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Abstract: We propose a fast and robust method to estimate the 3D gaze position based on the eye vergence information
extracted from eye-tracking data. This method is specially designed for Point-of-Regard (PoR) estimation in
non-virtual environments with the aim to make it applicable to the study of human visual attention deployment
in natural scenarios. Our approach starts with a calibration step at different depth distances in order to achieve
the best depth approximation. In addition, we investigate the distance range, for which state-of-the-art eye-
tracking technology allows 3D gaze estimation based on eye vergence. Our method provides a mean accuracy
of 1.2◦ at a working distance between 200 mm and 400 mm from the user without requiring calibrated lights
or cameras.

1 INTRODUCTION

Determining the 3D gaze position in natural settings
is of great interest for different fields of research and
applications, e.g., investigation human attention de-
ployment when buying products (Gidlöf et al., 2013)
or analysis of visual behavior for driver assistance
in the automotive industry (Braunagel et al., 2015;
Fletcher et al., 2005; Kasneci et al., 2014; Kasneci
et al., 2015). Moreover, in virtual environments,
depth estimation could help to improve the sensa-
tion of immersion into the virtual world optimizing
the level of detail (Duchowski, 2007) or adjusting the
sharpness (Hillaire et al., 2008), where the user’s at-
tention is focused. In this paper, we address a cen-
tral question for video-based 3D gaze estimation, i.e.,
how much focus depth information can be derived
solely from images of the user’s eyes.

3D gaze estimation in video-based eye tracking
consists of mapping the pupil’s center estimate ex-
tracted from the eye image to an actual 3D position
in the scene. For this purpose, depth perception has to
be extracted from the visual system. The human brain
uses several sources of information for 3D vision and
reconstruction including monocular cues, such as oc-
clusion, as well as binocular disparity (Kandel et al.,
2000). Furthermore, it receives information from
three oculomotor systems to perceive depth (Reichelt
et al., 2010): accommodation, miosis, and vergence.

The sense of depth is delivered to the viewer by any
of these depth cues. Accommodation is the process
by which the vertebrate eye changes optical power
to maintain focus on an object as its distance varies
(Davson, 2012). Miosis is the constriction of the
pupil relative to the amount of light the pupil receives
(Rogers, 1988). Finally, vergence is the simultaneous
movement of both eyes in opposite directions to ob-
tain or maintain single binocular vision (Cassin et al.,
1984). For the purpose of designing a 3D eye-tracking
system, measuring accommodation needs perfectly
controlled conditions and complex devices (e.g., Pow-
errefractor™(Schaeffel et al., 1993)), or ultrasound
biomicroscopy (Kasthurirangan, 2014); and it is not
recommended for continuous long exposure. Miosis
is easily measurable, but is very sensitive to ambient
light (Cheng et al., 2006). Thus, among the three in-
formation sources from the oculomotor system, we
are left with the vergence information to estimate the
gaze position or Point of Regard (PoR). In video-
based 3D eye-tracking systems, the vergence infor-
mation is the only signal that is robust and easy to
measure.

Existing 3D gaze estimation techniques can be di-
vided in two main categories: (i) methods based on a
geometrical models of the eye, and (ii) methods based
on interpolation, i.e., the direct mapping of eye posi-
tion and PoR.

Common ground in the model-based approach
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is the use of multiple light sources to calculate
the corneal center (Shih and Liu, 2004). Addi-
tional improvements allow restricted head movements
(Craig Hennessey, 2009). Gaze estimation techniques
in this category have a good accuracy but rely on mul-
tiple infrared lights pointing to the eye, which can be
impractical in outdoor environments or unhealthy un-
der certain conditions (Mulvey et al., 2008), (Kourk-
oumelis and Tzaphlidou, 2011). Furthermore, other
algorithms do not require calibrated lighting features
(Świrski and Dodgson, 2013), but there is no evidence
for their application to non-virtual environments.

Approaches based on interpolation originate from
2D PoR estimation methods and are extended
for binocular gaze vector estimation in 3D PoR
(Duchowski et al., 2001). Other variations use neural
networks instead of polynomial functions for a better
accuracy (Essig et al., 2006) but are designed specifi-
cally for 3D displays. Neural networks are compared
with a geometry-based algorithm, which provides bet-
ter results for real-time execution (Wang et al., 2014).
However, both methods have been only tested in vir-
tual environments.

