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Abstract

We proposea methodfor learningusinga setof feature
representationswhich retrieve different amountsof infor-
mationat differentcosts.Thegoal is to createa more ef�-
cient terrain classi�cation algorithmwhich canbeusedin
real-time, onboard anautonomousvehicle.

Insteadof building a monolithicclassi�er with uniformly
complex representationfor each class,the main idea here
is to actively considerthe labels or misclassi�cationcost
while constructingthe classi�er. For example, someter-
rain classesmightbeeasilyseparablefromtherest,sovery
simplerepresentationwill be suf�cient to learn and detect
theseclasses.This is taken advantage of during learning,
so thealgorithmautomaticallybuilds a variable-lengthvi-
sualrepresentationwhich variesaccording to thecomplex-
ity of theclassi�cationtask.Thisenablesfastrecognitionof
different terrain typesduring testing. We alsoshowhowto
selecta setof featurerepresentationssothatthedesiredter-
rain classi�cation taskis accomplishedwith high accuracy
and is at the sametime ef�cient. Theproposedapproach
achievesa goodtrade-off betweenrecognitionperformance
andspeedupondatacollectedbyanautonomousrobot.

1. Intr oduction

Our goal is to build a learningalgorithm that can rec-
ognize various natural terrainsautomaticallyfrom visual
information. The problememerges in the context of au-
tonomousnavigation,in whichsometerraintypesmayneg-
atively affect rover mobility. For example,therover might
get stuckin mud or sand,so it needsto learnto recognize
suchterrainsin orderto avoid them.In amoregeneralcon-
text, autonomousrobotswould needto perceive their envi-
ronmentandunderstandwhattheeffect of their interaction
with differentobjectsor materialswill bein their surround-
ings, so that they can accomplishautonomoustasks,e.g.
assisthumans,work in cooperationwith otherrobots,etc.

Among the challengesin this applicationdomainis the
signi�cant intra-classvariability in theappearanceof natu-
ral terrains(Figure1). Additionally, terrainclasseswhich
arevery similar in appearancebut affect the rover mobil-
ity differently needto be discriminatedcorrectly. To ad-
dressthesechallenges,the terrainclassi�cation algorithm
hasto usemorecomplex representationsthanaveragecolor
or color histograms,commonlyappliedin currentonboard
systems[3], [11], [15].

The most signi�cant challengefor an onboardsystem,
however, is that it hasto processtheabundantinformation
from onboardsensorsusingvery limited computationalre-
sources.Somesensorsarefast to acquireandfast to pro-
cess,e.g. rangedata,somemight requiremorecomputa-
tionally intensive algorithmsto process,e.g. imagetexture,
andsomeareexpensive to obtainandprocess,but mightbe
invaluablein performing�ne distinctionbetweensomema-
terials,e.g. a high resolution,small �eld-of-view camera,
whichcanfocusonsmallportionsof theterrain.

Analogously, whenlooking at a singlesensor, e.g.color
imagery, therearefeaturerepresentations(or classi�ers)of
varying complexity which achieve different levels of suc-
cessin classi�cation.A verysimpleclassi�er mightbesuf-
�cient to discriminatebetweensomeclasses,e.g.recogniz-
ing grassfrom soil couldbedoneby usingonly color. Con-
versely, averycomplicatedonemightbeneededfor classes
whichareverysimilarbut wouldincuralot of penalty, if not
discriminatedproperly, e.g. soil andsand.In summary, the
terrain classi�cation algorithm or representationdoesnot
have to beuniformly complex for all classes.

Basedon theseobservations,we proposeto build a ter-
rainclassi�er in ahierarchicalfashion,in whichthedescrip-
tion for eachclassis learnedbasedonthecomplexity of the
classi�cationtask. The hierarchy is automaticallybuilt by
usingrepresentationsof differentcomplexity at eachlevel
and by making decisionsif further processingis needed
to classifysomeexamples,or if the classi�cationtaskcan
be subdivided. In this way, the classi�cation task is split
into smaller, possibly harder, but more focusedsubtasks



andsomeclassi�cationdecisionsaremadeearlyusingsim-
ple andfastto evaluateclassi�ers.Thus,therepresentation
of eachclasswill be of variablelength dependingon the
complexity of thetaskandits confusionwith otherclasses.
While in previoushierarchicalclassi�cationmethods[5] the
hierarchy is built in a bottom-upfashion,we constructit in
the reverseway, startingfrom simpleclassi�ers. The rea-
son is that someclassi�cationscan be donesatisfactorily
well with cheapsensors,without the needto invoke more
complicatedor expensiveprocessing.Thelearnedvariable-
lengthfeaturerepresentationgivessigni�cant leveragedur-
ing detection.Notethatprevioustextureandobjectrecogni-
tion approachesusethesamecomplexity of representation
for all classes[8], [9], [16].

