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Abstract

We proposea methodfor learning usinga setof featue
representationswhich retrieve different amountsof infor-
mationat different costs. Thegoal is to createa more ef-
cientterrain classi cation algorithmwhich canbe usedin
real-time onboad an autonomousehicle

Insteadof building a monolithicclassi er with uniformly
comple representatiorfor ead class,the mainidea here
is to actively considerthe labels or misclassi cationcost
while constructingthe classi er. For example someter-
rain classesnightbe easilysepaablefromtherest,sovery
simplerepresentatiorwill be sufcient to learn and detect
theseclasses.This s taken advantae of during learning,
sothe algorithm automaticallybuilds a variable-lengthvi-
sualrepresentatiorwhich variesaccoding to the comple-
ity of theclassi cationtask. Thisenabledastrecaynition of
differentterrain typesduring testing We also showhowto
selecta setof feature representationsothatthedesiedter-
rain classi cationtaskis accomplishedvith high accuracy
andis at the sametime efcient. The proposedappmoacd
achievesa goodtrade-of betweerrecaynition performance
andspeedumn datacollectedby an autonomousobot.

1. Intr oduction

Our goalis to build a learningalgorithmthat canrec-
ognize various natural terrainsautomaticallyfrom visual
information. The problememepgesin the context of au-
tonomousavigation,in which someterraintypesmayneg-
atively affect rover mobility. For example,the rover might
getstuckin mudor sand,soit needsto learnto recognize
suchterrainsin orderto avoid them.In amoregenerakon-
text, autonomousobotswould needto perceve their ervi-
ronmentandunderstandvhatthe effect of their interaction
with differentobjectsor materialswill bein their surround-
ings, so that they can accomplishautonomougasks,e.g.
assistiumanswork in cooperatiorwith otherrobots,etc.
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Among the challengesn this applicationdomainis the
signi cant intra-classvariability in the appearancef natu-
ral terrains(Figure 1). Additionally, terrainclasseswvhich
arevery similar in appearancéut affect the rover mobil-
ity differently needto be discriminatedcorrectly To ad-
dressthesechallengesthe terrain classi cation algorithm
hasto usemorecomple representationthanaveragecolor
or color histogramscommonlyappliedin currentonboard
systemg3], [11], [15].

The most signi cant challengefor an onboardsystem,
however, is thatit hasto procesghe abundantinformation
from onboardsensorsisingvery limited computationate-
sources.Somesensorarefastto acquireandfastto pro-
cess,e.g. rangedata, somemight requiremore computa-
tionally intensve algorithmsto processe.g.imagetexture,
andsomeareexpensve to obtainandprocessbut mightbe
invaluablein performing ne distinctionbetweersomema-
terials, e.g. a high resolution,small eld-of-view camera,
which canfocuson smallportionsof theterrain.

Analogouslywhenlooking ata singlesensore.g. color
imagery therearefeaturerepresentationor classi ers) of
varying compleity which achieve differentlevels of suc-
cesdn classi cation. A very simpleclassi er might be suf-
cient to discriminatebetweersomeclassese.g.recogniz-
ing grassfrom soil couldbe doneby usingonly color. Con-
versely avery complicateconemightbeneededor classes
whicharevery similarbut wouldincuralot of penaltyif not
discriminatedproperly e.g. soil andsand.In summarythe
terrain classi cation algorithm or representatiordoesnot
have to be uniformly complex for all classes.

Basedon theseobsenrations,we proposeto build ater
rainclassi erin ahierarchicafashionjn whichthedescrip-
tion for eachclassis learnedhasednthe compleity of the
classi cationtask. The hierarcly is automaticallybuilt by
usingrepresentationsf differentcompleity at eachlevel
and by making decisionsif further processings needed
to classifysomeexamples,or if the classi cationtaskcan
be subdvided. In this way, the classi cationtaskis split
into smaller possibly harder but more focusedsubtasks



andsomeclassi cationdecisionsaremadeearlyusingsim-
ple andfastto evaluateclassi ers. Thus,therepresentation
of eachclasswill be of variablelength dependingon the
compleity of thetaskandits confusionwith otherclasses.
While in previoushierarchicatlassi cationmethodg5] the
hierarcly is built in a bottom-upfashion,we constructt in
the reverseway, startingfrom simpleclassi ers. The rea-
sonis that someclassi cationscan be done satisfctorily
well with cheapsensorswithout the needto invoke more
complicatedr expensve processingThelearnedvariable-
lengthfeaturerepresentatiogivessigni cant leveragedur-
ing detection.Notethatprevioustextureandobjectrecogni-
tion approachesisethe samecompleity of representation
for all classeg$8], [9], [16].