In summary, all previously mentioned methods
lack the applicability in real-time, non-virtual, and
non-laboratory scenarios. In this paper, we propose
an online 3D gaze estimation method based on inter-
polation that is suitable for 3D eye-tracking in real-
world scenarios. How the theoretical vergence angle
varies with the observation distance to a target object
is analyzed in Section 2.1. Based on this theoretical
analysis we derive the range in which an eye tracker
can determine the vergence angle with sufficient accu-
racy. The proposed 3D PoR estimation is presented in
Section 2.2 with details regarding pupil position cal-
culation explained in Section 2.2.1. The experimental
validation of the method is described in Section 3.1
and results are presented in Section 3.2. Section 4
concludes this work.

2 METHOD

Our method determines a 3D gaze point from images
of both eyes of the observer. After a calibration phase,
the gaze position can be estimated. For the initial cal-
ibration step, several points on different depth planes
are presented to the observer and looked at sequen-
tially. While the observer is looking at a given point,
the corresponding pupil center position is recorded.
Pupil center and point position are then used to calcu-
late the gaze vector from both eyes and then estimate
the vergence angle. At the end of this step, infor-
mation about the relationship between the vergence

angle and distance is calculated and stored for later
use. For the final estimation step, the vergence angle
is calculated from the pupil centers and a 3D PoR is
calculated as described below.

2.1 Relationship between Vergence and
Observation Distance

The vergence angle change is the difference between
the vergence angles resulting when moving a target
at given distance from the observer (see Figure 1)
(Healy and Proctor, 2003). This change will be higher
the closer the fixated object is to the observer. Within
the range of 2 meters, the change in vergence an-
gle decreases exponentially with distance (Howard,
2012) (see Figure 2), implying thus, the existence of
a certain distance range in which the vergence an-
gle change is measurable within an acceptable ex-
perimental error. Therefore, before applying the pro-
posed 3D PoR estimation method, it is essential to find
out within which range the eye-tracking signal can be
used to extract useful information on vergence.

Figure 1: Calculation of the vergence angle difference.

To approach this, we first calculate the theoretical
variation of the vergence angle with the distance. The
relevant parameters are the positions of the eyes and
the attended point in front of them. A ray is traced
from each eye towards this point. For our theoretical
considerations we assume that the fixated at point is
positioned straight ahead of the eyes (from the center
point between both eyes). Since the vergence angle
depends on the distance to the eyes, other points on a
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sphere around the eyes would yield a similar result.
We sampled the vergence angle difference be-

tween planes positioned in steps of 50 mm. The dif-
ference was calculated by subtracting the vergence
angle value in a plane to the previous one, start-
ing at the plane located further away from the ob-
server. We can therefore infer the maximum distance
at which the vergence difference between two sequen-
tial planes is still larger than our assumed eye-tracker
accuracy. In consequence, planes with less vergence
difference among them will be indistinguishable. For
these calculations, we considered an interpupillary
distance of 64 mm, which correspond to the popula-
tion mean (Dodgson, 2004).

Figure 2 shows the vergence angle for distances
ranging from 20 mm to 1200 mm from the user. Mea-
suring differences of less than 50 mm from 400 mm
distance to the user requires a maximum error of 1°.
This is the maximum distance limit we have chosen
for the experiments, since the required accuracy is
feasible. We use a minimum distance of 200 mm be-
cause looking at closer objects is very uncomfortable
and these objects are hard to fixate. Moreover, this
theoretical calculation has been corroborated by the
empirical results obtained in our experiments.

Figure 2: Theoretical angle difference of vergence and com-
parison with empirical values in setup range.

2.2 Estimation of 3D Gaze Position

The core idea of the proposed method is to cross the
gaze rays of both eyes and thereby determine the 3D
gaze position. Two steps have to be solved first: we
have to determine the gaze ray of each eye and we
have to find a solution to non-intersecting rays (which
in 3D space will be more common than actually inter-
secting rays).

To solve the first issue we employ an
interpolation-based approach as described in Section
2.2.2. To address the second problem, we estimate

the intersection as the middle of the perpendicular
line between the two rays, or the point where the
interlinear distance is minimal.

Figure 3: Ray trace from eyes to PoR.

Two different algorithms have been tested for PoR
estimation using the line of sight. The first one was
proposed by (Wang et al., 2014), while the second ap-
proach is a pure geometrical procedure based on the
Dan Sunday algorithm (Sunday, 2012). Despite be-
ing based on the same principles, the two methods
perform differently. Best results have been achieved
with the method proposed by (Wang et al., 2014).

