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Abstract

We report an automaticfeature discovery methodthat
achievesresultscomparable to a manuallychosen,larger
feature seton a documentimage contentextraction prob-
lem: the location and segmentationof regionscontaining
handwritingandmachine-printedtext in documentsimages.
As �r st detailedin [17], this approach is a greedyforward
selectionalgorithm that iteratively constructsone linear
feature at a time. Thealgorithm�nds error clusters in the
currentfeaturespace, thenprojectsonetight clusterinto the
null spaceof thefeaturemapping, wherea new feature that
helpsto classifytheseerrors can be discovered. We con-
ductedexperimentson 87 diversetestimages. Four manu-
ally chosenlinear featureswith anerror rateof 16.2%were
givento the algorithm; the algorithm thenfoundan addi-
tional ten features; the composite14 featuresachievedan
error rateof 13.8%. Thisoutperformsa feature setof size
14chosenbyPrincipal ComponentAnalysis(PCA)with an
error rate of 15.4%. It also nearly matchesthe error rate
of 13.6%achievedby twiceasmanymanuallychosenfea-
tures.Thusour algorithmappears to competewith boththe
widely usedPCA methodand tediousand expensivetrial-
and-error manualexploration.

1. Intr oduction

For many documentimageclassi�cation problems,en-
gineerspick featuresusingknowledgeof thespeci�c prob-
lem, but occasionallywithout fully understandingwhy
somework while othersdon't.

Featureselectionalgorithmsattemptto identify a small
setof featuresthat still discriminateswell. Suchmethods
canbe divided into threecategories: �lters, wrappers,and
embeddedmethods[10]. Filtersrankfeaturesaccordingto
their individual discriminability, thenpick thetop perform-
ing features;in [14], Nigamet al. usedmaximumentropy
to estimatehow importanta featureis. However, features

thatarepromisingin isolationdon't necessarilywork well
in combination[9, 7]. Wrappersusetheclassi�cationalgo-
rithms to evaluatesubsetperformance;however, wrappers
canperformanexhaustivesearchin theworstcase.Embed-
dedmethodsaresimilar to wrappers,but usemoreef�cient
searchmethodsto avoid an exhaustive search. Adaboost,
whenusedfor featureselection,is anembeddedalgorithm:
Adaboostweightsfeaturesandchoosesfeatureswith larger
weights[16]. Amongwrappermethods(e.g.,Partial Least
Square[18, 19]) and embeddedmethods(e.g., AdaBoost
[16] or ourmethod),greedymethodsaremostpopular. For-
wardselectionusuallyranksfeaturesandselectsa smaller
subsetthanbackwardelimination. Also, forwardselection
hasmorestableperformancewhenthesizeof theresulting
subsetis small.

The dimensionalityof featurespaceis sometimestoo
large for most featureselectionalgorithmsto work ef�-
ciently. Researchersoftenreducethedimensionalityusing
methodslikePCA[15] beforeapplyingfeatureselectional-
gorithms. PCA assumesthat featureswith highervariance
arepotentiallymoreinteresting.However, highervariances
do not imply higher discriminability [8]. Applying PCA
beforeapplying featureselectionrisks throwing away po-
tentiallydiscriminatinginformation.

For problemswith dimensionalityso high that it pro-
hibits directapplicationof featureselectionalgorithms,we
proposea forward selectionmethod.Our algorithmincre-
mentallyaddsonenew featureatatime,until thedesireder-
ror rateis reached,without throwing any informationaway
beforehand.

