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Abstract— Vision is a powerful sense that permits a robot
to look around itself and gather information both about the
immediate present and the near future. The future arrives
through the more distant physical space through which the
robot can move, and the possible actions and events that may
arise. To know the future a robot needs to parse the world with
the aid of its models and experience.

Lasers and other active sensors have proven their ability to
provide accurate geometric information. But context and the
meaning of the space surrounding the robot, the objects and the
actions they permit are only accessible with the more complete
sensory input of vision. Vision as a sensor is computationally
demanding, but resources have improved to make it practical.

Moreover there has been a convergence of the interests of
roboticists and vision scientists — both want to explore and act
in the world. Many of us have accepted that we must learn
the patterns of data using machine learning, but we must also

integrate categorical descriptions of our world, prototypical 1 giFT features found by our stereo-equipped robot. SIFT features in

information that no individual robot is yet capable of learning.  he three stereo images are matched; horizontal and vertical lines indicate
Vision provides the anchoring for concepts. | will discuss recent  the horizontal and vertical disparities respectively (from [17]).

advances and trends linking vision and robotics through spatial
descriptions and the connections with objects, actions, and
meaning.

object relevant to the robot’'s behaviours, knowing the types
|. INTRODUCTION of situations modeled in the robot.
This fanciful thought experiment is not so far in the future,
ut some applications such as assistive technologies[22], [1]

“operate in contexts where rich visual sensing is deployed,

introducing the robot to its new home/\{vorkspace. Of COUISE + the range of objects may be limited, say, for example, in
the robot knows about h°”.‘es and typlcal tz?\s_:ks. That's w}y care facility where patients’ rooms are more constrained
you bought the sleek, stylish robot, in addition to the fac their contents. Here it may be effective to learn the

that it promised a simple |ntgrface. It prompts YOl.J to take II:onnection between features of the visual stream and their
on a tour of the house, naming the rooms, pointing out th

i d identifving th ts of the h Eonnections to world states and sequences of actions.
appiances, qn identifying e. occu.pan S 0_ € house. One missing element is the structure of the environment:
The promise of the now discontinued Aibo — commu—%%

When you have brought your new Apple iRobdtome b
for the first time, you are faced with a challenging task

L . . X e objects in the world, their functional relations, and their
nication and simple behaviours — shows that even simp

. . atial layout.
visual sensors using strong features (SIFT[18]) can enab Visual sensing offers some solutions. There are many ways
interesting visual tracking and recognition. Built in to thet

) . to compute features or keypoints useful for localization and
home robot will be the necessary concepts — tasks, objec P yp

locati v h bot K » onlv ab tE]Se!tection/recognition. Reference Lowe[18] (see Mikolajczyk
ocations. ‘your home vacuum robot "Knows= only about,,, Schmid[23] for a discussion of the performance of
stairs, objects, infrared walls, and random search. Yo

. i . YEature detectors). Many solutions, in recognition, mapping
IRobot knows about kltch_ens, doors,_staws, bedrooms, pe&r\d localization, and learning object appearance begin with
(you have the party version of the iRobot that can brin

%hese interest points.
you beer in the entertainment room). How does it tie the P

sensory fI_ow it receives t.o |ts_ plans, names, and goals iQ Mapping the world

its repertoire? One could imagine that the home robot could . )

explore the home unaided, and then upload its sensory datd-aser and other active sensors are not only becoming more

to a human assistant who could point out the locations &ompact, less power hungry, and less expensive, but also
our techniques for solving mapping and localization (SLAM)

1Apologies to two major corporations that may be clashing over namin!j‘ave_ becc_)me mcreasmgly powerfUI[37]' Solutions based on
rights in the future. passive visual sensors, both monocular[2] and stereo[28],



Fig. 2. (a) Occupancy grid constructed for the maximum-likelihood sample at the end of exploration. (b) Landmark map constructed for the maximum-
likelihood sample at the end of exploration (from [30]).

