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Abstract—How to evaluate 3D visual discomfort is a challenging problem in stereoscopic image quality assessment. This is due
to an existing gap between human binocular visual perception
and current stereoscopic image representation techniques. As
an indicator of binocular images’ relationship for stereoscopic
image, binocular asymmetry has been found that it is one of the
most important discomfort-induced factors. Based on the factor,
this paper proposes an objective stereoscopic visual comfort
assessment (SVCA) model for stereoscopic images. Specifically,
binocular asymmetry is interpreted as the two views’ image texture features which are represented by the histograms of oriented
gradient (HOG) feature and local binary pattern (LBP) feature.
The HOG/LBP are integrated into an overall visual comfort
score by support vector regression (SVR). Two stereoscopic image
databases are chosen to evaluate the applicability of the proposed
metric. The experimental results show that the proposed SVCA
metric can efficiently predict visual discomfort for stereoscopic
image.
Index Terms—visual discomfort, stereoscopic visual comfort
assessment, binocular asymmetry, support vector regression,
HOG, LBP

I. I NTRODUCTION
The prosperity of 3D consumption depends upon the rapid
development of stereo/3D technologies, e.g. 3D formats, 3D
production, 3D video coding, and 3D displays. However,
certain physiological symptoms, such as visual discomfort,
eyestrain, headache, and dizziness, induce a completely novel
problem in stereo/3D technologies. Although no evidence
has confirmed permanent damage to eyesight or health from
watching 3D images/videos, these physiological discomforts
hamper the popularity of 3D applications and therefore have
gained much research interest [1]-[24]. Different with the traditional distortion assessment, 3D content assessment focuses
on the visual quality of stereoscopic image such as quality
of experience, visual discomfort, unnatural experience [2] [3].
Since its primary goal is to minimize or prevent discomfort
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caused by 3D content, stereoscopic visual comfort assessment
(SVCA) is more important in the research of 3D technologies.
Researchers have found that several factors may induce
visual discomfort, including excessive screen disparity [4],
accommodation-vergence conflict [5], binocular asymmetry
[6], range of depth of focus (DOF) [7], vertical disparities
caused by geometric distortion [8] and crosstalk artifacts [9].
Based on these findings, several objective SVCA metrics have
been proposed. Nojiri et al. [10], Jung et al. [11], Sohn et al.
[12], and Kim et al. [13] focus on the discomfort induced by
disparity factor. For accommodation-vergence conflict factor,
Park et al. predict the visual discomfort level of S3D images by
a 3D accommodation-vergence mismatch predictor algorithm
[14] and a 3D visual discomfort predictor model [15] in terms
of the physiological optics and neuronal framework. Jones
et al. proposed an adjusting method for the depth range or
the accommodation-convergence relationship based on floating
windows, image shifting, and depth control/adjustment [16].
Oh et al. developed a Dynamic Accommodation and Vergence
Interaction (DAVI) model to predict visual discomfort on S3D
images [17]. Chen et al. developed a new feature map to
accurately predict experienced 3D visual discomfort without
disparity [18]. Kim et al. developed a unique temporal visual
discomfort model (TVDM) to automatically predict the degree
of discomfort felt when viewing stereoscopic 3D (S3D) images [19]. Xu et al. perdict 3D visual discomfort by sparse
representation [20]. For binocular asymmetry factor, Yano
et al. detected visual discomfort image scenes based on the
correlation of left and right images [21]. Choi et al. [22]
proposed a linear combination SVCA method based on 3D
video characteristics. Ide et al. also used binocular asymmetry
(e.g., color mismatch) postprocess to lessen visual discomfort.
In this paper, we attempt to predict stereo visual discomfort
by objective measure [23].
In the human binocular visual perception, an intricate
process of neural interaction has been occurred to respond

the stimulations from stereoscopic image or video. Neural
interaction generates a multitude of depth cues which are
used by human visual system (HVS) to understand a 3D
scene. However, there exits a gap between natural viewing and
stereoscopic viewing. In natural viewing, when the eyes fixate
on something, that point can be converged on the same point
in two eyes’ retinas, while in stereoscopic viewing, the retinas’
points are misalignments. Binocular retinas have extremely
low tolerance for the misalignments, thus causing viewing
discomfort. Unnatural stereoscopic image may lead texture
statistical inconsistency which induces binocular asymmetry.
Therefore, we represent binocular asymmetry by two views’
image texture features (e.g. histograms of oriented gradient
(HOG) and local binary pattern (LBP)). Also, we attempt
to predict stereo visual discomfort induced by the binocular
asymmetry factors.
The remaining parts of the paper are organized as follows.
Section II describes the framework of the proposed SVCA
metric, including image feature extraction and visual comfort
calculation. Section III provides the experimental results and
Section IV concludes the paper.
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Gx (x, y) = I(x + 1, y) − I(x + 1, y),

