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Abstract

Nowadays, Digital Libraries have become a widely used serio store and share
both digital born documents and digital versions of worksed by traditional li-
braries. Document images are intrinsically non-structwed the structure and se-
mantic of the digitized documents is in most part lost duthmgconversion. Several
techniques related to the Document Image Analysis reseaszh have been pro-
posed in the past to deal with document image retrieval egipdins. In this chapter
a survey about the more recent techniques applied in thedfeldcognition and
retrieval of text and graphical documents is presented.aitiqular we describe
techniques related to recognition-free approaches.

1 Introduction

Under a broad point of view a Digital Library (DL) can be seie la more general
document database. If all is known about the preservati@exing, and retrieval
of records belonging to structured and fielded data, maames and accessing to
a full text document archive is a more challenging problenaditional relational
databases store information in a structured way and eachdfehe records can
be accessed, the queries can be formulated, and recorésedtby indexing the
involved fields [14]. In Digital Libraries, data are in mostses made by digitized
documents and as such they are less structlred [76][78iefdue, it is not easy to
define suitable queries to this kind of archive because dfiffieulties to understand
the semantics of the stored data. If it is not easy to retiigeemation from scanned
documents processed by Optical Character Recognition J@€CRom digital born
documents, because of their limited structured naturs,étven more complicated
when documents are stored as images and it is not possilde tecognition-based
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approaches. Storing the whole documents by their imagespes users from loos-
ing important and useful information which cannot be suitalbcognized by OCR
such as graphics, pictures, and stylistic features likedad layout. In case of doc-
ument images not processed by OCR the textual content isxpbtidy available
and this prevents users from performing queries on the bégis text itself. Recent
literature proves that this challenging problem has gathednterest of researchers
and several approaches to automatic indexing and retoédalcument images have
been proposed.

Nowadays, digital library technologies are well estaldsland understood. This
is proven by the large number of books and papers relatedg¢ddpic and pub-
lished in the last few years [40][64][70][78]. When DLs deatiwscanned images
of the works held in traditional libraries, Document Imageadysis and Recognition
techniques (DIAR) can be applied to create, store, retrignd transmit electronic
documents. When dealing with printed text the images can deepsed by means
of Optical Character Recognition systems to extract thieitdxcontent. These kinds
of techniques are available, and perform well, on most d@&mirtypologies, but a
lot of information, e.g. related to layout or text style,ikely lost. Furthermore, de-
pending on the nature of the data to be accessed, OCR systemas perform well
unless some ad hoc training has been carried out. For irestarthe case of hand-
written documents and ancient manuscripts, as in case [Estaip mathematical
formulae. A different approach with respect to the documeabgnition advises in
the analysis of document images a relevant alternativeced|yan the cases which
bring to a failure of OCR systems. In this case each docursesgten as a set of pix-
els without any known relationship among them. The rettiefa semantic query
on a document collection is in this case translated to aréiffedomain because it
must be disguised as a set of image features such as colpe,skature, and spa-
tial relations. This broad category of approaches, calledutnent Image Retrieval
(DIR), is an important research line. DIR techniques idgntlevant documents
relying only on image features and are the main subject sfdhapter.

This chapter is organized as follows. In Sectidn 2 the redliparadigms are
presented. The focus is on approaches related to the reicogfiee strategy; in
particular the word spotting, the word shape coding, andbt of words tech-
niques are described. In the next sections the retrievalegosummarized above
is described step by step analyzing each phase and reptréngost commonly
used approaches. An overview of the features commonly us@&dR to describe
documents is reported in Sectidh 3. The techniques usegtesent these features
are analyzed in the next Section. In Secfibn 5 the simildwitetions used to com-
pare document image representations are reported. InoB&tsome clustering
techniques used in a bag of words context are describedlyrimaSection[T the
matching approaches are described on the basis of theetiiffezature representa-
tions and similarity functions previously described. Saroecluding remarks are
in Sectior{ 8.
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2 Retrieval Paradigms

Several techniques which can be used to perform informagisieval from Digital
Libraries have been proposed. The majority of these teclesidollow a common
paradigm: the documents are first stored and indexed in d@neoffhase; then the
user formulates a query and the system evaluates its sityiitéith the stored doc-
uments and gives as output the ranked results. One impatiti@tence among
the various techniques is the “level” at which the similagbmputation occurs
[44][75].

The simplest approach can be referred tiy@sbrowsing: a user browses through
a document collection, looking for the desired informatiarthis case the similarity
is evaluated by the user that visually identifies the mostvesit documents.

The second approach is theeognition-based retrieval which relies on the com-
plete recognition of the documents. According to it the knity between docu-
ments is evaluated at the symbolic level and it is expectatiahecognition engine
can extract the full text from text-based documents or nagtaffom multimedia
documents. The textual information is then indexed and éfteral can be per-
formed either by considering full text queries or by mean&efwords provided
by the user. The recognition-based approach has the adeatitat the similarity
computation and result ranking has a low computational. €@stthe other hand it
has some limitations when dealing with very noisy documentsontaining multi-
lingual texts printed with non-standard fonts and a vagadéyout, such as historical
or damaged ones. Some of the earliest methods adopted foedbgnition-based
approach, and in particular for the OCR-based text retridnave been described
in two comprehensive surveys [14]|51]. Recently, some wdrkve proposed to
use a mixed approach where document image analysis tedségea used together
with OCR engines and metadata extraction. For instancé]iB¢laid et al. pro-
pose an indexing and reformulation approach for ancieniotiaries, where OCR
engines are trained to classify additional classes sudbatsites, gothic characters
and specific shapes. Inl[9] arid [29] the OCR engine is usecctmréze words and
perform layout analysis, while the vector model approaehivdd from information
retrieval, is used to index the dataset and retrieve therdents.

