
Middle East Technical University
Department of Computer Engineering

The learninganduseof traversability
a�ordanceusingrangeimageson a mobile

robot

Emre U�gur, Mehmet R. Do�gar, Maya C� akmak and Erol S� ahin

METU-CENG-TR-2006-03

November 2006

Department of Computer Engineering
Middle East Technical University

_In•on•u Bulvar�, 06531,Ankara
TURKEY

c
 Middle East Technical University



This page contains a Turkish translation of the title and the abstract of the report. The report
continueson the next page.

Hareketli bir robotta uzakl�k
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T •URK _IYE

•Oz

Sa�glarl�k (ing. a�ordance) kavran�m�n�n otonom robot kontrol •u a�c�s�ndan g•or•u�slerimizi nas�l etk-
ileyece�gi ve otonom robot bilimde eldeedilen sonu�clar�n sa�glarl�k kavram� •uzerineolan �cal��smalara
ve tart� �smalara nas�l geri yans�t�labilece�gi ile ilgilenmekteyiz. Bu �cal��smada ise, 3 boyutlu bir
lazer taray�c�s� ile donat�lm��s gezici bir robotun, ortam�n ge�cilebilirli�gini nas�l alg�layabilece�gini ve
k•ure, silindir ve kutularla dolu bir odada gezerken ortam�n sa�glarl�klar�n�n nas�l kullanabilece�gini
g•ostermeye �cal��st�k. •O�grenmetamamland�ktan sonrasonu�clar g•ostermi�stir ki, robot ge�cilemeznes-
neler (kutu, dik silindir yada belirli a�c�lardaki yat�k silindirler) ile temastan ka�c�narak etra
ar�ndan
dola�smakta, fakat ge�cilebilir nesnelerin(k•ure ve robota g•ore yuvarlanab�lir a�c�daki yat�k silindirler)
•uzerlerinegiderek, onlar� yuvarlay�p yolundan atmaktad�r. Hesaplananalg�sal •ozelliklerin yakla�s�k
olarak sadece%1'inin robotun ilerlemehareketlerinin sa�glan�p sa�glanmad��g�yla ilin tili oldu�gu g•oste-
rilmi �stir. Ayr�ca bu ilin tili •ozelliklerin, uzakl�k g•or•unt •ulerinin belirli b•olgelerinde konumland��g�
g•osterilmi�stir. •Ornek olarak do�grusal ileri gitme hareketi i�cin sadeceuzakl�k g•or•unt •ulerinin merkezi
b•olgelerindeki•ozelliklerin ilin tili oldu�gu ortaya �c�km��st�r. Deneylerhem�zik tabanl� bir sim•ulat•orde
hem de ger�cek bir robotta ger�cekle�stirilmi �stir.
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Abstract

We are interested in how the concepta�ordances can a�ect our view to autonomousrobot control,
and how the results obtained from autonomousrobotics can be re
ected back upon the discussion
and studies on the conceptof a�ordances. In this paper, we studied, how a mobile robot equipped
with a 3D laser scanner,can learn to perceive the traversability a�ordance and use it to wander
in a room full of spheres,cylinders and boxes. The results showed that after learning, the robot
can wander around avoiding contact with non-traversible objects (i.e. boxes,upright cylinders, or
lying cylinders in certain orientation), but moving over traversible objects (such as spheres,and
lying cylinders in a rollable orientation with respect to the robot), rolling them out of its way. We
have shown that for each move action approximately 1% of the perceptual features were relevant
to determine whether it is a�orded or not and that theserelevant featuresare positioned in certain
regionsof the range image,such as the central part of the range imagebeing relevant for the move
forward action. The experiments are conductedboth using a physics-basedsimulator aswell ason
a real robot.

1 In tro duction

Do we perceive all the qualities of the environment to accomplish a simple task like wandering
around? Do we detect the objects in our path, distinguish all their properties, and only then infer
whether we can traversethem or not? Do we think \this circular gray object towards my right is
a small yellow cobblestone,and I know that the stonesthat are smaller than my leg length can be
walked over, therefore I can safely walk over it"?