Additionally, we shav a generalalgorithm which per
forms ef cient selectionof a setof classi ersor “sensors'
which canachiere a particularclassi cation task within a
limited time. This is a generalizatiorof the methodof Vi-
olaandJoneq17] who proposedo useclassi ersin a se-
guence.No principled approachor selectingor adjusting
the compleity of theclassi erswasprovidedin [17].

Theideafor selectvely processingisualinformationfor
the purposesf terrainrecognition,proposechere,canbe
extendedto using multiple onboardsensorof variousca-
pabilitiesandcomputationatosts.It canalso nd applica-
tionsin the learningof a large numberof objectsor visual
catgyories,wherea uniform sizedescriptionfor all objects
will beimpracticalandinef cient.

2. Previous work

Previousterrainrecognitionapproacheblave focusedon
recognizingclasseghatarerelatively easilydiscriminable,
suchas sky', "grass', road' [11], or have beenlimited to
only detectingthe drivable dirt road[1], [3]. In contrast,
we considera largervariety of terraintypes,someof which
mightbevisually quitesimilar, suchassandsoil andgravel,
andwould be all consideredo bein a'dirt road' cateyory
in the aborementionedapproaches. Theseclasseshow-
ever, inducevery differentrobot mobility, especiallywhen
driving on slopes,andthereforeneedto be correctlyrec-
ognized. Unlike conventionalmethodsfor terrainclassi -
cationwhich classify individual pixels [3] or pixel neigh-
borhoodq11], herethe proposalis to look at largerterrain
patchesIn this way, not only betterstatisticsof occurrence
of typicaltexturefeaturesanbebuilt, asshovn in [16], but
alsoa speedupcanbe achieved by applyingthe proposed
compl«ity-dependenprocessingf patches.

Previous texture [8], [10], [16] and scene[9] recogni-
tion approachespply a x ed, uniform representatiorfior
all classesor constructthe featureswithout regard to the
existenceof otherclasses.Our approachis, in that sense,
orthogonatlto thembecauseasa resultof the proposechi-
erarchicalepresentatiorthe nal featurerepresentatiofor

eachclassis of variablelength dependingon how hard a
particulardiscriminationtaskis.

Hierarchicaklassi cationhasbecomepopularwith clas-
sifying datawhichis naturallyhierarchicallyorganized e.g.
large corporaof documentsweb sitesor news topics|[7].
It hasalso beenappliedto digit [5] and object recogni-
tion [12]. Thesemethodsequireanalreadybuilt hierarcly
which canbe obtainedprior to learning,e.g. by agglomer
ative clusteringof classesaccordingto their similarity [5].
Thesetechniquesvork from bottomup andassumehata
sufciently goodobjectrepresentatioexists[5], [12]. Our
proposalis to build the hierarcly in the reversedirection,
starting from simple classi ers and not evaluating more
complicatedor costly classi ers,unlessnecessaryThe hi-
erarcly hereis alsobuilt asa partof the learningprocess.
Somesimilar ideasto subdvide the classi cation problem
have appearedh [18] in whichanearesheighborclassi er
nds crudeclustersof similar classesandthenmoreprecise
classi ers,e.g.SVM, areusedto discriminateamongthem.

Theideaof usingclassi ersof increasingompleity has
beenpreviously usedin [6], [17]. Thesemethodsexploit
the extremely skewed distribution of facevs nonfacein an
averageimageto build a classi er which quickly discards
large areaswhich do not containa face. Herewe consider
multi-classrecognitionand proposea mechanisnfor auto-
matically subdviding the classi cation into more focused
sub-tasksvhich work on fewer andmoresimilar to onean-
otherclasses We alsoprovide an approachor selectinga
subsebf classi ersto achieve the desiredtask.

3. Selectingan optimal setof sensors

In this sectionwe provide analgorithmwhich ef ciently
selectsa setof classi erswhich canwork in a sequencéo
achieve theclassi cationtask.

