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ABSTRACT
This paper presents a low-cost, wearable headset for mobile
3D Point of Gaze (PoG) estimation in assistive applications.
The device consists of an eye tracking camera and forward
facing RGB-D scene camera which are able to provide an
estimate of the user gaze vector and its intersection with a
3D point in space. A computational approach that consid-
ers object 3D information and visual appearance together
with the visual gaze interactions of the user is also given to
demonstrate the utility of the device. The resulting system
is able to identify, in real-time, known objects within a scene
that intersect with the user gaze vector.

Categories and Subject Descriptors
H.5.2 [User Interfaces]: Input devices and strategies;
I.4.8 [Image Processing and Computer Vision]: Scene
Analysis—object recognition, range data, sensor fusion

General Terms
Design, Human Factors, Algorithms, Experimentation

Keywords
Eyetracking, multimodal systems, human-computer interac-
tion
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Eye gaze based interaction has many useful applications in
human-machine interfaces, assistive technologies, and mul-
timodal systems. Traditional input methods, such as the
keyboard and mouse, are not practical in many situations
and can be ineffective for some users with physical impair-
ments. Knowledge of the user point of gaze (PoG) can be a
powerful data modality in intelligent systems by facilitating
intuitive control, perception of user intent, and enhanced
interactive experiences.

Gaze tracking devices have proven to be extremely bene-
ficial to impaired users. In the case study presented in [8],
16 amyotrophic lateral sclerosis (ALS) patients with severe
motor impairments (loss of mobility, unable to speak, etc.)
were introduced to eye tracking devices during a 1-2 week
period. The patients were assessed by a psychologist during
an initial meeting in order to evaluate their general quality
of life. Eye tracking devices and proper training, as well as
access to a speech and language therapist and a computer
engineer, were provided for the duration of the study. Pa-
tients completed questionnaires related to their experiences
with the equipment several times during the study. Several
patients reported a clear positive impact on their quality of
life during the study, resulting from the enhanced commu-
nication facilitated by the eye tracking devices over other
non-gaze based assistive devices.

While the utility of gaze interaction in a variety of appli-
cations has been demonstrated, the availability of the tech-
nology has been a limiting factor in more widespread use.
Due to the relatively high monetary cost and proprietary
nature associated with commercial eye tracking equipment
and software, several low-cost solutions have been developed
using inexpensive off-the-shelf components. Many of these
designs have been made publicly available through the open
source community. The openEyes project [4] presents a low-
cost head-mounted eye tracker which uses a pair of inexpen-
sive IEEE-1394 cameras to capture images of both the eye
and scene. This hardware device, coupled with the open
source Starburst algorithm [13], facilitates estimation of the
user PoG in the 2D scene image. A similar open source



project, the EyeWriter [5], provides detailed build instruc-
tions for creating a head-mounted eye tracker from a modi-
fied Playstation Eye USB camera. The project was designed
to enable digital drawing by eye gaze control for artists with
ALS while using the device with the accompanying open
source software. Interestingly, in [11], the effectiveness of
a low-cost eye tracker is shown to be comparable to that
of commercial devices for target acquisition and eye-typing
activities.

The head-mounted eye gaze systems mentioned above fa-
cilitate effective interactive experiences with some limiting
constraints. In general, these solutions are designed for in-
teraction with fixed computer displays or 2D scene images.
These types of systems provide a 2D PoG, which does not
directly translate into the 3D world without additional data
modalities. An accurate estimate of the 3D user PoG can
be especially useful in mobile and ubiquitous applications,
human-robot interaction, and in designing intelligent assis-
tive environments. Knowledge of the 3D PoG within an
environment can be used to detect user attention and inten-
tion to interact [6], leading to multimodal attentive systems
able to adapt to the user state.