Our featureselectionalgorithmis detailedin [17], here
we brie�y review it. We assumethat we are working on
a two-classproblem and that we are given an initial set
of featureson which an NearestNeighbor(NN) classi�er
hasbeentrained. Supposethe performanceof this classi-
�er is not satisfactory. Our algorithmusestight clustersof
errorsof both typesto guide the searchfor new features.
Tight clustersof errorsindicatethat thecurrentfeatureset
is not discriminatingwithin theseregions. In order to re-



solvetheseerrors,weprojectoneclusterinto thenull space,
wherewe�nd adecisionhyperplaneandde�ne thenew fea-
ture to be a sample's directeddistanceto the hyperplane.
Projectingonly samplesin the clustersinto null spaceis
computationallyef�cient andallowsusto �nd moreprecise
decisionboundaries.Sucha processalso guaranteesthat
any featurefoundin thenull spaceis orthogonalto all cur-
rent features.As we show in Section2, this methodworks
well if thefeaturesarelinear.

Wehaveconductedalarge-scaleexperimentthatis more
than ten times the size of our previously reportedexperi-
ment[17], andincludesmorevarietyof documents.Ourex-
perimentalframework, documentimagecontentextraction,
will be describedin detail in Section3. In order to make
progresson this dif�cult problem,we have spenthundreds
of hoursin a tediousmanualsearchfor featuressuchasthe
averagelightnessof horizontallines.Weexpectmany other
researchershave hadsimilar experience.Althoughit is not
requiredthatany featurebegivento thealgorithminitially,
westarttheexperimentwith four manuallychosenfeatures
so that expert knowledgeon featurescanbe incorporated.
Four manuallychosenlinear featuresyield anerror rateof
16.2%on 87 diversetestimagesfrom varioussourceslike
newspaper, hand-writtennotes,etc. Our algorithm takes
thesefour featuresandgeneratesa sequenceof ten linear
featuresandachievesanerrorrateof 13.8%.Anothersetof
28 features,bothlinearandnonlinear, manuallychosenand
testedoveraperiodof two years,hasanerrorrateof 13.6%
on the sametestset. A setof 14 featureschosenby PCA
hasan error rateof 15.4%. The original four manualfea-
tureswith threediscoveredfeatures,a setof sevenfeatures
that is half the sizeof the PCA set,alreadyoutperformed
PCA featureswith an error rateof 14.8%. Thusour auto-
maticfeaturediscoverymethodachievesresultscomparable
to amanuallychosen,largerfeatureset.

2. Formal De�nitions

Wework ona2-classproblem.Weassumethatthereis a
sourceof labeledtrainingsamplesX = f x 1 ; x2 ; :::g. Each
samplex is describedby a large numberD of real-valued
features:i.e., x 2 R D . But D , we assume,is too large
for useasa classi�er featurespace.We alsohave a much
smallersetof d real-valuedfeaturesf d = f f 1; f 2; :::; f dg,
whered << D. Applying f d on samplex we get a d-
dimensionalvectorf d(x) = (x1; x2; :::; xd).

Weusetheperformanceof thecurrentclassi�er to guide
oursearchfor new features.Weidentify clustersof errorsin
the featurespace.Afterwards,we selectoneclusterthat is
both “balanced”— the numberof errorsfrom both types
are similar — and “tight,” i.e., with small averagepair-
wise distance. We assumedata is drawn randomlysuch
that the data �lls the samplespacewith probability den-

sity functionssimilar to the underlyingdistribution. Thus
a tighter clusterimplies that by correctlyclassifyingsam-
ples in the region, more errorsare likely to be corrected.
Differentclustersof errorsmight comefrom differentdeci-
sionboundarysegments.Thuswe consideroneclusterat a
time,hopingto resolvesomeerrors.

In theoriginal samplespaceR D , thereexistssomekind
of boundarybetweenclasses.After projectingthe databy
f d into R d, theboundarywasnot preservedwell, andmis-
classi�cationoccurs.By projectingthedatabackto thenull
spaceR D � d, werestoreinformationlostby f d, andcan�nd
a new featureindependentof f d in this space.To do sowe
restrictthenew featureto bea linearcombinationof theD
features.

The null spacecanbe de�ned asN (f d) = f sjf d(s) =
0g. Readersinterestedin the detailsof �nding N (f d) are
referredto [17]. In short,we usea combinationof singular
value decompositionand orthogonal projection to project
thedatato thenull space.

