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Abstract

We reportan improvedmethodology for training classi-
�er s for documentimage contentextraction,that is, thelo-
cationandsegmentationof regionscontaininghandwriting,
machine-printedtext, photographs,blank space, etc. Our
previousmethodsclassi�edeach individualpixelseparately
(rather thanregions): this avoidsthearbitrarinessandre-
strictivenessthatresultfromconstrainingregionshapes(to,
e.g., rectangles).However, this policy also allows content
classesto vary frequentlywithin small regions,oftenyield-
ing areaswhere several contentclassesare mixedtogether.
Thisdoesnot re�ect thewaythat real contentis organized:
typicallyalmostall smalllocal regionsareof uniformclass.
This observationsuggesteda post-classi�cationmethod-
ology which enforceslocal uniformity without imposinga
restrictedclassof region shapes. We choosefeatures ex-
tracted from small local regions (e.g. 4-5 pixels radius)
with which we train classi�ers that operate on the output
of previousclassi�ers, guidedby ground truth. This pro-
videsa sequenceof post-classi�ers,each trainedseparately
on the resultsof the previousclassi�er. Experimentson a
highlydiversetestsetof 83documentimagesshowthat this
methodreducesper-pixel classi�cationerrors by 23%,and
it dramatically increasesthe occurrenceof large contigu-
ousregionsof uniform class,thusproviding highly usable
near-solid `masks'with which to segmentthe images into
distinctclasses.It continuesto allow a widerange of com-
plex, non-rectilinearregionshapes.
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1 Intr oduction

We have developeda family of algorithmsfor documentim-
agecontentextraction,able to �nd regionscontainingmachine-

printedtext, handwriting,photographs,etcin imagesof documents
[2, 4, 3, 7]. Thevastandrapidly growing scaleof documentim-
agecollectionshasbeencompellinglydocumented[8]. Informa-
tion extraction[5] andretrieval[6] from documentimagesis anin-
creasinglyimportantR&D �eld attheinterfacebetweendocument
imageanalysis(DIA) andinformationretrieval (IR).

Our content extraction algorithms cope with a rich diver-
sity of document,image,and contenttypes. To date,we have
achieved modestper-pixel classi�cationaccuracies(of, e.g., 60–
70%) which however supportusefully high recall and precision
rates(of, e.g., 80–90%)for queriesoncollectionsof documents[1,
7]. Up until now, wehaveclassi�edindividualpixels, not regions,
in order to avoid the arbitrarinessand restrictivenessof limited
familiesof regionshapes,asillustratedin Figure1.

Thetestimage(a)is shownontheupperleft (theoriginalimage
is full color, but is printedin this Proceedingsasgrey-level). The
resultsof classi�cationareshown to theright (b)-(d),asclassi�ca-
tion imageswherethecontentclassesareshown in color: machine
print (MP) in darkblue(printedasdarkgrey), handwriting(HW)
in red (printedasmediumgrey), photographs(PH) in light blue-
green(printedaslight grey), andblank (BL) in white (printedas
white). (In this Proceedings,thedistinctionbetweenMP andHW
maybehardto see.)Notice,in thecircularregionswherePHpix-
els arelocated,someMP misclassi�cationsaremixed in: this is
an exampleof a region of non-uniformclassi�cation which our
methodwill attemptto correct.

Both training and test datasetsconsistof pixels labeledwith
theirground-truthclass(oneof MP, HW, PH,BL, etc).Eachpixel
sampleis representedby scalarfeaturesextractedby imagepro-
cessingof a small region centeredon that pixel; thesefeatures
arediscussedin detail in[1]. We have beeninvestigating a wide
rangeof automaticallytrainableclassi�cation technologies,in-
cludingbrute-force5-NearestNeighbors(5NN), fastapproximate
5NN using hashedk-d trees,classi�cation and regressiontrees,
andlocality-sensitive hashing[4,3, 1]; here,we useapproximate
5NN usinghashedk-d trees.

2 Experimental Design

In the preliminary experimentsreportedhere,we selecteda
trainingsetof thirty threeimagesanda distinct testsetof eighty



(a) testimage (b) 1ststageclassi�cation (c) 2ndstageclassi�cation (d) 4thstageclassi�cation

(e)MP masked (f) PHmasked (g) HW masked

Figure 1. A document image with a comple x non-rectilinear page layout. Our polic y of classifying
pix els has the advantage of adapting to arbitrar y layouts with non-rectilenear region shapes (here ,
regions with cir cular -arc boundaries). The original image (a) is in full color (printed in this Proceed-
ings as grey-level). In the results of classi�cation (b)-(d), machine print (MP) is dark blue (printed
as dark grey), hand writing (HW) red (printed as medium grey), photographs (PH) light blue-green
(printed as light grey), and blank (BL) white (printed as white). (In this Proceedings, the distinction
between MP and HW may be hard to see.) The per-pix el classi�cation error of the 1st-sta ge classi�er
is 36.7%; the error of the 2nd-sta ge classi�er is 31.2%; and the error of the 4th-sta ge classi�er is
27.4%. The �nal MP, PH, and HW masks extract their content types well, as sho wn in (e)-(g), with the
exception a few small patc hes of HW misc lassi�ed as MP.



