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Abstract— Measuring the quality of digital videos viewed by
human observers has become a common practice in numerous multimedia applications, such as adaptive video streaming,
quality monitoring, and other digital TV applications. Here
we explore a significant, yet relatively unexplored problem:
measuring perceptual quality on videos arising from both luma
and chroma distortions from compression. Toward investigating
this problem, it is important to understand the kinds of chroma
distortions that arise, how they relate to luma compression distortions, and how they can affect perceived quality. We designed and
carried out a subjective experiment to measure subjective video
quality on both luma and chroma distortions, introduced both
in isolation as well as together. Specifically, the new subjective
dataset comprises a total of 210 videos afflicted by distortions
caused by varying levels of luma quantization commingled with
different amounts of chroma quantization. The subjective scores
were evaluated by 34 subjects in a controlled environmental
setting. Using the newly collected subjective data, we were able
to demonstrate important shortcomings of existing video quality
models, especially in regards to chroma distortions. Further,
we designed an objective video quality model which builds on
existing video quality algorithms, by considering the fidelity of
chroma channels in a principled way. We also found that this
quality analysis implies that there is room for reducing bitrate
consumption in modern video codecs by creatively increasing
the compression factor on chroma channels. We believe that
this work will both encourage further research in this direction,
as well as advance progress on the ultimate goal of jointly
optimizing luma and chroma compression in modern video
encoders.
Index Terms— Subjective study, video quality assessment, video
codec optimization.

I. I NTRODUCTION
ODELING the human perception of video quality
has become a crucial research problem owing to the
tremendous boom of shared and streaming video content,
accessible mobile video devices, and diverse video services
such as Netflix, Facebook, Youtube, Hulu, and so on. Perceptual optimization of multimedia workflows is important,
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since humans are the direct consumers of visual information.
Videos have become the dominant portion of Internet traffic,
and it is predicted that pictures and videos will comprise
80% of the moving bits in broadband and mobile networks in
the near future [1]. Given this tremendous, growing, network
bandwidth demand, improving the rate-distortion performance
of video compression in perceptual ways has become a critical
issue, with the potential for significant social, ecological, and
economic impact.
Because of significant efforts applied to developing algorithms that can accurately predict perceptual video quality,
many promising models have been demonstrated. One successful example is the trained Netflix video quality prediction model called Video Multimethod Assessment Fusion
(VMAF) [2], [3], which is used to optimize a significant
percentage of Internet video traffic at a level only matched by
SSIM [4]. However, most practically deployed video quality
models, including VMAF, only extract visual information
from the video luma channel, disregarding color entirely.
Yet, neglecting color/chroma components may be detrimental
to achieving the most accurate evaluations of video quality.
As a practical example, one may intentionally manipulate the
chroma fidelity of a video: before encoding a pristine source
video, it is common to decimate the chroma components to
reduce bitrate consumption, with little impact on predicted
or perceived quality. Of course, chroma quality features have
been used in some simple ways. For example, averaging the
PSNR values across luma and chroma channels has been used
in multimedia tools such as FFmpeg. Similarly, the Moving
Picture Experts Group (MPEG) community often evaluates
the performance of video codecs using a weighted mean of
Bjøntegaard-Delta bitrates (BD-rate) [5] across per-channel
PSNR values. However, rather than taking human perception
into account, the linear weights were empirically derived as a
proportion of color channels defined by pixel format.
One potentially high-impact application of perceptually
quantifying chroma distortion is the optimization of video
compression. For example, in Fig. 1 we applied several different quantization factors settings on noisy chroma channels.
Here, distortions of Cb and Cr caused by maximizing the
chroma_qp_offset parameter to K , thereby increasing quantization of Cb and Cr, are clearly visible. However, while
the visual differences caused by the two settings are subjectively and objectively noticeable when displaying chroma
channels independently, it is important to observe that these
considerable defects in chroma do not alter the visual quality
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Fig. 2. Conceptual overview of this paper. Each patch shows distortion
from a specific combination of luma and chroma quantization. The black
dotted line denotes the default setting chroma_qp_offset = 0. The area
between the black dotted diagonal and the blue solid diagonal illustrates
where modern codecs are currently allowed to vary quantization in chroma
(0 ≤ chroma_qp_offset ≤ K ).
Fig. 1. A bitrate-saving example of encoding test sequence dark720p_120f
using HEVC. The two videos were encoded at a fixed QP of 17 with
different chroma_qp_offset settings, resulting in (a) PSNRCb = 47.77 db;
PSNRCr = 49.01 db; bitrate = 20631.65 Kbps, and (b) PSNRCb = 39.50 db;
PSNRCr = 41.92 db; bitrate = 13112.41 Kbps.

when YCbCr are displayed together. Yet, in terms of bit
consumption, the encoded video in Fig. 1(b) only occupies
6.5 Mbytes, which is 36% less than the video in Fig. 1(a).
Unfortunately, the potentially significant benefits of trading off chroma fidelity against bitrate cannot be captured
by the conventional per-channel PSNR, and cannot contribute to improved PSNR-based rate-distortion optimization
schemes.
We summarize the main idea behind this work in Fig. 2.
Most video encoders operate near the region defined by the
black dotted diagonal line, where the amount of compression
between chroma and luma is tightly coupled. Using a similar
working assumption, most previous subjective quality databases and most quality models do not consider the perceptual
effects of decoupling luma and chroma compression. In these
scenarios, as shown in Figs. 2(c), (d) and (e), chroma artifacts
are typically observed only when the luma quantization factor
is high enough (as in Fig. 2(e)). Notably, the upper left region
provides room for further bitrate savings, by exploiting heavier
chroma quantization while fixing the luma quantization level,
without coupling the two. Figure 2(a) shows an example of
severely degrading chroma, while luma quantization is kept to
a much lower level. As a result, it exhibits significant loss
of chroma information (desaturation), but the scene structure remains intact. Moving across Fig. 2 in the horizontal
direction, luma quantization increases, until significant loss
of detail and texture are observed (as in Fig. 2(b)). Notably,
the bottom-right of Fig. 2 is a region where luma is more
severely quantized than chroma, an approach that should be
less efficient from the rate-distortion point of view, given that
human perception is more sensitive to loss of detail.

