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Abstract

In this paper, we presenta new approachto the design
of probabilisticclassifiers. Ratherthan working with a
commonhigh-dimensionalfeaturevector, theclassifieris
written in termsof separatefeaturevectorschosenspecif-
ically for each class and their low-dimensionalPDFs.
While sufficiency is not a requirement,if thefeaturevec-
tors aresufficient to distinguishthe correspondingclass
from a common(null) hypothesis,the methodis equiva-
lent to themaximumaposterioriprobability(MAP) clas-
sifier. Themethodhasapplicationsto speech,image,and
generalpatternrecognitionproblems.

1 Problem Statement

Considertheproblemof classifyinga datasample� into
one of

�
classes. The optimal maximuma posteriori

(MAP) or Bayesianclassifieris�������	 ��
��
���� ��� ��� ����� �������	 ��
��
���� � � � � � � � ��� � ��� (1)

If theLFs, � � � � � � � , arenot known, it is necessaryto es-
timatethemfrom training data. To avoid dimensionality
issues,it is oftennecessaryto reduce� to a smallervec-
tor of statisticsor features, � �! � ��� . The traditional
feature-basedclassifieris basedon the PDF estimatesof

� undereachhypothesis:����� �	 ��
��
��#"� � � � � � � � ��� � �$� (2)

Because� needsto besufficient for theentireproblem,it
often mustcontaina large numberof features.The two
fundamentalproblemsin designingsucha classifierare
(1) to obtaina low-dimensionalfeaturevectorwith suf-
ficient information and (2) to obtain its joint PDF esti-
mateundereachclasshypothesis.PDFestimationabove
a dimensionof about5 is problematic[?]. As a result,
featurereductionis often needed[?]. High-dimensional
PDF estimatorscan perform well as classifiersif there
exists good separabilityamongthe classesin the high-
dimensionalspace. Furtherperformanceimprovements
aredifficult without addressingthe dimensionalityprob-
lem in a moredirectmanner.

Considera setof class-specificfeaturevectors(FV):� �&%�' � � ���$(*),+.-/+ � (
which do not needto be unique(we could have  � � 10 for some 243�5- ). Criterion for selectingfeaturesis
discussedbelow. Thedimensionof theclass-specificFVs
will be equalto or lower thanthatof thecommonFV � .
Assumethatwe have availableestimatesof the PDFsof
eachFV underthecorrespondinghypothesis:"� � � �6� � � �7),+8-/+ � � (3)



We seeka way to re-write the classifier(1) in termsof
the PDFsof the class-specificfeatures(3). To make fair
likelihood function (LF) comparisons,it is necessaryto
“project” thesePDFsbackto theoriginaldataspace.

2 Theoretical Results

We definethe“projected”PDFas

9:�;�<�= >@?BADCE7F :G;H<�= >JILK ?MA:�;HN ? ;�<�AL= > IOK ? A�P 9:�;�NQ?R;H<�AL= >@?MA$S (4)

where >JIOK ? is class-dependentnull hypothesisthat can
bea simplifiedcasesuchasindependentGaussianor ex-
ponentiallydistributednoise. We will prove shortly that
thefunctions T 9:�;H<�= >U?�AWV givenin equation(4) areindeed
PDFsandfurthermorethey inducethecorrespondingPDF9:�;YX ? = > ? A on X ? . We assumethat for each Z , the PDFs:�;�<�= > IOK ? A and :�;�N ? ;H<�AL= > ILK ? A areknown exactly andfor
all realizationsof < we have :�;�N ? ;H<�AL= > ILK ? A\[�] .
Theorem 1 Let ^ be a range of possiblerealizations
of < . Let :Q_`;H<�= > I A be a PDF definedon ^ and Let:Q_Q;H<�= > I Aa[b] for all cedf^ . Let g be the image of^ underthe transformationX E N@;�<�A . Let :ihR;YXQ= > I A be
the PDF of X when < is drawn from the PDF : _ ;H<�= >JIMA .
Thus,: h ;�XQ= >JIMA\[j] for all k/dlg . Let m h ;�XRA beanyPDF
definedon g . Thenthefunctiondefinedby