Some mobile 3D PoG tracking systems have been pro-
posed in literature. In [9], a head-mounted multi-camera
system is presented that estimates the 3D PoG by comput-
ing the intersection of the optical axis of both eyes. This
approach gives the 3D PoG relative to the user’s frame of
reference, but does not provide a mapping of this point to the
environment in which the user is present. A similar stereo
camera approach is presented in [12], which also includes a
forward facing scene camera for mapping of the 3D PoG to
scene coordinates. While multi-camera approaches such as
these provide a 3D PoG, their use is limited by increased
uncertainty at increasing PoG depths. Another limiting fac-
tor is the scene camera, which is generally a standard 2D
camera that does not provide any 3D information of the
environment itself.

In this paper, we propose a novel head-mounted system
that provides additional data modalities that are not present
in current solutions. We show that the effective integration
of these modalities can provide knowledge of gaze interac-
tion with environmental objects to aid the development of
intelligent human spaces. The solution considers 3 key data
modalities for 3D PoG estimation and environment inter-
action in real-time. First, an eye tracking camera is used
to estimate the 2D PoG. Next, an RGB-D scene camera is
used to acquire two additional modalities: A 3D representa-
tion of the environment structure and a color image in the
direction of the user’s gaze. We then provide a process by
which the 2D PoG is transformed to 3D coordinates, and
show that the objects are able to be identified using a com-
bination of computer vision techniques and 3D processing.
We demonstrate through experimental results that accurate
classification results are achieved by combining the multiple
data modalities.

2. SYSTEM HARDWARE
The solution presented in this work is designed to provide

information about the environment existing around the user,
together with the points or areas within the environment
that the user interacts with visually. In order to realize these
goals, a wearable headset was developed that provides a 3D
scan of the area in front of the user, a color image of this

Figure 1: Headset with eye and scene cameras

area, and an estimate of the user’s visual PoG. These 3 data
modalities are provided by an eye tracking camera, which
observes the user’s eye motions, and a forward facing RGB-
D camera, providing the scene image and 3D representation.
These two components are mounted on rigid eyeglass frames
such that their position remains fixed relative to the user’s
head during movement. The complete headset hardware
solution is shown in in Figure 1.

2.1 Eye Tracking Camera
The system eye tracking feature is accomplished using an

embedded USB camera module equipped with an infrared
pass filter. The user’s eye is illuminated with a single in-
frared LED to provide consistent image data in various am-
bient lighting conditions. The LED also produces a corneal
reflection on the user’s eye, which can be seen by the camera
and exploited to enhance tracking accuracy. The LED was
chosen according to the guidelines discussed in [7] to ensure
that the device could be used safely for indefinite periods of
time.

The eye camera is positioned such that the image frame is
centered in front of one of the eyes of the user. The module
can be easily moved from the left or right side of the headset
frame so that either eye may be used (to take advantage of
user preference or eye dominance), while fine adjustments to
the camera position and orientation are possible by manip-
ulating the flexible mounting arm. Streaming video frames
are provided with a resolution of 640x480 at a rate of 30 Hz,
which facilitates accurate tracking of the pupil and corneal
reflection using computer vision techniques.

2.2 Scene RGB-D Camera
Information about the user’s environment is provided by

a forward facing RGB-D camera, the Asus XtionPRO Live.
This device provides a 640x480 color image of the environ-
ment along with a 640x480 depth range image at a rate of
30 Hz. The two images are obtained from individual imag-
ing sensors and registered by the device such that each color
pixel value is assigned actual 3D coordinates in space. This
provides a complete scanning solution for the environment



in the form of 3D ”point clouds”, which can be further pro-
cessed in software.

3. COMPUTATIONAL APPROACH
This section describes the computational approach used

for object of interest identification and classification. The
four steps of the process are to estimate the PoG using
the eye and scene cameras, assign a geometric classification
based on the 3D object of interest structure, perform vi-
sual classification using SURF feature matching and color
histograms, and fuse the multimodal data for a final result.
The subsections below describe each step in detail.