threeimages. Togetherthe two setscontainMP, HW, PH, and
BL content.Eachcontenttypewaszonedmanually(usingclosely
croppedisotheticrectangles,overlappedwhereneededto �t non-
rectangularregions)andthezoneswereground-truthed.Thetrain-
ing datawasdecimatedrandomlyby selectingonly oneoutof ev-
ery9000thtrainingsample.

We evaluatedperformancein two ways: per-pixel accuracy,
andsubjectivesegmentationquality.

Per-pixel accuracy: this is the fractionof all pixels in thedocu-
mentimagethatarecorrectlyclassi�ed: that is, whoseclass
labelmatchestheclassspeci�edby thegroundtruthlabelsof
thezones.Unclassi�edpixelsarecountedasincorrect.This
is anobjective andquantitative measure,but it is somewhat
arbitrarydueto thevarietyof waysthatcontentcanbezoned.
Somecontent—notablyhandwriting—oftencannoteasilybe
describedpreciselyby overlappingrectangularzones.This
in somecaseswill leadto a per-pixel accuracy scorebeing
worsethananimagemaysubjectively appearto be.

Subjectivesegmentationquality. This is a subjective assess-
ment of the quality—expressedas `good', `fair', and
`poor'—of the classi�cation as a guide for geometricseg-
mentationof the pageareainto regionsof differentcontent
classes. Eventually, automaticmethodswill be neededto
convert a pixel-basedclassi�cation into one of many pos-
sible region-basedsegmentations:this measureattemptsto
predicthow well thatcouldbedone.

3 Designof Post-Classi�ers

The goal of post-classi�cationis to enforcelocal uniformity
without imposingarbitraryregion shapes.We designedof a train-
ablepost-classi�erthatoperatesontheoutputof thepreviousclas-
si�er, guidedby groundtruth.

Wede�ne thepost-classi�cation problemasfollows:

Given: the per-pixel classi�cation resultsfor a docu-
mentimageandground-truth.
�nd : a post-classi�erthatreassignsclassesto favor lo-
caluniformity.

Note that the post-classi�eralsoyields a per-pixel classi�ca-
tion result for the documentimage. This inspiredus to try it-
eratedclassi�cation: a sequenceof post-classi�ers,eachtrained
separatelyon the training-dataresultsof the previous classi�er,
guided,asalways,by groundtruth. We will call the initial stage
classi�er the�r st stage classi�er, theimmediatelyfollowing post-
classi�er is thecalledthesecondstage classi�er, followedby the
third stageclassi�er, etc.Ourstrategy hasbeento extractfeatures
from small local regions,so thatno singleclassi�cationstageaf-
fectsa largearea.It' sworthemphasizingthatwe traineachof the
post-classi�ersseparatelyontheresultsfrom thetrainingsetof the
previousstage.This strategy appearsto prevent the local regions
which aredominatedby erroneousclassesfrom expanding,while
allowing thosedominatedby correctclassto expandslowly.1

1Beforewediscoveredthis,wetrainedthesecondstageclassi�eronthe
�rst stageclassi�cationresultsof trainingset,andusedthesetrainingsam-
plesfor all following stagesof classi�cation. This allowed local regions

For theclassi�cationtechnology, weuseapproximate5NN us-
ing hashedk-d trees.[3] The featuresfor the post-classi�ersare
discussedin Section4.

4 FeatureExtraction

Eachpixel (the”targetpixel”) sampleis representedby scalar
featuresextractedby imageprocessingof a small region centered
on thatpixel[1]. After muchexperimentationwe cameto rely on
theseseventy-sevenfeatures.

Pixel Class: This featureis thecontenttypevalueassignedby
theearlier-stageclassiferto thepixel.

Pixel Content Type: A groupof four features,onefor each
contenttype(variationson Pixel Classfeatures).E.g., if theclas-
si�er labeledthe target pixel MP, thenthis MP featureis setto a
non-zerovalue(186, determinedby experiment);otherwiseit is
setto zero.

Box Class: Four features,onefor eachcontenttype: the total
numberof pixels of that contenttype within a circle of radius5
centeredon thetargetpixel.

Box ClassEuclidean DistanceSum: Four features,onefor
eachcontenttype: eachis thesumof all distancesfrom thetarget
pixel to pixelsof thecontenttypewithin acircleof radius6.