(1)

Gy (x, y) = I(x, y + 1) − I(x, y − 1),

(2)

where I(x, y) is pixel value of the point (x, y), Gx (x, y) and
Gy (x, y) denote horizontal gradient amplitude and vertical
gradient amplitude respectively.
Then, the gradient amplitude of the pixel (x, y) is:
q
(3)
G(x, y) = G2x (x, y) + G2y (x, y),
and the gradient direction of the pixel (x, y) is:


Gy (x, y)
θ(x, y) = tan−1
.
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II. T HE P ROPOSED SVCA M ETRIC
The framework of the proposed SVCA metric is shown in
Fig. 1. For a given stereoscopic image, to compute the binocular asymmetry-induced discomfort, HOG and LBP features
are extracted from each view’s image of the given stereoscopic
image, respectively. Then, two views’ HOG and LBP features
are combined to form the image’s feature vector. Finally, the
comfort score is calculated by the prediction function.
The proposed SVCA metric will be described in detail in
the following:
A. Image Feature Extraction
Although the two views’ images are highly similar in natural
viewing, our eyes can perceive the slight difference and fuse
into a single ’cyclopean’ 3D image. To assess the difference
between the two views’ image, exploiting the image features of
visual perception, we want to quantify the difference between
the two views image features (e.g. HOG [24], LBP [25]).
For an input image, the gradient amplitude is firstly calculated both in the horizontal and vertical directions with a 1-D
mask template ([-1 0 1]):

Feature extraction

Feature extraction

Prediction function

Comfort score
Fig. 1. Framework of the proposed SVCA metric.

The gradient magnitude and orient of each pixel in the
16 × 16 block is voted into 9 bins with the tri-linear interpolation. Tri-linear interpolation makes the image block of
the border region better allocated to enhance the stability of
the characteristics. The histograms of the block concatenated
on a 45 − D feature vector {HOG} that is normalized by
L1 − Hys to reduce the influence of the local variation in
illumination and foreground-background contrast. Then, for
the stereoscopic image, two views’ image HOG features are
{HOGL , HOGR }.
LBP is a texture descriptor for its invariance of gray-scale
and rotation and is defined as:
LBPP,R =

P
−1
X

s · (gi − gc ) · 2P ,

(5)

i=0

where

s(·) =

1,
0,

s≥0
,
s<0

(6)

gi is the gray value of a sampling point in an evenly spaced
circular neighborhood of P sampling points and radius R
around point i. In practice, Eq.(5) means that the signs of the
differences in a neighborhood are interpreted as a P -bit binary
number, resulting in 2P distinct values for the LBP code. Then,

for the stereoscopic image, two views’ image LBP features are
{LBPL , LBPR } .
B. Visual comfort calculation
As an important discomfort-inducing factor, binocular
asymmetry is constructed by an stereoscopic image features
vector v : {HOGL , HOGR , LBPL , LBPR }, which consists
of the two views’ HOG and LBP features. As the basic
method of feature extraction, HOG and LBP can efficiently
describe the gradient and texture features of the image. Then,
two views’ HOG and LBP features are used to calculate the
binocular asymmetry-inducing discomfort.
The overall discomfort score of a stereoscopic image is
computed using the perceptual vector v and a prediction
function f (·). That is, the final quality score is given by:
Q = f (v).

(7)

Since support vector regressor (SVR) has achieved good
performance on high-dimensional regression problems and
successfully exploited in SVCA algorithms [11] [14], f is
trained in advance using SVR regression (ε -SVR) [26]. Here,
f : R2 → R takes the three dimensional perceptual loss vector
as input and produces output as a corresponding quality score.
In the ε -SVR, the unknown function f is constructed by
linearly combining the results of a nonlinear transformation of
the input samples.
f (x) =

l
X

(ai − a∗i ) · K(xi , x) + b,

(8)

i=1

where ai and a∗i are the Lagrange multipliers, and K(xi , x) is
the kernel function to perform the nonlinear transformation.
Here, we choose the radial basis function (RBF) kernel as
following:
2