Motivated by the significant potential of perceptual chroma
quality prediction and optimization, we have attempted to
improve the current VMAF model by accounting for the perceptual quality attributes of the chroma components of videos.
To help us advance progress in this direction, we built a new
chroma distortion-specific video quality database, on which
we conducted a subjective quality study to better understand
how different levels of compression distortion in chroma affect
quality perception, and how they relate to luma distortions.
This study seeks to examine ways of exploiting the upper-left
area of Fig. 2, to better understand the perceptual tradeoffs
that should mediate luma and chroma compression. Using
the collected data, we developed and tested new chroma
quality-aware features which can be used to improve existing
learning based video quality predictors. We also studied the
problem of color-sensitized video quality prediction, resulting
in the design of an improved VMAF model, that we introduce
here, and which can be used to improve the perceptual
optimization of compression.
Moving forward, section II reviews related literature and
motivates the need for a new dataset. Section III details
the new database’s source contents, the creation of chroma
distortions, and the perceptual study design and outcomes.
Section IV discusses data analysis of the subjective study
results. Section V explores different chromatic features and
appropriate design methodologies for constructing quality prediction models, while section VI offers an analysis of the
performance of a variety of objective VQA algorithms on the
new database. Finally, section VII concludes with a discussion
of future directions of research.
II. BACKGROUND
We begin with a background review of studies related
to subjective video quality. Following that, currently available objective video quality assessment algorithms also
discussed.
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A. Subjective Video/Picture Quality Databases
Numerous Video Quality Assessment (VQA) datasets have
been designed over the past decade. The early LIVE VQA
Database [6] and the LIVE Mobile Video Quality Database [7]
remain among the most widely used public-domain video
quality databases. These databases model post-acquisition
distortions, such as H.264 compression and transmission
errors, to match real world scenarios. Other similar databases, of videos having larger resolutions, deeper bit-depths,
or encoded by more advanced codecs have been proposed,
including the CSIQ-VQA Database [8], the SHVC Database [9], and the VQEG Database [10]. We refer the reader
to [11], [12] for a comprehensive analysis and collection of
publicly available databases through 2012. In recent years,
more video quality databases [13]–[19] have been proposed
to address different scenarios. Although these databases have
undoubtedly accelerated the development of VQA algorithms,
generally distortions of the chroma channels were not specifically designed. In most cases, chroma distortion are hightly
coupled with luma distortion.
To the best of our knowledge, we are aware of only a few
studies of chromatic distortions. Shang et al. [20] introduced
different levels of chromatic distortions than conventional
codecs. Source videos were divided into three planes, then
independently encoded at different quantization levels. The
independently encoded channels were then combined into a
single distorted video. Although this methodology produces
combinations of Y/Cb/Cr components having different levels
of distortions, it is not naturally produced by a video codec.
Here, we instead propose a different framework whereby
distorted videos are generated directly from an encoder, as we
will discuss.
There are also two databases that studied image quality, including certain distortions of chroma components:
TID2013 [21] comprises various color distortions in addition
to 17 other distortion types. However, the four synthesized
color distortions are peculiar and not likely to be present in
practical situations. In [22], Sinno et al. studied the quality
of billboard and thumbnail images displayed by streaming
services. This database contains JPEG-distorted still pictures
in 444/420 formats, representative of modern internet applications. They found that chromatic distortions, such as color
bleeding or jaggies, were induced by chroma subsampling.
However, these artifacts are often negligible, and are generally
only noticeable when viewed in side-by-side pairwise comparisons. They tend to be even more subtle when appearing on
video, where temporal masking effects often suppress faint
distortions.
B. Objective Video Quality Assessment Algorithms
Another closely related topic, objective video quality assessment, has been a long-standing and fundamental research problem. Generally, video quality prediction models are classified
as full-reference (FR), reduced-reference (RR), or no-reference
(NR), based on the availability of the high-quality reference
data. Here we only focus on the FR scenario, since it
may be assumed that ground-truth data is available in our
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target applications. Beyond the popular SSIM [4], [23] and
MS-SSIM [24] models, which are computationally simple,
numerous other powerful perceptual models have also been
proposed. These include the VIF index [25] which supplies
most of the features in VMAF, the MOVIE index [26],
ST-MAD [27], the VQM-VFD models [28]–[30], and many
others [31]–[38]. A few still picture (IQA) models [39]–[41]
have been designed to tackle chroma distortions, yielding improvements on the color-distorted images in the
TID2013 database.
Despite the commercial success of many perceptual quality
predictors, the pixel-wise PSNR is still a mainstream model,
especially in the testing of video codecs. Indeed, variants
of PSNR have been used in the context of codec comparison. During the coding process three PSNR values PSNRY ,
PSNRCb and PSNRCr are obtained. They are usually combined
to produce PSNR611 [42] or PSNR411 1 as the final quality
score:
k · PSNRY + PSNRCb + PSNRCr
.
(1)
PSNRk11 =
k+2
PSNR-HVS-M [43], perceptually-oriented extension of PSNR,
has been integrated into the Daala codec [44] for performance
evaluation. A recently proposed color-sensitivity-based combined PSNR (CS-PSNR) [20], uses perceptually optimized
weights on Y/Cb/Cr based on a subjective analysis of color
sensitivity. The MSE weight for each channel is inversely
proportional to just-noticeable unit area of a checkerboard
pattern. However, this model might be limited by its straightforward linear fusion of per-channel MSE’s. Again, chromatic
information is often neglected, or naively exploited, both in
the design of databases and in quality prediction algorithms.
III. S UBJECTIVE E XPERIMENT D ESIGN
Next we describe the key characteristics of the subjective
study that we conducted to capture human judgments of
compression distortion on both luma and chroma channels.
A. Generating Chroma Compression Distortions
In most modern video coding standards, the quantization
parameters (QP) for chroma components are not explicitly
designated. Instead, it is derived from the QP value of the luma
channel with a parameter chroma_qp_offset (the syntax name
may vary across different codec standards) that gives a certain
degree of flexibility. For example, syntaxes cb_qp_offset
and cr_qp_offset are defined in the High Efficiency Video
Coding (HEVC) standard. The offsets are first clipped to the
range [−12, 12], then added to the luma QP (denoted by QPY ):
QPi,Cb = QPY + clip[−12,12](cb_qp_offset),
QPi,Cr = QPY + clip[−12,12](cr_qp_offset).

