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Introduction 3

¢ ing usually involves an Optical Character

Handwritten keyword spotting (KWS) is the task of retrieving all instances of a given
query word in handwritten document image collections without involving a traditional OCR
step. There exist two basic variations for KWS approaches: (a) the Query by Example case
(QbE) where the query is a word image and (b) the Query by String case (QbS) where, as
the name implies, the query is a string. The study presented in this chapter will focus on
the QbE approach.

For a better understanding, QbE methods will be presented taking into account two dif-
ferent perspectives which relate to the use of segmentation and learning. The segmentation-
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310 G. Barlas, K. Zagoris and I. Pratikakis

based methods are divided into 2 subcategories based upon the segmented entity which
could be either the word image or the textline. They are strongly dependent on the seg-
mentation step, so that to compare different methods regardless of segmentation errors,
many researchers do not implement a segmentation method but they use datasets where the
segments are given.

In the case of segmentation-free methods the whole image is tested against similarities
between the query image and the patches of the document image without segmenting it at
any level. The methods of this class, on the one hand bypass the step of segmentation but on
the other hand they cannot avoid searching for the words in parts of the image that may not

but the running time increases considerably. It is worth-mentioning tha#the methods of this
class are not the trend. _

Training-based methods are those that require training data _
process. A common problem in these methods is the availabilify iningdata. Further-

ot include any training stage
dds can be applied directly to
gdtion to be effective in the

in the operatlonal KWS pipeline. The training - free m@
new word although, they usually reqmre a partlcular con
corresponding text. i

This chapter is structured as follows} “Sectic, cgment affon-based Context” will
present the KWS methodologies that opets 3 Seg ation- basecl context wherein
methods based on training and methods that! 1 den
will be detailed. Both va ely reviewed depending on the type of seg-

- Free Context”, methodologies that do

! valuation Metrics™ deals with an overview
nation and a brief description of datasets that
Section “Conclusive Remarks” is dedicated to a fruitful
esCurrent trends of the QbE KWS.

In this sectl"ém, wgmenﬁuon-based methods are presented. Segmentation-based methods
have been Lalegmhgd into training-based and training- free approach. Each category is then
subdivided into word image segmentation and textline segmentatlon context.

Ve

Methods Based on Training
Word Image Segmentation Context

In the work of Rodriguez-Serrano and Perronnin (2009), the method is based on a Semi-
Continuous - Hidden Markov Model (SC-HMM) coupled with a Gaussian Mixture Model
(GMM). SC-HMM is able to learn from a small set of samples. A segmentation algorithm
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extracts sub-images that potentially represent words, employing state-of-the-art techniques
based on projection profiles and clustering of gap distances. Then, a simple classifier using
holistic features (per column, pixel count, Local Gradient Histogram (LGH)) is employed
for performing a first rejection pass. The non-rejected word images are normalized with
respect to slant, skew and text height, using standard techniques. Then, for each normalized
word image, LGH features are computed by moving a window from left to right over the
image and feature vectors are extracted at each position to build the feature vector sequence.
Finally, using SC-HMM with GMM, a score is assigned to each feature vector sequence
which is used to attribute the similarity with the query using a threshold. An overview of
the methodology is shown in Figure 11.1. 2

The same framework was used in Rodriguez-Serrano et al. (2010) a odified so that writ-
ers adaptation is achieved. For this purpose, a statistical adaptatiog/éehnique was applied
to change some of GMMs parameters at each document. Furthegfn
in Rodriguez-Serrano and Perronnin (2012) to enrich featurggex

sequence of vectors. The distance between these ve
Time Warping (DTW) wherein Bhattacharyya measu

set.
( Segmentation
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Figure 11.1. Overview of the word-spotting system presented in (Rodriguez-Serrano and
Perronnin, 2009).

In the work in Almazén et al. (2012a), a preprocessing stage is initially applied using
margins removal and anisotropic Gaussian filtering. Then, binarization and word segmenta- _
tion is applied. In the core methodology, they use a hashing strategy based on Loci features
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to prune word images and limit the candidate locations. A discriminative model is then ap-
plied to those locations. The discriminative learning relies upon a Support Vector Machine
(SVM) which sets the weights on the appearance features Histogram of Oriented Gradients
(HOG) to compute the final similarity.

