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Abstract

Handwritten word-spotting is traditionally viewed as an im age matching task be-
tween one or multiple query word-images and a set of candidat word-images in
a database. This is a typical instance of the query-by-examle paradigm. In this
article, we introduce a statistical framework for the word-spotting problem which
employs hidden Markov models (HMMs) to model keywords and a @ussian Mixture
Model (GMM) for score normalization. We explore the use of two types of HMMs for
the word modeling part: continuous HMMs (C-HMMs) and semi-continuous HMMs
(SC-HMMs), i.e.HMMs with a shared set of Gaussians. We show m a challeng-
ing multi-writer corpus that the proposed statistical fram ework is always superior
to a traditional matching system which uses Dynamic Time Warping (DTW) for
word-image distance computation. A very important nding i s that the SC-HMM
is superior when labeled training data is scarce { as low as ansample per keyword
{ thanks to the prior information which can be incorporated in the shared set of
Gaussians.

Key words: word-spotting, hidden Markov model, score normalization, universal
vocabulary, handwriting recognition

1 Introduction

Handwritten word-spotting is the pattern classi cation task which consists in
detecting keywords in handwritten document images [1]. Inhis article, we
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Fig. 1. Examples of the detection task of the wordesiliation (translated as \can-
cellation™) in handwritten documents.

are concerned with the detection of words in handwritten me for document
routing purposes. Nowadays, large institutions and corpations still receive
a high volume of communications in paper form, for instancedsause of their
legal signi cance, as a backlog of old documents to be archiy, or as general-
purpose correspondence. The detection of keywords can bkevant for auto-
matically routing the document. For example, one might givenore priority to
documents containing the word \urgent”, or one might want tore-route the
documents containing \cancellation" (Fig. 1) to the custoner service depart-
ment. A signi cant fraction of these documents (mainly poskis handwritten.
In the following, we discuss why neither traditional handwiting recognition
(HWR) systems nor traditional word-spotting systems are aopletely suited
to our problem. We then describe the proposed solution.

Traditional methods of handwritten word recognition (HWR) are usually too
cumbersome for such a scenario. As was revealed by the rstnk® on word-
spotting, it might not be necessary to decode every singleatacter and word
in a document in order to perform word search. Additionallyit is also a known
fact that HWR systems have not yet achieved competitive pesfmances in



free-style cursive handwriting [2, 3]. Another disadvanige of HWR applied to
this task is their need to be trained with a huge amount of labded data. The
long, tedious and costly process of data collection and artation has to be
repeated for di erent languages when they are based on dient alphabets.
Finally, it was shown that word-spotting systems avoiding MVR can perform
at a higher speed.

Two main types of word-spotting approaches can be identi eddepending on
how the input is speci ed: the query-by-stringand the query-by-example

In query-by-string approaches [4, 5], character models have been trained in
advance and at query time the models of the characters forngrnthe string
are concatenated into a word model and the probability of eacword image

is evaluated. Thus, such approaches are very similar to HWR/sfems. Once
trained, these approaches allow searching for any possikkyword. However,
they present similar drawbacks to HWR systems.

In query-by-example approaches [6, 7, 8, 9, 10, 11], the input is an image
of the word, and the output is a set of word images that are mosimilar in
appearance to the query image. This can be seen as a conteasdéd image
retrieval (CBIR) task. The search for a desired keyword is fject to having
an exemplary image of this keyword available. Because thestdt is based on a
distance measure between the query and all candidate wordages, no training
is involved. However, the performance is limited. Many of & works that
belong to this category have shown acceptable performanasdatasets which
contain data from a single or few writers. However, it remas unclear how
these methods would perform in multi-writer conditions. Insome cases, the
performance can be increased by querying multiple times \witli erent images
and combining the results. While it is intuitive that a statistical model could
boost the performance by combining the di erent queries it a single model,
to the best knowledge of the authors this option has remainaghexplored in
the handwritten word-spotting literature.

The main contribution of the present work is to overcome the rawbacks of
both approaches. Instead of querying by string or by exampleve query by
"word-class": we select one or multiple examples from the sieed word and
train a probabilistic model for this word. Word candidates a detected by
evaluating the posterior probability of the candidate giva the model. The
statistical tools to achieve this objective are hidden Mardv models (HMM)
[12] for word models and GMMs for the score normalization [L®art. We
explore the use of two types of HMMs for the word modeling partontinuous
HMMs (C-HMMs) and semi-continuous HMMs (SC-HMMs), i.e.HMM with
a shared set of Gaussians.

We show experimentally how the proposed approach is consgistly superior



to a query-by-example system on a challenging multi-writecorpus. A very
important nding is that the the SC-HMM is superior when labded training
data is scarce { as low as one sample per keyword { thanks to thgior
information which can be incorporated in the shared set of G&sians.

Compared to a traditional HWR system based on character motewhich
requires large amounts of labeled training samples, our ajmach requires a
limited number of labeled samples for a given word-class. iBhmakes the
proposed approach extremely easy to extend for instance tew languages.