The last technique is theecognition-free approach which is related to content-
based image retrieval (CBIR). In this case the similaritgvaluated considering
the actual content of the document images that is descripaddans of suitable
features like color, texture, or shape. An advantage of éectibased retrieval ap-
proach is the possibility of looking for information withbthe need of specific
domain knowledge. For example, users may not be able torpedorrect textual
queries if they have no knowledge about the indexed langumgean perform lay-
out queries in a language independent manner. On the othdr baen the CBIR
approach has some problems, especially regarding thetisele¢ appropriate fea-
tures to represent the indexed objects. Most systems wdtklau level features
such as color, texture, and shape, while only few systeresnattto extract high
level or semantic features. Examples of these technigee=ported in[[R][34][30]
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where keyword spotting techniques have been proposeddawirgj a word-level
representation on the basis of a set of low-level features.

Word spotting is one widely used approach to perform textiew! in the
recognition-free paradigm. Word spotting was initiallyoposed by Jones in the
field of speech processing [23], while later this definitioaswadopted by several
researchers for printed[12] or handwritteén|[43] documadeking. This approach
permits to localize a user selected word in a document withay syntactic con-
straint and without an explicit text recognition or traigiphase. The word spotting
technique draws all the word images belonging to indexedishents and returns a
ranking of them according to a similarity measure with therguwvord image. This
method is more closely related to CBIR than to word recognitiecause the match-
ing is carried out considering image features only. Somelwpotting methods are
based on the clustering of words belonging to the documélgations, in order to
create the index. The clustering divides the word imagesdgtivalence classes. In
each class we expect to have several instances of the sameByassigning to one
representative word for each cluster an ASCII interpretatit is possible to index
the word occurrences in the indexed documents. One distay@nf this approach
is that it can be sensitive to the style and font used for theptate word espe-
cially when dealing with handwritten text. One importargrakent of word-spotting
methods is the segmentation technique used to extract xheatétems from the
documents. The segmentation can be carried out at locabbablevel. In the first
case each word is segmented into characters and therefereracial step is the
splitting of scanned images in elementary objects. On thérary in the global ap-
proach the recognition takes place considering the wholel wiithout attempting
to perform the character segmentation.

The approaches proposed to represent words in keywordrgpatethods can
be roughly divided into two groups.The first class methodsyae a word image by
means of global image-level features, such as intensitcautelation and moments
that are used to represent each image. These approachegakedor low quality
documents and are language independent but require angggihiase to identify
the best feature combination. The second group of methdussisd on word shape
coding where each word image is encoded as a sequence of Isyrabghly cor-
responding to characters. In most cases the symbol set bagadardinality with
respect to the character set in the original language aseédsier to recognize. Each
word is in this case represented by a symbol string. Becalude geduced num-
ber of symbol classes, usually there is no guarantee of acomeet correspondence
between a symbol and a character and therefore a symbaj satimbe mapped to
several words. The main advantage of these approachessarthie query formu-
lation and the absence of a training phase. However, thelaageiage dependent
and are not as robust as the first group in case of poor quialéges.

A common model used in Information Retrieval to represemudeents is the
Bag of Words (BOW) approach, early referred by Zellig kh [20]. According to

1 And this stock of combinations of elements becomes a factor in the way later choices are made
...for language is not merely a bag of words but a tool with particular properties which have been
fashioned in the course of its use.
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this schema a document is represented by the occurrencesraé wn it regardless
their position in the document. The Bag of Visual Word (BOVWipeoach has been
introduced in a paper on object and scene video retrievgld67an extension of
BOW to the case of images. The BOVW approach relies on threée steps: in the

first a certain number of image keypoints or local interesttsoare automatically
extracted from the image by means of an appropriate deté@gpoints are salient
image points rich of information content and for this regssuitable to describe
the whole image. In the second step keypoints, or in somes cdspe descriptors
evaluated on keypoints, are clustered and similar desesire assigned to the
same cluster. Each cluster corresponds to a visual wordgstatepresentation of
the features shared by the descriptors belonging to thateslurhe cluster set can
be interpreted as a visual word vocabulary.

In the last step each image is described by a vector congathim occurrences
of each visual word in that image. The most critical pointgto§ approach are
the detection of the local interest points (e.g. by meanscaleSinvariant feature
transform (SIFT) or corner points) and the choice of the nsog#able description
of the regions of interest. Regarding the clustering metetheans, K- Nearest
Neighbor algorithm (K-NN), probabilistic Latent SemanAoalysis (pLSA) and
Support Vector Machine (SVM) are the most popular techrsdGE].

In the rest of this chapter the main steps of the recognitieesystems are pre-
sented. In Sectio] 3 several types of features are presaotedding to the image
level in which they are computed. In Sectldn 4 the main repregion models are
described. In Section 5 and Sectldn 6 the different kindsisthdces and cluster-
ing techniques are presented. In Secfibn 7 the matchingappes are described
considering the different features and descriptors usékdrprevious steps. Some
conclusions are then reported in Secfibn 8.

3 Features

In a document image retrieval system the identification afdees is a crucial task
since it significantly affects the overall performance. &tly speaking, the features
can be divided into two main groups: the first is relatetbtal features, according
to which one feature is extracted for each point in the inmumdin, in the second
groupglobal features are evaluated on sets of pixels (e.g a word), oniareg
even on the whole document.

