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Abstract

We present context-basedscenerecaynition for mobile
roboticsapplications. Our classi er is able to differenti-
ateoutdoorscenesvithouttempoal ltering relativelywell
froma variety of locationsat a college campususinga set
of featuesthat togethercapture the“gist” ofthesceneWe
compae the classi cation accuracy of a setof scenegrom
1551framesimed outdoosalonga pathanddividingthem
to four and twelvedifferentlegs while obtaininga classi -
cationrateof 67.96percentand48.61percent,respectively
We also testedthe scalability of the featuesby comparing
theclassi cation resultsfrom the previoussceneswith four
legs with a longer path with elevenlegs while obtaininga
classi cationrate of 55.08percent. In the end,someideas
are put forth to improve the theoetical strengthof the gist
features.

1. Intr oduction

The eld of mobilerobotics,which hingeson solvingtasks
suchaslocalization,mapping,andnavigation,canbe sum-
marizedinto one central question: Whereare we? This
fundamentaproblemcan be approachedrom several an-
gles. A signi cant numberof mobile roboticsimplementa-
tions usesonar laser or otherrangesensorg3, 7, 23]. In
the outdoorsthesesensordecomedesseffective in solving
dataassociatiomproblembecauseunlike the indoor envi-
ronmenttheexistenceof spatialsimpli cations suchas at
wallsandnarrow corridorscannotbe assumedContrasting
with the regularity of indoor scenesthe surface shapeof
the outdoorsvariestremendouslyespeciallywhen consid-
ering ervironmentswith differentterrains. It is very hard
to predictthe sensoinputgivenall the protrusionsandsur
faceirregularities[§. A slight posechangecanresultin a
largejump in rangereadingbecausef treetrunks,moving
branchesandleaves. In addition,a at surfacefor arobot
to travel is anabsolutanust,otherwisewe introduceathird
(andmostly unaccountabledimension.
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Anotherway to obtainnavigationalinputis by usingthe
primary sensorymodality in human: vision. Within the
ComputenVision eld, alargeportionof approachowards
scenaecognitionis object-basedtl, 24, 9]. Thatis, aphys-
ical locationis recognizedby identifying surroundingob-
jects(andtheir con guration) aslandmarks.This approach
involves intermediatestepssuchas sggmentation,feature
grouping,andobjectdetection. The last stepcanbe com-
plex becausedhe necessityof objectmatchingfrom multi-
ple views [11, 10]. It shouldbe pointedout that this ap-
proachis mostlyusedindoorsfor the simplicity of selecting
asmallsetof anchorobjectsthatkeepre-occuringn theen-
vironment.In the generallyspaciousoutdoors pbjectstend
to be fartheraway from eachother Becauseof inherently
noisy cameradata- objectsaremoreobscurecandsmaller
in comparisorto imagesize - suchlayeredapproactpro-
duceserrorsthat are carriedover and ampli ed alongthe
streamof processing.

A differentsetof approachesvithin the Vision domain
looksfor regionsandtheirrelationshipn animageasasig-
natureof a location. Katsura[6] utilize top-dovn knowl-
edgefor recognizingthe regions suchasthe sky being at
thetop partof animageandbuildings at the eastandwest
of theframe. A scalabilityproblemarisesfrom theinability
to chracterizeéheregionmorethansimplyits centroid.Mat-
sumotd10] usedemplate-matchingp recognizeasetof re-
gionsand,to adegree,encapsulatearichersetof features.
However, the needfor pixel-wise comparisormay be too
speci c to allow e xibility of differentviews of the same
location.Murrieta-Cid[11] goesastepfurtherin thatit uses
theregions,particularlyisolated-blolregion,asaninterme-
diatestepto locatepredeterminedetof anchodandmarks.
Here,thereis a needfor robustsegmentatiorphaseaswell
asidenti cation of landmarksrom multiple views.

