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Abstract

We classifyan image by generating a list of salientvi-
sualfeaturespresentin theluminancechannel,andmatch-
ing the resultingvariable-lengthfeature list to category-
speci�c generative modelsfor such features. To facilitate
quick computation,weusethresholdedViola-Jonesrectan-
gular features,each representedby a �ve-dimensionalde-
scriptor. For each image category, a probability distribu-
tion for feature-lists is givenby a latentconditionalinde-
pendence(LCI) modelandclassi�cation is maximumlike-
lihood. On the NISTtax formsdatabase[3], where intra-
category variations includevariable scan-lightness,skew,
noise, and machine-printedform-�lling , our methodim-
provesperformanceover publishedresults,while requiring
verylittle trainingdata,andwithoutrelyingonanextensive
setof handcraftedfeatures.

1 Intr oduction

We addressthe problem of image classi�cation, i.e.,
analysinganimageto assignoneof severalpre-de�nedcat-
egory labelsto it. In the context of documentimageanal-
ysis, imageclassi�cation/categorizationservesa role in in-
dexing and retrieval, sorting and organization,as well as
in tailoring automatedanalysistasksto speci�c document
types.This is particularlyusefulin high volumescancon-
versionoperationswhereconsiderableeffort is spenton vi-
sualor functionalcategorizationof documents.

Most publisheddocumentimageclassi�cation systems
rely on eitherOCR,so that documentscanbe categorized
basedon textual content,or on someform of layout anal-
ysis to producea layout signaturethat can be compared
to category-prototypes[4, 7]. Methodsfor categorization
basedon word-shapecodeshave alsobeenreported.Shin
etal. [9] proposeanextensivesetof featuresto characterize
segmenteddocumentsby their appearance,andapply dis-
criminative (decisiontree)classi�ers trainedon thousands

of samplesto achieve low error rates.In contrastwe usea
generative paradigm,anddo not dependon documentseg-
mentationor handcraftedfeaturesto achieve lower error
rates. The featuresaresimpleand robustnessis achieved
throughredundancy becausenumerousfeaturesaregener-
ated. Diligenti et al. [2] reporta very interestingmachine
learningapproachbasedon Hidden Tree Markov Models
(HTMM), but donot reportresultsonapublicdataset.

We presentour notationand statisticalmodelsin Sec-
tion 2, brie�y describetheViola-Jonesrectangularfeatures
in Section3, andreportexperimentsandresults,alongwith
illustrationsin Section4.

2 The Latent Conditional Independence
model

Eachimageto be classi�ed is representedby a list of
salientfeatures[x1; x2; : : : ; xN ]. Eachelementxn is of the
sametype X , i.e., xn 2 X . The speci�c type of features
usedin ourexperimentswill bedescribedin Section3. The
length,N , of this list mayvary from imageto image.The
classi�cationproblemis to assigneachfeature-listto oneof
C pre-speci�edcategoriesin thesetC = f 1; 2; : : : ; Cg.

We classify by maximizing likelihood. The category
cM L of anobservedimageis computedas:

cM L = argmax
c2C

p(x1; : : : ; xN jc) = argmax
c2C

NY

n =1

p(xn jc)

(1)

The essentialdistinctionbetweendifferent imagecate-
goriesis provided by the underlyingcategory conditional
feature-likelihoodfunction p(xn jc). Eachfeaturexn is it-
self a D-dimensionalvectorof measurementsor attributes
[xn 1; xn 2; : : : ; xnD ]. For each category, the likelihood
function, p(xn jc), is modeledas a mixture of K compo-
nents.Within eachcomponent,the featuredimensionsare
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Figure 1. Viola-Jones rectangular features
computed for document image classi�cation.
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conditionallyindependent:

p(xn jc) =
KX

k=1

pk (c)
DY

d=1

pk (xnd jc) (2)

This is a LatentConditionalIndependence(LCI) model,or
a mixtureof NaiveBayesmodels.Oneadvantageof sucha
modelis that it canexpressjoint distributionsover a com-
binationof discreteandcontinuousvariables.Examplesof
prior useof thesemodelscanbefoundin [5, 8].

Theatomicbuilding blocksof our modelsarethedensi-
ties(distributions)overcontinuous(discrete)measurements
pk (xnd jc). For simplicity we constraintheseatomsto be
Gaussiandensitiesfor continuousvalued attributes, and
multinomialprobabilitymassfunctionswhentheattributes
arediscretewith a�nite numberof values.An Expectation-
Maximizationalgorithmis usedto traineachmodel.