3.1 Pixel level

When features are computed at a local level some values a@amebtfor each pixel.
In [33] Leydier et al. propose a word-spotting method to ascthe textual data
of medieval manuscripts. This approach does not requirgeéntanarization and
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layout segmentation and is tolerant to low resolution anagendegradations. The
informative parts of the images are represented throughdd &satures provided by
gradient orientation. I [24], Journet et al. propose a e for the characterization
of pictures of old printed documents based on a texture @gprd-or each pixel of
the image, five features are extracted at different reswiatior a total of 20 values.
In particular, three features are related to the texturentation and evaluated by
means of an auto-correlation based approach while the ttloeare related to the
properties of the pixels grey level transitions. The corapat of some features in
regions defined by a grid superimposed to the page is adap{@@]i73], while in
[49] this zoning technique is applied to the connected camepts of symbols in the
task of script recognition and writer identification. In tlagter case for each cell the
number of black pixels is computed. Something differentippsed by Delalandre
et al. [13] regarding the retrieval of old printed graphiicstial letters) from a large
database. A run length encoding algorithm is first used topress the image and
then a template matching between images is obtained ewajuhe distance with a
pixel to pixel comparison.

The methods in this category are in most cases very expefnsivethe compu-
tational point of view because of the high number of objest®lved both for the
feature extraction (during the indexing) and for the matgh(during the retrieval).

3.2 Column level

Some approaches require a segmentation phase, such agrengation of words
and characters. In this case a method based on the analysiuofin pixels in
segmented objects can be exploited.[1n [28], Khurshid gpraisent a method for
figure caption detection which is performed by wordspotfidigure labels. The
segmentation of words and characters is done by finding theemted components
and, for each pixel column of the character, a set of 6 featigrealculated: vertical
projection profile on the gray level image, upper charactefilp position, lower
character profile position, vertical histogram, numbemnéfmon-ink transitions and
middle row transition state. Similarly, in[lL1] words areaéyzed column by column
and the corresponding Hidden Markov Model is built.

3.3 Sliding window

One technique related to column level representation adostiding window. In

this case a fixed size window is moved across the word imags@né features are
evaluated for each position. This strategy is frequentgdus obtain the input de-
scriptors for supervised classifiers such as the MultiL&arceptron (MLP) neural
network [46]. The sliding window approach is also used.id [#here Terasawa et
al. propose a method for word spotting in historical hanttemi documents without
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performing word segmentation. In this case the text linesseanned by a sliding
window whose width depends on the character sizes and a foerdiional descrip-
tor is generated for each slitimage by applying the eigesespaethod. A different
task is addressed by Schomaker et al. in [66] where they peoptine strip retrieval
on the basis of content similarity with respect to the qukiye strips are used as
the basic objects for search and retrieval because thegseptra good compromise
between the reliability of segmentation and the recogmigierformance. The slid-
ing window has a width defined on the basis of the query lineiamdoved along
the indexed text lines. Some features related to the inkigettsee connected com-
ponent shapes and contours are computed at each stepl Iridag] et al. develop
a system to identify the provenance of ancient handwritteuthents basing on the
ink appearance similarity. The features considered inlileng window are in this
case first and second order statistical features such agtast mean, skewness,
contrast, entropy. Uttama et al. [74] exploit the slidingnddw approach to separate
homogeneous and textured regions in images of historicaldents. The features
are based on the Gray-Level Co-occurrence Matrix.

3.4 Stroke and primitive level

When the objects in document images are complex and impapatial relation-
ships among primitives are possible, such as in sketCh¢afigbn trademark$[77],
one structural representation, which is able to representariety of connections,
is essential. Liang et al._[85] and Wei et al.[77] proposedbmbination of struc-
tural and global features: the structural part describedrtterconnections among
primitives and the global features reflect the object as alevHoang et al. [[35]
exploit eight kinds of spatial relations between primisveross, half-cross, adja-
cency, parallelism, cut, tangency, embody and ellipsesettion. Global features
are composed by seven types of descriptors: eccentricgtynalized distances of
sketch centroid in major and minor axis orientations, ayewdistance between cen-
troids of sketch primitives and the number of primitives atk type as line, arc,
and ellipse. Wei et al[[77] propose global features basetisoAernike moments
of orders 0-4, the standard deviation of the curvature, tkanmand the standard
deviation of distance to centroids.

In the context of shape-based image retrieval, Wong ef ). gfopose a two
step feature extraction process: the shape contour is dépsesented by the Free-
man chain code as a connected sequence of straight line segmi¢h specified
lengths and directions. Then the relative spectrum isguicds the normalized curve
length with respect to the normalized geometric moment,revttee normalized
curve length is the length of the segment between two keypoirna shape divided
by the total curve length and the normalized geometric mansethe distance be-
tween a dominant point and the geometric center. On thistispadour features
are evaluated: the total normalized moment variance, taériormalized area cov-
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ered by the spectrum, the cross-sectional normalized ar@¢dh& cross-sectional
normalized moment variance.

In [16] Fonseca et al. present a shape classification tegbrigsed on topolog-
ical and geometrical descriptors. In this case the spatgdrozation is described
by the relationships of inclusion and adjacency, while teergetry of shapes is
described by some geometric attributes like area and ptinla [61] Rusinol et
al. deal with symbol recognition starting from a vectorigpresentation of the im-
age. Information about constraints between segments sughrallelisms, straight
angles and overlap-ratios are analyzed.

Dealing with symbol-spotting, Rusinol et al. [62] proposedetect graphical
symbols in large and complex document images by technighéshvdo not need
neither a segmentation step nor a priori knowledge. For egiibol its primitives
are extracted by means of connected component analysi®atalic detection then
the Cassinian ovals parameters are evaluated. In a twerdgpolar coordinate sys-
tem a Cassinian oval is described by all the points such tiegttoduct of their dis-
tances from the two centers is a constant. In this case, thengders that character-
ize the minimum Cassinian oval which encompasses the nexdahape contour,
are used as shape features. Similarly Zhang et al. [81] peopmextract a simple
set of features from the vectorial representations of timebeys: in particular they
propose to evaluate the angle between two line segmentprtesent their mutual
relationship. The relationship between a line segment arar@aand between arcs
is represented considering the angle between arc staintsnd arc centers. Fi-
nally, the relationship between a line segment and a ciscévaluated considering
the tangency, intersection, and disjointness relations.

