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A Probabilistic Approach to Online Eye
Gaze Tracking Without Explicit

Personal Calibration
Jixu Chen, Member, IEEE, and Qiang Ji, Fellow, IEEE

Abstract— Existing eye gaze tracking systems typically require
an explicit personal calibration process in order to estimate cer-
tain person-specific eye parameters. For natural human computer
interaction, such a personal calibration is often inconvenient and
unnatural. In this paper, we propose a new probabilistic eye
gaze tracking system without explicit personal calibration. Unlike
the conventional eye gaze tracking methods, which estimate the
eye parameter deterministically using known gaze points, our
approach estimates the probability distributions of the eye para-
meter and eye gaze. Using an incremental learning framework,
the subject does not need personal calibration before using the
system. His/her eye parameter estimation and gaze estimation
can be improved gradually when he/she is naturally interacting
with the system. The experimental result shows that the proposed
system can achieve <3° accuracy for different people without
explicit personal calibration.

Index Terms— Gaze estimation, gaze calibration, dynamic
Bayesian network.

I. INTRODUCTION

GAZE tracking is the procedure of determining the point-
of-gaze on the monitor, or the visual axis of the eye

in 3D space. Gaze tracking systems are primarily used in
the Human Computer Interaction (HCI) and in the analysis
of visual scanning patterns. In HCI, the eye gaze can serve
as an advanced computer input [1] to replace traditional
input devices such as a mouse pointer [2]. Also, the graphic
display on the screen can be controlled by the eye gaze
interactively [3]. Since visual scanning patterns are closely
related to the attentional focus, cognitive scientists use the gaze
tracking system to study human’s cognitive processes [4].

Various video-based gaze estimation techni-
ques [3], [5]–[14] have been proposed (a survey of
gaze estimation may be found in [15]), and the gaze
estimation systems have now evolved to the point where
the user is allowed free head movements while maintaining
high accuracy (one degree or better). However, most
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of current gaze estimation systems require a personal
calibration procedure for each subject in order to estimate
his/her specific eye parameters. This calibration process
could significantly limit the practical utility of gaze
estimation. To overcome this limitation, we propose a novel
gaze estimation framework without any explicit personal
calibration. The main contributions of this work include:

• the introduction of a probabilistic approach (versus the
existing deterministic approach) for 3D eye gaze estima-
tion without explicit personal calibration,

• development of an incremental learning approach to
incrementally refine the eye parameters when the subject
is naturally viewing the screen without prompting, and

• development of a gaze estimation algorithm using
Gaussian prior probability when the subject is naturally
watching a video.

Our system adapts automatically online to each subject to
improve eye gaze tracking accuracy without user collaboration,
making natural, non-intrusive and non-collaborative eye gaze
tracking closer to reality. Since the video-based eye tracking is
being widely used, including many commercial eye trackers.
By eliminating the explicit personal calibration for these eye
trackers, the proposed research hence has significant practical
impact.

II. RELATED WORK

Video-based eye gaze estimation can be divided into two
approaches: appearance-based approach and feature-based
approach. Appearance-based approach is relatively simple
to implement, it, however, cannot effectively address head
movements, despite much effort in this area [5], [16]. This
research focuses on feature-based approach. The feature-based
gaze estimation approach can be further classified into two
groups: 2D mapping based gaze estimation methods and
3D model-based gaze estimation methods.

The 2D mapping approaches [3], [8] assume the mapping
from 2D features (e.g., contours, eye-corners, pupil center,
etc.) to gaze (3D gaze direction or 2D gaze point) a polynomial
mapping function. A major issue with this approach is that
the mapping function varies with head pose. It hence cannot
effectively handle head movement.

On the other hand, the 3D model-based gaze estima-
tion directly computes 3D gaze direction from eye features
based on a geometric model of the eye using stereo
cameras [7], [9]–[11] or a single camera with multiple
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calibrated light sources [6]. Given the 3D gaze direction,
2D gaze point on the screen is estimated by intersecting the
gaze direction (visual axis) with the screen, and this estimation
is invariant to head movement. Despite being head-motion
invariant and more accurate, 3D model-based approach still
needs personal calibration to estimate the angles between the
visual and optical axes since the angles vary with people.

Although the personal calibration can be performed with
a single calibration target [7], it still requires active user
participation, which is always thought to be intrusive for
natural interaction. For some applications, any explicit per-
sonal calibration, however short they are, are not acceptable.
For example, in covert monitoring of uncooperative subject
like kids [7] or mentally challenged subjects [17], it is
impossible to reliably perform even a one-point calibration.
A “calibration-free” or implicit calibration system could also
open up a new way of attentive user interface [18]. For
example, if video players on mobile and tablet devices could
naturally capture user’s gaze data over a video clip without
interrupting, it would be very useful for market research [19].

Most recently, some implicit personal calibration
methods [13], [14], [20] have been proposed.
Model and Eizenman [20] proposed to estimate the eye
parameters by exploiting the binocular constraint. Based
on the correlation between saliency map and gaze,
Sugano et al. [13], [14] offered a 2D appearance-based
gaze estimation without calibration. They propose to learn a
probabilistic mapping (Gaussian Process Regresser) between
the eye image and the gaze point. In order to collect enough
data to train this complex non-linear mapping function,
they ask the subject to watch a 10-minute video. For each
frame of the shown video, they extract its saliency map [21],
which represents the distinctive image features attracting
more attention. Finally, by treating the saliency map as the
probability distribution of gaze, they generate the training
gaze points by sampling from the saliency map. However,
watching a movie for 10 minute for training is rather
burdensome for the user. Furthermore, since they employ a
2D mapping method which doesn’t consider head pose, the
user has to fix their head on a chin rest.

