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Synthetic vision-based perceptual
attention for augmented reality agents
..........................................................................
By Sejin Oh, Woonhyuk Baek and Woontack Woo*

We describe our model for synthetic vision-based perceptual attention for autonomous
agents in augmented reality (AR) environments. Since virtual and physical objects coexist
in their environment, such agents must adaptively perceive and attend to objects relevant to
their goals. To enable agents to perceive their surroundings, our approach allows the agents
to determine currently visible objects from the scene description of what virtual and
physical objects are conﬁgured in the camera’s viewing area. In our model, a degree of
attention is assigned to each perceived object based on its similarity to target objects
related to an agent’s goals. The agent can thus focus on a reduced set of perceived objects
with respect to the estimated degree of attention. Moreover, by continuously and smartly
updating the perceptual memory, it eliminates the processing loads associated to previously
observed objects. To demonstrate the effectiveness of our approach, we implemented an
animated character that was overlaid over a miniature version of campus in real-time and
that attended to building blocks relevant to given tasks. Experiments showed that our
model could reduce a character’s perceptual load at any time, even when surroundings
change. Copyright © 2010 John Wiley & Sons, Ltd.
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Introduction
Many researchers have developed believable agents to
simulate human movements and behaviors in virtual
environments (VE). In applications for entertainment,
education, and training,1 such agents can enhance the
immersive experience of users. While their uses vary,
the need for realism and believability motivates the development of plausible perception, cognition, and motor behavior in VE. Thus, there have been studies considering how to equip agents with synthetic vision,
audition, and touch.2–4 Based on perception, perceptual
attention provides agents with a way to attend their
environment.5,6
Augmented reality (AR) that enables users to experience computer-generated content embedded in a real
environment7 ; AR-based agents can thus be visualized
among physical objects in users’ environment, and directly interact with users in real-time. Since these agents
seem to coexist with users, they enhance the sense
of immersion during interactions. AR agents are thus
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typically suitable as actors,8 tutors,9 assistants,10 and
demonstrators11 in entertainment and educational systems.
Even though AR agents inhabit environments which
consists of various virtual and physical objects, previous
works did not discuss how to enable agents to perceive
objects autonomously. Barakonyi et al.11 explored how
AR agents could interact with a physical object. However, their work was limited to perceiving a predeﬁned
physical object at a given time. As numerous and various
objects appear in the AR environments, agents should be
able to simultaneously perceive multiple physical objects
and to focus their attention on a small set of objects relevant to their goals.
In this paper, we present a model for synthetic visionbased perceptual attention allowing AR agents to attend
to surrounding objects relevant to their goals. For this
purpose, the synthetic vision of an agent is built from a
scene description including the virtual and physical objects in a camera’s visual ﬁeld. A degree of attention is
assigned to each perceived object according to their relevance for the agent’s goals. Irrelevant visual perceptions
are ﬁltered out and the perceptual memory of the agent
is updated. Finally, the agent can decide its immediate or
future actions using up-to-date perceptual memory.
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ful perceptions with respect to goals when stimuli are
relatively numerous.

Our approach (1) enables AR agents to autonomously
perceive virtual or physical objects in their visual ﬁeld,
(2) decreases computation by focusing on a reduced set
of relevant visual perception, (3) avoids redundant processing by maintaining information about previously observation.
The rest of this paper is organized as follows: We
review the literature on perceptual attention for autonomous agents. We outline the working environment
and describe our approach in details. Then, we present
our implementation and experiments. Finally, we conclude with possible directions for future research.

Working Environment
For our approach, we assume that an AR agent can interact with any object in its augmented environment, which
consists of a collection of small to medium-sized physical or virtual objects. For example, in a miniature version of a campus, an object may be a real building block
or a virtual bench overlaid nearby. Each physical object
contains a picture that enables its fast recognition and
tracking with a camera. In addition, the object is associated to its own virtual representation or to other virtual
objects according to one-to-one/many mapping predeﬁned by developers. Using a video sequence from the
camera, several physical objects can be simultaneously
recognized. As a physical object is recognized, its visual
representation and associated objects are retrieved from
a content server. Then, the recognized physical object is
augmented with the retrieved virtual objects. Iterating
the retrieval and augmentation steps for all the recognized objects provides a working environment that AR
agents can explore. In addition, a user can add, move, and
remove physical objects in the camera’s viewing area:
the changes are automatically and simultaneously mirrored in the working environment thanks to recognition
and augmentation. Figure 1 illustrates a working environment based on a miniature version of a campus.