Besides the statistical framework, we also introduce som®velties in terms
of feature extraction. The rest of the article is organizedsafollows. Section 2
discusses the related work. Section 3 presents an overvieihe entire word-
spotting system. Section 4 describes the features implenteth in our system.
The main focus of the article is Section 5 describing the siatical modeling
in depth. The experimental validation of the system is repded in section 6
and nally conclusions are drawn in section 7.

2 Related work

Originally, word-spotting was formulated for detecting wods or phrases in
speech messages [14, 15, 16], and then extended to locatalsvor typed text

documents [17, 18, 19]. In [6] it was rst proposed for o -lie handwritten

documents, as a way to automatically index historical docuent collections.
This enabled the paradigm of search engines for handwritt@locument images
[20, 21, 22].

Several works have tried to address word-spotting with sttagies similar to
HWR systems. Their main idea is to work with character modeland then
to concatenate them into word models using either HMMs [4, Sjr simpler
statistical assumptions [23]. An advantage of these systens that they allow
to search for any keyword (or even a more general entity such &treet name"
[24]) once the character models are trained. Although the&im is not to obtain
a complete transcript, the concept is pretty much the same a88WR systems.
Hence, the limitations discussed in the introduction alsopply to this kind of
methods.

However, as discussed in the introduction, the most popul@ype of approach
is the query-by-example. It consists in matching an input imge with one or
multiple query images to determine a distance (or, equivaidy, similarity)

that might indicate a correspondence. Two main classes of @paches have
been proposed for handwritten word-spotting. The rst typeof approaches
uses holistic techniques. This means that an image is debad with a sin-



gle feature vector and a distance between the vectors is ded. Manmatha
et al. [6] use directly the image pixels as features and apptiie Scott and
Longuet-Higgins (SLH) distance [25], which is invariant toa ne transfor-

mations. Zhang et al. [26] employ a set of binary features tadl GSC (for
gradient-structural-concavity) and match them using a caelation-like mea-
sure.

The second type of approaches describes a word image as a $dbaal fea-
tures. For instance, Leydier et al. [27] use the gradient aleg as features and
a cohesive elastic distance. Rothfeder et al. [28] use a aardetector and an
elastic distance between corner positions. However, theatt-of-the-art tech-
nique for computing the distance is dynamic time warping (DW). A variety
of features has been proposed for DTW matching such as worcbges [8, 7],
\eigenslits" (PCA projections of the image pixels) [11] or @ntours [10]. These
methods show relatively good accuracy and speed in applimats such as his-
torical document retrieval. However, it is also worth mentning that all the
previously referred works, except [26] report results ongdedata by a single
or few writers. Thus the generalization capability of thesapproaches to more
complex detection tasks is not clear. None of the works usirtge query-by-
example approach employs a statistical framework.

3 System overview

As mentioned in the introduction, the solved problem in thiswork is the de-
tection of a set of known keywords in an incoming ow of scandeletters. A

signi cant fraction of these letters are handwritten and canot be processed
by OCR systems. Therefore it is generally processed manydily human oper-
ators, which results in a tedious, expensive and slow taskottever we should
note that, apart from mail routing, the system presented in his work could be
applied to other problems of similar nature, such as indexinhistorical doc-

uments, document categorization and, more generally, melata extraction

from document images.

In the following sections we will provide the details of the posed word-
spotting system. Although we put the focus on the crucial sps of feature
extraction and statistical modeling, an overview of the wat-spotting system
is provided for completeness in this section. Fig. 2 graplailty summarizes the
steps of the current system.

Segmentation. First, a set of word images is extracted from the document
image. The process identi es the document zones and linesings common
techniques such as morphological operations and projectipro les analysis
[29]. An example of projection pro le is depicted in Fig. 3. ® separate the
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Fig. 2. Overview of the proposed handwritten word-spotting system.
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Fig. 3. Horizontal projection pro le for a piece of image

words in each of the obtained lines, rst the connected compents are identi-
ed, their convex hull is computed and they are ordered fromelft to right. A

distance is assigned to neighboring components which ecq#tie shortest dis-
tance between their convex hulls. This is based on [30] and]J&nd illustrated
in Fig. 4. Distances larger than a threshold are likely to coespond to word
gaps. A k-means algorithm with 2 centroids is used to obtairhe threshold in
an unsupervised manner.

While this segmentation method can work reasonably well inean handwrit-
ing, segmentation is usually error-prone in noisy handwiitg. For that reason,
we consider di erent thresholds to produce several segmation hypotheses to
ensure that the correct word separation con guration is casidered among all
the segmented elements. The same idea was used in [32]. In@asge, the gaps
in a line are sorted according to their similarity to the threshold, and the rst
Nhyp gaps are used to generate segmentation hypotheses. Afteelpninary
experiments we set the valuéNy,, = 10.



