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Abstract

An intelligent human-computer interface is expected to
allow computers to work with users in a cooperative man-
ner. To achieve this goal, computers need to be aware of
user attention and provide assistances without explicit user
request. Cognitive studies of eye movements suggest that
in accomplishing well-learned tasks, the performer’s focus
of attention is locked with the ongoing work and more than
90% of eye movements are closely related to the objects be-
ing manipulated in the tasks. In light of this, we have de-
veloped an attentional object spotting system that integrates
multimodal data consisting of eye positions, head positions
and video from the “first-person” perspective. To detect the
user’s focus of attention, we modeled eye gaze and head
movements using a hidden Markov model(HMM) represen-
tation. For each attentional point in time, the object of user
interest is automatically extracted and recognized. We re-
port the results of experiments on finding attentional objects
in the natural task of “making a peanut-butter sandwich”.

1. Introduction

The development of multimodal human-computer inter-
face that allows us to communicate with computers just like
with other humans has recently attracted more and more in-
terest. The aim is to increase both the communication chan-
nels between human and machine(e.g., by talking, seeing
and gesturing), and at the same time the quality of inter-
action by being aware of the focus of user attention. For
example, by monitoring users’ behaviors and finding their
attentions, computers can predict their needs, and provide
corresponding information and services before users explic-
itly express their requests. In this way, computers can be
seamlessly integrated into our everyday lives and work with
humans as attentive human-like assistants.

We believe that the visual focus of attention plays a vital
role in various multimodal human-computer interaction ap-

plications. In the scenario of making a peanut-butter sand-
wich, for instance, when a computer notices that the user’s
attentional object is a peanut butter jar, it can provide infor-
mation related to peanut butter by speech, such as a set of
recipes or nutritional values. Furthermore, with an actuator
such as a robotic arm, the machine can grasp and deliver the
peanut butter jar to the user. In this way, humans and com-
puters can work together in a cooperative and interactive
manner.

In this paper, we present an attentional object spotting
system that can detect objects of user interest in real time
while the user wears a head-mounted eye tracker and per-
forms the task of making a sandwich. Eye gaze is monitored
to find user’s focus of attention. Input of the system con-
sists of eye positions, head positions in concert with video
captured from a head-mounted camera. We employ hidden
Markov models(HMMs) to detect visual attention based on
eye and head movements. Then the image at an attentional
point in time is analyzed to extract the object from the visual
scene. Output of the system is a sequence of object names
that represent dynamic properties of user attention during
the task.

The remainder of this paper is organized as follows. Sec-
tion 2 describes related work in using eye gaze for human-
computer interaction. Section 3 first gives an overview of
cognitive studies of eye movement involved in everyday ac-
tivities. We then present our approach to using eye gaze
and its advantages. Section 4 describes an attentional object
spotting system we implemented. In Section 5, we present
the experimental setup and the results. Finally, Section 6
concludes with a discussion of our future work.

2. Related Work

Many techniques have been developed for tracking eye
movements during the past several decades. However, most
applications of eye tracking have been in psychological re-
search for probing into subjects’ perceptual or cognitive
processes. This state of affairs has changed recently. Based



on a series of experiments that compare an eye gaze interac-
tion technique for object selection with the mouse selection
method, Jacob and Sibert[15, 5] argued that eye gaze can
be used as the main device for controlling conventional in-
terface components. More recently, Stiefelhagen et al.[16]
have developed a system to estimate visual focus of atten-
tion of participants in a meeting from gaze and sound cues.
Hyrskykari[4] has designed and is currently implementing
an eye-aware application, called iDict, which is a general-
purpose translation aid system. iDict monitors the user’s
gaze path while the user is reading texts written in a foreign
language. When the reader encounters difficulties, iDict
steps in and provides assistance with the translation.

3. The Computational Role of Eye Movement

To develop an intelligent multimodal human-computer
interface, we believe that it is helpful to make use of the
discoveries in cognitive studies to guide the design of our
approach. This section first describes the studies of eye
movements in experimental psychology. We then propose
our approach to integrating eye gaze with visual informa-
tion to find users’ focus of attention.

