2 codec,
developed by the Audio and Video Coding Standard (AVS) Working Group
of China. A subjective quality study was conducted with 22 subjects using
this dataset. Baroncini et al. [86] conducted a study of 12 compressed HDR
videos evaluated by 40 human subjects. Rerabek et al. [87] conducted a study
of 20 HDR videos with the resolution of 944 x 1080, with four distortion levels.
Athar et al. [88] conducted a subjective study of 14 HDR10 content compressed
using H.264 and HEVC to generate 140 distorted videos viewed and rated by
51 subjects.

1.3.3 Video Quality Algorithms

Existing VQA algorithms mostly consider only 8-bit data and without much
consideration regarding the nonlinear transform. Some VQA algorithms that
have color components use color space-conversion methods that are specific
to Rec. BT. 709 color spaces. This makes most of them inapplicable to HDR
VQA scenarios. In this section, a few VQA algorithms dedicated to the HDR
VQA problem are reviewed.

1.3.3.1 HDR-VDP

HDR-VDP is a modification proposed to extend the Visual Difference Pre-
dictor (VDP) to improve the prediction of perceivable differences in HDR
applications [89]. HDR-VDP operates on linear luminance, and it relies on
three stages to model the behavior of the optics and retina. HDR-VDP mod-
els the light scattering in the human eye using the Optical Transfer Function
(OTF), scales the amplitude of the signal in units of Just Noticeable Differ-
ences (JND) to account for the nonlinear response of the HVS, and finally
filters the data using a model of the CSF. Subsequently, improved versions
of HDR-VDP have been proposed by including models of several luminance
conditions, improved pooling methods, and better calibrations [90, 91].
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1.3.3.2 PU-SSIM and PU-PSNR

Perceptually Uniform (PU)-SSIM and PU-PSNR have been proposed as an
extension to the popular quality metrics [92]. A nonlinear transform has been
proposed, called the perceptually uniform (PU) encoding, to ensure that the
distortion visibility is approximately uniform across all encoded values. By
using PU encoding to transform luminance values into perceptually uniform
pixel values, SDR VQA algorithms can be directly applied to HDR images
and videos.

1.3.3.3 HDR-VQM

HDR-VQM is an objective HDR video quality measure based on signal pre-
processing, transformation, and subsequent frequency-based decomposition
[83]. It uses the PU transform from PU-SSIM and PU-PSNR as a pre-
processing step, then extracts the error signal in each subband in log-Gabor
filters, and then the final result is obtained via a spatial-temporal pooling
step.

1.3.3.4 HDRMAX and HDR-ChipQA

HDRMAX [84] and HDR-ChipQA [93] are two VQA methods based on a
similar idea as PU-SSIM and PU-PSNR. They rely on nonlinear transforms
to extend the base SDR algorithm to HDR-enhanced regions, that is, the
bright and dark areas in the frames. HDR-VMAF is a FR method, while
HDR-ChipQA is a NR method that uses statistical quality-aware features
that are extracted in parallel from the original frames and the transformed
frames.

1.4 High Frame Rate Video

Considerable advancement has been made in recent years in video technologies
that improve the quality of experience (QoE) for end users. These improved
capture, storage, and display technologies have facilitated the adoption of high
resolution 4K videos, HDR videos, and HFR videos. The standard frame rate
for movies is 24 fps and progressive television formats are typically 30 fps,
while HFR videos are displayed at 50 fps or more. The increased frame rate of
HFR videos alleviates temporal distortions such as motion blur and stutter.
Powerful GPUs have made it possible to view high-resolution, HFR videos on
consumer devices, and expansions in network capabilities now allow customers
to stream live events in a HFR format. Quality assessment of HFR videos is
an important and open problem in order to stream and store these videos
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efficiently and improve QoE. In this section, we will discuss subjective quality
databases and objective quality algorithms created for HFR.