Fig. 4. Connected components convex hulls and gap distances

Fast rejection. The previous multiple hypothesis segmentation produces
about 300 word hypotheses per letter. To reduce the procesgicost of the
statistical modeling, the list of word images to analyze isrst pruned using
two simple steps. First, images whose width is unlikely to caespond to the
width of the keyword are removed, by comparing the image wititwith the
empirical distribution of widths in the training set. Somevhat surprisingly, the
image width was found to be more discriminative than the trational width /
height ratio. For the remaining images, we compute a set of lstic features,
by applying the features described in section 4 to the word iage globally.
This is a much rougher description of the images but it allowsery fast clas-
si cation using a sparse logistic regression (SLR) classir [33]. On a dataset
of 630 documents (see section 6) with more than 180 000 wordpbyheses,
approximately, 94% of the extracted word hypotheses are pmad while falsely
rejecting 10% of the keyword images.

Normalization. The images surviving the fast rejection step are subject to
common normalization processes to reduce their variabylitFirst, the skew is
corrected by computing the vertical projection pro le of the image in multiple
rotations and selecting the rotation that maximizes the stadard deviation of
the pro le. The slant of the image is corrected in a similar wga for a number
of shear transforms of the image, we select the one that maxias the hori-
zontal projection pro le (a shear transform is illustratedin Fig. 5(a)). In the
normalization box of Fig. 2 some examples of skew and slanti@cted images
are shown. After that, the size of the image is corrected. &t, we determine
the upperline and baselinelike in [34]. Then, we rescale the image so that the
distance between upperline and baseline (denoted agin body) is a xed
value of = 18 pixels. This provides images of a uniform size vwhout being
much in uenced by the sizes of ascenders and descenders.afin we perform
a \silence removal" operation, inspired from speech recogon, which in our
case consists in removing the image columns that only comiabackground
pixels (see Fig. 5(b) for an example). We con rmed that all tese operations
increased the performance of the nal system. We do not perfo any normal-
ization of width of the words since we will employ HMMs and th&e can cope
with variable-length sequences. The same applies for dynantime warping
(DTW) which is used for comparison in section 6.4.

Feature extraction. From each normalized image, a sequence of feature vec-
tors is obtained. A sliding window is shifted along the imag&om left to right,
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and at each position a feature vector is extracted. Our systeis independent
of the particular features computed at this step. Currently the best perfor-
mance is obtained with the local gradient histogram (LGH) fatures, that we
proposed in [35], but we also consider other features. We hdevote section 4
to the description of the features that are used in this work.

Statistical modeling.  This is the principal focus of this work. The main
issues in the statistical modeling part are the choice of mets for p(X jW)
and p(X). In this work we have chosen HMMs and GMMs, respectively. We
see how these two components are especially linked in theecasthe SC-HMM
and how the SC-HMM is able to learn from a very small set of sargs. The
statistical modeling part is examined in detail in section 5

4 Feature extraction

To show that our statistical approach is feature-independ, several features
were implemented and evaluated. We included features thatd been previ-
ously employed for modeling handwritten words in a HMM fram&ork [36, 37]
as well as our features [35]. The well-known feature set inghword-spotting
domain [8] is not considered because it is a subset of the faas in [36] and
they showed poorer performance in preliminary experimentsith respect to
the superset. All the considered features follow a slidingimdow approach: a
xed-width window shifts column by column from left to right and at each
position a feature vector is extracted. The sequence of vecs obtained in this
fashion can be suitably modeled with HMMs. We describe the the feature
types we evaluated.



4.1 Column features

One of the most in uencing works in oine handwriting recognition using

HMMs is probably the one by Marti & Bunke [36]. In their work ard other

recent works (cf. [38]) by these authors, the features areki&n columnwise.
From the set of foreground pixels in each image column, 9 geeimcal features
are computed, namely: the total number of foreground pixglshe mean, sec-
ond order moment, minimum and maximum of their positions, te di erences
between the maximum and minimum values with respect to the prious col-
umn, the number of black-white transitions, and the number foforeground
pixels between upper- and baseline.

To obtain features robust to the size variations of ascend#descenders, the
authors of [36] scale the three main zones of an image (the sketermined by
the upperline and baseline) to a prede ned height. This wodlrather belong

to the normalization step explained in Section 3. However,erxprefer to have a
common image normalization step independent of the featuweTherefore, we
impose a similar strategy at feature extraction time in whie we consider that
the baseline corresponds to a vertical coordinate pf= 0 and the upperline to

y = 1. A further improvement that was found experimentally is © treat each

individual feature sequence as a signal and apply a Gaussieonvolution to

smooth the signals.

4.2 Pixel count features

Contrarily to the column features, in another well-known wdk by Vinciarelli
et al. [37] the width of the sliding window comprises severablumns. At each
position, the height of the window is adjusted to the area aatlly containing
pixels, and then it is split into a 4 4 cell grid. The pixel counts in each
of these cells are concatenated to form a 16-dimensional tiea vector. To
avoid boundary problems at the very rst or very last positims of the sliding
window, we assume the area outside the image consists of lgackind pixels.

Again, two additional improvements were found in practice(a) to apply a
prior Gaussian smoothing to the word images, and (b) to norntiae the fea-
ture vectors so that the sum of their components is 1, makinché features
independent of stroke thickness.