Human beings continuously explore their environment
by moving eyes. They look around quickly and with little
conscious effort. The classic work of Yarbus[18] showed
that, even when viewing the same image, subjects make dif-
ferent eye movements depending on the task that they are
trying to solve. Subjects primarily foveate the small per-
centage of objects in the scene that are relevant to solving
the task. Recently, two studies have addressed the nature of
the involvement of vision in coordinating actions in natu-
ral tasks, such as food preparation and housework. Land et
al.[7, 8] have studied the fixation patterns of humans per-
forming the well-learned task of making tea. This work
demonstrates that a subject performing a task tends to fixate
on the object that is currently relevant to the ongoing task.
In the other study, Hayhoe et al.[3, 8] showed similar re-
sults from the experiments in which students made peanut
butter and jelly sandwiches. In both cases, the principal
conclusion is that almost every action in the task sequence
is guided and checked by vision, with eye gaze usually fo-
cusing on the objects being manipulated in motor actions.

Figure 1 shows a sample scene of the experiments in
which a user is making a peanut-butter and jelly sandwich.
We confirmed the conclusions of the previous studies by
noticing that gaze rarely strays from the objects of user in-
terest though there might be multiple eye fixations on the
different parts of the object. In light of this, our hypothesis
is that eye and head movements, as an integral part of the
motor program of users, provide important information for
building an intelligent human-computer interaction. We test
this hypothesis by developing a method that can spot objects

of user interest based on eye gaze and head movement.

Figure 1. The sample view from the first-person perspective.

The advantages of our approach are threefold. Firstly,
compared with other modalities, such as gestures and voice,
eye gaze has a unique property: it implicitly carries infor-
mation on the focus of the user’s attention at a specific point
in time. Thus, we can utilize eye gaze to find objects users
are interested in. Compared with our approach, the system
based on a wearable camera has the same ability to “see”
as the user sees from the “first-person” perspective, but it
is not trivial to find the object of user interest from multiple
objects in a visual scene. In our system, however, we can di-
rectly utilize eye position as a cue to segment the attentional
object from the background. Secondly, compared with tra-
ditional video processing of fixed camera observations, the
dynamic properties of an agent-centered view captured by
a head-mounted camera provide image sequences that are
more informative because the agent uses the same data for
visual processing. Thirdly, the objects of an agent’s inter-
est in time can help understanding human behaviors, which
is another important problem for human-computer interac-
tion. Objects are closely related with some specific actions.
For instance, a knife is related to the action of cutting and
a stapler is related to the action of stapling. These object
contexts would suggest specific actions for action recogni-
tion. For example, if the agent is looking at the stapler, it
is mostly likely that the next action is related to “stapling”
and it is unlikely that the action will be “cutting”.

4. An Attentional Object Spotting System

As we have pointed out earlier, our goal is to build a sys-
tem aware of users’ focus of attention. We argue that objects
focused by users are important indicators of their interests.
This section presents an attentional object spotting system
that first finds the eye fixations and then spots objects in the
fixation durations.

4.1. Eye Movement Analysis

In the context of our application of eye gaze, the primary
objective of eye data analysis is to determine where and



when the user looks at the objects in the visual scene. Al-
though there are several different modes of eye movement,
the two most important modes for directing cognitive works
are saccades and fixation. Saccades are rapid eye move-
ments that allow the fovea to view a different portion of the
visual scene. Often a saccade is followed by one or more
fixations when objects in a scene are viewed. Our goal is to
find the fixations from continuous data stream of eye move-
ment. The existing fixation finding methods[13] can be
categorized into three groups: velocity-based, dispersion-
based and region-based. Velocity-based methods find fixa-
tions according to the velocities between consecutive data
points. Dispersion-based methods identify fixation points
as the points that are grouped closely together with the as-
sumption that the fixation points generally occur near one
another. Region-based methods identify fixation points as
points that fall within a fixed region called areas of inter-
est(AOIs).