Almazan et al. (2013) created a method that is both QbE and QbS and addresses
multi-writer WS. The QbE pipeline is based on Fisher Vectors (FV) computed over Scale-
Invariant Feature Transform SIFT descriptors. Then the FV are used to feed an SVM to
get the attribute scores. They report that any encoding method and classification algorithm
that transforms the input image into attribute scores could be used to replace them, but they
chose SVMs and FVs for simplicity and effectiveness. =N

The study in Fernéndez et al. (2013) uses a previous method (Fesffandez et al., 2011)
which is extended in a way that the syntactic context in the do giimient is used to infer
context. To achieve this, Markov Logic Networks (MLN) aredls at
specific rules. The MLN can be considered as a collectiongf fir I8s to each of
which it is assigned a real number, the weight. Each rule ént g i
while the weights indicate the strength of the rule. #

The work in Aldavert et al. (2015) uses the Bag=t

description, encoding and pooling. In particular, they s
using a fixed step at different scales. The descnpnon is derrved

To encode the descriptors and create the & ained Linear Coding
(LLC) algorithm was used. Finally, at po@ ramid Matching (SPM)
technique applied so that spatial informatiof ¥ sed.

In the work at Sharma et al. (2015), they'mad i nt'\ with Convolutional Neural

CNN extracted a 4096 e fo ‘Bmage which was achieved after d1scard1ng
the last fully connec gonsideri @dctivation of the units in the second fully
i s have been used.

Textline S;
The (1997) is composed by several modules. The “focus-
of rns a Cross-correlation testing between the query image and the

docu ?'i‘ or finding lh l' andidate <ocations. The “preprocessing” module that consists

of c.snmﬁﬁ&of word image zones at the upper, middle and lower level, filtering of stray
marks and qi{ﬂﬂammﬁbn The “feature extraction” module that concerns profile encoding
(20 Discrete Cosﬁe Transform (DCT) coefficients from the profile extracted at each of the
three zones and €avity encoding which takes into account 2D spatial arrangement, as well
as the descender, and ascender information leading to a graph. Both encoding features are
combined to a new graph that contains the type, size and relative location of each feature,
which is considered as keyword signature graph. Finally, the keyword signature matching
is addressed by two distinct comparisons. First, a comparison is employed between the
profile encoding DCT coefficients wherein the resulting comparison is incorporated into
the graph as additional feature. In the sequel, the keyword signature graphs are compared
with probabilistic graph matching based on Bayesian evidential reasoning.
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Handwritten keyword spotting The Query by Example (QbE) case 313

Training - Free Methods
Word Image Segmentation Context

In the paper Manmatha et al. (1996) the term “word spotting” was introduced for hand-
written documents as analogous to “word spotting” in speech processing. It was applied
on scanned greylevel document images. The steps of the algorithm are gaussian filtering,
subsampling to reduce image by half, binarization by thresholding and segmentation into
words. Then follows pruning taking into account (i) the aspect ratio and (ii) the size using
predefined thresholds. Finally, at matching stage, two different matching lgonthms, were
used based on the standard and the affine-corrected (SLH algorithm) Egefidean distance,
respectively. ' &

In the sequel, Rath and Manmatha (2003b), was motivated by
have used Dynamic Time Warping for matching in combinatigi
tation method. In this approach, the textine segmentationdias*
image segmentation. In the work of Rath and Manmatha 200

t al. (2000) that

were optlmally matched when using D

A study based on contours of words wik
with local binarization of the image. To ag}
process the image applying morphologlcal '
more than one connected comi PO,

is extracted. They used M Conv Concavity (MCC) representation for the con-
cul ity and concavity along contour at different scales to create

strécted by storing the distance between a pair of contour points
".%' 1g to the row, and column of the MCC representation. The final dissimilarity
ours is Lhemonnahzed optimal path of the matrix. An alternative method that
was tested is theMCé’ DCT where the 1D DCT is applied at MCC representation matrix
and the coefficienty of DCT ‘are combined to the final dissimilarity:

The work in'Bhardwaj et al. (2008) presented an algorithm based on moment functions.
In the initial stage, they used horizontal and vertical profiles to segment the document inte
lines and words, respectively. High order (up to 7) moment functions were used to extract
features and indexing each word image. They used cosine similarity metric for matching
and relevance feedback to improve the results.