In summary, explicit personal calibration usually achieves
a high accuracy for cooperative subjects, although it may be
intrusive for natural interaction. Implicit personal calibration
requires less or no active user participation, which makes
it more suitable for applications such as covert monitoring.
However, the existing “calibration free” eye tracking methods
usually depend on more assumptions such as binocular con-
straints or saliency assumption.

In this paper, based on the extension of our prior work [22],
we propose a probabilistic 3D gaze estimation method without
explicit personal calibration. Our method is based on com-
bining prior gaze distribution with 3D eye model. Although
both [14] and our method use saliency map, they are funda-
mentally different in how the saliency map is used. Compared
to Sugano’s method [13], [14], our method has the following
advantages:

• We propose a systematic probabilistic framework to
derive the analytic solutions to eye parameter and eye

Fig. 1. Structure of the eyeball.

gaze, while their method is primarily numerical via
sampling.

• Because of the use of 3D gaze estimation, our method
is more accurate and allows free head movement.
The experimental result shows that our system achieves
less than three degrees average accuracy for different
people.

• Thanks to the incremental learning, our method does not
need an explicit training procedure. It keeps improving
the estimation as the user continues using the system.
Different from the incremental learning method in [23],
our incremental learning method is fully non-intrusive
and automatic, without any cooperation from the user.

• Finally, to overcome the limitations with the saliency
map, we propose to use a Gaussian prior to replace it.

III. 3D MODEL-BASED GAZE ESTIMATION

Before introducing our method, we briefly summarize the
3D gaze estimation techniques.

A. 3D Eyeball Structure

As shown in Figure 1, the eyeball is made up of the
segments of two spheres of different sizes [24]. The smaller
anterior segment is the cornea. The cornea is transparent, and
the pupil is inside the cornea. The optical axis of the eye is
defined as the 3D line connecting the center of the pupil (p)
and the center of the cornea (c). The visual axis is the 3D line
connecting the corneal center (c) and the center of the fovea
(i.e. the highest acuity region of the retina). Since the gaze
point is defined as the intersection of the visual axis rather than
the optical axis with the scene, the relationship between these
two axes has to be modeled. The angle between the optical axis
and visual axis is named kappa (κ), which is a constant value
for each person. In gaze estimation methods relying on explicit
calibration, κ is estimated through a personal calibration.

B. Personal Calibration

Here, we implement the 3D gaze estimation system in [6],
where the cornea center c and optical axis o are directly
estimated from a single camera and two infrared lights. The
estimated 3D optical axis can be represented by horizonal and
vertical angles (o = (θ, ϕ)) as shown in Figure 2. By adding
κ = (α, β) to the optical axis, the unit vector of the visual
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Fig. 2. Orientation of optical axis.

Fig. 3. Diagram of conventional 3D gaze estimation. where g∗ is ground-
truth gaze.

axis is represented as:

vg =
⎛
⎝

cos(ϕ + β) sin(θ + α)
sin(ϕ + β)

− cos(ϕ + β) cos(θ + α)

⎞
⎠ (1)

Finally, the gaze point g on the screen is estimated by
intersecting vg with the screen. Here, we use a coordinate
frame affixed on the screen, with the screen plane as Z = 0,
thus g can be written as g = (gx , gy, 0)T. This gaze point is
determined by the optical axis and κ :

g = g(o, κ) = g(ϕ, θ, α, β)

= c + kc ·
⎛
⎝

cos(ϕ + β) sin(θ + α)
sin(ϕ + β)

− cos(ϕ + β) cos(θ + α)

⎞
⎠, (2)

where c is the cornea center. Because the z-component
of g equals 0, the value of kc can be computed by solving
equation: 0 = cz − kc · cos(ϕ + β) cos(θ + α):

kc = cz

cos(ϕ + β) cos(θ + α)
. (3)

However, because κ varies for different subjects, it needs
to be estimated beforehand through calibration. In explicit
personal calibration, the subject is asked to look at N specific
calibration points on the screen: g∗

i , i = 1, . . . , N . The eye
parameter can then be estimated by minimizing the distance
between the estimated gaze points and these ground-truth gaze
points:

κ∗ = arg min
κ

∑
i

‖g∗
i − g(o∗

i , κ)‖ (4)

where o∗
i is the estimated optical axis when subject is looking

at the i th gaze point g∗
i . The conventional gaze estimation

method relying on explicit calibration can be represented
as Figure 3. During calibration, the eye parameter κ∗ is
estimated from the calibration gaze point g∗ and the predicted
optical axis o∗. During gaze estimation, the eye parameter κ∗
is fixed, and a new optical axis o is estimated from the camera.
The gaze point is determined by o and κ∗ through Eq. 2.

Fig. 4. An example of saliency map (p(g|I )).