Thecontet-basedapproachpntheotherhand bypasses
the traditional processingsteps. Instead,it analyzesthe
sceneas a whole and extract a low-dimensionalsignature
for it. This signaturein the form of a scene-lgel feature
vector embodiesthe cognitive psychologists'idea of the



“gist” of ascend17]. Thehypothesisatthefoundationof
this techniqueis thatit shouldproducea morerobustsolu-
tion, becauseandomnoisethatlocally maybe catastrophic
tendsto averageout globally. By identifying scenesand
notobjectswe do nothaveto dealwith noisein isolatedre-
gions. Our approachwhich is biologically inspired,mim-
ics the ability of humanvisionto collectcoarseyet concise
contectualinformationaboutanimagein a shortamountof
time [16, 27, 22]. This gist informationincludesa rough
spatiallayout[12], but oftenlacksin ne-scaledetailabout
speci c objects[13]. Gistcanbeidenti ed in aslittle as45
- 135ms[19], fasterthana singlesaccadieye movement.
Suchquick turnaroundime is remarkableconsideringhat
it extractsquintessentiatharacteristicef animagewhich
canbe usefulfor taskssuchas semanticscenecateyoriza-
tion (e.g.,indoorsvs. outdoorspbeachvs. city), scaleselec-
tion, region priming andlayoutrecognition[25].

The challengeto discover a compactand holistic repre-
sentationhasbeena researctof variousworks. Renniger
[18] and Malik usea setof texture information and keep
track of themusing a histogramto createan overall pro-
le of animage. Ulrich and Nourbakhsh28] build color
histogramandperformmatchingusinga voting procedure.
Althoughanapproactby Takeuchi[21] is meantto look for
redbuildings,theactualimplementatiorusesa histogramof
red texture pixels. In contrastto the previous approaches,
which doesnot encodespatialinformation, Oliva [15] and
Torralba performsFourier Transformanalysisto individ-
ual sub-rgiondividedusingaregularly-spacegjrid, which
thenis correlatedo several scenecategories.Lateron Tor-
ralba[26] usessteerablevaveletpyramidin the sameman-
ner The coreof our presentesearcHocuseson a process
of extractingthe gist featuresof animagefrom severaldo-
mainsthat do not focuson speci ¢ locationsof the image
but still take into accounta coarsespatialinformation.

2. Designand Implementation

Part of our contritution is that we presenta more biolog-
ically plausiblemodel which utilizes the rich imagefea-
turesfrom the visual cortex. The gist model is built us-
ing the Vision toolkit developedby Itti at al. [4] which
featurethe Salieny model and canbe freely downloaded
ontheweh In the Salieny model,theimageis processed
througha numberof low-level visual “channels”at mul-
tiple spatialscales. Within eachchannel,the model per
formsa centersurrouncbperationdbetweerdifferentscales
to detectconspicuousegionsfor that channel. Thesere-
sults then is linearly combinedto yield a salieny map.
One of the goalshereis to re-usethe sameintermediate
maps, so that gist is computedalmostfor free once we
have all the mapsfor attention. Our gist model make use
of the alreadyavailableorientation,color andintensityop-

poneng featuresWe incorporatanformationfrom the ori-
entationchannelwhich usesGabor lters, atfour different
anglesand at four spatial scalesfor a subtotalof sixteen
sub-channelsThe color channel(in two color opponeny:
red-greenand blue-yellav) is composedf twelve differ-
ent centersurroundscalecombinationwhile the intensity
channel(dark-brightopponeng) is composedf six differ-
ent centersurroundscalecombinations. Thatis a total of
thirty-four sub-channelaltogether The following imagel
illustratesthefeaturesusedby the gist model.
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Figurel: VisualFeatureChannelsedin the Gist Model

For eachof the thirty-four sub-channelsye extractthe
correspondingjist vectorof 21 featuresdrom its Iter out-
put/featuremap.We hypothesizehat,becausef the speed
in which gistis calculatedthey comefrom a seriesof sim-
ple feedforward operations.We thoughtthataccumulation
or averagingoperationgasopposdo competition)aremore
plausiblein nding generalinformationof a setof values.
Our 21 gistfeaturescanbe visualizedby a pyramid of sub-
sectionaverage-output$ gure 2). The rst, thetip of the
pyramid,representthemeanof theentirefeaturemap.The
next four valuesaremeansf eachof thequartersub-region
of the map - delineatedby an evenly spacedtwo-by-two
grid. The lastsixteenvaluesare the meansof eachof the
sub-rgiondelineatedy afour-by-fourgrid. Thisapproach
is similar to Torralba[26] with the useof waveletpyramid.
Thenumberof featurescould beincreasedy addingother
domainssuchas motion and stereo,or usingeven smaller
sub-rgyions(the next level would be aneight-by-eighigrid:
an additional64 features)or morelocalizedgist informa-
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Figure2: Pyramidof meansof subregionsof animage

