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Abstract. When planning to carry out an activity, a mobile robot has to
choose its placement during the activity. Within an environment shared
by humans and robots, a social robot should take restrictions deriving
from spatial needs of other agents into account. We propose a solution to
the problem of obtaining a target placement to perform an activity taking
the action possibilities of oneself and others into account. The approach
is based on affordance spaces agents can use to perform activities and on
socio-spatial reasons that count for or against using such a space.

1

Introduction

As robots increasingly share space with humans, robot behavior needs to take
social aspects of space into account. One such social aspect is the awareness of the
action possibilities of other agents. In most cases, a socially aware robot should
avoid to place itself (or objects it carries around) such that action possibilities of
other agents get blocked. Imagine the battery of your robot companion is getting
low and thus it seeks a place to recharge. As the recharging process takes some
time, the robot chooses a placement that does not interfere with your own action
possibilities, e.g., it will not place itself right in a doorway.
In [8] we discuss five types of social spaces and introduce the concept of (social) affordance space motivated by the observation that humans expect others
to not block their possibilities for action. We take reasoning about social spaces
to be part of robot social intelligence [17], as a robot acting according to social
spaces displays the ability to take others’ perspectives, and it displays regardfulness by incorporating the needs of others into its own decision making. Empirical
research on human reasoning about activity placement under the consideration
?
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of the spatial needs of others’ action possibilities is rare. Thus, the approach proposed in this article is not based on an existing theory of human social activity
placement. Rather, the proposal serves as a technical framework future research
results could be integrated to.
More formally, we specify the social activity-placement problem as follows:
Given an activity type φ and a potential agent α, a placement π should be determined, such that α can successfully φ at π, and π is among the most socially
adequate placements for α to φ. The activity-placement problem is a generalization of the robot placement problem (e.g., [14, 19]). The potential agent can
be the robot itself, but it can also be some other agent. To determine a most
socially adequate placement for an activity, a social robot needs to reason about
where its own and others’ activities can be placed (functional level) and how
activities of different agents can spatially interfere (social level).
This article focusses on modelling social affordance spaces. Sect. 2 provides a
short review of related work. Sect. 3 introduces a theory of affordances and affordance spaces. This theory serves as a basis for the overall decision process that
leads to the most socially adequate placement. To this end, a sampling procedure
to obtain an affordance-space map is proposed, which represents the functional
level of the placement problem. In Sect. 4, we propose a scheme to evaluate candidate placements with respect to social adequacy. Sect. 5 reports an experiment
conducted with a PR2 robot on which the approach was implemented.

2

Related Work

The robot-placement problem has gained much less attention in robotics than
other navigation-related problems like path planning or path following. However,
selecting a good target pose for a mobile robot is a central problem.
Addressing the functional level of determining a placement, Okada and colleagues [9] introduce the concept of a spot. Spots are virtual poses robots can
take up to successfully perform an activity, e.g., a pose that can be taken up to
wash the dishes. Action-related places by Stulp and colleagues [14] generalize the
notion of a spot. The approach employs a simulation-based learning mechanism
that obtains a possibility distribution which relates locations to success probabilities for a specific robot performing a specific type of activity. The probability
distribution is centered around the object of the considered action, e.g., the cup
to be grasped. Zacharias and colleagues [19] take a complementary approach.
They represent the reachability workspace of a robot. A good robot placement
can then be found by aligning the reachability space with the objects that shall
be manipulated. Keshavdas and colleagues [6] obtain a functional map by simulating the performance of an action at different locations to identify a region
that can be used by a robot to perform an activity. The mentioned approaches
do not model possible placements for agents with different abilities or for actions
outside the robot’s inventory.
In the area of social robotics, the social activity-placement problem has been
addressed mainly for co-operative activities involving robots and humans. Alt-