(2)

Then, QPi,Cb and QPi,Cr are mapped to the QP values for Cb
and Cr:


QPCb = f QPi,Cb ,


(3)
QPCr = f QPi,Cr ,
1 used in libavfilter of ffmpeg

CHEN et al.: PERCEPTUAL VIDEO QUALITY PREDICTION EMPHASIZING CHROMA DISTORTIONS

1411

Fig. 4. Sample video frames extracted from the 21 video contents in the
new database.

using different QPY values. These unpleasant artifacts cannot
be created without modifying the video codec standards.
Fig. 3. Exemplar frames encoded using different QP values on luma and
chroma. (a) and (c) are encoded without increasing chroma QP values; (b) and
(d) are encoded with extreme chroma QP’s.
TABLE I
S PECIFICATION OF QP FOR C HROMA (QP C ) AS A F UNCTION
OF THE T RANSITIONAL VALUE QP I IN HEVC

where f (.) is a nonlinear mapping function normally implemented as a look-up table. Table I describes this function in
the HEVC standard. Consequently, a tremendous challenge
in generating realistic chroma compression distortions is that
the chroma_qp_offset parameter in all of the video compression standards are limited to the range [−12, 12], hence
one cannot directly produce compressed videos with arbitrary
chroma quantization levels distinct from the luma quantization
parameter.
As a preliminary step, we experimented with a “stitching"
method that generates two videos encoded at different QP
values. These are decoded, then the luma of the first is
combined with the chroma from the second. For example,
one can combine a luma component encoded with QP = 15,
with chroma components encoded with QP = 51 to create
extreme chroma distortion. While this approach is intuitive and
easy, it comes with a number of disadvantages. First, it does
not produce bitstreams for every distorted video, hence RD
performance is difficult or impossible to analyze. Moreover,
we noticed that distortions created by this approach can appear
very different from a real encoding result. Despite having the
same quantization in chroma channels, their predictor/residual
are considerably different. To address these shortcomings,
we decided to create true encoding results by removing
the clipping function (2) defined in the HEVC standard.
An example of distortion generated in this way can be found
in Fig. 3. As may be observed, both Figs. 3(b) and 3(d) show
severe color shiftings on the runners. They are not exactly
the same because of the different encoding outcomes from

B. Source Sequences
We selected 21 pristine Full High Definition (FHD) video
sources from amongst the Netflix movies and TV shows in
the Netflix catalog. These video frames were stored using
visually lossless JPEG2000 compression. When needed, they
were decoded to YUV420 format (YCbCr color space with
4:2:0 sampling). None of the videos contain audio components. Fig. 4 shows examples of some of the selected content.
The source videos have a variety of characteristics, such as
dark/bright scenes, static/action scenes, close ups of human
faces, and so on. All videos are about 8–10 second long and
all of them have a frame rate of 24 frames per second.
As a way of quantifying the low-level content of the videos,
we adopted the popular Spatial Information (SI), Temporal
Information (TI), and Colorfulness (CF) indices [11], [15],
[45], [46]. To obtain SI, the luma channel is processed by
horizontal and
 vertical Sobel filters to obtain responses sh and
sv . Let sr = sh2 + sh2 denote the edge magnitude at each pixel
location. The SI value is then simply the maximum standard
deviation of sr
 
(4)
SI = max σsr ,
t

where σsr are calculated on a per-frame basis, and t denotes
frame index. The TI value is computed as the standard
deviation of the differences between adjacent frame pairs


TI = max σIt ,
(5)
t

where It = It − It −1 is the pixel-wise difference between the
t th frame and the (t − 1)th frame. Finally, color information is
captured using CF index in [47], which is formulated as



2 + σ 2 + 0.3 μ2 + μ2
(6)
σrg
CF = max
rg
yb
yb ,
t

where rg = R − G and yb = 0.5(R + G) − B represent opponent color spaces, while μx and σx are the mean and standard
deviation of a plane x. Before calculating CF, we transformed
YUV420 to RGB444. As shown in Fig. 5, the reference videos
of our database widely span the SI-TI-CF space.
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Fig. 5. Scatter plots and corresponding convex hulls of Spatial Information
(SI), Temporal Information (TI), and Colorfulness (CF) of the video contents
in our database.

Fig. 6. Encoding complexity of each video content in the new database,
expressed as the bitrate derived by encoding them using libx264 with a fixed
CRF of 23.

In addition to the typical SI-TI-CF plots, we used another
strong indicator of video complexity. Specifically, we encoded
all video contents using libx2642 at a fixed Constant Rate
Factor (CRF) setting of 23. Then, the bitrate of each encoded
video was measured as an empirical indication of encoding
complexity [48] (intuitively, complex contents consume more
bits than simple contents at the same quantization level).
Figure 6 demonstrates that our video contents span a large
range of the bitrate spectrum at constant CRF, ranging from
less than 1.0 Mbps up to around 11.8 Mbps. Due to content
licensing restrictions, the video contents of the database cannot
be made available.
C. Encoding Space and Experimental Design
In subjective experiments of video quality, it is important
to carefully design the distortion space, such that the video
artifacts are perceptually well-separated and the number of
video distortions is not too large. A large number of video
distortions will either increase the average viewing time for
participants or the number of required participants, both of
which are undesirable in subjective lab tests.
We carefully selected three luma QP values such that their
VMAF distributions were separated, as demonstrated in Fig. 7.
In fact, the QP values give visually separated distortion levels
on most of contents. The quantization parameters we used
are summarized in Table II, where QPY represents luma QP,
and QPc represents chroma QP. For each QPY employed on
a content, three cb_qp_offset / cr_qp_offset settings, ranging
from 0 to 51, were assigned resulting in three different QPc
s. Aside from the two extreme values, we uniformly covered
the range of QPc for each content. For example, a content
encoded with QPY = 15 can bracket one set of QPc from the
sets {15, 21, 51}, {15, 27, 51}, or {15, 39, 51}. After the QP
2 https://trac.ffmpeg.org/wiki/Encode/H.264
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Fig. 7. VMAF scores of distorted videos against their luma QP. Each point
represents a distorted video in the dataset.
TABLE II
D ESIGN OF Q UANTIZATION D ISTORTION L EVELS IN THE N EW D ATABASE .
F OR E ACH C ONTENT, O NE OF THE T HREE VALUES IN THE B RACKETS
WAS S ELECTED FOR THE S TUDY

