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Abstract— Objective quality assessment of stereoscopic
3D video is challenging but highly desirable, especially in the
application of stereoscopic video compression and transmission,
where useful quality models are missing, that can guide the
critical decision making steps in the selection of mixed-resolution
coding, asymmetric quantization, and pre- and post-processing
schemes. Here we first carry out subjective quality assessment
experiments on two databases that contain various asymmetrically compressed stereoscopic 3D videos obtained from mixedresolution coding, asymmetric transform-domain quantization
coding, their combinations, and the multiple choices of postprocessing techniques. We compare these asymmetric stereoscopic video coding schemes with symmetric coding methods
and verify their potential coding gains. We observe a strong
systematic bias when using direct averaging of 2D video quality
of both views to predict 3D video quality. We then apply a
binocular rivalry inspired model to account for the prediction
bias, leading to a significantly improved full reference quality
prediction model of stereoscopic videos. The model allows us to
quantitatively predict the coding gain of different variations of
asymmetric video compression, and provides new insight on the
development of high efficiency 3D video coding schemes.
Index Terms— Video quality assessment, stereoscopic video,
3D video, asymmetric compression, mixed-distortion.

I. I NTRODUCTION

W

ITH the fast development of 3D acquisition, communication, processing and display technologies, automatic
quality assessment of 3D images and videos has become
ever important. Objective quality assessment of stereoscopic
images/videos is a challenging problem [1], especially when
the distortions are asymmetric, i.e., when there are significant
variations between the types and/or degrees of distortions
occurred in the left- and right-views. Recent subjective studies
suggested that in the case of symmetric distortions of both
views (in terms of both distortion types and levels), simply
averaging state-of-the-art 2D image quality assessment (IQA)
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or video quality assessment (VQA) measures of both views
is sufficient to provide reasonably accurate quality predictions
of stereoscopic images [2]–[5] and stereoscopic videos [6].
In particular, in [2], it was shown that averaging peak-signalto-noise ratio (PSNR), structural similarity (SSIM) [7], multiscale SSIM (MS-SSIM) [8], universal quality index (UQI) [9],
and visual information fidelity (VIF) [10] measurements of
left- and right-views performs equally well or better than the
advanced 3D-IQA or 3D-VQA models [11]–[19] on LIVE
3D Image Database Phase I [2]. Similar results were also
observed in [3], where averaging SSIM and MS-SSIM measurements of both views outperformed advanced 3D-IQA
models [11], [12], [15], [18]–[20] on LIVE 3D Image Database Phase II [21]. Compared with the case of symmetric
distortions, quality assessment of asymmetrically distorted
stereoscopic images is much more challenging. In [3] and [22],
it was reported that there is a large drop in the performance of
both 2D-IQA and 3D-IQA models from quality predictions of
symmetrically to asymmetrically distorted stereoscopic images
on LIVE 3D Image Database Phase II and Waterloo-IVC
3D Image Database Phase I and Phase II. On the other hand,
our previous work [5] revealed a strong distortion type dependent prediction bias when predicting quality of asymmetrically
distorted stereoscopic images from single-views.
Studying the impact of asymmetric distortions on the quality
of stereoscopic images not only has scientific values in
understanding the HVS, but is also desirable in the practice of
3D video compression and transmission. The distortions
involved in 3D video coding/communication are not only
compression artifacts. The practical encoder/decoder also
needs to decide on whether deblocking filters need to be
turned on, and whether mixed-resolution of the left/rightviews should be used. Mixed-resolution coding, asymmetric
transform-domain quantization coding, and postprocessing
techniques (deblocking or blurring) can be employed
individually or collectively. Previously, with regard to
transform-domain quantization coding, Saygili et al. found
that asymmetric coding can perform better than symmetric
coding when the lower quality view is encoded above a
threshold value [23]. The subjective studies in [24] showed
that stereoscopic asymmetry introduced by way of asymmetric
blurriness is preferred over asymmetric blockiness, which
is agreed by [25], where low-pass filtering shows no
negative effect on the perceived 3D quality, sharpness and
depth. In 1992, Perkins [26] introduced the idea of mixedresolution coding for stereoscopic video and implemented a
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TABLE I
S UMMARY OF E XISTING 3D V IDEO Q UALITY D ATABASES