[29], [30], are capable also of delivering both excellenselective vision system that used Bayesian estimation and
localization in and high-quality geometry descriptions ofdecision-theoretic control to decide where and how to gather
unstructured environments. Figure 1 shows a set of featuregidence. We will see later (Section IV) how POMDPs have
during a robot’s tour of our lab, with their disparities. Asbecome the model of choice for sensing and action.

the robot moves in the world, it aggregates local stereo Context tells the robot where to look and links with the
information into an occupancy grid[4] where the robot plansask through the types of locations and objects involved in the
paths and represents the structure of solids and voids. stetggk. Context directs visual processing by informing the robot
sensor delivers real-time data about the presence of obstaclggere to look”. The task combines “where” and “when to
the full arsenal of probabilistic methods for localization, andook”. All depend on models.

estimation of acti(_)ns are available[29], [30]. Figure _2) s_hows “When to look” depends on the sequence of the task and
the occupancy grid constructed for the maximum-likelihoogyogenous events that may not be consistent with the normal
sample at the end of exploration, and the landmark mag,ging of a robot's operations. Control of attention helps the
constructed for the maximum-likelihood sample at the enghpot cope with them. Most models of visual attention[13],
of a traversal of the lab; error ellipses show the spatlztho] depend on a model of the visual saliency or novelty of
uncertainty of the SIFT feature points (projected from 3d), yjsyal feature or phenomenon, whatever its modality, and
Note the density of the features. model the spatial structure of the visual attention path and its
During map-building the process of localizing the landtemporal course. These are essentially bottom-up. The active
marks eliminates the dynamic scene elements. We intepgajization of this concept is shown in Elder [3] where the

with long-term use of the maps will enable us to trackigh-resolution camera is directed by low-resolution cues to
configurations of features that move rigidly and so labedjjient regions.

some scene elements as movable — we should then be able t?he innovation in Itti and Baldi's new model[12] is to

enhance our map with parts of the environment. Section 'raw the attention to spots where the visual event is unlikely

builds on this insight and close observation of moving Objemﬁiven a model of the image. This introduces a component of
to isolate them and build 3d model shape and appearant® scene and its content via the prior model

models. . oo . .
Context can direct attention in a top-down fashion, moving

from a global estimation of the category of the scene to
relative spatial location of interesting objects in the scene.
Visual sensing can also situate the operation of a rob{®8] introduces the concept of the “gist” of the scene, the
in a larger context: providing image and scene contextgjsual characteristics (cues) that enable us without close
object categories, object recognition, actions, and intentiongispection to determine the category of a location. They
Connecting the robot to the task and the elements of tldemonstrated that one could learn the gist, described in terms
scene simplifies the sensing requirements, by narrowing responses to banks of filters, and then discriminate broad
down the focus. We will see later havivsé used this aspect categories of scenes such as corridors, offices, and streets.
of vision. Whereas localization and recognition using feature points
How do we plan and operate in a higher-level descripemploys specific discriminative features, gist identification
tion? In pioneering work, Rimey and Brown[27] showed aargets descriptors that correspond more to spatial organiza-

B. Visual context



tion and structure, such as parallel, rectangularly-orientation, Our robotic systems are very well localized in a map
or clutter. whose structure is either a single large map, or an atlas (by

In the spirit of [5] we wish to connect semantic andanalogy to manifolds) of charts, each of which is a local
spatial information. They use a representation of the locabpatial representation.