selection process, the resulting distorted videos were stored
for later display to the human participants.
Following standard practice, the subjective study sessions
were divided into several separate 30-minute viewing sessions, to avoid users’ and/or visual fatigue. In addition, every
subject’s sessions were separated by at least 24 hours, for
the same reason [49]. Hence, we designed a two-session
study as follows. The videos were assumed to have durations
of 10 seconds each (actually 8–10s), and both sessions presented the same 21 contents.
In the first session for each content, five distorted versions
of it and one pristine video were included for each content.
Therefore, the corresponding viewing time of the first session
was about

21.0 min = 10 sec × 21 ×

# of videos


(5 + 1)
 

.

(7)

distorted + pristine

Similarly, the viewing time of the second session was about
17.5 min = 10 sec × 21 × (4 + 1).

(8)

To allow for variations, 30 minutes were allocated to each
session, including the instructions given each subject in the
first session.
D. Viewing Conditions
During the study, all the videos and graphical user interface (GUI) were displayed using a 15 inch MacBook Pro
having a 0.391 m diagonal length and a 2880 × 1800 native
resolution retina display. During the subjective test, we set the
display resolution to 1920 × 1200. The display was positioned
at a viewing distance of about 0.610 m, which is approximately
equivalent to three times the height of the display monitor.
Also, the subjects were told not to modify their viewing
positions very much, while still remaining comfortable.
The laboratory environment for the subjective study followed the recommended viewing conditions in section 2.1.1 of
BT.500-11 [49]. The ambient illumination was fixed at a low
light level, the display brightness was held constant at 50% of
maximum throughout the study, and the automatic brightness
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adjustment feature was disabled to guarantee consistency of
brightness.
E. Study Instructions, Training, and Subjects
Each participant was asked to take a Snellen visual acuity
test and an Ishihara color test, to understand their state of
vision. If a subject normally used corrective lenses when
watching videos, they were asked to wear them to achieve
normal vision when participating in the study. Moreover, a set
of instructions were given to each subject explaining the
subjective testing process. They were asked to report opinion
scores expressive of their viewing experience on every video.
The detailed written instructions were given, followed by a
brief verbal exchange to ensure that the subjects understood
their tasks. In order to remove any possible rating biases,
the participants were requested not to base their judgments
on whether or not any video content was interesting. Finally,
the subjects were informed that there were no right or wrong
answers in the experiment.
As a practice, four “practice" videos were presented before
the actual study began. These videos were designed to be
broadly representative of the range of distortion types and
levels that the participants might experience during the actual
test. This “training session" facilitated the subject being
familiar with the study, and was only given in the first session.
The contents used for training were the same for all subjects
and were distinct from the actual test contents. The “testing
session" will be described in the next subsection.
The study was carried out over a three-week period at Netflix. In total, 34 subjects were voluntarily recruited. Roughly
half of the subjects were experts in the field of image/video
engineering while the others were average viewers. In terms
of visual acuity, 13 subjects (38.2%) possessed approximately
20/25 vision (slightly worse than ideal) while the others had
20/20 or better vision after correction. Only two participants
did not accurately recognize Ishihara Plates during the color
vision test, but were allowed to continue as being typical of
the populace. Interestingly, the two subjects who failed the
color vision test were able to perceive the chroma distortions,
and were not rejected as outliers.
F. User Interface and Test Methodology
The user interface was designed using PsychoPy3 [50],
which is an open source software often used in experimental
psychology and neuroscience research. We followed the single
stimulus procedure described in [51], whereby the videos were
displayed one after the other. Each video was displayed at
native resolution to prevent additional scaling artifacts. Two
1920 × 60 black bars were rendered at the top and the bottom
of the screen, respectively, to fill the 16:10 aspect ratio of the
MacBook Pro display.
At the end of each displayed video, a continuous Likert
scale of possible video quality scores was displayed on the
screen, as demonstrated in Fig. 8. The cursor was reset to
the center of the rating bar after each rating, to avoid bias.
Five equally spaced labels “Bad," “Poor," “Fair," “Good," and
“Excellent," were marked below the rating bar to help the subject understand the range and types of ratings they could apply.

Fig. 8. User interface employed in the subjective test: Likert rating bar for
the subject to submit a quality score for the video they completed viewing.

Fig. 9.
MOS distribution across the NFLX-Color database. A further
breakdown with respect to QPY were shown in each bin.

This Likert scale is similar to the ACR scale documented in
ITU-R [49]. To rate the videos, the subjects moved the red
inverted triangle cursor above the rating bar using the touchpad
on the MacBook Pro. After the subject decided a quality score
that corresponded to his or her perception, the subject was
asked to click on the Accept button to record the score and to
view the next video. After submitting the score, the position
of the sliding bar was converted to an integer quality score in
the range [1, 100]. Then, the next video clip was presented.
It should be noted that once a score was submitted, the name
and score of that video were written to file and could not be
changed. Of course, the video could not be viewed again.
In this way, we collected 6468 scores over 56 sessions from
34 subjects. In the following, we will refer to the videos
and the data collected during the subjective study as the
NFLX-Color (NFLXc ) video quality database.
IV. A NALYSIS OF THE S UBJECTIVE E XPERIMENT
The following subsections present an analysis of the subjective experiment results.
A. Data Processing
Given the raw scores collected from the study, subjective
Mean Opinion Scores (MOS) were then computed according
to the procedures detailed in [6]. Let si j k denote the raw score
assigned by the i -th subject on the video j in session k,
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Fig. 10. Examples of MOS Rate-Distortion curves for different chroma_qp_offset (denoted by QPc ) settings. The error bars indicate the 95% confidence
interval of each RD point.

