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Abstract

This paper describes the visual system of Canis ha-
bilis, a prototype tool-using robot under development.
Canis identifies affordances in its environment in terms
of symmetries between itself and objects and between
objects. The implementation is incomplete, but shows
promising preliminary results. The paper briefly sets the
context of our research in tool use, based on the study of
animal behavior, describes a symmetry-based approach
to identifying a limited set of visual affordances, and
presents an example of the application of the system to
a simple task.

Introduction

The concept of affordance has considerable appeal for re-
searchers in robotics and artificial intelligence. Gibson’s fa-
miliar definition is as follows (Gibson 1979):

The affordances of the environment are what it offers
the animal, what it provides or furnishes, either for
good or ill. The verb to afford is found in the dictio-
nary, but the noun affordance is not. I have made it up.
I mean by it something that refers both to the environ-
ment and the animal in a way that no existing term does.
It implies the complementarity of the animal and the
environment.

One reason for the popularity of the concept is its gener-
ality: it is non-committal about the specifics of an agent’s
architecture (physical or cognitive) and its environment,
putting the focus on complementary relationships between
the two. This generality has led, perhaps not surprisingly, to
considerable disagreement about exactly what affordances
are, with controversies to be found in the literature of cogni-
tive science (Vera & Simon 1993), human-computer interac-
tion (St. Amant 1999), and even the home discipline of the
concept, ecological psychology (Jones 2003).

A number of projects in AI, robotics, and machine vision
have been influenced by the concept of affordances; Şahin et
al. (2007) provide the most comprehensive technical survey
we are aware of. Most work on affordances in these areas has
concentrated on how to identify relationships between prop-
erties of the environment and functions that a given agent
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is capable of. An agent that can easily distinguish between
what it is possible to do and what it is not possible to do
can, in principle, make better decisions about more general
courses of action.

One idea in ecological psychology that has received less
attention in AI and robotics is direct perception, the possi-
bility that “meaning is in the environment” (Chemero 2003).
While we do not accept direct perception, we find a related
issue interesting: If we are building a tool-using robot that
should be able to recognize visual affordances, what mech-
anisms should we engineer into its visual system?

In this paper, we outline an approach to detecting visual
affordances based on the concept of symmetry (Thimbleby
2001). Our test platform is a prototype tool-using agent
we call Canis habilis (Wood, Horton, & St. Amant 2005;
St. Amant & Wood 2005). In the remainder of this paper, we
briefly survey examples of relevant research in the robot and
machine vision literature, describe our approach, and give a
summary of the status of the system.

Affordances and tool use

Our work examines affordances in the context of a general
class of activities, those related to tool use. We define tool
use as follows (St. Amant & Horton 2008, p. 1203):

Tool use is the exertion of control over a freely ma-
nipulable external object (the tool) with the goal of (1)
altering the physical properties of another object, sub-
stance, surface or medium (the target, which may be the
tool user or another organism) via a dynamic mechani-
cal interaction, or (2) mediating the flow of information
between the tool user and the environment or other or-
ganisms in the environment.

This definition is based on a survey of animal tool-using
behavior; it attempts to integrate and improve on a his-
torical set of definitions of tool use in the field of an-
imal behavior (van Lawick-Goodall 1970; Alcock 1972;
Beck 1980).1

Tool use provides a fertile domain for studying affor-
dances. A tool-using agent may need to recognize affor-
dances that relate to how the agent interacts with a tool

1Our exchanges with philosophers of mind and animal behavior
researchers suggest that some of our interpretations may be contro-
versial.



(proximal affordances) as well as affordances that relate to
how the tool interacts with other elements of the environ-
ment (distal affordances).

There is a natural affinity between the concepts of affor-
dance and tool use. Because of the enormous differences in
the cognitive and physical architectures of agents capable
of tool use (e.g., from wasps to humans (Oswalt 1973)), it
makes sense to consider how the environment might pro-
vide opportunities for an agent to use tools, even if the agent
has extremely limited or non-existent cognitive processing
capabilities.