A shape descriptor, the Compact Shape Portrayal Descriptor (CSPD) was presented in
Zagoris et al. (2011) which requires only 123 bits per word image. CSPD is based on five (5)
distinct features: (i) width height ratio, and the DCT coefficients of (ii) vertical projection,
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(iii) horizontal pr ec ik (iv) topishape.projection and (v) bottom shape projection. For
; ' ithm is applied for quantlzatlon to reduce the

user selgéts est res| a traiping set is created This training set is used to train an
¢ : ilarity measure that was used is a modified (weighted)

*

threshoid: which omputed as the mean intensity value of the gray-scalevimage.: Next,
a contour extraction is used for each connected component in the binarized word image.
Finally, a sequence of lines is created which is used as the descriptor for matching. The
matching score is computed by first finding the distances between the line descriptors and
then, summing all distances over the complete word image.

The basic premise in the work of Fornés et al. (2011) is that each word image is treated
as a shape which can be represented using two models, namely the Blurred Shape Model
(BSM) and the Deformable BSM. First, at preprocessing stage, segmented text lines are
normalized by applying skew angle removal and slant correction. In the case of BSM,
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1 the descriptor represents a probability distribution of the object shape. In the case of De-
2 formable BSM, every image is represented with two output descriptors, a vector which
3 contains the BSM value of each focus (equidistant distributed points) and the position of
4 each focus. The proposed matching technique lies upon the movement of focuses so that
s its own BSM is maximized. It is shown that using Euclidean distance in both BSM and
¢ deformable BSM methods outperforms the use of DTW. '

7 Fernandez et al. (2011) used Loci features (Glucksman, 1969) along eight directions.
8 They are computed on the skeleton of each word image which is achieved after a document
o image binarization and word image segmentation step. The similarity is computed using
10 the Euclidean and Cosine distance. FLaEN
11 The study in Diesendruck et al. (2012b) and Diesendruck et al. (2Q42a) was focusing on
12 building a search system for 1930-40 US Census data. The proces: :

18 clustering with complete linkage is used to cluster the .
The problem of sequential KWS was addressed in Fem

writer scenario (BSM, HOG, nrHOG) as we
23 scenario (attribute-based approach). \
24 The work in Howe (2013) is based on a ‘pact 2d
mize a deformatlon energ / Kequil gery to the word image instance. The process

ization is applied to produce connected com-

36 In Wang étﬂ,,@()lﬂ) the authors initiate the process by applying the preprocessing step
wy . presented in Wanget al. (2013). They use a graph representation model which is based on
s the skeleton of each word image. In this graph, vertices are the structural interest points
as and the strokes connecting them are the edges. The value of vertices corresponds to the
40 Shape Context descriptor while the value of edges corresponds to the length of stroke. The
41 computation of similarity between two word images concern the similarity of graphs for
42 each connected component existing in the query and the test word image which is used to
43 guide the DTW computation.

44 The work in Zagoris et al. (2014) is based on spatial information from word images.
45 First, gradient vectors are calculated. Because of the sensitivity of gradient to noise, an Otsu
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like threshold is applied at gradient vectors. At the remaining points gradient orientation
is calculated. Next, a linear quantization of gradients orientation to a desirable amount of
levels follows. The quantization step also controls the amount of the final local points. After
quantization the corner points are characterized as initial keypoints (kP). The final points
are the dominant kPs according to Shannon entropy at an area were the kP is the center.
After the final points have been selected each area around kPs is divided to 9 subareas.
For each of these 9 areas using a voting system based on the weighted distance of each
point to kP, a 3-bin histogram is created. The combination of these 9 histograms to a 27-
bin histogram results in the descriptor, the Document-Specific Local Features (DSLF). At
matching stage first, a normalization is applied for each word image. Theng aitcad of a brute
force search, a Local Proximity Nearest Neighbour (LPNN) search igftised b taking into
account the mean distance of each pixel from the mean center. Fl ' clidean distance

is applied between the kPs and the results are presented in an er. In Zagoris
et al. (2015), an extension of this work is presented using 2 dbakk strategies
(CombSum, CombMin, Probabilistic model). It is repgoste i) imal ris ults, are
achieved from CombMin model. '