1.4.1 Challenges Facing Adoption of HFR

A number of studies [94, 95, 96] have shown that for some contents quality
saturates as frame rate is increased, but this is highly content dependent and
HFR indeed makes a positive and significant difference in quality for high
motion content. The perceptual benefits of HFR content are still relatively
unknown due to a dearth of HFR content, and consumers are so accustomed
to the aesthetics of SFR content that HFR content may be negatively received
as being “too smooth” or having a “soap opera” effect, as happened in the
case of the movie release of the “The Hobbit.” However, this is a question of
aesthetics, and since display and capture technologies continue to develop the
desire to view content that is as close to reality as possible will almost certainly
lead to faster adoption of HFR. In fact, some studies [97, 98] have found that
frame rates of above 900 fps may be necessary for certain types of contents to
imitate optical reality. The prohibitive cost of producing and distributing HFR
content and aesthetic concerns remains a significant challenge to its adoption
in the present.

Increasing the frame rate of videos forces encoders to compress a greater
number of bits, and hence the trade-off between bitrate budgets and quality is
an important one to consider. Very few NR or FR VQA models exist that are
specifically designed to predict the quality of videos with different frame rates,
but such models are necessary for automated, content-dependent, and data-
driven decisions on the best combinations of resolution, frame rate, and bit
depth for a fixed bitrate budget. The lack of these models poses a significant
challenge to incorporating HFR into production workflows in an efficient and
cost-friendly way that still delivers the best QoE.

1.4.2 Subjective Quality Databases

In this subsection, recent publicly available subjective quality databases that
study the effect of frame rate on video quality are reviewed.

1.4.2.1 LIVE YT HFR

The LIVE YT HFR [99] database consists of 480 videos having six differ-
ent frame rates. The temporally downsampled videos were obtained from the
source videos by frame dropping to 24 fps, 30 fps, 60 fps, 82 fps, and 98 fps.
All of the videos were by varying the CRF in the VP9 encoder. Each video
was viewed by a minimum of 42 subjects. The videos in this database were
displayed at their native frame rate by adjusting the refresh rate of the display
to match the frame rate for each video. Screenshots of some contents from this
database are shown in Figure 1.4.
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FIGURE 1.4
Screenshots of contents from the LIVE YTHFR database. Figure taken from
[99].

The analysis of the subjective scores yielded the conclusion that the frame
rate has a considerable impact on human subjective judgments of video quality
but that the extent of the preference towards higher frame rates was content-
dependent. Higher frame rates were strongly preferred for videos with signif-
icant camera motion. Another important conclusion drawn from this study
was that the improvement in subjective quality diminishes above 60 fps.

1.4.2.2 ETRI LIVE STSVQ

The ETRI LIVE STSVQ [100] database contains 437 videos generated by
spatial downsampling, temporal downsampling, and compression of 15 4K 10
bit source sequences. The resolutions of the downsampled videos are 1080p,
720p, and 540p and the frame rates represented in the database are 30 fps,
60 fps, and 120 fps, respectively. The videos were compressed using the x265
encoder at 5 bitrates. The temporally downsampled videos were created by
frame dropping and were temporally interpolated linearly to the frame rate of
their source videos before they were displayed, in contrast to LIVE YTHFR
where the videos were displayed at their native frame rates. Each video was
rated by 34 subjects.

The study concluded that as the bitrate budget was reduced, spatial and
temporal downsampling led to higher quality scores as compression artifacts
are minimized when there is less video data to compress. However, the tradeoff
between spatial and temporal downsampling is highly content-dependent. For
contents with rapid and large motions, the temporal downsampling can cause
drops in quality even at lower bitrates and performing spatial downsampling
alone may produce better quality judgments at limited bitrate budgets. For
contents with little or no motion but a large amount of spatial detail, the
rate-distortion curve would favor temporal downsampling over spatial down-
sampling at low bitrates.
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1.4.2.3 AVT-VQDB-UHD-1

AVT-VQDB-UHD-1 [101] Test 4 consists of 120 videos with resolutions rang-
ing from 360p to 2160p and frame rates ranging from 15 fps to 60 fps. The
videos were compressed using HEVC. Each video was watched by at least 24
participants. The study showed that leading FR VQA models such as VMAF
performed poorly on videos with very low frame rates compared to the source
video, and that low frame rates had a strong negative impact on quality scores,
but quality saturated as frame rate was increased.