IV. PROBABILISTIC GAZE ESTIMATION

In the explicit personal calibration, in order to acquire the
ground-truth gaze points to estimate κ , the subject has to look
at some specific points. This procedure is often inconvenient
and unnatural. Here, we propose a novel framework to estimate
the probability of κ and eye gaze without requiring the subject
to look at specific calibration points.

A. Proposed Probabilistic Framework

The basic idea is to replace the need of looking at specific
gaze points on the screen with a probability distribution of
the gaze when the subject is naturally viewing the screen.
It is already known that where people look at in an image
is affected both by bottom-up (image saliency) and top-down
(subject intention/task) mechanisms. The seminal work [25]
and recent evidence [26] have shown that the top-down mech-
anism is influenced by many factors, including the states of
subject (memories, age, gender, experiences) and the tasks the
subject is performing (searching, browsing, recognizing), and
it is hard to model all possible factors. On the other hand,
a number of bottom-up saliency estimation methods have been
developed and the state-of-the-art work [27] can successfully
predict the attention of an average observer in free-viewing
task. By free-viewing, we mean the scenario in which a subject
is viewing the screen without a specific goal. In this scenario,
a correlation between bottom-up saliency and fixation location
has been observed [21], [28]. Thus, for this research, we focus
on free-viewing scenarios, without giving subjects any specific
instructions, and model the gaze prior probability distribution
based on bottom-up mechanism. Two methods are employed
to model the gaze probability, namely the saliency map and
Gaussian distribution.

1) Gaze Probability Distribution From the Saliency Map:
Saliency map estimation is based on the assumption that
biologically a human tends to gaze at a region containing
unique and distinctive visual features compared to the sur-
rounding regions. After Koch and Ullman’s seminal work [29],
various saliency map estimation methods have been proposed
based on this biological motivation [21], [30] or based on a
learning from ground-truth gaze data [28], [31] (see [27] for
an extensive review and comparison of saliency models).

We utilized the method in [21] to estimate the saliency map
of each image, which represents the distinctive features in
the image. This model shown it efficacy for gaze estimation
in [14]. An example of saliency map is shown in Figure 4.
The experimental results in [21] show remarkable consistency
between the saliency map and the gaze. Thus, given the
image I on the screen, the gaze distribution can be represented
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Fig. 5. Diagram of the probabilistic gaze estimation.

as the conditional probability of the gaze position p(g|I ).
Here, we make the same assumption as the one in [14] that the
user is more likely gazing at the salient regions of the image.

2) Gaussian Gaze Distribution: In the above section, we
approximate the gaze probability distribution with the saliency
map. While the saliency map can approximate the gaze dis-
tribution for static image-viewing task, its predictive power
reduces significantly when subject is viewing continuous
movies of a dynamic environment [32]. Furthermore comput-
ing the saliency map frame-by-frame is time consuming.

In this section, we extend our method to more general
scenarios where the subject is watching a video or movie.
Under such scenarios, we assume the subject is naturally
watching the computer screen, and that most of the fixations
are concentrated on the center of the screen, with peripheral
vision on the margins of the screen. This assumption simply
means the probability of a gaze is located near the center
is higher than away from the screen center. This assumption
works well when people are watching videos or movies
because the movie cameraman usually capture the videos with
objects of interest in the center. Similar assumptions have been
widely used in saliency map estimation [28], and used as a
baseline to evaluate other saliency models [27]. In [28], it was
shown that a saliency map only based on the distance of each
pixel to the center of the image provides a better prediction
of the gaze than many previous saliency models. However,
its efficacy for gaze estimation has not been proven before.
Nevertheless, these work provides a basis for the proposed
Gaussian gaze prior.

Given this understanding, we can characterize the gaze
probability distribution as a simple Gaussian distribution
N (μ,�). Its mean is located in the center of the display
(x = 640, y = 512), and its variances can be empirically
estimated based on historical data. Thus, the gaze probability
can be either computed from the saliency map p(g) = p(g|I )
or from the assumption of Gaussian gaze distribution,
i.e, p(g) = N (μ,�), where we have omitted the image “I”
from p(g) since p(g) is the same for all images.

3) Probabilistic Gaze Estimation: Based on this gaze prob-
ability, we propose the new gaze estimation framework shown
in Figure 5. Notice the differences between our method and
the conventional method in Figure 3:

1) Firstly, the conventional method needs to collect the
ground-truth gaze (g∗), when the subject is looking at
specific points during calibration, while our method only
needs the gaze probability p(g|I ), when the subject is
looking at the image I .

2) Secondly, the conventional method estimates the
eye parameter κ∗ deterministically. However, without

Fig. 6. Probabilistic relationships in BN.

ground-truth gaze, we cannot deterministically estimate
the value of κ∗. Instead, we estimate κ∗ probabilisti-
cally through the probability distribution of its measure-
ment κ , i.e., p∗(κ). Notice that the ground-truth value
of κ∗ is a constant, but its measurement κ is a random
variable following p∗(κ).1

3) Thirdly, during gaze estimation, the conventional method
estimates gaze only from the optical axis and κ∗, while
our method first estimates the gaze likelihood p(o|g)
from the optical axis and p∗(κ), then combines it
with the gaze’s prior probability p(g|I ) (e.g. from the
saliency map) to estimate gaze posterior probability.

