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Saglarl k (ing. a ordance) kavran m n n otonom robot kontrol® ac s ndan gereslerimizi nas | etk-
ileyecagi ve otonom robot bilimde elde edilen soruclar n saglarl k kavram wzerine olan cal smalara
ve tart smalara nas | geri yans tlabilecegi ile ilgilenmekteyiz. Bu cal smadaise, 3 boyutlu bir
lazer taray c s ile donat Im s gezicibir robotun, ortam n gecilebilirli gini nas | alg layabilecegini ve
kere, silindir ve kutularla dolu bir odada gezerlen ortam n saglarl klar n n nas | kullanabilecegini
gestermeye cal st k. Ogrenmetamamland ktan sonrasoruclar gestermistir ki, robot gecilemeznes-
neler (kutu, dik silindir yadabelirli ac lardaki yat k silindirler) ile temastan kac narak etra ar ndan

dolasmakta, fakat gecilebilir nesnelerin(kure ve robota gere yuvarlanab lir ac daki yat k silindirler)

ezerlerine giderek, onlar yuvarlay p yolundan atmaktad r. Hesaplananalg sal ezelliklerin yaklas k
olarak sadece&%l'inin robotun ilerleme hareketlerinin saglan p saglanmad g yla ilintili oldugu geste-
rilmi stir. Ayr ca bu ilintili ezelliklerin, uzakl k geruntuelerinin belirli belgelerinde konumland g

gesterilmistir. Ornek olarak dogrusalileri gitme hareketi icin sadeceuzakl k gereintelerinin merkezi
belgelerindekiozelliklerin ilintili oldugu ortayac km str. Deneylerhem zik tabanl bir simelatorde
hem de gercek bir robotta gerceklestirilmi stir.
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Abstract

We are interestedin how the concepta ordances can a ect our view to autonomousrobot control,

and how the results obtained from autonomousrobotics can be re ected badk 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 perceiwe the traversability a ordance and useit to wander
in a room full of spheres,cylinders and boxes. The results shaved that after learning, the robot
can wander around avoiding cortact 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 shawn 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 rangeimage, such asthe certral part of the rangeimagebeing relevant for the move
forward action. The experiments are conductedboth using a physics-basedsimulator aswell ason
a real robot.

1 Intro duction

Do we perceiwe 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 | know that the stonesthat are smaller than my leg length can be
walked over, therefore | can safely walk over it"?

J.J. Gibson, one of the most inuential gures in the eld of psychology, objected such a
view to perceptual processing,and its link to action. Instead, he set out to dewvelop 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 gaod or ill. The
verb to aord is found in the dictionary, but the noun a or dane is not. | have madeit up. |
mean by it somethingthat refersto 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 throwability.

J.J. Gibson claimed that:

The “meaningof objects' in the environment for tasks such aswandering around, are directly
apparert to the organism acting in it. This was di erent from the contemporary view of
J.J. Gibson'stime, that the meaning of objects were created internally with further \mental
calculation" of the otherwise meaninglessperceptual 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 concurrert perceptual modules or lIters dedicated to
extract certain, but not all, cuesfrom the ervironment. Hencethe useof a ordances provides
perceptual economy for the organism.

\an aordance points both ways, to the ervironment and to the obsener" 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. Gibsonarguedthat the learning of a ordances is neither the construction of represen-
tations from smaller pieces,nor the assaiation of a responseto a stimulus. Instead. she claimed,
learning is \discovering distinctive featuresand invariant properties of things and events"[2], point-
ing out that babiesuse exploratory activities, such as mouthing, listening, reaching, shaking, for
this. Shesuggestedhat theseexploratory activities becomeperformatory and cortrolled, executed
with a goal, asthe developmert proceeds.

Although J.J. Gibson introducedthe term to clarify his ideasin psydology, it turned out to be
one of the most elusive conceptsthat in uenced studies ranging from human-computer interaction



to robotics. In the MACS project, we are interestedin how the concepta ordances can a ect our
view to autonomousrobot cortrol, and how the results obtained from autonomousrobotics can be
re ected badk 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 cortains, are good indicators of the a ordances that the environment
oers to arobot. A sphere-shagd balloon is more likely to be rollable than a cardboard box.
A knee-high at horizontal surfaceis 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 ervironment can be perceived, learned
and used on a mobile robot to discover the physical a ordances that the ernvironment o ers to
the robot. In this paper, we studied how a mobile robot, equipped with 3D range sensingability,
can perceiwe, learn and usethe traversability a ordance to wander in an ervironment lled with
di erent typesof objects that changethe traversability of the environment depending upon their
shape, size, and relativ e position and orientation with respect to the robot.

