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Abstract. We present a method for utilising knowledge of qualitativatsp rela-
tions between objects in order to facilitate efficient vissearch for those objects.
A computational model for the relation is used to sample a priihadistribution
that guides the selection of camera views. Specifically wenixathe spatial rela-
tion “on”, in the sense of physical support, and show its uisefss in search exper-
iments on a real robot. We also experimentally compare diffexearch strategies
and verify the efficiency of so-called indirect search.
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Introduction

The ability to find objects in a 3D world is an important item @mobile robot’s skill
repertoire. Previous work on object search stems mainiy fitee field of computer vi-
sion. Ideally a robot with a specific task of locating an obgwuld make use of all the
bits and pieces of evidence; be it from an overheard dialogueget object’s class lim-
iting the search to a specific region (e.g. forks are usuallyé in kitchen) or a known
spatial relation between the target and some other entitpeSvork concentrates on lo-
cating the target in the image, thus assuming that the tergéteady in the field of view
[7]. Others investigate algorithms for covering a known cevously unknown world
efficiently [1,5,8,9,10].

One powerful idea which naturally involves integration dfiltiple cues isndirect
search[3]. Indirect search is about first looking for an intermediabject in order to
find the target object by exploiting the relation betweenftirener and the latter. This
can be exemplified by first searching for the larger and e#sidetect whiteboard, and
then looking for the pen next to it. To be practical, the systeeeds to make a decision
on which approach to choose based on some criteria. Alththighis a simple idea,
accomplishing it by fusing multiple types of cues can pravée hard and is not yet in
place in the previous work.

The novelty of this paper is given by an investigation of tbkofving question: Is
it possible to make use of spatial relations in order to aidadita robot tasked with
finding an object? For this particular work we have chosemvestigate the relation of
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physical support, i.eon. We introduce a computational perceptual model for the ighi/s
support relation, and show how algorithms using this modael significantly increase
the efficiency of visual object search, illustrating thettacough real world experiments.
In this way, we believe that the work presented here takesra principled approach
towards indirect search compared to previous work.

1. Spatial Relations as functions

Spatial relations between entities are important in hungnition, as evidenced by
the prolific use of spatial prepositions in language, in baihcrete and metaphorical
contexts. Here, we are interested in using the informataried by a relation between
two objectsA and B, together with the location of one of them, for the purpose of
locating the other efficiently.

We regard a spatial relation as a function, dependent onlifeets involved, from
the space of all the objects’ possible poses, to the int¢dya):

Rap:{ma, 75} —[0,1] Q)

wherel represents that the relation is completely fulfilled by tbegcombination, and
0 that the relation does not apply at all. The resulting vatlespite being in the range
[0, 1], is not a probability. However, it is possible to obtain almbility distribution over
poses implicitly from this function, as shown below.

1.1. ON

As a good example of a spatial relation that will be usefubfoobot in a search scenario,
we have chosen “on”. “On” is one of the most fundamental pséfmms in the English
language, and represents a highly relevant functionaioekhip between many objects
in our environment [4,6]; thus, a robot will often have infation about an object’s
location in terms of it being “on” something else — this infation could come from
dialogue with humans, from commonsense rules for the typielaaviour of objects, or
from a statistical model learned from experience over time.

The central functional aspect of the word “on” is th@pportthat one object gives
another. Humans learn to judge this with experience, méatipg and observing; for
now, robots must rely on short-cuts. We therefore proposaeeptual geometric model
intended to estimate how well the relation between two dbjeorresponds to one of
support. The model is defined using the following criteéledenotes thé&rajector object,
i.e. the object that is “on” the other, aithe support object dandmark. The proposed
function is termed @(O, S). The criteria are illustrated in Figure 1; they are:

e Separation between objectd. d can be positive or negative, negative values
meaning that objects are, or seem to be, interpenetrating.
In order for an object to mechanically support another, eyt be in contact.
Due to imperfect visual input and other errors, howevertacimay be difficult
to ascertain precisely. Hence, to create a soft constthimtapparent separation
is used as a penalty.