J.J. Gibson, one of the most in
uen tial �gures in the �eld of psychology, objected such a
view to perceptual processing,and its link to action. Instead, he set out to develop a \theory of
information pick-up" in which he conceived the concept of a�ordance as: \The a�or dances of the
environment are what it o�ers the animal, what it providesor furnishes, either for good or il l. The
verb to a�or d is found in the dictionary, but the noun a�or dance is not. I have made it up. I
mean by it somethingthat refers to both the environment and the animal in a way that no existing
term does. It implies the complementarity of the animal and the environment." (J.J. Gibson,
1979/1986, p. 127) Thus, a knee-high horizontal surfacea�ords sittabilit y to a human, whereas
a small object below a certain weight a�ords throwabilit y.

J.J. Gibson claimed that:

� The `meaningof objects' in the environment for tasks such aswandering around, are directly
apparent to the organism acting in it. This was di�eren t from the contemporary view of
J.J. Gibson's time, that the meaningof objects werecreated internally with further \mental
calculation" of the otherwisemeaninglessperceptual data. Hencea�ordances support direct
perception.

� Each action neededonly the relevant perceptual information for its execution, and this can
be supplied by using specialized and concurrent perceptual modules or �lters dedicated to
extract certain, but not all, cuesfrom the environment. Hencethe useof a�ordances provides
perceptual economy for the organism.

� \an a�ordance points both ways, to the environment and to the observer" and that it is
\neither an objective property nor a subjective property; or both if you like." Therefore,
a human's judgment of whether he can climb a stair step is not determined by the metric
measureof the step height, but rather by its ratio to his leg-length[1]. Hence, a�ordances
are relative to the organism.

Later, E. Gibson arguedthat the learning of a�ordances is neither the construction of represen-
tations from smaller pieces,nor the association of a responseto a stimulus. Instead. sheclaimed,
learning is \discovering distinctive featuresand invariant properties of things and events"[2], point-
ing out that babies use exploratory activities, such as mouthing, listening, reaching, shaking, for
this. Shesuggestedthat theseexploratory activities becomeperformatory and controlled, executed
with a goal, as the development proceeds.

Although J.J. Gibson intro ducedthe term to clarify his ideasin psychology, it turned out to be
oneof the most elusive conceptsthat in
uenced studies ranging from human-computer interaction
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to robotics. In the MACS project, we are interested in how the concept a�ordances can a�ect our
view to autonomousrobot control, and how the results obtained from autonomousrobotics can be
re
ected back upon the discussionand studies on the concept of a�ordances.

Physical characteristics of the environment, such as the size, shape, relative position and
orientation of objects it contains, are good indicators of the a�ordances that the environment
o�ers to a robot. A sphere-shaped balloon is more likely to be rollable than a cardboard box.
A knee-high 
at horizontal surface is more likely to be more sittable than a vertical surface. An
object that is within arm-distance is more likely to be reachable than another one placed further.

We are interested in how physical characteristics of an environment can be perceived, learned
and used on a mobile robot to discover the physical a�ordances that the environment o�ers to
the robot. In this paper, we studied how a mobile robot, equipped with 3D range sensingabilit y,
can perceive, learn and use the traversability a�ordance to wander in an environment �lled with
di�eren t typesof objects that changethe traversability of the environment depending upon their
shape, size,and relative position and orientation with respect to the robot.

In the rest of the paper, we�rst review the useof a�ordance conceptin autonomousrobotics. In
Section3, we describe the robot platform and its simulator and de�ne the a�ordance of traversabil-
it y. The proposeda�ordance-based perception, learning and control of the robot is presented in
Section4. Experimental results are reported and discussedin Section5. The paper concludeswith
an overview of results and a discussionof what they re
ect back to the discussionson a�ordance
concept.

