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Abstract

We report an automaticfeature discorery methodthat
achievesresultscompanble to a manuallychosen,larger
feature seton a documenimage contentextraction prob-
lem: the location and segmentationof regions containing
handwritingandmadine-printedtextin documentimages.
As r stdetailedin [17], this approach is a greedyforward
selectionalgorithm that iteratively constructsone linear
featue at a time Thealgorithm nds error clustes in the
currentfeature spacethenprojectsonetight clusterinto the
null spaceof thefeatue mapping whele a new featuse that
helpsto classifytheseerrors can be discovered. We con-
ductedexperimenton 87 diversetestimages. Four manu-
ally choserlinear featueswith anerror rateof 16.2%were
givento the algorithm; the algorithm thenfoundan addi-
tional ten featues; the compositel4 featues achievedan
error rate of 13.8%. This outperformsa feature setof size
14 choserby Principal Componenfnalysis(PCA)with an
error rate of 15.4%. It also nearly matdesthe error rate
of 13.6%achievedby twice as manymanuallychosenfea-
tures. Thusour algorithmappeas to competewith boththe
widely usedPCA methodand tediousand expensivetrial-
and-erior manualexploration.

1. Intr oduction

For mary documentimageclassi cation problems,en-
gineerspick featuresusingknowledgeof the speci ¢ prob-
lem, but occasionallywithout fully understandingwhy
somework while othersdon't.

Featureselectionalgorithmsattemptto identify a small
setof featuresthat still discriminateswell. Suchmethods
canbedividedinto threecateyories: Iters, wrappersand
embeddednethodq10]. Filtersrankfeaturesaccordingto
theirindividual discriminability thenpick the top perform-
ing features;in [14], Nigam et al. usedmaximumentrofy
to estimatehow importanta featureis. However, features
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thatare promisingin isolationdon't necessarilywvork well
in combination9, 7]. Wrapperausetheclassi cationalgo-
rithms to evaluatesubsetperformancehowever, wrappers
canperformanexhaustve searchin theworstcase Embed-
dedmethodsaresimilar to wrappershut usemoreef cient
searchmethodsto avoid an exhaustie search. Adaboost,
whenusedfor featureselectionjs anembeddedlgorithm:
Adaboostweightsfeaturesandchoosegeatureswith larger
weights[16]. Amongwrappermethodge.g.,Partial Least
Square[18, 19)) and embeddednethods(e.g., AdaBoost
[16] or our method) greedymethodsaremostpopular For-
ward selectionusuallyranksfeaturesand selectsa smaller
subsethanbackward elimination. Also, forward selection
hasmorestableperformancavhenthe sizeof theresulting
subsefis small.

The dimensionalityof featurespaceis sometimestoo
large for most feature selectionalgorithmsto work ef -
ciently. Researchersftenreducethe dimensionalityusing
methoddike PCA[15] beforeapplyingfeatureselectioral-
gorithms. PCA assumeshat featureswith highervariance
arepotentiallymoreinteresting. However, highervariances
do not imply higher discriminability [8]. Applying PCA
beforeapplying featureselectionrisks throwing away po-
tentially discriminatinginformation.

For problemswith dimensionalityso high that it pro-
hibits directapplicationof featureselectionalgorithms,we
proposea forward selectionmethod. Our algorithmincre-
mentallyaddsonenew featureatatime, until thedesirecder-
ror rateis reachedwithout throwing ary informationaway
beforehand.

Our featureselectionalgorithmis detailedin [17], here
we briey review it. We assumehat we are working on
a two-classproblem and that we are given an initial set
of featureson which an NearestNeighbor(NN) classi er
hasbeentrained. Supposehe performanceof this classi-
er is not satishctory Our algorithmusestight clustersof
errorsof both typesto guidethe searchfor new features.
Tight clustersof errorsindicatethat the currentfeatureset
is not discriminatingwithin theseregions. In orderto re-



solvetheseerrors,we projectoneclusterinto thenull space,
wherewe nd adecisionhyperplaneandde ne thenew fea-
ture to be a samples directeddistanceto the hyperplane.
Projectingonly samplesin the clustersinto null spaceis
computationallyef cient andallowsusto nd moreprecise
decisionboundaries. Sucha processalso guaranteeshat
ary featurefoundin the null spaceis orthogonatto all cur
rentfeatures.As we shaw in Section2, this methodworks
well if thefeaturesarelinear