Fig. 6. Feature extraction process

4.3 Local gradient histogram (LGH) features

The LGH features were proposed in [35] inspired by the compmrtvision lit-
erature [39] and show better performance than other commoedtures. Fig. 6
provides an overview of the process.

First a Gaussian lter is applied to a word imagd (x; y) to obtain the smoothed
imageL(x;y). From L, the horizontal and vertical gradient componentss,
and G, are determined as

Gx(x;y)= L(x+1;y) L(x 1vy) (1)

and

Gy(x;y)= L(x;y+1) L(xy 1) (2)

Then, the gradient magnitudem and direction are obtained for each pixel
with coordinates (x;y) as

q
m(x;y)= G2+ G2 (3)

and

(xy) =1 (Gy; Gx); (4)

10



Fig. 7. Angular bins for T=8 and angle di erences of (x;y) to the two closest bins

where] is a function that returns the direction of the vector Gyx; Gy) in the
range [ ; ] by taking into account tan *(G,=Gy) and the signs ofGx and
Gy.

A sliding window of xed width traverses the image from left b right to
obtain a sequence of overlapping sub-images of word partsadd sub-image
is further reduced to the region actually containing pixelsand this region is
subdivided in 4 4 regular cells. From all the pixels in each cell, a histogram
of gradient orientations is constructed. We considef = 8 orientations. Each
pixel contributes to the closest bin with an amountm(x;y). Alternatively,
the two closest orientations can share the amoumh(x;y) as determined by a
linear interpolation to reduce the impact of aliasing nois¢see Fig. 7).

The concatenation of the 4 4 histograms of 8 bins gives rise to a 128-
dimensional feature vector for each window position. Eacledture vector is
scaled to have norm 1. This operation can be related to a locabntrast nor-
malization and signi cantly improves performance in pradte.

5 Statistical modeling

The main contribution of this work is to extend the whole-wod query-by
example word-spotting to a statistical modeling frameworkin the traditional
guery-by-example framework, a distancél between a candidate word and a
guery image is computed and the candidate word is said to bedtsame term
if d is below a prede ned threshold. In other cases, several quemages are
considered. Individual distanceg); are computed between the candidate and
each query, and a decision rule combines the scores. In thisrky instead of
using a distance, we train a statistical model using all the wgries and the
score of the word image is the posterior probability of the nuel knowing

11



the image. The main advantage with respect to the query-byxample is that
we expect superior performance. The main advantage with pect to HWR
systems is that we do not need to train subword models, whichowld require
a large labeled word corpus. Instead, we only need keywordgaes to train
the model. One advantage of this is that the approach could bmore easily
extended to other languages that do not use the same alphab#ir instance.

In our approach, the score of a word image X on a word W is the pesor
p(WjX). Usually, it is preferable to work with logarithms. From Bayes' rule
follows that the score (log of posterior) is:

logp(WjX) =log p(XjW) +log p(W) logp(X): (5)

We should distinguish between two types of problems. In cled-world prob-
lems (as discussed in [37]), a word/ from the lexicon is selected according
to W =argmaxy p(WjX). Sincep(X) is constant across all the hypotheses
W, the relevant score is log@(X jW) + log p(W). In contrast, in veri cation
problems, as it is our case, an imagg is said to correspond to wordW, if
p(W,jX) > ,, . being a decision threshold. In this case, lq@fW,) can be
integrated in the decision threshold and the score to be cadsered is

Sh(X) =log p(XjWy) logp(X); (6)

The term p(X) has to be explicitly modeled. It can be interpreted as a cor-
rection of the nasve scorep(X jW). This correction is known under the name
\score normalization” in the literature. In this work, p(X jW,) is modeled us-
ing a HMM and p(X) is modeled using a GMM, as detailed in sections 5.1
and 5.2.

5.1 Hidden Markov models

Hidden Markov models are state-of-the-art in handwriting @cognition [40, 41,
42,43, 44, 45, 36, 46, 37, 38]. A key advantage in handwritingpdeling is that
HMMs can cope with variable-length data and non-linear timeleformations.
The reader is referred to [12, 47] for technical details on HWk.

In practice, a HMM can be employed to represent a whole word ,oalterna-
tively, sub-word units such as characters which can be corieaated to form
general strings. In our particular problem, the former chak is preferable since
it only requires keyword examples as training material. Wedopt the common
left-to-right topology without skip-state jumps (an examge is illustrated in
Fig. 8). Given a training set, the Baum-Welch algorithm [48]s employed for
optimizing the parameters of the model. A trained model canédused to score

12



Fig. 8. An example of left-to-right hidden Markov model

new input images by means of the forward algorithm (or its appximation us-
ing the Viterbi algorithm) [12]. Of course, word images neetd be represented
as sequences of feature vectoks = x;X,:::Xt, also known as sequences of
frames

Inspired by [49], we experimented with two di erent approabes to set the
number of states per word HMM. In the rst case, the number of tates is
proportional to the number of characters in the word. In the scond case, it
is proportional to the average word length (as estimated on #&aining set).