2 A�ordance-related research in rob otics

The conceptof a�ordances is highly related to autonomousrobot control and in
uenced studies in
this �eld. The paralellism betweenthe theory of a�ordances and reactive/behavior-basedrobotics
has already beenpointed out(pp 244,[3];[4]). A similar parallelism also exists with studies carried
under the heading of action-oriented perception (pp. 267, [3]). Thesestudies suggesteda \quali-
tativ e" representation of the environment basedon the task/in tention at hand, and criticized the
classicalapproach to perception (particularly computer vision) which aimed to recover a metric
model of the environment [5].

Recently , the relation between the concept of a�ordances and robotics has started to be ex-
plicitly discussed. Developmental robotics (or the closely related epigenetic robotics) [6] treats
a�ordances as a higher level concept, which a developing cognitive agent learns about by interact-
ing with the objects in its environment [7]. There arealsoother studiesthat exploit how a�ordances
re
ect to high-level processessuch as learning [8, 9], tool-use [10], or decision-making[11]. These
studies that focuson learning mainly tackles two major aspects. In oneaspect, a�ordance learning
is referred to as the learning of consequencesof a certain action in a given situation [7, 9, 10]. In
the other, studiesfocuson the learning of invariant properties of environments that a�ord a certain
action [8] . Studies in this latter group also relate theseproperties to the consequencesof applying
an action, but theseconsequencesare in terms of internal valuesof the agent, rather than changes
in the physical environment.

Stoytchev [9, 10] studied learning, for the so-called`binding a�ordances' and `tool a�ordances',
where learning binding a�ordances corresponds to discovering the behavior sequencesthat result
in the robot arm binding to di�eren t kinds of objects whereaslearning tool a�ordances corresponds
to discovering tool-behavior pairs that give the desirede�ects. In this study the representation of
the objects are said to be grounded in the behavioral repertoire of the robot, in the sensethat the
robot learnswhat it can do with an object using each behavior. In [7], Fitzpatric k et al. alsostudy
learning of object a�ordances in a developmental framework. They divide the development of their
robot into three stages,secondof which corresponds to learning about external objects through
interaction. The main vision they set forth is that a robot can learn about what it can do with an
object only by acting on it, `playing' with it, and observingthe e�ects in the environment. For this
aim, they usefour actions of a robot arm (pull in, side tap, push away, back tap) on four di�eren t
objects (bottle, cube, toy car, ball). After applying each of the actions on each of the objects
several times, the robot learns about the roll-abilit y a�ordance of theseobjects, by observing the
changesin the environment during the application of the actions. Then, when it needsto roll an
object, it usesthis knowledge.
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In both Stoytchev's and Fitzpatric k et. al.'s studies, no association betweenthe visual features
of the objects and their a�ordances are established,giving no room for the generalization of the
a�ordance knowledge for novel objects. In both experiments the objects are di�eren tiated using
their colors only, so, supposing that the learning had been done with a red object, if the robot
was presented with the very sameobject but this time a blue one, it would have no idea about
the a�ordances of it, even though the color of the object have no real relevancein determining the
objects' a�ordances. This shows the importance of learning about the relevant featuresof objects,
along with the e�ects that can be createdby acting on them, and building the association between
thesetwo learnedsets,so that the robot can make predictions about the e�ects it can createwhen
it is presented with novel objects that it had not seenbefore.

In [12], it was proposedthat an a�ordance can be represented as a triple of (entity, action,
outcome) triple, whereentity represented the perceptual representation of the environment, It was
proposedthat, the learning of a�ordances correspondsto the learning of bilateral relations between
three components of this representation. Fritz et al. [13] demonstrated a system that learns to
predict the lift-abilit y a�ordance for di�eren t objects. In this study, predictions are made based
upon features of object regions, like color, center of mass, top/b ottom location information, and
shape description, which are extracted from the robot cameraimages.

