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ABSTRACT

We proposea new techniquewhich incrementallyderive
discriminatingfeaturesin the input space. This technique
castsboth classi�cation problems(classlabelsas outputs)
andregressionproblems(numericalvaluesasoutputs)into
a uni�ed regressionproblem. Thevirtual labelsareformed
by clusteringin theoutputspace.Weusethesevirtual labels
to extract discriminatingfeaturesin the input space. This
procedureis performedrecursively. We organizetheresult-
ing discriminatingsubspacein a coarse-to-�nefashionand
storethe informationin a decisiontree. Suchan incremen-
tally hierarchicaldiscriminatingregression(IHDR) decision
treecanberealizedasa hierarchicalprobabilitydistribution
model.Wealsointroduceasamplesizedependentnegative-
log-likelihood(NLL) metric to dealwith large-samplesize
cases,small-samplesizecases,andunbalanced-samplesize
cases. This is very essentialsincethe numberof training
samplesper classaredifferentat eachinternalnodeof the
IHDR tree. We reportexperimentalresultsfor two typesof
data:faceimagedataalongwith comparisonwith somema-
jor appearance-basedmethodand decisiontrees,hall way
imageswith driving directionsasoutputsfor the automatic
navigationproblem– a regressionapplication.

1. Intr oduction

Thecapabilityof computersto ef�ciently andeffectively
retrieveinformationfrom imagedatabasesgivesasigni�cant
impacton theprogressof digital library technology. A cen-
tral taskof a multimediainformationsystemis to ef�ciently
store,fastandcorrectlyretrieve, andeasilymanageimages
in thedatabase[10].

An essentialissuefor image databaseis the represen-
tation of the image. We can categorize the image repre-
sentationinto two types: the model-basedsystemand the
appearance-basedsystem.The model-basedapproachuses
manuallyde�ned featuresto representobjectsin theimages.
A lot of efforts hasbeenmadeon this paradigm[2] [5] [6].
Thefocusof thisapproachis to designanef�cient algorithm
from a set of manuallyselectedfeatures. The strengthof
the methodis the ef�ciency in representingimages. With
a properdesignanda restricteddomainof images,only a
very small numberof parametersis suf�cient to represent
the objectsin the imageandto distinguishamongdifferent

objects. However, the model-basedapproachis dif�cult to
generalize.For examples,given a faceimagedatabase,the
designerneedsto manually�nd the featuresfor faces.The
facefeaturesbecomebeuselesswhena car imagedatabase
is presented.Thedesignerthenneedsto �nd anothersetof
featuresfor car images. Suchkind of manuallydesigning
featurescannotscaleupto largeandcomplex domainssince
therearecountlessmodelsto bebuilt.

Theappearanceapproachhasrecentlydrawn muchatten-
tion in machinevision [13] [7]. Insteadof relyingonhuman
designerto de�ne features,the appearance-basedapproach
enablesmachinesto automaticallyderive featuresfrom im-
agesamples.To doso,it considersa two dimensionalimage
asa long vector. Statisticalclassi�cation tools areapplied
directly to the samplevectors. Oneexampleis the nearest
neighbor(NN) classi�er. As is well-known, NN classi�er
is very time andspaceconsumingfor high-dimensionalim-
agespaceanda largeimagedatabase.To usefewer features
to representa setof images,the principal componentanal-
ysis (PCA) hasbeenusedfor facerecognition[13]. PCA
can optimistically reconstructthe imagesrepresentedwith
the leastmeansquareerrors. However, the featureswhich
canwell representthe original datasetarenot necessarily
goodfor thepurposeof classi�cation. Thefeaturesderived
from the linear discriminantanalysis(LDA) can well dis-
tinguishdifferentclassesandthusarebetterfor thepurpose
of classi�cation,providedthatthesamplescontainsuf�cient
information[12].