mixed-resolution coding scheme with a subsampling factor
of 4, which can reduce the bit rate by 46% and resulted
in little subjective degradation in picture quality and only
moderate degradation in perceive depth. Brust et al. conducted
subjective and objective tests on full and mixed-resolution
stereo video coding with a downsampling factor of 2 [27].
Experimental results showed that at low bit rates mixedresolution coded sequences have better perceptual qualities
and the optimal bit rate allocation strategy is 30% to 35% of
the total bit rate for the lower quality view. In [28], different
vertical and horizontal spatial low-pass filtering on the
right-view video were applied and subjective results showed
that the perceived spatial quality and sharpness have a strong
tendency towards the higher quality view and the perceived
depth was unaffected. Aflaki et al. investigated the extent of
downsampling ratios that can be applied to a low quality view
without a noticeable degradation on the 3D quality [29]. They
also compared the coding efficiency of symmetric quantization
coding, asymmetric quantization coding and mixed-resolution
coding and found that mixed-resolution coding can pronounce
a similar 3D quality to that of symmetric coding with a
significantly reduced computational complexity. Several observations in [22] provide useful implications on stereoscopic
image/video coding. Specially, for JPEG compression,
3D image quality is more affected by the poorer quality view;
while for blur, 3D image quality is more affected by the
better quality view. Such distortion type dependency is more
pronounced for strong asymmetric distortions. Moreover, for
mixed-distortion types, when one view is JPEG compressed
and the other is blurred, the JPEG compressed view dominates
quality judgement regardless of their distortion levels. These
observations suggest that simply coding one view at high
rate and the other at low rate may not be a wise choice. This
also suggests that a significant coding gain may be achieved
by mixed-resolution coding, followed by postprocessing
techniques. However, in the literature, systematic studies
on subjective and objective quality assessment of these
variations of asymmetric stereoscopic video coding are still
lacking, making it difficult to directly compare different
coding strategies, nor to derive 3D-VQA models to guide
asymmetrical 3D video coding.
In this work, we first carry out subjective quality assessment
experiments on two databases that contain various asymmetrically compressed stereoscopic 3D videos created by mixedresolution coding, asymmetric transform-domain quantization

coding, their combinations, and multiple choices of postprocessing techniques. We compare different variations of
asymmetric stereoscopic video coding schemes with symmetric coding methods and verify their potential coding gains.
We also observe a strong systematic bias when using direct
averaging of 2D video quality of both views to predict
3D video quality. We then apply a binocular rivalry inspired
model to account for the prediction bias, leading to a significantly improved full reference quality prediction model for
stereoscopic videos. The model allows us to quantitatively predict the coding gain of different variations of asymmetric video
compression, and provides new insight on the development of
high efficiency 3D video coding schemes.
II. R EVIEW OF P REVIOUS 3D-VQA S TUDIES
To the best of our knowledge, there are currently 7 subjectrated video databases that are commonly recognized in the
3D-VQA research community. Table I lists these databases
with detailed descriptions.
Existing objective 3D-VQA methods may be grouped into
two categories. The first type of approaches are built directly
upon successful 2D-IQA/VQA methods. In [38] and [39],
2D-IQA measures, including PSNR, SSIM, and video quality
metric (VQM) [40], were applied to the left- and right-view
images/videos of 3D videos separately and then combined to
a 3D quality score. Both experimental results showed that
VQM performs better than PSNR and SSIM. In [41], PSNR
and VSSIM [42], which is a version of SSIM adapted for
video, were compared to measure the perceptual 3D quality
and the VSSIM was found to be closer to the subjective
evaluation results. In [30], PSNR and MS-SSIM were applied
to estimate 3D image quality and overall 3D qualityof-experience. The subjective testing results showed that
MS-SSIM slightly outperforms PSNR with respect to both
3D visual experience criteria.
The second type of 3D-VQA approaches focus on building 3D quality models directly without relying on existing
2D-IQA/VQA algorithms. Zhu and Wang [17] proposed a
3D-VQA model by considering depth perception and their
experimental results showed that it performs better than MSE
and PSNR. In [43] and [44], Jin et al. proposed a 3D-VQA
model based on 3D-DCT transform. Similar blocks from
left- and right-views are found by block-matching, grouped
into 3D stacks and then analyzed by 3D-DCT. The experimental results showed that the model outperforms PSNR, SSIM,
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Fig. 1. Sample frames from the pristine videos used in the subjective study. Only the right-views are shown here. Phase I: (a) Balloons, (b) Book, (c) Kendo,
(d) Lovebird; Phase II: (e) Barrier, (f) Craft, (g) Laboratory, (h) Soccer, (i) Tree, ( j ) Dancer.

MS-SSIM, and UQI on Tampere 3D Video Database [32].
In [45], a SSIM-inspired 3D-VQA model using depth map
segmentation was proposed followed by an extensive subjective test. The results indicated that the model can predict
perceived 3D video quality effectively. In [46], an objective
3D-VQA algorithm using blocking artifacts, blurring in edge
regions, and video quality difference between two views was
proposed. The subjective testing results showed that the model
outperforms SSIM and VQM. In [31], a binocular suppression
inspired StSD metric was proposed based on a comprehensive subjective study. The results indicated that the StSD
model significantly outperforms SSIM and the aforementioned
3D-VQA models [43], [46] on StSD 3D Video Database [31].
III. S UBJECTIVE S TUDY
A. WATERLOO-IVC 3D Video Quality Databases
Phase I and Phase II
The new Waterloo-IVC 3D Video Quality Database
Phase I [6] is created from 4 pristine multi-view 3D videos,
i.e., Balloons, Book, Kendo, and Lovebird, which are
commonly used 3D HEVC testing sequences. The new
Waterloo-IVC 3D Video Quality Database Phase II is created
from 6 pristine stereoscopic 3D videos, i.e., Barrier, Craft,
Laboratory, Soccer, Tree, and Dancer, which were collected
from previous subjective 3D video quality studies [34], [47].
All source video sequences in Phase I and Phase II were
examined and selected by multiple members of the Lab for
Image and Vision Computing at University of Waterloo to
make sure that they have good 3D effects and do not cause
any obvious visual discomfort [48]–[51]. The details of the all
test videos are given in Table II. All videos are in YUV4:2:0
format. Sample frames for each test sequence are shown
in Fig. 1.
Waterloo-IVC 3D Video database Phase I include stereoscopic 3D videos obtained from symmetric and asymmetric
transform-domain quantization coding followed by different
levels of low-pass filtering. Each single-view video was
compressed using an HEVC encoder [52] by five levels
of transform-domain quantization with QP = {25, 35, 40,
45, 50} in low-delay main profile. The single-view videos
were employed to generate compressed stereoscopic videos,