appearance of an object and tag the world map with that\ye can look to research in ontological description of

appearance representation so that it can be indexed lattiacis[36] to assist us. Researchers have recently explored
Likewise Vasudevan et al.[41] take the first steps towarfly, important aspects of increasing usability of systems
building world models that connect spatial representations using external knowledge and the structured information

with the labeled content of the scene. _ about the world in the form of ontologies[36].
Relative spatial location — configuration of objects —

depends on their relation to tasks — unless the environment is"/& Were motivated to pursue this by the work of Kautz and
in disorder. It is relatively unlikely that a desk, for example NS colleagues[25] on assistive technologies where they track
will be arranged so that the objects next to the keyboar%e_()ple in their homes and observe their everyday activities
and beside the monitor are automotive parts. There is Y$iNd RFID tags to sense the people as they use tagged
need for stronger perception of objects, stability, continuit)PbJeCtS' In_a sensored home with cameras _the limitations of
identity before identification. Low level processes can teaddFID tagging can be overcome[21]. The objects are labeled
out identity and coherence, which precedes the process ¥t their description, for example, paring knife, spoon,
categorization, but stronger spatial information can dire@UP: 1ug, and so forth. But classification of activities is
processing to appropriate locations. hampered by the level of detail of the labels. To improve

By teaching a robot the categories of the objects in itglassification, they use an ontology, a description of the

environs we can avoid the difficult problem of categorization®PI€Cts in the world, and their properties. Ontologies are

But will RFID technology obviate this work entirely, by hierarchical, and.provide a varigty of .Ievels of abstractipn
making object self-identifying? Likely in some not too near®f 1abels (properties), so that paring knives and butter knifes

future, when all legacy appliances have been abandoned, B knives, while knives and spoons are both utensils, and
the task will remain problematic for some while. whisks are utensils also, and so forth. By choosing the right

In [10] Bill Gates predicts that robotics will be an excit- level of abstraction, action classification improves.

ing field in the coming years, while promoting Microsoft Surprisingly it is more and more possible to find informa-
Robotics Studio as the software substrate for solving th#n supplying ontological description for informal situations
difficult control software problems such as concurrency anand objects, amazingly available for many categories of
coordination. objects[36]. Ontologies for more formal and technical sub-

As mentioned in Gates’ article, it can be assumed that thects, such as geographical entities[19], have been extensively
robot agent often works in an environment where networkstudied.

of cameras observe the activity of the people and the robot. e propose that using such descriptions is a central

Many projects have constructed test homes rich with senscgﬁ)mem for home robotics. The home description will be
and context aware components. It has become apparent thafiseful tool, describing the objects in the home: rooms,

many of the techniques that have been developed with a Vigpliances, furniture, and so forth.

toward applications in surveillance, which often use networks , . . -

of cameras, also apply to the world of service robots[21]. H(_)W will ‘the robot acquire this? By pqlntlng, demon-

The robot can also be instrumental in recovering the relativation, download_, exploratlon? I egplora_non, we may face

geometry of the cameras as it explores its world[26]. several obstacles in sharing ontologies with th_e robot. On<_:e
Recent workshops[43], [44], [45] have highlighted thdhe robot has learned the structure of the environment, will

growing importance of the cognitive dimension of roboticdt Partition the world into events homeomorphic to some of

and the necessary to import into robotics the tools of re%ur concepts? There certainly will be hidden correlations
sonin i etween the objects and situations in our world and the

g and planning. i . i
actions they foster, and an exploring robot will uncover some

Il. STRUCTURING SPACE novel dependencies.

Others have described the connection between metric con-We do not yet have hierarchical knowledge of categories
ceptions and representations and topological representatia@fsobjects, nor their appearance, but extensive current work
that connect regions or places. In [15] Kuipers describes tlmn representing the appearance and shape of objects[16]
Spatial Semantic Hierarchy that builds representations of ttellows us to use these appearance models in recognition.
spatial domain at multiple levels: sensorimotor, control, profhese models need not be acquired from images, but their
cedures, topology, geometry. The base level present in maslgape can be gotten from CAD models in the design process.
sensed representations is geometry, where metric quantifi@dir work on object discovery (Section 1ll) goes part way to
information about the position and orientation of objects ishis goal in an unstructured environment. Object discovery
maintained. The more tractable topological representatios not recognition, as in [5], but creation of models of scene
captures paths and connections between distinguished loedements by identifying independently moving parts of the
tions. scene and then growing a 3d model over several observations.



