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ABSTRACT

Harris, Jacob Lee. M.S.E.C.E., Purdue University, August, 2003. A Hierarchical
Document Description and ComparisonMethod. Major Professor:Ilya Pollak.

We proposea method to describe and comparethe content and hierarchical struc-

ture of a document given only an image of the document. A tree structure is used

to capture the hierarchical structure of the document. Each node of this tree cor-

responds to a region of the document and contains a vector of calculated features

that describe the region. Two documents are then comparedusing a tree matching

strategy to compare their hierarchical descriptions. Becausethis method depends

only on an imageof the document, it can be usedto describe any document that can

be scannedor printed. Finally, we give an exampleto demonstratethe e�ectiv eness

of the method we have introduced.
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1. INTR ODUCTION

Determining the similarit y of document imagesis an important �rst step for sev-

eral document retrieval tasks,such asdocument classi�cation, information extraction,

and retrieval basedon visual similarit y [2]. Thesedocument retrieval tasksare impor-

tant when dealingwith large databasesof document images.For example,document

retrieval is necessarywhen a databaseuserwants to �nd documents in the database

which are similar to a particular exampledocument. Document classi�cation could

be useful in decidingwhereto store a document imagebeing addedto the database,

or in choosing the most appropriate document model, if the models are di�eren t for

various classes.All of thesetasks require somenotion of document similarit y. When

assessingwhat makesdocument imagessimilar, we considerboth of the following to

be important: the content of the document (words, pictures, etc.) and the layout of

the document (how the content of the document is organized).

The document comparisonproblem hasbeenstudied for sometime. Somemeth-

ods dependonly on the text content of the document, asin [3{5]. Such methods have

proven to be very e�ectiv e for comparing documents which are all or mostly text,

but they do not take into account either the pictures and graphics which might be

present in the document or the physical layout of the document.

Srihari, Zhang, and Rao [6] give an example of a method that usesboth text

and picture information to query a document database,but this method still does

not make useof the layout of the document. The method of Hu et al. [2] classi�es

documents basedon the layout of the text regions,but doesnot take into account the

content of the text regionsor picture regions.All of thesemethods either do not take

the document layout into account or do not describe the layout in a hierarchical man-

ner. An exampleof describingthe layout of a document usinga hierarchical structure
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appears in [7], which usesa stochastic regular grammar to produce a segmentation

of the document.

We introducea method to describe both the hierarchical layout structure and the

content of a single-pagedocument image. Webeginby partitioning the document into

meaningful regionsand calculating several featuresof theseregions. We then de�ne

a distancebetweenregions,and as in chapter 3 of [8], we recursively mergethe two

nearestregionsuntil all regionshave beenmerged.Thus we createa binary partition

tree whose nodes correspond to regions in the document and contain features to

describe theseregions.The leavesof the tree correspond to the various small regions

of a document such asparagraphs,images,captions,etc., while internal nodesof the

tree correspond to a logical grouping of all the leaf regionsdescendingfrom it. For

example,an internal node could correspond to a column of text, which is the union

of several paragraphs.The document tree that we form is similar to the binary space

partition treesusedby Qiu and Sudirman[9] in that each nodecontains featuresof the

document regionto which it corresponds,and that the tree is a binary partitioning of

the document. However, the speci�c featuresand rulesfor determiningthe boundaries

of regionsare di�eren t.

We then comparetwo document imagesby comparing their document trees. We

use a simple tree matching strategy to do this comparison,but ongoing work will

include investigation and evaluation of standard tree and graph matching methods.

The remainder of this thesis is organized as follows. Chapter 2 describes the

formation of the hierarchical document description,which we call the document tree.

Chapter 3 de�nes the distance between document trees. Chapter 4 contains the

results of an exampleimplementation of our strategy, and Chapter 5 concludesthe

thesis.
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2. FORMING THE DOCUMENT TREE

The document tree describesboth the content and the hierarchical structure of the

document. It is formed by �rst segmenting the document into meaningful regions,

then calculating features of these regions, and �nally de�ning a distance between

regions based on these features. The distance is then used to merge the regions

recursively into a binary tree describing the document. Each of these functions is

described more fully below.

2.1 Summary of Approac h

We describe the hierarchical structure of the document with a binary tree, called

the document tree, which is createdby recursively merging the regionsof the docu-

ment. Figure 2.1 illustrates this concept. Given a document and a partition of the

document into meaningfulregions,werecursively mergesimilar regions.The resulting

tree describes the hierarchy of structure in the document. In the exampleof Figure

2.1, the root node correspondsto the entire document, which is split into background

and content. The content is split into text and image regions,which are then split

into their smaller components. So we seethat we create the tree in a bottom up

fashion,but it is easierto interpret the meaningof the tree in a top down fashion.

The recursive region mergingprocedureusedto createthe document tree implies

the following: (i) the document hasbeensplit into regions,and (ii) there existsa way

to discernwhich regionsare \closest", that is, which regionsshould be merged�rst.

Task (i) can be accomplishedwith any image segmentation program that parti-

tions the image into several regions. This could also be done by initially assuming

that the individual pixels of the imageare the regionsto be considered.We rejected
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Fig. 2.1. Document tree conceptdemonstration. (a) A document with three text
regionsand two imageregions. (b) The regionsof the document beforeregion

merging. (c) The document tree and remaining regionsof the document after two
merges.(d) The document tree and remaining regionsof the document after three
merges.(e) The document tree and remaining regionsof the document after four

merges.(f ) The �nal document tree describingthe imagein (a).
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this approach becausewe do not think the logical hierarchy of a document extends

to the pixel level.

To accomplishtask (ii), we �rst de�ne for each regionseveral featuresto describe

the region. Wechoosethesefeaturessothat they describequantities that arebelieved

to be useful for computing a distancebetweenregions. The featuresshould also be

easy to calculate from the original image, and also easy to combine into a feature

vector for the aggregateregion when two regions are merged. We then de�ne a

distancefunction betweenregionsthat dependsonly on the featurevectorsof the two

regionsbeingcompared.This distancefunction is the criterion for decidingthe order

in which regionsare mergedwhile forming the document tree. The region pair with

minimum distanceis mergedrecursively until only oneregion remains.

It should be noted that we choosea segmentation algorithm, a set of features,

and a distancefunction to describe oneparticular notion of what similar regionsare.

Other applications could use di�eren t segmentation algorithms, distance functions,

and sets of features. In this thesis, we simply demonstrate the e�ectiv enessof the

oneswe chooseto use.

The remainder of this chapter describes the details of each step taken to form

the document tree. Section 2.2 describes the �le formats allowed for the original

document. Section2.3 describes the segmentation procedureby which we partition

the document into regions. Section2.4 describesour notion of which regionsshould

be consideredclose to each other, motivating our choice of features and distance

function. Then in Section2.5, we describe the featuresthat werecalculatedfor each

region,and Section2.6 describesthe distancefunction de�ned on this set of features.

Finally, Section2.7 givesa detailed procedurefor forming the document tree.

2.2 Do cumen t Format Speci�cation

The goal of this part of our document processingsystem is to be able to form

a document tree to describe any existing document. In general,documents exist in
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Fig. 2.2. Block diagram of segmentation procedure

either electronicor hard copy format, or both. Documents for which only hard copies

exist can be scanned,and most documents in electronic format can be converted to

a pdf �le. Therefore,the systemwasdesignedto useeither a scannedimageor a pdf

�le for input. Theseinput formats needto be handledslightly di�eren tly during the

segmentation process,as described below.

2.3 Segmentation of Do cumen t

We �rst describe the generalprocedureusedto break the document into regions.

Then wedescribe the speci�c segmentation algorithm weusedfor this task, the Train-

able Sequential Maximum a Posteriori (TSMAP) algorithm, and how it was trained

to solve this document segmentation problem. Finally, we discussthe details of the

implementation of the generalsegmentation procedure.

2.3.1 Segmentation pro cedure

The procedurefor segmenting a document is illustrated in Figure 2.2. The raw

input �le goesthrough a preprocessingstep to producean imagethat can be passed

to the particular segmentation algorithm that was chosen. The output of this seg-

mentation algorithm is then passedthrough a postprocessingstep that removesany

unwanted noise or insigni�cant details in the segmentation, yielding a useful seg-

mentation of the document. The regionsde�ned by this useful segmentation of the

original document becomethe leavesof the document tree.

Note that this strategy does not specify the use of one speci�c segmentation

procedure. Any reasonablesegmentation procedurewith appropriate preprocessing
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Fig. 2.3. The multiscale segmentation model proposedin the TSMAP paper [1].
Y (n) contains the imagefeature vectorsextracted at scalen while X (n) contains the
corresponding classof each pixel at scalen. Notice that both the imagefeatures,Y,

and the context model, X , usemultiscale pyramid structures.

and postprocessingsteps could be used. The rest of this section, however, does

describe the speci�c segmentation algorithm that was used, along with pertinent

preprocessingand postprocessingsteps.

2.3.2 The TSMAP algorithm

We choseto use the Trainable Sequential Maximum a Posteriori (TSMAP) seg-

mentation algorithm proposedby Hui Chengand CharlesBouman in [1] to perform

the segmentation of the documents. The TSMAP algorithm usesBayesianmultiscale

techniques to �nd an estimate of which classshould be assignedto each pixel in a

grayscale image. A multiscale quad tree model of both the classlabels and image

feature vectors is used. As illustrated in Figure 2.3, for each scalen, there is a ran-

dom �eld of imagefeaturevectors,Y (n) , and a random �eld of classlabels,X (n) . Y (n)

contains Haar basiswavelet coe�cien ts (imagetexture and edgeinformation) at scale

n, and X (n) contains the corresponding classlabels.

The classlabel �elds X (n) are assumedto be a Markov chain in scale,dependent

only on the next coarserscale, so that p(x (n) jx(>n )) = p(x(n) jx(n+1) ). The image

features y(n) are assumedconditionally independent given the classlabels x (n) and

the imagefeaturesy(n+1) at the coarserscale.Thesetwo assumptionsyield a tractable

expressionfor p(y; x). Segmenting the imagethen correspondsto estimating the class

labels X from the imagefeature data Y. Although the MAP estimate is popular for

performing this task, it is undesirablein this casebecauseit assignsequal weight to
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errors at all scales.The authors arguethat sincecoarsescalemisclassi�cationsa�ect

more pixels, they should be penalizedmore heavily than �ne scaleerrors. Therefore

they usethe sequential MAP (SMAP) cost function proposedin [10] to perform the

estimation. This cost function has the desired property that misclassi�cations at

coarsescalesare penalizedmore heavily than thoseat �ne scales.The authors show

that the imagesegmentation x̂ (n) can then be computedwith onerecursive coarse-to-

�ne passthrough the tree, assumingthe feature data y are known for every level of

the quad tree.

However, calculation of this coarse-to-�nerecursionrequiresknowledgeof several

parametersof the model. Theseparametersare estimated in a training step, hence

the title \T rainable SMAP algorithm". The idea is to provide several imagesfor

which the true segmentations are known. Normally, these true segmentations are

producedby a human. For theseimageswith corresponding hand segmentations, the

algorithm calculatesboth the classlabel quadtreeX and the feature vector quadtree

Y, and then usesthis information to estimate the parametersof the model.