Additionally, we show a generalalgorithm which per-
forms ef�cient selectionof a setof classi�ersor `sensors'
which canachieve a particularclassi�cation taskwithin a
limited time. This is a generalizationof themethodof Vi-
ola andJones[17] who proposedto useclassi�ers in a se-
quence.No principledapproachfor selectingor adjusting
thecomplexity of theclassi�erswasprovidedin [17].

Theideafor selectivelyprocessingvisualinformationfor
the purposesof terrainrecognition,proposedhere,canbe
extendedto usingmultiple onboardsensorsof variousca-
pabilitiesandcomputationalcosts.It canalso�nd applica-
tions in the learningof a largenumberof objectsor visual
categories,wherea uniform sizedescriptionfor all objects
will beimpracticalandinef�cient.

2. Previouswork

Previousterrainrecognitionapproacheshave focusedon
recognizingclassesthatarerelatively easilydiscriminable,
suchas`sky', `grass',`road' [11], or have beenlimited to
only detectingthe drivable dirt road [1], [3]. In contrast,
weconsidera largervarietyof terraintypes,someof which
mightbevisuallyquitesimilar, suchassand,soil andgravel,
andwould beall consideredto be in a 'dirt road' category
in the abovementionedapproaches.Theseclasses,how-
ever, inducevery differentrobotmobility, especiallywhen
driving on slopes,and thereforeneedto be correctly rec-
ognized. Unlike conventionalmethodsfor terrainclassi�-
cationwhich classify individual pixels [3] or pixel neigh-
borhoods[11], heretheproposalis to look at larger terrain
patches.In this way, not only betterstatisticsof occurrence
of typical texturefeaturescanbebuilt, asshown in [16], but
alsoa speedupcanbe achieved by applying the proposed
complexity-dependentprocessingof patches.

Previous texture [8], [10], [16] and scene[9] recogni-
tion approachesapply a �x ed, uniform representationfor
all classesor constructthe featureswithout regard to the
existenceof otherclasses.Our approachis, in that sense,
orthogonalto thembecause,asa resultof theproposedhi-
erarchicalrepresentation,the�nal featurerepresentationfor

eachclassis of variablelengthdependingon how hard a
particulardiscriminationtaskis.

Hierarchicalclassi�cationhasbecomepopularwith clas-
sifying datawhichis naturallyhierarchicallyorganized,e.g.
large corporaof documents,web sitesor news topics [7].
It has also beenapplied to digit [5] and object recogni-
tion [12]. Thesemethodsrequireanalreadybuilt hierarchy
which canbeobtainedprior to learning,e.g. by agglomer-
ative clusteringof classesaccordingto their similarity [5].
Thesetechniqueswork from bottomup andassumethat a
suf�ciently goodobjectrepresentationexists[5], [12]. Our
proposalis to build the hierarchy in the reversedirection,
starting from simple classi�ers and not evaluating more
complicatedor costlyclassi�ers,unlessnecessary. Thehi-
erarchy hereis alsobuilt asa part of the learningprocess.
Somesimilar ideasto subdivide the classi�cationproblem
haveappearedin [18] in whichanearestneighborclassi�er
�nds crudeclustersof similarclassesandthenmoreprecise
classi�ers,e.g.SVM, areusedto discriminateamongthem.

Theideaof usingclassi�ersof increasingcomplexity has
beenpreviously usedin [6], [17]. Thesemethodsexploit
theextremelyskeweddistribution of facevs nonfacein an
averageimageto build a classi�er which quickly discards
largeareaswhich do not containa face. Herewe consider
multi-classrecognitionandproposea mechanismfor auto-
matically subdividing the classi�cation into more focused
sub-taskswhichwork on fewerandmoresimilar to onean-
otherclasses.We alsoprovide anapproachfor selectinga
subsetof classi�ersto achieve thedesiredtask.

3. Selectingan optimal setof sensors

In thissectionweprovideanalgorithmwhichef�ciently
selectsa setof classi�erswhich canwork in a sequenceto
achieve theclassi�cationtask.