3 Traversabilit y for Mobile Rob ots

The verb \tra verse" is de�ned as \to passor move over, along, or through". Hencetraversability
refers to the a�ordance of being able to traverse. Traversability is a fundamental a�ordance
for autonomous robots, and most actions depend on their mobilit y. The traversability problem
becomesa very interesting casefor studying a�ordances when one does not limit himself/herself
with simple obstacleavoidance. The classicapproach to traversability treats all objects around as
obstacles,where the robot tries to avoid making any physical contact with the environment, and
only heading open-spacesto traverse. In general, the proximit y sensorsare employed to detect
whether there is an object or not. When such approachesare used, the robot's responsewould be
the samewhether it encounters an unpenetrable wall or a balloon that can be just pushed aside
without any damage. A stair that is traversible for an hexapod robot, may not be traversable
for a wheeledone. Similarly a white vertical 
at surface may be an unpenetratable wall in one
environment whereasin another environment a similar surface may be a door that can just be
pushed to open. A method that can automatically learn the traversability a�ordance of a robot
from the robot's interactions with the world would be a better solution to this problem.

In this study, we studied how physical a�ordances of the environment, such as traversability
for a mobile robot, can be learned. In particular, we studied how the physical properties of the
environment, asacquiredfrom rangeimagesobtained from a 3D laserscannermounted on a mobile
robot platform, can specify the traversability a�ordance.

3.1 The Kurt3D rob ot platform

Kurt3D is a medium-sized(45cm � 33cm � 47cm), di�eren tial drive mobile robot, equipped with
a 3D laser range �nder 1 (seethe left part of Figure ??). The 3D laser scanneris basedon a SICK
LMS 2002D laser scanner,rotated vertically with an RC-servo motor. The 3D laser scannerhasa
horizontal rangeof 180� , with a maximum resolution of 0:25� , and is able to sweepa vertical range
of � 82:8� with a resolution of 0:23� . The scanneris capableof taking full resolution (720 � 720)
range image in approximately 45 seconds. Kurt3D has a number of additional sensors,but only
the laser scanneris usedin this study.

Kurt3D is simulated in MACSim [14], a physics-basedsimulator, built using ODE (Open
Dynamics Engine)2, an open-sourcephysicsengine. The sensorand actuator modelsare calibrated
against their real counterparts. Figure 1 shows a scenefrom the simulator and the range image
taken generatedby the simulated 3D laser scanner.

1http://www.ais.fraunhofer.d e/ARC/kur t3D/
2http://o de.org/
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Figure 1: Left: A snapshotfrom MACSim showing the KURT3D robot facing two objects.
Its laser scannerplaced in the front part, takes the range information of a 2D slice of the
environment at each horizontal (pitch) angle. Right: The resulting range imageresembles
a �sheye image. In the given representation of the range image, the range value of each
laser beam direction is coded as gray-scalevalues in the image (closer points are darker,
and further onesare lighter).

3.2 Traversabilit y for Kurt3D

The environment is said to be traversable in a certain direction, if the robot (moving in that
direction) is not enforced to stop as a result of contact with an obstacle. Thus, if the robot can
push an object (by rolling it away), that environment is said to be traversableeven if the object is
on robot's path, and a collision occurs. This point of view is quite di�eren t from classicalobject
avoidanceapproacheswhere any collision with any object is avoided.

In this new view of traversability physical properties of objects are also important. In our
environment, the objects might have one of the following three geometrical shapes of arbitrary
sizesplaced on the ground:

� rectangular boxes ( ) that are non-traversable,

� spherical objects ( ) that are traversablesince they could roll in all directions,

� cylindrical objects

{ in upright position ( ) that are non-traversable,and

{ lying on the ground ( ), that may be traversableor non-traversabledepending on
their orientation relative to the robot.

4 A�ordance-based perception, learning and control

The traversability a�ordance for a robot highly depends on the location, orientation, and shape
of the objects in the environment. The robot should be able to perceive the features of the
environment related to the traversability a�ordance, in order to learn these a�ordances and use
them in control. Sensingcapabilities of the robot have a determining role in perceiving certain
a�ordances and the laser range scannersuits well the traversability problem.

In this study learning the a�ordances and using the learned a�ordances in the control of the
robot are separated into two phases. In the learning phase, the robot moves in an environment
containing oneor more objects, and tries to learn the traversability of the environment. The robot
is provided with seven simple hand-coded actions, which result in a movement in seven di�eren t
directions. For each action the wheelspeedsare set to a certain value for a certain duration. One of
the actions makesthe robot go forward, while the others makesit turn to either side with di�eren t
angles. Along with each action, the expected displacement the robot is provided as its success
criteria. In the execution phase the robot usesthe learned a�ordances to navigate in di�eren t
environments.
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Figure 2: Phasesof perception.

