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Abstract. We present a method for utilising knowledge of qualitative spatial rela-
tions between objects in order to facilitate efficient visual search for those objects.
A computational model for the relation is used to sample a probability distribution
that guides the selection of camera views. Specifically we examine the spatial rela-
tion “on”, in the sense of physical support, and show its usefulness in search exper-
iments on a real robot. We also experimentally compare different search 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 ona mobile robot’s skill
repertoire. Previous work on object search stems mainly from the field of computer vi-
sion. Ideally a robot with a specific task of locating an object should make use of all the
bits and pieces of evidence; be it from an overheard dialogue, target object’s class lim-
iting the search to a specific region (e.g. forks are usually found in kitchen) or a known
spatial relation between the target and some other entity. Some work concentrates on lo-
cating the target in the image, thus assuming that the targetis already in the field of view
[7]. Others investigate algorithms for covering a known or previously unknown world
efficiently [1,5,8,9,10].

One powerful idea which naturally involves integration of multiple cues isindirect
search[3]. Indirect search is about first looking for an intermediate object in order to
find the target object by exploiting the relation between theformer and the latter. This
can be exemplified by first searching for the larger and easier-to-detect whiteboard, and
then looking for the pen next to it. To be practical, the system needs to make a decision
on which approach to choose based on some criteria. Althoughthis is a simple idea,
accomplishing it by fusing multiple types of cues can prove to be hard and is not yet in
place in the previous work.

The novelty of this paper is given by an investigation of the following question: Is
it possible to make use of spatial relations in order to aid a mobile robot tasked with
finding an object? For this particular work we have chosen to investigate the relation of
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physical support, i.e.on. We introduce a computational perceptual model for the physical
support relation, and show how algorithms using this model can significantly increase
the efficiency of visual object search, illustrating the fact through real world experiments.
In this way, we believe that the work presented here takes a more principled approach
towards indirect search compared to previous work.

1. Spatial Relations as functions

Spatial relations between entities are important in human cognition, as evidenced by
the prolific use of spatial prepositions in language, in bothconcrete and metaphorical
contexts. Here, we are interested in using the information carried 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 on the objects involved, from
the space of all the objects’ possible poses, to the interval[0, 1]:

RA,B : {πA, πB} → [0, 1] (1)

where1 represents that the relation is completely fulfilled by the pose combination, and
0 that the relation does not apply at all. The resulting value,despite being in the range
[0, 1], is not a probability. However, it is possible to obtain a probability distribution over
poses implicitly from this function, as shown below.

1.1. ON

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

The central functional aspect of the word “on” is thesupportthat one object gives
another. Humans learn to judge this with experience, manipulating and observing; for
now, robots must rely on short-cuts. We therefore propose a perceptual geometric model
intended to estimate how well the relation between two objects corresponds to one of
support. The model is defined using the following criteria (O denotes thetrajectorobject,
i.e. the object that is “on” the other, andS the support object orlandmark). The proposed
function is termed ON(O,S). The criteria are illustrated in Figure 1; they are:

• Separation between objects, d. 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, theymust be in contact.
Due to imperfect visual input and other errors, however, contact may be difficult
to ascertain precisely. Hence, to create a soft constraint,the apparent separation
is used as a penalty.
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Figure 1. Key features used in computation of ON: Separationd, COM offsetl, contact angleθ and contact
thresholdδ. The gray area represents the contact.

• Horizontal distance between COM and contact, l. It is well known that a body
O is statically stable if its center of mass (COM) is above its area of contact
with another objectS; the latter object can then take up the full weight of the
former. Thus we impose a penalty on ON(O,S) that increases with the horizontal
distance from the contact area to the COM ofO. The contact area is taken to be
that portion ofS’s surface that is within a threshold,δ, of O, in order to deal with
the uncertainties described above. Ifd > δ, the point onS closest toO is used
instead; otherwise,l is the positive distance to the outer edge of the contact area
if outside it, and the negative distance if inside.

• Inclination of normal force, θ – the angle between the normal of the contact be-
tweenO andS on the one hand, and the vertical axis on the other. The reason
for including this is that, all other things being equal, thenormal force decreases
as the cosine ofθ, meaning the weight ofO must be either supported by another
object or by friction (or adhesion).

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

The first criterion is evaluated as thedistance factorin an exponential function:

ONdistance(O,S) , exp

(

−
d

d0(d)
ln 2

)

(2)

whered0 is the falloff distance at which ON drops by half:

d0 =

{

−d−0 , d < 0
d+

0 , d >= 0

The constantsd−0 andd+

0 are both greater than0 and can have different values (repre-
senting the penalty for the penetrating and nonpenetratingcase, respecively).

The latter two criteria make up thecontact factor:

ONcontact(O,S) , sin θ ·
1 + exp(−(1 − b))

1 + exp
(

−
(

−l
lmax

− b
)) (3)

Here,lmax is the maximum possible distance an internal point can have within the contact
area, andb is an offset parameter.