Supposewe aregivena setof N sensors,or classi�ers,
Ci ; i = 1; :::; N , for eachof which we know how well they
performon thedata(i.e. classi�cationerrorsei ; i = 1:::N )
andhow muchtime t i will bespentif they aretestedon a
datasetof a particularunit size.Additionally, let usassume
that eachclassi�er hasa mechanismfor classifyinga par-
ticularportionof thedatar i with largecon�dence,sothese
examplesarenot to beevaluatedfurtherin thesequence(r i

is an estimateof the portion of examplesdiscardedby ei-
therof thetechniquesproposedin Section4). Thegoalis to
determinea subsetof classi�erswhich work in succession,
soasto minimizesomecriterion,e.g.classi�cationerroror
computationaltime. For example,we might want to know
the optimal sequenceof classi�ers, if any, which can run
within aprede�nedtimelimit andwhatminimalerrorto ex-
pectof it. Theinformationneeded,i.e. ei ; t i ; r i , canbeob-
tainedby runningeachclassi�cationalgorithmindividually
andmeasuringtheir performanceprior to theoptimization.
Thegeneralsubsetselectionproblemis NP-complete,sowe



Figure1. Patchesfrom eachof theclassesin thedatasetcollectedby anautonomousroboton naturalterrains.Thevariability in texture
appearanceis oneof thechallengespresentin ourapplicationdomain.To simplify thetaskwehavemanuallyremovedthe`mixed' terrain
patches(mostright column)from thetrainingdata,but they will nodoubtbepresentin thetestsequencesof therobot.
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Figure2.A setof classi�ers,orderedby increasingcomplexity and
classi�cationpower. Thealgorithmautomaticallyselectsa subset
of themwhich, whenusedtogether, solve the �nal classi�cation
taskwith minimumerrorandin limited time.

assumethattheorderin which theclassi�ersareselectedis
known (Figure2). Theclassi�ershereareorderedaccord-
ing to theircomplexity which,unlessover�tting occurs,can
bethoughtof asorderingby decreasingclassi�cationerror.
In practice,this orderingwill be also correlatedwith the
increasingcomputationaltime of the classi�ers. The key
requirementunderlyingthis assumptionis that in this or-
dering,the portion of exampleswhich canbe successfully
removedby eachclassi�er r i is preserved,independentlyof
thepreviously removedexamples.

Now that the classi�ers are orderedby complexity we
wish to �nd a subset(in thatparticularorder)soasto min-
imize theclassi�cationerrorandat thesametime limit the
computationaltime. This is solved algorithmically in the
following way: let us de�ne the functionE n

i (T; R) which
returnstheminimumerroraccumulatedthroughtheoptimal
sequenceof classi�erswith indicesamongi; :::; n, running
within time limit T andprocessingR portionof thewhole
data.E n

i (T; R) is computedusingthefollowing recursion:

E n
i (T; R) = min(ei r i + E n

i +1 (T¡ Rt i ; R¡ r i ); E n
i +1 (T; R))

with the bottom of the recursion being E n
n (T; R) =

en R. The �nal function that needsto be estimatedis

EN (Tl imit )=min n · N (E n
1 (Tl imit ; 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
the time limit Tl imit (thechoiceof Tl imit is guidedby the
applicationrequirements).In our particularcase,we solve
it recursively, aswehaveasmallN . However, for largeN it
is conceivableto quantizetheparametersT andR andsolve
it ef�ciently usingdynamicprogramming.Notethat in the
formulationof theproblem,apartfrom trying to minimize
the classi�cation error and limit the time, the portionsof
exampleswhich areexpectedto bediscardedat eachlevel
alsoplaya role in selectingtheoptimalsequence.

3.1.Casestudy: terrain recognition

As an example,let us considerthe following classi�ers
in thecontext of terrainrecognition:

0) Averagered - theaveragenormalizedredin apatch
1)Averagecolor - theaveragenormalizedR,Gin apatch
2)Color histogram- a3Dcolorhistogram,whichbuilds

statisticsof pixel valuesin apatch
3) Texton based- a 1D histogramof occurrenceof a

set of learnedatomic texture features(`textons'), similar
to [16]; weuse20 textonsperclass.