We developed a velocity-based method to model eye
movements using a hidden Markov model(HMM) represen-
tation that has been widely used in speech recognition with
great success[11]. A hidden Markov model consists of a set
of � states ���������
	��
��	��
��	�������	��
��� , the transition probabil-
ity matrix ������� � , where ���!� is the transition probability of
taking the transition from state " to state # , prior probabili-
ties for the initial state $ � , and output probabilities of each
state % �'&)(*&,+.-'- �0/1�
2 &3+.-�4 � &3+.- �5� � � . Salvucci et al.[12]
first proposed a HMM-based fixation identification method
that uses probabilistic analysis to determine the most likely
identifications for a given protocol. Our approach is dif-
ferent from his in two ways. First, we use training data to
estimate the transition probabilities instead of setting pre-
determined values. Secondly, we notice that head move-
ments provide valuable cues to model focus of attention.
This is because when users look towards an object, they al-
ways orient their heads towards the object of interest so as
to make it in the center of their visual fields. As a result of
the above analysis, head positions are integrated with eye
positions as the observations of HMMs.

Figure 2. The HMM of eye movement

Figure 2 shows a 2-state HMM that is used in our sys-
tem for eye fixation finding. One state corresponds to sac-
cade and the other represents fixation. The observations of
HMM are 2-dimensional vectors consisting of the magni-
tudes of the velocities of head rotations in three dimensions
and the magnitudes of velocities of eye movements. We
model the probability densities of the observations using a

two-dimensional Gaussian:
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The parameters of HMMs needed to be estimated comprise
the observation and transition probabilities. Specifically,
we need to compute the means( OF� ) and variances( ; � ) of
two-dimensional Gaussian(four parameters) for each state
and the transition probabilities(2 parameters) between two
states. Thus, a total of 10 parameters need to be estimated in
the HMM. The estimation problem concerns how to adjust
the model P to maximize / &)(Q4 P - given an observation
sequence ( . We can initialize the model with flat proba-
bilities, then the forward-backward algorithm[11] allows us
to evaluate this probability. Using the actual evidence from
the training data, a new estimate for the respective output
probability can be assigned:
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where X 6�& # - is defined as the posterior probability of being
in state # at time + given the observation sequence and the
model.

As a result of learning, the saccade state contains an ob-
servation distribution centered around high velocities and
the fixation state represents the data whose distribution is
centered around low velocities. The transition probabilities
for each state represent the likelihood of remaining in that
state or making a transition to another state. An example of
the results of eye data analysis is shown in Figure 3.

Figure 3. Eye Fixation finding. The top plot: Point-to-point
velocities of eye positions. The middle plot: The velocity profile
of head. The bottom plot: A temporal state sequence of HMM(“1”
indicates the fixation state and “0” represents the saccade state).

4.2. Object Spotting

This section describes the method of automatic object
spotting by integrating visual information with eye gaze



data. For an eye fixation, the object of user interest is ex-
tracted from the snapshot of the scene. Figure 4 shows the
overview of our approach composed of three steps: image
segmentation, object representation and object recognition.

Figure 4. The overview of Object Spotting

4.2.1 Image Segmentation

The image segmentation in our system consists of two steps.
First, we apply seeded region growing(SRG) algorithms[1]
to segment objects from the background. SRG is based on
the conventional region growing postulate of similarity of
pixels with regions, but whose mechanism is closer to that
of the watershed. The method starts from an initial, incom-
plete segmentation and tries to aggregate the unlabeled pix-
els to one of the given regions. The decision whether a pixel
should join a region or not is based on the fitness function
that reflects the similarity between the region and the can-
didate pixel. The order in which the pixels are processed is
determined by a global priority queue which sorts all candi-
date pixels by their fitness values.