Based on (Wang et al., 2014), we propose an al-
gorithm that follows a two-step approach to estimate
an accurate 3D gaze position in non-virtual environ-
ments. In a first step, a coarse depth approximation is
done. The second step refines the 3D PoR in order to
get the most accurate result possible. Both steps use
triangulation mappings based on (Wang et al., 2014).
However, the method presented in this paper differs at
several steps:

• Our method is able to use calibration points from
different depth layers. Therefore, we are able to
calibrate not only in one plane but also the depth
layer and to include subject-specific effects.

• We apply the method to an experimental dataset
in a real-world environment, outside of a virtual
reality and without stereoscopic displays.

• The polynomial mapping function as well as the
pupil center detection of the first algorithm step is
included in our procedure and not provided by a
commercial eye-tracking software. Therefore, we
can apply a custom mapping function and have
full control over the estimation process.

• We do not rely on smoothing filters and can there-
fore shorten the execution time of the algorithm.

Since experimental measurements have shown
that using only one plane for getting the interpolated
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points to calculate the line of sight (LoS) is not accu-
rate enough, we have used different base planes for
interpolation. Additionally, error rises accordingly as
the PoR lies further away from the interpolation plane
(see Figure 4). This problem is solved by selecting
the closest interpolation plane for calculating PoR. In
the first step, we used the first interpolation plane to
get an approximate vergence angle. This vergence an-
gle is used with a pre-calculated table (see Table 1) to
select the closest interpolation plane to the PoR. Then
the selected interpolation plane is used to calculate an
accurate PoR position in 3D.

Figure 4: Vergence angle error using different calibration
planes.

Table 1 is determined in a calibration procedure.
This procedure consists of calculating the median ver-
gence angle of 16 calibration points for each depth
plane. All the points are on the selected plane (see
Figure 7) and the vergence angles are calculated for
each point using the eye positions and the target point.

Table 1: Relationship between eye vergence and viewing
distance.

Distance (mm) Vergence Angle (°)
200 14.4
250 11.6
300 9.3
350 7.4
400 6.1

2.2.1 Pupil Position Calculation

In order to test the accuracy of the calibration method
and to reduce other error sources, pupil center posi-
tions were determined by the ExCuSe algorithm (Fuhl
et al., 2015a) first and checked manually afterwards
(see Figure 5).

Figure 5: Pupil position detected by the custom developed
program.

2.2.2 Interpolation Function

Interpolation is one of the fundamental steps used
in feature-based gaze estimation (Chennamma and
Yuan, 2013). The basis of this method is to obtain
a polynomial function that relates the pupil position
in the eye image to a position on a screen or a plane in
space. The polynomial coefficients are approximated
using a regression analysis. We tested different poly-
nomial mapping functions. A 2nd order polynomial
function (see Equation 1) showed best results and is
therefore used in this work. This is consistent with a
study by (Cerrolaza et al., 2012) that concludes that
higher order polynomials do not improve the system
behavior.
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where PoRx and PoRy are the interpolated points in the
plane of one eye, ϑx and ϑy are the pupil center posi-
tion of an eye in the image and Ceye is the coefficients
matrix for this eye.

3 EXPERIMENTAL EVALUATION

3.1 Setup

To corroborate our method for gaze estimation, an
experimental setup has been developed. The aim of
this setup is to provide empirical validation of PoR
estimation in a real environment only by using the
vergence angle information. The test setup com-
prises a chin rest for fixing the subject’s head posi-
tion, a moving actuator for changing depth plane (Z
plane) and a head-mounted camera device (see Fig-
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Figure 6: Experimental setup for calibration and evaluation. The complete setup is transportable and consists of a camera and
a motorized linear rail system for moving the target.

ure 6). The moving actuator supports a transparent
Plexiglas® panel with 25 marker points (see Figure 7).

The test procedure consisted of asking the subject
to look at specific points on the panel (numbered 1
to 25) at different depths. The points were separated
3 cm from each other covering an area of 20 × 20
cm2. The central point was located in the middle be-
tween the subject’s eyes. The Plexiglas® plane was
presented at 20, 25, 30, 35 and 40 cm distance from
the subject. The full workspace covered volume of 20
× 20 × 20 cm3. Later on, 16 points of the panel were
used for calibration and all 25 points were used for
evaluation of the algorithm (see Figure 7).

Figure 7: Grid pattern presented to the subjects. The red
colored circles are used for calibration. Additionally the
blue circles are used for evaluation.

During the experiment, images of the subject’s
eyes were taken in the exact time when the subject
fixated a specific point. These images of 720 × 480
pixels resolution were used to calculate the pupil po-
sition.

