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Transfer Function Model of Physiological
Mechanisms Underlying Temporal Visual
Discomfort Experienced When Viewing
Stereoscopic 3D Images
Taewan Kim, Sanghoon Lee, Senior Member, IEEE, and Alan Conrad Bovik, Fellow, IEEE

Abstract— When viewing 3D images, a sense of visual comfort
(or lack of) is developed in the brain over time as a function
of binocular disparity and other 3D factors. We have developed
a unique temporal visual discomfort model (TVDM) that we
use to automatically predict the degree of discomfort felt when
viewing stereoscopic 3D (S3D) images. This model is based on
physiological mechanisms. In particular, TVDM is defined as
a second-order system capturing relevant neuronal elements
of the visual pathway from the eyes and through the brain.
The experimental results demonstrate that the TVDM transfer
function model produces predictions that correlate highly with
the subjective visual discomfort scores contained in the large
public databases. The transfer function analysis also yields
insights into the perceptual processes that yield a stable
S3D image.
Index Terms— Visual discomfort, stereoscopic 3D (S3D)
image, temporal visual discomfort assessment, temporal visual
discomfort model (TVDM), neural activity, accommodation and
vergence (A/V) conflict.

I. I NTRODUCTION
ECENT advances in 3D display and image processing
technology have matched an explosive increase in the
demand of 3D content by consumers [1]–[4]. Many Hollywood
movies are now produced using 3D technologies [5], and
the 2012 London Olympic Games were broadcast in 3D
to deliver a more vivid sensation of sport [6]. Simultaneously, a number of important issues have arisen regarding the
discomfort felt when viewing 3D content. These issues are of
particular interest to high-end service purveyors, 3D display
makers and the digital cinema industry [3]–[5]. Unlike the
viewing of 2D content, ocular adjustments to 3D depth
content can induce neurological symptoms such as eye strain,
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motion sickness and headaches [1], [2], [7], [8]. The major
factors underlying the loss of visual discomfort when viewing
3D content have been widely investigated in video engineering [1], [5], [9], ophthalmology [7], [10] and neurology [11].
One of the most significant factors that affects visual
discomfort is binocular parallax, which determines, in part,
the degree of dissociation between the accommodation and
vergence processes [1]–[3], [7]. When a visually fixated object
moves toward the viewer, the eyes converge, causing the lens
to thicken and the pupils to constrict. If the object moves away
from the viewer, the opposite phenomena occur. Conflicts
between accommodation and vergence caused by viewing real
world 3D (stereoscopic) images rarely occur. However, when
viewing 3D content with implied depths on a flat panel monitor
at a fixed distance from the viewer, such conflicts can easily
happen [3].
Much work has been applied towards modeling and
predicting the degree of visual discomfort felt and the quality
of experience when viewing stereoscopic 3D (S3D) images,
using both quantitative subjective and automatic objective
approaches [4], [8], [9]. Subjective experiments have revealed
that various factors such as stereographic scene shooting
parameters [5] and the magnitudes and distribution of content
disparity [7] play important roles in determining the degree of
visual discomfort that is felt. For example, measurements of
the range and magnitude of content disparity have been used
to automatically predict visual discomfort levels [4], [8], [12].
However, a generalized index that captures both global and
local perceptual factors affecting visual discomfort has not
yet been systematically developed. In particular, most prior
approaches have estimated the degree of visual discomfort at
a specific moment of decision.1 However, visual discomfort
accumulates as the viewing time increases. A reliable objective
visual discomfort model needs to go beyond snapshot-based
approaches [4], [8] and static learning-based methods [12].
Rather, a more reliable 3D visual discomfort model should
trace those temporal physiological mechanisms that are
relevant to the comfortable viewing of stereoscopic
presentations over time.
1 For example, in subjective 3D experiments, each scoring decision is made
after watching an S3D image for about 10 seconds [13].
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Fig. 1. Visual system model of the temporal discomfort response to an S3D image. The input to the system (I ) is sensory depth information from a
viewed S3D image and the output of the system (C) is the corresponding degree of experienced visual discomfort. The overall system model is denoted by
transfer function H (s) which is composed of the accommodation and vergence (A/V) neural path do (s), the oculomotor plant E(s) and the visual area middle
temporal (MT) M(s).

A. Motivation of the Temporal Visual Discomfort Model
We describe a new temporal visual discomfort
model (TVDM) that is useful for predicting the degree
of discomfort felt when viewing S3D images. Of course,
there are many factors that contribute to sensations of
visual ‘discomfort’ when viewing S3D images such as
window violations, vertical disparities, and intense statistical
distribution of texture and color [2]–[4]. Here, we focus only
on the conflict that can arise between accommodation and
vergence on a flat 3D display, since it is the primary cause
of visual discomfort experienced when viewing S3D
content [1]–[4]. Inspired by prior models of the behavior
of biological vision systems as they respond to dynamic
stimuli [14]–[17], we derive and analyze the efficacy of
a transfer function (input-output) model that describes the
dynamic disparity response and its effect on experienced visual
discomfort. The proposed model is based on a theoretical
analysis of the physiological response to disparities implied
by viewing an S3D image over time.
Other researchers have attempted transfer function analyses
of various stages of the visual system [16], [17]. Physiological
mechanisms can often be conveniently modeled as a series of
processing stages. A transfer function analysis, if accurate,
enables useful physical interpretations that can be used to
capture the functionality of each stage in the spatio-temporal
and spectral domains. Further, the analysis of system behavior
by transfer function modeling offers the possibility to simulate
the end-to-end system and to make predictions about future
responses. Such an approach has been used to model the
pupillary light reflex [17] and visual scan paths [18].
Since the flow of visual information is continuous through
the eyes and brain, the degree of visual discomfort felt when
viewing an S3D image may be regarded as an accumulation
of sensory depth information from the viewed 3D scene over
time as shown in Fig. 1. Here, we take the simple approach of
modeling the relationship between sensory information when
viewing an S3D image (I ) and the corresponding output
degree of experienced visual discomfort (C) as a second-order
differential equation, i.e. the overall process is represented as
a second-order system.