Supposeve aregivena setof N sensorspr classi ers,
Ci;i = 1;::;;N, for eachof whichwe know how well they
performonthedata(i.e. classi cationerrorse; ;i = 1:::N)
andhowv muchtime t; will be spentif they aretestedon a
datasetf a particularunit size. Additionally, let usassume
that eachclassi er hasa mechanisnfor classifyinga par
ticular portionof thedatar; with largecon dence,sothese
examplesarenotto be evaluatedfurtherin the sequenceér;
is an estimateof the portion of examplesdiscardedby ei-
therof thetechniquegproposedn Sectiond). Thegoalis to
determinea subsebf classi erswhich work in succession,
soasto minimize somecriterion,e.g.classi cationerroror
computationatime. For example,we might wantto know
the optimal sequencef classi ers, if arny, which canrun
within aprede nedtime limit andwhatminimalerrorto ex-
pectof it. Theinformationneededi.e. g;t;;r;, canbeob-
tainedby runningeachclassi cationalgorithmindividually
andmeasuringheir performanceprior to the optimization.
Thegenerabubseselectiorproblemis NP-completesowe
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Flgure 1. Patchesrom eachof the classesn the datasetollectedby an autonomousoboton naturalterrains. The variability in texture
appearancis oneof thechallengepresenin our applicationdomain.To simplify thetaskwe have manuallyremoredthe "mixed' terrain
patchegmostright column)from thetrainingdata,but they will no doubtbe presenin thetestsequencesf therobot.

Figure2. A setof classi ers,orderedby increasingcompleity and
classi cationpower. Thealgorithmautomaticallyselectsa subset
of themwhich, whenusedtogethey solve the nal classi cation
taskwith minimumerrorandin limited time.

assumehattheorderin whichtheclassi ersareselecteds
known (Figure2). Theclassi ershereareorderedaccord-
ing to theircompleity which, unlessover tting occurscan
bethoughtof asorderingby decreasinglassi cationerror.
In practice,this orderingwill be also correlatedwith the
increasingcomputationakime of the classi ers. The key
requirementunderlyingthis assumptions thatin this or-
dering, the portion of exampleswhich canbe successfully
removedby eachclassi err; is presered,independentlyf
the previously removed examples.

Now that the classi ers are orderedby compleity we
wishto nd asubse{in thatparticularorder)soasto min-
imize the classi cationerrorandat the sametime limit the
computationatime. This is solved algorithmicallyin the
following way: let usde ne the functionE" (T; R) which
returnstheminimumerroraccumulatedhroughtheoptimal
sequencef classi erswith indicesamongi; :::; n, running
within time limit T andprocessindR portion of the whole
data.E{"(T; R) is computedusingthefollowing recursion:

E"(T;R) = min(eri+E[, (Ti Rt;;Rj ri);E"; (T;R))

with the bottom of the recursionbeing E[(T;R) =
e,R. The nal function that needsto be estimatedis

En (Tiimit )=min . Ny (ET (Tiimit ; 1)), i.e. we would like
to selecta setof classi ers,amongthe rst N which can
classifyall the examples(R=1) with minimal error within
thetime limit Tjimit (the choiceof Tjinit is guidedby the
applicationrequirements)In our particularcase we solve
it recursvely, aswe haveasmallN . However, for largeN it
is concevableto quantizeéheparameter§ andR andsolve
it ef ciently usingdynamicprogramming.Notethatin the
formulationof the problem,apartfrom trying to minimize
the classi cation error and limit the time, the portions of
exampleswhich are expectedto be discardedat eachlevel
alsoplay arolein selectingthe optimalsequence.

3.1.Casestudy: terrain recognition

As an example,let us considerthe following classi ers
in the context of terrainrecognition:

0) Averagered - the averagenormalizedredin a patch

1) Averagecolor - theaveragenormalizedR,Gin apatch

2) Color histogram- a3D colorhistogramwhichbuilds
statisticsof pixel valuesin apatch

3) Texton based- a 1D histogramof occurrenceof a
set of learnedatomic texture features(‘textons'), similar
to [16]; we use20textonsperclass.

4) Textonbased,slow - sameas3) but using40, instead
of 20, textonsperclass.