3 Viola-Jonesfeatures

For theclassi�cationtask,we usea subsetof therectan-
gulardifference-of-intensityfeaturesdescribedin theland-
markpaperon objectrecognitionby Viola andJones[11].
An input image (color, grayscaleor black-white) is �rst
transformedinto a luminanceimage,andtheninto the in-
tegral imageby accumulatingluminancevaluesover rows
and columns.1 The rectangularfeaturestypes that we
use are illustrated in Figure 1. The featuresare evalu-
atedover a grid of locationsin the image,and over sev-
eral different scales. Any time the value satis�es pre-
set threshold criteria, the feature �r es and is recorded
asa quintuple: f FeatureType, x, y, logWidth,
logHeight g. FeatureType is a discretevaluesuchas
AreaSumLow or DiagonalBandHigh . x andy repre-
sentthecoordinatesat which thefeature�red. logWidth

1We reportcategorizationexperimentson blackandwhite images.In
otherapplications,color informationmaybecrucial to thecategorization
task,andcanbeincluded.

andlogHeight arethelogarithmsof thewidth andheight
of the rectanglewithin which the featurewas measured.
Eachquintuplebecomesa feature-entryxn in the feature-
list for an input image. The featuredimensionality, D , is
thus� ve. Dueto variablity in theinput imagethelengthof
thefeaturelist is variable.

4 Experiments

4.1 NIST Tax Forms data sets

TheNIST tax formsdatasets(SpecialDatabasesSPDB2
andSPDB6)werepreparedfor the informationextraction
from forms,andaredescribedin detailin [3]. Eachof these
datasetscontainroughly6000imagesof tax forms�lled by
machineprint (SPDB2)andhandwriting(SPDB6),spread
over20categories.2 Apart from theform category, thesam-
ples varied in image lightness/darkness,amountof �lled
material,pageskew, and minor size variations. Figure 2
shows thumbnailsof exampleforms.

4.2 Mo del training

Ten imageswerepickedat randomfrom eachcategory,
andthelist of Viola-Jonesfeaturesthat�red ontheseexam-
pleswereconcatenatedto createa large featurelist. This
concatenatedlist is oneway of capturingvariability of fea-
tures�red on examplesof thecategory. Eachsuchlist was
thenusedto train up an LCI model for that category with
K 2 f 25; 50; 100g components.

Figure3 showsdiagramaticallyasamplingfrom thelong
list of featuresthat �red on two speci�c examplesof dif-
ferentcategories. Due to spacelimitations the �gures are
zoomed-into a small sub-region of two different images
(from categories1040 1 and sch e 2), and only a frac-
tion of �red featuresare illustratedto avoid visual clutter.
We also limit the illustration to featuresof two different
FeatureType s (HorizontalStep), and(VerticalStep), two
different logWidth and two logHeight values. Nev-
ertheless,thedifferencebetweenthetwo documentsis evi-
dentin thedistributionsof thesefeatures.

Eachexamplein thedataset(includingthetrainingdocs)
was then classi�ed accordingto approximate maximum
likelihoodwhere,for computationalef�ciency, thesumma-
tion in (2) is replacedby a max operationto obtainanap-
proximationto thetruelikelihoodfor eachclass.

2Thesearenot scansof actualforms– the�lling up of formswassim-
ulated. However, the formsdo provide suf�cient variability to testimage
classi�caiontechniques.
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Figure 2. Examples of a few categories of
forms sho wn as thumbnails.

Form 1040 1

Form 1040 2

Form sch b

4.3 Evaluation

As mentionedabove, tenexamplesfrom eachclass(200
examplesin all) wereusedfor trainingour models,andall
5590 exampleswere usedfor testing.3 The classi�cation
resultsaresummarizedin Table1.

This methodimproves classi�cation performanceover
thatreportedby Shinetal. [9] while usinganorderof mag-
nitude lesstraining data,and without relying on features
handcraftedfor DocumentImageAnalysis.4

3Thedirecterrorratesarethereforeoptimistic,but only slightly so.The
testerrorrateis atmost10=5390, ratherthan10=5590

4The Viola-Jonesfeaturesare simple and generalpurpose,and were
proposedfor detectingfacesin photographs.