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

Theaveragecolor representationis notveryaccuratefor
the six terrainclasseswe are interestedin (Figure1), but
hasbeenusedin alternativeapplicationsto discriminatebe-
tween terrainssuchas sky, grass,dirt road [11] and has
beenpreferredfor its speed.Thecolor histogramrepresen-
tation [15] considersstatisticsof occurringpixel values.It
providesbetterrepresentationthantheaveragecolor andis
alsofastbut cannotcapturethedependency of neighboring



Table1.Classi�cationperformanceof eachof thebasealgorithms.

Algorithm Error (ei ; %) Time (t i ,sec.)

0) Averagered 40.9§ 1.7 0.06§ 0.01

1) Averagecolor 17.5§ 2.6 0.06§ 0.01

2) Colorhistogram 14.0§ 3.3 0.57§ 0.03

3) Textonbased 8.1§ 1.5 4.21§ 0.32

4) Textonbased,slow 7.9§ 2.4 6.26§ 0.42

pixels. Thetexton basedrepresentationconsidersa texture
as a union of featureswith speci�c appearances,without
regard to their location [16]. This type of representation,
known as'bag-of-features',hasbecomevery popularwith
objectrecognition[2], but theconceptis moreakin to tex-
tures. The texton basedrepresentationusedherehassome
small differencesto [16]: when working on large image
patcheswe performrandomfeaturesampling,which pro-
videsacertainspeedupduringtesting.Table1 comparesthe
averagetesterrorsandtimesof theabovementionedclassi-
�ers for 100 runson 200 randomlysampledtestpatches1.
We considertheperformanceof the texton basedclassi�er
satisfactory, asthe datais quite challenging.However, its
computationaltimeis notacceptablefor areal-timesystem.

Theresultsof runningthealgorithmwith Tl imit =3 sec-
ondsare the following2. It hasselectedclassi�ers 1), 2),
3) astheoptimalsequence;0) is left out asits costis simi-
lar to 1) but its performanceis muchworse,soit is not cost
effectiveto includeit; 4) is left outasit hasprohibitivecom-
putationaltime,but 3) is possibleto includebecauseit will
processonly a portionof theexamples.Theexpectederror
of theselectedsequenceis 11.7%.

Theabove exampleis to illustratethat if we have avail-
ablemultipleclassi�ersof differentcapabilitieswith respect
to our particulartask,we canautomaticallyselecta subset
of themwhich 1) have subsumedredundantandinef�cient
classi�ers2) will work moreef�ciently in succession.This
algorithmcanbe viewed asa formal methodfor selecting
thecomplexities of eachof theclassi�ers in a cascade,in-
steadof selectingthemin anad-hocway, asin [17].

4. Learning a variable-length representation

The previous sectionshowed how to selecta subsetof
theavailableclassi�erssoasto minimizetheclassi�cation
errorandat thesametimeguaranteethatthecomputational
time would not exceeda particular, prede�nedtime. In this

1Computationaltimesaremachinedependentandshouldbeconsidered
in relative terms.

2For thepurposesof thisexample,wehavesetr i to 0.01,0.2,0.3,0.4,
and0.5 for i = 0; :::; 4 respectively, althoughin practicer 0 is 0 andwill
beimmediatelydiscardedby theoptimization.

sectionwe show how to createa variable-lengthrepresen-
tationusingtheselectedsequenceof classi�ers.We build a
hierarchicalclassi�er, composedof featurerepresentations
of generallyincreasingcomplexity, at eachlevel of which,
adecisionis madeif therecognitiontaskcanbesubdivided
into smallersub-tasks,or if someterrainclassesdonotneed
further classi�cation. Note that the labelstake part in this
decision.Figure3 shows a schematicof thealgorithm.Be-
causeof this representation,an importantspeedupcanbe
achievedduringtesting,sincetheslowestto computeparts
of thefeaturerepresentationwouldnotneedto beevaluated
for all of the classes.Additionally, if someexamplesare
classi�ed with high con�dence,they arenot evaluatedby
thesubsequentclassi�ers.

We usethe featurerepresentationscorrespondingto the
classi�ers, selectedin Section3.1: 1) Average color; 2)
Color histogram; 3) Texton based. In this case,thesim-
plestrepresentationresidingat thetop level is only two di-
mensional,themediumcomplexity representationis athree
dimensionalhistogramof pixel colorappearances,while the
mostcomplex andaccurate,but slowestto compute,repre-
sentationis a histogramof textonsdetectedwithin a patch.
The classi�er at eachlevel of the hierarchy is a decision
treeperformedin thefeaturespacefor this particularlevel.
A nearestneighborclassi�er is usedonly in thelaststage.