As depicted in Fig. 1, the visual discomfort model consists
of the middle temporal (MT) visual area and oculomotor plant,
with transfer function H (s) = C(s)/I (s) where I (s) and C(s)
are Laplace representations of the input I (t) and the
output C(t). The oculomotor plant E(s) dynamically controls
eye movements under the control of neural signals delivered
by the oculomotor and Edinger-Westphal (EW) neurons.
Developing a simple transfer function M(s) describing the
time-variant neural responses of visual area MT while
viewing an S3D image is a challenging problem. As we will
show, however, the ‘3D visual discomfort’ subsystem can be
modeled by a second-order transfer function, and this model
can be successfully used to predict the temporal sensation of
discomfort felt when viewing S3D images.
B. Main Contributions
• We develop a second-order system model that integrates
multiple neural structures integral to the perception of
S3D images, including the optical nerve, the accommodation and vergence (A/V) neural pathways, the
oculomotor plant, and visual area MT. Using a negative
feedback loop, the proposed model captures the temporal
behavior of visual area MT and the oculomotor
plant when viewing an S3D image. A transfer function
is developed that can be used to accurately predict
the degree of visual discomfort felt when viewing
S3D images.
• If the degree of conflict between the accommodation and
vergence processes is predicted to increase when viewing an S3D image on a display, then TVDM becomes
less stable owing to movement of the system pole. This
systematic relationship underlies the predictive power
of the system model. Moreover, we show that the
perceptual effort required to achieve an acceptable level
of visual discomfort increases with the degree of
A/V conflict that occurs.
• We analyze the frequency response of visual area
MT using Bode plots. In particular, we study the
gain and overshoot of the system as A/V conflict is
increased.
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Fig. 2.
Brain areas and neural pathways involved in the control of
accommodation and vergence responses. (a) Vergence and accommodation is
accomplished by control of the extraocular and ciliary muscles, respectively.
(b) In the SOA/SC part of midbrain, vergence control of the eyes is affected
by the extraocular muscles under control of signaling from the oculomotor
nucleus, while the ciliary muscles, which drive accommodation by the
crystalline lenses, are controlled by signals emanating from the
Edinger-Westphal (EW) nucleus.

II. T EMPORAL V ISUAL D ISCOMFORT M ODEL
A. Neural Perception of Accommodation and Vergence
In a natural viewing environment, accommodation and
vergence, the two important oculomotor mechanisms, exhibit
individual dynamic properties while also maintaining a mutual
signal interaction towards achieving a comfortable and realistic
viewing experience. Accommodation is the process by which
the focussing depth of the crystalline lens of the eye is altered
as a function of the distance to a fixated object in order to
project a clear and focused image on the retina [16]. Likewise,
in order to place the projected image of a fixated object at
corresponding retinal points in the two eyes, the process of
vergence controls the simultaneous rotation of both eyes in
opposite directions [2], [15].
The principal brain areas along the visual pathway that
are involved in the control of accommodation and vergent
eye movements are shown in Fig. 2 (a). When a scene is
projected onto the retina of the eye, it is transduced into
parallel streams of neural signals by the photo-receptors. The
outputs of spatial neighborhood populations of the retinal
photo-receptors are combined via a weighted summation by
the post-retinal ganglion cells. The ganglion cells, which have
bandpass responses, are thought to affect a form of predictive
coding or entropy reduction of the spatial visual signal [20].
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The ganglion cell responses then pass via the optic nerve
through the lateral geniculate nucleus (LGN), where further
processing occurs, including temporal entropy reduction [21].
The LGN responses are then passed en masse via the optic
radiations to primary visual cortex (area V1), which performs
a massively parallel spatio-spectral decomposition of the visual
signal into orientation, disparity, motion and frequency tuned
bandpass channels [22], [23].
V1 projects the decomposed information onto extrastriate
cortical areas including cortical area MT (or V5) and medial
superior temporal (MST) cortex. In particular, visual area
MT is a central processing stage along the dorsal stream
that is deeply implicated in the processing of signals for
motion perception and binocular disparity computation [23].
Although many early studies on binocular disparity processing
have focused on V1, recent studies indicate that MT plays a
major role in subsequent disparity processing and that disparity
selectivity there is considerably stronger than in other cortical
areas, such as V1 or V4 [24], [25]. In addition, MT neurons
directly feed MST neurons, whose collective activity carries
substantial information regarding the initiation of vergence eye
movements. The responses of MT neurons are deeply involved
in the depth perception, as well as being implicated in eliciting
vergence eye movements [23], [26], [27].
The frontal eye field (FEF), which is interconnected with
signaling from areas MT/MST directs the activation of
saccadic, smooth pursuit and vergence eye movements.
In addition, the FEF generates motor control signals and
carries them to the premotor neurons of the supraoculomotor
area (SOA) and to the superior colliculus (SC) of the midbrain
where ocular motor neurons are activated for fast and slow
vergence, respectively [28], [29].
Finally, the eyes are rotated by the extraocular muscles
under the control of signaling from the oculomotor nucleus to
achieve vergence, while the ciliary muscles, which force the
crystalline lenses to accommodate, are controlled by signals
emanating from the EW nucleus, as shown in Fig. 2 (b) [30].
The extraocular muscles, specifically, the medial and lateral
recti, are controlled by signals carried by the oculomotor
and abducens nerves to achieve convergence and divergence,
respectively.
The severity of visual discomfort that is experienced when
viewing S3D presentations generally varies over time. The
degree of visual discomfort that is felt is largely a consequence of depth signal conflicts between accommodation and
vergence, and between the associated biomechanical apparatus
just described. We shall attempt to model this overall system
by a second-order differential equation
dC(t)
d 2 C(t)
+ ωn2 C(t) = kωn2 I (t)
+ 2ζ ωn
(1)
dt 2
dt
where k, ωn and ζ are the gain, natural frequency and
damping ratio of the system, respectively. All of these values
can be used to completely characterize the system, including
determining the peak, settling, and rise times of the system.
The transfer function of the model is then
k · ωn2
C(s)
= 2
.
(2)
H (s) =
I (s)
s + 2ζ ωn s + ωn2
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experience an unnatural sense of depth or even annoyance,
which may lead to visual discomfort.
2) Output Signal C j (t): A/V conflicts that occur when
viewing an S3D image j cause levels of annoyance and/or
physical discomfort that can vary over time. We model the
dynamics of the overall system by
C j (t) = L−1 [do (s) · M(s) · D j (s)]
= L−1 [H (s) · I j (s)]