TABLE II
T EST V IDEOS IN WATERLOO -IVC 3D V IDEO D ATABASES
P HASE I AND P HASE II

either symmetrically or asymmetrically. There are 11 different
kinds of combinations as listed in Table III. The lower and
higher QP views are assigned to the left-view or the right-view
randomly. Moreover, for each QP combination, four levels of
Gaussian low-pass filtering with σ = {0, 3.5, 7.5, 11.5} are
applied to the higher QP (lower quality) views. Altogether,
there are totally 176 3D videos in the database.
Waterloo-IVC 3D Video database Phase II include various stereoscopic 3D videos obtained from mixed-resolution
coding, asymmetric transform-domain quantization coding,
their combinations, and different levels of low-pass filtering.
Three choices of pre-processing, i.e., pre-downsampling by 2,
pre-downsampling by 4, and pre-processed Gaussian lowpass filtering with σ = 2.5, are applied to each single-view
video. Then the single-view video was compressed using an
HEVC encoder [52] by different levels of transform-domain
quantization with QP = {25, 30, 35, 40, 45} in low-delay main
profile. The single-view videos were employed to generate
compressed stereoscopic videos after upsampling if needed,
either symmetrically or asymmetrically. Table III categorizes
all combinations into nine groups with detailed descriptions.
The lower- and higher-quality views are assigned to the leftor right-view randomly. Moreover, for each combination, two
levels of Gaussian low-pass filtering with σ = {3.5, 5.5} are
applied to the lower-quality views. Altogether, there are totally
222 2D videos and 528 3D videos in the database.
There are two unique features of the new databases (including both Phases I and II) when compared with existing
publicly known 3D-VQA databases. First, these are the only
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TABLE III
T EST V IDEOS IN WATERLOO -IVC 3D V IDEO D ATABASES P HASE I AND P HASE II

databases that allow us to perform subjective test on both
2D and 3D videos. The inclusion of 2D videos allows us
to directly examine the relationship between the perceptual
quality of stereoscopic video and that of its single-view
videos. This is advantageous against previous studies which
do not have ground truth of 2D video quality but have to
rely on objective 2D-VQA measures to provide estimates.
Second, these are the only databases that contain asymmetrically compressed stereoscopic videos from mixed-resolution
coding, asymmetric transform-domain quantization coding and
their combinations, followed by different levels of low-pass
filtering. This provides the potential of a much stronger test
on 3D-VQA models on their generalizability to real world
applications. Such test has been largely lacking in previous
studies where the development of objective 3D-VQA models
only took into account asymmetric distortions of specific
and very limited distortion types such as compression only.
Meanwhile, a broader variety of test scenarios allows us
to perform a more comprehensive comparison on different
variations of asymmetric stereoscopic video coding schemes
with symmetric coding methods and thus to evaluate their
potential coding gains.
B. Subjective Test
The subjective test was conducted in the Lab for Image
and Vision Computing at University of Waterloo. The test
environment has no reflecting ceiling walls and floor, and was

TABLE IV
V IEWING C ONDITIONS IN THE S UBJECTIVE T EST

not insulated by any external audible and visual pollution.
An ASUS 27” VG278H 3D LED monitor with NVIDIA 3D
Vision™2 active shutter glasses is used for the test. The
default viewing distance was 3.5 times the screen height. In the
actual experiment, some subjects did not feel comfortable with
the default viewing distance and were allowed to adjust the
actual viewing distance around it. The details of the viewing
conditions are given in Table IV.
In Phase I, twenty-two naïve subjects, 12 males and
10 females aged between 22 and 35, participated in the study.
In Phase II, thirty-two naïve subjects, 20 males and 12 females
aged between 24 and 37, participated in the study. A 3D vision
test (Random dot stereo test) was conducted first to verify their
ability to view stereoscopic 3D content and no one failed the
vision test. As a result, a total of twenty-two and thirty-two
subjects proceeded to the formal test in Phase I and Phase II,
respectively. While a visual acuity test was not performed in
this study, a verbal confirmation was obtained prior to the
experiment and subjects were asked to use their eyeglasses or
contact lenses to correct their visual acuities.
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TABLE V
p-VALUES F ROM THE O NE -S AMPLE t -T EST FOR D IFFERENT
T EST V IDEO G ROUPS

Fig. 2. The procedure of the subjective test in Waterloo-IVC 3D Video
Database Phase I and Phase II.