4.1.Building the hierarchy

At eachlevel of the hierarchy we wish to determineif
it is possibleto subdivide the terrainrecognitiontask into
non-overlappingclasses.After performingtrainingwith the
classi�er at this level, its classi�cationperformanceis eval-
uated. If therearetwo subgroupsof classeswhich arenot
misclassi�edwith classesoutsidethegroup,thentheclassi-
�er at thenext level canbetrainedon eachsubgroupinde-
pendently. A similartechniqueis appliedafterclassi�cation
in theotherintermediatelevelsof thehierarchy.

At eachlevel of the hierarchy we test the newly built
classi�er on a validation set and constructa graphof R
nodes,eachnodeof which representsa terrainclass,and
eachedgem(i; j ) representsthe portion of examplesof
classi , misclassi�edas classj , 1 · i; j · R. Instead
of a graph,we can equivalently usethe confusionmatrix
M = M R xR which resultsfrom this particularclassi�ca-
tion. Now theproblemof �nding non-overlappingclassesis
reducedto a min-cutproblem,andin particularwewill use
a normalizedmin-cutproblemwhich favorsmorebalanced
sizesof thetwo groups.Insteadof solvingtheexactnormal-
izedmin-cutproblem,which is known to beNP-complete,
we will apply theapproximateversion[13]. Using theap-
proximatenormalizedmin-cut[13], wecomputethematrix:

A = D ¡ 1=2(D ¡ M )D ¡ 1=2;

whereD(i; i ) =
P R

j =1 M i;j ; D (i; j ) = 0, for i 6= j . Then



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

thecoordinatesof thesecondsmallesteigenvectorof A are
clusteredinto two groups.This is trivial astheuniquesep-
arationis foundby thelargestjump in theeigenvector. The
elementswhich correspondto thesetwo clustersare the
groupsof classeswith theminimalnormalizedcut.

After themin-cut is found,theamountof misclassi�ca-
tion betweenthetwo selectedgroupsis computed.If there
is only negligible misclassi�cation,thedatais split into sub-
groupsof classes,which are trainedrecursively, indepen-
dentlyof oneanother, at thenext morecomplex level. This
procedureis applieduntil thebottomlevel of thehierarchy
is reachedor until a perfectclassi�cationis achieved. This
particularapproachis undertaken, sincea simpleand fast
to computealgorithmcanbe suf�cient for classifyingper-
fectly someclassesor at leastfor simplifying the classi�-
cationtask.With this procedure,somegroupsof examples
canbe classi�ed without resortingto the classi�ers resid-
ing at thebottomlevelsof thehierarchy, especiallyif they
involve somevery inef�cient computations.Conversely, if
therearenousefulsplits,thismeansthatthefeaturespaceis
notreliableenoughfor classi�cationandtheclassi�erneeds
to proceedto thenext level of complexity. In thecasewhere
oneof the groupsis of a singleclass,it will be a terminal
nodein thehierarchy andno moretrainingandtestingwill
needto bedonefor it. We have limited thesubdivisionsto
two groupsonly, althoughrecursivesubdivision is possible.

Insteadof usingtheraw confusionmatrix M , somedo-
main knowledgecanbe introduced.A costmatrix CR xR ,
which determinesthe costof misclassi�cationof different
terrains,canbeconstructedfor aparticularapplication.For
example,misclassifyingsandfor soil is very dangerousas
therover might getstuckin sand,but confusingterrainsof
similar rovermobility wouldnot incurasigni�cant penalty.
GivenC, thenormalizedmin-cutis performedonthematrix
M C = M :C (element-wisemultiplication).

4.2.Finding con�dent classi�cations

An additionalmechanismof thealgorithmis to perform
earlyabandonof exampleswhichhavecon�dentclassi�ca-
tions. That is, suchexampleswill not be evaluatedat the
laterstagesof thehierarchy. For thatpurposeweput theal-
gorithmin a probabilisticframework. At eachintermediate
level we wish to determinethe probability of a particular
classi�cation(assignmentto aclasswi ) givenanexample:

P(wi jX ) = p(X jw i )p(w i )P R
j =1 p(X jw j )p(w j )

; 1 · i · R.