A similar approach can be even used in text document analysisnstance in
[L0Q] Chellapilla et al. segment words in strokes and thersdtgience of Chebyshev
polynomial coefficients is evaluated for each segment, I} f2word spotting for
online handwritten documents is proposed. In this workketsare sampled and for
each sampled point three features are evaluated: the teditiie sample point, the
direction and the curvature of the stroke in that point.

3.5 Connected-component level

In the processing of handwritten or ancient printed docusjetis not always easy
to segment a document and to identify text lines, words, &adacters. Especially
the character segmentation is a difficult task because ofahability of handwrit-
ing and the presence of touching characterd.]in [8] hanthartbuching characters
are addressed by identifying all the possible ligaturesieoting two characters by
heuristic analysis of the contour. In so doing a word imagdiv&ed in several
pieces. Assuming that a character is made up by at most fowsecative pieces,
a series of hypothesized character images are created. &ntowegment text in
objects, broadly corresponding to characters, is to fincctmected components
in the document image. Moghaddam et al.1[52] present a limevasrd segmen-
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tation free method to perform word-spotting on old histakiprinted documents.
After the detection of the connected components, a set diesitures: aspect ra-
tio, horizontal frequency, scaled vertical center of massnber of branch points,
height ratio to line height, and presence of holes, are etadafrom them. Simi-
larly, Marinai [45] propose to use the connected componleistering as a first step
in the indexing of early printed books. Relevant words aentified considering a
modified Dynamic Time Warping (DTW) algorithm that includée tword width
in the distance computation. Barbu et al. [5] work on graphttbcument images
considering graph-based representations: connectedar@mfs in the image are
represented by graph nodes and rotation and translatianiam features, based on
Zernike moments, are extracted.

3.6 Word level

In most word spotting applications it is possible to assuna the word segmen-
tation in indexed documents is not problematic. In this daseretrieval is carried
out considering the word as a whole. [l [3] each word is dbsdrby profile-based
and shape-based features, whilein [57] andl [58] Rath etedent single value fea-
tures based on Projection Profile, Word Profile, Backgroorndk Transitions, and
Grayscale Variance. In_[80] Zhang et al. propose to use tlagi€nt-based binary
features (GSC) evaluated under a 8 division of the word image. GSC features
are based on the evaluation of the direction of the grad@nstructural informa-
tion, and on concavity features. Structural and concaeaiures are evaluated by
means of 12 rules applied to the image pixels and are baselgegpixel density,
on larger strokes in both horizontal and vertical direcsicend on the direction of
concavity each pixel belongs to. Similarly, [n [31] and|[2f§ zoning technique is
applied to word images and the density of the characterpiretach zone is eval-
uated. Subsequently a second group of features based oretherader the upper
and lower word profiles, is considered. [n[17] ahd|[60] soets sf feature vectors
are evaluated for non-overlapping windows on the query anag[17] the features
are based on pixel density, in |60] the Local Gradient Histay (LGH) features,
introduced by Rodriguez in [59], are used. Dealing with fgéhdocuments, Meshe-
sha et al.[[50] propose to describe words by means of wordlespfnoments and
transform domain representations. Similarly, Bai et dlpf@pose the extraction of
seven features: character ascenders, descenders, deearéasd westward con-
cavity, holes, i-dot connectors and horizontal-line isémtion. In[[42] features are
extracted for each word by means of the Left-to-Right PiimiString (LRPS) al-
gorithm. This algorithm splits each word in primitives whican be described by
means of two-tuples: the Line-or-Traversal Attribute ()Ténd the Ascender-and-
Descender Attribute (ADA). In a more recent work[40], Lu ktextend the previ-
ous approach to the case of printed document images caftyradigital camera.
In this task the set of extracted features includes thresppetive invariants: holes,
water reservoirs, and character ascenders and desceNdkes et al.[[58] propose
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a mixed approach: they work at a lower level considering #hrgroids of connected
components and some features related to the area of codregteonents while
at a higher level analyze words and compute the word cestroid

3.7 Line and Page level

Tan et al.[[71] deal with the script identification among thdifferent on-line hand-
written scripts: Arabic, Roman and Tamil. After the detentiof text lines, they
extract a set of features at line-level such as the horitamig vertical interstroke
direction, horizontal and vertical stroke direction, age stroke length, stroke den-
sity and the reverse direction.

Some features can be extracted at page level by means of gentmamsforma-
tions. In [25] Joutel et al. develop a system for paleogrephed literary experts,
to support their work on manuscripts dating and authemticahrough different
historical periods. The approach is based on the Curvelestorm to compose an
unique signature for each handwritten page.