Fig. 3.
Schematic representation of the proposed visual discomfort
mechanism.

B. Overview of TVDM
Figure 3 is a schematic block diagram of our
model (TVDM). The figure depicts passage of the space-time
visual signal from the eyes, through the brain to extracortical
area MT, which controls signaling via the A/V neural
path, which in turn activates the ciliary muscles and
extraocular muscles to control accommodation and vergence,
respectively, via the oculomotor plant. Vergence velocity
signals and vergence position signals reach the oculomotor
plant through the oculomotor and abducens nerves. Then,
the responses of the plant after the eyes are re-oriented and
re-focussed serve as feedback to the system. The feedback
signal is transmitted back to MT after going through the
sensorimotor transformation process. Since the responses
along the A/V neural path, including the optic nerve imply
a delay, we denote the transfer function of these stages
by do (s) [17]. In the following, we briefly summarize the
essential signals passing through the overall model. These are
described in detail in the following sections.
1) Input Signal I j (t): Given a viewed S3D image j , the
system input is modeled as the reciprocal of the absolute
difference between the temporal accommodation and vergence
signals:
I j (t) =

1
|Acc j (t) − Ver j (t)| + λ

(3)

where Acc j (t) and Ver j (t) model the aggregate accommodation and vergence responses caused by image j at
time t, respectively. The perception of the S3D image by
the viewer is activated at t = 0 and occurs over a period
of T seconds. The constant λ is included to avoid instability
when Acc j (t)≈Ver j (t) (we use λ = 1). Because the difference between accommodation and vergence is thus simply
determined from the input image I j (t), it is possible to
use this difference to predict depth-driven visual discomfort.
I j (t) satisfies 0 ≤ I j (t) ≤ 1, where I j (t) = 1
when Acc j (t)≈Ver j (t) (no disparity) and I j (t) → 0 as
|Acc j (t) − Ver j (t)| ↑. Detailed explanations are described
in Sec. II-C.
If disruption of the natural neural interaction between
accommodation and vergence on a flat-panel stereoscopic
display occurs due to excessive disparity, humans may

(4)
(5)

where do (s) and M(s) are the transfer functions of signal
transmission by the optic nerve and of visual area MT,
respectively. D j (s) is the Laplace transform of the input signal
of the optic nerve stage as shown in Fig. 3. C j (t) should be
expressed as experimentally obtained subjective assessments
of visual discomfort. We obtained subjective scores recorded
over the discomfort range 0 ∼ 10 using a new subjective
methodology called MICSQ which allows continuous recording of human judgements, but we also normalized C j (t) to the
range 0 ≤ C j (t) ≤ 1. The boundary conditions on the input
and output signals are: I j (t)  0, C j (t)  0 (maximal visual
discomfort) and I j (t) = 1, C j (t)  1 (no visual discomfort),
respectively.
When the output signal exhibits a low value due to excessive
disparity, A/V conflicts, or other factors, the eyes struggle
to find a stable state and the viewer may experience visual
discomfort. To model these phenomena, we regard the output
of the oculomotor plant as embodying the mismatch signal
between accommodation and vergence.
3) Output Signal of the Oculomotor Plant O j (t): The
difference between the accommodation and vergence depth
responses correlates with the energy expended by the
extraocular and ciliary muscles towards attaining a stable state
of comfort:
O j (t) = Y Acc (t) − YV er (t)

(6)

where Y Acc (t) and YV er (t) are the accommodation and
vergence responses. When C j (t) = 0, the level of visual
discomfort is large and O j (t) fluctuates considerably.
Conversely, when C j (t) = 1 (no visual discomfort), then
O j (t) is small.
4) Input Signal to the Optic Nerve D j (t): We model
the signal containing information regarding eye movements
that have occurred in response to the difference between
accommodation and vergence by
D j (t) = ±(I j (t) − O j (t)).