Figure 1. Key features used in computation of\OSeparationi, COM offsetl, contact anglé and contact
thresholdd. The gray area represents the contact.

e Horizontal distance between COM and contdctit is well known that a body
O is statically stable if its center of mass (COM) is above itsaaof contact
with another objectS; the latter object can then take up the full weight of the
former. Thus we impose a penalty o:v(@, .S) that increases with the horizontal
distance from the contact area to the COMfThe contact area is taken to be
that portion ofS’s surface that is within a thresholdl, of O, in order to deal with
the uncertainties described abovedlIf> §, the point onS closest toO is used
instead; otherwisd, is the positive distance to the outer edge of the contact area
if outside it, and the negative distance if inside.

e Inclination of normal forced — the angle between the normal of the contact be-
tweenO and S on the one hand, and the vertical axis on the other. The reason
for including this is that, all other things being equal, tteemal force decreases
as the cosine of, meaning the weight a® must be either supported by another
object or by friction (or adhesion).

All these values can be computed from visual perceptioniimcggle. The position
of the COM is taken as the average point of the objects’ gegnigince density cannot
be determined by vision), unless otherwise known in advance

The first criterion is evaluated as tbestance factoin an exponential function:

) S _ d
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whered, is the falloff distance at which @drops by half:

_J=dy,d<0
do_{ df,d>=0

The constantg, andd: are both greater thahand can have different values (repre-
senting the penalty for the penetrating and nonpenetratisg, respecively).
The latter two criteria make up tleontact factor

1+ exp(—(1—-10))
Urew(— (2 ) ©

Here,l ..« IS the maximum possible distance an internal point can haénthe contact
area, and is an offset parameter.

ONcontact (O, S) = sin@ -




The exact expressions for the factors (2) and (3) are notaldmre; what matters
is that they yield the applicability 1 for the ideal case fack criterion, and drop off to
0 as the criterion is violated, while being “soft” in orderkie robust to error.

The values are combined by choosing whichever factor islesmahdicating the
greater violation of the conditions for support:

ON(O, S) = min(ONcontacta ONdistance) (4)
1.2. Probability modelling

Although the conceptualization above does not explicitakenuse of any probabilities,
it is obvious that the fact of an object beingu@nother is not sufficient to recover the
exact pose of the trajector. A probability distribution opeses can be produced in the
following way:

Given the pose and geometry of the landméiyland the geometry (but not the pose)
of the trajectoiO, each possible posefor the trajector yields a value of \@O,., S) for
that pose.

It is now possible to introduce probabilities in the followi way. Introduce a
true/false evenOn (0, S) signifying that v(O, S) > ¢ wheret is a threshold. Then,

(On(OmS)IW)p( ) _
_ [oN(oﬂ,s > t]p()

t]
p(On(Ox, S))

Here[] denotes the Iverson bracket:

1,if X is TRUE
[X] = {0, otherwise

In other words, the probability is simply proportional te@thrior for the pose whenever
ON(O,S) > t, and 0 elsewhere. Though it may be hard to express thishiistn
analytically, by drawing samples randomly frgifir), discarding those failing to reach
the threshold, and normalising over the remainder, anrariijt good approximation can
be found. In the following, we usetavalue of 0.5.

Figure 2 shows simulated examples of distributions samgdedrding to the above.
2(c) showschainedsampling: an object is @ another, which is @ the table, but both
have unknown poses. First the bottom object is sampled,@rehth sample that passes
the threshold, the top object is sampled in turn. The uniceiga of both objects add up,
resulting in a more diffuse point cloud at a greater heiglavelihe table.

2. Object Search

The goal of the object search process performed by a molbiet ie to calculate a set
of sensing actions with minimum cost which brings the tagjséct, in whole or partly,
into the sensor field of view so as to maximize the target algjetection probability.



(a) Object on table (b) Object on box (c) Object on box on table

Figure 2. Simulated examples of sampled distributions of O

Here we briefly give a formulation of the object search problesing the notation
of [10]. Let ¥ be the2 D search region whose structure is knosvpriori. To discretize
the search region¥ is tessellated into identically sized cells,..c,. The area outside
of the search region is represented by a singlecgel\ sensing action is then defined
as taking an image o¥ from a view pointv and running a recognition algorithm to
determine whether the target objeds present or not. In the general case, the parameter
set ofs consists of camera positidn.., y., z.), pan-tilt anglegp, t), focal lengthf and
a recognition algorithma; s = s(z., y., zc, p, t, a). The cost of a search plath= sg...s;
is then given ag’'(.9).