The currenttotal numberof featuredimensionis 714,
thirty-four (sub-channelsjimes twenty-one (featuresper
sub-channelsjeatures,which is a relatively high number
for alot of classi cationtasks. We reducethe featuredi-
mension,using Principal ComponentAnalysis (PCA) and
then IndependenComponenefnalysis (ICA) using Fas-
tICA [2], to a morepracticalnumberof 80 while still pre-
servingthe varianceup to 99.8 percentfor a setin the up-
wardsof 2000well-spacedmagesfrom the USC campus.
Consideringavirtually losslesseductionjt quiteasurprise
thatourfurtherPCA/ICA analysisdoesnotyield obsenable
patternof redundang thatwould have helpedtowardsmore
principledfeaturereduction.

It is importantto note that the algorithm has a brute
force feel to it. Although more sophisticatedjist compu-
tation shouldbe incorporatedthe currenttechniquehigh-
lights therapid natureof gist. Thefeatureshemselesare
hardly raw, asthe low level processingproducescontrast
information in differentdomainsand scales. Portionsof
informationthat seemsto be omittedin the gist encoding
aredirect color distribution [28]. However, color distribu-
tion requiresa sophisticatechormalizationprocess.espe-
cially in the outdoorswherethelight sourcegsunandsky)
canchangdn termsof luminance chrominanceanddirec-
tion. On the other hand,the centersurroundfeaturesuse
of contraststrengthenshe lighting invariancenatureof the
features,althoughthey take out the absoluteraw value of
theimage. Moreover, it canalso construedaslooking for
edgesurroundingegionsbut notthehomogeneousegions
(blobs) themseles. However, becausehe systemusesa
pyramid scale,it will pick up the region at a higherscale
[13] andindirectlyinfer theabsolutevalueinformation,still
with theaddedighting invariance.

3. Testingand Results

We testthe techniqueat the USC campus.Figure 3 shavs
a highlighted path one would usually take to go to a bus
stopin front of a building called“JEP house(JEP)” from
the ComputerSciencedepartmentthe “Salvatori Building

(SAL).” Thepathtakesplacein anoutdoorervironmentthat
expandsseveralcity blocks. It requiresnavigationthrough
thesidevalk, streetcrossinganda muchmoreopenareain
front of the schools bookstore We chosethe pathbecause
they arequitetypical of locationson campus Referto Fig-
ure 4 for the variety of the visual stimuli collectedalong
the path. Althoughthe scenearedifferentin termsof con-
guration thetreesandbuildings, they canbe quite similar
in appearancé# we do not encodethe region segmentation
in detail. In addition,becausef the overlappingtreesand
buildings happenquite often, the only reliable segmenta-
tion is simply sky andground. It would take an expressie
representatioto provide a uniqgueandrobustsegmentation
signature.

WELCOME 10

Figure3: Map of USCwith highlightedSAL to JEProute

To collect video dataalong the path, we usean 8mm
handheldcamcorderThevideoclips arehardly stable.The
camcordeis carriedby a personwho makesno attemptto
smoothout the imagejitter, the camerasometimespoints
up to the sky becausef the bumpy road. At this point the
datais still view speci c, eachlocationis only traversed
from onedirection. However, to performa view invariant
scenerecognition,all we needto do is to train the system
on multiple view imaged26].

3.1 Experiment 1: Street SegmentClassi ca-
tion
The rst localizationtaskis to assesshe ability of the gist
featuresto reliably encodepath segments.Figure 3 shavs
thattherearefour sgmentsonthe SAL-to-JEProute.Each
segmentis a straightline and part of along roadwith dif-
ferentlooking pathdelineationasshavn in gure 4. The
pathis divided this way becausémageswithin eachseg-
mentssharethe majority of the backgroundscenes.As a
comparatre study we also classi ed a more spatially lo-



| | Misclassi cation [ % correct]

Training

Overall 23/1651 98.61%
Testing

Overall 497/1551 67.96%
Segmentl | 23/118 80.51%
Segment2 | 311/575 45.82%
Segment3 | 104/440 76.36%
Sgment4 | 59/418 85.89%

Tablel: StreetSegmentClassi cation

calizedset of imagesin Experiment2. Note that we do
not remove scenesontainingnon-stationarybjects(peo-
ple,cars bikes)orimagesiominatedy treesfrom ourdata.