The subjects were asked to evaluate their overall 3D viewing
experience − 3D Video Quality (3DVQ) in this study. Since
to visualize every stereoscopic 3D video, the subjects need to
make readjustment so as to adapt to the content of the scene
and establish 3D perception, using a double stimulus approach
leads to interruptions of the viewing experience. To reduce
this effect, we opt to the single stimulus procedure using an
11-grade numerical categorical scale (SSNCS) protocol.
A general introduction was given at the beginning of the
whole test, and more specific instructions and training session
were given afterwards. The rating strategy was introduced
and the subjects were required to practice by giving scores to
training 2D/3D videos until they fully understood the criteria
and built up their own scoring strategies. For both Phase I
and Phase II tests, we use three types of videos in the training
phase: pristine 2D/3D videos, moderately distorted
2D/3D videos, and highly-distorted 2D/3D videos. The
subjects were told to give scores at the high end (close to
10 pts) to the pristine 2D/3D videos, at the mid-range to
the moderately distorted 2D/3D videos, and at the low end
(close to 0 pts) to the highly-distorted videos. With regard
to Phase II, we also found that the 2D perceptual quality of
left- and right-view videos are very close to each other at the
same compression or postprocessing levels, and the difference
in their mean opinion scores (MOS) is negligible. Thus
in order to control the scale of this subjective experiment,
only one of the views were tested (randomly picked) in
Group 2D.1 to Group 2D.4 in the formal test.
Most stimuli were shown once in each test. However, there
were 12 repetitions for single-view or stereoscopic videos,
which means that for each subject, her/his first 12 single-view
or stereoscopic videos were shown twice. The order of
stimuli was randomized and the consecutive testing stereoscopic videos were from different source contents. There are
three sessions for the 3D test in Phase I, while in Phase II,
there are three sessions for the 2D test and nine sessions for
the 3D test. Each single session, where around 80 single-view
or 60 stereoscopic videos were evaluated, was finished in
15 to 20 minutes. Sufficient relaxation periods (5 minutes
or more) were given between sessions. Thus in Phase I all
sessions were finished in 2 hours in one day. In Phase II, the
test was scheduled on two consecutive days for each subject.
Day 1 (2 to 2.5 hours) was dedicated to all 2D sessions and
the first three 3D sessions and Day 2 (2 to 2.5 hours) to the
remaining six 3D sessions. Fig. 2 shows the detailed procedure
of our formal subjective test.

Moreover, we found that repeatedly switching between
viewing 3D videos and grading on a piece of paper or a
computer screen is a tiring experience. To overcome this
problem, we asked the subject to speak out a score between 0
and 10, and a customized graphical user interface on another
computer screen was used by the instructor to record the
scores. All these efforts were intended to reduce visual fatigue
and discomfort of the subjects.
C. Impact of Eye Dominance
Eye dominance is a common visual phenomenon, referring
to the tendency to prefer the input from one eye to the other,
depending on the human subject [53]. When studying visual
quality of asymmetrically compressed stereoscopic videos, it
is important to understand if eye dominance plays a significant
role in the subjective test results. For this purpose, we carried
out a separate analysis on the impact of eye dominance
in the perception of asymmetrically compressed stereoscopic
videos in Phase II. The side of the dominant eye under static
conditions was checked first by Rosenbach’s test [54]. This
test examines which eye determines the position of a finger
when the subject is asked to point to an object. Among thirtytwo subjects who finished the formal test in Phase II, thirteen
subjects (8 males, 5 females) are left-eye dominant, and the
others (12 males, 7 females) are right-eye dominant.
The 3DVQ MOS scores for each video in Phase II were
computed for left-eye dominant subjects and right-eye dominant subjects, denoted as 3DVQL and 3DVQR , respectively.
We employed the one-sample t-test to obtain a test decision
for the null hypothesis that the difference between 3DVQL
and 3DVQR , i.e., 3DVQD = 3DVQL − 3DVQR , comes from
a normal distribution of zero-mean and unknown variance.
The alternative hypothesis is that the population distribution
does not have a mean equaling zero. The result h is 1 if
the test rejects the null hypothesis at the 5% significance
level, and 0 otherwise. The returned p-values for different
test video groups are reported in Table V. From Table V,
it can be seen that the null hypothesis cannot be rejected at the
5% significance level, which indicates that the impact of eye
dominance in the perception of asymmetrically compressed
stereoscopic videos is insignificant.
It is worth noting that similar conclusions were reached in
our earlier studies on the impact of eye dominance on the
quality of asymmetrically distorted stereoscopic images [22]
and on the depth perception induced by stereo cues of asymmetrically distorted stereograms [55]. These observations are
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TABLE VI
P ERFORMANCE C OMPARISON OF 2D- TO -3D Q UALITY P REDICTION
M ODELS ON WATERLOO -IVC 3D V IDEO D ATABASES