Fig. 3. (a) Input image for object discovery by motion, appearance, and shape (b) depth image from stereo (c) segmentation of the image and depth map

using normalized cuts based on both the pixel intensity and depth.

IIl. FEATURE-BASED OBJECT DISCOVERY

We recovering object descriptions[35] from coherent struc-
tures isolated from their surroundings by differences: depth
or, more generally, parallax and appearance, that provide
cues to the identity over time of an object. Our work is
similar in spirit to [32] where they build models from
two types of features: interest point similar to SIFT, and
MSER][20], tracking the features over long sequences, and
then using the appearance models aggregated over the frames
to match objects in other frames of the movie.

We examine the problem afbject discoveryautonomous
acquisition of object models, using a combination of shape,
appearance and motion. We propose a novel multi-stage
technique for detecting rigidly moving objects and modeling
their appearance for recognition. First, a stereo camera is
used to find a sequence of images and depth maps of a given
scene (Figure 3).

Then the scene is oversegmented using normalized
cuts[31], We use Normalized Cuts (NCuts), a technique for
segmenting a graph based on a weight function between
nodes. NCuts can be applied to an image by treating the
pixels as nodes. Our weight function is based on the dif-
ference in intensity, depth and 2D image position between
pixels (Figure 3(c)). SIFT features[18] are matched between (b)
sequential pairs of images to identify groups of rigidly mov-_ . . "
. . . Fig. 4. (a) This image shows the position of every feature within the
ing features; the 3d movement of these features determ'nr%gions corresponding to the rigidly moving features in the input image,
which regions in the segmentation of the scene corresponddah core features and adjunct features. Features on cup on the left are
rigid objects, grouping oversegmented regions as necessd#pjcated with Os while those on the milk box on the right are indicated

. with Xs. (b) Object snapshots of the cup and the milk box acquired through
(See Figure 4)' region voting.

Segmentation links with the rigidly moving points (core
points) so that we can tie regions in the image, with ap-
pearance models, to the point sets. A voting process adds
new feature points (adjunct points) to the aggregated point Our object discovery method envisions a robot system
sets. These additional features are extracted from segmengsging moving objects — we have ourselves moved the objects
regions and combined with the rigidly moving image features our experiments, but in the future the robot will continually
to create snapshots of the object’'s appearance (see Figurerdyisit the scene. Objects that have moved can be indexed
Over time, even when objects have ceased moving, thedeough their SIFT features and our process applied over
shapshot are combined to produce models that are effectipairs of images where the robot has moved instead. Other
for recognition. The models contain shape information, sincemethods (Ferrari et al.[8], for example) extend local groups
all feature points contain depth information, and appearancef, features to connect them into an appearance model that
from the aggregation of image regions. can be used in recognition.




Our current research plans entertain the possibility dhat are relevant to a particular task, by representing the
learning the spatial relations between objects in the scemmnnections between the utility of the action and the features
Constellation models[9] encode varying spatial configurawithin the confines of a task that exposes the effect of the
tions of model parts for recognition by Gaussian distributiongisual signal. Reinforcement learning is the usual solution in
of relative part location learned from examples. Conditionaduch cases, but it is infeasible to test thoroughly state space,
random fields now can describe spatial relations betweavhich requires an enormous number of experiments.
regions[39], [42]. Both of these representations are 2d, where The solution we suggest is to “teach” the robot, rather than
full object spatial relations would have to be expressed in 3diave it learn by trial and error. That is, the robot must import
Where do we get the information for learning spatial configthe cultural descriptions that adhere to locations, which take
urations of objects in a robot’'s world? Several possibilitietheir meaning from the actions that occur at those places.
arise: housing plans, virtual worlds as in electronic gameghe form of these description will be ontologies of objects
online contests such as the ESP game, and finally the wordid models of their dynamics under actions, expressed as
itself, via exploration, and object recognition and discoveryBayes nets, for example. For visually guided robots, we will
need to ground the entities in appearances, and connect them
with their spatial organization. Then we can sense, reason,