m _ ;�<�A E :i_`;�<�= > I A: h ;�N@;H<�AO= >JIMA m h ;�N@;H<�A�A (5)

is aPDF definedon ^ , thusit hasunit area.Furthermore,
if < is drawn from the distribution m _ ;H<�A as definedin
(5), thenthePDF of X will be m h ;�X�A . Proof: Let n h ;Ho�A
be the joint momentgenerating function(MGF) of X . By

definition,n h ;Ho�A E p hrqtsOuRvxwzy E{p _|q1sLu�v~}������Ly
E � ���R� sOuRv�}������ : _ ;�<�= >JI�A:Qh�;HN@;�<�AL= > I A m h�;HN@;�<�A�A��z<
E � ���R� sOu v }������ m hR;�N@;H<�A�A: h ;HN@;�<�AL= >�I�A : _ ;H<�= >JIMA��6<
E p _R� ���r� sOuRv�}������ m h�;HN@;�<�A�A: h ;HN�;H<�AL= >JIMA1�
E p hB� ���\� s u�v~w m h�;�X�A: h ;�Xi= >JI�A1�
E � wO�R� sOuRvxw m h ;YXRA:ihR;YXQ= > I A : h ;YXQ= >JIMA��zX
E � wO�R� sOuRvxw m hR;YXRA��zX`S

from which weconcludethat thePDF of X is m h�;�X�A . The
aboveproof maybemodifiedto showthat m _ ;H<�A hasarea
1.

ThePDF m _ ;H<�A maybethoughtof asa PDFconstructed
on ^ in suchawaythat X E N�;H<�A is thesufficientstatistic
(SS)to distinguish m _`;�<�A from :i_z;H<�= > I A . By the invari-
ant propertyof likelihoodratios for SSs,if X ? E N ? ;H<�A
is a SS for > ? vs. > I and m hR;�XRA�� :G;�Xi= > ? A , thenm _`;�<�Ar��:G;H<�= > ? A . Applying this to theproblemat hand,
we have theclass-specificclassifier�������� ���?���� F :�;�<�= >JIOK ?BA:G;�XM?6= >JIOK ?BAMP 9:G;�X ? = > ? Ai:G;�> ? A$  (6)

Furthermore,seethat if for eachZ , XM? is a SSto distin-
guish >U? from >JIOK ? , and

9:�;YXM?�= >@?BA¡�¢:�;YXM?�= >@?BA , (6) be-
comesthe optimal MAP classier(1). This fact provides
thetheoreticalguidefor featureselection.Thatis, look for
featureswhich distinguisha givenclassfrom >JIOK ? . Or ifN`?R;�A is fixed,choose>JILK ? sothat NQ?�;H<�A is approximately
sufficientfor distinguishing> ? from > ILK ? . Advantagesof
theclass-specificmethodinclude:£ ReducedfeaturePDFdimension.
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¤ Modulararchitecture.¤ The class-specific method relies partially on¥G¦�§M¨6© ª@¨B« and partially on ¥�¦�§�¨�© ª�¬M« , which is
known a priori. The denominatorhasthe effect of
“assisting”thatclassfor whichthedataappearsleast
likely underthenull hypothesis.

Note that in equation(6), the PDFs ¥�¦�­�© ª ¬O® ¨ « and¥�¦Y§ ¨ © ª ¬L® ¨ « mustbeaccuratelycomputedevenif datasam-
plesaresignificantlydifferentfrom the ªJ¬O® ¨ hypothesis.
Therefore,accuratetail behavior is essential.