Fig. 3.
3DVQ-MOS versus predictions from 2DVQ-MOS values of
2D left- and right-views on Waterloo-IVC Phase II. (a) Average of
2DVQ-MOS. (b) Weighted average of 2DVQ-MOS by the proposed method.

consistent with the “stimulus” view of rivalry that is widely
accepted in the field of visual neuroscience [56]. A comprehensive review and discussion on “stimulus” rivalry versus
“eye” rivalry can be found in [56] and [57].
IV. A NALYSIS AND F INDINGS
A. Relationship Between 2D and 3D Video Quality
Following the previous work [7], the raw 2DVQ and 3DVQ
scores given by each subject were converted to Z-scores [58],
respectively. Then the entire data sets were rescaled to fill the
range from 1 to 100 and the MOS scores for each 2D and
3D video, i.e., MOS-2DVQ and MOS-3DVQ, were computed
after removing outliers [59]. Given the subjective 2D and 3D
data, we are interested in how single-view 2D video quality
predicts stereoscopic 3D video quality, especially for the case
of asymmetrically compressed and post-processed stereoscopic
videos. The most straightforward 2D-to-3D quality prediction
method is to average the qualities of the left- and rightview videos. Table VI shows the Pearson’s linear correlation
coefficient (PLCC), Spearman’s rank-order correlation coefficient (SRCC), and Root Mean Squared Error (RMSE) between
3DVQ-MOS scores and average 2DVQ-MOS scores (Phase II
Only), where the 2D-IQA/VQA measurements include
PSNR, SSIM, MS-SSIM, information content weighted SSIM
(IW-SSIM) [60], and VQM for all stereoscopic videos in
Phase I and Phase II. Table VII and VIII reports PLCC, SRCC,
and RMSE values for different test video groups in Phase I
and Phase II, respectively. PLCC and RMSE are adopted to
evaluate prediction accuracy [61] and SRCC is employed to
assess prediction monotonicity [61]. Higher PLCC and SRCC
and lower RMSE indicate better consistency with human
opinions of quality. PLCC and RMSE are usually computed
after a nonlinear mapping between the subjective and objective
scores and the results may be sensitive to the choice of the

mapping function. SRCC is nonparametric rank order-based
correlation metrics, independent of any monotonic nonlinear
mapping between subjective and objective scores but do not
explicitly estimate the accuracy of quality prediction.
In Table VII and VIII, we first compare the performance of
symmetrically compressed 3D videos without postprocessing
against asymmetrically compressed 3D videos without postprocessing. Unsurprisingly, accurate predictions are obtained
in the category of symmetrically compressed 3D videos.
By contrast, the performance drops for asymmetrically
compressed 3D videos. In [62], we reported that for JPEG
compression, average prediction overestimates 3D quality (or
3D quality is more affected by the poorer quality view). More
importantly we found that for blockiness, the bias of the averaging prediction model increases with the level of distortions,
and thus whether the bias is pronounced depends on the quality
range being investigated. With respect to blockiness created
from HEVC compression, this overestimated prediction bias
is still pronounced, but not as strong as JPEG compression,
which is likely due to the reduction of blocking artifacts in
HEVC.
We then compare the performance of compressed 3D videos
without postprocessing against compressed 3D videos with
postprocessing. From Table VII and VIII, it can be observed
that the direct averaging model performs well for 3D videos
without postprocessing (by Gaussian blurring). By contrast,
the correlation values drop significantly for videos with postprocessing. The Fig. 3 (a) and the first and the third columns
of Fig. 4 show the corresponding scatter plots between
3DVQ-MOS scores and 2DVQ-MOS scores or 2D-IQA/VQA
measurements, where the simple averaging prediction model
generates substantial bias on many stereoscopic videos.
In [62], we reported that for blurriness, average prediction
often underestimates 3D quality (or 3D quality is more
affected by the better quality view). Here the same kind of
prediction bias is clearly observed, as direct averaging of
state-of-the-art 2D-IQA/VQA metrics always underestimates
3D video quality for these post-processed videos.
B. Quality of Asymmetric Stereoscopic Video
With Postprocessing
Given the subjective data, the second question we would
like to ask is how Gaussian low-pass post-filtering affects the
perceptual 3D quality of asymmetrically compressed stereoscopic videos. Table IX and X report 3DVQ-MOS changes
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TABLE VII
P ERFORMANCE C OMPARISON OF 2D- TO -3D Q UALITY P REDICTION M ODELS ON WATERLOO -IVC 3D V IDEO D ATABASE P HASE I