Thesecondissuefor imagedatabaseis how to organize
therepresentedfeaturessothat theretrieval is both fastand
accurate.Linearsearchis very time-consumingandmakes
it impractical. One way to solve this problemis to usea
decisiontree. A well designeddecisiontreecanretrieve a
matchedsamplewith a logarithmic time complexity. This
is a very useful characteristicfor large image databases.
Thereis a very rich literatureaboutdecisiontrees,seesur-
veys [8] [3]. Theapplicationsof decisiontreehavebeentra-
ditionally for alow-dimensionalfeaturespacewith manually
selectedfeatures.Thisis truelargelybecausehumanscannot
de�ne a largenumberof usefulfeatures.Appearance-based
approachdrasticallychangedthissituation.Traditionaldeci-
siontreesfor low-dimensionalinput spacehave beenfound
not suitedfor input dimensionalityof a few thousandsand
up, even after data-dimensionalreductionusingtechniques
suchasPCA, aswe reportin this paper. The major reason
is thehigh complexity of sampledistribution thatcannotbe

1



capturedby a single-level PCA.As demonstratedby [11], if
adifferentsubspaceis computedateachinternalnodeof the
tree,a bettergeneralizationpower results.

2. A New SubspaceRegressionTreefor High
DimensionalLearning
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Discriminantanalysiscanbe categorizedinto two types
accordingto their outputs:class-labeloutputandnumerical
output. If theoutputis a classlabel, the taskis calledclas-
si�cation. Otherwise,the taskis calledregression.We cast
bothclassi�cationandregressiontasksinto a regressionone
in this study.

A classi�cationtaskcanbestatedasfollows. Giventrain-
ing sampleset )+*-,/.1032�46587:9<;>=?*A@B4DC/4FEGEGEG4IHJ4LK�*

@B4MC/4GEFEGEG4INFO , where 032QPLR is an input (feature)vectorand
587 is the symbolic label of 032 , the task is to determinethe
classlabelof anunknown input 0SPTR .

How canonecasta classi�cation taskinto a regression
one? We considerthreecases.(1) If a costmatrix U NF2 VXW is
readily available from application,where NF2 V is the costof
confusingclasses= and Y , onecanembedH classlabelsinto
an .1H[Z<@X9 -dimensionalEuclideanoutputspaceby assign-
ing vector \

2 to class= , =�*]@:4DC'4FEGE^EG4IH , so that ;_; \
2

ZL\
2

;_;

is ascloseto as N
2 V , asmuchaspossible. This processis

not alwayspossiblesincea pre-de�nedcostmatrix U N
2 V

W is
not alwayseasyto provide. (2) Canonicalmapping. Map

H classlabels into an H dimensionaloutput spaceso that
the = -th classlabelcorrespondsto a vectorin which the = -th
componentis 1 andall othercomponentsarezeros. After
this mapping,the distancebetweenany two differentclass
labelsis the same:1. This label mappingdoesnot assign
differentdistancesto differentoutputvectorsbut will do so
for coarseclassesin a coarse-to-�neclassi�cationaswe ex-
plainedbelow. (3) Mapping labelsinto input space.Each
sample.1032�4D587B9 belongingto classK is convertedto .1032�4I\/7:9

where \`7 , the vectorclasslabel, is the meanof all 0
2 that

belongto the sameclass. This label mappingschemecon-
sidersthe distancein input spaceasthat betweendifferent
classes.In many application,it is a desirableproperty. In
eachleaf nodeof the regressiontree,eachtraining sample

.10
2

4I\
7

9 hasa link to label 5
7 sothatwhen .10

2
4�\

7
9 is found

asa goodmatchfor unknown input 0 , 517 is directly output
asthe classlabel. Thereis no needto searchfor the near-
estneighborin theoutputspacefor thecorrespondingclass
label.

One the other hand,one cannotmap a numericoutput
spaceinto a setof classlabelswithout losing the numeric
propertiesamongan in�nite numberof possiblenumerical
vectors. Therefore,a generalregressionproblemis more
generalthana classi�cationproblem.
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Now, we considera generalregressionproblem:approx-
imatinga mappingnpo�Rrq sut from a setof trainingsam-
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Y-clustersin spacet andthecorrespond-
ing x-clustersin spaceR . The�rst andthesecondor-
derstatisticsareupdatedfor eachcluster. By default,
the normalizedMahalanobisdistanceis usedfor x-
clusterandtheEuclideandistanceis usedfor distance
to y-cluster.

ples ,'.10�2I4�\`2a9�;�032>P€R•4�\`2�P‚tƒ4c=�*r@B4MC/4GEGEFEG4�HzO . If \`2

wasa classlabel,we coulduselineardiscriminantanalysis
sincethewithin-classscatterandbetween-classscatterma-
tricesareall de�ned. However, if \`2 is a numericaloutput,
whichcantakeany valuefor eachcomponent,it is challenge
to performdiscriminantanalysiseffectively.