The goal in Papandreou et al. (2016) is to studyf#lie zoning fe@tyres. Binarizition and
deslanting are first applied in the query and candidate Warth.im# fe es as pre processing steps.
The zoning features are extracted after cutting the query W ' vertical zones based on its
ing these boundaries with
the corresponding zones in the candidate W o
images are normalized and their features, Whicl @féaba iXel density, are extracted.
Finally, the final distance is the product of i n distance o
the distance provided from DTW. '
In Mondal et al. (2016)ghesauthor introd

uces a new matching technique the Flexible
‘fask. At the preprocessing stage, the docu-

ollows that partitions the documents in lines
parts of words, depending on the experiment to be con-

ang ht Column-based features,: are .extracted from the binary image.
Fina]ly,-at(.hmg stage’'FSM is applied. FSM is sindildr in spirit to DTW but it is less
sensitive t@ﬁal vanalm"ls in the spelling of words and to local degradations effects within
the word |mage.

In a recent- wm"k Retsinas et al. (2016), three variances of the Projections:of Oriented
Gradient (POGY descriptor (Retsinas et al., 2015) studied in the framework of the KWS
problem. The first variant, the global POG (gPOGj is slightly different from POG, for
which the main differences are: (i) it keeps different number of coefficients from DCT
and (ii) has 6 projections. The second variant k-segmented POG (IPOG), first segments
the word image to k overlapping images and then calculates the POG descriptor to each
of them. The third variant, fusion POG (fPOG), as the name implies is a fusion of gPOG
and IPOG descriptors. Finally, the Euclidean distance is used to attain the matching score.
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It should be noted that at the preprocessing step, binarization, skew correction and height
normalization were applied.

Textline Segmentation Context ‘

In the paper Kolcz et al. (2000), the approach is motivated by the success of dynamic-
programming based techniques for KWS in speech applications even when very limited
keyword models are present. It relies upon a line segmentation method to achieve distinct
textlines for each document image. The ink-density histogram and its Fast Fourier Trans-

o sitiohal Features
(number of transactions between background and body in each colig of pixels). Then

1996).
Terasawa and Tanaka (2009) deals with languagegi

fitis ¢ : mate! lng DTW is used.
In Wang et al. (2013) the authors use & coats y. They first remove the
noise with a smoothing filter and they apply

form. At coarse step, they apply a sliding

¥ per and lower border and orientation dis-
i for the first three features and Chi- -square

d points). Topological properties are obtained from a
rmatlon of the propertles is the input to a weighted

Segment;ﬁ@-;ffée Context

In this section, Segmentation-free methods are presented. The methods of this section are
divided into training-based and training-fice.
Methods Based on Training

The approach in Choisy (2007) is made to deal with KWS of isolated words on mail en-
velopes. It is character segmentation-free which relies on the dynamic creation of global
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word models. This is achieved with the use of Non-Symmetric Half Plane - HMM (NSHP-
HMM) (Saon and Belaid, 1997) which is a model hybrid of an HMM and a Markov Field
(MREF). Before applying NSHP-HMM, two preprocessing steps are applied (i) global slant
correction and (ii) a non-linear normalization that centers and normalizes the lower case
zone of the writing. The NSHP-HMM is trained at word level.