We have conductedh large-scalexperimentthatis more
thanten times the size of our previously reportedexperi-
ment[17], andincludesmorevarietyof documentsOur ex-
perimentaframewvork, documenimagecontentextraction,
will be describedn detail in Section3. In orderto make
progresson this dif cult problem,we have spenthundreds
of hoursin atediousmanualsearchor featuressuchasthe
averagdightnessof horizontallines. We expectmary other
researcherbave hadsimilar experience Althoughit is not
requiredthatary featurebe givento the algorithminitially,
we startthe experimentwith four manuallychoserfeatures
so that expert knowledge on featurescan be incorporated.
Four manuallychoserinearfeaturesyield an error rate of
16.2%o0n 87 diversetestimagesfrom varioussourcedike
newspaper hand-writtennotes,etc. Our algorithm takes
thesefour featuresand generates sequencef tenlinear
featuresandachievesanerrorrateof 13.8%.Anothersetof
28featurespothlinearandnonlineay manuallychoserand
testedoveraperiodof two yearshasanerrorrateof 13.6%
on the sametestset. A setof 14 featureschosenby PCA
hasan error rate of 15.4%. The original four manualfea-
tureswith threediscoveredfeaturesa setof sevenfeatures
thatis half the size of the PCA set, alreadyoutperformed
PCA featureswith an errorrate of 14.8%. Thusour auto-
maticfeaturediscosery methodachiezesresultscomparable
to amanuallychosen|argerfeatureset.

2. Formal De nitions

Wework ona2-clasgproblem.We assumehatthereis a
sourceof labeledtrainingsamplesX = fxi;x»;:::g. Each
samplex is describedby a large numberD of real-valued
features:i.e., x 2 RP. But D, we assumejs too large
for useasa classi er featurespace.We alsohave a much
smallersetof d real-aluedfeaturesf® = ffq;f,; g0,
whered << D. Applying f9 on samplex we geta d-
dimensionalectorf4(x) = (X1;X2; 23 Xq).

We usetheperformancef thecurrentclassi erto guide
oursearchtor new features Weidentify clustersof errorsin
the featurespace.Afterwards,we selectoneclusterthatis
both “balanced”— the numberof errorsfrom both types
are similar — and “tight,” i.e., with small averagepair
wise distance. We assumedatais dravn randomly such
that the data lls the samplespacewith probability den-

sity functionssimilar to the underlyingdistribution. Thus
a tighter clusterimplies that by correctly classifyingsam-
plesin the region, more errorsare likely to be corrected.
Differentclustersof errorsmight comefrom differentdeci-
sionboundarysggments.Thuswe consideroneclusterata
time, hopingto resolve someerrors.

In the original samplespaceR P , thereexists somekind
of boundarybetweenclasses.After projectingthe databy
fd into RY, the boundarywasnot preseredwell, andmis-
classi cationoccurs.By projectingthe databackto thenull
spaceRP 9 werestord@nformationlostbyf¢, andcan nd
anew featureindependenof f¢ in this space.To do sowe
restrictthe new featureto be alinearcombinationof the D
features.

The null spacecanbede ned asN (f9) = fsjfd(s) =
0g. Readersnterestedn the detailsof nding N (f9) are
referredto [17]. In short,we usea combinationof singular
value decompositiorand orthogonal projectionto project
thedatato the null space.

To constructthe new feature,we rst nd a separat-
ing hyperplane'w amongthe projectedsamplesn the null
space. The new featurewas constructedby calculatinga
directedEuclideandistanceof given sampleso the hyper
plane,'w X. We nd aseparatindhyperplaneusinglinear
discriminantanalysig8]. Thealgorithmis asfollows.

Algorithm
Repeat

Draw sufcient datafrom the discovery setX, project
theminto lower dimensionabpaceby f 9, thentrain andtest
NN onthedata.

Find clustersof errors.

Repeat

Selectatight clustercontainingbothtypesof errors.

Draw moresampledrom X into the cluster

Projectsamplesn theselectectlusterbackto thenull
space.

Find a separatindiyperplandn the null space.

Constructanew featureandexamineits performance.

Until thefeaturelowerstheerrorratesufciently.

Add thefeatureto thefeatureset,andsetd = d + 1
Until theerrorrateis satishctoryto theuser

The algorithmis illustratedin Fig. 1. We begin with
samplesin RP, coloredred and blue to indicatethe two
classesTheseareprojectedusingf?, into the currentfea-
ture spaceR ¢, whereclustersof errorsarefound andindi-
catedby greencircles. Oneclusteris choserandprojected
into the null spaceN (f¢), asindicatedby the greenarraw.
Finally aseparatindiyperplands choserin N (f9).