Once the training step is complete, any number of imagescan be segmented,

becausethe model parametersare then known. The SMAP estimate of the class

label �eld, x̂(n) , can be calculated for any grayscale image with one �ne-to-coarse

recursion to calculate the image featuresy followed by one coarse-to-�ne recursion

that calculatesx̂, asmentioned above. It shouldbe noted that becauseof the nature

of the wavelet decomposition used to calculate the image features y(n) , the �nest

segmentation level that can be estimated is only half the resolution of the image

being segmented. For instance,if the imagebeing segmented hasa resolution of 100

dots per inch (dpi), which is 39.37dots per centimeter (dpcm) , the �nest resolution

imageoutput from the TSMAP programwill havea resolutionof 50dpi (19.69dpcm).
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2.3.3 Training the TSMAP algorithm for use with documen ts

We trained the TSMAP algorithm to assign one of the following four classes

to the pixels of the image being segmented: header text, body text, image, and

background. The output of the TSMAP segmentation step is then an image whose

pixels contain the classnumbers assignedto the corresponding pixels in the original

document. Becauseimagesgenerateddirectly from pdf �les contain much lessnoise

than scannedimages,using the sameset of training parametersto segment images

from both input formats producedincorrect segmentations of the images.Therefore,

two setsof training parametershave beendeveloped, one for documents in scanned

imageformat, and one for documents in pdf format.

The caseof scanneddocuments was illustrated in [1], and we proceededmuch

the sameas the authors of the paper. Twenty training imageswith corresponding

hand segmentations wereprovided to the TSMAP training algorithm to calculatethe

model parametersfor usewith scanneddocuments. The sametwenty 100dpi (39.37

dpcm) training imagesas those usedfor [1] were used,but the corresponding hand

segmentations weremodi�ed so that the resulting segmentations would producetext

regionsinstead of individual letters. Figure 2.4 illustrates the di�erence.

For the caseof documents in pdf format, eight imageswere generatedfrom pdf

�les and then hand segmented. Theseimagesformed the training set for the TSMAP

algorithm to calculate the model parametersfor usewith pdf documents.

2.3.4 Implemen tation of the segmentation pro cedure

Theseare the details of our implementation of the segmentation procedureout-

lined in Section2.3.1.

The preprocessingsteppreparesthe document to besegmented. Sincethe TSMAP

segmentation program has been trained on 100dpi (39.37 dpcm) images,the input

to the segmentation step needsto be a 100dpi (39.37dpcm) grayscaleimage. For a

raw image in scannedformat, the preprocessorperforms a simple color-to-grayscale
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(a) (b) (c)

(e) (e) (g)

Fig. 2.4. (a) Typical training imagefrom the Chengand Bouman paper [1]
introducing the TSMAP algorithm. (b) Manual segmentation of (a) usedin [1] to
train the TSMAP segmentation program. (c) Manual segmentation of (a) usedin
this thesis to train the TSMAP segmentation program. (d) A grayscalescanned

image. (e) Segmentation of (d) producedby the TSMAP algorithm when trained
using manual segmentations as in (b). (f ) Segmentation of (d) producedby the

TSMAP algorithm when trained using manual segmentations as in (c).
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conversionfollowed by subsampling.For a raw imagein pdf format, a 100dpi (39.37

dpcm) grayscaleimageis generateddirectly from the pdf �le.

The segmentation algorithm used for this paper is the TSMAP algorithm. The

100dpi (39.37dpcm) grayscaleimagefrom the preprocessingstep is the input to the

TSMAP segmentation program, and the output of the program is a new50dpi (19.69

dpcm) image whosepixels contain the classnumbers assignedto the corresponding

pixels in the original image. The format of the original image (scannedor pdf)

determineswhich set of model parametersare usedto calculate the segmentation.

The postprocessingstep cleansup the output from the segmentation step. While

the TSMAP segmentation proceduredoeswell from a large-scaleperspective, there

are normally many small spots of noisein the segmentations. Many of theseare sin-

gleton pixels, and are removed in this postprocessingstepby the useof a rather strict

despeckling �lter. When a pixel is classi�ed di�eren tly from all its neighbors, we con-

sider it to be misclassi�ed. Therefore,each singletonpixel in the segmentation image

is replacedwith a majorit y vote among the members of its 8-point neighborhood.

This concludesthe postprocessingstep.

The despeckled segmentation imageis then usedto partition the original document

into regions. We de�ne the regionsof the document to be the groupsof pixels in the

original document that correspond to the connectedcomponents of the despeckled

segmentation image.

2.4 Assumptions Leading To Region Feature Vector and Distance Func-

tion De�nitions

Once the document has been split into regions, we need to de�ne the region

feature vector and a corresponding distancefunction which will be usedto createthe

document tree. To do this, we needto have somenotion of what makestwo regions

closeto each other. Of course,this notion of closenessis dependent on the application,

giving rise to many possiblefeature vectors and distance functions. For this thesis,
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we restrict our notion of closenessto depend on the following �v e characteristics of

the regions: class,size,position, color, and text content.

� Class: Section 2.3.3 explains that the TSMAP segmentation program assigns

to each region oneof the following four classes:headertext, body text, image,

and background. Our notion of closenessdependson classin the following way.

The classesof the regionsbeing compareddeterminehow heavily to weight the

other four closenessfactors. For instance,the text content of the regionsis much

more important in a comparisonof two body text regionsthan in a comparison

of two imageregions.

� Size: Small regionsshould be mergedbefore large regions. Small-small pairs

should be merged�rst, then small-large,and �nally large-largepairs. For in-

stance,we want the various text regionsof a document such as paragraphsto

mergewith each other into onelarge text regionbeforeany of them mergewith

a hugeregionsuch asthe background. This keepsthe hierarchy of the document

evident in the tree that describesthe document.

� Position: Regionpairs which are adjacent or spatially closeshould be merged

before region pairs which are spatially far from each other. For instance, in a

column of three paragraphs,the �rst mergeshouldnot be the top-bottom pair.

� Color: Regionswith similar color characteristics should be consideredclose.

This appliesespecially to regionsclassi�ed as image.

� Text Content: Regionswith similar text content should be consideredclose.

This applies more to regionscontaining much text than to regionscontaining

little or no text.

We emphasizethat these �v e notions of nearnessare assumptionsspeci�c to our

particular example,and that for other applications, other assumptionsguiding the

notion of nearnesscould be more appropriate.
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2.5 Regions and Region Features

The regionsof the imageare de�ned asthe connectedcomponents of the despeck-

led segmentation of the image. Several featuresare de�ned that describe the region

in terms of the �v e similarit y characteristicsfrom Section2.4. Oncethe featuresare

calculated, they are the only information about the regionsthat is saved and used.

The featuresalonedetermine the distancebetweenregionswhen the document tree

is formed, and each node of the document tree contains the aggregatefeaturesthat

describe the sectionof the document descendingfrom that node.

Whenever possible,the featuresare chosento be independent of the resolution of

the raw input image. This is not so important for document tree generationbecause

this procedure only comparesregions that originate in the sameimage. However,

we eventually want to comparedocuments by comparing their document trees (and

therefore their feature vectors). When this happens, for example a region from a

400dpi (157.5dpcm) imagecan be comparedto a region from a 300dpi (118.1dpcm)

image, and it becomesuseful to have features whosevalues do not depend on the

resolution of the image they come from. Otherwise, when comparing a document

scannedat two di�eren t resolutions,the imagesmight be consideredquite far apart

when logically they are not.

To this end, thosequantities which contain a number of pixelsarerepresented asa

fraction of the number of pixels in the document. Also, quantities which contain pixel

locations are divided by the maximum dimensionof the image. Under this scheme,

a 640 by 480 image and a 160 by 120 image are both represented as a 1.0 by 0.75

image.

The featuresare also chosenso that they are easyto calculate initially , and so

that the featuresof the aggregateregion formed by mergingtwo regionsare alsoeasy

to calculate given only the features of the two component regions. The following

sectionsdescribe both the featuresthemselvesand the method to be usedto �nd the

new feature value when two regionsare merged. In all, we de�ne one classfeature,
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two size features, three position features, three color features,and one text content

feature.

2.5.1 Class feature

Recall that the TSMAP algorithm assignsa classto each region of the original

image. The four classesare header text, body text, image, and background. This

feature storesthe classinformation for a region.

Class ratio

Each region in the document initially has only one class,that which is assigned

to it by the TSMAP program. As regionsare mergedduring the formation of the

document tree, however, an aggregateregion can contain regionsof di�ering classes.

Thereforewe save the classinformation in a four-element vector called the class-ratio

vector. The i -th element of the class-ratiovector contains the fraction of pixels in the

entire document that are both contained in the region and of classi .

classratio[i ] =
number of pixels of classi in the region
number of pixels in the entire document

Note that using the fraction insteadof just the number of pixels of classi makesthis

feature independent of the raw imageresolution, as desired.

When merging regionsR1 and R2, the class-ratiovector of the aggregateregion

Rnew is the element by element sum of the class-ratio vectors of the regionsbeing

merged.

classratioRnew [i ] = classratioR1 [i ] + classratioR2 [i ]

2.5.2 Size features

Two featuresare de�ned that describe the sizeof the region.
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Num ber of pixels

The number of pixels (numpixels) feature is the number of pixels in the original

imagethat are contained in the region. This feature is not independent of the resolu-

tion of the raw imageinput, but it is usefulfor calculating the valuesof other features

which are input resolution independent.

numpixels= number of pixels in region

When merging regionsR1 and R2, the numpixels value of the aggregateregion Rnew

is the sum of the numpixels valuesof the regionsbeing merged.

numpixelsRnew
= numpixelsR1

+ numpixelsR2

Size ratio

The size-ratio feature is the fraction of pixels in the entire document that are

contained in the region.

sizeratio =
number of pixels in region

number of pixels in document

Note that this feature is independent of input imageresolution.

When merging regionsR1 and R2, the size-ratio of the aggregateregion Rnew is

the sum of the size-ratiovaluesof the regionsbeing merged.

sizeratioRnew = sizeratioR1 + sizeratioR2

2.5.3 Position features

Three featuresare de�ned that either describe the position of the region or are

calculatedusing the position information of the region.
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Bounding box

The bounding box of a region is de�ned as the smallest rectanglewhich encloses

the entire region. We represent this rectangleby storing its upper left and lower right

pixels. Thus the upper left pixel contains the minimum row value and the minimum

column valueover all pixels in the region. Similarly, the lower right pixel contains the

maximum row and column valuesover all pixels in the region. The pixel locations

are represented relative to the maximum dimension of the document, so they are

independent of the resolution of the original image.

boundbox:ul :m = min row location of any pixel in the region
max dimensionof image

boundbox:ul :n = min column location of any pixel in the region
max dimensionof image

boundbox:lr :m = max row location of any pixel in the region
max dimensionof image

boundbox:lr :n = max column location of any pixel in the region
max dimensionof image

When merging regionsR1 and R2, the bounding box of the aggregateregion Rnew is

boundboxRnew :ul :m = min(boundboxR1 :ul :m; boundboxR2 :ul :m)

boundboxRnew :ul :n = min(boundboxR1 :ul :n; boundboxR2 :ul :n)

boundboxRnew :lr :m = max(boundboxR1 :lr :m; boundboxR2 :lr :m)

boundboxRnew :lr :n = max(boundboxR1 :lr :n; boundboxR2 :lr :n)

The bounding box feature is most usefulat the leaf level of the document tree, before

regions are merged. For instance, the bounding box of a text region can de�ne a

section of the original image to send to an optical character recognition program

to extract the text content of the region. However, the bounding box can become

unusefuloncetwo regionsare merged.

If for examplea very small region is mergedwith a region far from it, which is

likely to happen becausewe encouragesmall regions to merge �rst, the bounding

box expandsa lot while the overall region does not go through much change. This

behavior is illustrated in Figure 2.5. We concludethat someother way that is not so
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R1

R2

Bbox 1

Bbox new

Bbox 2

Fig. 2.5. Illustration of the bounding box feature, and how it can become
non-descriptive when a large region is mergedwith a small region far from it.

susceptibleto tiny bits of segmentation noiseshould be usedto describe the position

of the pixels in a region, especially at the aggregateregion level of the document

tree. To this end, we de�ne the spatial variancebounding box later in this section.