In the work of Rusinol et al. (2011), they used a BoVW model where each patch is
normalized by applying term frequency-inverse document frequency (tf-idf) model. BoVW
words model powered by SIFT descriptors which was further augmented by a word seg-
mentation. Then, Latent Semantic Indexing (LSI) (Deerwester et al., 1990) is used with
BoVW to retrieve relevant patches even if they do not contain the same ¢ features than
the query sub-image. Then Singular Value Decomposition (SVD) is applied to reduce the

descriptor dimension and to obtain a transformed space where palg v1ng similar top-
ics but with different descriptors will lie close. At the retrieval s Smesimilarity were
used. In Rusinol et al. (2015), they have enhanced their preligiinak ion'Bylincluding an
indexation scheme aimed to scale the proposed method tgfh ts. khe SVD
step replaced by Product Quantization (PQ) for this patch
representation is also introduced, which increases ing into
account the different possible lengths of the query wo

The study presented in Rusinol and Lladés (2012) co s both fusion and relevance
feedback mechanisms. At fusion stage, three different fusio hods were tested, namely,
early fusion, combMAX and Borda court ee different methods
were tested, the Aocchio’s algorithm (Cao the. Ide deéc-hi method (Ide, 1971)
and the relevance score algorithm (Giacintoig oly, 2004)

The work in Almazén et al. (2012b) is baskd gt exemplar SVM for better representation

of features. Documents aresfepr ithia grid of HOG descriptors, and a sliding
window approach is usgd't ik regions that are most similar to the query.

They use the Exempl amework to prag flice a better representation of the query
in an unsupervised waghFinallys acument descriptors are compressed with Product
Quantization (PQ) whiclt! ' ofit of calculating the distance between the query

and the quantizgdidoct the use of a look-up table.

e e 115 Devgalécs et al. (2013) may operate with words or graph-
ics anid is si the / amcwork In the offline stage, the BoVW is created
IF fcalures In the online stage, candidate zones detection works
atbres with BoVW using chi-square distance. Then, the Longest
We:ghlcd ’rofile (LWP)algorithm which enforce spatial ordering information characteris-
tics of words ana gr‘zpﬁlcal patterns alike, is used to computc the s1m11ar1ty score between
the query image and the candidate zones..

The study in'Rothacker et al. (2013) is based on the use of Bag -of-Features with HMMs.
The method is divided into three parts. First, densely SIFT features are extracted in the
whole document image and 5% of those are used to create a codebook size of 4096 for
Bag-of-Features. Then, the Bag-of-Features representation feeds an HMM which encodes
the sequential visual appearance of features that are located in the query bounding box.
Finally, the document collection can be queried in a patch-based fashion where the output
is a map of probabilistic scores from which the query results can be retrieved. As shown
in the upper part of Figure 11.3 the document image representation is visualized. In the
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1. Document

2 Dansa SIFT deseripior grid ER i T

5. Patch-based model decoding 8. Model decoding scores

Bag-of-Fealures
1 sequence

Bag-of-Fealures P
Hiddan Markov Model |[fssss

Figure 11.3. Overview of the segme
(Rothacker et al., 2013).

the patch-based decoding with respect to
ns are evaluated at each grid point. The
over the document image indicating

lower part, the estimation g
that model are shown. Jatcl
scores obtained are yis

Al ery model

al 1 atin manuscripts have letters mainly composed of large vertical
two main steps. In the first step, guides, gradients and Zones Qf
d from the document image and the query word image. In the
second step, € tching is applied between the guides of the query image and those
' ‘e. For each match of guides, a chegk if ZOIs are matching, is apphed :
too. This work yas enriched with a model that is the combination of an alphabet, a glyph
book and a grammar as presented in Leydier et al. (2009). The model is used to create a
character tree. The extra information from the character tree was used among the query
word image and the document image for better extraction of ZOlIs, guides and gradients.
They also automated thresholds that were needed at ZOls, guides and gradients extraction,
but also at cohesive matching.

Zhang and Tan (2013) is motivated by the Heat Kernel Signature (HKS) which has been
used for shape recognition. Actually, the Deformation and Light Invariant (DaLl) descriptor
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was used which is applied by convolving Scale Invariant HKS (SI-HKS) with Gaussian
kernels. To compute the similarity, a Delaunay Triangulation algorithm was applied to
create a Triangular Mesh Structure (TMS) of keypoints detected in the word image and the
document image, respectively. Finally, the similarity score is computed by building a score
matrix which contains the optimal matching score and the optimal matching history.

The approach in Hast and Fornés (2016) is based on Putative Match Analysis (PUMA)
(Hast and Marchetti, 2012), a technique that first introduced for matching aerial images.
First, the input images are binarized using Otsu, and then smoothed with a Gaussian in order
to find more key points. Then, four different kind of key points are detected in the word

of the pyramid.

