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1 Introduction To accomplish this feat, wkave made heavy
use ofexpectations which greatly reduces the
amount of computations that need togmsformed.
For example, in the trackingsubsystem,
expectations of the targetosition constrain the
region of the image thateeds to be searched. In
the navigational subsystemlace expectations are
computedfrom earlier visual fixes together with
path-integration during locomotion (Gallistel,
990). These place representations constrain which
andmarks can beexpected and, consequently,
which set offeaturesthat needs to be searched for
in the image. A related aspect of taechitecture is

A mobile robot navigating in arunstructured
environment faces many difficult problems for
which vision may potentially offer useful
solutions. TheXT-1 (eXpectationbasedTemplate
matching) architecture was developed inattempt
to addressnany of these problems with similar
constructions. Thecurrent system handles such
diverse problems as landmark and place
recognition, the generation of orienting an
anticipatory saccadessmooth pursuit, as well as
visual servoingduring locomotion. Although all

these tasksare highly interwoven, they can . i .
its use of alow-level attentional systemwhich

roughly be divided into subsystems for . . .
LT . . selects areas of the image where useful information
navigation andtarget tracking. Thetracking .
; - s likely to be found.
system hasbeen successfully implemented in a
robot (figure 1). We are currently moving the
navigational system from an experimengat-up

to a real mobile robot (figure 2).

The emphasis of the architecture has been on the
actual tasks that a mobile roboéeds to perform
rather than on the more theoretical aspects of
computer vision. Although we view such work as
important, the ultimatesuccess for computer
vision in robotics depends on its ability generate
useful information in a sufficiently short tim@nd
at a sufficiently low cost, Horswiland Yamamoto
1995). Inorderfor a robot toreact to unexpected
changes in the environment, the through-put of the
system must be fairly high. As a result, tpeality
of the computedvalues oftemeeds to beeduced.

However, a rough localization immediately is Figure 1. The LUCS Active Stereo Vision

usually better than a more exact onfeva minutes Head. Theheadhas fourdegrees of freedom
later. Similarly, for target tracking, the important  (han tilt, 2xvergenceand iscontrolled by
aspect is to keep the target in view, notreek it the vision-architecture described in the text.

optimally.
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A further important feature of tharchitecture is component of this levelnd is usedboth to
that it takes biology seriously. An enormdody compute optic flowand to locate landmark and
of data isavailable about the mammalian visualtarget features ithe image. Asearch-field module
system and we it would bignorant not to take it is used to controlvhere inthe image it is fruitful
into account. Thigloesnot mean that onshould to compute locafeature correlation. Thismodule
necessarilytry to model every detail ofany real reduceshe amount if computatiorequired by the
visual system. Many operations tiave different system.
computational realizations thatebetter suited for At the fourth level, thespatial relations

digital hardware. However, it 'appea.rS.that the  petween individual featureare used to represent
overall task of a mobile robot is sufficientyose  jandmarks inthe navigational subsystem. Such
to that of an animal that the overall visualollections offeatures camalso be sent to the
architectures should be vensimilar. From tracking system when the roboeeds topursue a
system should bgidged byhow well it suits the the optic flow calculated at the lower level controls
need Oﬁ:he rObOtI‘atherthan on any Otheground a Segmentation proceswhere a region of
(McFarland, 1993). homogeneous motion is selected as target.

Finally, at the fifth level, theangular relations
between landmarks come together firm the
The architecture can be dividétto five conceptual representation oplaces Such relationscan be
levels: low-level processing, attentionalseen as second order-spatial relatiorg.j.relations
processing, singlefeature processing, spatial betweencollections offeatureswhich themselves
relations, and place/object-recognition (See figureare groupedvith their spatial relations. Note that
3). At each higher level the representations using this scheme, no object recognition or
becomes more complexput the processing is complicated segmentation is necessary to
fundamentally heterarchicathe informationflow categorize aplace. To a first approximation, it

is both bottom-up and top-down, as well as laterapppears that also object recognition is a process at
this level.

2 Overview of the Architecture

The first level is concernedwith low-level
preprocessing of the video-images. Ascale-
space pyramidatdge-detectiowonstitutes the first
stage at this level. In thesecond stage, the
differencebetween successivatigeimages isused
as a quick-and-dirty motion detection.

The second process level deals with
attentional processing based onthe input
from the first level. A primitive attentioonodule
directsthe attention of the tracking subsystem to
sudden motion in the scene and triggers an
orienting saccade towaitl Whenthe navigational
subsystem igdisengagedthis primitive attention
system isused toselect targets for théracking
system. This module is inhibited while tkamera-
head ismoving. A secondparallel systemdirects
attention to potentially good features in the image
These regions of the imagee used agandidate
landmarks at the higher levels.

Unlike the two previous levels whicperform \ P
global computations, only locafeatures are N A
processed athe thirdlevel. Thesingle feature ~
processingis applied toregions of theimage
that have been selected, either the attentional Figure 2. The mobile robot thatvill
systems, or bytop-down influences fromhigher navigateusing visuallandmarkrecognition

levels. The feature-correlator is the central together with dead-reckoning.
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Figure 3. Overview of the XT-1 vision architecture.
3 The Use of Expectations question, we want targuethat, at leastfor a

mobile robot, this is true most of the time. For

It is a formidabletask to build a3-dimensional example, once the robot hemnaged to determine

model of an unknown object from a visual jis position the first time, itcan use dead-
observation in a natural environment.  NQeckoning toupdateits position and orientation.
algorithm existstoday that can use a bottom-up ag 3 result, it will always have a fairlaccurate
approach to ddhis for an arbitrary scene. It is ggtimate of its locatioreven beforethe visual

much easier to compute the position and gysiem isengagedThis, in turn, implies that it

orientation of a specific shape in an image using @&, sejecthe correct landmarks téook for in the
top-down  approachand most applications of gcene most of the time. There exists much

computer vision choostis lattermethod instead. g jgence for the use of such mechanisms in animal
However, with a.top—down apprpach:omes the navigation (Gallistel, 1990).
problem of selecting the appropriate models to test

against the environment. Our approach can be calle@xpectation-

based vision since it emphasizes thep-down
influences on visual processes. It differs frother
model-based processing in oimeportant aspect: it
doesnot put any formatequirements orthe top-
level representations excephat they should

