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Abstract

We classifyan image by geneating a list of salientvi-
sualfeatuespresentin the luminancechannel,and matd-
ing the resulting variable-lengthfeatuee list to category-
speci ¢ geneative modelsfor sud featues. To facilitate
quick computationwe usethresholdedviola-Jonesrectan-
gular featues, ead representedy a ve-dimensionalde-
scriptor For ead image category, a probability distribu-
tion for feature-listsis givenby a latentconditionalinde-
pendencéLCl) modeland classi cationis maximumlike-
lihood. On the NISTtax formsdatabasd3], wheee intra-
catgyory variationsinclude variable scan-lightnessskew,
noise and madine-printedform- lling, our methodim-
provesperformanceover publishedresults,while requiring
verylittle training data,andwithoutrelyingon anextensive
setof handcaftedfeatues.

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/catgorizationsenesarolein in-
dexing and retrieval, sorting and organization,as well as
in tailoring automatedanalysistasksto speci ¢ document
types. Thisis particularlyusefulin high volumescancon-
versionoperationavhereconsiderableffort is spenton vi-
sualor functionalcateyorizationof documents.

Most publisheddocumentimage classi cation systems
rely on either OCR, so that documentsanbe cateyorized
basedon textual content,or on someform of layoutanal-
ysis to producea layout signaturethat can be compared
to cateyory-prototyped4, 7]. Methodsfor cateyorization
basedon word-shapecodeshave alsobeenreported. Shin
etal. [9] proposeanextensve setof featuredo characterize
sggmenteddocumentdy their appearanceand apply dis-
criminative (decisiontree) classi erstrainedon thousands

of samplego achiere low errorrates.In contrastwe usea
generatre paradigm,anddo not dependon documentsey-
mentationor handcraftedfeaturesto achiese lower error
rates. The featuresare simple and robustnesds achieved
throughredundang becausemumeroudeaturesare gener
ated. Diligenti et al. [2] reporta very interestingmachine
learningapproachbasedon Hidden Tree Markov Models
(HTMM), but do not reportresultson a public dataset.

We presentour notationand statisticalmodelsin Sec-
tion 2, brie y describethe Viola-Jonegectangulafeatures
in Section3, andreportexperimentsandresults alongwith
illustrationsin Section4.

2 The Latent Conditional
model

Independence

Eachimageto be classi ed is representedby a list of

sametype X, i.e,, X, 2 X. Thespeci c type of features
usedin our experimentswill bedescribedn Section3. The
length,N, of this list may vary from imageto image. The
classi cationproblemis to assigreachfeature-listo oneof
C pre-speci edcatagoriesin thesetC= f1;2;:::;Cg.

We classify by maximizing likelihood. The cateyory
cv L of anobseredimageis computedas:

w -
P(Xnjc)
1

1)

The essentialdistinction betweendifferentimage cate-
goriesis provided by the underlying category conditional
feature-lilelihood function p(x,jc). Eachfeaturex, is it-
self a D -dimensionalvectorof measurementsr attributes
For each cateory, the likelihood
function, p(xnjc), is modeledas a mixture of K compo-
nents. Within eachcomponentthe featuredimensionsare

n=



Figure 1. Viola-Jones rectangular features
computed for document image classi cation.
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conditionallyindependent:
p(xnjc) = pk(c)  Px(Xnajc) (2)
k=1 d=1

Thisis aLatentConditionallndependencé@_Cl) model,or
amixture of NaiveBayesmodels.Oneadwantageof sucha
modelis thatit canexpressjoint distributionsover a com-
binationof discreteandcontinuousvariables.Examplesof
prior useof thesemodelscanbefoundin [5, 8].

The atomicbuilding blocksof our modelsarethe densi-

ties(distributions)over continuougdiscrete)neasurements

pk(Xngjc). For simplicity we constraintheseatomsto be
Gaussiandensitiesfor continuousvalued attributes, and
multinomial probability massfunctionswhenthe attributes
arediscretewith a nite numberof values.An Expectation-
Maximizationalgorithmis usedto train eachmodel.