Noticethatthereis no way of telling whetherthe errors
arefrom the sameregion in the original space pr areclus-
ters of errorsthat overlap becauseof 9. However, clus-
tersthatspana smallerregion with higherdensityaremore
likely to be from the samedecisionboundarylost during



Figure 1. Projections between sample space
RPD, feature space RY, and null space N(f9).

the projectionto the currentfeaturespace. The clustering
step,while allowing the methodto adaptto realworld data,
involves more engineeringchoicesthan other partsof the
algorithm.

We useNN classi ersbecaus¢hey canwork onary dis-
tribution without prior knowledgeof the parametrianodels
of the distribution. Also, the NN classi er hasthe helpful
propertythat with an unlimited numberof prototypes the
error rateis never worsethantwice the Bayeserrorin the
two-cateory case[6].

3. Document Content
(DICE)

Image Extraction

We have applied our algorithm to a documentimage
content extraction problem: nding regions containing
machine-printedext, handwriting,photographsetcin im-
agesof documentd4, 5, 2, 1]. We selecta smallwindow
aroundeachpixel as our samplespaceandlook for some
linear combinationof pixel valueswithin this window as
our new feature.

Our DICE algorithmscopewith arich diversity of doc-
ument,image,and contenttypes. Typesof documentim-
ageswe processnclude color, gray-level, and black-and-
white; also, ary size or resolution(digitizing spatialsam-
pling rate);andin ary of awiderangeof le formats(TIFF,
JPEG PNG, etc). Our samplepageimagescontainthefol-
lowing typesof content: handwriting,machineprint, pho-
tos, mathnotation,junk (e.g. magin andgutternoise),and
blank. Contenttypesof oursamplesareacrossawiderange
of languagesndimagequalities. Fig. 2 shavs classi ca-
tion resultsof two imageswith themanuallychoserfeature
set. In this examplewe shav thatour DICE algorithmsare
ableto extract contentin regionsof arbitrary shape;how-
ever, handwritingposesa particularlyhardproblem— most
of themareclassi ed asmachineprint.

We corvertallimage le formatsin athree-channedolor

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

Both training and testing datasetsconsistof pixels la-
beledwith their ground-truthclass: machineprint (MP),
handwriting(HW), photograph(PH), blank (BL), etc. The
taskis to classify eachpixel into different contentclass:
eachimagepixel is treatedasa sample Eachsamplds rep-
resentedy scalarfeatures.Possiblefeaturesare extracted
from asmallregion centeredn thatpixel, with theclassi -
cationresultassignedo the centerpixel.

We classify individual pixels not regions in orderto
avoid arbitrary restrictionson region shapes. Other re-
searcherdiave attacled this problemof ne-grain classi-
cation without restrictingregion shape. In [13], Nicolas
and Dardenneet al adaptand apply conditional random
elds (CRF)to documentimage segmentation;they clas-
si es 3x3regions. KumarandGuptaetal in [11] useglob-
ally matchedwavelet Iters to discriminatetext from non-
text within color documenimagesihey classifyindividual
pixels.

Ground-truthingvasdoneusingonawebbasedapplica-
tion. The corverteddocumenimagesin PNG formatwere
zonedandlabeledusing overlappingrectangles.Unzoned
pixels are not includedin the training setand areignored
when scoring classi er output. From our experiencewe

nd thatatight ground-truthings essentiafor goodclassi-
cation [12]. By tight ground-truthingve meantherectan-
glesshouldbe madeassmallaspossibleto approximatehe
shapeof correspondingontenttypes.For example,while a
row of machineorinttext canbeboundpreciselyby asingle
rectanglepnehandwritingcharactemayrequireseveralto
approximatets shape.

We evaluatedperformanceby per-pixel accumacy. the
fraction of all pixelsin the documentimagethat are cor-
rectly classi ed, that is, thosesampleswhoseclasslabel
matchthe classspeci ed by the groundtruth labels. Un-
classi ed pixels are countedasincorrect. This is an objec-
tive and quantitatve measurebut it is someavhat arbitrary
dueto thevariety of waysthatcontentcanbe zoned.Some
content—notablyjhandwriting—oftencannoteasily be 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 We choseMP andHW asourtargetclasses.

The training set consistsof 97 images,with a total of
117,028,95(MP samplesand8,946,093HW samplesThe
testsetconsistof 87 imageswith atotal of 89,846,09MP
samplesand4,354,876HW samples.

