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Feature Representation for Map Building and Path Planning.
Abstract

We explain how most convertional approachesto the problem of visually guided robot navigation are
fundamentally restricted. Starting with a speci cation of the requiremerts of a generalpurposevisually
guided robot which includes, robustness, autonomy, exibilit y and scalability, we then dewelop an
approad to the solution of map building and path planning which operateswithin alearning framework.
We suggesta newrepresenation of shape using featuresbasedon geometric co-occurrencewhich hasthe
capabilities of providing such metric information and is expectedto have similar recognition properties
to other techniquesbasedon relational geometric measures.

1 Intro duction

Many researd groups have attempted to build autonomous visually guided robots. These system can generally
be divided into two categories,a top down approach basedon world models [1, 2, 3] and a bottom up approac
basedon layered responses(such asthe sub-sumption architecture [4]). The rst of theseis limited by its ability
to deal with the complexities of the real world and is generally restricted to indoor or man-made environments.
It has beenremarked that such approacheslead to brittle inferencesand that the heuristic assumptionsusedlead
to strong domain-speci ¢ dependencies [5]. Further, such approachesare not supported by biological evidence.
The secondapproad is more responsive, but rarely developstruly advancedcapabilities. The goal of the researd
preseried hereis to designa system capable of automatically learning a visual domain sothat it can subsequety
executea visually cortrolled navigation from any location to another when instructed to do so. The key features
of this work are: the acceptanceof the needfor represenations of featuresin the world which are not basedon
preconceptionsof regular structure and the key role of learning and exibilit y. The ideais to construct a system
capable of organising the information from a visual domain in such a way that it can later make useof it to solve
real problems in planning and control. Our approac has a similar motivation to the work of Waxman [6, 7]
and is under-pinned by biological models of cognition [8]. As we will demonstrate, the problems involved with
this approach involve not only having to be able to reliably recognisevisual locations, but also be able to use
visual information to estimate physical distance. Our list of requiremerts has far broader scope than many other
attempts at visually guided control designedto operate in man-made or semi-structured ervironments. The scale
of the problem is quite daunting and we will only have the spacehere to outline the approach and presert some
preliminary (though encouraging)results.

We start by de ning the required capabilities of the system, which can be summarisedas; exibilit y, autonomy,
scalability and robustness. It must be exible in order to cope with a broad range of problems, for exampleindoor
and outdoor path planning and a large class of visual featuresi.e. the ability to function in as broad a range
of circumstancesas possible. Autonomy is the ability to function with data collected only during the normal
operation of the system. This meansthat we do not wish to have to use any a priori knowledge of the problem
domain (including a world model or xed topology). Scalability is simply the requiremert that the algorithmic
solution time and data structures should scaleno worsethan linearly with the physical sizeof the problem. In this
way we may be able to implement the resulting system for real time execution on a parallel processingplatform.
Finally, robustnesssimply meansthat the algorithms should cope with any expected changesin visual data which
may be expected from all possibleapplication environments.

Many of the di culties we expect to encourter are very similar to those assaiated with view basedobject recog-
nition. Recognition of location can basically be seenas view basedobject recognition, but from the inside. The

represenation technique we intend to dewelop is basedon the statistical method of geometric histograms which

haverecertly beenshown to have great potential asgeneralpurposeobject recognition techniques[9]. In particular

thesemethods can be designedto cope with variabilit y of: sceneillumination, visibilit y of features, cluttered scenes,
scenecomplexity, restricted elds of view. All of which are crucial in obtaining a working recognition system and

will alsobe necessanfor map building. The dependencyof the represenation on viewpoint, which may be seenby

someasweaknesgor object recognition, is neededif a mobile systemis to be controlled using visual feedbadk. Seen
this way, view basedrecognition itself hasthe analogy of visually guided assenbly, implying that view-basedobject

recognition may be of more value than the long sough after ideal of full transformation invariance in practical

circumstances. Also, we may hope that our work on path planning may ultimately transfer badk to solutions for

intelligent visually guided robot manipulation.