Figure4: Sampleémagesfor eachpathsegmentof the SAL
- JEProute

We performthe classi cationusinga three-layemeural
network, trained with back-propagatioralgorithm on the
eighty PCA/ICA reducedgist features. The output layer
hasfour nodes(the sameasthe numberof segments)and
we usean absoluteencodingfor training data. For exam-
ple, if the correctansweris segment1, the corresponding
nodeis assigned..0, while the otheris 0.0. This encoding
allows for probabilisticideal outputfor scenesn between
places.For completenesgheintermediatdayershave 250
and100nodesyespectrely. Tablel shavstheresultof this
experiment.

After only taking small numberof epochsto corverge
towardslessthan ve percenterror, table 1 shows thatthe
network is able to classify the sggmentsconsistentlydur-
ing the testingphase exceptfor the second. The segment
posesa bit of problemcausedy the high numberof peo-
ple who walks on the busy road. The studentsaswell as

vehiclescanmove too closeto the cameraandoccludeda
largeportionof the eld of view. Thesdairly uselesscenes
mayberemovableby a bottomup approachusinga motion
eld andsegmentout non-stationanpbjectsthatcannotbe
construedasreliable part of the scene.We alsosuggesia
hardware solutionto the problem: usinga wide-anglelens
(with correctioncalibrationprocedureo remove distortion
artifact)soasto simulateperipheralision perspectie. Just
asacomparisonif wetake outthesecondsegmentthecor-
rectclassi cationjumpsupto 80.94percentWe alsonotice
thathowever carefulthe Iming is done thecameracanac-
cidentallypoint towardthe sky. We canconsistentlydetect
the eventsimply by noting thereis very little activities on
eachchannel.

3.2 Experiment 2: Building SegmentClassi -
cation

We now compareExperimentl resultswith more dif -
cult classi cationtask: segmentingpathbasedon locations
where a particular building is viewable. This setuppro-
vides more accuratelocalization with eachbuilding span
about100ft in length. Figure 5 labelseachbuilding sey-
ments. As with Experimentl, we performa multi-layer
neuralnetwork basedclassi cationusingback-propagation
algorithm. At rst we try to usethe samenetwork archi-
tecture(samenumberof input and intermediatenodes)as
Experimentl, but it is quickly becomeohviousthatthenet-
work doesnot have the capacityto performthe classi ca-
tion. We increasethe numberof intermediatenodesfrom
250and100to 400and200,respectiely. Theresultshovn
atTable2.

WELCOME TO

Figure5: Building Segmentof the SAL to JEProute

A quick glanceat Table?2 revealsthatthe secondclassi-
cation is notassuccessfu{belov fty percent).Takinga
morein depthlook at the testingphase we discover some



| | Misclassi cation [ % correct]

Training

Overall 62/1651 96.24%
Testing

Overall 797/1551 48.61%
Segmentl 14/112 87.50%
Segment2 18/161 88.82%
Segment3 104/168 38.10%
Sgment4 135/153 11.77%
Sgment5 | 75/105 28.57%
Sgment6 | 86/134 35.81%
Segment7 69/200 65.50%
Sgment9 | 59/101 41.58%
Sggment10 | 11/43 74.42%
Sgmentll | 187/250 25.20%
Sgmentl2 | 39/125 68.80%

| Misclassi cation |

% correct |

Training

Overall 96/5254 98.17%
Testing

Overall 2139/4762 55.08%
Segmentl | 28/118 76.27%
Sgment2 | 296/588 49.66%
Sgment3 | 321/436 26.38%
Sgment4 | 133/418 68.18%
Sgment5 | 178/211 35.97%
Sgment6 | 122/187 34.76%
Segment7 | 61/95 35.79%
Sgment8 | 83/144 42.37%
Sgmentd | 426/1179 63.87%
Segmentl0 | 201/1039 80.65%
Segmentll | 142/331 57.10%

Table2: Building SgmentClassi cation

trends.At leastoneof thebuilding-segmentsat a streetseg-
menthasa high classi cationrate. For example: segments
2, 3, 4, and5 arein the samestreet;building segment2 is
classi edupto 87.50%.In severaltrainingandtestingses-
sions,ahigherpercentagef themisclassi cationshypothe-
sizebuilding-sggmentdhatareadjacento thetruesegment.
Thiswould have suggesa possibilityof signi cant overlap-
ping scendfeaturesasa reasonof misclassi cation. How-
ever, in othertrainingsessionssuchtrendis not obsened.