To constructthe new feature,we �rst �nd a separat-
ing hyperplane�!w amongtheprojectedsamplesin thenull
space. The new featurewas constructedby calculatinga
directedEuclideandistanceof givensamplesto thehyper-
plane,�!w � x. We �nd a separatinghyperplaneusinglinear
discriminantanalysis[8]. Thealgorithmis asfollows.

Algorithm
Repeat

Draw suf�cient datafrom the discovery setX , project
theminto lowerdimensionalspaceby f d, thentrainandtest
NN on thedata.

Findclustersof errors.
Repeat

Selecta tight clustercontainingbothtypesof errors.
Draw moresamplesfrom X into thecluster.
Projectsamplesin theselectedclusterbackto thenull

space.
Findaseparatinghyperplanein thenull space.
Constructanew featureandexamineits performance.

Until thefeaturelowerstheerrorratesuf�ciently .
Add thefeatureto thefeatureset,andsetd = d + 1

Until theerrorrateis satisfactoryto theuser.
The algorithm is illustrated in Fig. 1. We begin with

samplesin R D , coloredred and blue to indicatethe two
classes.Theseareprojected,usingf d, into thecurrentfea-
turespaceR d, whereclustersof errorsarefoundandindi-
catedby greencircles.Oneclusteris chosenandprojected
into thenull spaceN (f d), asindicatedby thegreenarrow.
Finally aseparatinghyperplaneis chosenin N (f d).

Notice that thereis no way of telling whethertheerrors
arefrom thesameregion in theoriginal space,or areclus-
ters of errorsthat overlap becauseof f d. However, clus-
tersthatspanasmallerregionwith higherdensityaremore
likely to be from the samedecisionboundarylost during



Figure 1. Projections between sample space
R D , feature space R d, and null space N (f d).

the projectionto the currentfeaturespace.The clustering
step,while allowing themethodto adaptto realworld data,
involvesmoreengineeringchoicesthanotherpartsof the
algorithm.

WeuseNN classi�ersbecausethey canwork onany dis-
tributionwithoutprior knowledgeof theparametricmodels
of the distribution. Also, the NN classi�er hasthe helpful
propertythat with an unlimited numberof prototypes,the
error rateis never worsethantwice the Bayeserror in the
two-categorycase[6].

3. Document Content Image Extraction
(DICE)

We have applied our algorithm to a documentimage
content extraction problem: �nding regions containing
machine-printedtext, handwriting,photographs,etc in im-
agesof documents[4, 5, 2, 1]. We selecta small window
aroundeachpixel asour samplespaceandlook for some
linear combinationof pixel valueswithin this window as
ournew feature.

Our DICE algorithmscopewith a rich diversityof doc-
ument,image,andcontenttypes. Typesof documentim-
ageswe processincludecolor, gray-level, andblack-and-
white; also,any sizeor resolution(digitizing spatialsam-
pling rate);andin any of awiderangeof �le formats(TIFF,
JPEG,PNG,etc). Our samplepageimagescontainthefol-
lowing typesof content:handwriting,machineprint, pho-
tos,mathnotation,junk (e.g.margin andgutternoise),and
blank.Contenttypesof oursamplesareacrossawiderange
of languagesandimagequalities. Fig. 2 shows classi�ca-
tion resultsof two imageswith themanuallychosenfeature
set. In this examplewe show thatour DICE algorithmsare
ableto extract contentin regionsof arbitraryshape;how-
ever, handwritingposesaparticularlyhardproblem— most
of themareclassi�edasmachineprint.

Weconvertall image�le formatsin athree-channelcolor

PNG �le in the HSL (Hue, Saturation,and Luminance)
color space.