3 Viola-Jonesfeatures

For theclassi cationtask,we usea subsebf therectan-
gulardifference-of-intensityeaturesdescribedn theland-
mark paperon objectrecognitionby Viola andJonegq11].
An input image (color, grayscaleor black-white)is rst
transformednto a luminanceimage,andtheninto thein-
tegral imageby accumulatinguminancevaluesover rows
and columns! 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 adiscretevaluesuchas
AreaSumLow or DiagonalBandHigh . x andy repre-
sentthe coordinatest which thefeature red. logWidth

1We reportcategorizationexperimentson black andwhite images. In
otherapplicationscolor informationmay be crucial to the cateyorization
task,andcanbeincluded.

andlogHeight  arethelogarithmsof thewidth andheight
of the rectanglewithin which the featurewas measured.
Eachquintuplebecomes feature-entryx,, in the feature-
list for aninputimage. The featuredimensionality D, is

thus ve. Dueto variablity in theinputimagethe lengthof

thefeaturelist is variable.

4 Experiments
4.1 NIST Tax Forms data sets

TheNIST tax formsdataset¢SpecialDatabaseSPDB2
and SPDB6)were preparedor the information extraction
from forms,andaredescribedn detailin [3]. Eachof these
datasetgontainroughly6000imagesof taxforms lled by
machineprint (SPDB2)andhandwriting(SPDB6),spread
over 20 categories? Apartfrom theform cateyory, thesam-
ples varied in image lightness/darknesamountof lled
material, pageskew, and minor size variations. Figure 2
shavs thumbnailsof exampleforms.

4.2 Mo del training

Tenimageswere picked at randomfrom eachcateyory,
andthelist of Viola-Jonedeaturedhat red ontheseexam-
pleswere concatenatetb createa large featurelist. This
concatenatetist is oneway of capturingvariability of fea-
tures red on examplesof the catggory. Eachsuchlist was
thenusedto train up an LCI modelfor that cateyory with
K 2 f25;50; 100y components.

Figure3 shavs diagramaticallyasamplingfrom thelong
list of featuresthat red on two speci ¢ examplesof dif-
ferentcateyories. Due to spacelimitationsthe gures are
zoomed-into a small sub-rgjion of two differentimages
(from categories 1040_1 and sch_e_2), andonly a frac-
tion of red featuresareillustratedto avoid visual clutter
We also limit the illustration to featuresof two different
FeatureType s(HorizontalStep, and(\erticalStep, two
differentlogWidth  andtwo logHeight  values. Nev-
erthelessthe differencebetweerthe two documentss evi-
dentin thedistributionsof thesefeatures.

Eachexamplein thedatase{includingthetrainingdocs)
was then classi ed accordingto approximate maximum
likelihoodwhere,for computationakf ciency, the summa-
tion in (2) is replacedby a max operationto obtainan ap-
proximationto thetruelik elihoodfor eachclass.

2Thesearenot scanof actualforms—the lling up of formswassim-
ulated. However, the forms do provide sufcient variability to testimage
classi caiontechniques.



Figure 2. Examples of a few categories of
forms shown 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® The classi cation
resultsaresummarizedn Tablel.

This methodimproves classi cation performanceover
thatreportedoy Shinetal. [9] while usinganorderof mag-
nitude lesstraining data, and without relying on features
handcraftedor DocumentimageAnalysis#

SThedirecterrorratesarethereforeoptimistic,but only slightly so. The
testerrorrateis at most10=5390, ratherthan10=5590

4The Viola-Jonesdfeaturesare simple and generalpurpose and were
proposedor detectingfacesin photographs.