3.3 Experiment 3: Larger Street Segment
Classi cation

Another comparisorwith experimentl is to scaleup the
numberof scenedo classify We increasethe numberof

segmentsto eleven by constructinga longer route around
the campus(osene gure 6). As a point of referencewe

keepmost of the architectureof the neuralnetwork from

experiment2 exceptwith onelessoutputnode.Werecorded
theresultof our experimentin Table3.

Fromtable3, we have mixedresults.Thisis partially be-
causeof a large discrepang betweerthetraining andtest-
ing runonseveralsggments A singleruntakescloseto fty
minutes,enoughtime for the sunto changeillumination.
We run another Iming the next day, however, the same
problemoccur againas the sun doesnot keepa constant
illumination too long. We may needto performa normal-
izationin orderto counteracthe problem. An alternatve
would beto train the robotat severallighting condition,on
multiple timesof theday. A note,chanceis at 9.1 percent
whenclassifyingdatawith elevendifferentclasses.

Table3: CampusStreetClassi cation

Figure6: LongerRouteWalking Around Campus

3.4. Experiment 4: Sub-channelAnalysis

We also conductan experimentto seewhetherthereis an
adwantagen usinginformationfrom avarietyof featuredo-

mains,aswe have donewith orientation,color, andinten-
sity channels.The argumentput forth hereis whetherthe
notionof gistasspatiallycoarsecuesappliesto all domains
or if thereareonly certainchannelsn which it is useful.
This experimentwill isolateeachof thethreechannelsand
individually train eachfor agiventask.Previouslyit is men-
tionedthat thereare non-descriptie sceneghat cannotbe
usedfor scenddenti cation suchasthe onesdominatecdby

treesor otherfeatureles®bjects.We would like to know if

the gist featuresareableto differentiatenaturalscenesand
scenesontainingman-madeobjects. The key distinction
is thatthe naturalscenewill thenbe construedcasimages



Training Testing

Misclass.| %Corr | Misclass.| %Corr.
Combination| 2/177 98.50% | 16/120 86.67%
Orientation | 5/177 97.17%| 18/120 85.00%
Color 4177 97.74% | 33/120 72.50%
Intensity 4/177 97.74% | 37/120 69.17%

Table4: Naturalvs. Man-MadeScene<Classi cation

full of treeswhile man-madescenesaresceneglominated
by buildings. We usea fraction of databaseontainingvar
ious semanticcategoriessuchas cities, farms, mountains,
beachesforests,andindoorsfor this task. Table4 shows
the resultsfor the naturalversusman-madescenesxperi-
ment.

Fromtheresultsin Table4 we discoverthat,for thistask,
theorientationchanne(basednGabor Iters outputin var
iousscalesandorientation)is the primaryreasorof thesuc-
cess.The orientationchannels ableto generalizeby mak-
ing correctclassi cation 85 percentof the time after the
neural networks corverge belov ve percenterror during
thetraining phase On the otherhandtheintensitychannel,
whichis basedon theintensitycentersurroundopponeny,
canonly managdessthan70 percentlassi cationafterthe
network corvergebelow 5 percenterrorduringthetraining
phase.The performancds mamginally worseif we usethe
color channebecauseolor is not asconstraininga feature
for theclassi cationtask.

It would beincorrecthowever, to concludethatthecolor
andintensitychannelsdo not play a role in scenerecogni-
tion task. It is possiblethattherearescene-relatethsksin
which thesetwo channelswill be valuable. Oliva [14] as-
sertsthatcolor will beof helpif it hasa diagnosticvalueto
the scene.For examplepeopleare ableto identify scenes
of beachedasterwith color as opposedo grey-scaleim-
agesbecausédeachehave a reliablelayout structurewith
yellow sandandblue sea. It would be interestingto seeif
weimplementanarchitecturen whichthesechannelsom-
putestheir gist featuresseparatelyand competedor which
hypothesigo use.Much like mixture of experts,thewinner
is thechannelwith the highestcon dencelevel.