However, we must �rst de�ne the centroid and the spatial varianceof a region.

Centroid

The centroid feature of a region R is de�ned as the averagelocation of the pixels

in the region. The pixel locations are stored relative to the maximum dimensionof

the document, so the numerical value is independent of the resolution of the input

image.

centroid:m =
1

numpixel s

X

pixels in R

row location of pixel
max dimensionof image

centroid:n =
1

numpixel s

X

pixels in R

column location of pixel
max dimensionof image

When merging regions R1 and R2, the centroid of the aggregateregion Rnew is a

weighted averageof the centroids of the regionsbeing merged,where the weighting

constants are the number of pixels in each region.

centroidRnew =
numpixel sR1 � centroidR1 + numpixel sR2 � centroidR2

numpixel sR1 + numpixel sR2
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Spatial variance

The spatial variance (svar) feature of a region R is de�ned as the variance of

the location of the pixels in the region. It is an ordered pair whosemembers are

the sample variancesof the row and column location of the pixels in the region,

respectively. Thesevariancesare calculatedfrom pixel locations that are represented

relative to the maximum dimension of the image, so the numerical values of the

variancesdo not depend on the resolution of the original image.

svar:m =
1

numpixel s

X

pixels in R

 
row location of pixel

max dimensionof image
� centroid:m

! 2

svar:n =
1

numpixel s

X

pixels in R

 
column location of pixel
max dimensionof image

� centroid:n

! 2

When merging regionsR1 and R2, the spatial varianceof the aggregateregion Rnew

is calculated in the following way.

sumx2
R1

:m = numpixel sR1 � [svarR1 :m + (centroidR1 :m)2]

sumx2
R2

:m = numpixel sR2 � [svarR2 :m + (centroidR2 :m)2]

sumx2
Rnew

:m = sumx2
R1

:m + sumx2
R2

:m

svarRnew :m =
sumx2

Rnew
:m

numpixel sRnew

� (centroidRnew :m)2

sumx2
R1

:n = numpixel sR1 � [svarR1 :n + (centroidR1 :n)2]

sumx2
R2

:n = numpixel sR2 � [svarR2 :n + (centroidR2 :n)2]

sumx2
Rnew

:n = sumx2
R1

:n + sumx2
R2

:n

svarRnew :n =
sumx2

Rnew
:n

numpixel sRnew

� (centroidRnew :n)2

Spatial variance bounding box

We point out that the centroid and svar features may be used to generatea

concept that is similar to the bounding box of the region yet much less sensitive

than the bounding box to small bits of noise. We de�ne the spatial variancebound-

ing box (svar:bbox), to be a rectangle whosecenter is the centroid of the region,
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R1

R2

svar.box new

svar.box 1

svar.bbox 2

Fig. 2.6. Illustration of the Spatial VarianceBounding Box, and how it is less
susceptiblethan the Bounding Box to becomingnon-descriptive when a large region

is mergedwith a small region far from it.

and which extends one spatial standard deviation to either side of the centroid in

each of the row and column directions. That is, the corners of the svar:bboxare

(centroid:m �
p

svar:m; centroid:n �
p

svar:n). The svar:bboxconcept,along with

its lower sensitivity to the noisethat disrupts the boundingbox feature,areillustrated

in Figure 2.6.

2.5.4 Color features

Three featuresare de�ned that describe the color content of a region.

RGB mean

The rgbmean feature is a vector of length three containing the samplemean of

the red, green,and blue intensities of pixels in the region, respectively.

r gbmean[0] =
1

numpixel s

X

pixels in R
red intensity of pixel

r gbmean[1] =
1

numpixel s

X

pixels in R
greenintensity of pixel

r gbmean[2] =
1

numpixel s

X

pixels in R
blue intensity of pixel
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When merging regionsR1 and R2, the rgbmeanof the aggregateregion Rnew is an

element by element weighted sumof the rgbmeanvectorsof the regionsbeingmerged,

wherethe weighting constants are the number of pixels in each region.

rgbmeanRnew [i ] =
numpixel sR1 � r gbmeanR1 [i ] + numpixel sR2 � r gbmeanR2 [i ]

numpixel sR1 + numpixel sR2

RGB variance

The rgbvar feature is a vector of length three containing the samplevariancesof

the red, green,and blue intensities of pixels in the region, respectively.

r gbvar[0] =
1

numpixel s

X

pixels in R
f (red intensity of pixel) � r gbmean[0]g2

r gbvar[1] =
1

numpixel s

X

pixels in R
f (greenintensity of pixel) � r gbmean[1]g2

r gbvar[2] =
1

numpixel s

X

pixels in R
f (blue intensity of pixel) � r gbmean[2])g2

When merging regions R1 and R2, the rgbvar of the aggregateregion Rnew is an

element by element varianceupdate of the rgbvar vectorsof the regionsbeingmerged.

sumx2
R1

[i ] = numpixel sR1 � [r gbvarR1 [i ] + (rgbmeanR1 [i ])2]

sumx2
R2

[i ] = numpixel sR2 � [r gbvarR2 [i ] + (rgbmeanR2 [i ])2]

sumx2
Rnew

[i ] = sumx2
R1

[i ] + sumx2
R2

[i ]

r gbvarRnew [i ] =
sumx2

Rnew
[i ]

numpixel sRnew

� (r gbmeanRnew [i ])2

RGB histograms

The rhist, ghist, and bhist features are histograms of the red, green, and blue

intensities of pixels in the region, respectively. The histogramshave 32 bins which

areuniformly spacedover the 255possiblevaluesof the RGB intensities. This means,

for example, that rhist is a vector of length 32, and that rhist[0] is the number of

pixels whosered intensity value falls into the range [0,7], rhist[1] is the number of

pixels whosered intensity value falls into the range[8,15],and so on.
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When merging regionsR1 and R2, the histogram of the aggregateregion Rnew is

an element by element sum of the histogramsof the regionsbeing merged.

rhist Rnew [i ] = rhist R1 [i ] + rhist R2 [i ]

ghist Rnew [i ] = ghist R1 [i ] + ghist R2 [i ]

bhistRnew [i ] = bhistR1 [i ] + bhistR2 [i ]

2.5.5 Text conten t feature

One feature is de�ned that describesthe text content of a region.

Laten t semantic information

The latent semantic information (latsem) feature is a vector containing informa-

tion related to the words contained in the region. If the original input is a scanned

image, the words are extracted from the document via an optical character recogni-

tion (OCR) package,and if the original input is a PDF �le, the words are extracted

directly from the pdf �le using a program called pstotext.

The technique of latent semantic analysis is laid out in [3]. The general idea is

to createa spacedescribingword frequencyin documents, and then to describe the

regionin terms of this space.We createthis spaceusingtext from several documents.

We begin with a dictionary of English words (terms). For each document, we count

the number of times each dictionary term occurs in the document, and we put this

information in a matrix. Each row of this matrix corresponds to a term from the

dictionary, and each column of this matrix corresponds to a document. We denote

this matrix X . We perform a singular value decomposition of X , yielding an exact

model given by

X = T0S0D 0
0

whereT0 and D0 have orthogonal, unit length columns,and S0 is a diagonal matrix

of singular values. SeeFigure 2.7.
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documents

terms

t x d

=

t x m

m x m m x d

*

*
*

*
*T0

S0

D 0
0

X

Fig. 2.7. Illustration of the singular value decomposition of the matrix X .

We then approximate X by deletingsomeof the small singular valuesand keeping

only k of them, along with the corresponding columns of T0 and D0. This yields a

reducedmodel for X given by

cX = TSD 0

as shown in Figure 2.8.

documents

terms

t x d

=

*

*
*

t x k

k x k k x d

S

T

D 0

cX

Fig. 2.8. Illustration of the reducedmodel cX for the matrix X .

We usethe matrix T to generatethe latsem vector for a region R. We count the

number of times each dictionary word appearsin the region and store this in a t by

1 vector W. Then the latent semantic vector describinga region is de�ned to be the

matrix product of its word frequencyvector with the matrix T. SeeFigure 2.9.

latsemR = W 0T
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latsem

t x k

1 x t1 x k

= W 0

T

Fig. 2.9. Illustration of the de�nition of a region's latent semantic feature vector

When mergingregionsR1 and R2, the latsemvector of the aggregateregionRnew

is the element by element sum of the latsem vectorsof the regionsbeing merged.

latsemRnew [i ] = latsemR1 [i ] + latsemR2 [i ]

2.6 Merge Distance Bet ween Regions

The �nal part of our method of forming the document tree is to de�ne a distance

betweenregionsthat will be usedto determinethe order in which regionsaremerged.

The distancebetweenregionsis a function of the region featuresde�ned in Section

2.5. We de�ne this distancefunction to implement the assumptionsfrom Section2.4

about what makes regionssimilar. We emphasizeagain that di�eren t assumptions

could lead to the useof distance functions quite di�eren t from the one we describe

here. This section simply recordsone implementation of a speci�c set of similarit y

assumptions.

We de�ne the distancebetweentwo regionsin the following way. We �rst de�ne

seven similarit y functions to describe the similarit y of the regionswith regard to size,

position, color, and text content. We denotethesemergesimilarit y functions

mdi (R1; R2); i 2 f 0; 1; 2; 3; 4; 5; 6g

We combine them by taking a weighted sum, where the weights are a function of

the classesof the regionsbeing merged. Recall from Section2.4 that this is exactly
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the role that classis intended to play in the distancecalculation. We denote these

class-dependent weights as

mwi (c1; c2); i 2 f 0; 1; 2; 3; 4; 5; 6g

We then multiply this sum by a function of the size of the regions, also weighted

accordingto the classesof the regions.This sizefunction encouragessmall-smalland

small-large region pair mergesto happen before large-largemerges,as speci�ed in

Section2.4. We denotethe sizefunction and its weight as

f siz e(R1; R2) and wsiz e(c1; c2); respectively

This yields the following distancefunction:

mclassdistc1 ;c2 (R1; R2) = [f siz e(R1; R2) � wsiz e(c1; c2)] �
6X

i =0

[mdi (R1; R2) � mwi (c1; c2)]

We de�ne this to be the distancebetweenregionsR1 and R2 if every pixel of region

R1 is of classc1 and every pixel of region R2 is of classc2. In general,however, both

R1 and R2 may contain pixels of each of the four classes.

To �nd the total distance between the regions R1 and R2 in the general case,

we �rst calculate mclassdistc1 ;c2 (R1; R2) for all possibleclasspairings. Then we use

the class-ratiovectors of the regionsto assigna weight to each of the possibleclass

pairings, and sum over all possible class pairings. This yields the total distance

betweenregions. Let crR denotethe class-ratiovector for a region R. Then

mergedist(R1; R2) =
3X

c1=0

3X

c2=0

crR1 [c1]
P 3

j =0 crR1 [j ]
�

crR2 [c2]
P 3

k=0 crR2 [k]
� mclassdistc1 ;c2 (R1; R2)

The following sectionscontain the speci�c de�nitions of the quantities usedto calcu-

late this distance.

2.6.1 De�nitions of similarit y functions

The similarit y functionsmdi (R1; R2) implement the variousnotionsof regionclose-

nessassumedin Section2.4. A few comments are in order beforethe de�nitions are
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given. Recall that the functionseventually get combinedby a weighted sum. Wewant

the valuesof theseweights to have approximately the samemeaningfor all similarit y

functions. That is, a weight of 1.0 should indicate the samelevel of strength being

assignedto the function, independent of the similarit y function to which it is applied.