Neighbor Box Class: Sixteenfeatures,four for eachcontent
type (variationson Box Classfeatures):eachis extractedfrom
thecircularregionstangentialto thecentercircle in horizontaland
verticaldirections.

Box EdgeDetection: Thirty-two features,eight for eachcon-
tenttype: thetotalnumberof pixelsof thatcontenttypewithin half
of a circle of radius5 cut in four directions:horizontal,vertical,
andthetwo diagonals.

EncodedBox EdgeDetection: Sixteenfeatures(variationson
Box EdgeDetectionfeatures):thedifferencebetweentwo halves
of acircleof radius5.

5 Experimental Results

Our resultsareillustratedin Figures1 and5. Each�gure con-
tains seven imagesof threetypes: (a) the original image; three
classi�cation imagesfrom stagesone(b), two (c) , andfour (d);
and threemaskimagesfor MP (e), PH (f), and HW (f) content
classes.In themaskimages—say, for example,theMP (machine-
print) maskimage,only theregionsthatareclassi�edasmachine-
print areextractedanddisplayedusing their original color pixel
values(printedgrey); thepixelsof otherclassesareshown aslight
grey.

Figure1 shows resultson a color imageof a newpaperpage
containingnon-rectilinearhandwriting regions. The �rst stage
classi�er locateshandwriting fairly precisely, but mixes with it
many machine-printmisclassi�cations. The post-classi�erssig-
ni�cantly enhancedthe uniformity of thosehandwritingregions,
after which we could readmostof the handwritingextractedby
the handwritingmaskimage. The light blue (printed light grey)

thataredominatedby onecontentclassto expand,whetherthedominant
classis corrector incorrect.



BL HW MP PH Type1
BL 0.194 0.061 0.073 0.039 0.173
HW 0.003 0.029 0.006 0.0005 0.009
MP 0.003 0.069 0.202 0.008 0.080
PH 0.002 0.055 0.038 0.208 0.095

Type2 0.008 0.185 0.117 0.047 0.357

Content True Classi�er Accuracy
BL 36.7 20.46 94.62
HW 3.842 21.39 13.61
MP 28.37 31.98 63.38
PH 30.71 25.57 81.31

Figure 2. Stage one classi�er results on the page sho wn in Figure 1. The table on the left is the confu-
sion matrix: the rows label ground truth content types; the columns label the content types assigned
by the classi�er; the 16 entries in the 4 � 4 top-left subarra y sum to 1.0; the Type1 column contains
error rates for each true class (that is, the frequenc y with whic h that true class is misc lassi�ed); the
Type2 row gives error rates for each class resulting from classi�cation (that is, the frequenc y with
whic h that class decision is incorrect); and the bottom right entr y gives the overall error rate: 35.7%.
Derived from this is the table on the right giving the page inventor y—that is, for each Contentclass:
the True fraction of its pix els classi�ed as that class; the Classi�er-repor ted fraction of that class; and
the per-pix el Accuracy of the classi�er on that class. Note that although the per-pix el accuracies on
MP and PH are belo w 85%, the classi�er -repor ted fraction is very close to the true fraction for both
of them. In this way, we have often seen, that retrie val based on inventor y scores is superior to
per-pix el classi�cation accurac y.

BL HW MP PH Type1
BL 0.185 0.054 0.076 0.057 0.187
HW 0.0002 0.037 0.0003 0.000 0.0005
MP 0.002 0.030 0.241 0.007 0.038
PH 0.003 0.007 0.031 0.262 0.041

Type2 0.005 0.091 0.107 0.064 0.267

Content True Classi�er Accuracy
BL 37.21 19.58 94.73
HW 3.782 12.81 29.08
MP 27.97 34.87 69.24
PH 30.33 32.74 80.02

Figure 3. Stage four post-c lassi�er results on the page sho wn in Figure 1, inc luding a confusion
matrix and inventor y as described in Figure 2 above. The per-pix el error rate has fallen from 35.7%
to 26.7%.

BL HW MP PH Type1
BL 0.171 0.027 0.023 0.005 0.056
HW 0.030 0.024 0.017 0.002 0.050
MP 0.058 0.037 0.343 0.037 0.132
PH 0.022 0.006 0.041 0.152 0.070

Type2 0.110 0.071 0.082 0.045 0.308

BL HW MP PH Type1
BL 0.178 0.022 0.022 0.004 0.050
HW 0.015 0.050 0.008 0.001 0.024
MP 0.022 0.035 0.383 0.033 0.091
PH 0.013 0.007 0.034 0.170 0.054

Type2 0.051 0.065 0.064 0.040 0.219

Figure 4. Confusion matrices for stage one and stage four post-c lassi�er s over the entire test set.
Post-pr ocessing reduces the per-pix el error rate from 30.8% to 21.9%.



texture in the backgroundis uniform from the startanddoesnot
worsenunderpost-classi�cation.