TABLE VIII
P ERFORMANCE C OMPARISON OF 2D- TO -3D Q UALITY P REDICTION M ODELS ON WATERLOO -IVC 3D V IDEO D ATABASE P HASE II

after applying different levels of Gaussian low-pass filtering
with respect to different QP combinations and blurring levels
for Phase I and Phase II, respectively. It can be observed that
for symmetrically compressed 3D videos, blurring reduces
perceptual 3D video quality in most cases. By contrast, for
asymmetrically compressed 3D videos, blurring on the lower
quality views improves the perceptual 3D video quality when
the quality difference of left- and right-view is high. Generally,
the improvement increases with the level of blurring and
with the quality difference between the higher view and the
lower view. Table X also includes the cases of asymmetrically
compressed stereoscopic videos with pre-downsampling by

factors of 2 and 4, where it can be seen that this 3DVQ-MOS
improvement is less pronounced especially for the case of predownsampling by 4. This analysis verifies that the adoption
of certain postprocessing techniques such as blurring could
improve the efficiency of stereoscopic video coding but may
not always work well for the cases of pre-downsampling.
C. Rate-Distortion Performance of Mixed Distortion
Asymmetric Stereoscopic Video
The third question we would like to ask is what is
the rate-distortion (R-D) performance of different mixeddistortion asymmetric stereoscopic video coding schemes.
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Fig. 4. 3DVQ-MOS versus predictions from 2D-IQA/VQA estimations of 2D left- and right-views. First column: predictions by averaging 2D-IQA/VQA
estimations of both views on Waterloo-IVC Phase I; Second column: predictions by weighted averaging 2D-IQA/VQA estimations of both views on
Waterloo-IVC Phase I using the proposed method; Third column: predictions by averaging 2D-IQA/VQA estimations of both views on Waterloo-IVC Phase II;
Fourth column: predictions by weighted averaging 2D-IQA/VQA estimations of both views on Waterloo-IVC Phase II using the proposed method. First row:
PSNR as the base 2D-IQA/VQA model; Second row: SSIM as the base 2D-IQA/VQA model; Third row: MS-SSIM as the base 2D-IQA/VQA model;
Fourth row: IW-SSIM as the base 2D-IQA/VQA model; Fifth row: VQM as the base 2D-IQA/VQA model.

Table XI and XII report the so-called Bjontegaard delta
rate (BD-Rate) in terms of 3DVQ-MOS by comparing
the mixed-distortion asymmetric stereoscopic video coding
schemes with the symmetric coding method for each test
sequence in Phase I and Phase II, respectively [63]. It can
be seen that most mixed-distortion asymmetric stereoscopic

video coding schemes achieve better R-D performance over
the symmetric coding method (Group 3D.1.a in Phase I and
Group 3D.3.a in Phase II).
For Phase I, the asymmetric compression-only scheme
(Group 3D.2.a) degrades the R-D performance significantly
due to the fact that 3D quality had a tendency towards the

1338

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 26, NO. 3, MARCH 2017

TABLE IX
3DVQ-MOS C HANGES A FTER A PPLYING D IFFERENT L EVELS OF
G AUSSIAN B LURRING AS P OSTPROCESSING ON WATERLOO -IVC
3D V IDEO D ATABASE P HASE I

TABLE X
3DVQ-MOS C HANGES A FTER A PPLYING D IFFERENT L EVELS OF
G AUSSIAN B LURRING AS P OST-P ROCESSING ON WATERLOO -IVC
3D V IDEO D ATABASE P HASE II

For Phase II, similarly, the asymmetric compression plus
postprocessing scheme (Group 3D.4.b-c) improves the R-D
performance while the asymmetric compression-only scheme
(Group 3D.4.a) reduces the R-D performance. It can also
be observed that the proposed pre-downsampling plus postprocessing asymmetric coding schemes perform even better
than the asymmetric compression plus postprocessing scheme,
which is consistent with the previous subjective studies [29]
that mixed-resolution stereoscopic video coding can achieve
the best coding efficiency. By comparing different postprocessing levels, it is found that the scheme that applies
pre-downsampling by a factor of 2 followed by postprocessing P1 (σ = 3.5), (i.e., Group 3D.6.b), provides the best
overall performance. It is also interesting to note that for the
case of no pre-downsampling or pre-downsampling by 2, the
proposed postprocessing step increases the R-D performance
significantly; while for the case of pre-downsampling by 4,
the proposed postprocessing does not help in improving the
R-D performance.
In general, this trend may be explained as follows. First,
in asymmetric video coding, the blockiness, which is usually
more severe in the lower quality view, is often the dominant effect that determines the overall quality. Second, in
the case of no pre-downsampling or pre-downsampling by
a factor of 2, the blockiness in the lower quality view is
very obvious. Third, low-pass post-filtering largely reduces
blockiness, and thus such a postprocessing step significantly
improves visual quality in the case of no pre-downsampling
or pre-downsampling by a factor of 2. Fourth, in the case of
pre-downsampling by a factor of 4, since the low resolution
video frame is significantly smaller (1/16 of original size),
the downsampled frame is easier to encode for the target bit
rate and thus the blockiness is not as strong. Furthermore,
the interpolation step that expands the frame four times in
each dimension creates strong blurring effect, which further
reduces blockiness. As a result, additional low pass postfiltering following interpolation makes little impact on further
removing blockiness or improving visual quality.
V. A M ODEL FOR 2D- TO -3D Q UALITY P REDICTION
A. 2D Video Quality Prediction