Figure 3. lllustration of Viola-Jones features
that red on asmall region of two images.
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5 Discussion

The main contritution of this paperis to proposean
OCR-free,sggmentation-fre@pproacho documenimage
classi cation. Severalprior approachegeliedon sggmenta-
tion of form imagesandanalysisof the layoutandappear
anceof the sggments. Layoutinformation,whenavailable
is certainlyinformative to the task. But automaticlayout
analysisitself can be a bottleneck— being errorpronein
the faceof variationsobsenedin lled forms. For exam-
ple, rotationsdisrupt(or introducenoisein) the identi ca-
tion of rectangulatayout (suchas XY-trees),and features
suchashorizontalandvertical lines. Small variationssuch
asextraneousnarkingscancausebig changesn resultsof



Table 1. Performance of our best sys-
tem (K=100) on the NIST Structured Forms
Database SPDB?2.

Form  |#Err #Samples ||Form #Err  #Samples
10401 . 900 ||sch_c_1 . 198
10402 . 900 ||sch-c_2 . 109
21061 1 90 ||sch.d_1 . 223
21062 . 79 ||sch.d_2 . 242
2441 1 98 ||sch_e_1 . 341
45621 . 263 ||sch_e.2 . 358
45622 . 270 ||schf.1 . 86
6251 7 97 ||sch_f2 . 59
sch_a . 481 ||schse_1 1 132
sch_b . 555 ||sch_se_2 . 109
10 errors in 5590 samples. Percentage Error = 0.18

connecteccomponentnalysis. Our approachis to bypass
layoutanalysisandrely completelyon local visualappear
ancefeatures.Although eachindividual feature- ring can-
notbeconsistentlyrepeatean differentexamplesf a cate-
gory, robustnesss achiezedby (a) postulatingoroadequi-
alenceclasse®f featureqthe mixture componentsyiuring
training,and(b) examiningpopulationsof featureson test-
images ratherthanfocusingon singlefeatures.

The maximum-likelihood classi cation scheme pre-
sentecherecanalsobelookeduponasaminimumdistance
classi cation. The featurelist derived from animagecan
be looked uponasa samplingor empirical distribution of
featuresn a ve-dimensionafeaturespace Eachcateyory
is describedby a catgyory speci ¢ distribution in the same
spaceTheinputis assignedo the categyory whosedistribu-
tion is closest,n the Kullback-Lieblersenseto the empir
ical distribution. This correspondencis well known in the
text-categorization/retrigal communitywhereobsenations
arevariable-lengtHists of words(e.g., [6]).

The Viola-Jonesfeaturesare simple and fastto com-
pute, and have becomepopularin computervision liter-
ature. Completeprocessingof a full 300 dpi imageof a
letter sizedpagetakesonly a few secondswith an unopti-
mized Java implementation. Working on subsampledm-
ages,alongwith efcient imagetraversalmay provide an
orderof magnitudespeeduithoutlossof performance.

The Viola-Jonedeaturesmay, of course be replacedor
complementedn our modelwith otherlocal featuressuch
astransitioncounts,nterestpoints,texturefeatures Classi-

cation on the basisof suchlow-level featureqratherthan
hand-craftedeatures),in principle, makesthe technology
applicableto a variety of documentlassi cationtasks.

Oneadwantageof classi cationwith generatie models,
is that category speci c modelscanbe built, andeitherse-
lectively deployed or new cateyoriesaddedto the taskwith
little or no retraining. Discriminatve modelssuchasdeci-

siontreesor supportvectormachinesequirecompletere-
trainingwith the additionof new classes.

Ourapproachs relatedto bagsof key-pointsapproaches
in computewision,e.g., [10, 1], but spatialstructurds mod-
eledintrinsically by including the locationsof featuresas
partof thefeaturecoordinates.

6 Conclusion

Documenimageclassi cationis animportanttoolin au-
tomateddocumentprocessingapplications. We presenta
fastandaccuratemethodfor classifyingform imagesbased
onvisualappearancegndwithout the needfor OCRor ary
documenseggmentatioror evenconnectegomponenanal-
ysis. The classi cation accuray is the bestreportedso
far on the NIST StructuredForms Database- a publicly
available dataset. The proposedapproachpromisesto be
broadlyapplicableto otherimageclassi cationtasksowing
to its simplicity, trainablemodel,andextensibility (e.g.,to
otherfeaturessets).
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