1.4.2.4 BVI HFR

BVI HFR [102] contains 22 source sequences and their temporally downsam-
pled versions. The frame rates represented in the database are 15 fps, 30
fps, 60 fps, and 120 fps. The temporally downsampled videos were generated
by frame-averaging. Frame dropping may result in strobing artefacts, while
frame-averaging can cause motion blur. Frame-averaged vides requires fewer
bits than frame-dropped videos because edges lose their sharpness. The au-
thors found in a mini-study that frame-averaged videos were preferred over
frame-dropped videos for very low frame rates. Fifty-one subjects participated
in this study. The study showed that increasing frame rates had a greater im-
pact on visual quality when camera motion was present.

1.4.3 Video Quality Algorithms

Existing FR VQA algorithms such as VMAF and SSIM can only compare
videos that have the same number of frames and can hence only be used to
evaluate video quality across frame rates after the SFR video is temporally
upsampled to the same frame rate as the HFR source video. Such models
have been observed to perform poorly against human subjective opinions.
We briefly review algorithms that have specifically designed for for assessing
quality across frame rates.

1.4.3.1 STGREED

STGREED [103] is a FR VQA algorithm that is based on principles of natu-
ral video statistics. The statistics of temporally band-passed video coefficients
are modelled as generalized Gaussian distributions. The entropies of these
coefficients are computed and it was observed that the entropies were rela-
tively constant for the same frame rate for different bitrates, but varied across
frame rates. An entropic difference term was designed that would remove the
frame rate bias while accounting for quality variations if the distorted video
had the same frame rate as the source video. STGREED’s performance on
LIVE YTHFR is shown in Table 1.2 against that of other algorithms, using
Spearman’s Rank Ordered Correlation Coefficient (SROCC), Pearson’s Linear
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TABLE 1.2
Performance Comparison of STGREED Against Different FR Algorithms on
the LIVE-YT-HFR Database.

SROCC 1 | PLCC 1 | RMSE |

PSNR 0.7802 | 0.7481 | 7.75
SSIM [9)] 0.5566 | 0.5418 | 9.9
MS-SSIM [104] | 0.4135 | 0.5512 | 10.01
FSIM [105] 0.6528 | 0.6332 | 9.34
ST-RRED [106] | 0.4516 | 0.6073 | 9.58
SpEED [107] 0.6051 | 0.5206 | 10.28
FRQM [108] 05133 | 05017 | 10.38
VMATF [11] 0.7782 | 0.7419 | 8.10
deepVQA [109] | 0.4331 | 0.3996 | 10.87
STGREED 0.8822 | 0.8869 | 5.48

Correlation Coefficient (PLCC), and the Root Mean Square Error (RMSE)
between the predictions and the subjective scores as the metrics.

1.4.3.2 VSTR

“nobreak

1.4.3.3 FAVER

frame rate-Aware Video Evaluator w/o Reference (FAVER) [110] is an NR
VQA model designed for variable frame rate videos. FAVER models the statis-
tics of temporally and spatially band-passed videos as GGDs. The temporal
filtering is similar to that used in ST-GREED. Statistical features are ex-
tracted from luma and chromatic difference channels for QA. FAVER achieves
the highest performance on the YTHFR database, with a correlation of ap-
proximately 0.6 against human quality scores. The relatively low value of the
SOTA shows the difficulty and challenging nature of NR VQA for videos with
different frame rates.

1.5 Virtual Reality

VR and its applications have attracted significant and increasing attention.
However, the requirements of much larger file sizes, different storage formats,
and immersive viewing conditions pose significant challenges to the goals of
acquiring, transmitting, compressing and displaying high quality VR content.
Towards meeting these challenges, it is important to understand the distor-
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tions that arise when delivering VR content and the effect they have on the
perceived quality of displayed VR content.

1.5.1 Challenges Facing Adoption of VR

VR images are usually captured using a 360 camera equipped with multiple
lenses that capture the entire 360 degrees of a scene. The recent Insta360
Titan is a professional 360 camera with eight 200° fisheye lenses that can
capture both 2D and 3D images of resolution up to 11K. After the images
are captured simultaneously by separate lenses, they are stitched together to
generate a spherical image.