(7)

If I j (0) = 1, then O j (0) is small and D j (0)  1.
D j (t) contains the feedback control signal responses of the
oculomotor plant and visual area MT, As I j (∞) → O j (∞),
D j (∞) ↓ 0.
C. Accommodation, Vergence, and Foveation
1) Definition of I j (t) in (3): Accommodation is measured
in diopters [D], which is the reciprocal of focussing depth
(meters). Unlike natural viewing conditions, when viewing
a stereoscopic display the crystalline lens accommodates to
the display distance, while the vergence apparatus allows the
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viewer to perceive depth in accordance with the compulsory
disparity values. Thus, Acc j (t) is assumed constant:
1
[D]
(8)
V
where the sample mean is computed over all 2D spatial
(u,v)
coordinates (u, v), Acc j
is the accommodation value at each
location, and V is the viewing distance in meters [m].
When a viewer first casts their gaze onto an S3D image,
s/he will tend to visually scan the image content with
corresponding eye movements. As the visual system gathers
information and stores it in short-term sensory memory,
vergence may vary independently of accommodation for
about 1 second [44]. However, after this brief delay, the visual
scanpaths tend to stabilize and become more regular, and the
vergence and accommodation processes engage each other.
This is particularly true when viewing an S3D display, where
large head movements are unusual [17]. This can be confirmed
from recorded visual scanpaths using an eye-tracker, as shown
later in Sec. IV-D (Fig. 10).
Vergence can be expressed in terms of meter angles [MA],
the reciprocal of fixation distance (also meters). Since the units
of accommodation and vergence are the same, the accommodation and vergence responses can be readily compared.
V er j (t) in (3) is also determined by tracking the average
}. Then,
value, V er j = mean(u,v){Ver(u,v)
j
(u,v)

Acc j = mean(u,v){Acc j

I j (t)  I j =

}=

1
.
|Acc j − Ver j | + λ

(9)

2) Accounting for Saliency and Foveation: Under natural
viewing conditions, the binocular visual system coordinates
the movement of the two eyes, so that both eyes fixate at the
same point whose images are projected onto the foveas [31].
(u,v)
The approximation V er j = mean(u,v){Ver j } does not hold
in most cases for the following reasons. First, the retinal photoreceptors are non-uniformly distributed with highest density
at the fovea; the density decreases reciprocally with distance
from the fovea [31], [32]. Second, vergence is also affected
by visual attraction (saliency). For example, some sequences
may produce visual discomfort over only a small percentage
of the visual field. In such a case, a viewer may tend to direct
the point of gaze away from such regions, causing them to be
sampled at lower (non-foveal) resolution. Ideally, the design
of a reliable vergence response Ver j should account for both
foveation and saliency.
3) Foveation and Saliency Strength: The acuity of
the HVS is a function of spatial photoreceptor density.
A commonly used foveation model that fits human data
well was presented in [33]. The foveation model is
expressed


e2 ln( C1T0 )
πV W
,
(10)
f c {V, (u, v)} = min
360
α{e2 + arctan( d(x)
V W )}

u−u
v−v
where d(x) = ( m f )2 + ( m f )2 is the distance (in pixels)
between point (u, v) and the fixation point (u f , v f ), m is a
screen magnification factor, arctan( d(x)
V W ) is the eccentricity,
W is the display width and V is the assumed viewing distance.
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Geisler and Perry [33] found values for the spatial frequency
decay constant α = 0.106, half-resolution eccentricity constant
e2 = 2.3, and minimum contrast threshold C T0 = 1/64.
We follow the hypothesis that human visual fixations are
drawn to salient 2D or 3D image regions [34], [35]. Here, we
assume that a region having high saliency falls on the fovea
and hence is captured at highest resolution. The 3D saliency
(u,v)
prediction model in [35] computes saliency strength S j
in image j by incorporating luminance, disparity, and visual
comfort factors. Figure 4 depicts examples of saliency strength
maps computed on images from the IEEE-SA [36] and
EPFL [37] S3D image databases. The middle column in Fig. 4
shows exemplar saliency strength weight maps, while the right
column shows recorded visual fixations using an eye-tracker.
The saliency strength maps (Fig. 4 (b), (f), (j) and (n)) clearly
are correlated with the subjective results obtained using the
eye-tracker.
4) TVDM Input Signal: The vergence signal model for
an S3D image j incorporates both saliency strength and
foveation:
Ver j (t)  V er j
(u,v)

= mean(u,v){S j

(u,v)

· f c {V, (u, v)} · Ver j

}.