While ªJ¬L® ¨ maybedependenton ¯ , having a common
null hypothesishassomeadvantages. In this case,(6)
becomes °�±³²�´µ °�¶¨�·�¸º¹¥�¦�§M¨6© ª@¨B«¥�¦Y§M¨�© ªJ¬B« ¥G¦�ª ¨ «$» (7)

which is in theform of a setof dedicateddetectors. Hav-
ing adetector-likestructurehasobviousadvantagesatlow
signal-to-noiseratio (SNR) becauseseparatethresholds
canbe seton eachdetectorto reject samplesinsteadof
forcing adecision.

2.1 Theory extension: Hidden Markov
Modeling

An ¼ -stateHMM involvesa setof ½ stateoccurrences¾À¿Á4ÂMÃ6Ä�ÅLÆRÇOÇLÇ�Ã6Ä ½ ÆÉÈ where Å�ÊËÃ6Ä ÌÍÆÎÊ ¼ . Thesequence¾
is a realizationof the Markov chain with statepriorsÂOÏ ¨�» ¯ ÁfÅ »³Ð ÇOÇLÇ ¼ È and ¼ÒÑÓ¼ statetransitionmatrixÔ ÁfÂBÕ�Ö ¨ È . Theobservations × ¿ÁØÂ ­ Ä�Å�Æ »�­ Ä Ð ÆRÇOÇLÇ ­ Ä ½ ÆÉÈ

arerealizationsfrom asetof statePDF’s¥�¦�­�© ª@¨M«�» ¯ ÁÙÅ »³Ð ÇLÇLÇ ¼ »
where ª ¨ is theconditionthatstatē is true. We assume
theobservationsareindependent,thus

¥G¦ × © ¾ « ÁÛÚÜÝ ·�¸ ¥G¦H­ Ä ÌÍÆ © ª/ÞWß Ýáà « Ç
Thecompletesetof parametersdefiningtheHMM areâ ¿ÁäãåÂOÏ ¨ È » ÂMÕ�Ö ¨ È » Â ¥G¦çæå© ª/Þ$ß Ýáà « ÈOè »
where é ´¨�·�¸ Ï ¨ ÁfÅ , é ´¨�·G¸ Õ�Ö ¨ ÁfÅ . TheBaum-Welsh
algorithmmaximizestheLF over

â
[?]. TheLF is written

as[?]¥�¦ ×Óê ¹â « Á ë ¾ ¹Ï ÞWß ¸ à ¹¥�¦�­ Ä�ÅLÆ © ª/ÞWß ¸ à «æ ÚÜì ·�í Õ Þ$ß ì6î ¸ à Þ$ß ì à ¹¥�¦�­ Ä ïtÆ © ªðÞ$ß ì à «$»
(8)

wherethe summationof
¾

is over all possiblestatese-
quencesof length ½ . To addressthe dimensionalityis-
sue,most implementationsreducethe observationsto a
FV ñ ¿ÁòÂ § Ä�Å�Æ »�§ Ä Ð ÆRÇLÇOÇ § Ä ½ ÆÉÈ , where § Ä ÌÍÆ�Á4ó ¦H­ Ä ÌÍÆ « . In-
stead,if we appy (4) with commonª�¬ ,ô ¦ ñõê ¹â « ¿Á ¥�¦ ×öê ¹â «¥�¦ × © ªJ¬�« Á ë ¾ ¹Ï Þ$ß ¸ àr÷ ¹¥G¦�§�ÞWß ¸ à Ä�Å�Æ © ª/Þ$ß ¸ à «¥G¦�§�ÞWß ¸ à Ä�Å�Æ © ªJ¬M«lø

æ ÚÜì ·�í ÷ Õ Þ$ß ì�î ¸ à ÞWß ì à ¹¥G¦�§RÞ$ß ì à Ä ïtÆ © ª/Þ$ß ì à «¥�¦Y§RÞ$ß ì à Ä ïtÆ © ªJ¬B« ø »
(9)