K(xi , x) = e−γkxi −xj k ,

(9)

where γ is a positive number, which represents the variance of
the kernel function. In solving the SVR, the ε -insensitive loss
function is used, which ignores errors that are smaller than a
certain threshold ε > 0. Also, the penalty parameter C is used
to control the complexity of prediction function f .
III. E XPERIMENTAL R ESULTS
In this section, we firstly present the experiment setting,
then evaluate the performance for the proposed SVCA metric.
Finally, we discuss the other discomfort-inducing factors.
A. Experiment setting
We performed the experiments on IEEE-SA [27] and EPFL
[28] databases. The IEEE-SA database consists of 800 stereoscopic images with associated MOS, with resolution of 1920
× 1080 pixels. The EPFL database contains 9 scenes and each
scene has 6 different camera distances, totally 54 stereoscopic
images with associated MOS. Each view image’ s resolution
is close to 1920 × 1080 pixels. The IEEE-SA database
was randomly divided into test and training subsets. The
training and testing subsets did not overlap in content. We

use 100-times 10-fold cross validation when measuring the
performance [29]. Four popular evaluation criteria are chosen
to compare Q with MOS, including PLCC, SROCC, KRCC
and RMSE. A good objective method should have high PLCC,
SROCC and KRCC values but low RMSE value.
In our experiment, one view image’s HOG feature vector is
a 45-D vector, and LBP feature vector is a 256-D vector. Then,
the v : {HOGL , HOGR , LBPL , LBPR } vector is a 602-D
vector. The regression of the prediction function is performed
using the LIBSVM [30]. Three parameters are fixed by a grid
search, e.g. γ = 1, C = 128, ε = 0.25. The entire IEEESA database is used to train the prediction function, then the
prediction function with the same parameters is tested on the
EPFL database.
B. Performance evaluation
We developed two SVCA metrics for comparison. The
metrics proposed by Sohn et al. [12] require disparity/depth
map to compute visual discomfort, in our implementation, the
disparity/depth information is estimated by GC [31]. The metrics proposed by Kim et al. [13] estimates disparity/parallax
and use it to predict visual discomfort.
Table I and Table II provide the performance comparison
results on the IEEE-SA and EPFL databases, respectively.
It can be seen from Table I, on the IEEE-SA database,
the proposed metric achieves the best performance in PLCC
and SROCC, while the metric by Kim et al. achieves the
best performance in KRCC and RMSE. Table II shows the
performance comparison on the EPFL database, the metric
by Kim et al. achieves the best performance in SROCC
and KROCC, while the proposed metric achieves the best
performance in PLCC and RMSE. Although the stereo image
contents, the display systems, the subjects, and the subjective
experiments are different in the two databases, the proposed
SVCA metric can still work well.
TABLE I
P ERFORMANCE COMPARISON O N THE IEEE-SA DATABASE
Metric
Sohn et al. [12]
Kim et al. [13]
The proposed metric

PLCC
0.4354
0.7088
0.7253

SROCC
0.3798
0.6183
0.6306

KRCC
0.2788
0.5313
0.4640

RMSE
0.3527
0.3056
0.5318

TABLE II
P ERFORMANCE COMPARISON O N THE EPFL DATABASE
Metric
Sohn et al. [12]
Kim et al. [13]
The proposed metric

PLCC
0.7122
0.8519
0.8763

SROCC
0.6254
0.8546
0.8176

KRCC
0.4815
0.7446
0.7045

RMSE
15.2494
10.6943
7.0306

C. Discussion
Since the different discomfort-induced factors are exploited
in the three metrics, the performances of these metrics are
quite difference. Both Sohn et al. and Kim et al. used disparity

to predict visual discomfort. The performance of Kim et
al. metric is much better than Sohn et al.’s. There are two
reasons. The first is that Sohn et al. only considered the
horizontal disparities, while Kim et al. took both horizontal
and vertical disparities into account. The second is that the
poor quality of the disparity/depth map estimated by GC
influences the evaluation performance of Sohn et al. metric.
Since the proposed metric is a binocular asymmetry based
measure method, it is sensitive to the slight change of both
views’ image. Although the proposed metric does not achieve
an overwhelming advantage in performance comparison, it
need not compute the disparity directly and can predict visual
discomfort more efficiently.
IV. C ONCLUSION
To solve the binocular asymmetry problem in stereoscopic
image quality assessment, this paper proposes an objective
SVCA metric. In the proposed metric, HOG and LBP features
of two views’ image are firstly extracted. Then, the two kinds
of features are integrated into an overall quality score by SVR.
The experimental results show that the proposed SVCA metric
can efficiently predict the visual discomfort in two stereoscopic
image databases.
It should be noted that this study only focuses on the
visual discomfort inducing by the binocular asymmetry. Many
other visual discomfort factors, such as accommodationvergence conflict, disparity, range of depth of focus and other
discomfort-inducing factors, need to be further investigate in
the future work.
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