Second, eye gaze is utilized as a cue to extract the object
of user interest from all the objects detected. This is im-
plemented by coordinating the eye gaze position into &�� 	�� -
position in the image and choosing the region that contains
this position. Figure 5 shows a scene snapshot and the seg-
mentation result when the user is grasping a peanut butter
jar.

Figure 5. Left: The snapshot image with eye position(black
cross). Right: The object extracted from the left image.

4.2.2 Object Representation

The extracted object is represented by a model that contains
color, shape and texture features. Based on the works of
[9, 14, 17], we constructed the visual features of objects that
are large in number, invariant to different viewpoint, and are
driven by multiple visual cues. Specifically, 64-dimensional
color features are extracted by color indexing method[17],
and 48-dimensional shape features are represented by calcu-
lating histograms of local shape properties[14]. The Gabor
filters with three scales and five orientations are applied to
the segmented image. It is assumed that the local texture
regions are spatially homogeneous, and the mean and the
standard deviation of the magnitude of the transform coef-
ficients are used to represent the object in a 48-dimensional
texture feature vector. The feature representations consist-
ing of a total of 160 dimensions are formed by combining
color, shape and texture features, which provide fundamen-
tal advantages for fast, inexpensive recognition.

Most classification algorithms, however, do not work ef-
ficiently in higher dimensional spaces because of the inher-
ent sparsity of the data. This problem has been traditionally
referred to as the dimensionality curse. In our system, we
deduced the 160-dimensional feature vectors into the vec-
tors with the dimensionality of 30 by principle component
analysis(PCA)[2], which represents the data in a lower di-
mensional subspace by pruning away those dimensions that
result in the least loss of information.

4.2.3 Object Recognition

We employ an appearance-based object recognition method
that makes our system more general and more easily train-
able from visual data. The system essentially operates by
comparing a feature representation of object appearance
against many prototype representations stored in the mem-
ory to find the closest match. Three-dimensional objects
are represented by using a view-based approach in which
multiple two-dimensional images of an object are captured
from multiple perspectives and grouped to collectively form
a model of the object. In the training phase, the feature vec-



tors are used to train the classifier whose rule is to divide
the feature space into regions that correspond to different
objects. Kohonen’s Learning Vector Quantilization(LVQ)
algorithm [6] has been applied that allows us to build a
classifier from labeled data samples. Instead of modeling
the class densities, LVQ models the discrimination func-
tion defined by the set of labeled codebook vectors and the
nearest neighborhood search between codebooks and data.
The training algorithm involves an iterative gradient update
of the winner codebook. The direction of the gradient up-
date depends on the correctness of the classification using
a nearest-neighborhood rule in Euclidean space. If a data
sample is correctly classified(the labels of the winner unit
and the data sample are the same), the codebook closest
to the data sample is attracted toward the sample; if incor-
rectly classified, the data sample has a repulsive effect on
the codebook. The update equation for the winner unit � �
defined by the nearest-neighbor rule and a data sample �Z&3+.-
is

� � &,+�� 8 - ��� � &,+.-���� &,+.-
	 �W&,+.- ] � � &,+.-�� (4)

where the sign depends on whether the data sample is cor-
rectly classified(+) or misclassified(-). The learning rate
� &3+.-�
�	 � 	 8 � must decrease monotonically in time and the
training procedure is repeated iteratively until convergence.
In the recognition phase, a data point �F� is assigned to a
class according to the class labels of the k-closest code-
books.

5. Experiment

The training data of the appearance-based object models
are collected beforehand and utilized to determine the code-
books of LVQ. Those data are also applied to calculate the
transformation matrix for PCA. In our experiments, the user
wore an eye tracker mounted on the head, and was seated at
a table with the items required for the task. No instructions
were given except to make a peanut butter and jelly sand-
wich.