This framework is mainly composed of two parts: probabilistic
eye parameter estimation and probabilistic gaze estimation.
We discuss them separately in the following two sections.

B. Probabilistic Eye Parameter Estimation

In this section, we discuss the method to estimate the
eye parameter (κ) probability from gaze probability (e.g. the
saliency map). Firstly, we introduce a general graphical model
to represent the relationships between the shown image (I ),
eye gaze (g), optical axis (o), and the eye parameters (κ).

Figure 6 is the Bayesian Network (BN) [33] that represents
the probabilistic relationships. The nodes in the BN represent
random variables, and the links represent the conditional
probability distributions (CPDs) of nodes given their parents.
Based on the gaze probability map and the eye model, we
define the CPDs as follows:

1) p(g|I ): g is a 2D vector g = (x, y), which represents
the location of the gaze on the screen (According to the
resolution of the monitor, the gaze position is discretized
in the range: 0 < x < 1280, 0 < y < 1024). The
link I → g is quantified by p(g|I ) which is the gaze
probability distribution estimated from image.

2) p(o|g, κ): o has two parents g and κ . As discussed
above, the camera in a gaze system cannot directly
observe the visual axis and the gaze. It can only observe
the optical axis (o) as the measurement of gaze (g).
In the conventional method, o is a deterministic function
of g by subtracting a constant bias κ , ignoring any
uncertainties. In our proposed method, considering the
noise in the gaze system, we model the conditional
probability as a Gaussian distribution:

p(o|g, κ) = N ( f (g, κ),�) (5)

where o = (θ, ϕ)T is a 2D vector. f (g, κ) is
the inverse function of Eq. 2, which estimates the

1The measurement κ follows conditional probability p∗(κ|κ∗). Because
κ∗ is a constant, we use p∗(κ) for notational clarity.
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Fig. 7. An example of probabilistic eye parameter estimation. (a) is the
image shown to the user; (b) is the gaze probability map p(g|I ); (c) is the
estimated probability distribution of eye parameters p∗(κ).

optical axis by subtracting κ from the visual axis.
Based on Eq. 2, the directional vector of visual axis
can be computed as d = g − c, and the hor-
izontal and vertical angles of the visual axis are

arctan(dx/dz) and arctan(dy/
√

(d2
x + d2

z )) respectively.
Finally, the optical axis is o = (arctan(dx/dz) − α,

arctan(dy/
√

(d2
x + d2

z ))−β)T . � models the noise of the
optical axis which is estimated from 3D gaze estimation
system in [6]. (According to previous tests of this
system, we set the standard deviation of the optical axis
as one degree on both θ and ϕ.)

Now, based on the BN model, eye parameter estimation is
solved as an inference problem in the BN, which estimates
the posterior probability p(κ |o, I ) given the optical axis and
the shown image. Based on the conditional independencies
in the BN model in Figure 6, the probability of κ can be
written as:

p(κ |o, I ) =
∫

g
p(κ, g|o, I )

=
∫

g

p(g|I )p(o|g, κ) · p(κ) · p(I )

p(o, I )

∝
∫

g
p(g|I )p(o|g, κ) (6)

p(g|I ) is the gaze probability map; p(o|g, κ) is the Gaussian
distribution as defined in Eq. 5. Notice that, the prior probabil-
ity p(κ) is initially assumed to be a uniform distribution, thus
p(κ) is a constant. For a specific I and o, p(I ) and p(o, I )
are constant, and p(κ |o, I ) becomes a function of single
variable κ . Therefore, Eq. 6 is a one-step belief propagation
that propagates the probability from the gaze to κ given one
optical axis. The gaze position is discrete in limited range;
thus the integral in the above equation can be approximated
by summation.

Figure 7(C) shows an example of the estimated eye para-
meter probability. Here, we collected 40 optical axes when
the subject was looking at the image in Figure 7(A). i.e.,
the training optical axes are o1,...,40 and their corresponding
shown images I1,...,40 are the same. Based on the probabilistic
dependencies in the Bayesian network (Figure 6), we assume
that optical axes o1,...,40 are conditionally independent to
each other given κ and I1,...,40. We can then estimate the κ
probability as the product of each single probability:

p∗(κ) = p(κ |o1,...,40, I1,...,40) ∝
40∏

i=1

∫
gi

p(gi |Ii )p(oi |gi , κ)

(7)

Based on the biological study [34], eye parameters
should be in a limited range for normal eyes. Here we
restricted the eye parameter in the range −10o < α < 10o and
−10o < β < 10o.

C. Probabilistic Gaze Estimation

Given the estimated eye parameter probability p∗(κ), we
can estimate the gaze probability. For consistency, this deriva-
tion is based on the same BN model in Figure 6. Unlike the
eye parameter estimation, the estimated p∗(κ) is now used as
the prior probability of the κ node. Then, the probability of
the gaze, given the optical axis and the shown image, can be
written as:

p(g|o, I ) ∝ p(g|I )p(o|g) (8)

where p(g|I ) is the prior probability of gaze from either the
saliency map of the shown image I or the Gaussian gaze
distribution, and p(o|g) is the gaze likelihood, which can be
derived from p∗(κ) as:

p(o|g) =
∫

κ
p(o|g, κ)p∗(κ) (9)

Note that all the derivations above are only valid based on the
conditional independencies in the BN model.