It is easiest to see examples of the application of affor-
dance concepts to animal tool use in laboratory experiments.
For example, Visalberghi and Limongelli (1996) describe
experiments in which capuchin monkeys try to obtain a re-
ward within a transparent tube; reeds are provided as tools
that can be inserted into the tube, which is too narrow to al-
low entry of a hand. Povinelli (2000) has carried out more
detailed experiments that require chimpanzees to push a rod
through a narrow opening to retrieve a reward. The rod can
be grasped on either end; one end is too large to fit through
the opening, but is also hard to grasp because of its shape.
Chimpanzees have difficulty solving this problem, choosing
to grasp the end of the rod that is easy to grasp, which is not
part of the solution.

We also find examples of affordances in tool use in natural
environments, though the application of the concept is less
obvious. Fishing for termites, probing logs with sticks, and
using leaves to wipe fur by chimpanzees and orangutans are
examples (Whiten et al. 1999; van Schaik et al. 2003); the
use of gloves for foraging by dolphins is another (Krützen et
al. 2005). Affordances do not capture all aspects of effective
tool use, but they seem to play a role in many cases. Our
particular interest is in affordances that can be recognized
visually.

Related work

A number of projects in robotics and machine vision bear on
affordances, specifically in the context of tool use.

Of relevance is the work of Bogoni and Bajcsy, who ex-
amined ways of representing tools in terms of function (Bo-
goni & Bajcsy 1993; 1994). Suggesting that object represen-
tations should go beyond the description of intrinsic proper-
ties such as shape and material, their goal was to include em-
pirically determined descriptions of an object’s functional
features. To this end, they developed a system for auto-
matically discovering the functional properties of objects
through task-oriented interactions using active perception.

GRUFF (Generic Recognition Using Form and Function)
was a system developed for the visual recognition of novel
objects (Stark & Bowyer 1996). Rather than using explicit
geometrical models of specific objects, GRUFF tried to as-
sign objects to generalized categories based on their func-
tional characteristics (it is assumed that these functional
characteristics can be extracted from an object’s geome-
try). This functional analysis involves determining whether
a given object satisfies the constraints of the object category
(for example, a container must be graspable to be a cup).

The functional characteristics GRUFF looks for are similar
in concept to Gibson’s affordances.

Kemp and Edsinger (2005) observe that for many tools
and tasks, a basic, yet essential, component of tool-use is the
identification and control of the tool’s endpoint. To take ad-
vantage of this observation, they designed a robotic system
for automatically detecting a tool’s endpoint and estimating
its position in space relative to the robot’s hand, using op-
tical flow techniques. With this information, the robot has
control over the position of the endpoint, which might en-
able the use of very simple tools (a hook, for example) as
well as support further automated exploration and testing of
more complex tools.

Stoytchev’s work on the autonomous learning of tool af-
fordances by a robot is of particular interest (Stoytchev
2005). The robot, consisting of a five d.o.f. manipulator arm
and gripper mounted on a mobile base was able to use tools
for basic extension-of-reach tasks. The tasks were compa-
rable to those performed by chimpanzees in experiments by
Povinelli (2000). Through exploration and interaction with
a tool and a target, the robot was able to autonomously learn
the tool’s affordances.

An earlier version of Canis habilis was developed by
Wood et al. (Wood, Horton, & St. Amant 2005; St. Amant &
Wood 2005). Based on the Sony Aibo, the original version
of Canis was a proof of concept built to solve a version of
the classic monkey and bananas problem. The main contri-
bution of the project was architectural, demonstrating tool
use in a mobile robot; visual processing and low level mo-
tor control relied on functionality provided by the Tekkotsu
framework (Touretzky & Tira-Thompson 2005).

Affordances as symmetries

A promising approach to capturing the nature of visual affor-
dances is suggested by Harold Thimbleby, who has proposed
that symmetries give rise to affordances (Thimbleby 2001).
Thimbleby, working in the field of human-computer inter-
action, observes that in many cases, affordances result from
the visual symmetries displayed by objects in an agent’s en-
vironment. For example, door knobs, radio dials, and screw-
drivers all feature a rotational symmetry that affords turning.