We introduce a new hierarchical statistical modeling
methodto addressthis challenge. Considerthe mapping

n„o…R†q s‡t , which is to be approximatedby a regres-
siontreê , calledhierarchicaldiscriminantregression(HDR)
tree,for thehigh dimensionalspaceR . Our goal is to auto-
matically generatediscriminantfeaturesalthoughno class
label is available(otherthanthenumericalvectorsin space

t ). We must processeachsample .10
2

4�\
2

9 to updatethe
HDR treeusingonly a minimalamountof computation.

Two typesof clustersareformedateachnodeof theHDR
tree— y-clustersandx-clusters.asshown in Fig. 1. They-
clustersareclustersin theoutputspacet andx-clustersare
thosein theinputspaceR . Therearea maximumof ‰ (e.g.,

‰Š*Œ‹ ) clustersof eachtypeat eachnode.The ‰ y-clusters
determinethevirtual classlabelof eachsample.10&4�\�9 based
on its \ part. The virtual classlabel is usedto determine
which x-clustertheinput sample.10&4I\m9 shouldupdateusing
its 0 part. Eachx-clusterapproximatesthe samplepopula-
tion in R spacefor the samplesthat belongto it. It May
spawn a child nodefrom the currentnodeif �ner approxi-
mationis required.At eachnode,\ in .10&4�\�9 �nds thenear-
esty-clusterin Euclideandistance.This y-clusterindicates
thatwhichcorrespondingx-clusterto which theinput .10&4I\m9

belongs.Then, the 0 part of .10&4�\m9 is usedto computethe
statisticsof the x-cluster(meanvector and the covariance
matrix). Thesestatisticsof every x-clusterareusedto esti-
matetheprobabilityfor thesample.10&4�\�9 to belongto thex-
cluster, whoseprobabilitydistribution is modeledasa mul-
tidimensionalGaussianat this level. A total of ‰ centersof
the ‰ x-clustersgive ‰�ZL@ discriminantfeatureswhich span

.1‰�Zk@X9 -dimensionaldiscriminantspace.A probability-based
distance(to be discussedin Section2.3) from 0 to eachof
the ‰ x-clustersis usedto determinewhich x-clustershould
be further searched.If the probability is high enough,the

ˆ

A regressiontree is, by de�nition, a decisiontreewhoseout-
put is a numericvectorwhile a classi�cationtreeis a decisiontree
whoseoutputis aclasslabel[3].



sample.10
4�\m9 shouldfurthersearchthecorrespondingchild
(may be morethanonebut with an upperbound K ) recur-
sively, until thecorrespondingterminalnodesarefound.

For computationalef�ciency, noneof thex-clustersand
y-clusterskeepactualinput samples,unlike the traditional
clusteringmethods. Only the �rst ordersof statisticsare
usedto representthe clusters.For example,eachy-cluster
keepsthe meanvector and the diagonalcovariancematrix
dependingon thedistancemetric in the t spacewhile each
x-clusterkeepsthemeanvectorandthefull covariancema-
trix in anef�cient form.

In summary, thealgorithmrecursively buildsa HDR tree
from a setof training samples.Thedeepera nodeis in the
tree,thesmallerthevariancesof its x-clustersare. Thefol-
lowing is the outline of the algorithmfor treebuilding and
retrieval.

Procedure1 BuildSubtree : Given a node
�

and a
subset��� of the training samplesthat belongto

�

, among
the samplesin �„* ,/.1032I4�\`2a9p;!0�2TP RS4T\`2�PSt 4T=S*

@B4MC/4GEFEGEG4IH&O , build thesubtreewhich rootsfromthenode
�

using � recursively. At most ‰ clusters are allowedin one
node.

1. Let � bethenumberof theclusters in node
�

.

� Call Clustering-Y (procedure 2) to obtain �

y-clusters.
� If \

2 belongsto = -th y-cluster, then 0
2 belongsto

= -th x-cluster.

2. Computethe meanand covariancematrix of each x-
cluster.

3. For every 032 of .1032�4I\B2�9 in ��� :

� Find the nearest x-cluster Y according to the
probability-baseddistances.

� Let thesample.1032�4I\B2�9 belongto clusterY .