Thus, the probabilistic gaze estimation is composed of the
following steps:

1) First, we estimate the gaze prior probability distribu-
tion p(g|I ) either from the saliency map or from the
Gaussian gaze distribution.

2) Then, we estimate the likelihood gaze map p(o|g),
given the current optical axis and the eye parameter
prior p∗(κ), based on Eq. 9.

3) Finally, the product p(g|I )p(o|g) represents the gaze
posterior probability map p(g|o, I ). Given the posterior
probability, the maximum posterior point is selected as
the gaze point g∗:

g∗ = arg max
g

p(g|o, I ) (10)

The results of the three steps are shown in Figure 8.
Here we compare our method with the conventional gaze
estimation method relying on explicit personal calibration.
The conventional method can achieve one degree of accuracy.
The peak in our posterior probability map is very close
to the estimated gaze of the conventional method as shown
in Figure 8, but our method does not need any explicit
calibration.

V. INCREMENTAL LEARNING FOR GAZE ESTIMATION

In order to provide a more natural user experience, we pro-
pose an incremental learning algorithm for our probabilistic
framework. This new framework does not need any prior
training. It can quickly adapt to the user, and incrementally
improves gaze estimation accuracy as the subject uses the
system.

We first assume the initial distribution of κ as uniform.
When the subject starts to use the system, we record a
sequence of his optical axes ot,...,1. Given the corresponding
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Fig. 8. Probabilistic gaze estimation. (A) is the shown image. (B) is the
saliency map p(g|I ) of the image. (C) is the gaze likelihood map given the
optical axis. (D) is the gaze posterior probability map. The triangle shows
the maximum posterior point. The circle shows the estimated gaze using the
conventional method.

Fig. 9. DBN for incremental learning.

shown image sequence It,...,1, the incremental learning frame-
work continually updates the estimations of κ and gaze given
all previous information, i.e. estimating p(κt |It,...,1, ot,...,1) and
p(gt |It,...,1, ot,...,1). We employ a recursive updating procedure
detailed as follows.

For incremental learning, we extend the BN to a dynamic
BN (DBN) model as shown in Figure 9. In general, a DBN
is comprised of interconnected time slices of static BNs. One
important assumption of DBN is first-order Markovian, i.e.,
given the state of the closest previous time slice, the current
time slice is independent from other past time slices. Thus,
in Figure 9, we only show the DBN of the current and previous
time slices. It includes two kinds of links. Intra-frame links
in the current time slice are the same as the BN model we
set before and inter-frame link from κt−1 to κt captures the
temporal relationships. Based on the anatomy, κ cannot vary
much over time. Thus, we model it as a Gaussian distribution:

p(κt |κt−1) = N (κt−1,�k) (11)

where �k is the covariance matrix which allows κt to vary in
a small range around the previous estimation κt−1. It depends
on the uncertainty in our system. Here we empirically set the
standard deviations of αt and βt to one degree, i.e. �k is an
identity matrix.

Given the above temporal relationship in the DBN, the prob-
ability of κ can be updated recursively. Firstly, we predicted
the prior probability of the current κt based on its previous

Algorithm 1 Incremental Gaze Estimation Algorithm

probability, as shown in Eq. 12.

p(κt |It−1,...,1, ot−1,...,1)

=
∫

κt−1

p(κt |κt−1)p(κt−1|It−1,...,1, ot−1,...,1) (12)

where p(κt−1|It−1,...,1, ot−1,...,1) is the κ probability from the
previous time frame. Since the temporal CPD p(κt |κt−1) is
a Gaussian distribution, this integral is implemented by a
convolution of previous κ probability map with a Gaussian
kernel. (In the first time frame, when no prior information
of κ is available, we assume p(κ1) is uniformly distributed.)

Based on the predicted temporal prior probability
p(κt |It−1,...,1, ot−1,...,1), the current probability of gt and κt

can be derived as the filtering problem in the DBN:

p(gt |It,t−1,...,1, ot,t−1,...,1)

∝ p(gt |It ) ·
∫

κt

p(ot |gt , κt )p(κt |It−1,...,1, ot−1,...,1) (13)

p(κt |It,t−1,...,1, ot,t−1,...,1)

∝
∫

gt

p(gt |It )p(ot |gt , κt ) · p(κt |It−1,...,1, ot−1,...,1) (14)

The current estimation of p(κt |It,t−1,...,1, ot,t−1,...,1)
is updated recursively from its previous estimation
p(κt−1|It−1,...,1, ot−1,...,1), based on Eq.12 and Eq. 14.

Letting p∗(κt ) = p(κt |It−1,...,1, ot−1,...,1) and
p′(κt ) = p(κt |It,...,1, ot,...,1), the above incremental learning
algorithm can be summarized in Algorithm 1.

An example of the incremental learning of p′(κt ) is shown
in Figure 10. The estimated p′(κ1) for the first time frame
has a high probability in multiple regions. By updating its
probability incrementally, it gradually converges to a single
peak after twenty time frames.

The estimation of κ is shown in Figure 11. Note that
our algorithm used the whole κ probability map rather than
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Fig. 10. The probability distribution of eye parameters after the first
(a) frame, (b) 4 frames, (c) 8 frames, (d) 12 frames (e) 16 frames and
(f) 20 frames.