Weyl (1983) presents a detailed exploration of the concept
of symmetry, and provides an informal definition as follows:

A thing is symmetrical if there is something we can do
to it so that after we have done it, it looks the same as
it did before.

Using Weyl’s work as a basis, Thimbleby (2002) developed
a more formal definition of symmetry:

In general, if p(v) = p(T (v)) then a property p is sym-
metric under the transformation T . Further, T must be
invertible, so p(v) = p(T−1(v)) as well – e.g., if T is a
rotation, the property is unchanged through a rotation,
and a rotation back.

This definition is further extended by Cairns and Thim-
bleby (2008) to emphasize the role of perception. This new
formulation introduces a perception function ψ which may



be used to reduce a system, S, to a set of psychological at-
tributes. Thus, S is symmetric under T , if, after the transfor-
mation, it seems to an observer to remain unchanged, i.e.,
ψ(S) = ψ(T (S)).

In describing affordances, Thimbleby (2001) notes, “We
say that an object may afford some or several sorts of ac-
tion, and when it does so this is in some sense a set of natu-
ral or ‘easy’ relations.” Intuitively, symmetry seems a good
candidate for a basis of affordances, as visual symmetries
are often immediately obvious (Cairns & Thimbleby 2008):
“many visual symmetries leap out at us without prompting.”
Thimbleby (2001) suggests, “Affordance can then be defined
as those symmetries that apply under the actions relevant to
the activities or tasks that are performed with the object.”

We should note that Thimbleby often uses visual symme-
tries as inspiration for applying the concept of symmetry to
more abstract realms such as state spaces (Thimbleby 2001).
Conversely, we have taken Thimbleby’s approach as inspira-
tion for the highly visual tasks involved in object interaction
in general, and tool use in particular.

Thimbleby’s approach to visual symmetries also dif-
fers slightly from ours. A typical example from Thim-
bleby (2001) is a plain wooden pencil. In Thimbleby’s anal-
ysis, the pencil has two main symmetries: a hexagonal or cir-
cular symmetry around its length, and an approximate reflec-
tive symmetry about its center (i.e., both ends are roughly
similar). The significance of the rotational symmetry is that
the angle at which the pencil is grabbed does not affect its
use. The significance of the reflective symmetry is that it
may be easy to make errors by grabbing the wrong end, with
the eraser end down and the writing point up. Thimbleby
concludes that symmetries provide freedom in how an ob-
ject is used, while approximate symmetries lead to errors
when the symmetry expected by the user does not hold.

In this example, Thimbleby focuses on symmetry inher-
ent in a single object; the pencil is self-symmetric under a
rotational transform. For our purposes, we are more inter-
ested in symmetries between two or more objects. In effect,
if one object were “transformed” into another, what proper-
ties would be unchanged (i.e., symmetrical)? The rotational
symmetry of the pencil may indicate to a user that rotation is
irrelevant to its use, but what properties of the pencil might
indicate to a user that a pencil can be grasped in the first
place? In this case, the user might perceive symmetries be-
tween the curvature and diameter of the pencil and the shape
of the user’s hand when forming a precision grip, indicating
that the pencil can be grasped, as well as suggesting pos-
sible effective orientations. Such matching symmetries are
a natural analog, in part, for what Gibson refers to as the
complementarity of the animal and the environment. Simi-
larly, if the user wanted to use the pencil not as a writing
implement, but as a tool to poke a target through a narrow
tube, symmetries in curvature, diameter, and length between
the pencil and the tube would all be relevant to the task. It
is these kinds of visual symmetries between objects that are
the focus of our work.

Thimbleby makes two important points about the limita-
tions of a symmetry-based approach. First, symmetry can-
not be used as a basis to formalize everything that affor-

dance has been used to describe (Thimbleby 2002). In other
words, a symmetry-based definition of affordance may in-
clude examples some people do not consider to be affor-
dances, while excluding other cases that some think should
be included. Of more immediate relevance to our work,
is Thimbleby’s second observation that while “symmetries
generate affordances”, not all affordances are the result of
symmetries (Thimbleby 2001). There may well be affor-
dances that are important to a tool using agent, but that are
the result of properties other than symmetry. We hope that by
exploring the concept of affordance from the perspective of
symmetry, our findings may also shed light on affordances
in general, not only on those resulting from symmetries.