3.8 Shape Descriptor

Shape descriptors are frequently used in image analysisnipare 2D object sil-
houettes. Recently they have been adopted also in documageianalysis to com-
pare symbol images in a recognition-free approach. Acaogrth the object repre-
sentation the shape descriptors are evaluated on, threecatagories can be identi-
fied [32]. In the first categorgontour based descriptors are evaluated on the object
contours; in the seconiimage based descriptors include the shape descriptors based
on the overall image pixel values; in the last categshsl,eton based descriptors are
evaluated on the image skeletons. Since document imagevedtnas to deal with
images affected by scale and perspective changes, the dbsgrptors must be in-
variant to similarity and affine transformations as well@stion and scale. In most
cases, descriptors are computed on keypoints, that aréspafithe image rich of
information content. To reduce the complexity of the evatug images are usually
preprocessed and the contour or the skeleton are detetteiht€resting points are
in this case extracted from the preprocessed image. An dranfifxeypoints are
corners (points with high curvature), which can be detewati¢hlthe Harris-Laplace
detector[[63] or on the basis of the curvature variance [gb4] Nguyen et al. pro-
pose the use of the Difference-of-Gaussian detector ankeyygoints in an image
are considered as the extrema in a scale-space pyramidvithilDoG filters.

A first example of shape descriptor is the Scale Invariantufealransform
(SIFT) proposed by Lowé [38]. SIFT are able both to localieggdoints and to eval-
uate a shape descriptor on these points according to thedoadient histogram.
SIFT descriptors are proved to be invariant to rotationJeschanges and affine
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Table 1: Features

Level Data Features Ref.
Pixel Medieval Gradient orientation. [133]
manuscripts

Old printed Auto-correlation based and pixels grey levgBd]

pictures  transitions.

Zoning Printed Pixel density. [T2711311149]

Layout Row encoding. [122][73]

Column Historical Projection profiles, vertical histogram, B3]
printed number of ink/non-ink transitions.

Sliding Historical A vector is generated for each slit image by72]

Window  handwrittenapplying the eigenspace method.

Historical Ink density, the connected component shafi&s]

handwritten and the contours.

Historical First and second order statistical features [36]

handwritten (e.g. histogram mean, skewness, entropy).

Old printed Gray-Level Co-occurrence matrix and textUye]

pictures  uniformity.

Stroke and Sketches/ Spatial relations between primitives (e.g. [35][71]
primitives  on-line cross, adjacency, parallelism, tangency) and
handwritten global features (e.g. eccentricity, number of
primitives of each type).

Trademarks 15 Zernike moments of orders 0-4, stand§¥d]]
deviation of the curvature, mean and standard
deviation of distance to centroids.

Shape Normalized moment variance and the totdl79]
normalized area.

Graphics  Cassinian ovals. [162]

Handwritten Sequence of Chebyshev polynomial [10]
coefficients.

Connected Printed Aspect ratio, horizontal frequency, scaled [52]
components vertical center of mass, number of branch
points, and presence of holes.
Graphics  Zernike moments. [175]
Word Handwritten Single value features: projection prefile  [57][58]

background to ink transitions, grayscale
variance, gaussian smoothing and gaussian
derivatives.

Printed Area under the projection profiles. [[2711[31]

Continued on next page
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Table 1 — continued from previous page

Level Data Features Ref.
Word Printed Word profiles, moments and transform  [50]
domain representations.
Printed Character ascenders, descenders, deep [2] [40]

eastward and westward concavity, holes, i-dot
connectors and horizontal-line intersection.

Page Historical Curvelet transform. [125]
manuscript

Table 2: Shape Descriptors

Shape Data Features Ref.
Descriptor
Keypoints Contour or Corners detected by means of the [63][[79]

skeleton  Harris-Laplace detector or
considering the curvature variance.
Contour Interest points are the extrema in 54|
scale-space pyramid built with
Difference-of-Gaussian filters.

SIFT Character  Modified SIFT algorithm. [182]163]

Shape Context Contour oDescriptor captures the spatial [B7][48][54][63]
skeleton  distribution of points in proximity of
the point where it is computed.

transformations. I [82] Zhang et al. propose the use of aifirddsersion of SIFT
descriptors applied to handwritten Chinese characteigration.

Another descriptor is the Shape Context, proposed|in [7 d@lscriptor is able
to capture the spatial distribution of points in proximitftbe point where it is
computed. The descriptor is represented as a logarithm&r pmask centered on
the point of interest and divided in bins in the polar spaatEcell is populated
according to the position of other image points with respgedhe center of the
mask. Shape Contexts are invariant to translation and.deal87] shape context
descriptors are used to represent words and are computeirds pelonging to the
skeleton of word images, while in 48] they are computed oimigcon the contour
of mathematical symbols. Ih [54] shape contexts are condpaepoints of interest
detected by means of Difference-of-Gaussian detectd83hRusinol et al. propose
te use of the SIFT and the shape context descriptors for thealspotting task and
compare their performance with the results obtained withensimple descriptors
such as geometric moments of steerable filters.
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4 Representation

After a set of features has been extracted from the docummags, it is essential to
identify a suitable representation of their values. Somneffeatures presented in
the previous section are naturally represented in the fdweaors. For instance in
the case of zoning the features are extracted from eachfeeljod superimposed
to the image and the resulting descriptor has the same diomeadisy of the num-
ber of cells [I7][22][49][73][82]. In case of a sliding wind/ each slit is usually
represented by a low dimensional descripfar [66][72], orabyhigh-dimensional
descriptor such as i [86] where the intensity histogrartissies and co-occurrence
statistics are concatenated. When the features are evdlaapéxel level, such as
in [74], a feature vector of a certain dimension is createdfty pixel of the input
image. If the segmentation is performed at word leve[[J[|ZX][80], some binary
vectors are generated starting from the features relatie tword profiles, while in
[16] and [35] the same approach is proposed in case of shagsfitation where the
features describe the spatial organization and struatheahcteristics of geometric
shapes. Even in case of features computed at character nected-component
level, the vector representation is usually exploited. Sexamples can be found in
[BI[21][&7][52]. Regarding the automatic indexing andrietal of graphical docu-
ment images, Barbu et al.l[5] describe each connected caenpoglated to a graph-
ical object as a feature vector. A similar approach is us¢81ij48][54], but in this
case Shape Context descriptors are used to describe the shapvord and each
word is represented as a collection of vectors. Rusinol [63ikexploit a vector rep-
resentation for each type of shape descriptor. In the fiekhape matching, Super
et al. [69] propose to describe the shape contour as a vec#n- dimensional
shape space, whereis the number of contour sample points. An extension of the
vectorial features representation is proposed_in [81] hymbol signatures are
represented in a matrix form and each bin of the matrix regmtssthe relationships
between strokes of the symbol, such as segments, arcs alascir