Fig. 11. Estimation of κ in incremental learning. The estimated α and β
are shown as solid lines, and their ground-truth value from calibration are
shown as dashed lines. In the beginning, this estimation oscillates significantly
because the probability map hasn’t converged, and it includes several peaks
(Figure 10). Finally, the estimate α converges to the ground-truth values.
(a) Estimation of alpha. (b) Estimation of beta.

a single point. Here, we show the maximum point in the
probability map (Figure 10) as our κ estimation. κ = (α, β)
includes two parameters which are shown in separate figures.

The only difference between the DBN and the BN is
that the DBN considers the temporal prior of κt , and
continues updating it over time. For example, if letting
p∗(κ) = p(κt |It−1,...,1, ot−1,...,1), Eq. 13 is the same as
Eq. 8; if letting p(κt |It−1,...,1, ot−1,...,1) be uniform distrib-
ution, Eq. 14 is the same as Eq. 6.

VI. EXPERIMENTAL RESULTS

We evaluate our system when the subject is looking at a
standard 19-inch monitor (37.63cm×30.11cm). Our system
allows free head movement, the range of the distance between
the monitor and the subjects’ eyes is about 45−70cm. All the
subjects were unaware of the purpose of the experiment.
We perform an explicit 9-point calibration only afterward to
get accurate estimation of their eye parameters. To evaluate
a gaze estimation method, the subjects are often asked to
look at some points on the screen. The gaze estimation error
can be computed as the distance between these points and
the estimated gaze points. However, in our method the user
does not need to look at any specific points. To evaluate our
system, we implemented the 3D gaze estimation system [6].
This system is first calibrated by asking the subject to look at
nine points on the screen. The average accuracy of this system

is one degree for different subjects. We evaluate our proposed
method by comparing with this calibrated system.

To evaluate our method, we collected the optical axes of ten
subjects while they viewed the images on the screen. Each
image displayed for about four seconds on the screen. Our
gaze system collects eighty optical axes for each image (our
gaze system captured the video of the eye and estimated the
optical axes at 20 frames per second). Because the relationship
between the saliency and gaze cannot be guaranteed during
saccadic eye movements, we remove the saccadic movement
in two steps. First, when the subject is looking at images,
when he/she switches the image, we filter out the data in
the beginning (< 300ms) since we believe most of the gaze
movements in the beginning are saccadic movements. Second,
as the study continues, most of eye gaze movements are
fixations and we filter out some very short gaze fixations (less
than 100ms) and treat them as saccadic eye movements. Our
study shows that less than 10% movements are saccadic eye
movements after the initial stage.

In the experiment, the main computation cost is on the
optical axis estimation (50ms per frame), which includes
pupil and glints detection from image. Our gaze estimation
from optical axis only added a small cost (5ms per frame).
Notice that this doesn’t include the cost of computing saliency
map, because we compute the saliency of the test images
beforehand.

To show the advantages of the incremental learning, we
compared the incremental learning algorithm (Section V) to
the batch training method in Section IV-B.

A. Batch Training for Gaze Estimation

For batch training, we divided the eighty time frames
when the subject viewed one image into training data (forty
frames) and testing data (forty frames). Each subject viewed
five images in this experiment. Please notice that we only
use images with clear salient objects in our experiment. The
saliency entropy is used as the criteria to select images from
Google image search. Specifically, only images with entropy
lower than 13 are selected in our experiment. These images
usually have some clear salient objects as shown in Figure 12.
For comparison, we also selected some poor images with high
saliency entropy to study the impact of poor saliency map
in section VI-D.

We used leave-one-image-out cross validation, i.e. when
testing on forty frames of one image, we first learned the eye
parameter probability from the training data of the other four
images (Section IV-B). Saliency map is used to approximate
the gaze prior distribution.

For a more effective system, we wanted to use less training
data, because more training time may make the subject bored
and easily distracted. We tested the dependency of our method
on the amount of the training data by using 160, 80, 40, and
20 frames of training data, i.e. 40, 20, 10, and 5 frames for
each training image.

The average error and the standard deviation of error (over
200 test frames) are shown in Table I. When the number of
training frame increases, the average error decreases slowly
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Fig. 12. An example of probabilistic gaze estimation result on three images.
Red dots are the results of our proposed method. Blue dots are the results of
the conventional method [6] with 9-point calibration. The left column shows
the gaze fixations superimposed on the original image, while the right column
shows the fixations superimposed on the saliency map.

TABLE I

GAZE ESTIMATION ERROR (IN DEGREE) OF TEN SUBJECTS WITH

DIFFERENT TRAINING DATA SIZE. EYE PARAMETERS

ARE TRAINED THOUGH BATCH TRAINING

and standard deviation remains high. Even so, the average gaze
estimation accuracy can achieve 2.31° using 160 frames. In the
following section VI-B we will show that the gaze estimation
accuracy can increase much faster with incremental learning.

B. Incremental Learning for Gaze Estimation

Based on our incremental learning algorithm, the system
doesn’t need to estimate the eye parameter probability before-
hand using training frames. This system can automatically
update the eye parameter probability and estimate the gaze
when the subject starts using the system. Again, saliency map
is used to approximate the gaze prior distribution.