Both approaches lead to very similar detection performanda our case, and
we chose the former one as it does not rely on the training mait. A number

of 10 states per letter is employed in the experiments.

In the following, we consider two HMM types, namely the contiuous HMM
(C-HMM) and the semi-continuous HMM (SC-HMM), which dier in the
computation of the emission probabilities.

Continuous HMM

In C-HMMs, the likelihood of emitting a framex; in state j is modeled using
a Gaussian mixture model (GMM)

Ri

B(X)= WiNXdj ji; 1) (7)

=1

where N; denotes the number of Gaussians in state N (xj; ) denotes a
normal distribution with mean and covarialgce matrix , and the weights
w; are subject to the constraints 0 w; and | w; = 1.

13



Semi-continuous HMM

The large amount of Gaussian parameters found in a continustdiMM can be
reduced if we restrict all the state-dependent Gaussian pfts to come from a
global pool of p.d.f.'s [50, 51] so that the only state-depdent parameters are
the mixture weights. This case is known asemi-continuousor tied-mixture
HMM . In this case, the observation probabilities in statg are written as

X! .
b (x¢) = ) Wi N(X¢j 15 1): (8)

=1

However, sometimes a large N is needed for obtaining goodwecy, and in
practice the number of parameters of the SC-HMM can be largénan in the
C-HMM. Nevertheless, in this case the mixture weights tendotbe sparse.

The pool of Gaussians is obtained by training a GMM in an unswgvised way
from a large set of frames appearing in many di erent word saphes. Here,
the Gaussians represent soft clusters of similar frames, @y can be inter-

preted as 'codewords' of a vocabulary, like in the computerision literature

[52]. We refer to this GMM as \universal vocabulary" of shapg since each
codeword represents a part of a character, a connector, a idgharacter, etc.
In the speech recognition literature, this is known as univeal background
model (UBM) [53]. Since the means and covariance matricestbé SC-HMM

are taken from the universal vocabulary, only the transitia probabilities and

mixture weights have to be updated at training time. A weightw; is the

frequency of the codebook shapein state j .

The use of a universal vocabulary brings a crucial bene t tow approach.
Usually, C-HMMs shows very poor generalization performaaavhen the train-
ing material is scarce, due to over tting. On the other hand,the SC-HMM
is constrained by the a priori information contained in the isual vocabulary.
Thus it will obtain reasonable performances in the case wheea small amount
of training material is available, which is crucial in a wordspotting problem. In
fact, experiments in section 6.4 show that even in the caseafingle training
sample we outperform a classical DTW-based query-by-exalapmpproach.

5.2 Score normalization

The second component of the statistical model deals with theomputation of
p(X) in Eg. 6. First, we review existing approaches for score noalization
and then we will describe the proposed method in detail.

14



Score normalization approaches

Score normalization is a well studied topic in speech/speakrecognition ap-
plications [13, 15]. More recently, several works in the dlof HWR have used
score normalization for writer veri cation [54] or rejecton strategies [55].

In the speech and handwriting recognition literature, two rain score normal-
ization approaches can be identi ed. The rst score normatiation approach
consists in splitting the evidencep(X) into:

p(X) = p(W)p(XjW) + p(W)p(X jW) (9)

wherep(W) = 1 p(W) and p(XjW) is an anti-model of word W. The
posterior then becomes

: p(W)p(WjX)
WjX)= . . 10
PIVIX)= SOWYROKIW) + p(W)P(X W) (10
1
= —_: (12)
p(W) p(XjW)
L+ 5wy poxw)
and the following likelihood ratio can be used for scoring:
p(XjW)
— ! 12
p(X W) (12

The most widely used approach to computingg(X jW) is the so-called cohort
models [56].X is scored against a set of alternative models, the cohortsych
the scores are then combined by taking the average or the maor finstance.
However, in a small vocabulary word-spotting application liere is generally
no available set of cohorts and this approach cannot be apgdi.

The second approach, which is more suited to the word-spattj problem,
consists in modeling directly the distributionp(X) of all the words that might
be encountered by the system [15]. This model is generallyfgged to as ller
mode| garbage model, world model or background model. It is tragd on a
su ciently large set of representative sample images. Theraditional approach
is to use for the ller model the same topology as for the word adel. This
means that if the word model is a HMM with e.g. 100 states, thethe ller
model will be a HMM with 100 states.

15



Fig. 9. A summary of the training and test procedure

Proposed score normalization

To model p(X), we follow the philosophy of ller models but we propose
to use a di erent topology and use instead a GMM. Indeed, we ppose to

estimate a universal vocabulary, as explained in sectionlsand score a sample
X = X1Xz:::X7 using the log-likelihood on the vocabulary GMM:

Xt
logp(X) = logp(Xtj cmm ); (13)

t=1

where gum denotes the parameters of the universal vocabulary. Note Wwo
this score normalization is especially convenient for theCSHMM case since
the universal vocabulary is already available from the preous step. In this
case, the only extra cost induced by the score normalizatios the evaluation
of Eq. 13. In the C-HMM case, however, the universal vocabuiahas to be
explicitly estimated at training time. A summary of the scoing procedure is
given in Fig. 9.