Unlike traditional viewing conditions where people watch images and
videos on flat-panel computer and mobile displays, VR offers a more immersive
viewing environment. Since the image can cover the entire viewing space, users
are free to view the image in every direction. Usually, only a small portion of
the image is displayed as they gaze in any given direction, so the content that
a user sees is highly dependent on the spatial distribution of image content,
the object being fixated on, and the spatial distribution of visual attention.
The free-viewing of high resolution, immersive VR implies significant data
volume, which leads to challenges when storing, transmitting and rendering
the images that can affect the viewing quality. Therefore, it is important to
be able to analyze and predict the perceptual quality of immersive VR image.

1.5.2 Subjective Quality Databases

In this subsection, recent publicly available subjective quality databases that
study VR images and videos are reviewed.

1.5.2.1 LIVE 3D VR IQA Database

The LIVE 3D VR IQA Database [111] contains 450 distorted 3D VR images
obtained from 15 pristine images modified by six types of distortions. The
images were evaluated by 42 subjects using an HTC Vive headset with To-
bii eye-tracking. This dataset includes traditional distortions like Gaussian
noise, Gaussian blur, downsampling, as well as VR-specific stitching distor-
tions. The dataset also includes recent compression distortions, including VP9
and H.265, to study and model the way they compress and perceptually distort
VR images.

The study concluded that applying a reprojection weight to modify tra-
ditional IQA methods can help their performance on VR images. The study
also showed that training on the subject data of these 3D VR images was an
important step of the NR models to capture the unique perceptual peculiari-
ties of the distorted VR image viewing experience. From the gaze maps of the
study, it was shown that there exists an equator bias when viewing VR images.
Subjects were more likely to view the center of the image (center bias), but
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FIGURE 1.5
Screenshots of contents from the LIVE 3D VR IQA database. Figure taken
from [111].

this also depended on the content and whether there were objects of interest
near the center. Sample images from the dataset are shown in Figure 1.5.

1.5.2.2 IVQAD 2017 Database

The IVQAD 2017 database [112] contains 10 raw videos and 150 distorted
videos degraded by three quality factors: bit rate, frame rate, and resolution.
To simulate quality degradation, three resolutions are picked as 4096 x 2048,
2048 x 1024, and 1024 x 512, and under each resolution, different bit rates
and frame rates are selected to simulate different bandwidth. All the videos
are encoded with MPEG-4 and 13 subjects were involved in this study. The
study concluded that resolution and frame rate have almost the same degree
of influence on quality assessment, whereas bit rate has the least influence.

1.5.2.3 VRQ-TJU Database

The VRQ-TJU database [113] contains 13 reference 3D VR videos subjected
to two distortions: H.264 compression and JPEG 2000 compression, both sym-
metrically and asymmetrically on the original videos. In total, 104 symmetri-
cally distorted videos and 260 asymmetrically distorted videos were obtained
and evaluated by 30 subjects.

1.5.2.4 LIVE-FBT-FCVR Database

The LIVE-FBT-FCVR database [114] consists of two separate databases, one
for 2D foveated compressed videos and the other one for 3D foveated com-
pressed videos. Each database includes 10 reference videos and 180 foveated
videos, which were processed by three levels of foveation on the pristine videos.
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In the 2D study, each video was of resolution 7680 x 3840 and was viewed by
36 subjects, while in the 3D study, each video was of resolution 5376 x 5376
and rated by 34 subjects. Both studies were conducted on top of a foveated
video player having a motion-to-photon latency of around 50ms.

The study showed that in the 2D study, subjective quality was more af-
fected by peripheral quality, while in the 3D study, subjective quality was
largely affected by foveal quality.

1.5.3 VR Quality Algorithms

It is important to develop algorithms to assess the quality of VR content based
on its characteristics. In this section, we briefly introduce different types of VR
quality assessment algorithms, namely quality algorithms for VR non-foveated
content and VR foveated QA.