4.1 Perception

The robot makes a 3D scan of the environment to obtain a range image. The image is then
processedin three steps, as shown in Figure 2. First, the image, with resolution 720� 720, is
down-scaledby averaging four pixels into one, reducing the resolution to 360� 360 in order to
reducethe noisein the image. Then, the imageis split into uniform sizerectangular grids. Finally,
for each grid, a number of distance and shape related features are extracted.

The distance related featuresare chosenas the distancesof the closestand furthest points, as
well as the mean distance of all points in the grid. The shape related features are computed from
the normal vectors of the surfacesthat are computed from the range image. The direction of each
normal vector is represented using two angles' and � , in latitude and longitude respectively and
two angular histograms are computed. The frequency values of these histograms are used as the
shape related features.

In this study, the histogram is divided into 18 intervals, and the rangeimageis split into 30� 30
grids, sothat total number of featurescomputedover a downscaledrangeimageis 900� (3+2 � 18) =
35100where 3 corresponds to the three distance values(minimum, maximum, and mean) and the
multiplication by 2 corresponds to the two angle channels.

4.2 Learning

In the learning phase the robot tries to learn a mapping between the environmental situations
and the results of its actions, by physically interacting with the environment. It perceives the
environment executesan action, and records the result of applying the action (successor failure)
and the feature vector that wasperceivedbeforethe executionof the action. This interaction occurs
in episodes,in which all seven actions are performed in the samecon�guration of the environment.
After a number of episodes, learning is conducted as a batch process.

Learning consists of two steps. In the �rst, relevant features of the feature vector for each
di�eren t action are selected. Next, a classi�er is trained to learn a relation that maps an initial
value of the relevant features to a prediction of either a successfulor unsuccessfulexecution of a
certain action.

Selection of relevant features is performed with the ReliefF algorithm, which is originally
proposedby Kira and Rendell [15] and extendedby Kononenko [16]. This method aims to estimate
the quality of each feature in a feature set, basedon its impact on the target category of particular
samplesof this set. In the ReliefF method, if a feature is important, then it should be able to
distinguish similar sampleswith di�eren t target values(categories). Thus, the weight of any feature
is increased,if it has similar values for the samplesin samecategories,and it has di�eren t values
for samplesin di�eren t categories,especially for samplesthat seemto be very similar to each other.
The set of the most relevant featurescan then be selectedby setting a threshold such that features
with a weight higher than the threshold are included to this set. In our case,the threshold was
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Figure 3: The robot control system in the execution phase.

optimized to selectthe features that give the best performanceon the classi�er which is described
below.

Support Vector Machines (SVMs) 3 are used to classify features into a�ordance categories
(tra versable/non-traversable). Intro duced by Vladimir and Vapnik in 1998 [17] as supervised
learning tools for classi�cation problems, they are very robust in the faceof noisy input, and able
to deal with large datasetsand input spaces.In SVMs, the optimal hyperplane that separatestwo
classesis found, basedon the most informativ e points (also called the support vectors) in the data.
Although several kernelsare proposedin literature to categorizelinearly non-separablesamples,we
useda linear kernel (with tolerance parameter set as 1) sincemore complex onesdid not increase
the performancein our case.

4.3 Con trol

The relevant features and classi�ers learned for each action are utilized in a basic control system
(Figure 3). The control system allows the robot to usethe a�ordance knowledgeit has gained, in
an environment.

The control systemis governedby a high-level motivation, which setsthe preferred action that
the robot wants to execute,according to the priorities of the possibleactions. The features which
are relevant to the preferred action are then requestedfrom perception. Theseperceived features
are supplied to the trained classi�er (SVM) to predict whether the action is a�orded or not. If the
immediate environment a�ords the action, it will be performed. Otherwise, a lower priorit y action
is requestedfrom the motivation module, and the whole cycle restarts.