Therefore, each similarit y function is normalized so its values fall approximately in

the range[0,1].

Similarit y as a function of RGB mean

The rgbmeansimilarit y function is motivatedby the colorassumptionfrom Section

2.4. It is de�ned asthe `2 norm of the di�erence betweenthe rgbmeanvectorsof two

regions.The function is normalizedasfollows. Sincethe individual meanRGB values

are in the range[0, 255], the maximum di�erence betweenany pair of meansis 255.

Therefore,the maximum value of the distanceis 255�
p

3, which is the value of the

normalizing constant.

md0(R1; R2) =

q P 2
i=0 (r gbmeanR1 [i ] � r gbmeanR2 [i ])2

255�
p

3

Similarit y as a function of RGB variance

The rgbvar similarit y function is also motivated by the color assumption from

Section 2.4. It is de�ned as the `1 norm of the di�erence between the rgbvar vec-

tors of two regions. The function is normalized to approximately the range [0,1] as

follows. As a rough calculation, the maximum variance caseoccurs when half the

pixels are black, and half are white, so that all the pixels are half the rangefrom the

mean. In this casethe varianceis approximately 1282 = 16384. Sincewe are adding

three quantities which could each be at most approximately 16384, the normalizing

constant is 1=(3 � 16384).

md1(R1; R2) =
P 2

i=0 jr gbvarR1 [i ] � r gbvarR2 [i ]j
3 � 16384
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Similarit y as a function of RGB histograms

The histogram similarit y function is motivated by the color assumptionfrom Sec-

tion 2.4. It is de�ned to be the `1 norm of the di�erence between the normalized

histogramsof two regions.We give an exampleto illustrate the needfor normalizing

the histograms. The following two histogramsshould have distancezero:

H1: [1, 2, 1]

H2: [100,200,100]
becausecorresponding bins contain the samepercentageof the total number of pixels

in the region. Sobeforetaking the `1 norm, we normalizethe histogramsby dividing

each region'shistogram entries by the number of pixels in the region. Each bin then

contains the percentage of the region'spixels assignedto the bin.

After taking the `1 norm, we normalizethe similarit y function so its value will be

in the range[0,1]. Becausethe sumover all bins in each normalizedhistogramis equal

to 1, the maximum value of the `1 norm of the di�erence between two normalized

histogramsis 2. This is the value of the normalizing constant.

md2(R1; R2) =
1
2

31X

i =0

�
�
�
�
�

r hist R1 [i ]
numpixel sR1

�
r hist R2 [i ]

numpixel sR2

�
�
�
�
�

md3(R1; R2) =
1
2

31X

i =0

�
�
�
�
�

ghist R1 [i ]
numpixel sR1

�
ghist R2 [i ]

numpixel sR2

�
�
�
�
�

md4(R1; R2) =
1
2

31X

i =0

�
�
�
�
�

bhistR1 [i ]
numpixel sR1

�
bhistR2 [i ]

numpixel sR2

�
�
�
�
�

Similarit y as a function of laten t semantic information

The latent semantic similarit y function is motivated by the text content assump-

tion from Section2.4. It is de�ned to be the cosineof the angleincludedby the latent

semantic vectors of the regionsbeing compared. We normalize this quantit y to the

range [0,1] by taking one minus the cosineof the angle and then dividing by two.

That is,

md5(R1; R2) =
1
2

�

 

1 �
< latsemR1 ; latsemR2 >

k latsemR1 kk latsemR2 k

!

where< �; � > is the inner product operator, and kk is the `2 norm.
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Similarit y as a function of spatial variance

The spatial variancesimilarit y function is motivated by both the sizeand position

assumptionsfrom Section2.4. It is the most complicatedsimilarit y function, and is

the product of two terms. We begin by introducing theseterms, and then we de�ne

them exactly later in the section.

The �rst term encouragesthe regionsto be closespatially|the spatial variance

bounding box term (svar.bbox). As illustrated in Figure 2.10and explainedlater in

this section, this term has the desirede�ect when the regionsare approximately the

samesize. However, if the regionsare of vastly di�eren t size, and the small one is

actually closeto the largeregionbut is far from the cornersof the largeone,the small

region can have quite a large distancefrom the large one.

To counteract this e�ect, we multiply the svar.bbox term by a term which de-

pendson the minimum spatial variancedi�erence (svar.di� ). This term encourages

the merging of two regionswhen the di�erence between the spatial variance of the

aggregateregion and the spatial varianceof at least oneof the component regionsis

small. As described more fully below, this term is smallestwhen oneregion contains

the other, small when one region is much larger than another, and large when the

regionsare of similar sizeand not spatially close.

We originally used this product as the de�nition for md6(R1; R2), but we no-

ticed that small regions very far from each other were merged instead of merging

a small region with a large region near it. To encouragelarge-small region merges

above small-small region merges,we divide the product of mdsvar :bbox(R1; R2) and

mdsvar :di� (R1; R2) by the sum of the size ratios of the two regions. Becauseit dif-

fers from the other similarit y functions in this way, we point out that the range of

md6(R1; R2) is not equal to [0,1].

md6(R1; R2) =
mdsvar :bbox(R1; R2) � mdsvar :di� (R1; R2)

sizeratioR1 + sizeratioR2
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Spatial Variance Bounding Box Term In Section 2.5.3, we de�ned the

Spatial Variance Bounding Box (svar:bbox) of a region to be a rectangle whose

center is the centroid of the region, and which extends one spatial standard de-

viation on each side of the centroid. That is, the corners of the svar:bbox are

(centroid:m �
p

svar:m; centroid:n �
p

svar:n).

We de�ne the distance between two svar:bboxas follows. Find the Euclidean

distance from each corner of svar:bbox1 to each corner of svar:bbox2. There are

sixteensuch pairs. Keep the smallesttwo, and add them together.

We normalize the function as follows. When pixel locations are stored relative

to the maximum dimensionof the document, they are in the range [0,1]. Therefore

the maximum Euclideandistancebetweenany two points is
p

2. We are adding two

distances,so we normalizemdsvar :bbox(R1; R2) by the constant 2 �
p

2.

Let D1 be the minimum distancefrom any corner of svar:bboxR1 to any corner of

svar:bboxR2 , and let D2 be the secondsmallestsuch distance. Then

mdsvar :bbox(R1; R2) =
D1 + D2

2 �
p

2

The reason we chose to add the smallest two distances is summed up in the

following observation. \Close" rectangleswill generally have a side in common or

closeto each other, which puts at least two setsof corner pairs fairly closeto each

other.

When comparingregionsof similar size,mdsvar :bbox(R1; R2) hasthe advantagethat

regionssituated directly above or besideeach other are closerthan regionssituated

diagonally from each other. This advantage is illustrated in Figure 2.10(a). When

comparing regionsof vastly di�eren t size, the distance we chosehas the advantage

that if the small regionis near the cornerof a largeregion(as is often the casewith an

imageand a caption), the distancebetweenthe regionsis small, becausetwo corners

of the small region are closeto the samecorner of the large region. This behavior is

illustrated in Figure 2.10(b). The primary disadvantage of mdsvar :bbox(R1; R2) is that

if two regionshave vastly di�eren t sizes,and the small region is near the centroid of
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svar.bbox1 svar.bbox2

svar.bbox3

(a)

svar.bbox2

svar.bbox1

(b)

svar.bbox1

svar.bbox2 svar.bbox3

(c)

Fig. 2.10. (a) Spatial variancebounding box distancefrom Region1 to two similarly
sizedregions. (b) Spatial variancebounding box distancefrom a large region to a
small region closeto a corner of the large region. (c) Small region R2 inside large
region R1. mdsvar :bbox() mistakenly considersR3 and R1 closerthan R2 and R1.
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the largeregion,we would de�nitely want to mergethe regions,but our distanceputs

the regionsfurther apart than, say, a pair of similarly sizedregionsright next to each

other. Figure 2.10(c) illustrates this concept. We would probably want to mergethe

small regionwith the large regioncontaining it beforemerging the two large regions.

Spatial Variance Di�erence Term Wemaketwo observationswhich motivate

the de�nition of the Spatial VarianceDi�erence distancefunction mdsvar :di� (R1; R2).

Then we de�ne the function.

Let R1 and R2 be regions. Our �rst observation is that if R1 is much larger than

R2, then the spatial varianceof R1 [ R2 is approximately equalto that of R1, because

therearen't enoughpixelsin R2 to signi�cantly a�ect the centroid andspatial variance

sums. This is essentially the idea behind using the spatial variance bounding box,

which is introducedin Section2.5.3and illustrated in Figure 2.6.

Our secondobservation is that the spatial varianceof R1 [ R2 canbe smaller than

the spatial varianceof either R1 or R2, but not both. This happenswhen, say, the

pixels of R2 lie closerto the centroid of R1 [ R2 than the pixels of R1. An exampleof

this is when R1 is a ring, and R2 is the interior of the ring. Sincethe pixels of R2 are

closerto the centroid than R1, we considerit sensibleto mergethe regions,because

R2 is probably contained inside R1.

We concludefrom thesetwo observations that encouragingthe minimum spatial

variancedi�erence to be small encourages�rst merging regionswhere one region is

inside the other, and secondregionswith large sizedi�erences. Both of thesee�ects

are consistent with the assumptionsof Section2.4. In particular, the minimum spa-

tial variancedi�erence is small for the mdsvar :bbox(R1; R2) problem caseillustrated in

Figure 2.10(c). Thereforewemultiply mdsvar :bbox(R1; R2) by the mdsvar :di� (R1; R2) de-

�ned below in an attempt to correct this problematic behavior of mdsvar :bbox(R1; R2).

We de�ne the mdsvar :di� (R1; R2) as follows. Let R1 and R2 be the two regions

being compared. We calculate the spatial variance of R1 [ R2, �nd the minimum

changein variance in the row and column directions, and sum them up. The range
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of this sum is [� 1
2; 1

2], becausethe row and column changesare each in the range

[� 1
4 ; 1

4]. Therefore we take the exponential of min:di� to yield a positive quantit y,

and normalizeso the multiplier is in the range[0,1].

min :di� :m(R1; R2) = minf svarR1 [ R2 :m � svarR1 :m; svarR1 [ R2 :m � svarR2 :mg

min:di� :n(R1; R2) = minf svarR1 [ R2 :n � svarR1 :n; svarR1 [ R2 :n � svarR2 :ng

mul t(R1; R2) = expf 2 � [min :di� :m(R1; R2) + min:di� :n(R1; R2)]g

mdsvar :di� (R1; R2) =
mul t(R1; R2) � exp(� 1)

exp(1) � exp(� 1)

2.6.2 The size function

The size function was included to encouragesmall-small and small-large region

merges.Its form is analogousto a parallel combination of resistors.SincesizeratioR1

and sizeratioR2 are both in the range (0,1), and sincesizerationR1 + sizeratioR2 is

also in (0,1), this function would be in the range (0, 1/4] without the normalizing

constant.

f siz e(R1; R2) = 4 �
1

1
sizeratioR1

+ 1
sizeratioR2

2.6.3 The class-dependent weights

So far, we have only made the general statement that the weights wsiz e and

mwi ; i 2 f 0; 1; 2; 3; 4; 5; 6g discussedat the beginning of Section2.6 depend on the

classesof the regions. We have not yet stated speci�cally how they depend on these

classes.In this section we describe thesedependencies.We begin by explaining for

each possibleclasspairing which featureswe believe arepertinent, and what the total

weight of the classpairing should be. Then we report the speci�c valuesthat were

usedto generatethe examplesin this thesis. It should be noted that we picked these

valuesessentially as a well thought out guessbasedon our notions of how each class

pairing shouldbe treated. We make no claim regardingthe optimalit y of the weights
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that wereused. We do, however, show that using the chosenweights producesresults

that seemto make sense.