Experimental Datasets and

Evaluation Metrics

AL ation retrieval. Therefore, each retrieved
item (word) is deﬁnc d as ' igi y (word - query) or not. Early reports

(11.1)

{7 cie-u%wm"ds} N {retrieved words} (11.2)

" {relevant words}

«wPrecision is tﬁi‘"fraclion of retrieved words that are relevant to the search, while Recall
is the fraction of the words that are relevant to the query. It is apparent that the above
metri¢s are inversely related. To achieve a combined evaluation, the precision-recall curve
is computed.

The Precision - Recall Curve is computed by the traditional 11-point interpolated av-
erage precision approach (Manning et al., 2008), (Van Rijsbergen, 1979). For each query,
the interpolated precision is measured at the 11 recall levels of 0.0, 0.1, 0.2, ..., 1.0.

Sometimes, the differences between the evaluation algorithms are very hard to observe
especially, between very small performance results. Moreover, these graphs may not
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Table 11.1. Descriptors, learning methods and similarity measures used from each method

Method | Descriptors | Learning [ Similarity |
T || (Rodrigucz-Serrano and Perronnin, 2009) | LGH SC-HMM Euclidean
r || (Rodriguez-Serrano and Perronnin, 2012) | LGH SC-HMM DTW:
a (Almazdn et al., 2012a) Loci, HOG SVM Dot product
i (Ferndndez etal., 2013) Loci MLN Euclidean
n (Aldavert et al., 2015) HOG BoVW Histogram Matching
i Deep
o (Sharma et al., 2015) features CNN Lp-norm
5 (Keaton et al., 1997) A Bayesian network | Graph matching
profiles
b Column-
a || (Choisy, 2007) wise binary osteriori Probability
s patterns
e (Rusinol et al., 2011) SIFT igtogram Maiching
d || (Almazdn et al., 2012b) HOG
(Dovgalecs et al., 2013) SIFT
(Rothacker et al., 2013) SIFT
(Manmatha et al., 1996) Profiles
(Adamek et al., 2007) MCC, DCT
(Bhardwaj et al., 2008) Moments
(Zagoris et al., 2011) CSPD Minkowski L1
T || (Can and Duygulu, 2011) ﬁlelglslence of Line matching
r
a || (Fomeés etal,2011) S e Euclidean, DTW
:1 (Femandez et al., 2011) Euclidean, Cosine
i (Diesendruck et al., 2012b,a) Euclidean
n
& (Howe, 2013) Energy minimization
lf_ (Kovalchuk et al., 20L& Euclidean
(Wang et al., 2014) DTW
Z (Zagoris et al., 29 Euclidean
(Papandreou et al., 20 Euclidean and DTW
(Mondy FSM
- POG, gPOG, .
[POG, fPOG Euclidean
Profiles DTW
SSHOG X DTW
Profiles, SC DTW
Z01 Cohesive matching
1 b Minimum cost path
c: between connected
7 §
(Zhang and Tﬂy Dall keypoints in a mesh
} grid
(Hast and Fornés, 2016) Comers, blobs PUMA
(Rabaev et al., 2016) HOG Chi-square
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Figure 11.4. Samples from the most used datasets (c) Bentham (d) Modern

contain all the desired information (Sal : e peed to evaluate the
retrieval results with a single value is i
that can meet this requirement is the 1 - ' ecision (MAP) (NIST, 2013;
Chatzichristofis et al., 2011) which is define@ gaverag the precision value obtained
after each relevant word is retrieved:

(11.3)

Ddenoted as

oWk retrieved words}

3 11.
Fleved words} (114

ance denoted as follows:

cl(k) = 1 if word at rank % is relevant
~ )0 if word at rank k is not relevant

Finally, the Mean verage Precision (MAP) is calculated by averaging the AP for all the
queries, denoted as:
Q
MAP =" AP, (11.5)
g=1

where () is the total number of queries.
It is worth to note that in the experiments for the segmentation-free case, a resulting
bounding box may not match exactly with the word bounding box from ground-truth
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corpora. Thus, a correct match is registered when the relative overlapping area is over a

certain threshold. For the sake of consistency, in every segmentation-free experiment the

overlapping area is defined as:
AnNnB
OA=——
AUB

where O A is the overlapping area, A the resulting bounding box and B is the ground-truth.
The challenging nature of KWS in handwritten documents has motivated the organi-
zation of three dedicated international competitions in conjunction with the International