5 Exp erimen tal results

Four experiments were conducted, three of which wereon the MACSim simulator and the last one
on Kurt3D.

5.1 Learning to predict tra versabilit y

The motivation behind theseexperiments is to analyzethe discoveredrelevant featuresfor di�eren t
actions in detail, and evaluate the performanceof the trained classi�er. A total of 3000episodes
are executed on the simulator for each action. In each episode, 10 randomly selectedobjects
(among , , , ) are scattered in [� 90� ; +90 � ] of robot's frontal area. They are
placedwithin a certain distance in various orientations and sizes. In each episode the featuresthat
are perceived and the result of the executedaction (successor failure) are recorded. 2000of these

3The LibSVM software that is usedin this study, is available at http://www.csie.ntu.edu.tw/~cj lin/
libsvm
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Figure 4: The relevant grids in the range image for each action.

training data are then usedto learn the traversability a�ordance for each action, and the prediction
accuracyof the trained model is tested using the other 1000independent test data. After training,
the prediction accuracy of the trained SVM for all di�eren t actions is found to be in the range
[93:0%; 95:1%].

Among the 2000training data, 1000are usedfor �nding the relevancy weights of the features
using reliefF. A subsetof the featuresare then selectedby thresholding accordingto theserelevancy
weights. This threshold is optimized by selectingthe value that results in the best performanceof
the SVM on the remaining 1000data (seeSection 4.2). With the optimized threshold, 100� 400
features among 35100are selectedto be relevant to perceive the traversability a�ordance for each
di�eren t action. In other words, at most, 1:1% of the whole feature set is found to be relevant to
determine an action is a�orded or not.

Next, the discovered relevant features were analyzed as to understand to which grids and to
which attribute of the grids they correspond to. The grids, which include relevant features are
marked as relevant. In Figure 4, the relevant grids for all actions are shown, where darker areas
correspond to relevant grids, and lighter areascorrespond to irrelevant grids. Note that only certain
regionsof the whole image is found to be relevant. Moreover, the relevant grids shift from left to
right with the direction of the movement. For example, for the forward movement, only the grids
which locate in the middle of the range image are relevant.

In order to analyze which features were discovered to be relevant, the relevancy is examined
by grouping featuresas i ) distancerelated ones,ii ) shape related onesin ' channel, and iii ) shape
related onesin � channel. For the forward move, 12% of the relevant featuresare distance related
ones,66% are the frequenciesfrom ' channel, and 22% are the frequenciesfrom � channel. The
relevant intervals are [80� ; 180� ] for ' and [� 20� ; +20 � ] for � channels. Hencethe vertical shape
of the objects can be claimed to be more important than the horizontal shape for the traversabil-
it y a�ordance. Although and have horizontally di�eren t shapes, they have the same
traversability a�ordance. On the other hand, the vertical shape distinguishes the traversabilities
of , , and .

5.2 Wandering using tra versabilit y

The relevant feature knowledgeand the trained classi�er from the previous section is also usedto
test the control system presented in Figure 3. The simulated robot is placed in a virtual room
cluttered with objects of di�eren t sizesand types. The tra jectory of the robot in such a room,
with 40 objects included, is shown in Figure 5. In this experiment the motivation module tries
to drive the robot forward as much as possible,becausethe highest priorit y is given to the action
which movesthe robot forward, and the priorit y of the actions decreasesas the actions divergeto
the sides. So, the robot makes a 3D scan of the environment and predicts if the forward action
is a�orded or not. If the action is a�orded according to the learned model the robot executes
the action, if not, it asks from the motivation module for a lower priorit y action and repeats
the processuntil it �nds an a�orded action. If none of the actions are a�orded according to the
learned model it makes a random action. After the execution of the selectedaction the whole
cycle starts again. Four of these scanning and a�ordance perception instances are identi�ed in
Figure 5 and their corresponding snapshotsare shown on the right side of the same �gure. As
shown in the �gure, the robot successfullywanders in the environment. Note that the robot
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(a) (b)