We now describe the notions behind the weights assignedfor each classpairing.

We abbreviate the four classesas follows: TH is headertext, TB is body text, I is

image,and BG is background. For the remainderof this section,let c1 and c2 be the

classesof regionsR1 and R2, respectively.

We �rst explain the wsiz e(c1; c2) assignments. With only one exception, our as-

signment of weight to the size function is independent of the classesof the regions

beingmerged.Becausethe TSMAP algorithm often classi�essmall portions of image

and text regionsasbackground, and becausewe want thesesmall background regions

to mergewith their respective image or text regionsinstead of with the large doc-

ument background region, we assignmore weight to wsiz e(BG; BG). The valueswe

use are arbitrary numbers whoseonly signi�cance is that wsiz e(BG; BG) is greater

than wsiz e(c1; c2) for all (c1; c2) not equal to (BG; BG).

wsiz e(c1; c2) =

8
><

>:

1:0 ; (c1; c2) 6= (BG; BG)

5:0 ; (c1; c2) = (BG; BG)

We now explain the mwi ; i 2 f 0; 1; 2; 3; 4; 5; 6g assignments. Becauseall the sim-

ilarit y functions mdi (R1; R2), i 2 f 0; 1; 2; 3; 4; 5g are normalizedto be approximately

in the range[0,1], we considerthe sum over i of mwi (c1; c2) to be a reasonablemea-

surement of the total strength of the weighting given to a particular classpairing.

Therefore,we �rst choosethe relative weighting of each classpairing ascomparedto

the other pairingsby setting
P 6

i=0 mwi (c1; c2) for each (c1; c2) pair. Then wechoosefor

each classpair (c1; c2) how much of the total classpairing weight should be assigned

to each similarit y function.



33

Class pairing weights

We set the classpairing weights,
P 6

i=0 mwi (c1; c2), equal to a number in the range

[1.0,10.0].A Small classpairing weight correspondsto the classpair beingmorelikely

to merge,becauseit leadsto a smaller distancebetweenthe regions.

We assignthe classpairing weights asfollows. We beginwith classpairings which

contain a body text (TB) region. We assumethat the most likely classto mergewith

TB is TB, so we set
6X

i =0

mwi (TB; TB) = 1:0

We assumethat the next most likely classto mergewith TB is TH, and that since

headertext is alsotext, the weight shouldbe closeto that for the (TB,TB) classpair.

Thereforewe set
6X

i =0

mwi (TB; TH ) = 2:0

We assumethat the third most likely classto mergewith TB is I, and we set

6X

i =0

mwi (TB; I ) = 5:0

Finally, becausewe want all the \content" regions to be merged with each other

before they are mergedwith the background of the document, we assumethat any

mergewith BG should be hard to do. Thereforewe set

6X

i =0

mwi (TB; BG) = 10:0

Next we considerclasspairings which contain an imageregion. We assumethat

the most likely classto mergewith I is I, and we set

6X

i =0

mwi (I ; I ) = 1:0

The weight of the (I,TB) pair is set in the previous paragraph to 5.0. We assume

that TB is more likely to mergewith I than TH, becausebody text can be a caption.

Thereforewe set
6X

i =0

mwi (I ; TH ) = 7:0
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For the samereasonas for the (TB,BG) pair, we assumethat the (I,BG) pair should

be di�cult to merge,and we set
6X

i =0

mwi (I ; BG) = 10:0

We next considerclasspairings which contain a headertext region. We assume

that the most likely classto mergewith TH is TH, so we set
6X

i =0

mwi (TH; TH ) = 1:0

The (TH,TB) pair weight is set above to 2.0, and the (TH,I) pair weight is set above

to 7.0. For the samereasonas for the (TB,BG) and (I,BG) pairs, we set

6X

i =0

mwi (TH; BG) = 10:0

The only remaining unde�ned classpair weight is that for a (BG,BG) pair. Since

someregionswhich areclassi�ed asBG by the TSMAP programareactually portions

of other regionssuch as images,we assumethat the (BG,BG) pair should be just as

hard to mergeas any other pair involving BG. Then the order of merging for pairs

containing BG regionsis determinedby the similarit y functions,someof which depend

on the regions' locations. We set
6X

i =0

mwi (BG; BG) = 10:0

Similarit y function weights

The individual mwi (c1; c2) assignments are given in Table 2.6.3. The following

paragraphscontain the assumptionsthat are used to generatethese weights. The

latent semantic information similarit y function, md5(R1; R2), is not yet implemented,

socurrently mw5(c1; c2) = 0 for all (c1; c2) pairs. Thereforeonly two typesof similarit y

functionsareavailable: (1) a position and sizefunction|the spatial variancedistance,

and (2) color content functions|rgbmean, rgbvar, rhist, ghist, and bhist distances.

We �rst give our assumptionsfor region pairs containing a body text region. For

(TB,TB) and (TB,TH) pairs, we assumethat the position is much more important
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Table 2.1
Table of weights usedfor the mergedistancefunction.

TB I BG TH

mw0: 0 0 1 0
mw1: 0 0 0 0
mw2: 0 0 0 0

TB mw3: 0 0 0 0
mw4: 0 0 0 0
mw5: 0 0 0 0
mw6: 1 5 9 2
wsiz e: 1 1 1 1

mw0: 1/17 1 0
mw1: 3/17 0 0
mw2: 3/17 0 0

I mw3: 3/17 0 0
mw4: 3/17 0 0
mw5: 0 0 0
mw6: 4/17 9 7
wsiz e: 1 1 1

mw0: 1 1
mw1: 0 0
mw2: 0 0

BG mw3: 0 0
mw4: 0 0
mw5: 0 0
mw6: 9 9
wsiz e: 5 1

mw0: 0
mw1: 0
mw2: 0

TH mw3: 0
mw4: 0
mw5: 0
mw6: 1
wsiz e: 1

Classes
TB | body text
TH | headertext
I | image

BG | background

Weights correspondence
mw0 = rgbmean
mw1 = rgbvar
mw2 = rhist
mw3 = ghist
mw4 = bhist
mw5 = latsem
mw6 = svar
wsiz e = size-ratio
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than the color content of the text regions,so we assignall the weight to the spatial

variance function. For (TB,I) pairs, we assumethat the color information of the

text region is irrelevant, so we assignall the weight to the spatial variancefunction.

For (TB,BG) pairs, we note that sometimestext is coloredto match the background

somewhat,so we let this pair's weights take into account both rgbmeanand spatial

variance. We assumethat position is much more important than color, however, and

we assign90% of the classpair weight to the spatial variance function, while the

remaining 10%of the weight is assignedto the rgbmeanfunction.

Next we give our assumptionsfor the remaining region pairs containing an image

region. For (I,I) pairs, we assumethat both the position and color features are

important. We weight the position function slightly more heavily than the color

content functions becausethere are more color content functions and so the color

content would dominate the sum if all functions were given equal weight. We assign

equal weight to the rhist, ghist, and bhist functions. For (I,TH) pairs, we use the

sameassumptionasfor (TB,I) pairs that text regioncolor is irrelevant, and we assign

all the weight to the spatial variancefunction. For (I,BG) pairs, we assumethat the

color information is nearly irrelevant, so we usethe sameweight breakup as that for

(TB,BG) pairs.

For the remaining region pairs, we assumethe following. For (TH,TH) pairs,

we assumethat the weighting should be the sameas that for (TB,TB) pairs. For

(TH,BG) pairs, we assumethat the weighting should be the sameas for (TB,BG)

pairs. The last set of pair weights is that for the (BG,BG) pair. Sincea document

can have more than one background region, and they could be di�eren t colors (for

example,a section of gray and a section of white), we assumethat both color and

position are important. We assignthe sameweight split betweenthe rgbmeanand

spatial variancefunctions as for the other pairs involving BG regions.

We point out that the weights given in Table 2.6.3are generatedby our assump-

tions. Perhapsa better way to assignthe weights is to de�ne a training stepwhereina

userprovidesseveral imageswith known distancesbetweenregions,and the program
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attempts to learn the best weights to produce the desireddistances. However, this

takestime and hasnot beenimplemented yet.

2.7 Speci�cs of Do cumen t Tree Formation

We have said that the document tree is formed by recursively merging the two

closestregionsunder the distancefunction de�ned in Section2.6. This is not entirely

true. We do recursively mergethe two closestregionsuntil only one region remains;

however, we do not record all of thesemergesin the document tree.

Initially , wedid includeall mergesin the document tree, and wefound that despite

our e�ort to make small regionsmergeearly in the process,sometiny regionsslipped

through and occupiedpositions closeto the root of the document tree. Thereforewe

usea size threshold, only including the mergein the document tree if both regions

are above the threshold. The small region is still merged,and the featuresare still

updated; we just do not record the merge in the document tree. This meansthat

in a document tree, the region corresponding to a parent node may not be exactly

the union of the regionscorresponding to its children; it may be the union of these

two regionsand one or more tiny regionsin the document. We considerthis to be

lessof a problem than having thesetiny regionsoccupy nodescloseto the root of the

document tree.

Figure 2.11illustrates the correspondencebetweena document tree and the merg-

ing procedurewhich createsit. In Figure 2.11(b), the nodes of the document tree

have been given the color of the rgbmean feature contained in the node, and each

node also contains the identi�cation number which is assignedto the region by our

connectedcomponents routine. In Figure 2.11(c) and (d), the regionscorresponding

to nodesof the document tree have beenassignedrandom colors. The root node of

the document tree correspondsto the entire document. The �nal mergein document

tree formation is betweenthe background (right child of root) and everything else(left

child of root). This state of regionmergingis captured in Figure 2.11(c). The second
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to last mergeis betweenthe text regionsof the document and the image regionsof

the document. Theseregionsare shown in Figure 2.11(d). Traveling further from the

root of the document tree correspondsto the regionsof the document becomingsplit

further.
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(a) Original document (b) Document tree for the document

(c) Regionsat last merge (d) Regionsat next to last merge

Fig. 2.11. An exampleof the correspondencebetweena document tree and the
mergingprocessthat createsit.
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3. DIST ANCE BETWEEN DOCUMENT TREES

The goal of our document processingsystemis to describe the similarit y of two

documents basedon their content and hierarchical structure. This sectionde�nes the

similarit y measurement that we developed. As in Section2, we begin by describing

the general strategy, and then proceed to describe the assumptionsand detailed

description of our speci�c implementation of the generalstrategy.

3.1 General Strategy

We assumethat a good way to �nd the distancebetweentwo documents is to �nd

a distance between the document trees that describe them. Therefore we begin by

de�ning a method to calculate the distancebetweentwo document treeswhich have

beencreatedby the methods of Section2. Sincethe only data stored at the nodesof

the document tree areregionfeaturevectors,wenote that this document tree distance

in generaldependsonly on the region feature vectors and the hierarchical structure

of the document trees themselves,becauseno other information is available.

Our particular method of calculating the distance between document trees de-

pendsheavily on calculating a distancebetweena pair of document tree nodes,where

one node comesfrom each tree. Since nodes of the document tree correspond to

regionsin the document, this node comparisonis actually a comparisonof a region

from one document with a region from another document. Therefore, we state as-

sumptions about what makes two regionssimilar when comparing documents. We

point out that in most cases,at least someof theseassumptionswill di�er from the

assumptionsof Section2.4 which areusedto form the mergingdistancefunction that

is used to create the document tree in the �rst place. Finally we de�ne a distance

betweenregionsbasedon thesesimilarit y assumptions.
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We emphasizethat other assumptionsabout what makes documents and docu-

ment trees similar could yield other methods for calculating the distance between

documents. In addition, other distance functions could be found which would also

satisfy the assumptionsgiven in Section3.3. The remainderof this sectiondescribes

our particular implementation of the generalstrategy.