Theaveragecolor representatiors notvery accuratdor
the six terrain classesve are interestedn (Figure 1), but
hasbeenusedin alternatve applicationgo discriminatebe-
tweenterrainssuchas sky, grass,dirt road [11] and has
beenpreferredfor its speed.The color histogranrepresen-
tation[15] considersstatisticsof occurringpixel values. It
providesbetterrepresentatiothanthe averagecolor andis
alsofastbut cannotcapturethe dependeng of neighboring



Tablel. Classi cationperformanc®f eachof thebasealgorithms.

Algorithm Error(e; %) Time(t;,sec.)
0) Averagered 40.81.7 0.068 0.01
1) Averagecolor 17.582.6 0.068 0.01
2) Color histogram 14.683.3 0.5780.03
3) Texton based 8.181.5 4.2180.32
4) Texton basedslowv 7.924 6.268 0.42

pixels. Thetexton basedrepresentatiogonsidersa texture
as a union of featureswith speci c appearancesyithout
regard to their location [16]. This type of representation,
known as'bag-of-features' hasbecomevery popularwith
objectrecognition[2], but the conceptis moreakin to tex-
tures. The texton basedrepresentationisedherehassome
small differencesto [16]: when working on large image
patcheswe performrandomfeaturesampling,which pro-
videsacertainspeedupluringtesting.Tablel compareshe
averagetesterrorsandtimesof the abovementionedlassi-
ers for 100 runson 200 randomlysampledtestpatches.
We considerthe performanceof the texton basedclassi er
satishctory asthe datais quite challenging. However, its
computationatime is notacceptabléor areal-timesystem.

The resultsof runningthe algorithmwith T,jmir =3 sec-
ondsarethe following?. It hasselectedclassi ers 1), 2),
3) asthe optimal sequence)) is left out asits costis simi-
lar to 1) but its performances muchworse,soit is not cost
effectivetoincludeit; 4)is left outasit hasprohibitive com-
putationaltime, but 3) is possibleto includebecauset will
procesonly a portionof the examples.The expectederror
of the selectedsequencés 11.76.

Theabove exampleis to illustratethatif we have avail-
ablemultipleclassi ersof differentcapabilitieswith respect
to our particulartask,we canautomaticallyselecta subset
of themwhich 1) have subsumededundanandinef cient
classi ers2) will work moreef ciently in successionThis
algorithmcanbe viewed as a formal methodfor selecting
the complities of eachof the classi ersin a cascadein-
steadof selectinghemin anad-hocway, asin [17].

4. Learning a variable-length representation

The previous sectionshaved how to selecta subsetof
the availableclassi erssoasto minimizethe classi cation
errorandatthe sametime guaranteehatthe computational
time would not exceeda particular prede nedtime. In this

1Computationatimesaremachinedependenandshouldbeconsidered
in relative terms.

2For the purposef this example,we have setr; t0 0.01,0.2,0.3,0.4,
and0.5fori = 0;:::; 4 respectiely, althoughin practicer o is 0 andwill
beimmediatelydiscardedy the optimization.

sectionwe shav how to createa variable-lengtthrepresen-
tationusingthe selectedsequencef classi ers. We build a
hierarchicalclassi er, composedf featurerepresentations
of generallyincreasingcompleity, at eachlevel of which,
adecisionis madeif therecognitiontaskcanbe subdvided
into smallersub-tasksor if someterrainclasseslonotneed
further classi cation. Note thatthe labelstake partin this
decision.Figure3 shawvs a schematiof the algorithm. Be-
causeof this representationan importantspeedupcan be
achieved duringtesting,sincethe slowestto computeparts
of thefeaturerepresentatiomould notneedto beevaluated
for all of the classes.Additionally, if someexamplesare
classi ed with high con dence, they are not evaluatedby
thesubsequerntlassi ers.

We usethe featurerepresentationsorrespondingo the
classi ers, selectedin Section3.1: 1) Average color; 2)
Color histogram; 3) Texton based In this case the sim-
plestrepresentationesidingat thetop level is only two di-
mensionalthemediumcompleity representatiors athree
dimensionahistogranof pixel colorappearancesyhile the
mostcomplex andaccurateput slowestto compute repre-
sentations a histogramof textonsdetectedwithin a patch.
The classi er at eachlevel of the hierarcly is a decision
treeperformedn the featurespacefor this particularlevel.
A nearesheighborclassi eris usedonly in thelaststage.