(c) (d)

none

Figure 5: On the left: The courseof the robot resulting from the executionof the controller
described in Figure 3 in a virtual room cluttered with 40 objects. The motivation module
tries to make the robot to go forward as much as possible. On the right: Instancesfrom
the tra jectory of the robot. In (a) a turn to the left is a�orded, and the robot drove
towards the spherical object. In (b), although the robot made a contact with the box on
the right, it selectedforward move. In (c), the only action that is a�orded was turning
left sharply. In (d), none of the actions were a�orded, so the robot made a random turn.
Note the slight di�erence between(c) and (d), where robot was able to �nd out the small
open-spaceon the left in (c).
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doesnot only drive towards the open-spaces,but if a higher priorit y action requires it, the robot
choosesto drive towards spherical and cylindrical objects in appropriate orientations, since they
a�ord traversability. It alsosuccessfullyavoids boxesand upright cylindrical objects by not driving
towards them.

5.3 Generalization of tra versabilit y for novel ob jects

In this section, the generalization capability of the systemwhen encountered with novel objects is
analyzed. Sincesuch a training should be done in the lack of someobject types,the training setup
is constrainted to include only a subsetof object types. Testing, on the other hand, is performed
with all types of objects, so that the a�ordance prediction for novel situations can be evaluated.
In both training and testing, only oneobject is placedin front of the robot, and the forward action
is executed.

After being trained in the constrainedlearning space,each model is tested with all object types
one by one, and the prediction accuracy regarding the traversability a�ordances for that object
type is computed. No sample is placed both in training and testing sets in any situation. When
there is an overlap in object types in training and testing sets, samesample is not allowed to be
placed in both sets. Thus, in such situations, the samplesof the sametype are randomly selected
for training and testing sets. Table 1 givesthe casesin which the results can be observed.

� In case1, since no training takes place, every situation is predicted to be non-traversable.
Thus, all situations with and are predicted correctly whereassituations with are
predicted wrongly. The right-most column shows that in 53:4% of the situations of , are
predicted correctly which indicates that in the test set, is non-traversablein 53:4%.

� As shown in cases2, 3, 4, and 7, when the training set includes only traversableor non-
traversableobjects, but not both, the model predicts samea�ordance on all objects.

� In case5, the robot is trained with only , yet it is able to predict the a�ordances of all
other object types that are not included in training set with high accuracy. We obtained
such a good generalization performance, since the robot made interactions with di�eren t
sidesof , and the a�ordances of various surfacesare learned and later generalizedfor
novel objects.

� Cases8, 10, 11, 13, 14, 15, and 16 are similarly successfulin prediction of novel objects
because is included in the training of thesecases.

� Case6 alsoprovidessimilar results. In this case, and are included in the training set,
where traversability is never a�orded and always a�orded, respectively. Since this training
set includes samplesfor both successand fail, the a�ordances of novel objects ( and
) are correctly predicted.

� One may also notice that the inclusion of in case16, doesnot changethe performance
obtained in case15. This means that in the training set, none of sampleswith are
included in the support vector which determinesthe hyperplane usedin prediction. On the
other hand certainly has an e�ect, sinceits inclusion changesthe prediction regarding
, when comparedto case13.

5.4 Traversabilit y on the physical rob ot

The controller that was trained in the �rst set of experiments was also transferred to Kurt3D.
Various objects, including simple geometrical ones,and o�ce environment object like trash bins,
and PC casesare then placed in front of Kurt3D to test the performanceof the controller. Two
sets of experiments are then conducted, using boxes in the �rst set and cylinders in the second
one.

As shown in Figure 6, the robot is able to correctly perceive the a�ordances of box shaped
objects, which are placed in di�eren t distancesand angles.

The e�ect of the rotation of cylinders are alsostudied in real world experiments (Figure 7).
The robot is found to be successfulin predicting the a�ordances in various orientations. Without
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Table 1: Generalization performanceof the learned model.
The left-most two columns show casenumber and the set of objects in the environment,
where the corresponding model is trained. The secondrow shows which object typesare
included into the test sampleset, where each set contains only one object type. For each
of the given training set, and test object, the accuracyof the learned model's predictions
are given in the rest of the table.