3.2 Metho d For Calculating Distance Bet ween Do cumen t Trees

Our primary assumptionabout how to calculate the distancebetweentwo docu-

ments is that similar documents shouldhavesimilar document trees. Wecalculatethe

distancebetweentwo document trees using a tree matching strategy. This strategy

assumesthat there existsa meaningfuldistancefunction to comparea node from one

document tree (the feature vector of a region from onedocument) with a node from

another document tree (the feature vector of a region from another document). We

call this distancenode:dist(n1; n2), and we de�ne the function usedfor this thesis in

Section3.4.

We begin the de�nition of our tree matching strategy by pointing out several

characteristicsof the document tree which result from the way it is formed.

1. Each node of the document tree, whether leaf or internal, represents a region in

the document, and contains only the feature vector calculatedfor that region.

2. A document tree is not necessarilya completetree.

3. There are no nodes with only one child. Any node is either a leaf node with

zerochildren, or an internal node with two children.

4. There is no meaningassociated with whether a node is the left or right child

of its parent. This can causeseveral document tree structures to be logically

equivalent. For example, the four document trees of Figure 3.1 are exactly

equivalent. They all meanthat D and E are merged�rst to form B, and then B

and C aremergedto form A. The interchangeability of the left and right children
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(a) (b) (c) (d)

Fig. 3.1. Four equivalent document trees. A, B, C, D, and E are region feature
vectors.

is true at every level of the document tree, soany tree matching method should

search all equivalent rearrangements of the nodesto �nd the onethat produces

the best tree match.

5. Sincethe document tree is not necessarilya completebinary tree, it is possi-

ble for the caseto arise where there is no exact tree structure match for two

document trees,even consideringthe equivalenceof the left and right children

throughout the trees. Therefore the document tree distance calculation must

�nd the best possibletree match, and then assigna penalty for the parts of the

trees that do not match.

6. The nodesnear the top of the document tree correspond to large regionsof the

document. We therefore assumethat the document tree distance calculation

should assign more weight to distancesbetween nodes near the root of the

document treesthan to distancesbetweennodeswhich are further down in the

trees.

Tree Matc hing Algorithm Let n1 be a node from document tree 1, and n2

be a node from document tree 2. We de�ne a recursive algorithm tr ee:dist(n1; n2) to

�nd the distancebetweennodesn1 and n2 given the nodesand the (possiblyempty)

subtreesdescendingfrom them. Thus if p1 and p2 are the root nodes of document

trees1 and 2, respectively, then tr ee:dist(p1; p2) is the distancebetweenthe trees.
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We assignlarger weight to the nodes near the root of the tree as follows. We

assigna fraction w of the weight to the distance between two parent nodes, while

the remaining (1 � w) fraction of the weight is assignedto the distance between

their children. The following is pseudocode for the tree distance function. In the

pseudocode, left(n) and right (n) are the left and right children, respectively, of the

node n.

1. tree:dist(n1; n2)

2. if (n1 hasno children) and (n2 hasno children)

3. return node:dist(n1; n2)

4. elseif ( (n1 haschildren) and (n2 hasno children) ) OR

5. ( (n1 hasno children) and (n2 haschildren) )

6. return w � node:dist(n1; n2) � number of unmatched nodes

7. else

8. sizefrac:ll =
sizeratio[left(n1)] + sizeratio[left(n2)]

sizeratio(n1) + sizeratio(n2)

9. sizefrac:rr =
sizeratio[right (n1)] + sizeratio[right (n2)]

sizeratio(n1) + sizeratio(n2)

10. sizefrac:lr =
sizeratio[left(n1)] + sizeratio[right (n2)]

sizeratio(n1) + sizeratio(n2)

11. sizefrac:rl =
sizeratio[right (n1)] + sizeratio[left(n2)]

sizeratio(n1) + sizeratio(n2)

12. cost1 = w � node:dist(n1; n2) +

(1 � w) � [sizefrac:ll � tree:dist(left(n1); left(n2)) +

sizefrac:rr � tree:dist(right (n1); right (n2))]

13. cost2 = w � node:dist(n1; n2) +

(1 � w) � [sizefrac:lr � tree:dist(left(n1); right (n2)) +

sizefrac:rl � tree:dist(right (n1); left(n2))]

14. return min(cost1; cost2)

Somecomments about this tree matching algorithm are in order. The \n umber

of unmatched nodes" term in pseudocode line 6 is our implementation of the penalty



44

for tree structures that do not match. The motivation for this penalty is described

earlier in this sectionin the remarksabout the structure of the document tree.

The intuition behind lines 12 { 14 of the pseudocode is as follows. If both n1 and

n2 have children, we give a fraction w of the weight to the node distancebetweenn1

and n2, and we give the remaining (1 � w) fraction of the weight to the sum of the

distancebetweensubtreesrooted at the children of n1 and n2. Keeping in mind the

interchangeability of the left and right children, we check the tree distancefor both

ways of pairing the children of n1 and n2, and we usethe pairing which producesa

smaller distancebecausethis corresponds to the best tree match.

Within the sum of subtreedistancesfor the children of n1 and n2 in pseudocode

lines 12 and 13, we assignweight to each subtreedistancefunction basedon the frac-

tion of the total sizeof the parents which is occupiedby the children beingcompared.

We do this becausewe assumethat if n1 and n2 have one large and one small child

region, and if the large regionsmatch well while the small onesdo not, we want the

similarit y of the large regionsto dominate the distance term. Becausethis fraction

dependsboth on the nodes being comparedand on their parents, and becausethe

tree:dist(�; �) function comparesthe subtreesrooted at its arguments, the fraction is

not included in the tree:dist(�; �) de�nition itself. Otherwisethe tree:dist(�; �) function

would no longer depend just on the subtreesrooted at its arguments.

3.3 Assumptions Leading To The De�nition of Distance Bet ween Regions

As in Section2.4,westate our assumptionsabout what makestwo regionssimilar.

The key di�erence betweenthis sectionand Section2.4, however, is that this section

deals with a comparisonof regions from di�eren t documents, whereasthat section

dealswith a mergingcriterion for regionsfrom the samedocument. Sincethe distance

function must be a function of the region feature vector which describes the class,

size,position, color, and text content of the region,we state our assumptionsfor how

each of thesecharacteristicsshould a�ect the distance.
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� Class: As in Section2.4, the classcharacteristicsof the regionsbeingcompared

are usedto determinehow heavily to weight the contributions of the other four

similarit y factors.

� Size: Regionsof similar sizeshould be consideredsimilar. Note that this dif-

fers from the assumptionsof Section 2.4, wherein a large-small region pair is

consideredclose,and a large-largeregion pair is consideredfar apart.

� Position: Regionswhich occupy similar positions in their respective documents

should be consideredsimilar.

� Color: Regionswith similar color characteristicsshould be consideredsimilar.

This appliesespecially to regionsclassi�ed as image.

� Text Content: Regionswith similar text content should be consideredsimilar.

This applies more to regionscontaining much text than to regionscontaining

little or no text.

Again, we emphasizethat these�v e notions of similarit y are assumptionsspeci�c to

our particular example,and that for other applications, other assumptionsguiding

the notion of similarit y could be more appropriate.

3.4 Distance Bet ween Regions For Comparing Do cumen t Trees

The only unde�ned piece of the method of Section 3.2 for �nding the distance

betweentwo document treesis the distancefunction node:dist(n1; n2) which compares

a node from one document tree with a node from another document tree. This

distancetakes into account both the feature vectorsof the regionscorresponding to

the nodes and the hierarchical structure of the document tree itself. The feature

vectors are de�ned in Section2.5, and we de�ne node:dist(n1; n2) to implement the

assumptionsfrom Section3.3about what makesregionssimilar. We emphasizeagain

that di�eren t assumptionscould lead to the useof distancefunctions quite di�eren t
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from the one we describe here. This sectionsimply recordsone implementation of a

speci�c set of similarit y assumptions.

Wede�ne the distancebetweentwo document treenodesn1 andn2 in the following

way. Let R1 and R2 be the regionscorresponding to n1 and n2, respectively. We �rst

de�ne nine similarit y functions which describe the similarit y of the regionsR1 and

R2 with regard to size,position, color, and text content. We denotethesesimilarit y

functions

di (R1; R2); i 2 f 0; 1; 2; 3; 4; 5; 6; 7; 8g

We combine them by taking a weighted sum, where the weights are a function of

the classesof the regionsbeing merged. Recall from Section3.3 that this is exactly

the role that classis intended to play in the distancecalculation. We denote these

class-dependent weights as

wi (c1; c2); i 2 f 0; 1; 2; 3; 4; 5; 6; 7; 8g

This yields the following distancefunction:

classdistc1 ;c2 (R1; R2) =
8X

i =0

[di (R1; R2) � wi (c1; c2)]

We de�ne this to be the distancebetweenregionsR1 and R2 if every pixel of region

R1 is of classc1 and every pixel of region R2 is of classc2. In general,however, both

R1 and R2 may contain pixels of each of the four classes.

To �nd the total distance between the regions R1 and R2 in the general case,

we �rst calculate classdistc1 ;c2 (R1; R2) for all possibleclasspairings. Then we use

the class-ratiovectors of the regionsto assigna weight to each of the possibleclass

pairings, and sum over all possible class pairings. This yields the total distance

betweenregions. Let crR denotethe class-ratiovector for a region R. Then

node:dist(n1; n2) =
3X

c1=0

3X

c2=0

crR1 [c1]
P 3

j =0 crR1 [j ]
�

crR2 [c2]
P 3

k=0 crR2 [k]
� classdistc1 ;c2 (R1; R2)

The following sectionscontain the speci�c de�nitions of the quantities usedto calcu-

late this distance.
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3.4.1 De�nitions of similarit y functions

The similarit y functions di (R1; R2) implement the various notions of regionclose-

nessassumedin Section3.3. A few comments are in order beforethe de�nitions are

given. First, recall that the functions eventually get combined by a weighted sum.

We want the values of these weights to have approximately the samemeaning for

all similarit y functions. That is, a weight of 1.0 should indicate the samelevel of

strength being assignedto the function, independent of the similarit y function to

which it is applied. Therefore,each similarit y function is normalizedso its valuesfall

approximately in the range[0,1].

The secondcomment is that we have two basictypesof similarit y functions: those

which dependstrictly upon the featurevectorsof the nodesbeingcompared,and those

which depend both on the structure of the document tree and on the feature vectors

at the nodesin the tree. Wecurrently haveonly onesimilarit y function, d7(�; �), which

takesinto account the relation betweena node and its children in the document tree,

but we believe that other useful such distancescould be de�ned.