The role of José [6] uses our visual processes, localiza-decide, and act with them. Already we have some of the
tion, mapping, navigation and human-robot interaction, itools for connecting hierarchical spatial descriptions with
the context of a particular robotic task: serving food to grobabilistic reasoning (Smyth and Poole, [34]). There, a
gathering of people. To accomplish this task, a robot musystem is developed for reasoning about general hierarchical
reliably navigate around a room populated by groups ohodels combined with qualitative information about the
people, politely serving appetizers to humans. The robalistribution of properties; the running example is rooms and
must also monitor the food it has available to serve, antypes of rooms in a house.
return to a home base location to refill when the food V. SUMMARY

's depleted. Problems specific to the serving task were The challenge of visually guided robotics, particularly as
also solved using vision, including finding people to serve reng ualy g ' P y.
artners with humans, is to progress from the laboratory into

nd monitoring food. As well, the robot’ n L - .
and monitoring food. As well, the robot's success depe j%e home. Within the context of assistive technologies, much

significantly on its interaction with users, its “persona”, an o . o .
its ability to generate appropriate actions and responses "npre limited success can be rewarding, but it is combined
“with the obstacle of greater risks and liabilities.

José’s planner, we identified specific points in the world . - . . .
) .~ . .~ By endowing locations with semantic tags, cultural infor-
with the tasks such as refilling the food. Similarly a service _: : s :
: S . X i Mmation situates the embedded system within a richer context.
robot will have in its behaviours defined locations, wher . .
o i ; .~ Would the robotic system be able to share context with other
activities occur: the kitchen, the laundry, for example. Tyin
. ) onfederates throughout the world?
the location and its appearance to the sensory process’l L S .
the problem ofarounding of determining the connection ecause vision is capable of gathering information not
P Y 9 Y only near but in the middle distance and far away it

between beliefs and physical objects and situations, throu%ﬂpports short, middle and long-term prediction of actions.
the sensed data.

. The accuracy of these predictions depends on the ability to
we _a_r_gued in [17] that robots can be mt_JdeIed as a set_g sess the spatial priors over contexts and objects. In any
capabilities, processes that enable behaviours. A collecti

f task b ; di le. | b Articular application, there has to be a balance between
o tasks can be per ormed In a role. -or €xample, our 1o tarrow focus (feature detection for localization, for example)
enacted theJosé role of waiting as well as the Homer

and broad support (context identification, categorization),

_(fHun:e_mf Orl_ebrllte? MEs_senger Rﬁbo?wf] rotlﬁ. It ;)S tted'?u%nd the tradeoff between these two will be driven by the
if not infeasible to engineer each role for the robot ou Oeliability of visual sensing.

behaviours. It is more sensible to model the environment, the.l.he challenge at hand is to acquire the structured infor-

rtobot, fh”F’ its actl|ons by_ ‘? POMI?_P[lJ], W{"Ch has ProVe,ation about the world, the ontology of objects and their
its worth in complex assistive applications1] spatial organization and appearance, connect it to maps, and
A. Selecting features for actions formulate robotic controllers to accomplish complex tasks.

In man tasks[171 organiz int N E>toloration, recording of layout and appearance, and mining
many cases tas .S[ ] organize space into seque CESoR ologies will deliver valuable maps, contexts, and theories
locations, where the linkage between spaces. When desi

: » ~of the world.
ing planners, whether based on traditional, though reactglgt e world

planners, as in [24], or POMDPs, there is a classification VI. ACKNOWLEDGMENTS
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IV. ACTING IN SPACE
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