The exact expressions for the factors (2) and (3) are not central here; what matters
is that they yield the applicability 1 for the ideal case for each criterion, and drop off to
0 as the criterion is violated, while being “soft” in order tobe robust to error.

The values are combined by choosing whichever factor is smaller, indicating the
greater violation of the conditions for support:

ON(O,S) , min(ONcontact, ONdistance) (4)

1.2. Probability modelling

Although the conceptualization above does not explicitly make use of any probabilities,
it is obvious that the fact of an object being ON another is not sufficient to recover the
exact pose of the trajector. A probability distribution over poses can be produced in the
following way:

Given the pose and geometry of the landmarkS, and the geometry (but not the pose)
of the trajectorO, each possible poseπ for the trajector yields a value of ON(Oπ, S) for
that pose.

It is now possible to introduce probabilities in the following way. Introduce a
true/false eventOn(O,S) signifying that ON(O,S) > t wheret is a threshold. Then,

p(π|On(Oπ, S)) =
p(On(Oπ, S)|π)p(π)

p(On(Oπ, S))
= (5)

=
[ON(Oπ, S) > t]p(π)

p(On(Oπ, S))

Here[] denotes the Iverson bracket:

[X] =

{

1, if X is TRUE

0, otherwise

In other words, the probability is simply proportional to the prior for the poseπ whenever
ON(Oπ, S) > t, and 0 elsewhere. Though it may be hard to express this distribution
analytically, by drawing samples randomly fromp(π), discarding those failing to reach
the threshold, and normalising over the remainder, an arbitrarily good approximation can
be found. In the following, we use at value of 0.5.

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

2. Object Search

The goal of the object search process performed by a mobile robot is to calculate a set
of sensing actions with minimum cost which brings the targetobject, in whole or partly,
into the sensor field of view so as to maximize the target object detection probability.



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

Figure 2. Simulated examples of sampled distributions of ON

Here we briefly give a formulation of the object search problem using the notation
of [10]. Let Ψ be the2D search region whose structure is knowna priori. To discretize
the search region,Ψ is tessellated into identically sized cells,c1...cn. The area outside
of the search region is represented by a single cellc0. A sensing actions is then defined
as taking an image ofΨ from a view pointv and running a recognition algorithm to
determine whether the target objecto is present or not. In the general case, the parameter
set ofs consists of camera position(xc, yc, zc), pan-tilt angles(p, t), focal lengthf and
a recognition algorithma; s = s(xc, yc, zc, p, t, a). The cost of a search planS = s0...si

is then given asC(S).
A search agent starts with an initial probability distribution (PDF) on target object

location overΨ. We assume that there is exactly one target object in the environment
either inside or outside the search region. This means that all cells will be dependent and
every sensing action will influence the values of all cells. Letβ be a successful detection
event andαi the event that the center ofo is atci. The probability update rule after each
s with a non-detection result is then:

p(αi|¬β) =
p(αi)(1 − p(β|αi))

p(α0) +
∑n

j=1
p(αj)(1 − p(β|αj))

(6)

Note that fori = 0 , p(β|αi) = 0, i.e. we cannot make a successful detection if
the object is outside the search region . Therefore after each sensing action with a non-
detection result the probability mass insideΨ shifts towardsc0 and the rest ofΨ 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 givena PDF. First, candidate
robot positions are generated by randomly picking samples from the traversable portion
of Ψ. This results in several candidate robot poses each with associated view cones. For
a given camera, the length of the view cone is given by the greatest distance at which the
object can reliably be detected, which depends on the size ofthe object.

The next best view point is then defined as:

argmax
j=1..N

n
∑

i=1

p(ci)V (ci, j) (7)

WhereN is the number of candidate view points andV is defined as:



V =

{

1, if ci is inside of thejth view cone
0, otherwise

3. Experiments

3.1. Implementation Details

The robot used in our experiments is a Pioneer III wheeled robot, equipped with a
Hokuyo URG laser range finder and a stereo camera (with no zoomcapability) mounted
on a pan-tilt unit at 1.4 m above the ground. The system uses a SLAM implementation [2]
for localization and mapping and builds an occupancy gridmap based on laser data. The
experiments were carried out in a mock-up living room (Figure 3). Two planar objects
– a low table and a large desk – were present in the experimental area, and their poses
known to the system. The detectable objects used were a largecardboard box and small
rice carton (see Figure 4). Preparatory experiments showedthat the threshold distance, at
which the objects were detected at least 75% of the time, was 1m and 4 m for the small
and the large object, respectively. These were the maximum distances 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 were placed randomly on one
of the tables, at a 50% chance for each. In order to minimize the bias, different people
from our lab, unconnected with the research, were asked to “put the box on the table/desk
and rice carton on the box”. The objects were free to be placedin any orientation and
pose provided they are placed on their physical support object.