A variation of the Baum-Welsh algorithm hasbeende-
rivedfor estimationof theparametersof thefeaturePDFsÂ ¹¥�¦Y§M¨�© ª@¨B« È by modellingthemasGaussianmixtures[?].
Theresultis anHMM with state-dependentfeatures.Be-
causeeachstatecan have a different FV, it is possible
to usespecialprocessingto take advantageof the spe-
cial temporalor frequency-domaincharacterof eachstate.
This algorithmhasbeentestedon simulateddataandhas
show superiorperformancein comparisonto thestandard
HMM. Partof thisimprovementis dueaself-initialization
effect. This effect is dueto the dominantrole of the de-
nominatorterm ¥�¦�§ ¨ © ª ¬ « , which is known in advance.

2.2 Computer Simulation

A computerexperimentdesignedusingsyntheticsignals
with known sufficient statisticswasconductedto verify
(7). The resultsarepublishedin a recentpaper[?]. The
experimentfeaturedthreesyntheticclasses,eachwith a
one-dimensionalstatistic. Theperformanceof the class-
specificclassifierusing one-dimensionalPDF estimates
was comparedwith the classifierconstructedusing the
three-dimensionalcommon FV composedof the three
class-specificfeatures. Since both classifiersusedthe
samefeaturesandPDFestimationmethod(Gaussianmix-
tures), the performancecomparisoncomparedonly the
classifierarchitectures.Theclassificationperformanceis
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plottedin Figure1 andshowsthatmorethanafactorof 10
fewer training samplesarerequiredby the class-specific
classifierfor thesamelevel of performance.

Figure1: Comparisonof class-specificandtraditionalclassifier
showing probabilityof correctclassification( ùiúÉú ) asa function
of the numberof training samplesfrom eachclass. Eaches-
timateof ùQúÉú is an averageof 10 independenttrials using500
testingsamplesfrom eachclassin eachtrial.

3 Applications

3.1 Time-series (Speech) Analysis

The class-specificapproachlends itself well to optimal
time-seriessegmentation. Let the length-û time-series
be divided into ü segmentswith ending times ýÒþÿ ���������	�
�
�����
�����

. Within segment � , we assumethe data
is a realizationof model ��� . Let �Ëþ ÿ � ��� � ���
��� � ��� ,��� ��� ���

. Determinationof ý and � may be for-
mulatedasamaximumlikelihoodproblem.If weassume
thatfor afixed � � ý , the ü segmentsareindependent, "!$#&% � � ý	'Îþ �(�*) �  +!$, ÿ � � �-�	. � �/�
�
���
� , ÿ � � � % 02143 ' � (10)

where
�6587þ:9 , and

� � 7þäû . The maximizationof this
quantitymaybewrittenas;=<�>�@? ý  +!$#&% � � ý	'�þ ;=<A>ý B ;2<A>�  "!C#&% � � ý�'�D � (11)

Theinnermaximizationmaybeperformedindependently
on eachsegment.Then,theproblemmaybesolvedwith-
out exhaustive searchusingdynamicprogramming.For
eachtime

�
, thetotal log-likelihoodof thebestsegmenta-

tion which endsat time
�

may be calculatedrecursively.
Aside from the computationalaspects,the main diffi-
culty of implementing(11) is the necessityto know the
LFs  "!C#&% 0FE ' . Thus,they areoften limited to onemodel

whoseparametersare allowed to changefrom segment
to segment. An exampleis the segmentationof a DFT
into constant-power segments[?]. In contrast,the class-
specificmethodallows likelihood comparisonsof com-
petingmodelswith differentstructurebasedonly on their
sufficient statisticsvia (4). LetG�E ÿ � � ��� � � 7þjû EH!$, ÿ � � �I���
���J� , ÿ � � � ' �
Applying (4) with acommon0 5 , +!$#&% � � ý&' "!C#&% 0 5 ' þ

�(�*) �  +!CGK1 3 ÿ � .L� � ���A��� � � % 0M1 3 ' +!CG 1 3 ÿ � .L� � ��� ��� � � % 0 5 ' � (12)

Below, weexplainthestepsnecessaryfor implementation
of (12) anddescribethe specificchoiceswe have made
relative to thesegmentationof speechdata.