A search agent starts with an initial probability distribat (PDF) on target object
location overd. We assume that there is exactly one target object in thea@ment
either inside or outside the search region. This means liralbs will be dependent and
every sensing action will influence the values of all cellst & be a successful detection
event andy; the event that the center ofis atc;. The probability update rule after each
s with a non-detection result is then:

P(ai)(1 — p(Blai))
p(ao) + 27—, Play)(1 — p(Bley))

p(ail=p) = (6)

Note that fori = 0, p(8|e;) = 0, i.e. we cannot make a successful detection if
the object is outside the search region . Therefore aftdr sansing action with a non-
detection result the probability mass insifleshifts towards:, and the rest oft which
was not in field of view.

2.1. Next best view selection

The next step is to define how to select the best next view giveBF. First, candidate
robot positions are generated by randomly picking samptes the traversable portion
of W. This results in several candidate robot poses each wititeded view cones. For
a given camera, the length of the view cone is given by thetgsedistance at which the
object can reliably be detected, which depends on the sitteeaibject.

The next best view point is then defined as:

argmax Y p(ei)V(ci, ) ()

j=1.N

WhereN is the number of candidate view points a¥ids defined as:



1, if ¢; is inside of thej™ view cone
V= .
0, otherwise

3. Experiments
3.1. Implementation Details

The robot used in our experiments is a Pioneer Il wheeleatrobquipped with a
Hokuyo URG laser range finder and a stereo camera (with no zapability) mounted
on a pan-tilt unit at 1.4 m above the ground. The system uskak&Smplementation [2]
for localization and mapping and builds an occupancy grigllesed on laser data. The
experiments were carried out in a mock-up living room (Fég8). Two planar objects
— a low table and a large desk — were present in the experiiremei@ and their poses
known to the system. The detectable objects used were adardboard box and small
rice carton (see Figure 4). Preparatory experiments shtvatthe threshold distance, at
which the objects were detected at least 75% of the time, wasad 4 m for the small
and the large object, respectively. These were the maxinistantes used in the view
cone generation (see Section 2.1).

Figure 3. Experimental environment and robot platform

During experiments, the larger box and the rice carton wiareeg randomly on one
of the tables, at a 50% chance for each. In order to minimieebths, different people
from our lab, unconnected with the research, were askedutahe box on the table/desk
and rice carton on the box”. The objects were free to be plateahy orientation and
pose provided they are placed on their physical supporttbje

In order to assign a prior to the grid cells (Section 2) we gateel random samples
as described in Section 1.2 and used KDE. 150 samples thregtgte threshold © >
0.5 were convoluted with a simple 2D Epanechnikov kernel:

K(u)=c- (1 —u?)

with a kernel radius chosen to be 0.2 m. The resulting gridttvas normalized.



Figure4. Test objects: “rice” and “printer”

The object search was carried out as described in Sectione?inttial information
given to the system was:

1. Thea priori probability that the object sought was in fact in the room gi@en
at 80% (i.ep(cp) = 0.2).

2. The “rice” object was @ the “printer” object with 100% certainty.

3. The “printer” object was @ either the table or the desk, each with 50% proba-
bility.

When the best next view was decided on, the robot moved to thespmnding position
and orientation. 25 pose samples for the target object @ithabove the threshold 0.5)
were then obtained from the region of the view cone, and thairage used to set the tilt
angle of the camera in order to capture the most likely olfjeiht.

Object detection and pose estimation was done using prayitiained SIFT fea-
tures. The generation and processing of new views was kephtilpeither the “rice”
object was found, or until the search was considered to hailedf The criterion for
failure was a posterior probability of 70% that the objecswt inside the room. We
performed three types of searches utilising the prior mfation to varying degrees; un-
informed search, chained inference with 2 relations antentisearch with 2 relations.
In the following we will denote the rice carton Byand the cardboard box 18

3.2. Chained inference with 2 relations

In this test, the information given was th&twas ON a table, and thatl was ON B, but
otherwiseA and B had unknown poses. The robot is tasked to look directly4oBy
making use of the a priori information via chained infereraedescribed in Section 1.2,
a probability distribution was sampled fdfs pose, and visual search was planned using
this distribution directly. Figure 5 shows the robot pragieg a view during this search.
Note the tilt of the camera, illustrating the robot’s exjagictn for the vertical position of
the object, given that it is supposed to be on top of the ldvgzr

3.3. Indirect search with 2 relations

In this scenario, the robot exploits the position of the treddy more easily detectable
B to find A. The initial information provided to the robot is the samaraSection 3.2.
However, this time the system first sampled the distributib® (given that it was on a
table) and performed the visual search fbbased on the resulting probability distribu-



Figure 5. Chained inference, direct search: While searching for tte carton, the robot looks towards the
height of the target object had it been on top of the large txjeab.