4.1.Building the hierarchy

At eachlevel of the hierarcly we wish to determineif
it is possibleto subdvide the terrainrecognitiontaskinto
non-overlappingclassesAfter performingtrainingwith the
classi er atthislevel, its classi cationperformances eval-
uated. If therearetwo subgroupof classeswhich arenot
misclassi edwith classe®utsidethegroup,thentheclassi-
er atthenext level canbetrainedon eachsubgroupnde-
pendently A similartechniquds appliedafterclassi cation
in the otherintermediatdevelsof the hierarcly.

At eachlevel of the hierarcly we testthe newly built
classi er on a validation set and constructa graphof R
nodes,eachnodeof which represents terrain class,and
eachedgem(i; j) representghe portion of examplesof
classi, misclassiedasclassj, 1 - i;j - R. Instead
of a graph,we can equialently usethe confusionmatrix
M = Mgxr Which resultsfrom this particularclassi ca-
tion. Now theproblemof nding non-overlappingclassess
reducedo amin-cutproblem,andin particularwe will use
anormalizedmin-cutproblemwhich favors morebalanced
sizesof thetwo groups.Insteadf solvingtheexactnormal-
ized min-cutproblem,which is known to be NP-complete,
we will applytheapproximateversion[13]. Usingtheap-
proximatenormalizedmin-cut[13], we computethematrix:

A=D' D M)D' %

P
whereD (i; i) = ij1 Mij ;D(i;j) = O,fori & j. Then



Figure 3. Schematicof the proposedhierarchicalalgorithm. A
decisionwhetherto subdvide the recognitiontask into several
groupsof non-overlappingclassi cationsis madeat eachlevel.
The terminal nodesare shaded;theseclassesdo not needto be
furthertrainedor classi ed.

the coordinate®f thesecondsmallesteigervectorof A are
clusterednto two groups.This s trivial asthe uniquesep-
arationis foundby thelargestjumpin theeigervector The
elementswhich correspondio thesetwo clustersare the
groupsof classesvith theminimal normalizedcut.

After the min-cutis found, the amountof misclassi ca-
tion betweerthe two selectedyroupsis computed.If there
isonly nggligible misclassi cation thedatais splitinto sub-
groupsof classeswhich are trainedrecursvely, indepen-
dentlyof oneanotheratthe next morecomple level. This
procedureas applieduntil the bottomlevel of the hierarcly
is reachedr until a perfectclassi cationis achieved. This
particularapproachs undertalken, sincea simple and fast
to computealgorithmcanbe sufcient for classifyingper
fectly someclassewr at leastfor simplifying the classi -
cationtask. With this proceduresomegroupsof examples
canbe classi ed without resortingto the classi ers resid-
ing at the bottomlevels of the hierarcly, especiallyif they
involve somevery inef cient computations.Corversely if
therearenousefulsplits,thismeanghatthefeaturespacas
notreliableenougtfor classi cationandtheclassi erneeds
to proceedo thenext level of compleity. In thecasewhere
one of the groupsis of a singleclass,it will be aterminal
nodein the hierarcly andno moretraining andtestingwill
needto be donefor it. We have limited the subdvisionsto
two groupsonly, althoughrecursve subdvisionis possible.

Insteadof usingthe raw confusionmatrix M , somedo-
main knowvledgecanbe introduced. A costmatrix Cryr ,
which determineghe costof misclassi cationof different
terrains,canbe constructedor a particularapplication.For
example,misclassifyingsandfor soil is very dangerouss
the rover might getstuckin sand,but confusingterrainsof
similar rover mobility would notincur asigni cant penalty
GivenC, thenormalizedmin-cutis performednthematrix
Mc = M:C (element-wisanultiplication).

4.2.Finding con dent classi cations

An additionalmechanisnof the algorithmis to perform
early abandorof exampleswvhich have con dentclassi ca-
tions. Thatis, suchexampleswill not be evaluatedat the
later stage®f the hierarcly. For thatpurposewe puttheal-
gorithmin a probabilisticframevork. At eachintermediate
level we wish to determinethe probability of a particular
classi cation(assignmento a classw;) givenanexample:

i —;M i
P (w;jX) p(X]wJ)p(W,)’l i+ R.

Each example for which the risk of misclassi cation

i6i P(W;jX)=1; P(wijX)*issmall,will bediscarded.