haus and colleagues [1] employ a potential field method to control the position
of a robot within a formation maintained by people having a conversation. Torta
and colleagues [16] propose a framework for dynamically updating a target pose
for a robot approaching a human taking obstacle information as well as information about human proxemic preferences into account. Yamaoka and colleagues
[18] manually tailor a cost function that captures various proxemic constraints
accounted for by a museum tour-guide robot that is to present an exhibit to
visitors. Shiotani, Maegawa, and Lee [12] take a similar approach for the case of
a robot that projects information onto a wall to be recognized by other people.
Sisbot and colleagues [13] propose a planner for generating robot placements for
interactions with a human while taking human’s and robot’s visual views into
account, as well as task constraints. Pandey and Alami [10] introduce taskability graphs, which represent at which locations interactions between humans and
robots are comfortably possible.
An example of work on shared space of humans and robots is given by Tipaldi
and Arras [15]. They obtain an affordance map (mapping locations at which
activities take place) from learned data encoding human activity probabilities.
The map is used to plan a path of a service robot that maximizes the probability
to meet humans, thus enabling interaction.
We observe that most work on activity placement is tailored to the functional level or to specific interaction scenarios between humans and robots. In
both cases, the robot needs to find a good solution but does not need to justify its
choice. Therefore, the constraints on the candidate placements can be modeled
using numeric functions and the decision be based on optimization. However, a
robot that is aware of socio-spatial constraints should also be aware of its violating such a constraint. In the best of cases, it should apologize for the violation or
even justify its choice. E.g., choosing a power outlet for recharging and thereby
partially blocking a whiteboard might be explained by telling that (recharging is
really urgent and) the other available choices would lead to blocking a doorway.
In line with [6] and [15], we propose a map-like representation of abilitydependent affordance spaces, i.e., spaces that can be used by agents with fitting
abilities. Extending existing work, we take into account that activities have spatial needs beyond agent (base) location. As an example, consider the activity
of grabing a cup: besides the location of the robot base also the space between
the base and the cup should be clear. Having a robot in mind that is able to
explain its choices and to apologize in case of violations, we employ a notion of
socio-spatial reason. To decide on the best placement among the available ones,
we adapt a qualitative bipolar decision rule that weighs up pros and cons [3].

3

An Affordance-Space Map

The concept of affordance was described in the field of psychology of perception by James J. Gibson [4]. According to Gibson, affordances are dispositional
properties of the environment that provide possibilities for action. Dispositional
properties are those properties of an entity that can be realized by actual ac-

tivities. For instance, graspability (affordance) is inherent to a bottle and can
be realized by grasping (activity). Gibson’s proposal locates affordances in the
external world, i.e., in the objects being perceived and acted upon. This view
allows for perspective taking as an agent can perceive the affordances it can
act upon, as well as the affordances others can act upon (cf., [4], p. 141, for an
argument put forward to the social meaning of affordances).
We claim that a general approach to socially aware spatial behavior of robots
requires to model the influence of affordances on the functional and social structure of space. To this end we propose a view on affordances that allows for
recognizing affordances the environment provides for agents with diverging abilities. For example, humans may be interested in viewing pictures or other kinds
of displays. Even though such activities might not be relevant for some robot,
acting socially aware in spatial planning involves taking care of such human
activities and their spatial requirements.
3.1

Modeling Affordances and Affordance Spaces

We explicate the underlying concepts and relations in more detail, as our approach relies on symbolic representations of the concepts needed to solve the
social activity-placement problem. Fig. 1 summarizes the interrelations between
the concepts we employ in the description of affordances and affordance spaces.

Fig. 1. Concepts and relations in the theory of affordances and affordance spaces.

Activities are instances of activity types, performed by agents, and can have
further participants. E.g., a robot that grasps a bottle is agent of and the bottle
is participant in the grasping activity. An agent of an activity requires certain
abilities fitting to the dispositions of the other participant for success. Thus, if
a robot grasps a bottle, the grasping uses the robot’s manipulation abilities and
needs to fit the bottles dispositions related to its shape and position. Affordants
are potential participants of such activities, and affordances are the dispositional
properties inherent to the affordants, e.g., a graspability (affordance) is inherent
to the bottle (affordant). Activities can realize affordances but affordances exist

independently of an activity taking place. Therefore, we model affordances as
primarily related to activity types enabled by affordances. If the agent’s abilities
fit to the affordant’s affordances for carrying out the enabled activity type, then
we say that the abilities complement the affordance relative to the activity type.
Hence, if the robot’s abilities complement the bottle’s affordance with respect
to grasping, then we can say that the bottle affords grasping to the robot.
Activities that take place imprint a structure on space. Kendon [5] describes
two fundamental regions that come with most interactional activities, viz. an
agent region, in which the agents of the activity are located, and the transactional region, which is used beyond the agent region, e.g., the region needed
for exchanging objects, for viewing an object from the distance, etc. Activities
involving other participants than agents also require a region for locating these
participants. To successfully and smoothly perform an activity, an agent needs
other agents to not interfere with any of these regions. Activity spaces (as described in [8]) are structures produced by activities and providing such regions.
Affordance spaces are produced by affordances and represent generic spatial
constraints for the afforded activity type. The structure of affordance spaces
corresponds to the structure of activity spaces. When an activity realizes an
affordance, one affordance space turns into the activity space. Thus, an affordance space provides an affordant region (taken up by the affordant), a potential
agent region, and a potential transactional region. The attribute “potential" indicates that these regions might become agent region and transactional region
respectively in case the affordance space turns into an activity space.
The shape and size of affordance-space regions depend on the afforded activity type, the spatial structure of the affordant, and the (spatial) abilities of
the participants. For instance, a robot with a short manipulator needs to move
closer to the bottle to grasp it than a robot with a long manipulator. Thus,
the potential agent region produced by the grasping affordance varies with the
abilities of the agent. To be able to map between different abilities of agents and
fitting geometries of affordance-space regions, we assume that one affordance can
produce different affordance spaces that support different abilities.
Knowledge of affordances thus includes knowledge about the related activity
types, affordants, agents, and their abilities, mapping affordances and abilities
to affordance spaces. Such knowledge can be acquired in different ways (preprogrammed, learned by simulation, learned by observation, communicated by
agents, or even communicated by affordants). In the following we propose a sampling method similar to [14] for mapping affordance spaces based on simulation.
3.2