3.1 Point of Gaze Estimation
An estimate of the user PoG is computed using a modified

version of the starburst algorithm presented in [13]. This al-
gorithm creates a mapping between pupil positions and 2D
scene image coordinates after a simple calibration routine
is performed. During the pupil detection phase of the algo-
rithm, an ellipse is fitted to the pupil such that the ellipse
center provides an accurate estimate of the pupil center.
The center of the infrared corneal reflection is detected dur-
ing the next phase of the algorithm, which is then compared
to the pupil center to acquire a difference vector. The differ-
ence vector between the pupil center and corneal reflection is
then used to create the calibration mapping. Figure 2 shows
the fitted pupil ellipse, pupil center, corneal reflection, and
difference vector computed from a single eye camera image
frame.

The mapping from difference vector to 2D scene image
coordinates is made possible by a 9 point calibration proce-
dure. During calibration, the user sequentially gazes upon
9 different points in the scene image. The difference vector
for each calibration point is saved, and the 9 point mapping
is used to interpolate a 2D PoG from future eye camera
frames. The 3D PoG can be obtained easily from the 2D
point by looking up the 3D coordinates of the pixel in the
point cloud data structure provided by the RGB-D camera.
Exploitation of the RGB-D point cloud structure removes
the need for stereo eye tracking during 3D PoG estimation
as used in the previously mentioned methods [9, 12].

3.2 Geometric Classification
Point cloud manipulation is performed with the utilization

of the Point Cloud Library (PCL) [10]. PCL provides the
methods necessary to extract information from point clouds,
the contribution presented in this section is the overall pro-
cess for which the given methods are applied.

Instead of applying the model segmentation on the initial
point cloud, a series of operations must be performed on
the point cloud to remove points that are not of interest. A
large portion of the point cloud is comprised of these points,
which include the points that correspond to the floor, wall,
or ceiling, and the points that lie outside the area of interest.
We can assume these points are not of interests due to the
fact that points of interest must provide interactivity and lie
within a reasonable distance to the user’s PoG.

Planar models are quicker to detect than more complex
models, such as cylinders or spheres, so it is beneficial to
remove large planes from the point cloud prior to detecting
the models belonging to the more interactive geometries.
Planes corresponding to tables, walls, the ceiling or floor,
will span a large portion of the point cloud. Due to this it

(a) Detection of pupil and CR

(b) Scene image annotated with PoG

Figure 2: Mapping of gaze vector to scene

will not be necessary to perform the planar segmentation on
the full point cloud, and down sampling of the point cloud
can be performed. This will provide a performance increase
since the fidelity of the point cloud is reduced, while allowing
large models to maintain their structure within the point
cloud. The removal of these large planes from the point
cloud is useful in reducing the point cloud size, as these will
not provide valuable interaction for the user.

Objects that are of interest are comprised of several points
that are relatively close together and are not disjoint. PCL
provides a method to detect the euclidean clusters within
a point cloud. These clusters are found by linking points
together that are within a defined distance threshold, which
further emphasizes the importance of removing large planes,
since they will connect clusters that otherwise would be dis-
joint. After the clusters are identified, the PoG is combined
with the point cloud to determine the cluster closest to the
PoG. This cluster is extracted from the point cloud.

The extracted cluster provides a region of interest within
the original point-cloud, and the final model segmentation
is performed on the subset of points from the initial point
cloud that lie inside the area of the extracted cluster re-
gion. When segmenting smaller objects, higher fidelity is
needed with the point cloud, which is why the region must
be taken from the original high-fidelity point cloud. When
model segmentation is performed on this final point cloud,



(a) Original point cloud (b) Plane removal

(c) Euclidian clustering (d) Cluster selection

(e) Segmentation result (f) RGB cropping result

Figure 3: Point cloud processing steps

cylinder and sphere models are detected. Model parameter
estimation is done using the RANSAC algorithm [2]. This
model parameter estimation is also done in similar fashion
when estimating the planar coefficients discussed previously.
Final model classification is assigned based on the results
of the segmentation over each of the specified models. The
currently available geometric classifications belong to the set
{cylinder, sphere, other}.

Following the geometric classification, analysis is performed
on the RGB data to further classify the object. The in-
put for these methods consists of the geometric classifica-
tion and a cropped 2D RGB image representing the final
extracted point cloud. The cropped image comes from cre-
ating a bounding box relative to the 2D RGB image of the
region of interest containing the extracted cluster.