The prior probabilitiesaresetaccordingto someknow-
ledgeabouttheterrain. For example,if theterraincontains
mostlysoil andgrassthesoil andgrasswill have higherpri-
orsthantheotherterrains.Herewe setequalpriorsbecause
we have extensve driving on predominantlyasphalt,sand,
gravel andwoodchipterrainstoo. Sonow theproblemis re-
ducedto computingp(X jw;) fori = 1;::;; K. Aswe have
mentionedtheclassi er attheintermediatdevelsis adeci-
siontree. Also notethatsomeof thefeaturerepresentation
might be high dimensionale.g. 2) and3), if 3) werese-
lectedto be anintermediatdevel. To computetherequired
probabilitywe usethefollowing non-parametridensityes-
timation method,proposedoy [14]. For eachexampleX,
the probability p(X jw;) is approximatedy:

1 XY g Py xe!

p(Xjw;) = W E T ;

I's=1 k2path
whereX ¥ arethevaluesof X alongthedimensionselected
alongthe pathfrom the root to the leaf of the tree where
this particularexampleis classi ed, Xs;s = 1;:::;N; are
thetrainingexamplesbelongingto classw;, K is thekernel
function,andhy is thekernelwidth. In this way, insteadof
performingadensityestimatiorin highdimensionatpaces,
only thedimensionsvhich matterfor theexampleareused.
At each level we evaluate a threshold such that if
P(w;ijX) , £ for someexampleX, thenit will beclassi-
ed asbelongingto classw; andwill notbeevaluatedn the
consequerlevels. Therestof theexamplesarere-evaluated
by the supposedlynoreaccurateclassi er atthe next level.

4 .3.Discussion

Building the classi er in a hierarchicalway hasthe fol-
lowing adwantages.Firstly, classesvhich arefar away in
appearancepaceor otherwiseeasily discriminable,will
be classi ed correctlyearly on, or at leastsubdvided into
groupswhere more powerful classi ers can focus on es-
sentially more comple classi cation tasks. This stratgy

3|f amisclassi (';_atloncostmatrlxc is available,therisk of misclassi-
cation R(ijX) = =1 Cij P(w;jX) will beusedinstead.



couldbeconsideredsanalternatve to the “one-vs-all'and
“one-vs-one'classi cationswhenlearninga large number
of classessimultaneously Secondly thereis no needto

build complex descriptionfor all classesand performthe
samecomparisonamongall classes. So, the description
lengthsof eachclasscanbe different, which gives signif-

icantleverageduringtesting. Thirdly, classi cationswhich

arecon dentwill be abandoneearly during the detection
phasewhichwill give additionalspeecadvantage A draw-

backof hierarchicallearningis that a mistale in the deci-
sion while using simple classescanbe very costly, so for

thatpurposene make adecisiononly if theclassi cationis

correctwith high probability.

Thekey elemenbf themethodis thattheclasdabelsare
taking active part in building the hierarcly and therefore
creatingthe variable-lengthrepresentationThis is in con-
trastto previous approachesvhich have donethe feature
extractiondisreggardingtheclasslabel[8], [9], [10], [16].

Although the proposechierarchicalconstructionshares
the generalidea of a decisiontree of subdviding the task
into smallersubtasksthe proposechierarcly operateglif-
ferently More complicatedclassi ersresideat eachlevel
ratherthansimple attributes,asis in a decisiontree. This
requiresa more complicatedattribute selectionor, in our
caseclassi er selection stratey asproposedn Section3.
Somepreviouscriteriafor subdviding thetrainingdatainto
subclassebave beenappliedfor decisiontreeg[4], but they
involve combinatoriahumberof trials to determinethe op-
timal subsetof classeger node. Instead,we proposean
ef cient solutionusingnormalizedmin-cut(Section4.1).

For anarbitrarylearningtask,thereis noguarante¢hata
splitin thelearningof classesvill occurattheearlierstages.
In that case,the algorithm presentedn Section3 ensures
thatthe hierarchicaklassi er corvergesto thelargestcom-
plexity classi er atthe bottomlevel, ratherthanbuilding a
compositerepresentatiorat multiple levels. In particular
thealgorithmin Section3 takesinto consideratiorthetime
thatcanbe sared by classifyingexamplesearly on andthe
overheadof computingadditionalshorterlengthrepresen-
tationsandselectg(in a greedyway) the optimal sequence
of classi ers, if arny. The framevork is adwvantageoudor
problemsn whichthe compleity of discriminationamong
classeds non-uniform,e.g. for easilyidenti able classes
or groupsof classeswhich canbe assignedshortdescrip-
tion lengthsand, corversely for setsof classesvhich are
very similar andmore comple representationare needed
to make ne distinctionsamongthem.