TABLE XI
R-D P ERFORMANCE C OMPARISONS OF A SYMMETRIC S TEREOSCOPIC
V IDEO C ODING IN T ERMS OF 3DVQ-MOS ON WATERLOO -IVC
3D V IDEO D ATABASE P HASE I (A NCHOR : S YMMETRIC
S TEREOSCOPIC V IDEO C ODING )

We first examine the capabilities of state-of-the-art
2D-IQA/VQA methods to predict perceptual quality of singleview 2D videos with different pre- and post- processing
procedures. The tested full reference 2D-IQA/VQA methods include PSNR, SSIM, MS-SSIM, IW-SSIM, and VQM.
Table XIII reports PLCC, SRCC, and RMSE results between
2DVQ-MOS scores and 2D-IQA/VQA measurements, where
it can be observed that IW-SSIM and VQM provide the most
accurate quality predictions.
B. 2D-to-3D Quality Prediction

lower quality view with respect to blockiness [22]. However,
this degradation is less pronounced and is even reverted
when we increase the level of Gaussian low-pass post-filtering
(Group 3D.2.b-d), but the optimal level of this postprocessing
is content dependent.

The diagram of the proposed method is shown in Fig. 5.
Let (Ii,r,l , Ii,r,r ) and (Ii,d,l , Ii,d,r ) be the i -th left and
right frames of the reference and compressed stereoscopic
videos, respectively. We first create their local energy maps
by computing the local variances at each spatial location,
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TABLE XII
R-D P ERFORMANCE C OMPARISONS OF A SYMMETRIC S TEREOSCOPIC V IDEO C ODING ON WATERLOO -IVC 3D V IDEO D ATABASE
P HASE II (A NCHOR : S YMMETRIC S TEREOSCOPIC V IDEO C ODING )

TABLE XIII
P ERFORMANCE C OMPARISON OF 2D- TO -3D Q UALITY P REDICTION
M ODELS ON WATERLOO -IVC 3D VIDEO D ATABASE P HASE II

i.e., the variances of local image patches extracted around
each spatial location, for which an 11 × 11 circular-symmetric
Gaussian weighting function w = {wi |i = 1, 2, · · · , N} with
standard
deviation of 1.5 samples, normalized to unit sum
N
wi = 1), is employed. The resulting energy maps
( i=1
are denoted by E i,r,l , E i,r,r , E i,d,l , and E i,d,r , respectively.
We then compute the local energy ratio maps in both views:
Ri,l =

E i,d,l
E i,r,l

and Ri,r =

E i,d,r
.
E i,r,r

(1)

The energy ratio maps provide useful local binocular rivalry
information, which may be combined with the qualities of
single-view frames to predict 3D quality. A pooling stage is
necessary for this purpose. High-energy image regions are
likely to contain more information content. Based on the
principle exploited in [60], if the ultimate goal of visual
perception is to efficiently extract useful information from
the visual scene, then the more informative regions are more
likely to attract visual attention, and thus should be given more

importance. The modeling in [60] suggests more informative
regions typically have higher energy. To emphasize on the
importance of high-energy image regions in binocular rivalry,
we adopt an energy weighted pooling method [64] given by


E i,d,l Ri,l
E i,d,r Ri,r
and gi,r = 
,
(2)
gi,l = 
E i,d,l
E i,d,r
where the summations are over the full energy and ratio maps.
Here gi,l and gi,r are estimations of the level of dominance of
the i -th left and right frames, respectively. Let N denotes the
frame number of the entire 3D video sequence, we compute
N
N
1 
1 
gl =
gi,l and gr =
gi,r ,
N
N
i=1

(3)

i=1

where gl and gr denote the level of dominance of the left- and
right-view video, respectively.
If we consider a video signal as 3D volume data, then
it can also be viewed from the side or the top. This has
been explored by the poly-view fusion method, which has
been shown as a simple and effective strategy to account for
the temporal correlation and motion information contained
in video signals [65], [66]. Instead of only estimating the
level of dominance form the front-view, here we apply a
poly-view fusion strategy to estimate the overall level of
dominance from the front-view, the top-view, and the sideview together. We first compute the levels of dominance using
Eq. (1) to Eq. (3) for the front-view, the top-view, and the
side-view, separately, and denote them as glF , glT , and glS for
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Fig. 5.

Diagram of the proposed 2D-to-3D quality prediction model.

TABLE XIV

TABLE XV

P ERFORMANCE C OMPARISON OF 2D- TO -3D Q UALITY P REDICTION
M ODELS ON WATERLOO -IVC 3D V IDEO D ATABASES

P ERFORMANCE C OMPARISON OF 2D- TO -3D Q UALITY P REDICTION
M ODELS ON WATERLOO -IVC 3D V IDEO D ATABASES

the left-view video, and grF , grT , and grS for the right-view
video, respectively. Then the overall level of dominance of the
left- and right-view video after poly-view fusion is computed
as
glO = glF + glT + glS and grO = grF + grT + grS ,

(4)

respectively.
Given the values of glO and grO , the weights assigned to the
left- and right-view videos are given by
wl =

glO
2

2

glO + grO

2

and wr =

grO
2

2

glO + grO

2

,

(5)

respectively.
Finally, the overall prediction of 3D video quality is calculated by a weighted average of the left- and right-view video
quality:
Q 3D = wl Q l2D + wr Q r2D ,

(6)

where Q l2D and Q r2D denote the 2D video quality of the
left- and right-view videos, respectively.