VR Quality Algorithms. Several VR-specific QA models have been
proposed over the years, with the increasing interest in VR. The very first
attempts towards developing VR-specific algorithms were based on existing
algorithms for flat panel displays such as SSIM and PSNR. Yu et al. [115]
proposed a spherical PSNR model called S-PSNR that averages quality over all
viewing directions. In [116], a craster parabolic projection-based PSNR, (CPP-
PSNR) VR-IQA model was introduced. Xu et al. [117] proposed two kinds of
perceptual VQA (P-VQA) methods: a non content-based PSNR (NCP-PSNR)
algorithm and a content-based PSNR (CP-PSNR) method. WS-PSNR [118] is
yet another PSNR based VR-IQA method, which reweights pixels according
to their location in space. SSIM has also been extended in a similar manner,
as exemplified by S-SSIM [119].

Yang et al. [120] proposed a content-aware algorithm designed specifically
to assess stitched VR images, by combining a geometric error metric with a lo-
cally constructed guided IQA method. An NR-IQA method designed to assess
stitched panoramic images using convolutional sparse coding and compound
feature selection was proposed in [121]. Given the explosive popularity of deep
learning, many more recent VR-IQA methods have been learned to analyze
immersive images and videos, often achieving impressive results. For example,
in [113], the authors deployed an end-to-end 3D convolutional neural network
to predict the quality of VR videos without reference. In [122] and [123], the
power of adversarial learning was utilized to successfully predict the quality
of images.

VR Foveated Quality Algorithms. The Foveated Wavelet Image Qual-
ity Index (FWQI) utilizes wavelets to extract position-dependent spatial qual-
ity information [124]. Several factors are taken into consideration, including
the spatial CSF, which is used to determine local visual cutoff frequencies,
which guides modeling of human visual sensitivity across the available wavelet
subbands, when combined with assumptions on viewing distance and the dis-
play resolution. Lee et al. [125] proposed a foveal signal-to-noise ratio (FSNR)
to evaluate the quality of picture or video streams. In this method, a foveated
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image is obtained by a foveated coordinate transformation on the original im-
age(s) whose quality is to be assessed. Riomac-Drlje et al. [126] proposed a
foveated mean squared error (FMSE) that models the effects of spatial acuity
reduction due to motion. Another model called the foveation-based content
Adaptive Structural SIMilarity index (FA-SSIM), which is based on the pop-
ular IQA model SSIM [127] combines SSIM with a foveation-based sensitivity
function. You et al. [128] proposed a full reference attention-driven foveated
video quality metric (AFViQ) that accounts for the localization of fixations
in images and videos. A recently developed NR FVQA model called Space-
Variant BRISQUE (SVBRISQUE) achieves SOTA performance using NSS
features and a neural noise model to predict the quality of immersive videos
[114].

1.6 Conclusion

In this chapter, we have discussed various video modalities in media and enter-
tainment, including popular modes such as video streaming and social media,
and emerging modalities such as high dynamic range (HDR) and high frame
rate (HFR) video, and 3D virtual reality (VR). While all visual media rely on
the same core perceptual principles, understanding domain-specific artifacts
and distortions requires the development of dedicated subjective databases,
which are in turn used to develop objective quality models. These models are
then used to validate and enhance the quality of videos that are delivered to
the end-user.

Moreover, we have identified key challenges and opportunities for future
research in these various domains. Some challenges are domain-specific, such
as the lack of color-aware or framerate-aware quality models for streaming and
HFR videos. On the other hand, we have also identified broader challenges that
affect the field of video quality assessment as a whole. One such challenge is
the relatively small size of subjective databases, which is a consequence of the
difficulty in obtaining subjective ratings. Recently, large-scale databases such
as KonVid-150k and LIVE-FB LSVQ have been developed for user-generated
social media content (UGC), but still more progress is required to usher in
the deep learning era for video quality assessment. At the same time, the high
data requirements of emerging video modalities such as HDR, HFR, and VR
video demand the development of efficient encoding and quality assessment
algorithms. This presents an interesting opportunity to turn a challenge in
one domain (high data volume) into a solution in another domain (higher
data requirements for quality assessment).

In summary, the development of perceptual quality models has fueled the
explosion of video streaming and consumption over the last decade, and the
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future holds exciting possibilities and interesting challenges for emerging visual
media.
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