where k ∈ {1, 2}. The raw scores were then converted into
z-scores for each session:
si j k − μik
zi j k =
,
(9)
σik

the other corner, where both luma and chroma were distorted
at the highest quantization level.

where μik and σik are the mean and the standard deviation
of the raw scores over all videos assessed by subject i in the
k th session. Then, the subject rejection procedure described
in ITU-R BT500.13 [52] was conducted to remove outliers.
After this procedure, we linearly scaled the remaining z-scores
to [0, 100]. The MOS of each video was the mean value of
the rescaled z-scores from the remaining subjects. In our study,
we used the SUREAL3 python package to calculate MOS with
subject rejection following the procedure described above, and
only 6 out of 34 subjects were rejected.

The Rate-Distortion (or Rate-Quality) curve is a common
tool for comparing different encoders or encoding settings in
lossy compression. In our study, we were able to collect the
bitstream and subjective quality score for each distorted video.
Given these results, we compared different chroma_qp_offset
(QPc ) settings, as shown in Fig. 10, by plotting MOS
against bitrate. A key result in these RD-curves is that,
when increasing QPc by 6 or 12 at a high bitrate, roughly
2.5%–17.2% of bits can be reduced without suffering losses
of perceptual quality. Occasionally, it may be observed that
a video with small QPc was slightly preferred over the
setting QPc = 0. This could be because both distorted
videos were of very high quality, whereby some subjects
were unable to distinguish differences in subjective quality,
i.e., this may be attributed to statistical noise. On the other
hand, the MOS sometimes dropped drastically even with slight
increments of chroma quantization, at low bitrate settings.
Towards understanding this, we observed more severe color
shifts due to the additional quantization that affects the low
frequency chroma components. It is possible that human
perception is sensitive to this distortion type. Additionally,
the percentage of bitrate reduction was not as significant as at
high bitrates. This observation has important implication for
encoding recipes: there is still room for perceptually optimizing coding efficiency, by better configuring VQA models to
align with human percepts of chroma distortion.

B. Analysis of Subjective Quality Scores
Figure 9 plots the distribution of MOS obtained by the
aforementioned procedures. Clearly, the MOS of the distorted
videos span the entire range of quality. A peak may be
observed at a high MOS region, since slightly increasing
the chroma QP (e.g. QPc = 6, 12) on the videos with
QPY = 15 did not affect subjective quality much. We also
computed the standard error of the subjective scores on each
video, obtaining an standard error ranging from 0.822 to
4.414, with an average value of 2.877. This indicates the
difficulty of the quality prediction task on specific contents
or distortions. We found bifurcated opinions from the subjects
occurred on combinations of a “clean” luma plane and severely
distorted chroma channels. This is understandable: the recipe
(QPY , QPc ) = (15, 51) is an encoding setting that does
not usually appear in daily life; hence they received more
inconsistent scores. On the contrary, consensus emerged on
3 https://github.com/Netflix/sureal

C. MOS Rate-Distortion Curves

D. Limitations of the Current Study
Introducing excessive chroma distortion is relatively new to
the construction of a video quality dataset. Despite our best
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TABLE III
P ERFORMANCE C OMPARISON OF C ANDIDATE C HROMATIC F EATURES : E ACH C ELL S HOWS THE SROCC VALUES OF A F EATURE A PPLIED ON Cb AND Cr
C HANNELS , E XPRESSED AS SROCC Cb / SROCC Cr . T HE B EST R ESULTS A MONG E ACH D ATASET A RE D ENOTED BY B OLDFACE . P LEASE R EFER
TO THE D ATASET A CRONYMS IN S ECTION VI-A.1

efforts, there are several limitations of this database. As with
most the lab-controlled subjective studies, the experiment was
hardly exhaustive. Although we designed a database having
reasonably comprehensive content and distortion types, it is
still circumscribed by several factors, such as the number of
subjects and the quantity of subjective quality labels. As a
result, constraints had to be made on the combinations of
contents and distortions.
In our experiment design, we only included distortion types
from luma and chroma compression. However, in real world
applications, such as adaptive streaming, resolution changes
are often used to optimize RD performance and can also
cause distortions (scaling artifacts). Also, studying videos
having distorted luma channels with pristine chroma channels
may be of interest. Due to the lack of capacity, we did
not include this distortion scenario in our dataset. Furthermore, recalling the preceding RD-curve examples in Fig. 10,
it was observed that bitrate reductions from heavier quantization of chroma only occurred in high bitrate regions.
Yet, the granularity of luma distortion levels was limited,
making it difficult to find a precise sweet spot to optimize a
codec.
V. O BJECTIVE V IDEO Q UALITY M ODEL D ESIGN
VMAF is a data driven video quality prediction framework that extracts a number elementary VQA features then
nonlinearly fuses these features by training a Support Vector
Regressor (SVR). The current version of VMAF extracts
the Additive Distortion Metric (ADM) [53] feature and
four Visual Information Fidelity (VIF) [25] features computed on different oriented frequency bands. The Temporal Information (TI) feature of VMAF is simply the average difference between consecutive frames. This is used
to capture temporal distortions associated with, or possibly causing motion or change. These six features are all
derived on the luminance component only. Of course, this
current limitation hinders VMAF from capturing chromatic
distortions.