5. Experimental evaluation

The proposedalgorithm has been applied to terrain
recognitionfor thepurpose®f autonomousavigation. The

datasehasbeencollectedby anautonomous AGR* robot
while driving on six differentoff-road terrains: soil, sand,
gravel, asphaltgrassandwoodchips.We considerthetex-

ture in imagepatchesvhich correspondo mapcells. The
patchesare 100 pixels acrossfor mapcellsvisible at close
rangeq1-2m)and10-15pixelsacrosdor cellsatfarranges
(5-6m). Figure1 shovs someexamplesfrom the bestres-
olution patchesavailablefrom all the terrains. The datais

quitechallengingasit is obtainedn outdoorervironments.

We comparethe classi cation performanceand the
speedof eachof the baseling( at) classi erswith the hi-
erarchicaklassi er. The experimentaketupis suchthatall
the classi ers are evaluatedon the exact samesplit of the
datainto training, testandvalidationsubsets.The average
performancendtime from multiple runsor acrossmultiple
framesis reportedbelon. The algorithm dependson two
parametersl) the portionof examplesg; misclassi edbe-
tweentwo groupsbeforea split is allowed (hereg; =0.03).
2) the portion of examplesy, misclassi edby ahighcon -
denceearlyabandortechniqughereg,=0.06),

Two experimentsareperformed:

Experiment 1. Wetake » 600patchegollectedfromthe
roveratcloserange.They aredistributedequallyby random
samplinginto independentraining, validationandtestsets
andeachof thealgorithmsis testedon them. Theresultsof
this experiment,comparingthe baselinealgorithmsto the
hierarchicalone are shawvn in Figures4 and5. The hier
archicalclassi er decreasethe computationatime of the
texton classi er morethantwice at the expenseof slightin-
creasdn thetesterror. We alsocomparedhe performance
of thehierarchicatlassi er, in thecasesvhenonly splitting
is allowed,andwhenonly exampleswith signi cant con -
dencesare discardedwithout doing ary splitting). When
only splitting in the hierarcly is performed,the computa-
tional time decreasedbut not dramatically which is due
to the factthatin our particularapplication ve out of six
classewill reachthebottomlevel (atypical hierarcly dis-
cardsthe grassclassafterthe rst level andthenafterthe
secondevel splits the restof the classesnto two groups:
f sand,soil, woodchigy andf gravel, asphalg). Theimpor
tant point is thatin this casea decreasén computational
time is achiezablewithout compromisingclassi cationper
formance A morenotabledecreasé testtime comesrom
discardingexampleswith large con dence,which however
introducessomeerror. The nal hierarchicaklassi er ben-
e ts from bothmechanisms.

Test resultsof the hierarchicalclassi er when trained
with differentvaluesof theparameteg; , varyingfrom g; =0
(nohierarchicalsplit allowed)to g;=0.1,areshavn in Fig-
ure 6. As seenthereis a certainrangefor which the pro-
posedclassi er can decreasghe computationaltime no-

4LAGR standgor LearningAppliedto GroundRobotsandis anexper
imentalall-terrainvehicleprogramfundedby DARPA



tably with almostno increasen classi cationerror. A ver-
sionof the hierarchicaklassi er in which examplesof high
con dencearenot allowed to be eliminated(g,=0) is also
shavn. The initial large error, correspondingo g;=0, is
dueto evaluatingall therepresentationfor all of theexam-
ples. Theerrorstartsdecreasin@ssoonasthe hierarchical
splitting is allowed.

Experiment 2. We testthealgorithmon 512x384image
sequencesollectedby the rover. As the imageresolution
decreasesvith range,a texture classi er trained at close
rangedoesnot generalizewell at far ranges. To solve the
problem,we train two independentlassi ers for patches
obseredatclose(- 3m)andfar(> 3m)rangesTheperfor
manceis evaluatedon a » 1600framesequenceontaining

all six terrains,testingevery tenthframe of the sequence.