Figure 3. Illustration of Viola-Jones features
that �red on a small region of two images.
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5 Discussion

The main contribution of this paper is to proposean
OCR-free,segmentation-freeapproachto documentimage
classi�cation.Severalprior approachesreliedonsegmenta-
tion of form imagesandanalysisof the layoutandappear-
anceof thesegments.Layout information,whenavailable
is certainly informative to the task. But automaticlayout
analysisitself can be a bottleneck– being error-pronein
the faceof variationsobserved in �lled forms. For exam-
ple, rotationsdisrupt(or introducenoisein) the identi�ca-
tion of rectangularlayout (suchasXY-trees),andfeatures
suchashorizontalandvertical lines. Smallvariationssuch
asextraneousmarkingscancausebig changesin resultsof
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Table 1. Performance of our best sys-
tem (K=100) on the NIST Structured Forms
Database SPDB2.

Form #Err #Samples Form #Err #Samples
1040 1 . 900 sch c 1 . 198
1040 2 . 900 sch c 2 . 109
2106 1 1 90 sch d 1 . 223
2106 2 . 79 sch d 2 . 242
2441 1 98 sch e 1 . 341
4562 1 . 263 sch e 2 . 358
4562 2 . 270 sch f 1 . 86
6251 7 97 sch f 2 . 59
sch a . 481 sch se 1 1 132
sch b . 555 sch se 2 . 109

10 errors in 5590 samples. Percentage Error = 0.18

connectedcomponentanalysis.Our approachis to bypass
layoutanalysis,andrely completelyon local visualappear-
ancefeatures.Althougheachindividual feature-�ring can-
notbeconsistentlyrepeatedondifferentexamplesof acate-
gory, robustnessis achievedby (a)postulatingbroadequiv-
alenceclassesof features(themixturecomponents)during
training,and(b) examiningpopulationsof featureson test-
images,ratherthanfocusingonsinglefeatures.

The maximum-likelihood classi�cation scheme pre-
sentedherecanalsobelookeduponasaminimumdistance
classi�cation. The featurelist derived from an imagecan
be looked uponasa samplingor empiricaldistribution of
featuresin a � ve-dimensionalfeaturespace.Eachcategory
is describedby a category speci�c distribution in thesame
space.Theinput is assignedto thecategorywhosedistribu-
tion is closest,in theKullback-Lieblersense,to theempir-
ical distribution. This correspondenceis well known in the
text-categorization/retrieval communitywhereobservations
arevariable-lengthlistsof words(e.g., [6]).

The Viola-Jonesfeaturesare simple and fast to com-
pute, and have becomepopular in computervision liter-
ature. Completeprocessingof a full 300 dpi imageof a
letter sizedpagetakesonly a few secondswith an unopti-
mizedJava implementation.Working on subsampledim-
ages,alongwith ef�cient imagetraversalmay provide an
orderof magnitudespeedupwithout lossof performance.

TheViola-Jonesfeaturesmay, of course,bereplacedor
complementedin our modelwith otherlocal featuressuch
astransitioncounts,interestpoints,texturefeatures.Classi-
�cation on thebasisof suchlow-level features(ratherthan
hand-craftedfeatures),in principle, makes the technology
applicableto avarietyof documentclassi�cationtasks.

Oneadvantageof classi�cationwith generative models,
is thatcategory speci�c modelscanbebuilt, andeitherse-
lectively deployedor new categoriesaddedto thetaskwith
little or no retraining.Discriminative modelssuchasdeci-

sion treesor supportvectormachinesrequirecompletere-
trainingwith theadditionof new classes.

Ourapproachis relatedto bagsof key-pointsapproaches
in computervision,e.g., [10,1], but spatialstructureis mod-
eled intrinsically by including the locationsof featuresas
partof thefeaturecoordinates.

6 Conclusion

Documentimageclassi�cationis animportanttool in au-
tomateddocumentprocessingapplications. We presenta
fastandaccuratemethodfor classifyingform imagesbased
onvisualappearance,andwithout theneedfor OCRor any
documentsegmentationor evenconnectedcomponentanal-
ysis. The classi�cation accuracy is the best reportedso
far on the NIST StructuredForms Database– a publicly
availabledataset. The proposedapproachpromisesto be
broadlyapplicableto otherimageclassi�cationtasksowing
to its simplicity, trainablemodel,andextensibility (e.g.,to
otherfeaturessets).
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