Each example, for which the risk of misclassi�cationP
j 6= i P(wj jX )=1¡ P(wi jX ) 3 is small,will bediscarded.
Theprior probabilitiesaresetaccordingto someknow-

ledgeabouttheterrain.For example,if theterraincontains
mostlysoil andgrass,thesoil andgrasswill havehigherpri-
orsthantheotherterrains.Herewesetequalpriorsbecause
we have extensive driving on predominantlyasphalt,sand,
gravel andwoodchipterrainstoo. Sonow theproblemis re-
ducedto computingp(X jwi ) for i = 1; :::; K . As we have
mentioned,theclassi�er at theintermediatelevelsis adeci-
siontree.Also notethatsomeof thefeaturerepresentation
might be high dimensionale.g. 2) and 3), if 3) were se-
lectedto beanintermediatelevel. To computetherequired
probabilityweusethefollowing non-parametricdensityes-
timation method,proposedby [14]. For eachexampleX ,
theprobabilityp(X jwi ) is approximatedby:

p(X jwi ) =
1

N i

N iX

s=1

Y

k2 path

1
hk

K
µ

X k ¡ X k
s

hk

¶
;

whereX k arethevaluesof X alongthedimensionsselected
along the path from the root to the leaf of the treewhere
this particularexampleis classi�ed, X s; s = 1; :::; N i are
thetrainingexamplesbelongingto classwi , K is thekernel
function,andhk is thekernelwidth. In this way, insteadof
performingadensityestimationin highdimensionalspaces,
only thedimensionswhichmatterfor theexampleareused.

At each level we evaluate a threshold such that if
P(wi jX ) ¸ £ for someexampleX , thenit will beclassi-
�ed asbelongingto classwi andwill notbeevaluatedin the
consequentlevels.Therestof theexamplesarere-evaluated
by thesupposedlymoreaccurateclassi�er at thenext level.

4.3.Discussion

Building theclassi�er in a hierarchicalway hasthe fol-
lowing advantages.Firstly, classeswhich are far away in
appearancespaceor otherwiseeasily discriminable,will
be classi�ed correctlyearly on, or at leastsubdivided into
groupswheremore powerful classi�ers can focus on es-
sentiallymorecomplex classi�cation tasks. This strategy

3If a misclassi�cationcostmatrix C is available,therisk of misclassi-
�cation R(i jX ) =

P R
j =1 Ci;j P (wj jX ) will beusedinstead.



couldbeconsideredasanalternative to the`one-vs-all'and
`one-vs-one'classi�cationswhen learninga large number
of classessimultaneously. Secondly, there is no needto
build complex descriptionfor all classesand perform the
samecomparisonamongall classes. So, the description
lengthsof eachclasscanbe different,which givessignif-
icantleverageduringtesting.Thirdly, classi�cationswhich
arecon�dent will beabandonedearlyduring thedetection
phase,whichwill giveadditionalspeedadvantage.A draw-
backof hierarchicallearningis that a mistake in the deci-
sion while usingsimpleclassescanbe very costly, so for
thatpurposewemakeadecisiononly if theclassi�cationis
correctwith highprobability.

Thekey elementof themethodis thattheclasslabelsare
taking active part in building the hierarchy and therefore
creatingthevariable-lengthrepresentation.This is in con-
trast to previous approacheswhich have donethe feature
extractiondisregardingtheclasslabel[8], [9], [10], [16].

Although the proposedhierarchicalconstructionshares
the generalideaof a decisiontreeof subdividing the task
into smallersubtasks,theproposedhierarchy operatesdif-
ferently. More complicatedclassi�ers resideat eachlevel
ratherthansimpleattributes,asis in a decisiontree. This
requiresa more complicatedattribute selectionor, in our
caseclassi�er selection,strategy asproposedin Section3.
Somepreviouscriteriafor subdividing thetrainingdatainto
subclasseshavebeenappliedfor decisiontrees[4], but they
involve combinatorialnumberof trials to determinetheop-
timal subsetof classesper node. Instead,we proposean
ef�cient solutionusingnormalizedmin-cut(Section4.1).

For anarbitrarylearningtask,thereis noguaranteethata
split in thelearningof classeswill occurattheearlierstages.
In that case,the algorithmpresentedin Section3 ensures
thatthehierarchicalclassi�er convergesto thelargestcom-
plexity classi�er at thebottomlevel, ratherthanbuilding a
compositerepresentationat multiple levels. In particular,
thealgorithmin Section3 takesinto considerationthetime
thatcanbesavedby classifyingexamplesearlyon andthe
overheadof computingadditionalshorterlengthrepresen-
tationsandselects(in a greedyway) theoptimalsequence
of classi�ers, if any. The framework is advantageousfor
problemsin which thecomplexity of discriminationamong
classesis non-uniform,e.g. for easily identi�able classes
or groupsof classeswhich canbe assignedshortdescrip-
tion lengthsand,conversely, for setsof classeswhich are
very similar andmorecomplex representationsareneeded
to make �ne distinctionsamongthem.