1. Selectionof the 0 5 hypothesis.For speech,it is use-
ful to useN ! 9 � � ' independentGaussiannoise.

2. Selectionof sufficient statisticsto differentiateeach
model from 0 5 . The two main modelsin speech
areunvoiced( 0 � ) andvoiced( 0 � ) processes.We
selectedas approximatesufficient statisticsfor 0 �
the first seven autocorrelationfunction (ACF) lagsG � þ�O�P , where O�Plþ ÿ Q 5 ���
��Q P � . For 0 � , we usedG � þ ÿ O�R ��Q�ST��U/S�� where

Q�ST��U/S
arethe valueandlag

index if thehighestACFpeakin therangeof human
pitch.

3. Determinationof the denominatorPDFs  "!VG�EW% 0 5 ' .
For a setof unweightedDFT-derivedACF estimates
obtainedfrom independentGaussiannoise,theexact
joint momentgeneratingfunction(MGF) maybede-
termined,however a closedform expressionfor the
joint PDFcannot befound. Throughapplicationof
the saddlepointapproximation or tilted Edgeworth
expansion[?], accuratePDF approximationsvalid
in the distanttails may be obtained[?]. For voiced
speech,theintroductionof thefeature

U S
requiresus-

ing thePDFfactorization "! O R ��Q S ��U S % 0 5 'Îþ  "! O R ��Q S % U S � 0 5 '  +! U S % 0 5 ' �
(13)

where "! U S % 0 5 ' is approximatedasa uniformdistri-
bution.
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4. Determination of appropriate numerator PDFsX+YCZ�[]\ ^F[`_ . ThesePDF maybe obtainedby PDF es-
timationusinglabeledtrainingdata,or maybecon-
structedusingprior knowledge. For voicedspeech,
the factorization(13) alsoappliesunder ^2a andwe
assumeX"Y$b/cd\ ^2a�_ is uniform over the humanpitch
range. Often, it is useful to work with an alter-
native featureset with well-behaved statisticsob-
tainedby invertible transformationof Z [ . For ^=e ,
we have foundit usefulto work with thealternative
featureset ZHf eLgih jlknm�oJp , where jqgsrutHv YCw
x�_ , andmyo@gzh { e k
|
|�|Jkn{ o p , and {~}�g8r�tKv Y�Y��W��� } _��]Y������ } _�_ ,
where � } , are the 6-th order reflectioncoefficients
(RCs). The PDF X+YCZ e \ ^ e _ may be obtainedfromX+YCZKfe \ ^ e _ using a changeof variablesand the Ja-
cobianof the transformation. We have found that
the componentsof ZKf e are approximatelyGaussian
andindependentunder ^ e . Appropriatemeansand
varianceswere obtainedby observingtypical data.
For ^2a , we have found it usefulto work with ZHfa gh jdk�my�Kk�j c k b/c p , where my� and j aresimilarly defined
and j c g�r�tKv w c .

An exampleof a segmentedtime-seriesis shown in Fig-
ure 2. This examplewasobtainedby fitting voicedand
un-voicedspeechmodelsto the segments.Goodquality
speechhasbeenre-synthesizedfrom thefeaturesfrom the
segmentsobtainedin thisway.

Figure2: Exampleof optimalspeechsegmentation.Unvoiced
segmentsareshown with finerdottedlines.Spokenword is ger-
man“heut”, pronounced“hoit”. Thelengthof thevoicedspeech
segmentsin thefinal solutionareapproximatelyequalto a mul-
tiple of thepitchperiod.Thisprovidesthebest“fit” to themodel
whichusedunweightedDFT processing.