The gaze estimation error and the standard deviation for
the first 20, 40, 80, 120, 160, and 200 frames are shown
in Table II. Although the error is large for the first few frames
(<20 frames), it decreases quickly as the subject uses the
systems. Compared with the batch training, the incremental
learning achieves similar performance for the first 40 frames.
However, when the subject is using the system, incremental
learning continues improving the performance and can achieve

TABLE II

GAZE ESTIMATION RESULTS OF TEN SUBJECTS FOR THE

FIRST N FRAMES (N = 10,20,40,80,120,160,200).

EYE PARAMETERS ARE AUTOMATICALLY

UPDATED AFTER EACH FRAME

an average accuracy of 1.78° for the first 200 frames. This
process is done automatically, naturally, and without any
user knowledge. This result outperforms the batch method
in Section VI-A because when a subject is looking at one
image, most of his/her gaze converges to a few salient regions,
and this gaze distribution is temporally consistent in a short
period of time. In incremental learning, there is a good chance
that the testing gaze and the most recent training gazes are
collected from the same image, and they follow a same
distribution. In batch training, however, the training and testing
gazes are always from different images.

Some gaze estimation results (in both the original image and
the saliency map) of subject 1 are shown in Figure 12. Without
explicit calibration, the results of our method are close to
the results of the system with 9-point calibration. The subject
may look at some region with low saliency, such as the white
paper in the person’s hand in Figure 12(A). In this case, by
incrementally improving the eye parameter estimation and by
combining gaze likelihood with the saliency map, our method
can still follow the true gaze positions.

Compared to the most recent implicit personal calibra-
tion method [13], [14], which asks the subject to watch
a ten-minute video for training and achieves an accuracy
of 3.5 degrees, our proposed method doesn’t need training
data beforehand and can adapt to the user very quickly
(in 80 frames or less than four seconds), and continues to
improve the accuracy as person uses it. The average accuracy
can achieve 1.78 degrees. Furthermore, in our 3D gaze estima-
tion framework, the subject can have natural head movement
without fixing his/her head in a chin-rest.

C. Effect of Gaze Prior Probability

Please notice that both batch and incremental algorithm
depends on the gaze prior probability (saliency map) p(g|I )
in two aspects. First, eye parameter estimation depends on the
integral of this prior probability as shown in Eq. 14. Second,
gaze posterior probability is estimated as the production of
this prior and the gaze likelihood as shown in Eq. 13. Prior
probability is necessary in eye parameter estimation step, but
its effect becomes less important for gaze estimation step
when the eye parameter is already accurately estimated so
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Fig. 13. Comparison of gaze estimation with posterior probability and gaze
estimation with likelihood only.

Fig. 14. Saliency maps (bottom row) of images without salient objects
(top row).

that the gaze likelihood itself is sufficient. Figure 13 shows
the average error of posterior gaze estimation and the error
of the gaze estimation with likelihood only, e.g., changing
the prior in Eq. 13 to uniform distribution. We can see that
proposed gaze prior plays an important role in correcting
the gaze estimation errors in the initial 150 frames but its
role gradually diminishes as the frames go on. In fact, after
160 frames, the gaze likelihood achieves the same level of
accuracy as the posterior estimation. This demonstrates that
the posterior estimation is beneficial in the beginning when
the eye parameter estimation has not converged, but the two
methods are asymptotically equivalent when there is enough
training data.

D. Gaze Estimation With Low-Quality Saliency Map

Above saliency-based gaze estimation depends on the
quality of saliency map. Here, we consider two cases of low-
quality saliency map.

First, we tested our incremental learning algorithm when
the subjects are looking at images without salient objects.
As discussed in section VI-A, we selected 100 bad images
with high entropy from Google image search. Some example
images are shown in Figure 14. In this case, the high-salient
regions are evenly distributed in the images. We randomly
select 5 images out of 100 bad images and perform the same
image-viewing experiment with the first five subjects. The
gaze estimation error is summarized in Table III. Compared
to Table II, the error increases significantly because the salient
map cannot provide good prior information for these images.

Second, we consider the case when the image includes
salient objects but the saliency estimation algorithm cannot
predict an accurate saliency map. To simulate the saliency
estimation error, we add noise to the saliency map. For each

TABLE III

GAZE ESTIMATION ERROR (IN DEGREE) OF FIVE SUBJECTS

LOOKING AT IMAGES WITHOUT SALIENT OBJECTS

Fig. 15. Saliency maps with different levels of noise.