The remedy tothis problem is, ofcourse, to
alreadyknow whichmodel toapply. In this case,
only a singlemodel needs to be matcheabainst
the image. While this mayappear tobeg the
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facilitate the processing at lower levels. Theexpectations of the target locatiamd movement
expectations we usare inthe form of elastic govern the shape of treearchfield. For example,
templates that is, collections offeatures when an object moves fast incartain direction,
together with their approximate spatial relations. the search field enlarges ithat direction. This is

In the XT-1 architecture, such expectations arén adaptive regulation which makes it possible for
used to control almost all processing. Expected the tracking process to follow fast moving objects.
place is used tselect thelandmarksthat will be Second, in the segmentation moduleyianer-
visible from thecurrentlocation. These, in turn, take-all principle decides which local motion-
select thefeatures to besearchedor in the image. direction is selected astarget. In the nexstage
For example, if you know yoare inthe kitchen, optic-flow is used to make figure-from-ground
there is no need to apply templates for showers ardparation. This process integrates optic-flow
beds(cf. Rumelhart etal., 1986). Thisdoes not information and categorizeregions of theimage
mean that one is unable tecognize a shower in with coherent motion. To do this, a neunatwork
the kitchen, but itrequiresthat the system gives classifies motion-directiongto eight categories.
up the hypothesis of being in a normal kitchen. Neighbouring regions with the sameirection

Expectationsare also used in other ways, for preference are evaluated agraup and the largest
example togenerateanticipatory saccades toward 9roup is selected as the object of interest.
landmarks that are not currently in view, and Finally, the tracking module computes the
outside the visual system for spatial navigatiotargetposition andcontrols the movement of the
(Balkenius, 1995a). Below, wedescribe in more camera headAnother function of thetracking
detail how the idea of expectations are implementedodule is to select featurélkat could belong to

in the two major subsystems. the current targetand handlethem to thefeature
_ correlator. Inthis way, expectations of theéarget
4 Target Tracking are used in aop-down fashion tocontrol the

- ) _ recognition process.
One of themost significant visualprocessing

stages in the complex visiomachinery is the g Navigation

object tracking module. Since in any realistic

setting, the visual system will continuously be inThe centratask of the navigational system is to
motion, it must beable to track any object of recognize places. Like the trackingsubsystem,
interestbefore it can be categorized mrcognized. place recognition is performed on anumber of
With no such module, the visupfocessesvould levels. The modules used afeature selection
not be able toaccount for complewisual tasks feature correlator, the search field, a
such as: smooth pursuitandmark and object landmark module and a place module. The
recognition. search fieldand the feature correlator arshared

The tracking module in the XT-drchitecture is With the tracking subsystem. The othexodules
based orthe search-light metaphor (Crick, 1984)2are specific to the navigational system.
since it puts theselected object in focus of The feature selection unit picks ouffeatures
attention. Let usonsiderthe interactiondbetween where high contrasts oredges aresalient. A
modules participating in the tracking process. Thstochastic process chooses between features to pick
modules that are involved are: primitive  out the sixteen most suitable features. Salected
attention, optic-flow, segmentation from features are glued together by their spatial relations
motion, the feature correlator, the search which are learned bythe landmark module. A
field and theracking module (See figure 3). landmark is represented aset offeatures aboth
First, the optic-flow is calculated only image- @ fineand acoarsescale, together with the spatial
areas whersomething is in motion. Thisesults rélations among them. The fine scale is a>25%
from the optic-flow computations beirdata-driven  Pixels edge-filtered image, artbde coarse scale is a
by inputs from a low-level primitive attention 3232 pixels edge-filtered image. The twidferent
system. The optic-flow computatiomse based on Scales emphasize different aspects of the image. We
a correlation method where features are correlated figve found thadifferent environments puvarying
a restricted search arethe searchfield, between demands onsuch representations. To make the
two successiveimages. Thesearch field is landmark module to work properly, more than one
intimately connected with expectations since ~Scale is necessary.
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The landmark module recognizes landmarks anfCknowledgments

is used to generatangles to target objects. As
input, it takesexpectedandmarksfrom the place-
module. Since the relatiormetween featurehave

This research was supported in part by NUTEK.
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6 Results and Further Research

All the modules in thearchitecture havebeen
implemented and tested with real video-input.
However,all the modules in tharchitecturehave
not yet been runsimultaneously. Today, both
major subsystems operate successfullyea time
using fairly modest computational resources.

We believe that tharchitecturealreadycontains
sufficiently many levels fomost robot tasks. The
further development ofthe architecturewill be
toward including more modules aachlevel rather
than extending it upwards. For example, it will be
necessary to include modules for obstamleidance
and stereo processing.

In the future, we will also investigate how
vision shouldinteractwith motor control in the
different behaviorsystems of a mobile robdtf.
Balkenius 1995a). Itwill also be necessary to
further study how vision should interaetth other
sensory systems (Balkenius 1995b).
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