In the rest of the paper, we rst reviewthe useof a ordance conceptin autonomousrobotics. In
Section 3, we describe the robot platform and its simulator and de ne the a ordance of traversabil-
ity. The proposeda ordance-based perception, learning and control of the robot is presered in
Section4. Experimental results are reported and discussedn 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 cortrol and in uenced studiesin
this eld. The paralellism betweenthe theory of a ordances and reactive/b ehavior-basedrobotics
has already been pointed out(pp 244,[3;[4]). A similar parallelism also exists with studies carried
under the heading of action-oriented perception (pp. 267, [3]). These studies suggesteda \quali-
tativ e" represenation of the ervironment basedon the task/in tention at hand, and criticized the
classicalapproad to perception (particularly computer vision) which aimed to recover a metric
model of the ervironment [5].

Recerly, the relation betweenthe concept of a ordances and robotics has started to be ex-
plicitly discussed. Developmentalrokotics (or the closely related epigenetic rolotics) [6] treats
a ordances as a higher level concept, which a developing cognitive agert learns about by interact-
ing with the objectsin its environment [7]. There are alsoother studiesthat exploit how a ordances
re ect to high-level processesudc aslearning [8, 9], tool-use[10], or decision-making[11]. These
studiesthat focus on learning mainly tacklestwo major aspects. In oneaspect, a ordance learning
is referred to asthe learning of consequence®f a certain action in a given situation [7, 9, 10]. In
the other, studiesfocuson the learning of invariant properties of ervironments that a ord a certain
action [8] . Studiesin this latter group alsorelate thesepropertiesto the consequencesf applying
an action, but theseconsequencesare in terms of internal valuesof the agert, 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 correspondsto discovering the behavior sequenceshat result
in the robot arm binding to di erent kinds of objects whereaslearning tool a ordances corresponds
to discovering tool-behavior pairs that give the desirede ects. In this study the represenation of
the objects are said to be groundedin the behavioral repertoire of the robot, in the sensethat the
robot learnswhat it can do with an object using eact behavior. In [7], Fitzpatric k et al. alsostudy
learning of object a ordances in a developmertal framework. They divide the developmen of their
robot into three stages,secondof which corresponds to learning about external objects through
interaction. The main vision they setforth is that a robot can learn about what it can do with an
object only by acting onit, “playing’ with it, and observingthe e ects in the ervironment. For this
aim, they usefour actions of a robot arm (pull in, sidetap, push away, badk tap) on four di erent
objects (bottle, cube, toy car, ball). After applying ead of the actions on eac of the objects
seweral times, the robot learns about the roll-abilit y a ordance of these objects, by observing the
changesin the ervironment during the application of the actions. Then, when it needsto roll an
object, it usesthis knowledge.



In both Stoytchev's and Fitzpatric k et. al.'s studies, no assaiation 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 presernied with the very sameobject but this time a blue one, it would have no idea about
the a ordances of it, eventhough the color of the object have no real relevancein determining the
objects' a ordances. This shows the importance of learning about the relevant features of objects,
alongwith the e ects that can be created by acting on them, and building the assaiation between
thesetwo learned sets, sothat the robot can make predictions about the e ects it can create when
it is preseried with novel objects that it had not seenbefore.

In [12], it was proposedthat an a ordance can be represenied as a triple of (entity, action,
outcome) triple, whereentity represeried the perceptual represertation of the environment, It was
proposedthat, the learning of a ordances correspondsto the learning of bilateral relations between
three componerts of this represenation. Fritz et al. [13] demonstrated a system that learns to
predict the lift-abilit y a ordance for di erent objects. In this study, predictions are made based
upon features of object regions, like color, certer 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 mobility. 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 cortact with the environment, and
only heading open-spacesto traverse. In general, the proximity sensorsare employed to detect
whether there is an object or not. When such approachesare used,the robot's responsewould be
the samewhether it encourters 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
ernvironment whereasin another ervironment a similar surface may be a door that can just be
pushedto 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 ervironment, suc as traversability
for a mobile robot, can be learned. In particular, we studied how the physical properties of the
ernvironment, asacquiredfrom rangeimagesobtained from a 3D laserscannermounted on a mobile
robot platform, can specify the traversability a ordance.