A. Chromatic Features
Clearly, our goal is to find features that are expressive
of chromatic distortions and that can be used to benefit
the training of VQA models. To this end, we selected the
VMAF features, along with the well-known PSNR and SSIM
algorithms as candidates for the experiments on chroma
distortion. We then conducted a systematic evaluation to
understand the performances of these existing luma features
and algorithms when applied on chroma channels. It should
be noted that the chroma channels only have halved horizontal and vertical resulutions compared to luma, since we
used videos with YUV420 format for all the experiments.
Table III tabulates the obtained Spearman Rank Order Correlation Coefficients (SROCC) obtained on nine databases,
including NFLXc . The first thing to notice is that the two
most widely-used perceptual quality models (SSIM and VIF)
performed far below desired levels. This was possibly due
to the fact that they have been designed and extensively
tested only on luminance signals. However, it must also
be recognized that chromatic components possess different
statistical and scaling properties than luma components. Interestingly, the third scale of the ADM features (ADM(Cb)
s3
and ADM(Cr)
s3 ) achieved standout performance across most of
the databases. In particular, on NFLXc , it achieved close
to 0.9 of SROCC. This suggests that this feature is
highly consistent with the human perception context of
chromatic distortion. We also illustrate the multiscale
framework of the ADM feature in Fig. 11 for better
understanding.
The second observation that can be made is with regards to
the multiscale behavior of VIF and ADM: performance was
improved as the scale index was increased (lower frequency
subband). This is not surprising, since the human chromatic
contrast sensitivity functions (CSF) (red-green and blue-yellow
color opponents) [54]–[56] pass much lower ranges of frequencies than the luminance CSF. The human visual system
neglects higher frequencies when processing chromatic information.
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TABLE IV
SROCC P ERFORMANCE W ITH R ESPECT TO D IFFERENT Q UANTIZATION
S TEP S IZES R EPRESENTED BY N . T HE L AST ROW ( N = ∞) D ENOTES
THE F EATURES W ITHOUT Q UANTIZATION . P LEASE R EFER TO THE
D ATASET A CRONYMS IN S ECTION VI-A.1

Fig. 11. Framework of multiscale ADM features. The “LL" components from
Wavelet transform in each scale are the input of the next, which produces
different scales of ADM score iteratively. Larger scale index represents lower
frequency subband.

Ultimately, the feature vector used to learn the color VMAF
model, which we refer to as VMAFc , is expressed by
fVMAFc = [VIFs0 , VIFs1 , VIFs2 , VIFs3 , TI,

B. Learning a Color VMAF Model

(Cb)

(Cb)
ADMs3

(Cr)
ADMs3

We began by empirically including
and
as two additional features for training chroma-aware VMAF
models, given its exceptional performance on NFLXc . However, while the trained model significantly boosted correlation
on NFLXc , we discerned considerable performance degradation on other databases, especially LIVE-VQA. In fact, when
tested on LIVE-VQA, all of the chromatic features yielded
unsatisfactory SROCC, as may be seen in Table III. This may
have been because nearly half of the LIVE-VQA database
videos contain transient distortions produced by simulated
network losses, which may not be effectively captured by chromatic features. It is important to note that these distinct distortions are different from our training data (see Section VI-A),
posing additional challenges. In any case, without careful
training, the additional chroma features can lower performance.
In order to tackle this issue, we regularized the additional
chromatic features using a uniform quantization function.
A uniform quantizer with a parameterized quantization step
size  N = 1/N that maps a real value x ∈ (0, 1] to N discrete
values is given by
x̃ = Q N (x) =  N 

x
.
N

(10)

The spirit behind this approach is simple: when a feature is
excessively quantized, say, with N = 1, the feature becomes
a constant to the regression model. In this case, the quantized
variable cannot contribute to the model learning, resulting
in the same feature set as VMAF 0.6.1; conversely, as N
grows, the result becomes closer to the original feature. Thus,
the quantization function allows a flexible trade off in performance on NFLXc and the other databases. We studied the
effect of using different step sizes  N , and report the results
in Table IV. It may be seen that the SROCC performance on
LIVE-VQA and EPFL decreased as N was increased, whereas
a reversed trend was observed on NFLXc . Some databases,
such as VQEG, were less affected by varying step size. Based
on the results of Table IV, we chose N = 8 to quantize the
chroma ADM features.

(Cr)

˜ s3 , ADM
˜ s3 ].
ADM, ADM

(11)

(Cb)
˜ (Cb)
˜ (Cr)
The terms ADM
and ADM
and
s3
s3 denote the ADMs3
(Cr)
ADMs3 features quantized by (10). The finalized VMAFc
model was trained on the VMAF+ dataset [48], as we will
describe in section VI-B.

VI. O BJECTIVE V IDEO Q UALITY A SSESSMENT
E XPERIMENTS
A. Experimental Setup
1) Evaluation Datasets: In addition to NFLXc , we tested
the models on a variety of subjective VQA databases,
including LIVE VQA [6], LIVE Mobile (LIVE-MBL)4 [7],
NFLX [2], CSIQ VQA [8], BVI-HD [14], VQEG-HD3 [10],
EPFLPolimi [58], and SHVC [9]. These publicly available
datasets are commonly used to evaluate VQA models. They
contain a large variety of contents, resolutions, and distortion
types, such as MPEG4/H.264/HEVC compression, resolution changes, transmission errors, frame rate adaptations, and
so on.
2) Evaluation Criteria: To evaluate the performance of a
VQA model, we used the SROCC and the Pearson linear
correlation coefficient (PLCC), which are calculated between
the ground truth MOS and the predicted scores. The SROCC
measures the degree of monotonic relationship between two
variables, while the PLCC is computed after a logistic
mapping [59] to measure the degree of linear correlation
against MOS. Larger values of SROCC / PLCC indicate better
performance in terms of correlation with human perception. To compute the overall correlation, we applied Fisher’s
z-transform [60] to each correlation coefficient value r
z=

1 1+r
ln
,
2 1−r

(12)

then averaged them over all the test databases [48]. This
average value of transformed correlation coefficients is then
transformed back using the inverse function r = tanh (z).
4 We only used the mobile subset in LIVE Mobile
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TABLE V
OVERALL P ERFORMANCE C OMPARISON OF VQA A LGORITHMS : E ACH C ELL S HOWS THE SROCC AND PLCC VALUES OF AN VQA M ODEL E VALUATED
ON A S PECIFIC D ATABASE , E XPRESSED AS SROCC / PLCC. B OTH VMAF 0.6.1 AND VMAF C W ERE T RAINED ON THE VMAF+ D ATASET [48].
T HE T HREE B EST SROCC R ESULTS A MONG E ACH D ATASET A RE D ENOTED BY B OLDFACE

Fig. 12. Scatter plots and logistic regression curves of VMAF 0.6.1 / VMAFc / CSPSNR versus MOS on NFLXc dataset. The σ denotes the standard deviation
of the residuals between MOS values and f (x). We follow the style in [57].