Despite the fact that a GMM does not take into account the ordéng of the
frames, contrarily to a HMM, experimental results in sectio 6.3 show that
the proposed approach is on par in terms of detection accusawith respect
to the ller model based normalization. But more importantly, thanks to its
simpler structure, it has a signi cantly lower computatioral cost at test time.
Also, there is only one GMM model for score normalization faall keywords.
In the case of ller models, if the di erent keywords have dierent topologies,
di erent ller models must be used. This increases even morthe di erence
in computational cost.
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Interpretation of score normalization

The need for score normalization can be understood using dlustrative ex-
ample. Let us imagine the image of a word written with a writig style that
does not appear in the training set. Even if the image correspds to key-
word W, the log-likelihood p(X jW) might be low. In contrast, when score
normalization is considered, the frames will also score lam the universal vo-
cabulary (i.ep(X) will be low), thus keeping the ratio p(X jW)=p(X ) approx-
imately constant. The same e ect is found in the opposite cas When a word
contains frames that are very frequent in the vocabulary, # log-likelihood
p(X jW) will be high, but in this casep(X) is also large and score normaliza-
tion counter-balances this e ect. In general, score normahtion compensates
for mismatches between training and test conditions and wds with frequent
patterns (i.e.frequent letters).

6 Experiments

The proposed statistical framework for word-spotting is aluated in a series
of experiments. First, the experimental conditions are desbed. Then, we
evaluate the system performance and the e ect of score nortization. Finally,
we compare our framework with the traditional image matchig approach and
study the in uence of the amount of training material.

6.1 Experimental setup

Keyword-spotting experiments are carried out on real maiirom data. We use
a dataset containing 630 scanned letters written in Frenchubmitted to the
customer department of a company. Because we consider thestrpage of
individual letters, it is assumed that each letter is from a derent writer.
The writing is unconstrained and the letters contain artif&ts such as stricken
words and spelling mistakes.

Word hypotheses are segmented from the page images as exjdiin section 3
and the sub-images corresponding to speci ¢ keywords are mally labelled.
The 10 most frequent word classes (e.g. \Monsieur", \Madanig \esilier",
\contrat", etc.) are used in the experiments. The number ofdbeled positive
samples for the di erent keywords ranges from 208 to 750. Thdoes not mean
that these words are easy to detect. Actually, these valuesive to be compared
to the 180,000 word hypotheses generated by the segmentatiprocess (as
commented in section 3). For instance, the most frequent wab (750 samples)
corresponds to 0.4% of the word hypotheses. Thus the probkdyithat these
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samples appear by chance among the top retrieved results isry small. We
chose the most frequent words to ensure that we have enouglsplive samples
to estimate robustly the retrieval accuracy.

The letters are split into 6 folds, numbered from 0 to 5. Same$ from fold O
will be used exclusively for training the universal vocabaly. The other folds
will remain for the training and evaluation of keyword moded, which is done
on a 5-fold cross validation basis.

The numeric results reported in this section refer to the sedf samples not
eliminated by the fast rejection step. As mentioned above paut 180,000 word
hypotheses are extracted from the 630 documents. In the cant setting, the
fast rejection step eliminates on average 94% of them for @akeyword class
(by falsely rejecting 10% of the real positives keywords).His is just an exem-
plary setting which is application-dependent but we have aderved the general-
ity of the approach for other settings in separate experimén Approximately
25 word images per keyword and per document survive the fagfjection step.

For evaluation, we plot traditional precision-recall cures. To summarize the
performance of a system with a single gure, we measure the énage Preci-
sions (AP) for the 10 keywords and report the mean (later refieed to as mean
AP or mAP).

6.2 System performance

In the rstround of experiments, we compare the C-HMM and SGHMM using
the three di erent feature types described in section 4. Fothese experiments
we use all the available training data (the in uence of the amunt of training
data is studied in section 6.4).

In Table 1 we compare the LGH features to the Marti & Bunke and Yhciarelli
features for the C-HMM case, in terms of mAP values. This is de for a
number of Ng = 1;2;4;8;16 Gaussians per state. For eacNg we also have
to evaluate the optimal number of Gaussians of the GMM used rfascore
normalization. This is one disadvantage of the C-HMM. The dpnal number
of Gaussiand\ of the GMM for each case is given in brackets in Table 1. The
precision-recall curve for the wordesiliation is shown on Fig. 10.

The best performance (mMAP = 0.870) is obtained using the LGHeatures, with
a HMM of 16 Gaussians per state and a universal vocabulary di5Gaussians.
In practical systems we might prefer to use a reduced numbef Gaussians,
e.g. 8 since the cost of training and testing is reduced appimately by half
and the di erence in mAP is less than 0.01. The obtained ressl show very
robust performance. For illustration, in Fig. 11 we plot the25 samples with
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Table 1

Comparison of mAP values of the LGH features with those of theVinciarelli and
Marti & Bunke features, as a function of the number of Gaussias in the HMMs.
In each case, the universal vocabulary leading to best perfmance is used. The
number of Gaussians of the best universal vocabulary is givein brackets.