4. For each cluster Y , nowwehavea portion of samples
�mV thatbelongto thex-cluster. If thelargestEuclidean
distanceamong \`2 's in the x-clusteris larger than a
number �	� , a child node

�

V of
�

is createdfromthe
x-clusterand this procedure is called recursivelywith
inputsamples�

V andnode
�

V . Thenumber�
�

�
� rep-

resentsthesensitivityof theHDR treein t space.

Procedure2 Clustering-Y : Givena setof outputvec-
tors 
Œ* .1\

ˆ

4I\�� 4GEGE^EF4I\�
m9 , return� y-clusters. ���f‰ , where
‰ representsthemaximumclusters allowedin onenode.

1. Let the mean 


ˆ

of y-cluster1 be \

ˆ

. Set �L*]@ and
=J*<C .

2. For = from C to H do

(a) Find thenearesty-clusterY for \
2 .

(b) Compute the Euclidean distance
�

*

�

=����^.1\`2�4�
�V 9 .

(c) If
���

�	� and ����‰ , let the mean 
����

ˆ

of y-
cluster��� @ be \`2 . Set� * �!� @ .

(d) Otherwise, updatey-clusterY byusingnew mem-
ber \

2 .

Theprocedureto createa HDR treejust callsprocedure
BuildSubtree with root " andall the training samples

�<* ,'.1032�4I\B2�9k;|032�PiRS4>\`2�PSt 4>=�*r@:4DC'4FE^EGEG4IH&O . The
procedurefor querytheHDR treefor anunknown sample0

is describedin below.

Procedure3 Retrieval : Givena HDR tree # andsam-
ple 0 , estimatethecorrespondingoutputvector \ . Parame-
ter K speci�estheupperboundin thewidth of parallel tree
search.

1. From the root of the tree, computethe probability-
based distance to every cluster in the node. Se-
lect at mosttop K x-clusters which havethe smallest
probability-baseddistancesto 0 . Thesex-clusters are
calledactivex-clusters.

2. For every activeclusterreceived,check if it pointsto
a child node. If it does,mark it inactiveand explore
its child nodeby computingtheprobability-baseddis-
tancesof x-clusters in thechild node. At mostK

� active
x-clusters canbereturned.

3. Mark at most K active x-clusters according to the
smallestprobability-baseddistances.

4. Do theabovesteps2 through3 recursivelyuntil all the
resultingactivex-clusters are all terminal.

5. Let thecluster N havetheshortestdistanceamongall
reachedleaf nodes.Outputthecorrespondingmeanof
its y-clusterastheestimatedoutput \ for 0 .

If we useGaussiandistribution to modeleachx-cluster,
this is a hierarchical version of the well-known mixture-
of-Gaussiandistribution models: the deeperthe treeis, the
moreGaussiansareusedandthe �ner aretheseGaussians.
At shallow levels,thesampledistributionis approximatedby
a mixtureof largeGaussian(with largevariances).At deep
levels,thesampledistribution is approximatedby a mixture
of many small Gaussians(with small variances).The mul-
tiple searchpathsguidedby probability allow a sample 0

thatfalls in-betweentwo or moreGaussiansat eachshallow
level to explorethetreebranchesthatcontainits neighboring
x-clusters.

���%$!�c�<���/#��� e��
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In theaboveSubSection,weneedto estimatethedistance
for an input vector 0 to belongto an x-cluster. For a real-
time system,it is typically the casethat the systemcannot
afford to keepall the samplesin eachcluster. Thus,each
clusterwill berepresentedby somestatisticalmeasureswith
anassumeddistribution.

We�rst considerx-clusters.Eachx-clusteris represented
by its meanasits centerandthe covariancematrix. How-
ever, sincethe dimensionalityof the spaceR is typically
very high, it is not practicalto directly keepthecovariance
matrix. If the dimensionalityof R is 3000, for example,
eachcovariancematrix requires(*)+)+)-,.(*)+)*)ƒ*0/'41)+)*)�42)+)*)

numbers!Weadopta moreef�cient method.
As explainedin Section2.2,eachinternalnodekeepsup

to ‰ x-clusters.Thecentersof these‰ x-clustersaredenoted
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4IN �:4GE_E E_46N��ƒ;XNG2�P RS4I=&*	@B4MC'4^E E_E_4D‰/O`E (1)

The locationsof these‰ centerstell us the subspace� in
which these‰ centerslie. � is a discriminantspacesince
the clustersare formed basedon the clustersin spacet .
In this space,we can computethe between-clusterscatter
andwithin-clusterscatter. Supposethat thenumberof sam-
ples in cluster = is H
2 and the grand total of samplesis