(11)

Using (11), one can construct a virtual view of an
image weighted by foveation and saliency strength. Hence,
(3) becomes
I j (t)  I j
=

1

| V1

− mean(u,v){S (u,v)
j

.
· f c {V, (u, v)} · Ver(u,v)
}| + λ
j
(12)

III. TVDM S YSTEM I DENTIFICATION
In order to be able to better understand the temporal aspects
of visual discomfort levels felt by humans viewing S3D images
over time, we conducted a subjective study on 350 stereo
images drawn from the IEEE-SA, EPFL and DIML [12]
databases using the new, multimodal subjective study methodology called MICSQ [19]. We used the collected subjective
data to study the relationship between quantitative subjective
judgements, C j (t) for each S3D image j and corresponding
input I j . Based on this, we develop a transfer function model
using non-linear regression.
A. Transfer Function of TVDM
As stated in Sec. I-A, TVDM models the function of
neural pathways and processing elements between the eyes
and certain areas of the brain by a second-order system with
transfer function H (s) = k · ωn2 /(s 2 + 2ζ ωn s + ωn2 ). In the
following, we show that the interaction between brain activity
in visual area MT and the corresponding extraocular muscles
and lens dynamics expressed by TVDM transfer function that
can be used to predict the visual discomfort levels experienced
when viewing S3D images.
First, the A/V neural path including all nerves are modeled
as simple delay elements having a transfer function e−T s ,
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Fig. 4. Computed saliency strength map and map of recorded visual fixations using an eye-tracker. Left column: original left images (a) “ISL5-50”
(d) “ISL20-100” from the IEEE-SA database [36] and (g) “07-01” (j) “09-01” from the EPFL database [37]. Middle column: (b), (e), (h) and (k) computed
saliency strength map. Right column: results of eye-tracker simulation ((c), (f), (i) and (l)).

where T is the delay time [16], [17]. Linearizing this by
Taylor approximation yields the following approximate
transfer function model of the optic and A/V neural path
stages
do (s) = 1 − T s

(13)

where T = 0.05 seconds as assumed in [17].
Second, the model of the transfer function of the oculomotor
plant
E(s) =

O j (s)
= H A (s) − HV (s)
N(s)

(14)

where N(s) is the Laplace transform of the output of the
0.25
0.3
and HV (s) = 0.15s+1
,
A/V neural path stage, H A (s) = 0.25s+1
as depicted in Fig. 5 [15].
Finally, the transfer function of relevant control signal
apparatus in visual area MT, denoted M(s), represents the
time-variant neural activity between the input signal carried
through the optic nerve and the output signal transmitted along
the A/V neural path. The dynamic behavior of visual area
MT has been derived from brain activity measurements in
a number of biological and physiological studies [23], [39].

Fig. 5.
Input and output signal flows of the oculomotor plant
E(s) = O j (s)/N (s). To achieve accommodation, the EW neurons of near
response neurons control the ciliary muscles and the crystalline lens. To cause
vergence, the oculomotor neurons control the extraocular muscles. The plants
representing the accommodation and vergence processing units denoted by
transfer functions H A (s) and H V (s), respectively.

Since the transfer function H (s) in Fig. 3 is
H (s) =

kωn2
do (s)M(s)
, (15)
=
2
2
s + 2ζ ωn s + ωn
1 + do2 (s)E(s)M(s)

the transfer function of visual area MT is modelled as
kωn2
M(s) =
. (16)
2
do (s){s + 2ζ ωn s + ωn2 (1 − kdo (s)E(s))}

KIM et al.: TRANSFER FUNCTION MODEL OF PHYSIOLOGICAL MECHANISMS

B. Regression Analysis With MICSQ
1) Assessment Environment: We conducted a fairly
large-scale human study of visual discomfort felt when
viewing S3D images using the MICSQ subjective study
method [19]. MICSQ uses a multimodal (aural and tactile)
interactive and continuous (if needed) scoring process which
helps engage and focus subjects on their tasks. Several
3D experiments were conducted on a 46-inch polarized stereoscopic display having resolution 1920×1080 and display
height 0.6 m, so the viewing distance for each subject was
set to about 1.8 m, following ITU-R Rec. 500-13 [13].
The study was conducted under constant room and background illumination conditions. Interactive responses were
recorded using a tablet-PC (model: Samsung Galaxy-Tab
(SEC-SHW M180W)).
2) Subjects: Thirty nine subjects (27 male and 12 female)
participated in the subjective study. Five of the subjects were
previously involved in 3D research, while the others were
inexperienced. The ages of the subjects ranged from
24 to 31 years with an average age of 27. All subjects were
tested and found to have good or corrected visual acuity
of greater than 1.25 (using the Landolt C-test) and good
stereoscopic acuity of less than 60 ar c (the RANDOT stereo
test). Each subject was asked to assess the degree of visual
(dis)comfort experienced when viewing each S3D image for
10 seconds. The range of subjective scores was set from 0 ∼ 1
with an initial score of 0 and with equally spaced marks on
a Likert scale [bad]-[poor]-[fair]-[good]-[excellent], following
ITU-R Rec. 500-13. Subjective scores were continuously
collected over each 10-second presentation, at a sampling
rate of 10 Hz. If a subject’s rating score was very different
from the group results, the subject was regarded as an outlier
following the rejection procedure in [13]. However, no outlier
was detected during the course of the statistical analysis.
In addition, to enable the subjects to familiarize themselves
with MICSQ and the evaluation process, ten S3D sample
images were presented to each subject prior to commencing
the subjective task. Each subject’s sessions were separated by
a one week interval to eliminate any residual visual fatigue.
3) Regression: The transfer functions H (s) and M(s) were
estimated using non-linear least squares regression (the Matlab
function “nlift”) to determine the optimal coefficients. A total
of 350 high-resolution (1920×1080) S3D images were used:
220 stereo images from the IEEE-SA database, 90 stereo
images from the EPFL database, and 40 stereo images from
the DIML database (indexed j = 1, . . . , 350). We develop
the relationship between the input I j (t) and predicted visual
discomfort level C j (t) in Laplace space: from (2),
C j (s) = H (s) · I j (s) =