The initial motivation for this work comesfrom our previous e orts to designa statistically basedrepresenation
architecture [10, 11] or neural network. This hasthe ability to self-generatein a well de ned manner and can be



Figure 1: Results from the software prototype.

thought of as a feature basedrecognition system. Standard techniquesfor planning routes between xed nodesin
a topological framework also exist. The question then wasto seeif it is possibleto make use of both classesof
algorithm to design a highly autonomousvisually guided system for map building and path planning. This way
we hope to avoid the needfor a prede ned model of the environment or a rigorous spatial map.

2 Overview

We start by de ning individual visual beaconsin an image for recognition purposes. The beaconsconstitute
well located and reproducibly obsenable visual features, in a manner similar to interesting features as de ned
by Moravec [12]. We de ne a location in the visual feature map as a conjunction of visual beacons. These are
generated automatically during an exploration of the ervironment. By assaiating locations on the visual map
only with previously visited sites and then restricting the path planning processto operate on these points we can
generatecandidate paths which are executedsolely on known positions.

Many existing methods work with a simplied model of the environment but in order for any method to be
automatic we cannot know the topology of the environment in advance. We may not, for example, know that the
domain is simply two or eventhree dimensional. We must also have a way of comparing our location represetations
to determine which are spatially adjacert. Given a method of establishing costs between two visually similar
locations in the world, it is possibleto nd a simple path from any known point to any other using a so called
“re-front' algorithm which is described briey below.

A software prototype has been developed which consistsof a planar environment with simulated visual features
distributed randomly acrossit. For this work we have assumedthat the responseof these featuresis continuous
with changesin viewing angle and then generatea responsevector for every possiblelocation in the environment.
Referring to gure 1, the circles indicate locations in the world which are visually dissimilar (using our location
distance metric) and the dark regionsare agged asimpassableto the path planner. In the real system, we will
require an independert mechanism for vetoing impassableroutes eventhough they show closevisible similarity. We
ervisagethat this may be done using a stereovision systemor trial and error learning (using collision detection)
and will not be discussedfurther here.

The path planning algorithm executeson a mesh of known visually similar map node locations starting from
the target node. For ead connectednode all possible connectionsare examined and the minimum cost path is
stored at ead location. This processis iterated to construct a minimum costto all other points in the space. It
is then possibleto reconstruct the minimum cost path from the current location to the target by following the
connectionsto minimum cost locations. We initially attempted to usevisual similarity asthe cost function for the
distance between locations, but whilst this results in visually optimal paths, they are not necessarilyphysically
optimal. Replacemen of a visual measurewith a physically meaningful distance yields an immediate solution to
this problem (the bold path in gure 1 illustrates one such solution).

Previous experiencewith self generating object recognition systemstells us that the automatic generation of the
assciative memory neededto encade this map is not likely to be a di cult problem, particularly if we are free to
designour own exploration strategy. As pointed out in [13] , the main obstacletherefore in the useof such a path
planning processis the lack of a suitable visual basedrepresernation. This should provide well localised objects
which are su cien tly unambiguous for reliable recognition and also a means for estimating distances between
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Figure 2: Constructing the cornerwise geometric histogram.

visual locations. Therefore, in this paper, we have concerirated on addressingthis problem. A new technique for
represerting local shape, which we call Corner-certred Geometric Histograms (CGH) has been designedwith a
matching responsebehaviour which makesdistance calibration, and visual feedbad control, possible.

3 Corner-cen tred Geometric Histograms

We neededa method for encaling visual features from speci ¢ views in the world in a manner which is robust
to noise, lighting e ects and some occlusion. For this work, we use a novel form of geometric histogram which
we call the Corner-certred Geometric Histogram (CGH). Corners and edgesare extracted from the sceneand a
histogram generatedfor eat chosencorner, encading the relativ e orientation and distance betweena corner with
its surrounding edges.

We de ne the weighting for an entry at a given , co-ordinate as:
w. = X g ;
' rt + k

wherei is the number of edgeelemerts, r is the distance from the corner to the mid point of the edgeelemen,
is the angle preserted by the edgeelemen at the corner, g . is a linear measuremen kernel and k is a small
constart addedto remove in nities.