(b)

Figure 6. (a) The robot first finds the cardboard box which can be dedezasily as opposed to rice carton.
(b) Once the cardboard box is found, the search space idygredticed and the rice carton is found with the
next view.

tion. Only if and whenB was found did the system compute the distributiomafsing
this new data, using that distribution in its turn to perfaurfocused search fot. Note
that by findingB and generating possible poses fbthe robot reduces the search space
significantly. The experimental results also bear this Bigure 6 shows the robot as it
detects the larger box at a distance, then closes to locat&ite” object at a distance
where the model indicates that detection is likely.

3.4. Uninformed search

As a baseline, we ran the algorithm without utilising theoimfiation in the spatial rela-
tion. Thus, item 3 in the above list afpriori knowledge was not used. Instead, the visual
search forB used a prior PDF that simply assigned a uniform probabitityttie object to

all obstacles registered by the laser scanner. In lieu of¢hical information otherwise
provided by the spatial relation, the camera instead titbealset sequence of: down<30
straight forward, and up 30When theB object was detected, the conditioned probabil-



Mode % succesg Avg. # views, failure| Avg. # views, success
Direct chained | 73 5 5

Indirect chained| 93 5 2

Uniform 46 17 10

Figure 7. Results of experimental evaluation

ity for A was used as in 3.3. The reason for not conducting an unintbsm&rch directly
for A over the whole space is that this proved infeasible in erpemis, as the number
of view points invariably exceeded our limit 26. The fail search criterion was also not
met because the smaller view cones resulting from the dbguialler size shifted little
of the probability mass out towarggc, ), the probability that the target object is outside
of the search space. This is in contrast to the larger “candmbject where after each
non-detection a substantial amount of probability massetbteward(cy).

3.5. Results

For each of 15 different object configuration, all three typésearches were performed
for a total of 45 runs. We present the results of our expertmienTable 7.

By comparing uniform and direct search, the advantage ofjusie spatial relation
knowledge is evident. Ignoring the information that thentet box is on the table leads
to unnecessary views of the walls and other irrelevant aletaAlso the lack of vertical
position information necessitates redundant image psirngss the camera goes through
3 tilt angle settings in order to ensure vertical coverage.

The difference in performance between indirect and direatch illustrates the use-
fulness of indirect search, even when the spatial relattwagaken into account fully.
Chained sampling allows the robot to directly create a podiyarepresentation for the
sought object, bypassing the search for the larger objetpesviding an approximate
height at which to aim the camera; nevertheless, the snzallafithe object means that
many views may be necessary to cover a large area . HoweVer indirect search case,
once the larger object is located then the search spacea#iygreduced and typically
the target object is found within the next view or two.

4. Conclusions

We have proposed a way in which spatial relations, in the fwirapplicability functions,
can be used to aid in visual object search. We suggested egbeat geometrical model
that approximates the core meaning of the topological migipa “on”, i.e. the notion
of support. In experiments on real robot, running autonshowe have shown the
advantages to being able to incorporate information abappart into a visual search
framework:

e Knowing that a relation holds between an object of known s one of un-
known pose allows for limiting the 2D space over which to sbdor the latter.

e Indirect search can help with the localization of a smallgeot, by allowing the
search to start with a larger, easier-to-detect object.

e The support property can be used to guide the search in thiealetimension.



The results reinforce the notion that indirect search isedulsnethod in active visual
search; our contribution here is the expression of how @udisearch is done in con-
junction with qualitative spatial relations, as well as Hpecific instantiation using the
ON relation.

5. Discussion

In this work, experiments were relatively limited in scopelaserved only to compare
different search modes with each other. One avenue of igatien is to vary the param-
eters of the objects involved; for example, changing theadtaristics of the involved
objects to find the threshold where indirect search beconwe wostly than chained
search.

The inclusion of other qualitative relations is anotheeiesting direction for further
research; especially other topological relations suchirds “near”, and “at”, as these
are all to some extent objective and functional in nature.

The search problem formulation used herein is also ratheplistic, counting the
cost of a search merely in the number of views processed. arhaufation also presup-
poses a “one-shot” visual system, as opposed to a contimgalThe visual search al-
gorithm would necessarily change under a different proldienmulation; however, the
way spatial relations are included in the solution need rahbch changed, we believe.
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