5. Experimental evaluation

The proposedalgorithm has been applied to terrain
recognitionfor thepurposesof autonomousnavigation.The

datasethasbeencollectedby anautonomousLAGR4 robot
while driving on six differentoff-road terrains:soil, sand,
gravel, asphalt,grass,andwoodchips.We considerthetex-
ture in imagepatcheswhich correspondto mapcells. The
patchesare100pixelsacrossfor mapcellsvisible at close
ranges(1-2m)and10-15pixelsacrossfor cellsat far ranges
(5-6m). Figure1 shows someexamplesfrom thebestres-
olution patchesavailablefrom all the terrains.The datais
quitechallengingasit is obtainedin outdoorenvironments.

We compare the classi�cation performanceand the
speedof eachof the baseline(�at) classi�ers with the hi-
erarchicalclassi�er. Theexperimentalsetupis suchthatall
the classi�ers areevaluatedon the exact samesplit of the
datainto training, testandvalidationsubsets.Theaverage
performanceandtimefrom multiplerunsor acrossmultiple
framesis reportedbelow. The algorithmdependson two
parameters:1) theportionof examplesg1 misclassi�edbe-
tweentwo groupsbeforea split is allowed(hereg1=0.03).
2) theportionof examplesg2 misclassi�edby a highcon�-
denceearlyabandontechnique(hereg2=0.06),

Two experimentsareperformed:
Experiment 1. Wetake» 600patchescollectedfrom the

roveratcloserange.They aredistributedequallyby random
samplinginto independenttraining,validationandtestsets
andeachof thealgorithmsis testedon them.Theresultsof
this experiment,comparingthe baselinealgorithmsto the
hierarchicaloneareshown in Figures4 and5. The hier-
archicalclassi�er decreasesthe computationaltime of the
textonclassi�er morethantwiceat theexpenseof slight in-
creasein thetesterror. We alsocomparedtheperformance
of thehierarchicalclassi�er, in thecaseswhenonly splitting
is allowed,andwhenonly exampleswith signi�cant con�-
dencesarediscarded(without doing any splitting). When
only splitting in the hierarchy is performed,the computa-
tional time decreased,but not dramatically, which is due
to the fact that in our particularapplication� ve out of six
classeswill reachthebottomlevel (a typical hierarchy dis-
cardsthe grassclassafter the �rst level andthenafter the
secondlevel splits the restof the classesinto two groups:
f sand,soil, woodchipg andf gravel, asphaltg). The impor-
tant point is that in this casea decreasein computational
time is achievablewithoutcompromisingclassi�cationper-
formance.A morenotabledecreasein testtimecomesfrom
discardingexampleswith largecon�dence,which however
introducessomeerror. The�nal hierarchicalclassi�er ben-
e�ts from bothmechanisms.

Test resultsof the hierarchicalclassi�er when trained
with differentvaluesof theparameterg1, varyingfrom g1=0
(no hierarchicalsplit allowed)to g1=0.1,areshown in Fig-
ure 6. As seen,thereis a certainrangefor which the pro-
posedclassi�er can decreasethe computationaltime no-

4LAGRstandsfor LearningAppliedto GroundRobotsandis anexper-
imentalall-terrainvehicleprogramfundedby DARPA



tably with almostno increasein classi�cationerror. A ver-
sionof thehierarchicalclassi�er in whichexamplesof high
con�dencearenot allowed to be eliminated(g2=0) is also
shown. The initial large error, correspondingto g1=0, is
dueto evaluatingall therepresentationsfor all of theexam-
ples.Theerrorstartsdecreasingassoonasthehierarchical
splitting is allowed.