Similarit y as a function of RGB mean

The rgbmeansimilarit y function is motivated by the color assumptionfrom Sec-

tion 3.3, and is exactly the same as the rgbmean similarit y function for merging

regionsgiven in Section2.6.1. It is de�ned as the `2 norm of the di�erence between

the rgbmean vectors of two regions. The function is normalized as follows. Since

the individual mean RGB valuesare in the range [0, 255], the maximum di�erence

betweenany pair of meansis 255. Therefore, the maximum value of the distance is

255�
p

3, which is the value of the normalizing constant.

d0(R1; R2) =

q P 2
i=0 (r gbmeanR1 [i ] � r gbmeanR2 [i ])2

255�
p

3
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Similarit y as a function of RGB variance

The rgbvar similarit y function is also motivated by the color assumption from

Section 3.3, and also happens to be exactly the sameas its counterpart in Section

2.6.1. It is de�ned as the `1 norm of the di�erence betweenthe rgbvar vectorsof two

regions.The function is normalizedto approximately the range[0,1] as follows. As a

rough calculation, the maximum variancecaseoccurswhen half the pixels are black,

and half arewhite, sothat all the pixelsarehalf the rangefrom the mean. In this case

the variance is approximately 1282 = 16384. Sincewe are adding three quantities

which could each be at most approximately 16384,the normalizing constant is 1=(3�

16384).

d1(R1; R2) =
P 2

i=0 jr gbvarR1 [i ] � r gbvarR2 [i ]j
3 � 16384

Similarit y as a function of RGB histograms

The histogram similarit y functions are motivated by the color assumption from

Section 3.3, and are de�ned exactly the sameas the histogram similarit y functions

for mergingregionsgiven in Section2.6.1. They are de�ned to be the `1 norm of the

di�erence between the normalized histograms of two regions. We give an example

to illustrate the needfor normalizing the histogramsbeing compared.The following

two histogramsshould have distancezero:

H1: [1, 2, 1]

H2: [100,200,100]
becausecorresponding bins contain the samepercentageof the total number of pixels

in the region. Sobeforetaking the `1 norm, we normalizethe histogramsby dividing

each region'shistogram entries by the number of pixels in the region. Each bin then

contains the percentage of the region'spixels assignedto the bin.

After taking the `1 norm, we normalize the similarit y function so its value will

be in the range[0,1]. Becausethe sum over all bins in each normalizedhistogram is
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equal to 1, the maximum value of the `1 norm betweentwo normalizedhistogramsis

2. This is the value of the normalizing constant.

d2(R1; R2) =
1
2

31X

i =0

�
�
�
�
�

r hist R1 [i ]
numpixel sR1

�
r hist R2 [i ]

numpixel sR2

�
�
�
�
�

d3(R1; R2) =
1
2

31X

i =0

�
�
�
�
�

ghist R1 [i ]
numpixel sR1

�
ghist R2 [i ]

numpixel sR2

�
�
�
�
�

d4(R1; R2) =
1
2

31X

i =0

�
�
�
�
�

bhistR1 [i ]
numpixel sR1

�
bhistR2 [i ]

numpixel sR2

�
�
�
�
�

Similarit y as a function of laten t semantic information

The latsem similarit y function is motivated by the text content assumptionfrom

Section 3.3. As for the merging distance, this similarit y function is de�ned to be

the cosineof the angle included by the latent semantic vectors of the regionsbeing

compared. We normalize this quantit y to the range [0,1] by taking one minus the

cosineof the angleand then dividing by two. That is,

d5(R1; R2) =
1
2

�

 

1 �
< latsemR1 ; latsemR2 >

k latsemR1 kk latsemR2 k

!

where< �; � > is the inner product operator, and kk is the `2 norm.

Similarit y as a function of spatial variance

The spatial variancesimilarit y functions are motivated by both the sizeand posi-

tion assumptionsfrom Section3.3. They dependon the notion of the spatial variance

bounding box introducedin Section2.5.3.

We use the spatial variance bounding box to calculate two similarit y functions.

The �rst is mostly a measureof the position di�erence between the regions, with

somedependenceon sizeas well. The secondis an attempt to capture someof the

hierarchical information contained in the document tree. It measuresthe di�erence

in how spreadout the regionsbeing comparedare.
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Spatial Variance Position Distance This is a modi�ed versionof the spatial

variance similarit y function from Section 2.6.1 that is used when creating the doc-

ument tree. To comparetwo regions,we omit the mdsvar :di� (R1; R2) term, and we

changethe mdsvar :bbox(R1; R2) distancea little.

We de�ned the Spatial VarianceBounding Box (svar:bbox) of a region in Section

2.5.3 to be a rectanglewhosecenter is the centroid of the region, and which extends

one spatial standard deviation on each side of the centroid. That is, the cornersof

the svar:bboxare (centroid:m �
p

svar:m; centroid:n �
p

svar:n). The goal in using

the spatial variancebounding box is to form somethingthat capturesthe notion of a

bounding box of a region yet remainsuseful if a large region is mergedwith a small

region far from it.

For this similarit y function, we de�ne the distancebetweentwo svar:bboxas fol-

lows. We �nd the Euclidean distancebetweencorresponding cornersof svar:bboxR1

and svar:bboxR2 , and add them all together. There are four such pairs of corners:

upper left to upper left, upper right to upper right, lower left to lower left, and lower

right to lower right. Figure 3.2 illustrates the idea behind this distancefunction.

Sincethe maximum distancebetweenany two points when the pixel locationsare

in the range[0,1] is
p

2, and we are adding four distances,we normalizethis quantit y

by the constant 4 �
p

2.

Let Dul = distancefrom upper left corner of svar:bboxR1

to upper left corner of svar:bboxR2

Let Dur = distancefrom upper right corner of svar:bboxR1

to upper right corner of svar:bboxR2

Let D l l = distancefrom lower left corner of svar:bboxR1

to lower left corner of svar:bboxR2

Let D l r = distancefrom lower right corner of svar:bboxR1

to lower right corner of svar:bboxR2

d6(R1; R2) =
Dul + Dur + D l l + D l r

(4 �
p

2) � (sizeratioR1 + sizeratioR2 )
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svar.bbox1

svar.bbox2

svar.bbox1

svar.bbox2

svar.bbox1

svar.bbox2 svar.bbox1 svar.bbox2

(b)

(c)

(a)

(d)

Fig. 3.2. Four descriptive casesimportant for understandingthe spatial variance
position distance. (a) Regionsof similar sizeand position are consideredclose. (b)

Regionsof similar sizeand di�eren t position are consideredfar apart. (c) Regionsof
di�eren t sizeand sameposition are consideredfairly close. (d) Regionsof di�eren t

position and di�eren t sizeare consideredfar apart.
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Note that, like the corresponding similarit y function in 2.6.1, we divide by the

sum of the sizeratios of the regions.

This similarit y function encouragesthe regionsto be both spatially closeand of

the samesize. It is distinct from a distancebetweencentroids becausethe distance

between regionscan only be zero under this metric if they have the samecentroid

and spatial variance. That is, sizematters too.

Spatial variance hierarc hy distance This is our only similarit y function that

makesuseof the structure of the document tree to comparethe characteristicsof a

node and its children to the characteristics of another node and its children. The

function �rst calculatesa \spatial variancefactor" for each node being comparedby

assessingthe similarit y of the spatial variance bounding boxes of a node's children

to the svar:bboxof the node itself. Then the distancebetweentwo regionsis de�ned

to be the absolutevalue of the di�erence betweenthe spatial variancefactors for the

regions.

We denote the spatial variance factor for a region R as sfact(R). We point out

that two regionscanhave approximately the samesvar:bboxyet have quite dissimilar

appearance,as illustrated in Figure 3.3. Therefore we incorporate the hierarchical

structure of the document tree, and we considerthe spatial variancebounding boxes

of the region R, and the left and right children of R, denotedlef t(R) and r ight(R),

respectively.

We de�ne sfact(R) to be the total area of the svar:bboxof the children lying

outside the svar:bboxof the parent region minus the total area of the svar:bboxof

the children lying inside the svar:bboxof the parent region. That is,

sfact(R) = areaof svar:bboxlef t (R) lying outside svar:bboxR +

areaof svar:bboxr ight (R) lying outside svar:bboxR �

areaof svar:bboxlef t (R) lying inside svar:bboxR �

areaof svar:bboxr ight (R) lying inside svar:bboxR
Recall that pixel valuesare relative to the maximum dimensionof the document

they camefrom, and arein the range[0,1]independent of the resolutionof their source
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R1

svar.box 1 svar.bbox 2R2

(a) (b)

Fig. 3.3. Two regionswith similar spatial variancebounding box but dissimilar
appearance.

document. This meansthat the sfact(R), which dependson the areasof svar:bbox's,

canbea meaningfulmeasureof distancebetweenregionsthat comefrom two di�eren t

documents. Figure 3.4 shows how this method basedon sfact(R) is able to detect

the di�erence betweenthe regionsfrom Figure 3.3. Therefore,we de�ne the spatial

variancehierarchy distancebetweentwo regionsR1 and R2 as

d7(R1; R2) = jsfact(R1) � sfact(R2)j

Similarit y as a function of size

When comparing regions,according to the assumptionsof Section 3.3, we want

distance to be small when the regionsare approximately the samesize. We de�ne

the distanceto be the absolutevalue of the di�erence in sizeratio betweenthe two

regions.

d8(R1; R2) = jsizeratioR1 � sizeratioR2 j

3.4.2 The class-dependent weights

Sofar, wehaveonly madethe generalstatement that the weights wi ; i 2 f 0; : : : ; 8g

discussedat the beginning of Section 3.4 depend on the classesof the regions. We
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left(R2) svar.bbox left(R2)

right(R2) svar.bbox right(R2)
right(R1)

left(R1)

(a) (b)

svar.bbox right(R1)

svar.bbox left(R1)

R1

svar.bbox 2R2

svar.box 1

Fig. 3.4. Illustration of how the spatial variancehierarchy distancecan distinguish
regionswith similar spatial variancebounding boxesbut dissimilar spatial variance

factor. The light gray areasare counted as positive areafor the spatial variance
factor, while the dark gray areasare counted as negative area.

have not yet stated speci�cally how they depend on theseclasses.In this sectionwe

describe these dependencies. As in Section 2.6.3, we begin by explaining for each

possibleclasspairing which features we believe are pertinent, and what the total

weight of the classpairing should be. Then we report the speci�c valuesthat were

usedto generatethe examplesin this thesis. It should be noted that we picked these

valuesessentially as a well thought out guessbasedon our notions of how each class

pairing shouldbe treated. We make no claim regardingthe optimalit y of the weights

that wereused. We do, however, show that using the chosenweights producesresults

that seemto make sense.

We now describe the notions behind the weights assignedfor each classpairing.

We abbreviate the four classesas follows: TH is headertext, TB is body text, I is

image,and BG is background. For the remainderof this section,let c1 and c2 be the

classesof regionsR1 and R2, respectively.

We now explain the wi ; i 2 f 0; : : : ; 8g assignments. Becausethe similarit y func-

tions di (R1; R2), i 2 f 0; : : : ; 8g are normalizedto be approximately in the range[0,1],

we considerthe sum over i of wi (c1; c2) to be a reasonablemeasurement of the to-

tal strength of the weighting given to a particular classpairing. Therefore, we �rst
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choose the relative weighting of each classpairing as comparedto the other pair-

ings by setting
P 8

i=0 wi (c1; c2) for each (c1; c2) pair. Then we choosefor each class

pair (c1; c2) how much of the total classpairing weight should be assignedto each

similarit y function.

Class pairing weights

We set the classpairing weights,
P 8

i=0 wi (c1; c2), equal to a number in the range

[1.0,10.0]. A small class pairing weight corresponds to the class pair being more

similar, becauseit leadsto a smaller distancebetweenthe regions.