H *��

�

2��

ˆ

H 2 . Themeanof theclustercenter, denotedby N

is computedas

N!*

@

H

H�2 NG2�E

The covariancematrix of cluster = is denotedby �z2 , =•*

@B4MC/4GE_E E_4D‰ . Thewithin-clusterscattermatrix is theweighted
averageof thewithin-clusterscattermatrices:

�
	 *

@

H

�

�

2��

ˆ

H�2��
2IE (2)

Thebetween-clusterscattermatrix is thesamplecovariance
matrix for theclustercenters:

�

b*

@

H

�

�

2��

ˆ

H�2I.1NG2
Z[NF9^.1N^2�Z[NF9�� (3)

Thesamplemixturematrix is thecovariancematrixof all the
samplesregardlessof theirclusterassignments,andit is also
equalto

�
�<* �
	 ���

GE

TheFisher's lineardiscriminantanalysis[4] �nds a sub-
spacethatmaximizestheratioof between-clusterscatterand
within-clusterscatter: ; ��
:; �m; �
	Q; . Sincewe decideto use
the entire discriminantspace� , we do not needto con-
sider the within-clusterscatterherein �nding � and thus
simpli�es thecomputation.Oncewe �nd this discriminant
space� , wewill usesize-dependentnegative-log-likelihood
(SDNLL) distanceasdiscussedin Section2.4to takecareof
thereliability of eachdimensionin � .

�����Q���Q����
�� &e
&lc
z &�
& �#

 !
&%��J#m���"
��:��("%��:�����"
&�����e(Q( &

Let us considerthe negative-log-likelihood (NLL) de-
�ned from Gaussiandensityof dimensionality‰�ZL@ :

)Q.10&4IN
2

9 *

ˆ

�

.10kZ?N
2

9

�

���
ˆ

2

.10�Z?N
2

9��

�

�
ˆ

� �"!

.aC$#&9 � ˆ

�%�"!

.6; �
2

; 9ME

(4)

We call it GaussianNLL for 0 to belongto the clusterof
N

2 . We call it MahalanobisNLL if �
2 is replacedby the

within-classscattermatrix of eachnode— the averageof
covariancematricesof ‰ clusters.We call it EuclideanNLL
if �&2 is replacedby a scalematrix &

��' .
Supposethat the input spaceis R and the discriminat-

ing subspacefor aninternalnodeis � . TheEuclideanNLL
hasonly one parameter& to estimate. Thus it is the least
demandingamongthethreeNLL in therichnessof observa-
tion. Whenvery few samplesareavailablefor all theclus-
ters,theEuclideandistanceis thesuiteddistance.

The MahalanobisNLL useswithin-classscattermatrix
� computedfrom all thesamplesin all the ‰ x-clusters.The
numberof parametersin � is ‰�.1‰
ZŠ@F9(�BC , andthus,theMaha-
lanobisNLL requiresmoresamplesthantheEuclideanNLL.

For GaussianNLL, )Q.10&4ING2�9 in Eq.(4) usesthe covari-
ancematrix �&2 of x-cluster = . It requiresthateachx-cluster
hasenoughsamplesto estimatethe .1‰�ZT@F9 ,Š.1‰�ZT@F9 covari-
ancematrix. It thusis the mostdemandingon the number
of observations.Notethat thedecisionboundaryof theEu-
clideanNLL andtheMahalanobisNLL is linearandthatby
theGaussianNLL is quadratic.

We would like to usetheEuclideanNLL whenthenum-
berof samplesin thenodeis small. Gradually, asthenum-
ber of samplesincreases,the within-classscattermatrix of

‰ x-clustersare betterestimated. Then, we would like to
usetheMahalanobisNLL. Whena clusterhasvery rich ob-
servations,we would like to usethe full GaussianNLL for
it. We would like to make anautomatictransitionwhenthe
numberof samplesincreases.Wede�ne thenumberof sam-
ples H�2 as the measurementof maturity for eachcluster = .