Experiment 2. Wetestthealgorithmon512x384image
sequencescollectedby the rover. As the imageresolution
decreaseswith range,a texture classi�er trainedat close
rangedoesnot generalizewell at far ranges.To solve the
problem,we train two independentclassi�ers for patches
observedatclose(· 3m)andfar(> 3m)ranges.Theperfor-
manceis evaluatedon a » 1600framesequencecontaining
all six terrains,testingevery tenth frameof the sequence.
A localvotingamongthedecisionsontheneighboringmap
cellsis doneto remove occasionalmisclassi�cationerrors.
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Figure4. Experiment 1. Averagetestresultsevaluatedon » 200
randomlysampledbestresolutiontestpatches(100runs).
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Figure5. Experiment 1. Confusionmatricesfor oneof the runs
from the results in Figure 4. Texton based(left), hierarchical
(right). Only thenon-zeroelementsaredisplayed.

Summaryresultsareshown in Table2. Thehierarchical
classi�er simultaneouslyachieves very good performance
(only slightly outperformedby the texton approach)and
decreasesthe computationaltime by morethana factorof
two. To further analyzethe results,we restrictedthe clas-
si�cation to the patchesat closeand far ranges(Table3).
At closeranges,the texton approachhashigherclassi�ca-
tion ratethanthehierarchicalone,asexpected,but is much
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Figure6. Experiment 1. Test resultsfor differentvaluesof the
parameterg1 (averagedover50 runs).

slower. The deteriorationof the texton classi�er perfor-
manceat far rangesis becausethe fartherpatchestake a
muchsmallerportionof theimageanddonotcontainsuf�-
cienttextureinformation.Thehierarchicalclassi�er, on the
otherhand,takesadvantageof the otherbaselinemethods
which rely mostly on color to achieve betterclassi�cation
performance.Furthermore,whencomparingthecomputa-
tional time,wecanobserve thatthehierarchicalclassi�er is
signi�cantly fasterthanthetexton approachat closerange,
which is becausemapcells take larger portionsof the im-
ageandaremore informative. As a result, they aremore
likely to be correctlyclassi�ed with simplermethods,and
whenever they areclassi�ed early, a signi�cant speedupis
achieved. The hierarchicalclassi�er spendsmorecompu-
tationaltime at far ranges,sincethepatchesarelessinfor-
mativeandthereforethealgorithmcannotbeverycertainin
makinga split during training or in makingan early deci-
sionduringtesting.Figure7 showstheterrainclassi�cation
resultsandthe amountof time spentto testeachmapcell
ona framecollectedongravel terrain.

Table2. Experiment 2. Averageclassi�cation rateandtime on
imagesequences.Classi�esall cellsof theforthcomingterrain;in-
cludesall imageresolutions.Thetesttime is evaluatedperframe.

Algorithm Classif.(%) Time (sec.)

Textonbased[16] 78.65 3.47

Hierarchical(proposedhere) 76.58 1.48

6. Conclusionsand futur ework

We proposeto ef�ciently processcolor imageryusinga
hierarchy of classi�ers (`sensors')which retrieve different
amountsof information at different costs. First, a subset



Figure7. Experiment 2. Input color image(left), terrainclassi�cation resultsof the hierarchicalclassi�er in a frame(middle) andthe
amountof computationsperformedon eachcell (right) overlayedon the original image. The algorithm gains speedadvantagefrom
classifyingsomepatchesat closerangewith muchlesscomputationthanthebaselinemethod.Gravel terrain.

Table3. Experiment 2. Classi�cationperformanceon imagese-
quences,evaluatingseparatelypatchesat closeandfar ranges.

Algorithm Classif.(%) Time (sec.)

Textonbased(ranges· 3 m) 78.85 2.32

Hierarchical(ranges· 3 m) 77.40 0.70

Textonbased(ranges> 3 m) 64.18 1.10

Hierarchical(ranges> 3 m) 65.68 0.82

of classi�ers is selectedasa responseto the needsof the
classi�cationtask.That is, classi�erswhich areredundant,
inef�cient, or simply not usefulregardinga particularclas-
si�cation taskarenot selectedby thealgorithm. Second,a
hierarchicalclassi�er is built, taking into considerationthe
labelsandthecomplexity of theclassi�cationtask.As are-
sult,avariable-lengthrepresentationfor eachterrainclassis
learned,which givessigni�cant leverageduring detection.
Theoutcomeis a very competitive in termsof performance
terrainclassi�er whichalsorunsfaster.

A naturalextensionis to considermore complex rep-
resentationsfrom high resolutionor multi-spectralcam-
eraswhich have betterdiscriminative capabilitiesfor some
classesandwill improve theoverall performance.Another
importantnext stepis to constructthehierarchy while per-
forming the optimizationproposedin Section3. This will
providemoreaccurateestimatesfor thevaluesei ; t i ; r i .
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