We use the k-meansclustering algorithm and assign



(a) machineprint andphotos (b) classi cationresults

(c) handwritternotes (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, handwriting (HW)

red, photographs (PH) light blue-green, and blank (BL) white . This result is obtained with a set of 28

manually chosen features. Note that although photos in the test set are also classi ed,

not taken into consideration in this paper.

eightcenters Notethatin our datathe numberof MP sam-
plesis inherentlygreaterthan HW data. We pick the er
ror clusterwith errorsfrom onetype no greatethantwenty
timesof theother We nd thatclusterghataretoolooseor
too biasedtoward onetype of error areslightly lesslikely
toyield goodfeatures.

We usea simplelinear discriminantthatassume$aus-
siandistribution with a diagonalcovariancematrix to nd
the separatinghyperplane. After nding the hyperplane,
we normalizethe length of vector W becausén the ex-
perimentsthelengthof the vectorshrinksrapidly andmay
causenumericalinstability.

We conductedfour experimentsto compareour algo-
rithm with featureschoserby differentmethods All exper
imentswere conductedon Lehigh University High Perfor
manceComputingClusterswith 8 corelntel Xeon1.8GHz
CPUand16 GB memoryateachnode.

Experiment 1 We useasetof 28 featurexchosermanu-
ally andtestedoveraperoidof two years.Detaildescription
of thesefeaturescanbe foundin [3]. Theerrorratefor this
setis 13.6%andis shavn in Fig. 3 in pink indicatedas“28
manual.

Experiment 2 Our algorithm starts with four hand-
craftedlinear featureswith an errorrate of 16.2%. Fig. 3
shaws the error rate of compositefeaturesetin deepblue,
indicatedas“4 manual. Theerrorratedecreasesionotoni-
cally until the6thdiscoreredfeature then uctuatesslightly
aroundl14.5%for the next threefeaturesand nally drops
to 13.8%at the 10thdiscoveredfeature.

the result is

Experiment 3 Werananexperimentwith asetof 14fea-
tureschoserby PCA. Theerrorrateis 15.4%andis shavn
in Fig. 3in yellow, indicatedas“PCA.” Theerrorrateof the
PCA featuress outperformedht the 3rd discoveredfeature
in Experiment2.

Experiment 4 Werananexperimentwith only onegiven
featurechoserby PCA. Thereasorto includeonePCAfea-
tureis becaus@ur algorithmneedgo bebootstrappedvith
atleastonegivenfeature.Theerrorrateis shavnin Fig. 3in
light blueindicatedas“1PCA!" Theresultshavs thatthere
is no obvious adwantageby giving four manually chosen
feature.

To extract a new featurefrom currentclassi cationre-
sults, we rst extract error samplepoints: the computing
time for this stepis approximatelylinearin the numberof
features,with an averageof 15 CPU secondger feature.
The extractederrorsare then decimatedto approximately
100,000 150,000points, which takes an averageof 10
CPU seconds. Time for extracting and clusteringthose
pointsis superlineain the numberof featuresandranges
from 110 CPUsecondgor two featurego 47 CPUminutes
for ten. Calculatingthe null spacetakes an averageof 8
CPUsecondsindis independentf thenumberof features;
populatingthe error clusteris sub-linearin the numberof
featuresand takes an averageof 25 CPU seconds. Find-
ing the separatindyperplaneis superlinear andtakesan
averageof 21 CPU seconddor two featuresand2.5 CPU
minutesfor ten.

Ourfeaturesusuallytake moretime 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 yellow line is
the error rate of 14 features chosen by PCA.

ualfeatures Trainingtime increasedinearly in thenumber
of featureawith anaverageof 4 CPUminutesfor eachfea-

ture on eachimage. The classi cationphasetakesup most
time andincreasesuperlinearlyin the numberof features.
Theclassi cationtime for eachimageis lessthan1.5CPU

hoursfor 5 featuresandlessthan6.5 hoursfor 14 features
oneachimage.

5 Discussionand Futur e Work

In this paperwe presenta documenimagecontentex-
tractionframenork usingautomaticallydiscoveredfeatures.
Experimentssuggesthat the performanceof a composite
set of featurescontainingboth manually chosenfeatures
and automaticallydiscoreredfeatureis comparableo the
performanceof a manuallychosenfeatureset. This com-
positefeaturesetis only half of the size of the manually
chosenfeatureset with the new featuresdiscoveredfully
automatically Also, asetof threediscoreredfeaturesalong
with theoriginalfour featuresoutperformeda setchoserby
PCA with twice asmary features.

Our planfor the future includesapplyingour algorithm
on publicly available datasetsand comparingour results
with otherapproaches;onductinglarger experimentsand
establishinggeneralconditionsunderwhich our algorithm
is guaranteedo improve theerrorrate.
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