A Sampling Method for Obtaining an Affordance-Space Map

To construct an affordance-space map, we implemented a procedure that samples
affordance spaces for each complementary pair of affordance aff and ability ab.
To this end, it simulates the action of an agent with ability ab acting upon
aff at different poses. These poses are systematically sampled with different
distances from and orientations towards the affordant inhering aff (Fig. 1). If the
simulation is successful, an affordance space is mapped, such that the agent’s

pose is stored, the region occupied by the agent during simulation is stored as
potential agent region, and the region used by the activity beyond agent location
is stored as potential transactional region.
The affordance-space map contains geometric representations of affordance
spaces, as well as specifications using the concepts and relations introduced in
3.1, i.e., relating to the affordances and the abilities supported by affordance
spaces. Fig. 2(b) shows an example affordance-space map obtained from sampling
the robot lab taking the bottle affording grasping to humans and robots at the
table into account, as well as two doorways affording walking through to humans
and robots, the whiteboard on the rightmost wall affording viewing to humans
and robot, and two power outlets right to the left door and under the whiteboard
affording recharging to the robot.
An affordance-space map supports reasoning about the functional aspect of
the social activity-placement problem: Given an activity type φ and a potential
agent α, those affordance spaces can be obtained that could be used by α to
attempt an activity of type φ. A candidate goal affordance space for the potential
agent α to φ is an affordance space that supports the ability of α, and is produced
by a complementary affordance that enables φ.

(a)

(b)

Fig. 2. (a) Map of the robot lab. (b) Affordance-space map of the robot lab: Potential
agent regions (grey areas) and potential transactional regions (black-edged areas).

Affordance spaces are bound to the affordants in which the producing affordances are inherent. In dynamic environments, the affordance spaces move
with the affordants. To determine affordance-space maps for dynamic environments one has to solve the problem of composing affordance-space maps based
on (local) affordance spaces, which is beyond the scope of this article.

4

Social Activity-Placement Based on Reasons

Affordance theory does not solve the problem of choosing among the possible
placements. Thus, to rank candidate affordance spaces, the concept of a socio-

spatial reason is introduced and put into action using a decision rule. Our reasonbased view is inspired by contemporary work in practical philosophy (e.g., [11]).
We refine our earlier work on affordance spaces [8] by differentiating between
affordance space with and without social relevance. An affordance space is a
social affordance space, if it is subject to social considerations deriving from
expecting its usage by another agent. Hence, the social considerations we focus
on are facts about expected activities.
Facts can induce reasons for or against using a candidate goal affordance
space. E.g., assume that it is to be expected that an agent uses affordance space
sp for walking through a doorway. This fact induces a reason against blocking
any affordance-space region that overlaps some region of sp. We call such reasons socio-spatial reasons. Socio-spatial reasons are modeled as having normative
force which takes values in a two-dimensional space spanned by polarity (pro or
con) and strength (strong, medium, or weak). To identify relevant facts and
determine socio-spatial reasons for (not) using affordance spaces, a knowledge
base that tells about which types of agents are expected to inhabit the given
environment and their expected behavior at given times is needed (cf., [15]).
Agents can use socio-spatial reasons to evaluate alternatives (and thus to
make decisions) and to justify or apologize for their behavior. To evaluate candidate goal affordance spaces, a decision rule is applied that combines and compares reasons. Among the decision rules available, we choose the Levelwise Tallying rule [3]. Bonnefon and collegues [2] show Levelwise Tallying to predict many
human choices in a psychological experiment.
Our adaption of Levelwise Tallying determines for each pair of candidate
goal affordance spaces sp1 and sp2 whether the usage of sp1 is to be preferred
over the usage of sp2 . For both candidates, the number of con reasons of highest
strength are subtracted from the number of the pro reasons of highest strength.
The candidate with highest score wins. If the scores are equal, then the procedure
is repeated on the next lower level of strength. If neither of the candidates is
preferred to the other, they are ranked equivalent regarding preference.
An example is given in Table 1: A decision has to be made between using
affordance space sp1 , sp2 , or sp3 . Since sp3 is the only one with a pro reason
at the highest level and there is no con reason at the same level, it wins the
comparison with sp1 and sp2 . Affordance space sp1 is preferred to sp2 as the

sp1
Pro
Strong
Medium
Weak

sp2
Con

Pro

sp3
Con

Pro

Con

Rf6
Rf1

Rf3
Rf2

Rf4 , Rf5

Rf7

Rf8

Table 1. Example bipolar decision case: Candidate goal affordance spaces sp1 , sp2 , sp3
and reasons Rf1-8 having polarity (pro/con) and strength (strong, medium, weak).