Ij
kωn2
·
s 2 + 2ζ ωn s + ωn2 s

(17)

which yields the temporal prediction



1
−ζ ωn t
2
C j (t) = k I j · 1 − 
e
cos(ωn 1 − ζ t − φ)
1 − ζ2
(18)

where φ = arctan(ζ / 1 − ζ 2 ).
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In order to obtain the coefficients k, ωn and ζ
via
by I j : C j (t)/I j = k ·
 regression, divide (18)

1
−ζ
ω
t
2
n cos(ω
1− √ 2e
n 1 − ζ t − φ) . The best fit was
1−ζ

found by minimizing the least squares error between the vector
of mean opinion scores (MOSs) [MOS j ; 1 ≤ j ≤ 350] and
the vector [C j (t)/I j ; j = 1, 2, . . . , 350] on the time axis
(0 ≤ t ≤ 10 [sec]). Because the subjective assessment was
conducted by multiple subjects, MOS is computed as
MOS j (t) =

N
n=1 C j (t)

(19)
N
where N = 39 is the number of subjects. The stereo
images from IEEE-SA, EPFL, and DIML were separated into
80% and 20% subsets for regression and test, respectively.
In other words, 280 different continuous MOSs obtained from
thirty nine subjects were fit to (18), then the correlation
with the remaining 70 subjective results were calculated for
each trial. To ensure that our results were not affected by a
specific regression-test separation, we repeated the regression
2000 times using randomly selected 80% - 20% subsets at
each trial.
The regression yielded k = 4.27, ζ = 0.73 and ωn = 0.75.
Hence, the overall transfer function model used in TVDM is
expressed as
2.402
.
(20)
+ 1.095s + 0.563
In addition, the transfer function model of the relevant
processing and signalling elements of visual area MT becomes
H (s) =

s2

M(s)
=

2.402
(1− 0.05s){s 2 +1.095s + 0.563 − (4.27− 0.214s)E(s)}
(21)

where E(s) is the transfer function of the oculomotor plant.
IV. R ESULTS AND A NALYSIS OF TVDM
A. Statistical Performance Evaluation
To evaluate the accuracy of the regression process,
we measured the linear correlation coefficient between the two
time series C j (t) and L−1 [H (s) · I j (s)]. Figure 6 (a) depicts
plots of these two time series for 70 arbitrary S3D images.
Very high linear correlation coefficients of 0.936 and 0.917
were obtained on the IEEE-SA and EPFL database images,
respectively. The graphs of L−1 [H (s) · I j (s)] accurately
matched the corresponding subjective traces C j (t) as shown
in this figure. In addition, to demonstrate that the regression
process does not heavily depend on the TVDM order, we
measured the mean linear correlation coefficients as a function
of TVDM order, as plotted in Fig. 6 (b). The value of
correlation increases with the TVDM order, but only very
slightly above order 2.
To obtain a visual discomfort score for each image,
TVDM was measured score at t = 10 seconds. Figure 7
plots the 10-second TVDM score for each image
( j = 1, 2, . . . , 350) versus MOS. The results qualitatively
demonstrate that TVDM scores correlate highly with MOSs.
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TABLE I
LCC AND SROCC FOR 2000 T RIALS OF R ANDOMLY C HOSEN
R EGRESSION AND T EST S ETS ON THE IEEE-SA D ATABASE

TABLE II
LCC AND SROCC FOR 2000 T RIALS OF R ANDOMLY C HOSEN
R EGRESSION AND T EST S ETS ON THE EPFL D ATABASE

TABLE III
LCC AND SROCC FOR 2000 T RIALS OF R ANDOMLY C HOSEN
R EGRESSION AND T EST S ETS ON THE DIML D ATABASE
Fig. 6.
(a) Best least-squares fits between the time series C j (t) and
L−1 [H (s) · I j (s)] for 70 arbitrary S3D images of IEEE-SA database.
(b) Mean linear correlation coefficients of TVDM against MOS as a function
of model order using the IEEE-SA, EPFL, and DIML databases.

Fig. 7. Scatter plot of TVDM at t = 10 [sec] vs. MOS on the IEEE-SA and
EPFL 3D database images.

The mean values of the Pearson linear correlation
coefficient (LCC) and the Spearman rank order correlation
coefficient (SROCC) were 0.8904 and 0.8905, respectively.
We compared the performance of TVDM with those
of prior objective models proposed by Yano et al. [8],
Kim and Sohn [12], Nojiri et al. [40], Choi et al. [41]
and Park et al. [1]. Yano et al. [8] computed the ratio of
sums of disparities near the screen to those far from the
screen, by assuming a comfort zone spanning 60 ar cmi n.