Figure 3 illustrates the differences in the point clouds
throughout the process as described above.

3.3 SURF Feature Matching
In order to reliably identify a query object by image com-

parison, there needs to be similarity between image features.
Since it is unlikely that the object being identified will be
in the same orientation and position relative to the refer-
ence image, it is important to calculate features that are
reproducible at different scales and viewing angles. Speeded
Up Robust Features (SURF) is an efficient method to find
such features, called keypoints, and calculate their descrip-
tors, which contain information about the grayscale pixel
intensity distribution around the keypoints[1].

The system maintains a knowledge base of SURF features
and descriptors for all reference object images. For these
images, the keypoints and descriptors are precomputed and
stored to avoid recalculation each time an object is to be
identified. The feature/descriptor calculations for the query
object images, on the other hand, are necessarily performed
on-the-fly as object identifications are requested.

In the SURF-based object identification we perform, the
query object image keypoints are compared to those of each
reference object image to determine similarity. We use a
modified version of the robust feature matching approach
described in [3] to do so. A k-nearest-neighbors search is
performed to match each keypoint descriptor in the query
image with the two most similar descriptors in the reference
image, and vice versa. These matches enter a series of tests
to narrow down the list of those that are accepted. First, if
the two nearest-neighbor matches are too similar to reliably
determine which is the better match, neither is used. Other-
wise, the best match is tentatively accepted. Figure 4 shows
several keypoint matches at this stage. Second, if a keypoint
matching from the query image to the reference image is not
also a match from the reference image to the query image,
it is rejected. The surviving keypoint matches are validated
using the epipolar constraint so that any matched points not
lying on corresponding epipolar lines are rejected, and the
number of remaining matches is stored for each image in the
knowledge base.

3.4 Histogram Matching
Since multiple objects can produce similar features in SURF

calculations, it helps to incorporate color information into
object identification. We use color histograms to do so, since
they provide a convenient way to represent the distribution
of colors in an image and can easily and efficiently be com-
pared. To minimize the effect on histogram matching of
potential differences in brightness and contrast between ref-
erence and query images, a normalized red-green (RG) color
space is used for the calculations.

Figure 4: SURF keypoint matches



The histograms we use contain 8 bins in each dimension.
So, for the normalized RG color space, we use 2-dimensional
8 × 8 histograms for a total of 64 bins. As with the SURF
keypoints/descriptors, the histograms for the reference ob-
ject images are computed and stored in the knowledge base
for easy comparison later, while the histograms for the test
images are calculated at identification time. To identify a
query object by histogram matching, the similarity between
the query image histogram and each reference image his-
togram is calculated using normalized cross-correlation to
obtain a value in the range [-1, 1].

3.5 Data Fusion and Object Identification
To most reliably identify the object of interest, we must

must effectively incorporate the data from SURF feature
matching, geometric classification, and histogram compari-
son into a single score for each object in the reference set.

After SURF keypoint match calculations, the number of
keypoints matched from the query object image to each ref-
erence object image is stored as a raw score, n for that par-
ticular reference object. A final, normalized SURF score
α ∈ [0, 1] is calculated for each reference object i:

αi =
ni

m
, for m = max

i
(ni)

Similarly, normalized cross-correlation values obtained from
the histogram comparisons are stored for each reference ob-
ject image as a raw histogram score, h ∈ [−1, 1]. A final
normalized histogram score β ∈ [−1, 1] is calculated for each
object i:

βi =
hi

k
, for k = max

i
(hi)

The third score we calculate is a simple geometric classifi-
cation match score γi for each reference object image i. To
determine γi, the query image’s detected classification c is
compared to the reference classification di:

γi =

{
1 : c = di
0 : c �= di

A final score Si is calculated for each object i as a linear
combination of the three scores. To do so, the SURF, his-
togram, and geometric scores are assigned weights, wα, wβ ,
and wγ , respectively:

Si = wααi + wββi + wγγi

The object O can now be identified as:

O = argmax
i

(Si)

4. EXPERIMENTATION
To assess the ability of the system to identify the object

gazed upon by the user, we created an experiment to repro-
duce a typical usage application in which the user is seated
at a table and desires assistance with an item on the ta-
ble. The user might, for example, desire some water from a
pitcher on the table, but be unable to reach for the object
or request assistance through verbal means or gesturing.