A radial weighting is usedto reduce computation and limit the e ects of our nite image size. Lessimportance
is attributed to those edgesfurther from the corner which are more numerous due to the larger areasinvolved.
This strategy has somebiological precedenceasthe log-polar sampling on the retina results in a similar weighting
strategy. The weighting ensuresthat edgefeaturesthat pan directly through the certre corner do not give
in nite weighting.

As with the work in [9], the dimensionsof the bins of the histogram must be carefully chosento re ect the variance
of noisein the system. If the bins are too small, the noisewill producedi erent histogramsfor the samecorner, too
large and discriminalit y is compromised. Ideally entries should be madein the histogram which re ect probabilities
of geometric co-occurrencein agreemem with our previous researd. By following this procedure the generated
histograms are expected to be; robust to illumination, rotation invariant and generate histograms which respond
to scalechange(i.e. viewing distance) in a manner which is dominated by an overall normalisation change.

3.1 Histogram Response

Given the CGH de nition, we needa way of generating meaningful recognition responsesfor an arbitrary corner
feature from a set of stored histograms. The similarity metric we useis basedon the Bhattacharyya distance [14].
We have proventhis to have the correct statistical properties for comparing frequency coded distributions [15] and
it forms a sensiblestarting point for a similarity function within an arti cial neural network.
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Figure 3: Competitiv e response function. Figure 4: Polar geometry betweentwo locations.

In order to perform distancecalculations we needa medanism for converting a setof responsesto physical distance.
This is not a trivial task, asthe method used must be robust to large rst order changesin the histograms due
to e ects such as occlusion. The approach taken useswhat is e ectiv ely a competitive mecanism in order to
generatea well behaved responsefunction which can be approximated locally by calibration of linear factors. The
equations are of the form:

(B1 Bsj)
(B1 B3)+ (B2 Bs)

(B2 Ba)

Ou= (B: B+ (B2 B

jhj and O;=

ihj

where B; B, B3 are the three largest responsesin the set and jhj is the modulus of the input histogram. Such
competitiv e calculations have beenshown to be good models of physiological neuronal functions.

Provided that a changein physical distanceto a corner from the view location producesa strong rst order change
in the CGH which is e ectiv ely only a normalisation factor (scaling as somepower of the distance to the corner
feature n), the above outputs will behave in a way that angular and radial distance changesto the feature can be
decomposedand computed from a changein the pair of outputs.

These physical dimensionscan be estimated using:
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Formulating the changesasratios in this way producesdimensionlessquantities which are lesssensitive to missing
data in the input histogram and easierto calibrate.

Now referring to gure 4, assuming d=R is small then:
do = ko( R?=R?+  2) wherek; = R?

The constarts k; and k, are linearisation factors which can be stored locally for ead pair of responding features.
The angular constart can be calibrated by observingthe movemert of cornerfeatureson the image plane during the
exploration, asthe rotation about a featureis equivalent to an angular motion on the imageplanefor a xed viewing
axis. The remaining factor can be calibrated provided we have a meansof measuring small physical movemerts,
e.g. via odometry or a stereovision system. Oncetheseconstarts are determined we can now successfullycompute
the local distance to any visual location on the basis of eat feature visible from any given location (see below).
This redundancy supports reliable distance calculation via a simple voting strategy, allowing the method to be
robust to incorrectly recognisedfeatures. Local calibration permits represenations of similar visual objects to be
re-usedat di erent sitesin the topological map without any adversea ects from feature ambiguity.
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Figure 5: The CLAM architecture for this application.

4 Map Building

The map building processinvolves exploring the environment, recording new visual features and locations from
where these features are visible. The map can be totally self-generatingand updating with new features and
locations added as required and unreliable oneseventually discarded. The map is to be stored using algorithms
basedon a novel neural network, the Contextual LayeredAsscciative Memory network (CLAM), originally designed
asthe basisof a learning view-basedrecognition system. The CLAM network is a self-generatingstructure which
implements a probabilistic encaling scheme and employs training algorithms geared towards the unsupervised
generation of layerable assaiative memory [10]. The CLAM network is basedupon sound statistical principles
and can be guaranteed to learn any problem provided the statistical requirements on the behaviour of the input
data are satis ed. These conditions e ectiv ely require a frequency baseddata encaling, such as a histogram or
other probability estimators.