When the number of documents in a database is large the edtpexcess can
be computationally expensive. Some techniques use a cesgutelata structure to
represent the images in order to decrease their handlingstiin particular De-
lalandre et al.[[13] propose to use the run-length encodiggrighm to compress
images. In[[25], Joutel et al. propose an approach for ketirigf handwritten histor-
ical documents at page level based on the Curvelet trangfbommpose an unique
signature for each page. [n]10] words are segmented andstaie is represented
as the sequence of Chebyshev polynomial coefficients. Taelm segment is pro-
cessed by a Time Delay Neural Network (TDNN) to determinepitadability the
segment belongs to each possible character in the langliagd.DNN outputs as-
sociate to each segment the most likely characters acgptditheir membership
probabilities.

When the vocabulary is limited, as in bank check recognitipmcautomatic
handwritten mail sorting, probabilistic approaches cande. In[[11] Choisy et al.
propose to model words by means of a Non-Symmetric Half Ptidden Markov
Model (NSSP-HMM), while Rodriguez et al. [60] propose a systwhere typed
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text is used as support for handwritten recognition. Theyrebust LGH features
to describe the word shapes and Semi-continuous HMM (SC-Hfidkmodeling
the link between typed and handwritten words.

The character and word shape coding approaches are stricthected to the
vector representation of words or characters in case of wpatting. Generally
character shape code encodes, in the form of a code strimgytiperties of each
symbol such as whether or not the character in question fitesles the baseline and
the x-line, whether it has an ascender or descender anddkialsfistribution of the
connected components! [2][68]. In_[40] arid [42] Lu et al. prasa system based
on a word image coding schema: the Left-to-Right Primititen§ (LRPS), Line-
or-Traversal Attribute (LTA) and the Ascender-and-Destegrittribute (ADA) fea-
tures are used to assign a code to each primitive of the waadeés Recently some
extensions of the previous works have been presented by &lu[88][41]. In [41]

a word shape coding approach for documents in five differatinlanguages has
been presented. In this case each word is converted into dshape code that is
composed of two parts. In the first part, character extren@govhich are in the
upward and downward text boundaries, are classified as @iielpno one of three
categories according to their position with respect to thsebline. In the second
part of the word code the number of horizontal word cuts isregal. A similar ap-
proach is proposed by Li et al. in[34] where they encode ewang as a sequence
of numbers and each number represents a character.

The vector space model was introduced by Salton €f al. [659#b. According
to this model, documents and queries can be representedtassv@hose elements
represent the frequency of each term in the document [4bjeSeeighting schema
can be applied to the vector model e.g. the tf-idfi [15] and sonodified versions
of it [9][L9][71]. The same approach can be extended to tlse cd vectors corre-
sponding to occurrences of featuries| [48][49][64][61][71]

Another kind of document representation is related to tla@lgibased approach.
In [5] Barbu et al. describe a document image according t@plgbased represen-
tation at primitive level analyzing the relationships beém connected components.
Each connected component is a graph node and one arc betvegtives exists
only if they are spatially near. The same approach is use@i8hwhere Gordo et
al. represent the document layout as a bipartite graphdanbidering the centroids
of the regions on one side and the center of mass of all themegin the other.
In symbol spotting applications the graph based approaghiis frequent. In[[26],
Karray et al. develop a method for the analysis of initialdet which is based on
the Attributed Relation Graph representation. In paréicuhfter the segmentation
step nodes represent regions and arcs express the retg®asnong regions. For
the same task, in[74], Uttama et al. describe an initiabtdity means of its signa-
ture according to two approaches: Minimum Spanning TreePamuvise Geometric
Attributes. In [56] each symbol is described by means of algta capture the spa-
tial and topological relationships between graphical piues. Alajlan [1] propose
to use the Curvature Tree hierarchical data structure wielbcts the inclusion
relationships among objects and holes.
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Table 3: Representation

Representation Features Method Ref.
Vectors Zoning Vector corresponding to a grid [17][22][49]
overlapped to the image. [73][82]
Sliding Descriptors of low or high [B6][66][72]
windows dimensionality.
Pixel One descriptor for each pixel. [174]
Word Binary vectors generated from the [3][27][31]
profile features. [80]
Word Binary vectors describe the spatial [16][35]

organization and structural

characteristics of geometric shapes.
Character or One dimensional vector for each  [8][21][47]
connected- character or connected component.[52]

component
Shape Describe the shape of a word. Each[37][48][54]
descriptors word is represented as a collection @3]
vectors.
Matrix Strokes Each bin of the matrix represents tfigl]
relationships between strokes of the
symbol such as segments, arcs and
circles.
Probabilistic ~ Word Non-Symmetric Half Plane Hidden[11][60]
Markov model and Semi-continuous
HMM.
Character and Strokes A code is assigned to each primitiv84][39][40]
Word shape of the word image. [42)[41]
coding
Vectorial model Symbol Vector elements representthe  [48][49][54]

frequency of visual terms in the [e1[71]
documents and queries.