Kim and Sohn [12] proposed several features to predict the
visual discomfort experienced when viewing S3D images,
most notably the disparity range and the maximum angular
disparity, based on an assumed comfortable viewing zone.
Nojiri et al. [40] used a number of sample statistics
descriptive of experienced parallax, such as minimum and
maximum disparity, disparity range, and the dispersion and
absolute average of disparity. Choi et al. [41] proposed
three kinds of features descriptive of the spatial, temporal,
and differential elements of viewing stereoscopic 3D video.
Park et al. [1] extracted four kinds of features descriptive of the
anomaly of vergence-accommodation/vergence (VA/V) ratio,
anomaly of accommodation-vergence/accommodation (AV/A)
ratio, absence of de-focus blur and absence of differential blur
in S3D images.
Tables I, II, and III show the mean, median, and standard
deviation values of LCC and SROCC for these prior models
over the 2000 regression and test trials on the IEEE-SA, EPFL,
and DIML database images, respectively. The correlation
values from the previous algorithms were obtained using a
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TABLE IV
R ESULTS OF F-T EST P ERFORMED ON THE R ESIDUALS B ETWEEN

TABLE V
M EAN VALUE OF I j ∈g AND C ORRESPONDING S ETTLING
T IME Ts FOR E ACH G ROUP

O BJECTIVE M ODELS I NCLUDING TVDM AND MOS

support vector regression method with the same number of
trials [42], [43]. As shown in both tables, TVDM delivered the
highest LCC and SROCC values and the minimum standard
deviation values by a substantial margin.
In addition, to investigate the statistical significance of the
relative performances of the prior objective models that were
tested, we conducted standard F-tests on the errors between
MOS and the objective model results. The residual error
between the prediction score of each objective model and
MOS on the IEEE-SA, EPFL and DIML database images
was used to evaluate the possible statistical superiority of one
objective model against another. The residual errors between
the prediction score of an objective model and MOS is
given by:
Model Residual = {S j − MOS j , j = 1, . . . , 350}

(22)

Fig. 8.

Mean subjective temporal score variations among the 5 groups.

TABLE VI
M EAN VALUE OF I j ∈g AND C ORRESPONDING G AIN k FOR E ACH G ROUP

where S j is the vector of fitted objective scores for stereo
image j . As shown in Table IV, F-tests were conducted on the
ratios of the variance (22) for each objective model relative
to every other one at the 95% significance level [38]. A value
of ‘1’ indicates that the statistical performance of the objective
model in the row is superior to that of the model in the
column and a symbol value of ‘0’ indicates that the objective
model in the row is statistically inferior to that of the model
in the column. A symbol of ‘-’ indicates that the statistical
performance of the model in the row is equivalent to that of
the model in the column.
B. Response Time
The response time of the visual discomfort prediction model
is defined as the time required to reach a final predicted
subjective score. This depends on a variety of factors. For
example, if the viewer does not perceive that the input image
“looks like” a real-world scene, more response time may
be needed to reach a final decision, as observed in [44].
We interpreted the settling time (Ts ) of the second-order
system to be the time required for the output to reach and
stay at 2% of its final value. Therefore, the response time
needed to compute a visual discomfort score on an S3D image
can be viewed as a simple linear function of the settling time
of TVDM. Since the settling time is defined by the time at
which the envelope decays to 0.02; √ 1 2 e−ζ ωn t = 0.02, the
1−ζ

settling time is obtained as


− ln(0.02 1 − ζ 2 )
.
Ts =
ζ ωn

(23)

Fig. 9.

Bode magnitude curves of the 5 groups against frequency.

In order to investigate the relationship between response
time and the difference between the accommodation and
vergence signals, we divided the 350 S3D images used
into five groups depending on their values I j . Both databases consist of five different pairs of stereo images using
multiple evenly separated convergence points and separating
the baseline distance, respectively. Therefore, all test images
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Fig. 10. Eye-tracker (60 Hz) results on (G1) “ISS40 ” for Group 1, (G2) “03-01” for Group 2, (G3) “05-07” for Group 3, (G4) “INS1100 ” for Group 4,
(G5) “ISL140 ” for Group 5 at (G#-a) 0.25, (G-b) 0.5, (G-c) 0.75, (G-d) 1, (G-e) 5, and (G-f) 10 seconds.

from both databases have diverse depth statistics. In each
group, 70 images have similar values of I j with a group
index, g (Group 1∼Group 5) in order of mean values I j ∈g .
Table V shows the mean values, I j ∈g of each group where
I j ∈Group i+1 > I j ∈Group i . This means that a viewer feels
more comfortable when viewing S3D images from lower
indexed groups.
Figure 8 depicts the mean temporal subjective scores for
each group. Broadly, the response time required to determine
a visual discomfort score increases with the mean value I j ∈g .
In other words, when viewing a comfortable S3D image, the
subjects tend to determine subjective visual discomfort scores
more quickly than when they are watching an uncomfortable
S3D scene. One possible explanation for this is scene
familiarity. If an S3D scene is familiar to a viewer,
(s)he tends to determine a degree of visual discomfort more
quickly [44].
We also obtained the settling time, Ts , for each group g
using the regression technique on the 70 S3D images in each
group. As revealed by Table V, the value of Ts tended to
increase with decreases in the mean value of I j ∈g .
C. System Gain
By the final value theorem, the gain of TVDM is
lims→0 H j (s) = k. Whereas the final subjective visual

discomfort score at t = 10 seconds is
C j (10) = lim H j (s) · I j ,
s→0 

1

e−10ζ ωn
1 − ζ2


× cos(10ωn 1 − ζ 2 − φ)

= kIj · 1 − 

(24)


where φ = arctan(ζ / 1 − ζ 2 ). The gain indicates the
perceptual effort exerted by TVDM to predict the level of
visual discomfort experienced when viewing an S3D image.
Since variations in the gain greatly depend on the difference
between accommodation and vergence, we determined the
values of k for each group g using the regression process.
As shown in Table VI, the mean value of k was highest
for Group 5 as compared with the other groups, meaning
that greater perceptual effort was required as the difference
between accommodation and vergence increased. This is also
observed using Bode plots [45]. The Bode magnitude plot
has a linear decibel [dB] scale for values on the vertical axis
and a logarithmic frequency scale on the horizontal axis. The
Bode phase plot represents the system phase as a function of
frequency.
As shown by the arrow in Fig. 9, as the group number
increases, the gain increases and the gap between adjacent
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groups widens. This means that a large perceptual effort needs
to be made when the input stimulus causes visual discomfort
when being viewed. When a subject views a comfortable
S3D image, little effort is required to perceive 3D scene
information.
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TABLE VII
M EAN VALUE OF I j ∈g AND C ORRESPONDING D AMPING
R ATIO ζ FOR E ACH G ROUP