Both training and testingdatasetsconsistof pixels la-
beledwith their ground-truthclass: machineprint (MP),
handwriting(HW), photograph(PH), blank(BL), etc. The
task is to classify eachpixel into different contentclass:
eachimagepixel is treatedasasample.Eachsampleis rep-
resentedby scalarfeatures.Possiblefeaturesareextracted
from asmallregioncenteredon thatpixel, with theclassi�-
cationresultassignedto thecenterpixel.

We classify individual pixels, not regions, in order to
avoid arbitrary restrictionson region shapes. Other re-
searchershave attacked this problemof �ne-grain classi-
�cation without restrictingregion shape. In [13], Nicolas
and Dardenneet al adaptand apply conditional random
�elds (CRF) to documentimagesegmentation;they clas-
si�es 3x3 regions.KumarandGuptaet al in [11] useglob-
ally matchedwavelet �lters to discriminatetext from non-
text within colordocumentimages;they classifyindividual
pixels.

Ground-truthingwasdoneusingonawebbasedapplica-
tion. Theconverteddocumentimagesin PNGformatwere
zonedandlabeledusingoverlappingrectangles.Unzoned
pixels arenot includedin the training setandare ignored
when scoringclassi�er output. From our experiencewe
�nd thata tight ground-truthingis essentialfor goodclassi-
�cation [12]. By tight ground-truthingwe meantherectan-
glesshouldbemadeassmallaspossibleto approximatethe
shapeof correspondingcontenttypes.For example,while a
row of machineprint text canbeboundpreciselyby asingle
rectangle,onehandwritingcharactermayrequireseveralto
approximateits shape.

We evaluatedperformanceby per-pixel accuracy: the
fraction of all pixels in the documentimagethat are cor-
rectly classi�ed, that is, thosesampleswhoseclasslabel
matchthe classspeci�ed by the groundtruth labels. Un-
classi�ed pixelsarecountedasincorrect.This is anobjec-
tive andquantitative measure,but it is somewhat arbitrary
dueto thevarietyof waysthatcontentcanbezoned.Some
content—notablyhandwriting—oftencannoteasilybe de-
scribedpreciselyby overlappingrectangularzones. This
problemcanbealleviatedby morepreciseground-truthing.

4. Experiments

We conductexperimentsin the DICE framework. Fea-
turesare extractedfrom a 25 � 25 pixels square,so that
D = 625. WechoseMP andHW asour targetclasses.

The training set consistsof 97 images,with a total of
117,028,950MP samplesand8,946,093HW samples.The
testsetconsistsof 87images,with atotalof 89,846,097MP
samplesand4,354,876HW samples.

We use the k-meansclustering algorithm and assign



(a) machineprint andphotos (b) classi�cationresults (c) handwrittennotes (d) classi�cationresults

Figure 2. Examples of document images with comple x page layouts. The original image (a) is in full
color . In the classi�cation results in (b) and (d), machine print (MP) is dark blue , hand writing (HW)
red, photographs (PH) light blue-green, and blank (BL) white . This result is obtained with a set of 28
manuall y chosen features. Note that although photos in the test set are also classi�ed, the result is
not taken into consideration in this paper.

eightcenters.Notethatin our datathenumberof MP sam-
ples is inherentlygreaterthan HW data. We pick the er-
ror clusterwith errorsfrom onetypenogreaterthantwenty
timesof theother. We�nd thatclustersthataretoo looseor
too biasedtoward onetype of error areslightly lesslikely
to yield goodfeatures.

We usea simplelineardiscriminantthatassumesGaus-
siandistribution with a diagonalcovariancematrix to �nd
the separatinghyperplane. After �nding the hyperplane,
we normalizethe length of vector �!w becausein the ex-
periments,thelengthof thevectorshrinksrapidly andmay
causenumericalinstability.

We conductedfour experimentsto compareour algo-
rithm with featureschosenby differentmethods.All exper-
imentswereconductedon LehighUniversity High Perfor-
manceComputingClusterswith 8 coreIntel Xeon1.8GHz
CPUand16GB memoryateachnode.