Graph-based  Connected Each connected component is a grdbi{L8][26]
component omode; arcs connect near primitives. [56][[74]
strokes

5 Similarity measure

In document image analysis and recognition, the retriefal guery word can be
performed considering the similarity or distance betweemimages: the reference
image, given by the user, and the dataset images repregehérindexed words.
According to the different models used to represent keysjadlifferent similarity
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measure may be used. Moreover, in case a clustering phasdgasmped, the more
appropriate distance to compare features has to be choseas&uclidean distance
[48] or cosine distancé [54].

When keywords are represented by feature vectors, the mosnoo way to
compare them is the Euclidean distarice [16][35][77] or theallstancel[2]7[[31].

In case of template matching the distance among images ipuienh at pixel
level [13] by a simple value comparison or considering a sieetissimilarity func-
tion [33]. When documents and keywords are represented bysrafahe vector
space model in analogy with the vector model in Informati@trieval, to evaluate
the similarity it is frequently computed the cosine of thglanbetween two vec-
tors. This approach is used [n[15][39][54]. [n 48] a modifieersion of the cosine
similarity is proposed. Taking account of the propertiethef clustering algorithm
used to group features, Marinai et al. introduce an addititerm to the formula
which is necessary to deal with inexact match[1n [71] thelaiity is computed by
means of the Chi-square distance which involves the digtab of tf-ifd vectors,
while in [74] the Bhattacharyya distance between two histots is used. To deal
with a word shape coding representation, some distancedmaged. In particu-
lar in [15][34] the use of the Edit distance is proposed. Thié Bistance between
two strings is given by the minimum number of operations eedd transform one
string into the other, where an operation is an insertioletim, or substitution of a
single character. In[52] an enhanced version of the editidi® in proposed where
stroke width is used as a priori information. [n]40] Lu etpabpose the Hamming
distance to compare word shape codes.

6 Clustering

In computer vision applications a family of methods basedtenbag of visual
words framework has been recently proposed [[41[5][B0][48][5Fhese methods
extend theébag of words model used in textual information retrieval, that represents
documents considering the number of occurrences of woedaydless of their po-
sition in the text. In the bag of visual words approach a \liseaabulary is con-
structed by clustering the feature vectors that represgnbsls. Each cluster can
be considered as a visual word and all the feature vectoongielg to that cluster
can be represented by its centroid. The clustering can Herpexd by means of
a semi-supervised learning, or by means of an unsupeneésedihg approach. To
this second class of methods belongs the K-means algorigea im [58][54] and
its revisited version called k-medoids [5]. In_|36] Licataa. propose to use the
K-Gaussian clustering where the number of clusters is oted using Minimum
Description Length. In this case each feature vector igassi to a cluster by se-
lecting the component that maximizes the posterior prdihabihis algorithm may
be more appropriate than K-means clustering when clustars Hifferent sizes.
Another approach to perform clusterig is the Self Orgagidfep (SOM) applied
to the feature vector quantizatidn [45][47][48]]52]. Th@E map has the property
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Table 4: Similarity

Similarity measure Representation Ref.
Euclidean distance Vectors/ Vector model [I[77][85][16]
L1 distance Vectors [1271[31]
Comparison Pixels [123]133]

Cosine similarity Vector model [139][15]1541[48]
Chi-square distance Vector model []71]
Bhattacharyya distance Vector model [[74]

Minimum Edit distance Word coding [T52]1[34]15]
Hamming distance Word coding [140]

that more similar patterns are usually grouped in closestels. In[[52] the SOM has
been used to cluster the feature vectors belonging to céetheomponents while
in [48], the shape context descriptors, evaluated for eguibel, are clustered by
means of a SOM and then each symbol is represented by the@cces of shape
contexts assigned to a particular centroid according t&thaidean distance.

7 Matching

Feature matching deals with measuring the similarity betwihe feature repre-
sentation of the query image, that is based on feature \®aaaphs or statistical
models and the database images. The choice of the featuchintatechnique is
essential for the good performance of the system. As a mafttect an inappro-
priate approach may lead to bad results even though thedsyasi feature repre-
sentation is the more appropriate for that task. When theiepiand documents
are represented as feature vectors, the matching is cautecomparing the vec-
tors according to some similarity measure.[In|[17], the gweord feature vectors
are compared with the corresponding vectors of the dataibaapplying a match-
ing which is constrained by the regions of interest whereftfadures have been
computed. The similarity measure is in this case based okticédean distance
between vectors. The matching by means of the Euclideaantistis proposed also
in [16][35][[77]. A similar approach is proposed in[27] and|B1], but in this case
the similarity is evaluated by means of the L1 distance tacedhe computational
costs. In[[69], Super et al. propose to perform the matchitgeen shapes, con-
sidering their normalized contours as vectors. To face iffierent shape sizes, the
similarity between two vectors is evaluated by the Eucliddestance normalized
by the squared average of the arc lengths of the two pose81]nHe matching is
performed considering how many common relationships atipivie level the sym-
bols share and choosing the shapes that share the most.n4l&4]ithe matching
is performed comparing feature vectors but in this case tretBcharyya distance
between two vectors is used. This distance exploits thestadion between vector
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Table 5: Clustering

Clustering Representation Number dRef.
clusters
K-mean Feature vectors assigned to the nearest 1-20, 20 [54]158]
cluster.
K-medoids A more robust version of the K-mean. 16 [1 [5]
K-Gaussian Feature vectors assigned to clusters by 200 [36]

selecting the component that maximizes the
posterior probability.
SOM Feature vectors assigned to the nearest cldfter 100 [45][47][48](52]
according to the Euclidean distance. Closest
neurons in the map are the most similar.

contents to obtain the similarity measure. A related apgras proposed by Joutel
et al. in [25], where the matching between two document sigea is performed
by means of the normalized correlation similarity.