3.1 The Kurt3D robot platform

Kurt3D is a medium-sized(45cm 33cm  47cm), dierential drive mobile robot, equipped with
a 3D laserrange nder ! (seethe left part of Figure ??). The 3D laserscanneris basedon a SICK
LMS 2002D laser scanner,rotated vertically with an RC-servo motor. The 3D laser scannerhasa
horizontal range of 180 , with a maximum resolution of 0:25 , and is able to sweepa vertical range
of 828 with aresolution of 0:23 . The scanneris capable of 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)?, an open-sourcephysicsengine. The sensorand actuator models are calibrated
against their real counterparts. Figure 1 shows a scenefrom the simulator and the range image
taken generatedby the simulated 3D laser scanner.

Thttp://www.ais.fraunhofer.d e/ARGKur t3D/
2http://o de.org/



Figure 1: Left: A snapshotfrom MA CSim showing the KURT3D robot facing two objects.
Its laser scannerplacedin the front part, takesthe range information of a 2D slice of the
environment at ead horizontal (pitch) angle. Right: The resulting rangeimage resenbles
a sheye image. In the given represertation of the range image, the range value of eat
laser beam direction is coded as gray-scale valuesin the image (closer points are darker,
and further onesare lighter).

3.2 Traversabilit y for Kurt3D

The ervironment is said to be traversablein a certain direction, if the robot (moving in that
direction) is not enforcedto 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 traversableevenif the object is
on robot's path, and a collision occurs. This point of view is quite di erent from classicalobject
avoidance approacheswhere any collision with any object is avoided.

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

rectangular boxes ( 1)) that are non-traversable,
spherical objects ( @) that are traversablesincethey could roll in all directions,
cylindrical objects

{ in upright position ((3) 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 dependson the location, orientation, and shape
of the objects in the ervironment. The robot should be able to perceiwe the features of the
ervironment related to the traversability a ordance, in order to learn these a ordances and use
them in cortrol. 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 separatedinto two phases. In the learning phase,the robot movesin an environment
containing one or more objects, and tries to learn the traversability of the ervironment. The robot
is provided with sewen simple hand-coded actions, which result in a movemert in sewven di erent
directions. For ead action the wheelspeedsare setto a certain value for a certain duration. One of
the actions makesthe robot go forward, while the others makesit turn to either sidewith di erent
angles. Along with ead action, the expected displacemen the robot is provided as its success
criteria. In the execution phasethe robot usesthe learned a ordances to navigate in dierent
ervironments.
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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 shovn in Figure 2. First, the image, with resolution 720 720, is
down-scaled by 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 eadh grid, a number of distance and shape related features are extracted.

The distance related features are chosenas the distancesof the closestand furthest points, as
well asthe 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 represeried 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 18intervals, and the rangeimageis split into 30 30
grids, sothat total number of featurescomputed over a downscaledrangeimageis 900 (3+2 18)=
35100where 3 correspondsto the three distance values (minimum, maximum, and mean) and the
multiplication by 2 correspondsto the two angle channels.

4.2 Learning

In the learning phasethe robot tries to learn a mapping between the environmental situations
and the results of its actions, by physically interacting with the environment. It perceiwes the
ernvironment executesan action, and recordsthe result of applying the action (successor failure)
and the feature vector that wasperceivedbeforethe executionof the action. This interaction occurs
in episades,in which all sewven actions are performedin the samecon guration of the ervironment.
After a number of episades, learning is conducted as a batch process.

Learning consists of two steps. In the rst, relevant features of the feature vector for eat
di erent action are selected. Next, a classi er is trained to learn a relation that maps an initial
value of the relevant featuresto 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 aimsto estimate
the quality of eadh 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 erent target values(categories). Thus, the weight of any feature
is increased,if it has similar valuesfor the samplesin samecategories,and it hasdi erent values
for samplesin di erent categories,especially for samplesthat seemto be very similar to eac 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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optimized to selectthe featuresthat give the best performanceon the classi er which is described
below.