D. Gaze Shifting and Relative Disparity
In order to gather and interpret visual information, viewers
tend to scan the display screen when they commence viewing
S3D image. The informations gathered are processed via
multiple neural pathways, the responses to which drive the
biomechanic visual apparatus implicated in the experience of
visual discomfort. This can produce time-varying muscular
stresses in the oculomotor response. For example, if the differences in disparity of the gaze points vary significantly, then
the subjective experience of (dis)comfort may considerably
fluctuate around a level of poor comfort [44]. Likewise, the
unit step response graphs of the general second-order system
exhibit varying degrees of oscillation and overshoot depending
on the damping ratio ζ . The tendency is that strong oscillations
are driven by reduced values of ζ . Thus, it is of interest to
investigate the effects of relative disparity as a function of
scanpaths on variations in experienced visual discomfort by
measurement of the TVDM damping ratio.
Figure 10 shows eye-tracker results on five representative
S3D images from each group recorded during the subjective
visual discomfort assessment experiments. The visual fixation
maps recorded at time instants at 0.25, 0.5, 0.75, 1, 5,
and 10 seconds from beginning of presentation are presented
by column in Fig. 10 starting from the left. It may be observed
that gaze shifts occurred frequently until about one second
passed, with considerably reduced frequency afterwards.
In addition, as may be seen in the leftmost columns of Fig. 10,
visual attention tended towards the center of the screen,
a well-known center bias phenomena [35].
In order to investigate the relationship between the relative
disparity variations occurring at the sequences of fixation
points and variations in the subjective scores, we calculated the damping ratio for each group g using a regression
process. Moreover, to quantify variations in disparity amongst
sequences of fixations, we computed the standard deviation of
disparity at all fixation points over five second intervals:
R=

1
N

(d(n) − μ)

2

(25)

Fig. 11. Bode (a) magnitude and (b) phase plots of visual area MT for each
of the 5 groups.

n

where μ = N1 n d(n), d(n) is angular disparity at fixations,
and N is the total number of disparity measurements over the
interval.2 Since there is a certain tendency that the greater
is the dispersion of disparities among a sequence of fixation
points, the greater the likelihood that A/V conflicts will occur
leading to consequent visual discomfort [1].
As shown in Table VII, the mean value of ζ was lowest
for Group 5 amongst all groups, indicating a greater degree
of disparity oscillation. It may be observed that the subjective
2 We calculated the standard deviation over non-overlapping 5 second
intervals of eye-tracking.

scores tend to fluctuate in accordance with relative disparity
variations.
E. Discussion of Visual Area MT
Using the results of the regression trials, we obtained the
transfer function model of relevant processing elements of
visual area MT, M(s), using the transfer function of the
oculomotor plant, as shown in Eq. (21). The transfer function
has 15 poles and 13 zeros; the model frequency response of
visual area MT exhibits low-pass filter characteristics.
The processing of visual data along the dorsal stream of
visual information by visual area MT is associated with the
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computation of motion, disparity, and location, as well as
supplying signaling that drives vergence eye movements
and the accommodation response. Previous magnetoencephalography (MEG) studies suggest that the temporal
responses of these are tuned to low frequencies [46], [47].
Lutzenberger et al. [48] found that the peak amplitude of the
visual-evoked potential (VEP) to lie at approximately 10 Hz in
adults using electroencephalography. Moreover, in [39], activation in visual cortex was found to peak within a low temporal
frequency band using positron emission tomography (PET).
Next, in order to determine the model frequency response of
the relevant components of visual area MT as a function of the
difference between accommodation and vergence, we studied
the Bode plots of M(s) for each group g as shown in
Figs. 11 (a) and (b). The Bode magnitude curve for Group 5
occupies a slightly higher frequency band than the other
groups, as shown in Fig. 11 (a). Prior results suggest that high
frequencies are more easily observed in stressful or uncomfortable situations [49], [50]. Although the differences between the
results for Group 1 and Group 2 are not significant, the Bode
magnitude graph of Group 1 does occupy the lowest frequency
band. Conversely, the frequency responses of Groups 4 and 5
occupy higher frequency bands, exhibit higher gain and
have noticeable overshoot, as shown in the Bode magnitude
plot of Fig. 11 (a). Further, the Bode phase curve falls
below −135°, as shown in Fig. 11 (b).
V. C ONCLUSIONS
We have described a new model and computational
approach to the temporal prediction of the degree of visual
discomfort experienced when viewing an S3D image based
on a simple transfer function model of physiological mechanisms involved in visual accommodation and vergence. The
transfer function model can be used to accurately predict the
degree of visual discomfort felt. We also studied the stability
of the model as it relates to predicted differences between
accommodation and vergence. As advanced techniques for
3D display and demand for 3D content continue to expand,
we believe that models of this type will play an important
role in understanding and predicting the neural basis of visual
discomfort.
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