Case Training object types Accuracy in prediction (%)

1 100 0 100 53.4
2 100 0 100 53.4
3 0 100 0 46.6
4 100 0 100 53.3
5 100 83.8 100 94.7
6 100 100 100 86.4
7 100 0 100 53.4
8 100 83.8 100 95.6
9 99.2 100 100 85.9
10 100 100 100 93.8
11 100 83.8 100 94.7
12 100 100 100 86.4
13 100 100 100 95.6
14 100 83.8 100 95.6
15 100 100 100 94.7
16 100 100 100 94.7

(a) (b) (c)

Figure 6: Kurt3D facing a box. Basedon the bearing and proximit y of the box, Kurt3D
was able to eliminate the non-a�orded actions.
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(a) (b) (c)

Figure 7: Kurt3D facing a garbage bin on the ground. Based on the orientation and
proximit y of the garbagebin, Kurt3D was able to eliminate the non-a�orded actions.

(a) (b) (c)

Figure 8: Kurt3D facing two boxes. Based on the width of the aperture between the
boxes, Kurt3D was able to determine whether it can passthrough them.

training the robot through simulated physical interactions, designingthe a�ordances by hand would
be very hard especially for thesesituations.

Lastly, the perception of the a�ordances of the apertures in di�eren t widths are studied.
It was observed that when the aperture width is changed, the a�ordance of traversability ap-
pears/disappears. The successfulresults obtained from these experiments (Figure 8) were unex-
pected, since the robot has no notion of \width", and it does not aware of its own dimensions.
Yet, the traversableaperture widths are correctly perceived.

6 Conclusions

In this study, traversability a�ordances of the environment for a mobile robot is learned through
physical interactions in a physics basedsimulation environment. Since the traversability depends
on the location of the objects and their geometrical properties, range imagesare usedto perceive
the physical a�ordances of the immediate environment. A simple perceptual representation is
proposed,where intermediate high-level processeslike object detection or world modeling are not
utilized, thus favoring Gibsonian direct perception view. Based on the low-level features that
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are perceived and the results of the interactions with the world, the robot is able to learn i )
relevant featuresfor di�eren t actions, and ii ) the a�ordances provided. The prediction accuracyin
perceiving the traversability a�ordances of the environment, which include several boxes,cylinders,
and spheresis found to be around 95%. Furthermore, it is presented that the robot usesonly 1:1%
of the extracted features while perceiving the a�ordances. This in turn save the time 76:6% in
scanningand 81% in feature processing,and J.J. Gibson's perceptual economy is obtained through
learning to userelevant features.

After learning the a�ordances of the environment, the robot is tested in various setups. It
is placed in a virtual cluttered room, and controlled with a simple motivation system. In this
environment, the robot was able to traversethe environment, by successfullyselecting its actions
basedon the perceived a�ordances. In the next experiment set, the generalization performanceof
the learned a�ordance basedperception system is analyzed. It is shown that the robot was able
to perceive the traversability a�ordances of the novel objects that it has never seenbefore. In the
last set of experiments, the a�ordance-based action selection scheme that is learned in simulator
is successfullytransfered to real robot without any further modi�cation. Although there is no
concept of object or width in any representation level, and the robot has no awarenessof its own
body dimensions,it is able to perceive the traversability a�ordances of the apertures betweenthe
objects. In other words, the a�ordances of the apertures, which depend on the relation between
the width of the apertures and the shoulder width of the robot, are directly perceived without
recognizingthem.

The work presented in this paper is novel from prior studies on multiple fronts. First, in our
work rangeimages,which are more informativ e about the physical a�ordances of the environment,
are usedfor sensing.Second,we proposeda perceptual representation which represents the shape
and orientation information in a proper way for learning. Third, we performed a more complete
and comprehensive testing of the learned a�ordances, and that showed that the proposedsystem
can successfullypredict the a�ordances of completely novel object types.
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