Support Vector Machines (SVMs) 2 are used to classify features into a ordance categories
(traversable/non-traversable). Introduced by Vladimir and Vapnik in 1998 [17] as supervised
learning tools for classi cation problems,they are very robust in the face of noisy input, and able
to deal with large datasetsand input spaces.In SVMs, the optimal hyperplanethat separatestwo
classeds found, basedon the most informativ e points (also called the support vectors) in the data.
Although se\eral kernelsare proposedin literature to categorizelinearly non-separablesamples,we
useda linear kernel (with tolerance parameter set as 1) since more complex onesdid not increase
the performancein our case.

4.3 Control

The relevant featuresand classi ers learned for ead action are utilized in a basic control system
(Figure 3). The cortrol systemallows the robot to usethe a ordance knowledgeit has gained, in
an ervironment.

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. These perceived features
are supplied to the trained classi er (SVM) to predict whether the action is a orded or not. If the
immediate ervironment 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 were on the MA CSim simulator and the last one
on Kurt3D.

5.1 Learning to predict traversabilit y

The motivation behind theseexperimerts is to analyzethe discoveredrelevant featuresfor di erent
actions in detail, and evaluate the performance of the trained classi er. A total of 3000 episades
are executed on the simulator for ead action. In ead episade, 10 randomly selected objects
(among D, O, fj , (0 ) are scattered in [ 90 ;+90 ] of robot's frontal area. They are
placedwithin a certain distancein various orientations and sizes. In ead episade the featuresthat
are perceived and the result of the executedaction (successor failure) are recorded. 2000 of 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 ead action.

training data are then usedto learn the traversability a ordance for ead action, and the prediction
accuracyof the trained model is tested using the other 1000independert test data. After training,
the prediction accuracy of the trained SVM for all dierent 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
usingreliefF. A subsetof the featuresare then selectedby thresholding accordingto theserelevancy
weights. This threshold is optimized by selectingthe value that results in the best performance of
the SVM on the remaining 1000data (seeSection 4.2). With the optimized threshold, 100 400
featuresamong 35100are selectedto be relevant to perceiwve the traversability a ordance for eath
di erent 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 shovn, where darker areas
correspond to relevant grids, and lighter areascorrespond to irrelevant grids. Note that only certain
regions of the whole image is found to be relevant. Moreover, the relevant grids shift from left to
right with the direction of the movemert. For example, for the forward movemert, only the grids
which locate in the middle of the range image are relevant.

In order to analyze which features were discoveredto be relevant, the relevancy is examined
by grouping featuresasi) 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-
ity aordance. Although [ and (3 have horizontally dierent shapes, they have the same
traversability a ordance. On the other hand, the vertical shape distinguishesthe traversabilities
of (D, O, and

5.2 Wandering using tra versabilit y

The relevant feature knowledgeand the trained classi er from the previous sectionis also usedto
test the cortrol system preserted in Figure 3. The simulated robot is placed in a virtual room
cluttered with objects of di erent sizesand types. The trajectory of the robot in such a room,
with 40 objects included, is shavn 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 decreasessthe actions divergeto
the sides. So, the robot makesa 3D scan of the ervironment and predicts if the forward action
is aorded or not. If the action is a orded according to the learned model the robot executes
the action, if not, it asksfrom the motivation module for a lower priority action and repeats
the processuntil it nds an aorded action. If none of the actions are a orded accordingto 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 instancesare identied in
Figure 5 and their corresponding snapshotsare shonn on the right side of the same gure. As
shown in the gure, the robot successfullywanders in the ervironment. Note that the robot
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Figure 5: On the left: The courseof the robot resulting from the execution of the cortroller
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 trajectory 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, sothe robot made a random turn.
Note the slight di erence between(c) and (d), whererobot wasableto nd out the small
open-spaceon the left in (c).



doesnot only drive towards the open-spaceshut if a higher priorit y action requiresit, the robot
choosesto drive towards spherical and cylindrical objects in appropriate orientations, sincethey
aord traversability. It alsosuccessfullyavoids boxesand upright cylindrical objects by not driving
towards them.

5.3 Generalization of traversabilit y for novel objects

In this section, the generalization capability of the systemwhen encourtered with novel objects is
analyzed. Sincesuch a training should be donein 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 typesof objects, sothat the a ordance prediction for novel situations can be evaluated.
In both training and testing, only one object is placedin front of the robot, and the forward action
is executed.