reasons at the two highest levels are in balance and sp2 has more con reasons
than sp1 on the lowest level. Thus, the candidates are ordered as sp3 > sp1 > sp2 .
After ranking the candidate goal affordance spaces, one of the best candidates
is randomly selected (in the example, sp3 will be selected deterministically).
Finally, the goal pose can be extracted from the selected affordance space.

5

Application: A Socially Best Placement for Recharging

To evaluate the approach and to show its feasability, we conducted a lab experiment with the PR2 robot. The knowledge about affordance spaces and sociospatial reasons was implemented using the web ontology language OWL1 . The
ontology was put to work using ORO [7] as a representation and reasoning framework designed for use in HRI. It uses a RDF triple store to represent knowledge
and a description-logics reasoner for inference tasks.
We take the example from the introduction and consider a robot companion
whose battery status is getting low. Using its affordance-space map (Fig. 2(b)),
the robot first infers the candidate goal affordance spaces, i.e., affordance spaces
which i) are produced by an affordance that enables recharging and ii) support
the robot’s ability (in this case, the limiting factor is the length of the cable).
We assume that the robot has access to a prediction component which recognizes that, during the time it will take to recharge, it is to be expected that
some other PR2 might want to grasp the bottle on the table (f1 ), that it is likely
that a researcher wants to have a look at the whiteboard in the lab (f2 ), and
that robots and researchers use the doorways (f3 ) to enter the lab.
Based on this knowledge, fact f1 can be used to construct reason Rf1 against
any candidate whose agent region intersects potential agent regions that can be
used by a PR2 to grasp the bottle. This con reason has weak strength, because
there are many available possiblities to grasp the bottle, thus blocking one of
them does not fully deactivate the grasping possibility. The second fact is used
to construct reason Rf2 , which is considered stronger, because an activity of
a human is involved. Finally, not blocking doorways can even be a safety issue, hence Rf3 is a strong reason against candidates that interfere with possible
walking-through-doorways activities.
Using the decision making procedure introduced in Sect. 4, the robot obtains
an affordance space it has most socio-spatial reasons to use. The result is depicted in Fig. 3(a): The checkerboard region is the potential agent region of the
affordance space that was selected. The associated pose can be set as a goal pose
to a path planner.2 Fig. 3(b) shows the robot finally located in the potential
agent region of the selected affordance space.
The purpose of this example is to demonstrate the feasibility of the technical solution and to showcase the usefulness of socio-spatial reasons. We are
aware that our settings of reasons’ polarities and strengths are not experimentally backed. Moreover, rational reasons could be integrated, as well. E.g., if the
1
2

www.w3.org/TR/owl2-overview/
We employ the standard ROS navigation stack (www.ros.org/wiki/navigation).

(a)

(b)

Fig. 3. (a) Result of the social activity-placement procedure. Potential agent regions are
shaded relative to their social adequacy (the brighter the more adequate). The potential
agent region of the selected affordance space is marked by checkerboard pattern. (b)
Robot placement in the lab after navigating to the selected affordance space.

battery is getting low and there is no time to waste, the urgency of the activity and the distance to a potential agent region can produce reasons, too. The
integration of other kinds of reasons is technically straightforward.
Eventually, imagine a second robot in need of an power outlet. It will have to
choose one of the affordance spaces near the outlet close to the whiteboard, thus
Rf2 is a reason against all of them. As also the second robot is aware of that, it
can utter an apology, i.e., that it is aware of the violation (but the battery was
getting very low, and all the other possibilities were blocked).

6

Conclusions

In this paper, a general formulation of the social activity-placement problem is
proposed. As a solution to the problem, we employ two key concepts: affordance
spaces representing the functional aspect of alternatives for action, and facts
that yield socio-spatial reasons for or against using an affordance space.
The concept of affordance space allows for taking perspective with respect
to the action possibilities of others. Affordance spaces are represented in a data
structure called affordance-space map sampled based on knowledge about objects’ affordances and agents’ abilities. In future, the affordance-space map could
also be built from observed data of space use, and be enhanced with knowledge
about efforts and success probabilities of performing an activity.
The concept of a (socio-spatial) reason provides a means to evaluate placements and to make choices. How to make use of the explanatory aspect of reasons
in human-robot communication is left for future work.
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