We assignthe classpairing weights asfollows. We beginwith classpairings which

contain a body text (TB) region. We assumethat the most similar classto TB is

TB, so we set
8X

i =0

wi (TB; TB) = 1:0

We assumethat the next most similar classto TB is TH, and that sinceheadertext

is also text, the weight should be closeto that for the (TB,TB) classpair. Therefore

we set
8X

i =0

wi (TB; TH ) = 2:0

We assumethat the third most similar classto TB is I, and we set

8X

i =0

wi (TB; I ) = 5:0

Finally, becausewe want all the \content" regionsto be consideredmore similar to

each other than to the background of the document, we assumethat TB and BG are

very dissimilar. Thereforewe set

8X

i =0

wi (TB; BG) = 10:0

Next we considerclasspairings which contain an imageregion. We assumethat

the most likely classto mergewith I is I, and we set

8X

i =0

wi (I ; I ) = 1:0
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The weight of the (I,TB) pair is set in the previous paragraph to 5.0. We assume

that TB is moresimilar to I than TH, becausebody text can be a caption. Therefore

we set
8X

i =0

wi (I ; TH ) = 7:0

For the samereasonas for the (TB,BG) pair, we assumethat the (I,BG) pair should

be considereddissimilar, and we set

8X

i =0

wi (I ; BG) = 10:0

We next considerclasspairings which contain a headertext region. We assume

that the most likely classto mergewith TH is TH, so we set

8X

i =0

wi (TH; TH ) = 1:0

The (TH,TB) pair weight is set above to 2.0, and the (TH,I) pair weight is set above

to 7.0. For the samereasonas for the (TB,BG) and (I,BG) pairs, we set

8X

i =0

wi (TH; BG) = 10:0

The only remaining unde�ned classpair weight is that for a (BG,BG) pair. We

assumethat two background regionsare very similar, and we set

8X

i =0

wi (BG; BG) = 1:0

Similarit y function weights

The individual wi (c1; c2) assignments are given in Table 3.4.2. The following

paragraphscontain the assumptionsthat are used to generatethese weights. The

latent semantic information similarit y function, d5(R1; R2), is not yet implemented,

socurrently w5(c1; c2) = 0 for all (c1; c2) pairs. Thereforeonly two typesof similarit y

functions are available: (1) position and sizefunctions|the sizeratio, svar position,

and svar hierarchy distances,and (2) color content functions|the rgbmean,rgbvar,

rhist, ghist, and bhist distances.
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Table 3.1
Table of weights for the tree comparisonregion distancefunction.

TB I BG TH

w0: 0 0 0 0
w1: 0 0 0 0
w2: 0 0 0 0
w3: 0 0 0 0

TB w4: 0 0 0 0
w5: 0 0 0 0
w6: 0.25 4.0 6 0.5
w7: 0.25 0.5 2 0.5
w8: 0.5 0.5 2 1.0

w0: 1/24 2 0
w1: 3/24 0 0
w2: 4/24 0 0
w3: 4/24 0 0

I w4: 4/24 0 0
w5: 0 0 0
w6: 2/24 6 5
w7: 4/24 1 1
w8: 2/24 1 1

w0: 0.25 0
w1: 0 0
w2: 0 0
w3: 0 0

BG w4: 0 0
w5: 0 0
w6: 0.25 6
w7: 0.25 2
w8: 0.25 2

w0: 0
w1: 0
w2: 0
w3: 0

TH w4: 0
w5: 0
w6: 1/3
w7: 1/3
w8: 1/3

Classes
TB | body text
TH | headertext
I | image

BG | background

Weights correspondence
w0 = rgbmean
w1 = rgbvar
w2 = rhist
w3 = ghist
w4 = bhist
w5 = latsem
w6 = svar position
w7 = svar hierarchy
w8 = size-ratio
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We �rst give our assumptionsfor region pairs containing a body text region. For

(TB,TB) and (TB,TH) pairs, we assumethat the position is much more important

than the color content of the text regions,sowe assignall the weight to the position

and sizefunctions. For (TB,I) pairs, we assumethat the color information of the text

region is irrelevant, sowe assignall the weight to the position and sizefunctions. We

alsoassumethat the most important of thesefunctions is the svar position function,

so we assignit the most weight. For (TB,BG) pairs, we assumethat the position

and sizeof a text region is much more important than the color content of the text

region, so we only take into account the position and sizesimilarit y functions.

Next we give our assumptionsfor the remaining region pairs containing an image

region. For (I,I) pairs, we assumethat both the position and color features are

important. We assign equal weight to the histograms, and we assign the largest

weight to the histogram and svar hierarchy similarit y functions. For (I,TH) pairs, we

usethe sameassumptionas for (TB,I) pairs that text region color is irrelevant, and

we assignall the weight to the position and sizefunctions. We also useroughly the

sameproportions of the weight for each of thesefunctions as those usedfor (TB,I)

pairs. For (I,BG) pairs, we assumethat the color information is only slightly relevant,

sowe assignmost of the weight to the svar position function and only a little weight

to the rgbmean,svar hierarchy, and size-ratio functions.

For the remaining region pairs, we assumethe following. For (TH,TH) pairs, we

assumethat the weighting should be quite similar to that for (TB,TB) pairs. We

simply weight all the position and size functions equally instead of preferring the

size-ratio function slightly, as is done for (TB,TB) pairs. For (TH,BG) pairs, we

assumethat the weighting should be the sameas for (TB,BG) pairs. The last set

of pair weights is that for the (BG,BG) pair. Sincea document can have more than

one background region, and they could be di�eren t colors (for example,a sectionof

gray and a sectionof white), we assumethat both color and position are important.

We split the weight evenly among the rgbmean function, and the position and size

functions.
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4. EXAMPLES

In Sections2 and 3, we have described a generalstrategy for forming and compar-

ing hierarchical document descriptionscalled document trees, and we have de�ned

one exampleof how this strategy can be implemented. This sectiondescribessome

results of applying this speci�c strategy to somereal document images.

We beganwith two multipage documents in pdf format. Sincethe systemonly

describesand comparessinglepagedocuments, we converted each pageof thesepdf

�les to a 400 dpi (157.5dpcm) color image. Becausewe wanted to usethe TSMAP

parameters for scannedimages,we then printed the pageson a color printer and

scannedthe pagesat 400dpi (157.5dpcm). Thesescannedimagesof the pageswere

the input to our system.

We then formeda document tree to describe each of thesepages.The �rst step of

this processis to segment the document into regions. The scannedimageswere �rst

put through the segmentation procedurewhoseblock diagram appearsin Figure 2.2.

The output at three stagesof this procedureis shown in Figure 4.2. Figure 4.2(a)

shows the 400 dpi (157.5 dpcm) color image input to the segmentation procedure.

The preprocessingstepconverted the document to the 100dpi(39.37dpcm) grayscale

imageshown in Figure 4.2(b). The TSMAP program, using the parametersobtained

by training on scannedimages,produceda 50 dpi (19.69dpcm) color segmentation

image,and the postprocessingstep replacedall singletonpixels with a majorit y vote

among their eight point neighborhood, yielding the segmentation of Figure 4.2(c).

In this segmentation image, white corresponds to pixels classi�ed as header text,

red corresponds to body text regions,greencorresponds to image regions,and blue

corresponds to background regions.

Oncewe had a segmentation of the original image,we found the connectedcom-

ponents of the segmentation to de�ne the regionsof the document and recursively
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mergedtheseregionsto form the document tree. Figure 4.1 illustrates somesnap-

shots of this process. For this �gure, each region was initially assigneda random

color. When two regionswere merged,the smaller region was assignedthe color of

the larger region, forming an aggregateregion of uniform color.

Figure 4.3 shows the top six levelsof the resulting document tree. For this �gure,

the color of each node in the tree is the meanrgb value of the region of the original

document to which the node corresponds. The numbers inside the nodesof the tree

are arbitrary region numbersassignedby our connectedcomponents program. For a

description of how a document tree corresponds to the region merging process,see

Section2.7.

Oncewe had formed the document tree for each document, we chosea document

and calculated the distance between its document tree and all the other document

trees to seeif the distance function induced a sensibleordering of the documents.

The resulting distancesare shown in Table 4.1. Figure 4.4 shows the comparison

document and the closestdocument to it, alongwith the document tree that describes

each document. Figure 4.5 shows the next four closestdocuments to the comparison

document, and Figure 4.6 shows the three furthest documents.
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(a) Initial regions (b) Regionsafter 6 merges

(c) Regionsafter 11 merges (d) Regionsafter 16 merges

Fig. 4.1. Several snapshotsfrom the region-mergingprocesswhich createsthe
document tree for the document BP-101-W-1.
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(a) Original 400dpi (157.5dpcm) color image

(b) 100dpi (39.37dpcm) grayscaleimage (b) 50 dpi (19.69dpcm) segmentation image

Fig. 4.2. Several snapshotsfrom the document segmentation processfor the
document BP-101-W-1.
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Fig. 4.3. The document tree for the document BP-101-W-1.
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BP-101-W-1 BP-101-W-2

tree for BP-101-W-1 tree for BP-101-W-2

Fig. 4.4. Our systemclassi�ed document BP-101-W-2as the most similar to the
document BP-101-W-1,amongeight document images.The bottom row shows the

document trees for the two images.
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(3) CorpBroch-5 (4) CorpBroch-3

(5) CorpBroch-4 (6) CorpBroch-6

Fig. 4.5. The next four closestdocuments to BP-101-W-1
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(7) CorpBroch-7 (8) CorpBroch-8

(9) CorpBroch-1

Fig. 4.6. The three documents furthest from BP-101-W-1.
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Table 4.1
Distancesfrom comparisondocument to all other pages

Distancesfrom BP-101-W-1

Rank Distance Document

(1) 0.00000 BP-101-W-1

(2) 0.01729 BP-101-W-2

(3) 0.02485 CorpBroch-5

(4) 0.02572 CorpBroch-3

(5) 0.03459 CorpBroch-4

(6) 0.04994 CorpBroch-6

(7) 0.06026 CorpBroch-7

(8) 0.06045 CorpBroch-8

(9) 0.13990 CorpBroch-1
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5. CONCLUSION

Wehaveproposeda generalframework for capturing and comparingthe hierarchi-

cal structure of document images.At this early stageof implementation, the method

producesresults that make senseintuitiv ely, at least for the small examplepresented

in this thesis. Becauseof this, webelieve that the method is worth further re�nement.

Our current work consistsof adding the text content feature (latent semantic infor-

mation) to the implementation and testing the implementation on a larger database

of document images.

Several opportunities for further work exist. We begin with improvements at the

detail level and move toward improvements at the generallevel. Our �rst suggestion

dealswith the method of assigningthe weights usedin calculating the valueof the two

distancefunctions. The weights are currently assignedby way of educatedguessing,

so somemethod could be found to generatean optimal weight assignment.

At a slightly more generallevel, if we keepthe assumptionsfrom Section2.4 and

Section 3.3 about what makes regions similar, several improvements are available.

First, we could evaluate the discriminative power of each of the similarit y functions

we compute. Someof them may be unnecessary. Second,we could createnew simi-

larit y functions de�ned on the existing featuresto implement the assumptionsmore

e�ectiv ely. Third, we could de�ne additional featureswith corresponding similarit y

functions to implement the assumptionsmoree�ectiv ely. And fourth, we could inves-

tigate other, morestandard,methods to calculatethe distancebetweentwo document

trees.

Weclosewith two suggestionsat the most generallevel. First, wecould investigate

how humansperceive information in documents sowecould makebetter assumptions,

resulting in di�eren t tree formation and tree comparisonstrategies.Second,we could

investigate other methods of forming a tree to describe the segmented document.
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For instance,we could usea probabilistic grammar to describe the document image.

Kanungo and Mao [7] have demonstratedthat regular grammarscan describe a doc-

ument imagequite well for the task of segmentation. We proposethat the powerful

2-D probabilistic context-free grammar model along with the center-surround algo-

rithm for performing computations with the model from [11] might be a very good

method to investigate further for this task. Of course,using a di�eren t document

tree generatingmethod implies the needto re-evaluate the tree comparisonmethod

as well.
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