TABLE IV

AVERAGE GAZE ESTIMATION ERROR (IN DEGREE) OF

FIVE SUBJECTS WITH NOISY SALIENCY MAP

TABLE V

GAZE ESTIMATION ERROR (IN DEGREE) OF TEN SUBJECTS FOR THE

FIRST N FRAMES. THE GAZE PRIOR IS ASSUMED

AS GAUSSIAN DISTRIBUTION

TABLE VI

COMPARISON OF THE ESTIMATED EYE PARAMETERS κG , κ B , κS

AGAINST THE EYE PARAMETERS κ∗ FROM CALIBRATION

pixel in the saliency map, we add a uniform noise ε = U(0, σ ).
The saliency map with noise level σ = 0.8, 1.6, 2.4 are shown
in Figure 15. The average gaze estimation error are shown
in Table IV. When the noise is large, the saliency region is
ambiguous in the map and the gaze error increase significantly.
The above experiments show that the success of saliency-based
gaze estimation highly depends on the quality of saliency map.
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TABLE VII

COMPARISON OF GAZE ESTIMATION ERROR USING THE ESTIMATED EYE PARAMETERS (κG , κ B , κS )

AND THE ERROR USING THE CALIBRATED EYE PARAMETERS κ∗

E. Probabilistic Gaze Estimation With
Gaussian Gaze Distribution

In this section, we study the performance of gaze estimation
without using saliency map but instead assuming gaze fixations
are normally distributed with the mean in the center of
the screen as discussed in section IV-A2. Specifically, each
user was unconscious of the gaze tracking system. He/she
was naturally watching a movie in full screen mode. The
experiment lasted about five minutes. The gaze estimation
algorithm is similar to Algorithm 1. The difference is that
we assume gaze follows a Gaussian distribution for each gaze
point p(gt). Thus, the probability distribution p(gt |It ) derived
from the saliency map is replaced by Gaussian probability
distribution p(gt ).

Our system captured totally 6000 optical axes in this five-
minute experiment. The gaze estimation error for ten subjects
are summarized in Table V. Please note that the results
in Table V and the results of saliency map in Table II are
based on different testing data sets, so that they are not directly
comparable. However, we can at least draw the following
conclusion: The gaze estimation with Gaussian prior needs
longer time to converge (from a few seconds to five minutes)
and if given enough training time (after 3000 frames), this
method can achieve the same level of accuracy as the saliency
map based method.

F. Eye Parameter Estimation

In the above experiment, we evaluate different methods
under different scenarios, i.e., ‘image-viewing’ and ‘video-
viewing’. It is hard to compare their gaze estimation accuracies
across scenarios. To make a fair comparison of these methods,
we evaluate their performance for eye parameter estimation,
since there is only one ground-truth eye parameter for each
person.

In our incremental learning, we continue updating the κ
probability map in the experiment. After the experiment, we
can extract the maximum point in the probability map as
our estimation of eye parameter κ . This is our best estima-
tion of κ after improving it using all the training frames.
We extract κ S using 200 frames in saliency-based incremental
method (Sec. VI-B), κ B using saliency-based batch method
(Sec. VI-A), and κG using 6000 frames in Gaussian-based

method (Sec. VI-E). We compare our eye parameter estima-
tion with κ∗ which is obtained from nine-point calibration
in Table VI. We can see that our eye parameter estimate is
close to the eye parameters from calibration.

In order to further evaluate our eye parameter estimation, we
ask the person to look at nine fixed points that are uniformly
distributed on the screen. We estimate fixations using κ∗,
κ B , κ S and κG respectively and take the fixed points as
ground-truth to compute the gaze estimation errors. The gaze
estimation errors and the horizontal and vertical angle bias
of the ten subjects are summarized in Table VII. Here, the
estimation bias is accessed using the mean signed difference
(MSD): MSD(x) = ∑n

i=1
(x̂i−xi )

n , where x̂i is the estimate
and xi is the ground truth. We also compute the error and bias
when we directly use the optical axis to estimate gaze without
any calibration, i.e., set κ = (0, 0). As expected, the estimation
error with optical axis is very large. The error of our method
with saliency map or Gaussian prior is a little higher than
the calibration-based method, but our method doesn’t need the
personal calibration procedure, and it can keep improving the
gaze estimation when the user continues using the computer
naturally. Notice that, compared to the average error of the
first N frames in Table II and V, this is the error using the
eye parameter after N frames training procedure. Thus this
gaze estimation error is smaller.

VII. CONCLUSION AND FUTURE WORK

In this paper, we proposed a new probabilistic gaze estima-
tion framework by combining the gaze prior with the 3D eye
gaze model. Compared to the conventional gaze estimation
method, our proposed approach eliminates the explicit per-
sonal calibration procedure. It changes conventional deter-
ministic eye gaze tracking to probabilistic eye gaze tracking,
allowing to combine eye gaze prior with optical axis estimates
to simultaneously estimate 3D gaze point and the personal eye
parameters in an incremental manner without any coopera-
tion from the user. Compared with the most recent implicit
personal calibration method [13], [14], our system allows
natural head movement, and achieves high gaze estimation
accuracy of less than three degree (comparing to the accuracy
of 3.5 degrees in [14]). By using a novel incremental learning
framework, our system doesn’t need any training data from
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the subject beforehand. It can adapt to the user quickly and
improves its performance as the subject naturally uses the
system. Finally, we further extend our system without comput-
ing the saliency map by assuming the prior gaze distribution
follows a Gaussian distribution, with a mean located in the
center of the screen. This not only improves the speed of our
method (without the need of computing saliency map), but
also extend its application scope.

Our approach, however, is limited to free-viewing scenarios
when subjects are naturally viewing images or videos. Studies
in visual attention [25], [26] have already shown that if the user
is performing a specific visual task, his/her gaze distribution
is driven by the task. The proposed gaze prior, either saliency
map or Gaussian gaze prior, may not be applicable in this case.
We will study the task-dependent gaze prior in our future work.
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