Ng Marti & Bunke Vinciarelli LGH

1 0.670 (32) 0.687 (8)  0.807 (8)
2 0.692 (16) 0.745 (16)  0.836 (32)
4 0.694 (64) 0.783 (32) 0.857 (128)
8 0.700 (64) 0.803 (64) 0.867 (256)
16 0.697 (64)  0.810 (128) 0.870 (512)

T T —GH
0.9r B Vinciarelli et al |
‘ v Marti & Bunke
0.8 7
0.7F
- 0.6
2
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<
& 04t
0.3
0.21
0.1
0 i i i
0 0.2 0.4 0.6
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Fig. 10. Precision-recall curve for the dierent feature types for the keyword
esiliation using C-HMM

highest score in the model of the wordksiliation . All samples are actually
a correct instance of the keyword. Indeed, the rst incorrdcsample comes
at position 196, despite the variability in the writing. For the other words, a
similar behaviour is obtained. The rst negative sample oags, in average, at
position 156 (min is 37 and max 321).

In table 2 we report the same results for the SC-HMM. The presion-recall
curve for the keywordeesiliation are shown on Fig. 12. In this case, the best
performance (MAP = 0.82) is again obtained by the LGH featur® and is
below the performance shown by the C-HMM. It is achieved by a edel with
1024 Gaussians. Clearly the number of Gaussian componemntsthe visual
vocabulary is the main parameter which governs the performae of the SC-
HMM. Since such a HMM is described by 1024 weights per staten@10 states
per character), the e ective number of parameters is largégut inspection of
these values reveals that the weight vectors are very sparse
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Fig. 11. Best ranked samples by the model of the keyworaksiliation

Table 2
mAP values for the Mart & Bunke, Vinciarelli and LGH features in the SC-HMM
case.

N Marti & Bunke Vinciarelli LGH

128 0.727 0.741 0.758
256 0.748 0.767 0.766
512 0.755 0.780 0.793
1024 0.759 0.791 0.815
1= L I T T
: " —LGH
097 e \\_\\ Vinciarelli et alyy
: ' Marti & Bunke
0.8+ g
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- 06
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@ 0.4f
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Recall

Fig. 12. Precision/recall plots obtained for the di erent f eature types for the keyword
esiliation using SC-HMM

6.3 Score normalization

Although the experiments in previous section have considsat score normal-
ization, we would like to provide some more experiments to derstand their
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e ect. In the current round of experiments we compare the p&rmance of
three settings: 1) without score normalization 2) with a ller model, 3) with
the proposed GMM-based score normalization. We provide réts for the LGH
features but experiments (not shown here) have shown the gaality of the
approach for the other feature types.

For the system without score normalization, experiments shwv that training
the HMMs with more than 1 Gaussian per mixture does not give agni cant
performance improvement. This is surprising when compagnwith the results
found in the literature, which use a larger number of Gaussig, and also given
the large number of training samples. Hence, we keep 1 Gaassper mixture
for the sake of computational e ciency.

When using a ller model, the best performance is obtained vem both the
word HMM and the ller HMM have 16 Gaussians per mixture. Findly, for the
proposed system, the best performance is obtained for a HMMtlw 16 Gaus-
sians per mixture and the normalizing GMM of 512 Gaussians peixture,
as reported in the previous section.

Table 3 provides the mAP values for the three noralization semes. We can
observe a signi cant improvement in terms of mAP when scoreonmalization

is considered. Also, it can be observed that the ller modelpproach and the
proposed GMM approach are on par in terms of detection accura

Table 3

Mean average precision (mAP) values of (i) the system withoti score normaliza-
tion, (ii) the ller model based normalization, and (iii) th e proposed GMM score
normalization, using LGH features and C-HMMs.

Score norm. mMAP

None 0.771
GMM 0.870
Filler 0.868

However, the training process of the GMM with 512 Gaussiansikes 2.5 less
time than training a ller model with 16 Gaussians. And at tes time, the
scoring on the GMM is 4.6 times faster than on the ller model © average.
On top of that, if word dependent ller models are employed { a in our case
{, the computational cost must be multiplied by the number ofdi erent ller
models. Thus it is clear that the proposed GMM-based normatation provides
an advantage in terms of computational cost with respect tohe traditional
ller model approach.

In SC-HMM experiments, we found that the SC-HMM without scoe normal-
ization performed very poorly for our particular problem. Qir best explanation
is the dimensionality of the LGH features. It is a known fact hat in HMMs
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Table 4

Mean average precision (mAP) values of (i) the system withoti score normaliza-
tion, (i) the ller model based normalization, and (iii) th e proposed GMM score
normalization, using SC-HMMs.