Six subjects took part in the experiment. The age
of participants varied between 22 and 34 years, re-
cruited on a voluntary basis. All subjects have nor-
mal vision except for one, who was wearing correc-
tive contact lenses, which did not affect the test.

3.2 Results

Table 2 represents the error between the estimated and
the real position for all the points. Error for each
axis, Euclidean distance and angular difference (see
Equation 2) are shown for each Z plane. Furthermore,
overall average and standard deviation from all planes
are presented.

Dist.=
√
(Xr−Xe)2 +(Yr−Ye)2 +(Zr−Ze)2

dot p = Xe ∗Xr +Ye ∗Yr +Ze ∗Zr
lenSqe = X2

e +Y 2
e +Z2

e
lenSqr = X2

r +Y 2
r +Z2

r
Angle = arccos( dot p√

lenSqe∗lenSqr
)

(2)
where r is real position and e is estimated position.

The results show an average error of 1.2°, which
lies within our expectations. As shown previously in
Figure 2, this accuracy allows us to estimate PoR in a
distance below 400 mm.

The accuracy of the proposed algorithm can be
compared with a model-based method such as the
one proposed by Hennessey (Craig Hennessey, 2009).
Both algorithms estimate PoR in non-virtual scenarios
for planes positioned at 200 - 400 mm from the sub-
ject. The comparison is made only in terms of the
distance error for each axis and Euclidean distance.
The method proposed by Wang (Wang et al., 2014)
employs 5 planes positioned at 380 - 620 mm from
the subject, separated 6 cm from each other. It is dif-
ficult to infer precise values from the data shown in
(Wang et al., 2014), therefore, we made a rough esti-
mation of their results using the histogram bars pro-
vided. Table 3 presents a comparison of these three
methods. As shown in Table 3, our method achieves
significantly better accuracy, especially with respect
to the Z axis. It is noticeable, that this level of accu-
racy is achieved without using additional infrared il-
lumination and the experiments have been carried out
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Table 2: Average accuracy and standard deviation of 3D PoR estimation over the workspace for all subjects.

Z Depth Average Accuracy (mm) Average Accuracy Standard Deviation
(mm) X Y Z Euc. (°) (mm) (°)
200 3.5 4.3 9.1 10.8 1.2 8.6 0.6
250 2.7 3.6 8.6 10.5 0.8 9.4 0.8
300 2.3 3.1 10.4 13.3 1.2 7.4 0.8
350 3.8 4.4 18.7 20.8 1.5 8.9 0.6
400 2.4 3.7 14.5 15.9 1.2 8.5 0.5

Overall 2.9 3.8 12.3 14.3 1.2 8.6 0.7

in a natural setting, in contrast to related approaches
that use 3D displays.

Table 3: Average results for the five depth positions for
the proposed method and state-of-the art as presented in
(Craig Hennessey, 2009) and (Wang et al., 2014).

Method Avg. accuracy (mm) Std.dev.
(mm) X Y Z Euc. (mm)
Ours 2.9 3.8 12.3 14.3 8.6

Hennessey 12.7 12.0 32.3 39.3 28.3
Wang ≈ 25 ≈ 20 ≈ 42 ≈ 53.2 -

The proposed method enables a robust calculation
of the gaze point in 3D as required in several applica-
tion fields, e.g., in the context of assistive technology
(especially where gesture and gaze is coupled for in-
teraction (Lukic et al., 2014)) or for gaze-based inter-
action with multimedia in the car. In our future work,
we will integrate the proposed method in operation
microscopes in order to enable gaze-based autofocus.
Thus, instead of manual focusing, the fixations loca-
tions of the surgeon will be analyzed in an online fash-
ion (e.g., as in (Tafaj et al., 2012)) and coupled with
the vergence information to determine the focus depth
in an automated way. Despite the above use cases,
the proposed method could improve current develop-
ments based on 2D eye tracking (Lopes et al., 2012)
with detailed 3D gaze point selection.

4 CONCLUSIONS

We presented an accurate method for gaze point esti-
mation in 3D based on the eye vergence calculated
from eye-tracking data. Our evaluation in a natu-
ral setting with 6 subjects, 5 different depth planes,
and a total number of 125 calibration points showed
that our method achieves a high average accuracy of
1.2°. According to our experimental measurements,
the upper limit for the viewing distance when less
than 1°accuracy is required, is 400 mm from the ob-
server. Future work will include incorporating dif-
ferent pupil detection algorithms, e.g. (Fuhl et al.,

2015b), and finding the optimum number of interpo-
lation planes within the range 200 - 400 mm.
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