(11.6)

Conference on Frontiers of Handwriting Recognition (ICFHR) and
Conference on Document Analysis and Recoguition (ICDAR). In p

2014 Handwritten Keyword Spotting Competition (ICFHR-2014)

International

»the

ICFHR

ikakis et al., 2014),

the ICDAR 2015 Competition on Keyword Spotting for Handwritfén ents (ICDAR-
2015) (Puigcerver et al., 2015) and the ICFHR 2016 Ha itten rd Spotting
Competition (ICFHR-2016) (Pratikakis et al., 2016) have venues research
groups have been competed in two different KWS scesarios, pamely, segm ree
and segmentation-based. Table 11.2, 11.3 and 11.4 ws the r for the ICFEHR-2014,
ICDAR-2015 and ICFHR-2016 competitions, res
Table 11.2. Experimental results for the IC 4 Competition
Segmentafion-based Segmentation-free
BENTHAM DERN B MODERN
Method mAP | P@5 5 mAP P@5 mAP f P@5
(Kovalchuk et al., 2014) 0.524 0.738 38 0.609 0.263 0.539
(Almazan et al., 2013) 0.513 0.724 0R3 . 706 d - - -
(Howe, 2013) 0.462 0.718 0. 0.569 0.363 .556 0.163 0417
(Leydier et al., 2009) - - - 0.205 0.335 0.087 0.234
(Pantke et al., 2013) - - - = 0.337 0.543 0.091 0.245

Table 11.3.

or the ICDAR-2015 Competition

Segmentation-based Segmentation-free
P, | P@5 mAP | P@5
7424 0.406 0.276 0.343
0.300 0.342 0.082 0.109

Table kk:4. Experimental results for the ICFHR-2016 Competition
) 4

Segmentation-based Segmentation-free
Botany Konzil. Botany Konzil.
Method mAP mAP mAP mAP
Computer Vision Center (CVCDAG)
Universitat Autodnoma de Barcelona, Spain 7577 2l ¢ g
Pattern Recognition (PRG) -
TU Dortmund University, Germany it i i ool
(Kovalchuk et al., 2014) 50.64 71.11 3748 61.78
Visual Infor.manc.)n and Interaction (QTOB) 5495 82.15 i _
Uppsala University, Sweeden
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Table 11.5. Segmentation type and Datasets used from each method.

Segmentation type
Method Tine | Word Dataset
(Rodriguez-Serrano and Perronnin, 2009),
T || (Rodriguez-Serrano and Perronnin, 2012), X French
r (Rodriguez-Serrano et al., 2010)
a (Rodriguez-Serrano and Perronnin, 2012) X GW, French, IFN/ENIT
i (Almazan et al., 2012a),
n (Almazan et al., 2013) 2 eh
i (Fernandez et al., 2013) X CB
n (Aldavert et al., 2015) X GW n , Modern
g || (Sharma et al., 2015) X
(Keaton et al,, 1997) X
b (Choisy, 2007) = =
4 (Rusinol et al., 2011, 2015) - - GW
s (Almazdn et al., 2012b) - GW )
€ (Dovgalecs et al., 2013) - - GW
d (Rothacker et al., 2013) - - GW
(Manmatha et al., 1996) X UND, Huflson
(Rath and Manmatha, 2003a,b, 2007) GW
(Adamek et al., 2007) GW
(Bhardwaj et al., 2008) GW, IAM
(Zagoris et al., 2011) X , Greek
T || (Can and Duygulu, 2011) X GW, OTM
r (Fornés et al., 2011) GW
a || (Ferndndez et al., 2011), CB
1 (Ferndndez-Mota et al., 2014)
n (Diesendruck et al., X USC
i (Howe, 2013) ] N X GW
n (Kovalchuk et il X GW
. .__._.. > X GW CB
X GW, Bentham, Modern
f X GW, Bentham
r X GW, Japanese
e X Bentham, Modern
e X AIS
X GW, Japanese
X CITERE
- E GW
- E GW
B E CB
- - GW, CG, Arabic