To this end, we used the system software to create a
knowledge base of known objects and placed an assortment
of test items on the table to evaluate the system’s ability
to estimate the user’s point of gaze, use that information to

isolate the object of interest, and perform successful iden-
tification. An example usage scenario can be seen in figure
4.

Figure 5: Collection of objects in experimental scene

4.1 Experimental Setup
During our experiment, a participant sat in multiple po-

sitions in front of a table with an assortment of objects
placed on top. They were free to move their head, eyes,
and body. We instructed the participant to focus their gaze
on an object and notify us with a verbal cue when this was
accomplished. On this cue, a trigger event for the system
to identify the object was issued. The PoG calibration was
performed prior to system use, and the calibration result
was checked for validity. In the experiment, the participant
focused his gaze on each of the objects from three different
locations at distances of up to 2 meters.

Data was acquired using the headset described in sec-
tion 2, while computations were performed in real-time on
a Lenovo Ideapad Y560 laptop running the Linux operating
system. The laptop was equipped with a 2.20GHz Core i7
processor with 4GB DDR3 1333 memory.

The knowledge base used for image comparison and iden-
tification consisted of fifteen objects that varied in size from
a baseball to a musical keyboard. Each object had two pre-
viously collected training images from different angles and
distances, which had been obtained using the same head-
set and automatically cropped via the method described in
section 3.2.

4.2 Experimental Results
After running the experiments, the raw scores of the image

comparisons were processed to determine the optimal values
for the three weights discussed in section 3.5. Once the
score weights were adjusted, the results were collected and
analyzed. Table 1 shows the object identification accuracy
for the various classifiers in the system, both individually
and in combination.

As can be seen from the results, the ability to identify
the object of a user’s gaze significantly improves as addi-
tional classifiers are added. Since SURF feature matching
is a popularly used method of object matching, we use its
accuracy as a baseline for our analysis. We see a significant



Table 1: Object identification results
Classifier Accuracy
SURF Matching 0.711
Histogram Matching 0.622
SURF + Histograms 0.756
SURF + Histograms + Geometry 0.844

18.7% increase in correct object identifications by incorpo-
rating color histogram and geometric classification data with
SURF matching. These results clearly illustrate the benefit
of fusing multiple data modalities. The average execution
times, in seconds, for each step in the identification method
are presented in Table 2.

Table 2: Table of average runtimes
Classifier Execution time (s)
Geometric Classification 0.329
SURF Matching 0.201
Histogram Matching 0.001

5. CONCLUSIONS & FUTURE WORK
The system proposed in this work illustrates the potential

impact of combining PoG estimation techniques with low-
cost 3D scanning devices such as RGB-D cameras. The data
modalities provided by the headset can be analyzed in such
a way that user intent and visual attention can be detected
and utilized by other environment actors, such as caregivers
or robotic agents.

The results of the experiment show that the combination
of classification methods using multiple data modalities in-
creases overall accuracy. Weighting the individual classifica-
tion methods in the final data fusion step allows for a higher
emphasis to be placed on different modalities at different
times, which could facilitate dynamic adjustment of weights
based on external factors such as lighting conditions.

While the experimental portion of this work focused mainly
on 3D object recognition, the 3D PoG estimation provided
by the combination of eye tracking and RGB-D modalities is
extremely useful by itself. The utility of this approach war-
rants further investigation and comparison with existing 3D
PoG methods, such as stereo eye tracking. Given that the
inclusion of the RGB-D scene camera removes the need for
multiple eye tracking cameras, it follows that the area ob-
structed by optical devices in the user’s field of vision would
be minimized. The trade-off between multiple eye tracking
cameras and a bulkier RGB-D scene camera will likely im-
prove significantly with time as the technology matures and
miniaturizes.
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