Figure5 shows resultson a color imageof a magazinepage
with ablockof handwritingonayellow ruledbackground.Theit-
eratedpost-classi�erscleansmuchof thesparselight bluetexture
in the background,without causingthe thicker light blue texture
to expand,in fact someof it shrinks,which is good. Note that it
cleansmostof theredtexture,bothsparseandthick ones,in both
themachineprint andphotoregions. Meanwhile,thecurvelinear
boundariesof thoselargeregionsareaccuratelydetected,aswell
astheblankregionsbetweenparagraphs.Thepost-classi�ersalso
eliminatemostof the erroneoushandwritingareasin the yellow
ruledbackgroundwhile enhancingthehandwritingregionsby re-
moving themachine-printtexturewithin them. Themaskimages
arehighly promisingin representinghandwriting,machine-print
andphotolayers:soweratethesubjectivesegmentationaccuracy
asgood.

Classi�cationresultson the pageshown in Figure1 aresum-
marizedin Figure2 (for the �rst classi�er stage)and3 (for the
fourth stage):theerrorratedropsfrom 35.7%to 26.7%.Notethe
excellentpreservationof inventoryscores.

Theconfusionmatricesfor stageoneandfour, over theentire
testset,is shown in Figure4. Thestageoneclassiferwas,gener-
ally, bestat recognizingMP andPH,hassomedif�culty with BL,
andhaseven moretroublewith HW, misclassifying43% of HW
pixelsasBL.

Figure6 givesthetotalerrorratein afunctionof stagesof clas-
si�cation. Thepost-classi�ersreducestheerrorrateby 22.6%.We
hypothesizethataccuracy will in many casescontinueto improve,
althoughperhapsslowly, with moreiterations.

6 Instability and Solutions

In oneexperiment,we rantenpost-classi�erstageson a small
datasetandnoticedan instability. For the �rst eight stages,the
total error ratedecreasedmonotonically;thenat the ninth stage,
errorsincreasedby 26.7%over the eighthstage.Large solid re-
gions of hand-writtingwere suddenlymisclassi�edas machine-
print. The causeappearsto be asfollows. As post-classi�cation
proceeds,localregionsbecomeincreasinglyuniform,whethercor-
rectly or incorrectly. It happenedthat,at theeighthstage,in one
trainingimage,athin “gutter” regionseparatingMP blocks,which
wasin factBL, but was,for convenience,manuallyground-truthed
MP, wasclassi�ed HW by the eighthclassi�er. Thus the incor-
rectlyclassi�edsamplesfrom theseguttersfall atexactly thesame
point in featurespaceascorrectlyclassi�ed MP. This led theNN
classiferto mistake largeareasof MP for HW. Theessentialprob-
lem is thatevensmall incorrectlyclassi�edregions,oncethey are
puri�ed above a certain threshold,can competewith large cor-
rectly classi�edregions.

We have foundtwo engineeringtricks to reducethe incidence
of this instability. The �rst is to dropa training imageout of the
trainingsetwhenever its classi�actionerrorraterises.Thesecond
is to increasethe radiusof the features. We do not yet have a
full enoughunderstandingof this problmeto proposeguaranteed
solutions.

7 Discussionand Futur eWork

Wearepleasedtoseethatthetotalerrorratedropsbymorethan
22%evenon a largeanddiversetestset;we expectthereis room
for furtherimprovement.Weplanto experimentwith featuresover
a rangeof scalesbothsmallerandlarger thantheoneswe report
here.It is alsoclearthat iteratedpost-classi�cationfrequentlyen-
hancestheuniformity of regionsandyeildshighly useful“masks”
for extractingcontentwithout imposinganarbitraryandrestrictive
classof regionshapeson thedata.

Furtherimprovementsmayalsobeachievableby increasingthe
numberof iterationsof post-classi�cation.
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(a) testimage (b) 1ststageclassi�cation

(c) 2ndstageclassi�cation (d) 4thstageclassi�cation

(e)MP masked (f) PHmasked

(g) HW masked

Figure 5. A color image containing rectilinear machine-print regions and non-rectilinear hand-writing
annotations. The error of the 1st-sta ge classi�er is 37%; the error of the 2nd-sta ge classi�er is 36.4%;
and the error of the 4th-sta ge classi�er is 34.2%. The MP mask extracts almost all of the MP except
for a little near the (unc lassi�ab le) page boundar y. Almost all of the HW is extracted correctl y, except
for patc hes where MP crowds it. We rank the subjective segmentation accurac y as fair .



Figure 6. Total error rate averaged over the larger test set, in a function of the stages of classi�cation.
After four stages of classi�cation, the error rate has fallen from 0.39 to 0.30, a drop of 23%.