Related Works
When considering attention, visual attention is a good
place to start because it plays a key role in human sensing from birth to old age.12 To simulate human visual
perception, Noser et al.3 provided a synthetic vision system that rendered an unlit model of a scene from a virtual agent’s point of view by assigning a unique color to
each object. Kuffner et al.4 extended this work by storing sensory observations and allowing agents to learn
about their environment using these memories. To make
virtual agents behave as if they attend their surroundings, their “attention” can be controlled in top-down
or bottom-up fashions. Peters and O’Sullivan proposed
bottom-up approach for virtual human’s visual behaviors from external stimuli such as color, intensity, and
motion.6 As humans are generally task oriented, Hill developed a top-down model for visual attention exploiting task-level goals for a virtual pilot.5 However, these
approaches cannot be directly applied to AR agents because environments change more in augmented than in
virtual reality : the conﬁguration of an AR environment
depends on the presence and features of physical objects
in a camera’s viewing area instead of the typically static
conﬁguration of a VE. Thus, perceptual attention using
synthetic vision for an AR agent should be reasonably
fast and robust to dynamic conﬁgurations.
Regarding augmented reality, Wagner et al.9 enabled
AR agents to perceive a nearby physical object moved by
a user, and Barakonyi et al.11 enabled them to perceive a
single physical object through synthetic vision and touch.
These works only allow the perception of a predeﬁned
physical object, which is insufﬁcient because AR agents
coexist with multiple virtual and physical objects. Thus,
an ideal approach would enable AR agents to adaptively
and simultaneously perceive several objects. Moreover,
it would require effective mechanisms to focus on use-

Figure 1. Miniature version of a campus as an example of the
working environment for our agent. The miniature consists of
physical building blocks; each block is topped with a unique
picture enabling recognition with a camera. After recognition,
virtual blocks are visualized at the proper place. A user can add,
move, or remove a physical block during use: the environment
is continuously updated with respect to the changes.
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by adding, moving, and deleting objects in the viewing
area.

Physical Object Tracking
To conveniently recognize and track physical objects, we
employ a natural features-based approach: in our working environment, we attach unique pictures, that possess
natural features appropriate for recognition, to the physical objects. The recognition is based on a video sequence
captured by a camera and involves feature extraction,
feature description, feature matching, pose estimation,
and feature tracking. The physical object tracking component extracts feature points from a camera image using
the FAST corner detector.13 Based on the image patch indicating the area around each feature point, it estimates
the orientation of the feature point and rotates the image
patch accordingly. Exploiting the rotated patch, it generates descriptors for all the feature points acquired from
the image. Since we acquire the database consisting of descriptors of multi-scale feature points from preregistered
images, the generated descriptors can be matched with
the pre-computed ones. When a matching descriptor is
found, the physical object tracking component estimates
the camera pose from the correspondence between the
feature points in the input image and in the preregistered
image. Furthermore, it employs image to image feature
tracking to support robust and fast tracking.14
Afterwards, the scene is rendered from the camera’s
point of view : the associated virtual objects are retrieved
from the content server using unique object identiﬁers,
and are then displayed over the proper physical objects
by reﬂecting an estimated camera pose. As shown in Figure 3, the spatial relations between the physical objects
are calculated using the camera pose to each object, which
is represented as a 3D transformation using a 4 × 4 matrix that consists of top left 3 × 3 elements representing
rotation and scaling, and of a bottom row representing

Figure 2. The overall procedure for synthetic vision-based perceptual attention.

We aim to enable AR agents to autonomously perceive
and attend to surrounding objects with respect to their
goals. Since vision is human’s main information channel in their environment,12 we are primarily interested in
building perceptual attention for AR agents using synthetic vision. Figure 2 shows the overall procedure of
our approach. First, the physical object tracking component recognizes physical objects in the camera’s viewing area and generates the scene description containing
the information about the rendered virtual objects and
physical objects from the content server. The visual perception component extracts the object that the agent can
currently see. The attention allocation component assigns
a degree of attention to each object by measuring their
relevance to achieving the agents’ goals. The perceptual
memory management component continuously stores useful perception and remove obsolete memories. Eventually, the memories are used by a planning or motion control
component.