After beingtrained in the constrainedlearning space,eacdh 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 sampleis placed both in training and testing setsin any situation. When
there is an overlap in object typesin training and testing sets, samesampleis not allowed to be
placedin 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 obsened.

In casel, sinceno training takes place, every situation is predicted to be non-traversable.
Thus, all situations with [Dand [ are predicted correctly whereassituations with QO are
predicted wrongly. The right-most column shows that in 53:4% of the situations of (1, are
predicted correctly which indicates that in the test set, (0 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 caseb, the robot is trained with only (D, yet it is able to predict the a ordances of all
other object typesthat are not included in training set with high accuracy We obtained
such a good generalization performance, since the robot made interactions with dierent
sidesof (C0, 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(J is included in the training of these cases.

Caseb alsoprovidessimilar results. In this case, [(Dand © areincluded in the training set,
where traversability is never a orded and always a orded, respectively. Sincethis training
set includes samplesfor both successand fail, the a ordances of novel objects ((C30 and

) are correctly predicted.

One may also notice that the inclusion of [TJin case16, doesnot changethe performance
obtained in case15. This meansthat in the training set, none of sampleswith [TJ are
included in the support vector which determinesthe hyperplane usedin prediction. On the
other hand [T certainly hasan e ect, sinceits inclusion changesthe prediction regarding (0
, when comparedto casel3.

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 ernvironment object like trash bins,
and PC casesare then placedin front of Kurt3D to test the performance of the cortroller. Two
sets of experiments are then conducted, using boxesin 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 placedin di erent distancesand angles.

The e ect of the rotation of (D cylinders are alsostudied in real world experiments (Figure 7).
The robot is found to be successfuin predicting the a ordances in various orientations. Without



Table 1: Generalization performanceof the learned model.
The left-most two columns shonv 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 sample set, where ead set cortains only one object type. For eah
of the given training set, and test object, the accuracy of the learned model's predictions
are given in the rest of the table.

Case Training object types | Accuracy in prediction (%)
mg] ) 0D | o
100| O 100| 53.4
1] 100| O 100| 53.4
(<) 0 100| O 46.6
a 100| O 100| 53.3
100| 83.8 100| 94.7
s (<) 100/ 100| 100| 86.4
3] u] 100| O 100| 53.4
9] o 100| 83.8 100| 95.6
(€] u] 99.2 100| 100| 85.9
100| 100| 100| 93.8
100| 83.8 100| 94.7

O ONOO| OB~ WN -
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0

=
=
o
g

12 o © 0 100| 100| 100| 86.4
13 | o ) o | 100| 100| 100| 95.6
14 | o @ o |100|83.4 100| 95.6
15 © 0 o |100| 100| 100| 94.7
16 | o © 0 o |100| 100| 100| 94.7

~NX KL 7~ <N\ X717~
sNX?tV /17~

Figure 6: Kurt3D facing a box. Basedon the bearing and proximity of the box, Kurt3D
was able to eliminate the non-a orded actions.
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Figure 7: Kurt3D facing a garbage bin on the ground. Based on the orientation and
proximity of the garbagebin, Kurt3D was able to eliminate the non-a orded actions.

(a) (b) ()
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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 these situations.

Lastly, the perception of the a ordances of the apertures in dierent widths are studied.
It was obsened 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. Sincethe traversability depends
on the location of the objects and their geometrical properties, range imagesare usedto perceive
the physical a ordances of the immediate ervironment. A simple perceptual represeriation is
proposed,where intermediate high-level processesik e 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 erent actions, andii ) the a ordances provided. The prediction accuracyin
perceivingthe traversability a ordances of the ervironment, which include seweral boxes, cylinders,
and spheresis found to be around 95%. Furthermore, it is presened 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 cortrolled with a simple motivation system. In this
ernvironment, the robot was able to traversethe environment, by successfullyselectingits actions
basedon the perceived a ordances. In the next experiment set, the generalization performance of
the learned a ordance basedperception systemis analyzed. It is shown that the robot was able
to perceiwe the traversability a ordances of the novel objects that it has never seenbefore. In the
last set of experimernts, the a ordance-based action selection schemethat 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 represenation level, and the robot has no awarenessof its own
body dimensions,it is able to perceiwe 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 preserted 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 ervironment,
are usedfor sensing. Second,we proposeda perceptual represenation which represerts the shape
and orientation information in a proper way for learning. Third, we performed a more complete
and comprehensie 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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