H•*)�

�

2��

ˆ

H 2 is thetotal numberof samplesin a node.
For thethreetypesof NLLs, wehavethreematrices,&

� ' ,
� , and �

2 . Considerthe numberof scalesreceived to esti-
mateeachparameters,callednumberof scalesperparameter
(NSPP),of theelementof thematrices.TheNSPPfor &

�
' is

.1HSZi@F9^.1‰�Zi@F9 , sincethe�rst sampledoesnot give any es-
timateof thevarianceandeachindependentvectorcontains

‰zZS@ scales.For theMahalanobisNLL, thereare .1‰zZS@F9�‰*�:C

parametersto beestimatedin the(symmetric)matrix � . The
numberof independentvectorsreceived is HpZ ‰ because
eachof the ‰ x-clusterrequiresa vector to form its mean
vector. Thus,thereare .1HSZ?‰`9^.1‰�Zf@X9 independentscalars.
The NSPPfor the matrix � is +
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�-,

+

�

�
ˆ

,

+

�

�
ˆ
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*

�

+




�

�-,

�

. To
avoid thevalueto be negative when H0� ‰ , we take NSPP

for � to be /103254

�

+




�

�-,

�

41)76…E Similarly, the NSPPfor �&2

for theGaussianNLL is
ˆ

�

�

�

2��

ˆ

�

+


98

�
ˆ

,

�

*

�

+




�

�-,

�;:

E

A boundedNSPPis de�ned to limit thegrowth of NSPP
so that other matricesthat contain more scalarscan take
overwhenthereareasuf�cient numberof samplesfor them.
Thus,theboundedNSPPfor &

�
' is <>=Q*?/A@

!

,'.1H‚Zf@F9^.1‰�Z

@X9M4IH�BXO , whereH�B denotestheswitchpoint for thenext more
completematrix to take over. Similarly, theboundedNSPP

for for � is <
�

*?/A@

!

4
/10$2

4

�

+




�

�-,

�

41)
6

4IH�B
6

E It is worth
notingthattheNSPPfor theGaussianNLL doesnotneedto
bebounded,sinceamongour modelsit is thebestestimate
with alargenumberof samples.ThustheboundedNSPPfor
GaussianNLL is <>C�*

�

+




�

�-,

�
:

.
Wede�ne asize-dependentscattermatrix(SDSM) D[2 as

aweightedsumof threematrices:

D
2

*?EF=�&

�

'

�GE
�

� �HE
C

�
2 (5)

where E
=

*I<
=

�$< , EF�+*J<K�5�3< , ELCf*I<�C9�3< and < is a
normalizationfactor so that thesethreeweightssum to 1:

<Q*M<K= �N<
�

�N<
C . Usingthis size-dependentscattermatrix

D
2 , thesize-dependentnegativelog likelihood(SDNLL) for

0 to belongto thex-clusterwith centerN
2 is de�ned as

)!.10&4�NG2a9 *

ˆ

�

.10ŠZ N^2�9

�

D
�

ˆ

2

.10�Z[NG2a9��

�

�
ˆ

� �O!

.aC$#&9 �
ˆ

���O!

.6; D 2D; 9ME

(6)

3. The experimental results

We show the experimentalresultsfor face recognition
problemasanexampleof classi�cationapplication.For re-



gressionproblem,we demonstratedtheperformanceof our
algorithmin autonomousnavigationproblem.
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Sinceourprimaryinterestis in imageswhichhaveahigh
dimensionality, weappliedthenew algorithmto appearance-
basedfaceimageretrieval tasks. The experimentalresults
on FERETfacedataset[9] arereportedhere. We usedthe
frontal views from thedataset. Thirty four humansubjects
wereinvolvedin thisexperiment.Eachpersonhadthreeface
imagesfor thepurposeof training.Theotherfaceimagewas
usedfor testing.

A face normalizationprogram was used to translate,
scale,androtateeachfaceimageinto a canonicalimageof

���

rows and ‹�� columns[1] so thateyesarelocatedat pre-
speci�edpositionsasshown in Fig 2.

To reducetheeffect of backgroundandnon-facialareas,
imagepixels are weightedby a numberthat is a function
of the radicaldistancefrom the imagecenter. Further, the
imageintensity is masked by a linear function so that the
minimumandmaximumvaluesof theimagesare ) and C���� ,
respectively. Fig 2 shows theeffect of sucha normalization
procedure.

(a) (b) (c)

(e) (f) (g)

v
w x&y|{�}
	J•

Thedemonstrationof theimagenormal-
izationprocess.(a), (e) The original imagefrom the
FERETdataset. (b), (f) Thenormalizedimage. (c),
(g) Themaskedimage.