Synthetic Vision
With our synthetic vision, we aim to provide a reasonable estimate of what an AR agent should see in
its environment. Since they do not initially know their
surroundings, we enable them to recognize nearby virtual and physical objects. To achieve this, our approach
recognizes physical objects in a camera’s viewing area
through natural features-based object tracking. Since
we assume that developers predeﬁne relationships between physical and virtual objects, it can generate a
scene description establishing the conﬁguration of virtual and physical objects from the camera’s viewpoint,
which allows the determination of the objects currently
seen by an agent. Due to drastic real-time constraints,
perception through synthetic vision must be reasonably fast; it must also be robust to dynamic changes

Figure 3. Extraction of relations between physical objects: (a)
camera pose estimate of each physical object and (b) estimation
of relations between the objects.
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component ﬁrst renders the scene from the agent’s viewpoint as shown in Figure 4(b). Then, it renders the objects
with ﬂat shading in a false-color, assigned according to
their own properties as shown in Figure 4(c). No texture
or other effect is applied. A table uniquely associates object identiﬁers to colors, which allow scene elements to
be queried for their associated objects; this fast method
of scene segmentation allows object-speciﬁc processing.
The false-color rendering is scanned to list the visible objects based on pixel color information: the visual perception component generates a vector associating
each pixel to zero or one object identiﬁer. From object
identiﬁers, it acquires detailed information referred to
as a “perception”. Each perception is represented as a
tuple < ObjIDi , Ti , Pi , MTi , Vi , t > composed of components shown in Table 1. ObjIDi is the globally assigned
identiﬁer of the object i. An ObjIDi serves to retrieve
information encoding higher-level aspects of an object
from the content server. Ti indicates the type of the object (physical or virtual). Pi contains the properties of the
object, including its semantic information as well as characteristics pertinent to its state; for instance, the Pi of a
car might identify it as movable and rotatable. MTi is

translation. According to Equation (1), the relation between the ﬁrst tracked object and other ones is calculated.
Then, based on the estimated relations between physical
objects, the spatial relationships between all the superimposed virtual objects physical objects are also calculated.
Finally, the physical object tracking component generates
the scene description containing the recognized physical
objects and the rendered virtual objects as well as their
spatial relationships.
MTi  = MTi × MT0−1

(1)

where MT0 and MTi are camera poses, as represented
by the 3D transformations, of the ﬁrst and ith tracked
objects, respectively. MTi  is the 3D transformation of the
ith tracked object relative to the ﬁrst one.

Visual Perception
To efﬁciently and robustly determine the objects visible
for the agent, we adapt the approach of Noser et al.3 Based
on a description indicating the conﬁguration of physical and virtual objects in Figure 4(a), the visual perception

Figure 4. Synthetic vision for AR agents: (a) rendered scene of augmented physical objects with associated virtual objects in a
camera’s viewing area, (b) from the agent’s point of view, and (c) from the agent’s view point with false-coloring matching the
properties of the objects.
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ObjIDi
Ti
Pi
MTi
Vi
t

light is directed toward speciﬁc objects. Possner17 identiﬁes two forms of orienting: covert and overt. While overt
orienting involves moving the eyes to shift attention to
a new object, covert orienting moves the spotlight of the
attention without moving the eyes. We use the covert
model of attention in this paper.
To specify the attentional spotlight of an AR agent, we
allocate the attention to visual perceptions based on an
evaluation of relevance for the accomplishment of perceptual goals. For example, when the high-level goal is
to demonstrate how to control a toy car, the perceptual
goals are “ﬁnding a toy car” and “approaching the car.”
According to these goals, the target object is “a toy car.”
When it is perceived, it is assigned the highest degree
of relevance. A virtual car is assigned a high relevance
score because its properties match the target object. But,
objects irrelevant to the perceptual goals are assigned a
low relevance score. The ability to pursue several perceptual goals simultaneously is critical for AR agents;
otherwise, the performance of AR agents will be limited.
For example, object recognition and navigation cannot
be performed at the same time, requiring the agents to
stop whenever they need to detect objects.
A target object is represented as a vector consisting of
features, as expressed in Equation (2), in which N is the
number of target features. Each perceived object is represented in the same way. When an object lacks one of
target features, it is represented to void. The similarity of
feature k between a perceived and a target object is assigned with respect to Equation (3). Finally, the relevance
Ri of an object Pi is estimated with Equation (4); this relevance is the basis for the calculation of the degree of
attention.

The object identifier of object i
The type of object i
Properties of object i
3D transformation of object i
Velocities of object i
Observation time

Table 1. Representation of perception.
a 3D transformation representing the observed position
and orientation of the object from the agent’s perspective, and Vi represents the observed linear and angular
velocities. Finally, t is the time stamp of the perception.