When the document images are represented by means of the maxtel, some
other techniques can be applied for the matching, in pdati@icommon matching
schema is the cosine similarity measurel1Id [41], Lu et @ppse a word shape cod-
ing technique for document retrieval and the vector reprtagion of the strings. The
similarity between two document representations is evatleonsidering the angle
formed by the two vectors. The same matching approach isin§&6][39][48][54].

Different matching techniques have been proposed whenndets are repre-
sented by means of word or character shape coding! [n]ZH2](58], the Dynamic
Time Warping is considered to compare two sequences of datgspThis method
aligns the feature vectors of the query and of each word inl#tabase using a dy-
namic programming-based algorithm. The algorithm congpdistance scores for
matching points by means of the Euclidean distance. At tdeoéthe process, sim-
ilar shapes have a lower distance than different ones. Trhe spproach is used in
[50] and [3], but a DTW-based partial matching technique thkes care of word
form variations in the beginning and at the end of the wordds aroposed. The
DTW technique is also used in [118] to perform matching on lay@ctor represen-
tations while in [45] a modified version on DTW that takes iaount both the
clusters similarity and the estimated widths of alterreatwub-words is proposed.
In [42] and [39] the DTW algorithm is considered after a pngstep by means
of coarse matching that is used to reduce the number of datieseents the query
code has to be compared to.

Another matching technique is proposed at word levelin 84 in [28]. In these
cases the matching among code strings is performed by mé#resminimum edit
distance. The edit distance between two strings is givehéyrtinimum number of
operations needed to transform one string into the othegrevan operation is an
insertion, deletion, or substitution of a single character
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When the document representation is either probabilistigrobability-based,
the model obtained in the feature extraction phase is usexhioate the recognition
score[[11][60]. On the other hand when the objects are repted in a graph-based
approach some ad hoc methods should be used. In particutasi@uet al. [56]
propose to use a graph matching routine where sub graphs athed against
model graphs using polynomial bound greedy algorithm. Tutpwt of this process
is the score similarity. This technique is error-tolerant avorks well in case of
under or over segmentation of symbols.

8 Conclusions

In this chapter we have described in a comprehensive sumeay&in document im-
age analysis and recognition techniques which have begroged in recent years
to perform document image retrieval. We have focused ouysisaon recognition-
free approaches that do not explicitly recognize the dociiraentent (e.g. with
OCR tools) but work at various levels with a symbolic or sybibolic representa-
tion of the document image. The comparison of the differenhhiques has been
organized along the main steps of a general retrieval psoces

In the first step the features are extracted from the documeges that are rep-
resented at various levels, from pixel to primitive, chéeaovord or even zones. In
each case different features can be considered accordthg task (e.g. wordspot-
ting or trademark retrieval) and to the typology of processecuments (e.g. printed
vs handwritten or modern vs historical). In the second Beicg step the features
previously extracted are encoded in suitable representathat depend both on the
nature of the features and on the subsequent processirgy Elemtually, the fea-
ture representations are used to compute the distancedretigects. The distance
can be used to cluster indexed objects to speed up the sdmggmocessing or can
be employed in similarity measures to compare query itertts wilexed ones.

The research on document image retrieval is particulamhadyic in the last few
years. To give a measure of it, about half of the papers citdflis chapter have
been published after our previous survey on the field apdear2006 [44].

Two main areas should be addressed in the future in orderdwase the
widespread use of the techniques presented in this chdptam one side ap-
proaches that have been tested only at a prototype levelcsheuextended to
larger datasets in order to study their effective scalgbibwards real size DLs.
On the other side, a deeper integration of the recognitiea-fechniques analyzed
in this chapter in the common architecture of contemporagytél Libraries should
be addressed and solved. Current Digital Libraries are lynbased on relational
database to store the information of interest. The use sfdtthitecture is based
on the assumption that the information stored is certaiis. therefore not easy to
handle errors or ambiguities in DIR that might be obtainedubinng recognition-
free approaches. Concerning the techniques describedsichiapter, we believe
that more work is still needed to deal with cursive text arsbdor the retrieval of
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Table 6: Matching

Representation  Similarity

Method Ref.

Feature vectors Euclidean

Word feature vectors are compared [[77][35][16]

distance with the database feature vectors.
Constrained Word feature vectors are compared [17]
euclidean  with the database feature vectors
distance constrained by the regions where
features have been computed.
L1 distance  All word feature vectors are compardga7][31]
with the corresponding feature vectors
of database images.
Normalized Word feature vectors are compared [25][74]
correlation  with the database feature vectors.
Vector model  Cosine The similarity is evaluated considerin§d1][39][15]
similarity the angle formed by the two documerjb4][48]

vectors: if it is close to zero, the
documents are similar.

Word encoding DTW

DTW

EDT

Aligns the query and the word featurf@1]|[57][58][2]

vectors using a dynamic [18][42][39]
programming-based algorithm.

DTW-based partial matching techniqyB0][3][£5]
based on word form variations in the

beginning and at the end of words.

Minimum number of operations need{ZB][34]
to transform one string into the other.

Probabilistic ~ NSSP-HMM The probabilistic model is used to  [11][60]
SCHMM estimate the recognition scores.
Graph Polynomial Use a graph matching routine where [56]

bound greedysub graphs are matched against model

algorithm

graphs.

other graphical objects. Also in this case, the integratibtechniques for graphi-
cal items retrieval into existing DL architectures shouédaualdressed. Another re-
lated research field whose application in the area of DLslghoei explored is the
Camera-Based Document Image Analysis that aims at demgloptognition and
retrieval techniques starting from images captured witbileaevices such as cam-
eras and smart phones.
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