The structure proposedis illustrated in gure 5. Feature represenation nodes will be added when a CGH is
generatedwhich is su cien tly di erent from any other in the network. When adding a new location node, we add
an intermediate node for eady CGH generatedfrom that location. This node links the highest responding feature
nodesto the new location, storing the calibration constarts (k) and competitiv e responsefunction results (O).

5 Navigation

In order to navigate successfullyin the world, we require the abilities of: navigation from any (arbitrary) location
to a visually similar location in our map (local navigation); navigation between any two locations stored in our
map (global navigation).
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Figure 6: Navigating betweentwo points.

To executea local navigation, we rst generatean estimate of the vector betweenthe points from eac co-visible
feature, so a high visual similarity constitutes a more accurate vector. Referring to gure 6, we seethat:



Figure 7: Horse test image Figure 8: Cube test image Figure 9: Shapestest image
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therefore, can be found from equations 1 and 2 using the responsesfound from the current location and those
stored in the map for the target location. As with the mechanism for distance calibration, one estimate of heading
is available from ead co-visible feature, and the best heading direction can be estimated using a robust voting
process. The vector can then be traversedusing visual feedbak to con rm the trajectory. Global navigation is
achieved by executing a seriesof local navigations speci ed by the path planner.

6 Results

The precedingsectionsare basedon two assumptionsregarding the behaviour of a CGH match responseto angular
and radial distance movemerts relative to the viewed beacon(feature). In particular, in order that the angular and
radial distancescan be estimated the responseof ead histogram to ead of these motions must be decoupled. We
assumethat a radial movemert causesa rst order re-normalisation and that the angular responseis smooth and
di erentiable. Provided that thesetwo statemerts are correct then the above algorithms for distance calibration
must be correct at somescaleasthey are basedon local linearised approximations to feature change.

To investigate the performance of our represenation we used both simulated and real images. The image in
gure 7 was captured using a test frame which allows us to rotate the cameraon a xed radius from the object.
The distance responsewas measuredby re-sampling the image at di erent scales. The imagesin gures 8 and 9
are synthetic which enabled us to accurately place the camerain the sceneto produce both angle and distance
responses.Plots 10 and 11 show similar results from both methods.

The angle results meet our requirements in that they are corntinuous, but due to the di erent gradierts, reiterate
the needfor calibration of feature map nodes. The distance responseshows a level of invariance which would allow
the decoupling of angle and radial movemen.

7 Conclusions

We have outlined a set of algorithms which would enablea mobile cameraplatform to store a visual map of a world,
to plan and executea visually cortrolled navigation from any one location to another. The use of an assciative
memory gives exibilit y allowing the systemto adapt and incremertally store new information, proportionally
with the complexity of the ervironment. The new geometric histograms are basedon a represenation which may
be constructed from radial polar imaging systems,suc asthe retina. They have the required statistical properties
for usewith a probabilistic network and we have shawn that it is possibleto compute robust estimatesof physical
distance and estimates of headings between map locations. This property makes possible, both path planning
within the assaiative memory map and visual feedbad control for navigation. The combination of algorithms
thus provide a basisfor a exible, autonomous,robust system,with the potential of implementation on fast parallel
hardware, meeting our initial criteria.
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We have made many assumptionsin the algorithms which we realise may not always hold. A key issue with
this work is howewer, that the vast quartity of data available implies that ead result is obtained in a redundant
and therefore robust manner. It is our intention that unreliable sourcesof information will be eliminated from
consideration during the learning process.

Much of the material has beendevisedfrom previous experienceand the algorithms are currently fairly immature
in terms of practical demonstrators. This paper is restricted to setting out the framework for the approach and
shawing that the new feature represenation will support the calculations neededfor our task. Beyond this, the
ertire computational approach has a strong analogy with physiological systems, both in terms of approach and
expected capabilities. What we have demonstrated so far is that feature basedrepresenational schemescan be
joined with adaptive assciative memoriesto solve the problem of map building and path planning. Our next task
is to evaluate the full learning systemwithin a simulated environment.
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