3.2 Image Recognition

The class-specificmethodmay alsobe appliedto image
processing.To realizea benefitby direct applicationof
equation(4), thereshouldexist a low-dimensionalFV for
eachobjectclasswhich is nearlysufficient to distinguish
thegivenobjectfrom ^ x (Gaussianor exponentiallydis-
tributed independentnoiseon the imageplane). Unfor-
tunately, mostobjectrecognitionproblemsareconcerned
with objectswhich aresimilaror sharethesamefeatures.
A betterapproachis to representeachobject classas a
collectionof imageprimitives. Theseprimitivescanbe
thenrepresentedby differentFVs. Therecognitionof the
objectclassescanbe accomplishedby statisticallymod-
elling the spatial relationshipsamongthe imageprimi-
tives.To testthis concept,a simplifiedshape-recognition
experimentwasconducted.Figure3 shows the original
cameraimagewhich containscircles,squares,anda pen-
tagon.

Figure3: Original image(245wide by 242high).

The imageof ����� -by- ����� pixelswaspre-processedas
follows. The imagedatais definedas ��� } [ k ����b��
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�������8���z���
. Let ���$  �/�W¡ becircularneighborhood

of 16 pixelsradiusaroundpixel (i,j):���C  �/��¡@¢£ �C¤ ��¥�¡§¦~¨ �C¤�©ª  ¡�«&¬ � ¥ © ��¡§�q��­~®
We define ¯	�$  �/�W¡ and °��C  �I��¡ as the samplemeanand
standarddeviation of the datain neighborhood���$  �/�W¡ .
We thendefinethenormalizedneighborhooddataatpixel�$  �/�W¡ as ±² �$  �I��¡ ¢£q³ ±´dµ·¶¸A¹ �º¦ �C¤ ��¥�¡§» ���C  �I��¡*�
where ±´ µ·¶¸A¹ ¢£ ´ ¸A¹ ©¼¯	�$  �I��¡°��$  �I��¡ ®
The ideais thento test

±² �C  �I��¡ for eachobjectprimitive
in eachorientation.An exampleof a primitive for a 90-
degreecornercenteredat pixel �C  �/��¡ with an orientation
of ½d¾ =135degreesis shown in Figure4. Let therebe ¿
orientations(weuse5-degreequantizations¿ £qÀAÁ ). Let

Figure4: Imageprimitive for a 90-degreecornercenteredat
pixel ÂÄÃ�Å$Æ�Ç with anorientationof È =135degrees.

É �$  �I�H��Ê���¥�¡ ¢£ÌË �
±² �C  �I��¡
Í Î ¹ � ½ ¾ ¡Ë � ±² �$  �/�W¡�Í ÎMÏ�¡ ��Ð�ÑÊ�� ¿ � �Ð�Ò¥Ó�:�

, where
�

is the num-
berof primitives.Thisquantityis thelikelihoodratio test
at pixel �$  �/�W¡ betweenthe hypothesisthatprimitive

¥
is

presentin orientation½d¾ andhypothesis
ÎMÏ

. To applythe
class-specificmethod,we re-writethis asÉ �$  �/�K�nÊ���¥�¡	Ô Ë �CÕ µ$Ö ¶nÖ ¾ Ö ¹ Í Î ¹ ��× ¾ ¡Ë �CÕ µ$Ö ¶nÖ ¾ Ö ¹ Í ÎMÏ`¡ �

whereÕ µCÖ ¶�Ö ¾ Ö ¹ is anapproximatesufficientstatisticfor this
binarytest.Notethatnormalizing

±² �$  �I��¡ makesit easier
to findapproximatesufficientstatisticsto distinguishfrom
zero-meanGaussiannoiseof unit variance.