C. Validation
The proposed 2D-to-3D video quality prediction model with
and without including the top- and side-views is firstly tested
on all stereoscopic 3D videos in Waterloo-IVC 3D video
databases. SRCC values between 3DVQ-MOS and the predicted Q 3D value are reported in Table XIV. Note that in our
Phase II database, both MOS scores of stereoscopic 3D videos
and single-view 2D videos are available. This allows us to
apply the 2D-to-3D prediction models directly on 2DVQ-MOS
scores (without worrying about the accuracy of the base
2D-IQA/VQA scores when they are produced by objective
models). Our Phase I database, however, does not include
a 2D subjective experiment on single-view videos, and thus
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we choose a high performance 2D objective model, VQM, in
our current test. Meanwhile, we have used VQM to replace
2DVQ-MOS in our test with Phase II database. The results in
Table XIV suggest that the improvement by including top- and
side-views is consistent in all test cases. In practice, depending
on the affordable computational cost, we may seek the best
compromise between accuracy and speed, and choose whether
to include the front- and side-views.
Then the proposed 2D-to-3D prediction model (Front +
Top + Side) is tested on all 3D videos and each test video
group in Waterloo-IVC 3D video databases by applying
it to the ground truth 2DVQ-MOS scores (Phase II only)
and different base 2D-IQA/VQA approaches (Phase I and
Phase II). The PLCC, SRCC, and RMSE values between
3DVQ-MOS and the predicted Q 3D value are given in
Table VI (all videos), Table VII (different groups in Phase I)
and Table VIII (different groups in Phase II). The corresponding scatter plots are shown in Fig. 3 (b) and the second
and the fourth columns of Fig. 4. It can be observed that the
proposed 2D-to-3D model outperforms the direct averaging
method significantly with respect to 2DVQ-MOS scores and
all tested 2D-IQA/VQA approaches. For different levels of
compressions, pre- and post- processing, the proposed method,
which does not attempt to recognize the distortion types or
give any specific treatment, removes or significantly reduces
the 2D-to-3D quality prediction biases.
We have also compared the proposed method with state-ofthe-art 3D-IQA/VQA methods using both databases. PLCC,
SRCC, and RMSE values between 3DVQ-MOS and the
predicted Q 3D value are reported in Table XV. From
Tables VI and XV, it can be observed that most of
these methods produce similar performance to the cases of
directly averaging PSNR, SSIM, MS-SSIM and IW-SSIM
of the left- and right-views. The only exception is the
StSD algorithm [31], which performs better than directly averaging 2D-IQA methods, but worse than applying the proposed
weighting scheme on 2D-IQA/VQA methods. There may
be two explanations. First, the StSD method was developed
based on the StSD 3D Video Database, which contains weak
asymmetrically compressed stereoscopic 3D videos; Second,
the StSD method is a 3D-VQA algorithm, while all the other
methods being tested are purely 3D-IQA algorithms.
Furthermore, the R-D performance of different variations
of asymmetric stereoscopic video coding in terms of the
average and weighted 2DVQ-MOS for each test sequence
in Phase II are reported in Table XII. Again, we use the
BD-Rate as the test criterion, which provides a useful quantitative measure to evaluate the R-D performance. From Table XII,
it can be seen that, compared with the bit rate savings
measured by 3DVQ-MOS, the direct averaging 2DVQ-MOS
generates substantial bias for all sequences and all mixeddistortion combinations. On the other hand, the proposed
weighting 2DVQ-MOS significantly reduces the biases and
indicates highly consistent bit rate savings with 3DVQ-MOS.
This demonstrates great potentials of the proposed method
to be employed in perceptually inspired R-D optimization of
stereoscopic video coding systems.
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VI. C ONCLUSION
The major contributions of the current paper are as follows:
first, we carried out subjective quality assessment experiments on two databases (Waterloo-IVC 3D video database
Phase I and Phase II) that contain various asymmetrically
compressed stereoscopic 3D videos obtained from mixedresolution coding, asymmetric transform-domain quantization
coding, their combinations, and multiple choices of postprocessing techniques. Second, we compared different mixeddistortion asymmetric stereoscopic video coding schemes with
symmetric coding methods and verified their potential coding
gains. Third, we observed a strong systematic bias when using
direct averaging of 2D video quality of both views to predict
3D video quality. Fourth, we proposed a model to account
for the prediction bias, leading to significantly improved full
reference quality predictions of stereoscopic videos. Fifth, we
showed that the proposed model can help us predict the coding
gain of mixed-distortion asymmetric video compression. In the
future, we aim to develop novel high efficiency asymmetric
3D video coding schemes, incorporating the key observations
and the proposed 3D-VQA model in this work, together with
advanced perceptual models of visual discomfort [48]–[51]
and depth perception [67].
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