3) Implementation Details: We used the libsvm package [61] to implement ν-SVR [62]. The effectiveness of
SVR depends on the selection of kernel, for which we
chose the radial basis function (RBF) with penalty parameter
C = 23 and kernel parameter γ = 2−3 . The parameters were empirically selected from a 2D grid of values
(C, γ ) ∈ {2−5 , 2−4 , . . . , 25 } × {2−5 , 2−4 , . . . , 25 }. Instead
of maximizing the overall performance, we selected a
sub-optimal parameter set satisfying a monotonicity property
(see Section VI-F), as well as ensuring an appropriate trade-off
between NFLXc and the other datasets. Before training or
inferencing, all of the features were linearly rescaled to [0, 1]
using min-max normalization. For the sake of simplicity and
stability, we used the arithmetic mean [63] to aggregate the
per-frame scores.
B. Overall Comparison
We evaluated the optimized VMAFc against a number
of popular FR IQA/VQA models: PSNR, PSNR411 ,
PSNR611 , CSPSNR [20], PSNR-HVS-M [43], SSIM [4],
MS-SSIM [24], ST-RRED [33], SpEED-QA [34],
ST-MAD [27], VQM-VFD [30], iCID [40], and VMAF
0.6.1 [2]. Since separate databases cannot be combined

into one in a simple way, most learning-based IQA/VQA
models are train/test on multiple databases independently
with cross validation. Under this setting, each dataset is
typically split into 80%-20% portions with respect to content
for training-testing, and the model parameters are searched
to maximize individual correlations. Nonetheless, this does
not give a general model that can be practically used and is
prone to database-specific biases. To avoid these problems,
we followed the benchmark criteria of VMAF, where models
are trained on a distinct dataset VMAF+ [48], then evaluated
on the others. VMAF+ is a large VQA dataset designed for
training VMAF, containing 522 distorted videos subjected
to different levels of scaling and compression artifacts.
The performance results are shown in Table V and plots
of model predictions versus MOS are shown in Fig. 12.
With further investigation, we observed that the outliers
in the scatter plot of VMAF 0.6.1 are mostly the videos
with (QPY , QPc ) = (15, 51), where chroma distortions were
decoupled from luma. These are the instances which VMAF
0.6.1 failed the most.
From these results, we can draw a number of interesting
conclusions. The first thing to notice is the performance
on the NFLXc dataset. The best performer among all the
VQA models, except VMAFc and iCID, only reaches SROCC
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TABLE VI
R ESULTS OF S IGNIFICANCE T ESTS B ETWEEN THE P ERFORMANCES OF VQA M ODELS ON THE NFLX C D ATASET. E ACH C ELL S HOWS THE S TATISTICAL
S IGNIFICANCE OF SROCC AND PLCC. A VALUE OF ‘1’ I NDICATES T HAT THE ROW H AS S TATISTICALLY H IGHER C ORRELATION C OEFFICIENT
T HAN THE C OLUMN , W HILE ‘0’ S IGNIFIES T HAT THE C OLUMN H AS S TATISTICALLY L OWER C ORRELATION C OEFFICIENT T HAN THE ROW.
A S YMBOL OF ‘-’ I NDICATES N O S TATISTICAL D IFFERENCE B ETWEEN THE C ORRELATION C OEFFICIENTS OF ROW AND C OLUMN

slightly higher than 0.6, whereas VMAFc outperformed most
of the other methods, achieving 0.82 SROCC. This improvement over VMAF 0.6.1 is understandable, since the chromatic features were efficiently integrated. It may also be
found that VMAFc performed marginally worse than VMAF
0.6.1 on some databases. Overall, a gain of about 0.01 in
both SROCC / PLCC was achieved by VMAFc . Regarding
the training set of VMAFc , it should be noted that the
VMAF+ dataset does not incorporate any videos with the
setting of QPc , yet a remarkable performance improvement
is still attained on NFLXc . This is quite significant, since
unlike other databases, NFLXc allows the measurement of
performance on compressed videos with independent chroma
compression, which as we have shown, can result in significantly improved perceptual rate-distortion optimization.
Despite being the top-performer on NFLXc , the iCID model
failed on many of the other datasets with an overall SROCC
performance of 0.766, making it hard to justify its use in
practical applications.
When comparing PSNRY , PSNR411 , PSNR611 , and CSPSNR, it may be observed that the levels of performance
attained by the PSNR family are quite poor. However, when
tested on NFLXc , CSPSNR did better than PSNR411 and
PSNR611 , which promotes the result reported in [20].
C. Significance Test
We further analyzed the statistical significance of model
performances as expressed by the SROCC and PLCC values
reported in Table V, following the recommended procedure in
section 7.6.1 of ITU-T Rec. P.1401 [60]. The test uses statistics
derived from Fisher’s-z transformed correlation coefficients in
each comparison, compared with the 95% two-tailed Student’s
t-test critical value. Table VI shows the results of the statistical
significance tests.
From the results shown in the table, it may be observed that
iCID and VMAFc statistically surpassed all the other models,
since most of them only utilize luminance information. Unsurprisingly, PSNRY performed significantly worse than most of
the models. It may also be noticed that there was no statistical