Current work
We have implemented a prototype system capable of per-
forming a basic comparison of objects for evaluating sym-
metry. The system takes as input two image masks gener-
ated from Canis’s video stream using color segmentation.
The 2D array of pixels for each mask is then translated into
a occupancy array-based representation, similar to the one
used by Glasgow and Papadias (1992). The occupancy ar-
rays support representations of objects at multiple resolu-
tions, which allows for fast, but coarse comparisons, as well
as more precise, but slower analyses. While the prototype
supports the use of 3d representations, we are currently only
using it to compare the cross-sectional areas of objects in
two dimensions.

Each object in a comparison is associated with a viewing
region that can be scaled to encompass all of the object or to
isolate a particular region for analysis (roughly analogous to
an attention window). This supports the search for symme-
tries between sub-parts of objects, for example between the
tip of a tool and a slot on the target. Various transforms may
also be applied to the region selected by this volume, includ-
ing translation, rotation, and scaling. This allows the system
to be used to search for the orientation of the objects that
yields the best match (for example, rotating the representa-
tion of a wrench around the representation of a bolt until the
two are in alignment). At present, the search for an optimum
match must still be controlled by a human. Automating this
process is the current focus of our work, and we are testing
the use of existing methods of shape matching (e.g., shape
context (Belongie, Malik, & Puzicha 2002)) to identify po-
tential matches.

When evaluating two representations, the system com-
pares the sets of occupied regions in each of the transformed
views. We are interested in the intersection of these two
sets and the differences between them and with the bound-
ing region. By comparing the relative areas of intersecting
and non-intersecting regions, we can order different orienta-
tions by how good a match they provide. Similarly, we can
also order the comparisons of one object to several poten-
tial matching objects to find the pairings with the highest
degrees of symmetry.

Consider the objects in Figure 1. When comparing the
ball (a) to the hole (b), if the hole completely contains the
ball (all occupied regions in the representation of the ball
are also within the representation of the hole), then we can



(a) Ball (b) Mouse hole (c) Sample tool

(d) Aibo (e) Box

Figure 1: Object masks

assume that the ball can pass through the hole. If the size of
the ball were increased, we would notice that the ratio of the
area in the intersection to the area in the difference between
the two sets increases - the ball fits closely into the hole.
In some cases, such as the symmetry between a screwdriver
and a screw, a close fit is important, and could be an im-
portant indication to a tool using agent that the two objects
are associated. If the size of the ball were increased further,
eventually the set of occupied regions inside the ball but not
inside the hole becomes non-empty, indicating that the ball
can no longer pass through the hole.

A void, such as an opening in a surface, may be repre-
sented as a filled area (as in the case of the mouse hole) or as
an empty, bounded region (as in the case of the curved push
tool (c)). Depending on the scenario, one approach may be
more appropriate than the other, and it may be advantageous
to support both approaches in Canis. Thus, the case in which
the ball is compared to the push tool is similar to the case of
the ball and hole, but here we are looking for an empty set
of intersecting occupied regions, indicating that the tool’s
prongs can completely contain the ball. The push tool is a
prototype tool that Canis can hold in its mouth and use to
push a ball along in front of it as it walks. A close fit (which
influences how well Canis can control the ball’s motion with
the tool) is indicated by the ball occupying the entire space
within the span between the two prongs of the tool, with no
overlap across the prongs.

A comparison of the cross-section of an Aibo (d) and the
bounds of a box (e) gives an example of a way in which
symmetry between an agent’s body schema and elements in
the environment could be used in navigation. The symmetry
analysis shows that Canis can be contained within the box
if oriented along the box’s length, but not across its width.
Also, while Canis could fit in the box, once inside, its motion
would be tightly constrained. Further, if our analysis were
extended to three dimensions, we might also be interested in

a comparison between the ball and the box. For example, if
Canis were searching for the ball and encountered the box,
it might compare the perceived dimensions of the box to a
stored representation of the ball to determine whether the
ball might possibly be hidden within the box.