“CB” stands for a collection of 50 pages from handwritten marriage licenses from the
Barcelona Cathedral written in 1617°. URL: http://dag.cvc.uab.es/the-esposalles-database/

The “Bentham” dataset is part of the H-KWS 2014 contest’s dataset. It consists of high
quality (approximately 3000 pixels width and 4000 pixels height) handwritten manuscripts.
The documents are written by Jeremy Bentham (1748-1832) himself as well as by Ben-
tham’s secretarial staff over a period of sixty years.
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The “Modern” dataset is also part of the H-KWS 2014 contest’s dataset. It consists of
modem handwritten documents from the ICDAR 2009 Handwritten Segmentation Contest.
These documents originate from several writers that were asked to copy a given text. They
do not include any non-text elements (lines, drawings, etc.) and are written in four (4)
languages (English, French, German and Greek).

A dataset that comprises 1539 pages of modern off-line handwritten English text written
by 657 different writers is denoted as “TAM”. URL: http://www.fki.inf.unibe.ch/databases
fiam-handwriting-database

The Archives of the Indies in Seville (AIS), is a repository that represents the official
communication between the Spanish Crown and its New World colonies afitligpans approx-
imately four centuries (i.e. 15th-19th). V 4

At Choisy (2007) a dataset that consists of French handwrittgh'm
used for Handwritten Mail Sorting (HMS) task, wherein 1522
labelled. -

At Manmatha et al. (1996) as dataset two single pagg$ n btamed f
the DIMUND document server, thus denoted as “DIME : inglepage was
taken from a collection in the library of the Universiigf @ 5 gséits. Thi ¢1s a letter
in F 1difis denoted as “Hudson”.

ents wr1tten with a commonly

hils collection was
is_are manually

Scanned images of the Japanese many 5
Akoku Raishiki comprise a dataset denoted

Letters written by diff Crefib]
as “CITERE”. There agg’ T

were used as querieggRl] itere.hypolh
The Cairo Geriza (€6 'Cl £Ons ists of 12 document i images dated to the 10th
century. This collection ‘exhiiits srmcared el faracters, bleed through, and stains. The page

size is abould6iBBe & and the collection contains 1371 words of 921 different

aments that are dated from 12th to 15th centuries. The grourd truth

ellin terms of word-parts. Since word-parts are relatively small, for
the expenrﬁsfug 5117 largest word-parts were chosen with 929 different transcriptions. The
page size is T.‘GW plxgls URL.: http://ocp.hul.harvard.edu/ihp/

Conclusive Remarks

The major difference between segmentation-based and segmentation-free methods is the
different search space (distinct word images versus the whole document image) where they
operate. This is the basis of each disadvantage or advantage that each approach entails.
The main advantage of the segmentation-based methods is the retrieval speed. The
ability to know the words boundaries inside the document provide profound advantages
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with respect to an efficient retrieval performance. Therefore, segmentation-based methods
are mainly based on word segmentations as there is only one method i.e. Keaton et al.
(1997) which alternatively uses textline segmentation.

On the other hand, if the document is very noisy or very complex to apply a word seg-
mentation method then a segmentation-free methodology is the most appropriate approach.
Unfortunately, current segmentation-free KWS methods seem not to be appealing since
the indexing storage size and the retrieval computation are very costly even when they are
dealing with a medium size (100 pages) datasets. Moreover, the complicated issue of man-
aging directly the whole document image is the main reason that few works deal with the
segmentation-free approach.

Concerning features extraction, it is worth noting, that the majog

are called deep features.
For the training-based methods, the BoVW hags avely it
i (ke the HMMs. The connection with
the HMMs was motivated by the use of HMMs for handv gn transcription using a mod-
elling inherent to the way a human makes a transcription.
started to appear in the KWS context (Shaiiias
Until recently, the most common use

which, there was not a common evaluation pi
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