Experiment 1 Weuseasetof 28 featureschosenmanu-
ally andtestedoveraperoidof two years.Detaildescription
of thesefeaturescanbefoundin [3]. Theerrorratefor this
setis 13.6%andis shown in Fig. 3 in pink indicatedas“28
manual.”

Experiment 2 Our algorithm starts with four hand-
craftedlinear featureswith an error rateof 16.2%. Fig. 3
shows the error rateof compositefeaturesetin deepblue,
indicatedas“4 manual.” Theerrorratedecreasesmonotoni-
callyuntil the6thdiscoveredfeature,then�uctuatesslightly
around14.5%for thenext threefeatures,and�nally drops
to 13.8%at the10thdiscoveredfeature.

Experiment 3 Werananexperimentwith asetof 14fea-
tureschosenby PCA.Theerrorrateis 15.4%andis shown
in Fig.3 in yellow, indicatedas“PCA.” Theerrorrateof the
PCA featuresis outperformedat the3rd discoveredfeature
in Experiment2.

Experiment 4 Werananexperimentwith onlyonegiven
featurechosenby PCA.Thereasonto includeonePCAfea-
tureis becauseouralgorithmneedsto bebootstrappedwith
atleastonegivenfeature.Theerrorrateis shown in Fig.3 in
light blueindicatedas“1PCA.” Theresultshows thatthere
is no obvious advantageby giving four manuallychosen
feature.

To extract a new featurefrom currentclassi�cation re-
sults, we �rst extract error samplepoints: the computing
time for this stepis approximatelylinear in the numberof
features,with an averageof 15 CPU secondsper feature.
The extractederrorsare then decimatedto approximately
100,000� 150,000points, which takes an averageof 10
CPU seconds. Time for extracting and clusteringthose
points is superlinearin the numberof featuresandranges
from 110CPUsecondsfor two featuresto 47CPUminutes
for ten. Calculatingthe null spacetakes an averageof 8
CPUsecondsandis independentof thenumberof features;
populatingthe error clusteris sub-linearin the numberof
featuresand takes an averageof 25 CPU seconds.Find-
ing the separatinghyperplaneis super-linear and takesan
averageof 21 CPUsecondsfor two features,and2.5 CPU
minutesfor ten.

Our featuresusuallytakemoretime to extractthanman-



Figure 3. Error rate (%) as a function of num-
ber of features. The deep blue line is the error
rate of the four manual features plus disco v-
ered features. The light blue is the error rate
of one feature chosen by PCA plus disco v-
ered features. The pink line is the error rate
of all 28 manual features. The yello w line is
the error rate of 14 features chosen by PCA.

ual features.Trainingtime increaseslinearly in thenumber
of featureswith anaverageof 4 CPUminutesfor eachfea-
tureon eachimage.Theclassi�cationphasetakesup most
time andincreasessuperlinearlyin thenumberof features.
Theclassi�cationtime for eachimageis lessthan1.5CPU
hoursfor 5 featuresandlessthan6.5 hoursfor 14 features
oneachimage.

5 Discussionand Futur eWork

In this paperwe presenta documentimagecontentex-
tractionframework usingautomaticallydiscoveredfeatures.
Experimentssuggestthat the performanceof a composite
set of featurescontainingboth manually chosenfeatures
andautomaticallydiscoveredfeatureis comparableto the
performanceof a manuallychosenfeatureset. This com-
positefeatureset is only half of the size of the manually
chosenfeatureset with the new featuresdiscoveredfully
automatically. Also, asetof threediscoveredfeaturesalong
with theoriginal four featuresoutperformedasetchosenby
PCAwith twiceasmany features.

Our plan for the future includesapplyingour algorithm
on publicly available datasetsand comparingour results
with otherapproaches,conductinglargerexperiments,and
establishinggeneralconditionsunderwhich our algorithm
is guaranteedto improve theerrorrate.
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