Perceptual Attention
In our working environment, there is potentially too
much information to process due to the number and diversity of the physical and virtual objects, so we focus the
perception and select priorities for routing and processing; an approach mimicking human processes. Based on
human visual attention,15 we propose an effective mechanism to control the degree of attention assigned to perceived objects. As the conﬁguration of the working environment change due to a user’s actions (displacements,
additions, or removals of objects), the attention mechanism must be robust to changes and reasonably fast.
We manage perceptual memory management to save the
time on attention allocation by storing information about
what the agent perceives and attends.

Attention Allocation
Tg = {f1 , f2 , f3 , . . . , fN }



To limit the allocation of processing resources to a given
perception, human attention exhibits top-down control
(control of perception based on high-level goals), sustained attention (maintenance of perceptual goals over
time), selective attention (ﬁltering of perception), and divided attention (pursuit of multiple perceptual goals).16
These characteristics are all suitable for AR agents so our
model updates and maintains perceptual goals until task
completion. It selects attended perceptions with respect
to perceptual goals and ﬁlters out unattended perceptions. Moreover, it supports multiple perceptual goals
simultaneously.
We employ the spotlight metaphor to describe how
attention is limited to particular objects and how it can
be moved from object to object.17,18 Like a standard spotlight directed toward a speciﬁc location, attentional spot-

Sim(fk , pk ) =

Ri =

1 fk is equal to pk
0

otherwise

M
M
1 
1 
Sim(Tg , Pi ) =
M
M
g=1

g=1

Ng
k=1



(2)
(3)

wk × Sim(fk , pk )
Ng

(4)
Where M is the number of target goals, Tg is the gth target
object, Pi is the perceived object, Ng is the number of
features in the target object Tg , wk is a weight factor for
the kth feature in Tg , fk is the kth feature in Tg , and pk is
the kth feature in object Pi .
To reduce the time required to allocate attention,
we combine it with a perceptual memory component.
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Memorizing information about attended objects speeds
up the process: the degree of attention to assign can be
directly retrieved instead of being recalculated. Thus,
we add the objects with high relevance to the perceptual
memory; based on the retrieved and estimated degrees
of attention, our model maintains a set of perceptions
with high relevance in an attentional focus.

Perceptual Memory Management
Since our agents inhabit a dynamic environment, we include mechanisms to effectively manage their perceptual
memory based on their explorations. We exploit attention
to ﬁlter the perceptions to be stored in the memory, and
to determine the duration of retention. The perceptions
related to attended objects are added to the perceptual
memory, and memorized perceptions are updated to reﬂect the results of the exploration. AR agents rely on their
memory to distinguish know from unknown objects. For
example, let us consider the search for an object out of
view: if an object has been seen previously and memorized, the agent can begin with its remembered position.
In contrast, agents without a memory to start from would
have to embark on a potentially lengthy search.
Humans usually remember attended experiences for a
long time15 ; we retain experiences longer or shorter depending on our degree of attention. To realize this with
the agent, we adapt the layered memory approach.19 Figure 5 details the process to manage the perceptual memory. Perceptions of target objects are stored in the longterm memory. Perceptions with high degrees of attention
are remembered for a speciﬁc duration, not long-term.
Degrees of attention decay over time when associated
to objects not perceived any more. Psychologists measure an exponential decay curve in humans.20 So we adjust the degree of attention exponentially, as shown in
Equation (5). The attention level of memorized perceptions is continuously updated; when it falls below a predeﬁned threshold, the perception is removed from the
memory.

attention(obj, t) = attention(obj, tobj ) × e−k(t−tobj )

Figure 5. Management of perceptual memory by detecting
new attended perceptions or tracking the degrees of attention
for memorized perceptions over time.

Realization
Our test-bed is a miniature version of a campus, which
consists of physical building blocks topped with unique
pictures for recognition by an aerial camera. By augmenting the physical buildings with associated virtual
buildings, an AR campus environment is formed and
displayed on a nearby screen. We apply our attention
model to an animated character placed into that environment. We implement and test on a workstation with
a 2.66 GHz CPU and 3GB of RAM, using Cal3D library21
to animate our 3D character, OpenScenegraph22 to render
23
r
virtual objects, and FireﬂyMV
to acquire the images
for the tracking.
For the sake of clarity and simplicity, let us consider a
situation in which the character overlays a corner of the
campus and is searching for a speciﬁc building. Initially,
the character does not know anything about the environment so it starts exploring its surroundings with its
synthetic vision. The character ﬁnds the target building
after moving around, having continuously analyzed its
visual perceptions to achieve its perceptual goals.
To recognize the physical building blocks, we acquire a
video sequence from the camera: 30 frames of 640 × 480
pixels per second. We extract feature points from the pictures on the roofs, as shown in Figure 6(a), and then calculate the gradient orientation from image patch of 15 × 15