To illustrate how this visual analysis fits into the larger
context of tool use, consider the task of pushing a ball along
a path over a slightly uneven surface, a task we have used for
informal testing purposes. Robocup matches demonstrate
that Aibos have some ability to dribble a ball; Canis has
no such programming. In this example task, Canis simply
moves forward, bumps the ball, and repeats. The plots on
the right side of Figure 2 show points on the path of the ball
for three representative trials of this task (i.e., points repre-
sent the centroid of the image of the ball over a sequence
of time steps, on a Cartesian coordinate system overlaid on
and oriented to the visual field.) The plots on the left show
points on the path of the ball when Canis approaches it with
the push tool in its mouth. A few differences are clear, and
can easily be distinguished by conventional statistical tests.
The ball is visible to Canis for a much greater proportion
of time in trials with the tool; this can be seen in the greater
number of data points in those trials. That is, the ball escapes
Canis’s control more quickly in the trials without the tool.
The ball remains closer to the center line of Canis’s field of
view when pushed with the tool, and the standard deviation
of its lateral position is much smaller than in trials without
the tool.

Of course, this task is artificial in the extreme. For ex-
ample, a square or triangular push tool cross-section would
require a more relaxed evaluation of symmetry; the visual
analysis here is simplified because the tool is held in a rela-
tively constant position with respect to Canis’s camera; we
have focused on specific, artificially constrained episodes,
neglecting the larger structure of tool-using behavior (e.g.,
tool acquisition); and we have not discussed control or mo-



Figure 2: A ball-pushing task, with (left) and without (right) the curved push tool



tor issues (these are a separate part of our work). Other re-
searchers have produced results that give insight into com-
parable tasks: Stoytchev’s robot arm actually learns affor-
dances, and it’s possible to see Kemp and Edsinger’s work
with endpoint identification (2005) being applied to this ex-
ample and giving interesting results. Nevertheless we be-
lieve that the example task provides at least a useful illus-
tration of how visual analysis can produce results that allow
an agent to identify patterns that might be used to guide in-
terpretation or behavior appropriate for its environment.

Discussion

We hope to gain more from this approach to visual process-
ing than simply the introduction of a layer of abstraction on
top of standard image processing techniques.

For example, a related issue is problem solving based on
computational imagery. It is easy to imagine an agent that
can recognize symmetries not only in its immediate envi-
ronment, but also across stored representations of environ-
ments encountered in the past or internally generated repre-
sentations of environments that might be encountered in the
future. For example, an agent’s choice of action might be
guided by recognizing a symmetry that cannot yet be seen in
the environment, but that exists between the representation
of a goal state and a tool in the physical environment that
could be used to achieve the goal. Thus, an agent whose goal
is a state in which a hole has been dug in the ground might
recognize the symmetry between the blades of a nearby post-
hole digger and the sides of the hole in the representation of
its goal state. Such an ability ties in with concepts of mental
imagery such as those described by Kosslyn (1994). Thus a
tool-using agent may need to recognize affordances in stored
representations of previous experiences to properly apply a
tool in a new context, or in self-generated representations of
potential states that have never been encountered before.

Another issue moves in the opposite direction with re-
spect to cognitive processing. Specific symmetry compar-
isons might plausibly be hardcoded rather than computed
more generally and more flexibly on the fly. We are not fa-
miliar enough with the literature on non-human vision to tell
whether such comparisons, compiled into reflex behaviors,
could play a role in models of other visual systems, but this
is a possibility that remains for future research.

To summarize, our preliminary exploration of symmetry
recognition suggests that the approach holds some promise.
Although symmetries are currently matched only in 2D, we
still see applications to interaction with a 3D environment.
For example, 2D representations such as those in Figure 1
can serve to constrain searches in visual processing, which
is an important concern in achieving effective interaction be-
tween embodied agents and their environment. A good deal
of work remains, including a full implementation and evalu-
ation of its performance; this work is in progress.
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