We comparedthe error rateof the proposedHDR algo-
rithm with somemajortreealgorithms.CART andC5.0are
amongthe bestknown classi�cation trees. However, like
most other decisiontrees,they are univariate treesin that
eachinternalnodeusedonly oneinput componentto parti-
tion thesamples.This meansthatthepartitionof samplesis
doneusinghyperplanesthatareorthogonalto oneaxis. We
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Method Error rate Time (sec)
Training Testing Training Testing

CART 10% 53% 2108.00 0.029
C5.0 1% 41% 21.00 0.030
OC1 6% 56% 2206.00 0.047

CART PCA 11% 53% 10.89 0.047
C5.0PCA 6% 41% 9.29 0.047
OC1PCA 5% 41% 8.89 0.046

HDR 0% 0% 23.41 0.041

donotexpectthistypeof treecanwork well in ahighdimen-
sionalspace.Thus,we alsotesteda morerecentmultivari-
atetreeOC1. We realizethat thesetreeswerenot designed
for high dimensionalspaceslike thosefrom imagesWe also
testedthe correspondingversionsby performingPCA be-
fore usingCART, C5.0,andOC1andcall themCART with
PCA, C5.0with PCA, andOC1with PCA, respectively. A
summaryof comparisonis listedin Table1. Noticethat the
training time is measuredfor the total time to train thecor-
respondingsystem.Thetestingtime is theaveragetime per
query. To make a fair comparison,thecomputationtime for
PCA is included in C5.0 with PCA, OC1 with PCA, and
CART with PCA. As shown, noneof the existing decision
treescan deal with FERET set, not even the versionsthat
usePCAasa preprocessingstep.
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Theperformanceof theautonomousnav-
igation. (a) The plot for maximum error ratesvs.
epochs.(b) Theplot for meanerrorratesvs. epochs.
Thesolid line representstheerrorratesfor resubstitu-
tion test. Thedashline representsthe error ratesfor
thetestingset.
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A vision-basednavigationsystemacceptsaninput image
7

andoutputsthe control signal
�

to control the vehicle.
Thenavigatorcanbedenotedby anfunction 8 thatmapsthe
input imagespaceR to controlsignalspace9 . Thelearning
processof theautonomousnavigation problemthencanbe
realizedasa function approximation. This is a very chal-
lenging tasksincethe function to be approximatedis with



very high dimensionalinput spaceandthe real application
requiresthenavigatorto performin realtime.

We appliedour algorithm to this challengingproblem.
Totally ('@

�

imageswith the correspondingheadingdirec-
tions wereusedfor training. The resolutionof eachimage
is (+) by ��) . We usedthe other C*)�� imagesto test. Fig 3
shows themaximumerrorratesandmeanerrorratesversus
the numberof epochs.Both maximumerror andmeaner-
ror convergearoundthe15thepoch.Fig 4 givesplotsof the
histogramsof the error ratesat differentepochs.With the
increaseof theepochs,we observedtheimprovementof the
maximumerrorandmeanerror.
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Thehistogramsof theerrorrates.Plot(a),
(b), (c), and(d) correspondto thehistogramsatepoch
1, 6, 11,20,respectively.

4. Conclusion

We castbothclassi�cationandregressionproblemsinto
a uni�ed regressionframework. Thisallowsusto designthe
new doubly-clusteredmethod.Clustersin outputspacepro-
videcoarse-to-�nevirtual classlabelsfrom clustersin thein-
put space.To dealwith high-dimensionalinputspace,a dis-
criminatingsubspaceis automaticallyderivedat eachinter-
nalnodeof thetree.A size-dependentprobability-baseddis-
tancemetric SDNLL is proposedto dealwith largesample
cases,smallsamplecases,andunbalancedsamplecases.Ex-
perimentalstudywith syntheticdatashowedthatthemethod
can achieve near-Bayesianoptimality for both low dimen-
sionaldataandhigh dimensionaldatawith low dimensional
datamanifolds.With thehelpof decisiontree,theretrieval
time for eachsampleis of logarithmiccomplexity. Theout-
put of thesystemcanbe both classlabelor numericalvec-
tors,dependingon how thesystemtrainergivesthetraining
data. The experimentalresultshave demonstratedthat the
algorithmcandealwith a wide varietyof samplesizeswith
a wide-varietyof dimensionality.
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