To illustrate the selectionof approximatesufficient
statistics,we considera one-dimensionalexample. Con-
sidera length-

�
time-seriesØ £ÚÙ ´�Û � ´ « ®�®
® ´dÜ�Ý . Let hy-

pothesis
Î=Þ

bedefinedasÎ=Þß¦�àá â ´dã £åä Û ¬ ¤ ã �s�æ�èçé��ê´dã £åä « ¬ ¤ ã ��ê�ëìç§�����
where ä Û � ä « aretwo unknown constants.We define

Î Ï
asindependent

� �Cí ���`¡ Gaussiannoise.A goodFV s the
sumsof thesamplesin thetwo regions:

Õ Û Ö Þ £ Þî ã$ï"Û ´ ã � Õ « Ö Þ £ Üîã$ï ÞIð Û ´ ã
Thus,wehaveË �CØ Í Î Û �nêJ¡Ë �CØ Í ÎMÏ�¡ Ô Ë �CÕ Û Ö Þ � Õ « Ö Þ Í Î Û �nê
¡Ë �VÕ Û Ö Þ
� Õ « Ö Þ�Í ÎMÏ�¡ ® (14)

Under
Î Ï

, Õ Û Ö Þ and Õ « Ö Þ aremutually independent.Both
areGaussianwith zeromean,while Õ Û Ö Þ hasvariance

ê
,

and Õ Û Ö Þ hasvariance
� © ê . Clearly,ñ�òKó Ë �CÕ Û Ö Þ�� Õ « Ö Þ�Í ÎMÏ�¡ £ ©ôí ®öõ ñ�òKó � Á�÷ êJ¡ © Û« Þ Õ « Û Ö Þ©ôí ® õ ñ�òKó � Á�÷ � � © êJ¡�¡ © Û«Jø Ü@ù ÞVú Õ «« Ö Þ ®

The numeratorPDF in (14) needsto be defined. If we
have no prior knowledgeabout ä Û � ä « , we may assume
uniform distributionsor mayignoretheprior distribution
altogether. It hasbeenexperimentallyverifiedthatthenu-
meratorhasminimal effect on thetest.Theclassification
decisionmaybemadebasedonly onthedenominator, i.e.
how unlikely thedatais under

ÎMÏ
.

To extendthe above exampleto the 90-degreecorner
primitive in Figure4, wecomputethesumof thesamples
in regions A and B. We then apply a similar argument
to arrive at a formula for the joint distribution of thetwo
region sums.We have createdsimilar modelsfor various
cornerwidths,straightedges,andcurvededges.

Dependingon theapplication,theorientationinforma-
tion mayor maynot be important. If it is not important,
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onemayreducethedataby maximizingover theorienta-
tion ûdü : ýºþVÿ��

�������	��

�����ü ý�ÿ��
�����������	���

An exampleof

ý þ ÿ��
�������	� for � correspondingto thehy-

pothesisof a 108-degreecorner(asfound in a pentagon)
is shown in Figure5. Note that the five 108-degreecor-
nersof thepentagonweredetected,while noneof the90-
degreecornersin the imagewere detected. The image
maybereducedin thiswayto smallareaswhicharelikely
to bethelocationsof thedesiredprimitives.Work is con-
tinuingto developstatisticalmodelsto describethespatial
relationshipbetweentheseareas.

Figure 5: Imageprocessedto detect108-degreecornersand
thresholdedfor display. Numeratordensitieswereignored.

4 Conclusions

A new generalmethodof patternrecognitionis proposed.
This methodallows class-specificfeaturevectorsto be
usedin anoptimalclassifierframework. Thenew method
doesnot suffer from the samedimensionalityissuesas

thetraditionalclassifierbecauseoptimalityof themethod
only requiresfeaturevectorsto besufficientto distinguish
the given classfrom a common(null) hypothesis. The
methodis basedon a new theoremwhich permits“pro-
jecting” thefeaturevectorPDFsbackto theoriginal data
space. The methodis showing promisein threeappli-
cations:HMM modelling,time-series(speech)analysis,
andimagerecognition.
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