TABLE VII
C OMPARISON A GAINST D EEP L EARNING BASED VQA M ODEL

difference observed when comparing the other models. This
is likely because the test methodology was too conservative,
given the limited sample size used to calculate correlation
coefficients. However, the VMAFc model was still statistically
better than most of the other models under this protocol.
D. Comparison With a Deep Learning Based VQA Model
Recently, deep convolutional neural networks have been
shown to deliver standout performance on a wide variety of
applications. In the field of video quality, a full-reference
model called DeepVQA [64] has been proposed, that
achieves state-of-the-art performance on the LIVE-VQA and
CSIQ-VQA datasets. Unfortunately, the authors of DeepVQA
could not provide a trained model that can be tested on
all the VQA datasets. To fairly compare DeepVQA against
VMAF / VMAFc , we followed the train-test split that yielded
the median performance of the DeepVQA-4ch model provided
by the authors in [64]. We re-trained the VMAF models
on each dataset with the same parameters (C, γ ) as the
original model for simplicity. The results of the performance
comparison are shown in Table VII. We report both the
DeepVQA-4ch model and the best-performing DeepVQACNAN model. The values for the DeepVQA models are taken
from Tables III and IV in the original paper [64]. Overall,
DeepVQA yielded slightly worse SROCC / PLCC performance
than VMAF and VMAFc on LIVE-VQA, while performing
much better on CSIQ-VQA. This is because CSIQ-VQA
mostly contains legacy distortions, such as additive white
noise (AWGN) and simulated wireless transmission loss,
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TABLE VIII
C ROSS D ATASET C OMPARISON OF THE VMAF C M ODEL . E ACH C ELL S HOWS THE SROCC P ERFORMANCE OF T RAINING ON THE D ATASET IN THE ROW
AND T ESTING ON THE D ATASET IN THE C OLUMN . T HE B EST OVERALL P ERFORMANCE I S H IGHLIGHTED IN B OLDFACE

which are of little interest in modern video streaming scenarios. The results also indicate that deep neural networks
have the potential to learn good features, including chroma,
for assessing video quality.
E. Cross-Database Comparison
In addition to analyzing model performance on one training
dataset, we investigated the effects of using different datasets
to train VMAFc , with results reported in Table VIII. Using the
10 available VQA databases, we trained the SVR model (with
feature fVMAFc ) on each dataset, then tested on the others. Due
to the differences between the datasets, using the same parameters (C, γ ) = (23 , 2−3 ) yielded unsatisfactory performance
on some training sets. Therefore, for fair comparison, we separately searched the SVR parameters on a 7 × 7 grid on each
dataset to optimize the overall performance. The experimental
results clearly shows the outstanding performance attained
by using VMAF+ as the training data. Also, the SROCC
attained when testing on NFLXc was generally greater than
0.7, among the different training sets. This strongly suggests
the robustness of the added chromatic features. It should be
noted that the performance results on the VMAF+ training set
differ slightly from the results reported in Table V, due to
different optimization objectives.
F. Monotonicity Analysis
Lastly, we study the monotonicity property of the trained
models. Ideally, a VQA model should satisfy the following
property: when the chroma_qp_offset parameter is increased,
while fixing the other parameters, the predicted quality score
M should be monotonically non-increasing. That is, given
two chroma_qp_offset values QPc,1 ≤ QPc,2 , then we
desire that M1 ≥ M2 . Similarly, if chroma_qp_offset is fixed,
the predicted quality score should decrease or maintain at the
same level, as the CRF is increased. This would allow the
model to be used for constructing bitrate ladders and for
calculating BD-rate.
We collected 15 test video contents of 1080p resolution
and YUV420 format from Xiph Video Test Media5 to conduct the experiment. The source videos were encoded at
5 https://media.xiph.org/video/derf/

Fig. 13.
Monotonicity analysis for variants of trained VMAF models.
(a) and (b) are the predictions from VMAF 0.6.1 and VMAFc (averaged
over 15 sequences), respectively. (c) and (d) show failed cases of a model
trained with (C, γ ) = (23 , 22 ) using the same features as VMAFc , but without
quantization.

3 different CRF values: 15, 25, and 35. At each CRF level,
we further assigned 8 equally separated QPc steps, ranging
from 0 to 42. As shown in Fig. 13, VMAF 0.6.1 delivered
a flat result with respect to QPc , as should be expected,
since its features only ingest luma information. By contrast,
the perfectly monotonic plot given by VMAFc indicates that
the additional chromatic features were properly integrated.
It may be observed in Fig. 13(b) that the plot for CRF = 35
saturates fast. This is because the quantization parameter in (3)
already reaches its maximum value of 51 at QPc = 24.
We also demonstrated the merit of this analysis by a fail case
in Figs. 13(c), 13(d): this model achieves 0.730 of SROCC
on the NFLXc dataset, which is a substantial improvement
as compared with the 0.612 of SROCC of VMAF 0.6.1.
Unfortunately, the monotonicity property does not hold individually or on average, which suggests the possibility of
overfitting.
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VII. C ONCLUSION AND F UTURE W ORK
We constructed a subjective video quality study and database to support the design of algorithms that can better
predict the quality of chromatically distorted videos. This
new resource contains HEVC-compressed video contents,
spanning wide ranges of quality levels applied differently
on a per-channel basis. We also improved an existing highperforming, learning based VQA model (VMAF) by integrating two simple features extracted from chroma channels,
and compared the performance of the new chroma-sensitized
model against several leading objective VQA algorithms. The
new VMAFc model was found to be the top performer on the
new chroma distortion dataset NFLXc .
We hope that this work encourages increased awareness of
ways to address chromatic distortions in the design of quality
models, databases, and future compression protocols. The
results from our human study indicate that there is room for
improvement in the perceptual coding efficiency of modern
video codecs, by increasing the compression factor on chroma
channels. With the improved video quality model, it is possible
to jointly optimize luma and chroma compression in video
encoders. For example, the chroma components could be
further subsampled or quantized without suffering perceptual
fidelity.
Next, we plan to seek new chromatic features that can be
used to both effectively capture chroma distortions, as well as
preserve performance on luminance distortions. Investigating
more sophisticated machine learning models is also of interest.
Although compression engines create the most prevalent and
common artifacts in streaming video scenarios, there exist
other important sources of chromatic distortions, such as
subsampling and chroma noise. Creating databases and VQA
algorithms that address different kinds of realistic chromatic
distortions would be quite valuable. New distortion types
emerging from deep video processing problems [65], [66]
are also worthy of study. Looking further ahead, developing
protocols to optimize video encoders by exploiting improved
models of chromatic distortion perception is an intriguing topic
of potentially high practical impact.
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