Monocular(left) eye position was monitored with
an Applied Science Laboratories(ASL) Model 502 eye
tracker(shown in Figure 6), which is a head-mounted,
video-based, IR reflection eye tracker[10]. The eye posi-
tion signals were sampled at 60Hz and had a real time de-
lay of 50 msec. The accuracy of the eye-in-head signal is
approximately

8��
over a central � � � field. Both pupil and

first Purkinje image centroids are recorded, and horizontal
and vertical eye-in-head position is calculated based on the
vector difference between the two centroids shown in Fig-
ure 6. A Polhemus 3D tracker was utilized to acquire 6-
DOF head positions at � ����� . The headband of the ASL
holds a miniature “scene-camera” to the left of the user’s
head that provides the video of the scene from the “first per-
son” perspective. The video signals were sampled at the

resolution of 320 columns by 240 rows of pixels at the fre-
quency of 15Hz.

Figure 6. Left: A user wore a eye tracker. Right: The eye im-
age with cross-hairs indicating pupil center and cormeal reflection.

We collected video, eye positions and head positions
from 18 users, each of whom performed the task three
times. Over the 2-minute period that it took to make a sand-
wich, eye gaze was almost exclusively directed on the ob-
jects involved in the task, as noted in the works of Hayhoe
and Land. A description of a segment of the object sequence
through the task is shown in Figure 7. The user is perform-
ing the subtask of spreading peanut butter on the bread. He
fixates the bread for about 300 msec to guide placement
of the bread on the plate. Gaze is then transferred to the
knife that guides the left hand to grasp it and move it to-
ward a peanut butter(PB) jar. While this is in progress, gaze
is transferred to the peanut butter jar in order to guide the
subsequent movement of the left hand to scoop peanut but-
ter. While the user spreads the bread with peanut butter, eye
fixations alternate between the bread and the PB jar, and so
on. From this example, it can be seen that eye movements
are very tightly locked with the manipulations of objects.
Specifically, from our analysis, fewer than ��� of eye fix-
ations were to ’irrelevant’ to the on-going task. Examples
are the setting down of objects without the guidance of vi-
sion, and look-around eye movements to capture the layout
of visual scene before the beginning of actions.

Figure 7. Sequence of attentional objects during the subtask of
spreading the bread with peanut butter.

To evaluate performance of our system, the video records
in concert with eye gaze data were analyzed and manually
labeled. We then compare the results of human analysis
with the results of our eye fixation finding algorithm, which
is shown in Table 1. The errors in finding eye fixations are
mainly caused by track loss. Although we remove the data
that are out of normal range before sending them to HMM,
this operation causes the discontinuity of the temporal se-
quence of eye positions, which leads to incorrect state tran-



sitions of HMM. The results of object spotting and recog-
nition are also shown in Table 1 in the form of percentage
compared with human analysis. A recognition accuracy of
��� � ��� demonstrates the effectiveness of our approach. An
analysis of the errors reveals that object occlusion caused
by user hands lead to incorrectness in image segmentation.

Table 1. Results of object spotting

Object Eye Fixation Object
Finding Recognition

Overall 93.6% 86.5%
Bread 95.2% 91.6%
Jelly jar 90.7% 82.3%
Knife 83.2% 75.9%
PB jar 89.3% 81.5%

6. Conclusion and Future Work

We have described an attentional object spotting system
that finds and recognizes the objects of user interest. The
approach is unique in that it analyzes both eye gaze and
head position to detect the user’s focus of attention. We
demonstrated our approach in the domain of finding atten-
tional objects when a user performs the task of making a
sandwich.

The main goal of this work is to not only explore the
use of eye gaze to detect the user’s focus of attention, but
also ultimately build an attention-based multimodal human-
computer interface. In order to achieve the overall goal,
we have developed an action recognition system to under-
stand human actions in natural tasks[19], which addresses
another fundamental problem of understanding human ac-
tivities. We will integrate these two systems to obtain bet-
ter understandings of user attention and behaviors in natu-
ral tasks. Based on explicitly monitoring user attention and
task progress, an intelligent human-computer interface will
be developed to predict next actions, suggest possible alter-
native actions and provide assistances for users working in
natural environments.
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