A localvotingamongthedecisionontheneighboringnap
cellsis doneto remove occasionamisclassi cationerrors.
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Figure4. Experiment 1. Averagetestresultsevaluatedon » 200
randomlysampledestresolutiontestpatcheg100runs).

Texton based. Error=7.07% Hierarchical. Error=8.17%
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Figure5. Experiment 1. Confusionmatricesfor oneof the runs
from the resultsin Figure 4. Texton based(left), hierarchical
(right). Only the non-zercelementsaredisplayed.

Summaryresultsareshovn in Table2. The hierarchical
classi er simultaneouslyachieses very good performance
(only slightly outperformedby the texton approach)and
decreasethe computationatime by morethana factor of
two. To further analyzethe results,we restrictedthe clas-
si cation to the patchesat closeandfar ranges(Table 3).
At closerangesthe texton approachhashigherclassi ca-
tion ratethanthe hierarchicalone,asexpectedput is much

5 ‘
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Figure 6. Experiment 1. Testresultsfor differentvaluesof the
parameten; (averagecdover50runs).

slower. The deteriorationof the texton classi er perfor
manceat far rangesis becausehe fartherpatchestake a
muchsmallerportionof theimageanddo not containsuf -
cienttextureinformation. Thehierarchicaklassi er, onthe
otherhand,takes advantageof the otherbaselinemethods
which rely mostly on color to achiere betterclassi cation
performance.Furthermorewhencomparingthe computa-
tionaltime, we canobsenre thatthehierarchicaklassi eris
signi cantly fasterthanthe texton approachat closerange,
which is becausanap cells take larger portionsof the im-
ageandare moreinformative. As a result,they aremore
likely to be correctly classi ed with simplermethods.and
wheneer they areclassi ed early, a signi cant speedups
achieved. The hierarchicalclassi er spendsmore compu-
tationaltime at far rangessincethe patchesarelessinfor-
mative andthereforehealgorithmcannotbevery certainin
making a split during training or in makingan early deci-
sionduringtesting.Figure7 shavstheterrainclassi cation
resultsandthe amountof time spentto testeachmap cell
onaframecollectedon gravel terrain.

Table 2. Experiment 2. Averageclassi cationrate andtime on
imagesequence<lassi esall cellsof theforthcomingterrain;in-
cludesall imageresolutionsThetesttime is evaluatedperframe.

Algorithm Classif.(%) Time(sec.)
Texton based16] 78.65 3.47
Hierarchical(proposecere) 76.58 1.48

6. Conclusionsand futur e work

We proposeto ef ciently processcolorimageryusinga
hierarcly of classi ers ("sensors')\which retrieve different
amountsof information at different costs. First, a subset



Figure7. Experiment 2. Input color image(left), terrainclassi cationresultsof the hierarchicalclassi er in a frame (middle) andthe
amountof computationgperformedon eachcell (right) overlayedon the original image. The algorithm gains speedadwantagefrom
classifyingsomepatchesat closerangewith muchlesscomputatiorthanthe baselinemethod.Gravel terrain.

Table3. Experiment 2. Classi cationperformanceon imagese-
quencesgvaluatingseparatelyatchesat closeandfar ranges.

Algorithm Classif.(%) Time (sec.)
Texton basedranges 3 m) 78.85 2.32
Hierarchical(ranges 3 m) 77.40 0.70
Textonbasedranges> 3 m) 64.18 1.10
Hierarchical(ranges> 3 m) 65.68 0.82

of classi ersis selectedasa responsedo the needsof the
classi cationtask. Thatis, classi erswhich areredundant,
inef cient, or simply notusefulregardinga particularclas-
si cation taskarenot selectedby the algorithm. Seconda
hierarchicalclassi er is built, takinginto consideratiorthe
labelsandthe compleity of theclassi cationtask.As are-
sult,avariable-lengthrepresentatiofor eachterrainclassis
learned which givessigni cant leverageduring detection.
The outcomes avery competitive in termsof performance
terrainclassi er which alsorunsfaster

A natural extensionis to considermore comple rep-
resentationsfrom high resolutionor multi-spectralcam-
eraswhich have betterdiscriminative capabilitiesfor some
classeandwill improve the overall performance Another
importantnext stepis to constructhe hierarcly while per
forming the optimizationproposedn Section3. This will
provide moreaccurateestimategor thevaluese;; t;; ri.
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