(5)

Where obj is the object identiﬁer, tobj is the timestamp
when the agent ﬁrstly perceives the object, k is a ratio to
produce the curve (k > 0).
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Figure 6. Physical building recognition and tracking: (a) feature point extraction of pictures topping the buildings and
(b) descriptor-based feature point matching for recognizing the building block

we render the scene on a relatively small area, our implementation simply uses 320 × 240 resolution for the character’s point of view, as shown in Figure 7(b). We render
using false-coloring, assigning colors with respect to the
properties of each object, as shown in Figure 7(c). Scanning the pixels in that false-color view, we extract the set
of objects appearing in the character’s visual ﬁeld. Our
model then calculates the degree of attention to each perceived object. In Figure 7(d), darker objects are assigned
to higher attention, i.e., highly relevant to achieving the
character’s goals. When new objects are attended to, the
perceptual memory incorporates the observed perceptions associated to the objects, as shown in Figure 7(e).
In Figure 7(e), the black circle indicates the character’s

pixels around each feature point, based on the histogram
of the orientations. Peaks in a histogram indicate the orientation to a feature point. Rotating the patch with respect to orientation generates a SIFT-like descriptor24 ;
the generated descriptors for all feature points are then
compared to our database descriptors, as shown in Figure 6(b). Matching is implemented with a k-d tree using
nearest-neighbor strategy. As a result, we recognize the
physical building blocks in the view in real-time.
We accordingly retrieve the virtual representation and
virtual buildings associated to the physical buildings.
The retrieved objects are displayed over the appropriate physical buildings, and the description of the augmented scene is generated, as shown in Figure 7(a). As

Figure 7. Synthetic vision-based perceptual attention: (Upper) (a) augmented scene from a camera’s view, (b) a character’s
viewpoint, (c) false-coloring, (d) attention assignment, and (e) memory update; (Lower) (f–j) identical steps after adding an object
irrelevant to achieve the agent’s goals.
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Figure 8. Time for perceptual processing for each decision cycle with three approaches: (1) without attention nor memory (light
gray), (2) with attention but no memory (gray), and (3) with the proposed approach (dark).

the perception. During the exploration to the destination, we additionally added physical objects at 500th,
900th, and 1300th decision cycles in the camera’s viewing
area.
As shown in Figure 8, the proposed perceptual attention combining attention allocation with perceptual
memory reduced the overall perceptual load as well as
peak compared to the two other approaches. Even simply
adding attention to the perception effectively reduced the
average perceptual processing time because perception
irrelevant to achieving the character’s goals were not processed. Our proposed approach had the lowest perceptual load because previously observed stimuli were not
re-processed until removed from the memory. When the
environment was changed due to the addition of physical objects, perceptual loads suddenly increased and decayed over time. Nevertheless, since our perceptual attention with the memory was only focused on attention
estimation of newly perceived objects, not previously observed, we could save the computation for the perceptual
loads at any decision cycle.

location in the campus. When adding or removing physical buildings, as in Figure 7(f), the character’s visual
ﬁeld is updated like Figure 7(g). Lower row in Figure 7
illustrates the real-time visual perception, attention estimation, and memory update when an object appears
in the character’s visual ﬁeld. When a newly perceived
object is irrelevant to achieve the goals, it is assigned a
low degree of attention, and is not added to the memory;
in this case, the memory does not change as shown in
Figure 7(j).

Experimental Results
To evaluate the effects of our approach, we compared
the perceptual loads of AR agents with two other approaches: (1) without attention nor memory and (2) with
attention but without memory. Without attention nor
memory, the agent responded to all visual stimuli; with
attention but no memory, it responded to the attended
stimuli but duplicates calculations related to previously
observed stimuli. With our approach, the agent focused
on the attended stimuli, which additionally reduced the
processing loads due to previously experienced stimuli. To gather data, the agent carried out the following tasks: ﬁnding a speciﬁc building in the campus, For
each approach, we measured the time spent for perceptual processing during each decision cycle from the synthetic vision-based perception to response generation for

Discussion
Our implementation and experiments revealed important points about our model for perceptual attention using synthetic vision for autonomous agents in AR environments. First, our natural features-based tracking fails
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