In order to assign a prior to the grid cells (Section 2) we generated random samples
as described in Section 1.2 and used KDE. 150 samples that passed the threshold ON >

0.5 were convoluted with a simple 2D Epanechnikov kernel:

K(u) = c · (1 − u2)

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



Figure 4. Test objects: “rice” and “printer”

The object search was carried out as described in Section 2. The initial information
given to the system was:

1. Thea priori probability that the object sought was in fact in the room wasgiven
at 80% (i.e.p(c0) = 0.2).

2. The “rice” object was ON the “printer” object with 100% certainty.
3. The “printer” object was ON either the table or the desk, each with 50% proba-

bility.

When the best next view was decided on, the robot moved to the corresponding position
and orientation. 25 pose samples for the target object (withON above the threshold 0.5)
were then obtained from the region of the view cone, and theiraverage used to set the tilt
angle of the camera in order to capture the most likely objectheight.

Object detection and pose estimation was done using previously trained SIFT fea-
tures. The generation and processing of new views was kept upuntil either the “rice”
object was found, or until the search was considered to have failed. The criterion for
failure was a posterior probability of 70% that the object was not inside the room. We
performed three types of searches utilising the prior information to varying degrees; un-
informed search, chained inference with 2 relations and indirect search with 2 relations.
In the following we will denote the rice carton byA and the cardboard box byB.

3.2. Chained inference with 2 relations

In this test, the information given was thatB was ON a table, and thatA was ON B, but
otherwiseA andB had unknown poses. The robot is tasked to look directly forA. By
making use of the a priori information via chained inference, as described in Section 1.2,
a probability distribution was sampled forA’s pose, and visual search was planned using
this distribution directly. Figure 5 shows the robot processing a view during this search.
Note the tilt of the camera, illustrating the robot’s expectation for the vertical position of
the object, given that it is supposed to be on top of the largerbox.

3.3. Indirect search with 2 relations

In this scenario, the robot exploits the position of the relatively more easily detectable
B to find A. The initial information provided to the robot is the same asin Section 3.2.
However, this time the system first sampled the distributionof B (given that it was on a
table) and performed the visual search forB based on the resulting probability distribu-



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

(a) (b)

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

tion. Only if and whenB was found did the system compute the distribution ofA using
this new data, using that distribution in its turn to performa focused search forA. Note
that by findingB and generating possible poses forA the robot reduces the search space
significantly. The experimental results also bear this out.Figure 6 shows the robot as it
detects the larger box at a distance, then closes to locate the “rice” 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 the information in the spatial rela-
tion. Thus, item 3 in the above list ofa priori knowledge was not used. Instead, the visual
search forB used a prior PDF that simply assigned a uniform probability for the object to
all obstacles registered by the laser scanner. In lieu of thevertical information otherwise
provided by the spatial relation, the camera instead tiltedto a set sequence of: down 30◦,
straight forward, and up 30◦. When theB object was detected, the conditioned probabil-



Mode % success 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 uninformed search directly
for A over the whole space is that this proved infeasible in experiments, as the number
of view points invariably exceeded our limit of20. The fail search criterion was also not
met because the smaller view cones resulting from the object’s smaller size shifted little
of the probability mass out towardsp(c0), the probability that the target object is outside
of the search space. This is in contrast to the larger “cardboard” object where after each
non-detection a substantial amount of probability mass flowed towardsp(c0).

3.5. Results

For each of 15 different object configuration, all three types of searches were performed
for a total of 45 runs. We present the results of our experiments in Table 7.

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

The difference in performance between indirect and direct search illustrates the use-
fulness of indirect search, even when the spatial relationsare taken into account fully.
Chained sampling allows the robot to directly create a probability representation for the
sought object, bypassing the search for the larger object and providing an approximate
height at which to aim the camera; nevertheless, the small size of the object means that
many views may be necessary to cover a large area . However in the indirect search case,
once the larger object is located then the search space is greatly reduced 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 formof applicability functions,
can be used to aid in visual object search. We suggested a perceptual geometrical model
that approximates the core meaning of the topological preposition “on”, i.e. the notion
of support. In experiments on real robot, running autonomously, we have shown the
advantages to being able to incorporate information about support into a visual search
framework:

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

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

• The support property can be used to guide the search in the vertical dimension.



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

5. Discussion

In this work, experiments were relatively limited in scope and served only to compare
different search modes with each other. One avenue of investigation is to vary the param-
eters of the objects involved; for example, changing the characteristics of the involved
objects to find the threshold where indirect search becomes more costly than chained
search.

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

The search problem formulation used herein is also rather simplistic, counting the
cost of a search merely in the number of views processed. The formulation also presup-
poses a “one-shot” visual system, as opposed to a continual one. The visual search al-
gorithm would necessarily change under a different problemformulation; however, the
way spatial relations are included in the solution need not be much changed, we believe.
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