4. Discussion

We have shown that the gist featuresrelatively succeedn
classifyingalarge setof imageswithout the help of tempo-
ral Itering which hasbeenprovento reducenoisesignif-
icantly [26]. In additionthe systemis asked to answeron
eachframe,despiteits low con dencelevel. Thereareser-
eralfactorsthat canbe attributedto the performance One
of the strength=f the gist featureds their non-relianceon
speci c locations thefeaturesarecomputedrom thewhole
imageratherthansmallersub-rgyions,which increasesta-

bility over translationaland rotational changeof camera.
Furthermore,a wide-anglelens as peripheralvision may
helpto seemoreof the scenesandlessof the moving fore-
groundobjectsbecause@ver alarge setof imagesdynamic
foregroundchangegendto averagedout. However, when
we averageout large spacessomebackgroundietailswill
be missed. This canbe a causefor concernregardingthe
scalabilityof gistfeaturesonsideringlegradatiorof results
of experiment2 and3 with respecto experimentl.

4.1 Compactlayout representation

A wayto increasehestrengthof thegistfeaturesarguably
isto gotoa ner grid to incorporatemorespatialinforma-
tion. While it is anintermediatesolution,the tradeoff may
notbein ourfavor. If we goto next level in thepyramid(an
eight-by-eighwrid), thefeatureds increasedrom 21to 85
persub-channellt is not obviouswhatthe gainis from the
increasen spatialresolution.Ononehandwe getmoreres-
olution, onthe otherhandthe featuresaremoresusceptible
to noisethatwe wantto avoid in the rst place.We needto
nd amoreexpressie spatialdecompositiorflayoutrepre-
sentationthatgoesbeyondthe currentgrid setup.

4.2 Integration with SaliencyModel

Anotherway to look at scalabilityproblemis to acceptthe
limitationsof thegistfeaturedy themseles. Whenwe visit
anew city, if thebuildingsareroughlyidentical,every city
block canlook quitethe same.We differentiatetheseloca-
tionsby nding distinctive cuessituatedonthe streetgpost
box, streetsigns)or buildings (namesigns)which probably
is lost whenwe averageout the large sub-rgions. There
couldbeawayto incorporatehesesalientcueswithout ex-
haustve search(a drawback of object-basedecognition),
evenwith the helpof thegistinformation.

Becauseour gist modelis built underthe vision toolkit
[4], we cantheincorporateesultsfromits salieny modelat
minimum computationatostasboth modelusesthe same
Visual Cortex raw features. The salien¢y modelhasbeen
shawn to reliably predictwhich regionsin animageattract
visual attentionof humansand other primates,as demon-
stratedby a high correlationbetweenmodel salieny and
actualhumaneye movementsin [5]. From the point of
view of desiredresults,gist and salieny appearto be op-
posites: most conspicuoudocations(isolating them from
otherlocations)versusgeneralcharacteristicef animage
by consideringevery region in the imagein equalmanner
Computationally they are also opposites. In salieny the
featuresrom eachlocationcompeteagainsteachother (in
level of conspicuousnesspntheotherhand the gistmod-
ule employs more of a cooperatie operationin which the
featuresarecombinecto produceanendresult. Thesetwo
modelswhenrunin parallel,provideamorecompletestory



of thescendn questiorandhave beensuccessfullyapplied
in variousdetectiontasks[20 25].

5. Conclusion

We have shawn that context basedvision canaid localiza-
tion task. Becausehe raw gist featurescanbe sharedwith
othermodulesjt givesustheopportunityto attacktheprob-
lemfrom multiple sidesef ciently . In our caseyobotlocal-
izationfrom boththe context andobject-basegerspectie.
Thegistmodelhave shovn apromisingstartin dealingwith
sub-problemshatareholistic in naturesuchasnaturalvs.
man-madescenesjndoorsvs. outdoorsscenesand object
primelocation[25] , which canhelpto cueanappropriate
direction. Salientobjectshelp to createdistinct signature
of individual sceneghat may not be differentiableby gist
alone.They alsoprovide a ner localizationpoint of refer
encewithin eachsceneaswell asbetweenscenes.In the
future we would lik e to presenta physicalimplementation
of this cooperatie system,usingbottom-upsalientcuesas
well ascontet, to producea usefultopographicamapfor
navigationin unconstrainedvorld.
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