Score norm  mAP

None 0.074
Filler 0.816
GMM 0.815

with continuous emission probabilities, mixture weights lay a less and less
important role as the dimensionality of the feature vectorsncreases. For in-
stance, in the case of a model with 512 Gaussians, mixture gleis have values
on the order of E512 = 2:10e 3. This is to be compared with the Gaussian
likelihoods which are on the order of 1°. As the mixture weights are the

only word-dependent parameters of the emission probabiés of an SC-HMM

and as their in uence is very small compared to the Gaussiarnkélihoods,

the poor performance of the SC-HMM is not completely surpiiisg. However,

when applying the score normalization based on the same paflGaussians
underlying the SC-HMM, the performance dramatically incrases. This is ap-
preciated from the mAP values reported in Table 4.

Note also that the GMM normalization performs essentially & well as the
ller-based normalization. However the important point isthat the GMM is

already available from the training phase of the SC-HMM. In antrast, the
ller model must be explicitly constructed. Thus the cost saed by using the
GMM is very high.

In the previous section we stated that an advantage of our seonormaliza-
tion approach in the SC-HMM case is that it reduces the mismah between
training and test conditions due to the fact that both p(X jW) and p(X) use
the same pool of Gaussians. Let us analyze this statementngian additional
experiment. In Table 5 we show the performances for SC-HMM thia SC-
HMM of N Gaussians but using a universal vocabulary di° Gaussians for
score normalization. One can appreciate that in the cases ale N 6 N°the
performance decreases compared to the cases where the saow [ used
(N=N"). In preliminary experiments [57] we observed the sam behavior for
the two other features, although the performance drop is lesexaggerated.
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Table 5

MAP values for SC-HMM using di erent pools of Gaussians, forthe LGH features. N

is the number of Gaussians in the SC-HMM pool and N' is the numler of Gaussians
in the universal vocabulary used for score normalization. @course, in the case N=N'
the same pool is used and this reduces to the results shown inable 2.

N/N 128G 256G 512G 1024 G
128 G 0.758 0.104 0.078 0.070
256 G 0.203 0.766 0.178 0.120
512G 0.243 0.390 0.793 0.338
1024 G 0.289 0.407 0.549 0.815

6.4 Comparison with DTW and evaluation of the in uence of traning sam-
ples

It is useful to compare the performance of the two proposed sfgms based
on C-HMMs and SC-HMMs to a state-of-the-art query-by-exanip approach
which uses dynamic time warping (DTW) to compute the distane between
word-images. We especially study the in uence of the numbesf querying
samples on the accuracy of the three methods.

For the DTW baseline, we use the Euclidean distance for thedividual vector-
to-vector distance and divide the score by the length of theawping path, to
conform to [8]. When querying with multiple images, we compa the distance
between the query images and the candidate image and use agrador the
candidate the minimum distance.

The experimental protocol is as follows. We select randoméy set ofM sam-
ples for querying. We repeat this procedure 10 times to redeithe e ects of
randomness and report the average. Of course, this reducest sf training
images is the same for DTW, SC-HMM and C-HMM. We report expements
with M =1;5; 10; 25,50; 100. In the case of DTWM = 50; 100 are not consid-
ered due to the fact that the computational cost at test timemcreases linearly
with the number of training samples and thus very high even fa few tens of
samples. In contrast, this is not a problem for the C-HMM andhe SC-HMM
since the evaluation time of a model is xed, independent ofhe number of
training samples.

The results of the described experiments are shown in Fig..13t us analyze
this important result:

(1) For a high amount of training samples N > 50), the C-HMM gives
the best performance. This is compatible with the results dained in
section 6.3, where we already observed this fact when traigi with all
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Fig. 13. Mean average precision (mAP) of the DTW, SC-HMM and HVMM in their
best settings as a function of the number of training samples

@)

3)

the available samples. This result is also not surprising bause the C-
HMM does not have any constraint and should be able to increaghe
accuracy with increasing number of training samples.

More interestingly, when the training material is scare (N < 50) the SC-
HMM is superior to the C-HMM, the latter obtaining poor perfamance.
This result can be explained by the fact that the SC-HMM is costrained

to the UBM and therefore incorporates prior information tha comple-
ments the model in lack of training data. In contrast, becawesthe C-HMM

does not include this constraint, it over ts to the training data and does
not generalize well.

SC-HMM is consistently superior to DTW. This fact shows he advantage
of combining samples into a statistical model as opposed toraputing

individual distances. But surprisingly, also in the case d single training
sample. Although we would expect a model to be incapable ofkaing

relevant information from a single training sample, againhe SC-HMM

incorporates prior information and is capable of building aompetitive

model just from the initial GMM and a single training sample.To the

best of the author's knowledge, this advantage of the SC-HMMad not

been reported before.
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7 Conclusions

We presented a robust handwritten word-spotting system famail documents
using a statistical framework. One property of mail documéranalysis is the
complexity of the data due to the large variety of writing styes and because
of the spontaneous writing. The presented approach is sigrantly more ac-
curate than a traditional query-by-example approach, whéd being fast and
requiring a moderate amount of labeled training data. It inorporates some
elements new in the handwriting modeling domain, such as tteMM-based
score normalization.

Apart from the robust performance shown by the system, an ingstant nd-
ing of this work is that a SC-HMM does not over t when trained wth few
samples. Even with a single training sample, it retrieves o@ct words more
e ciently than the traditional DTW-based approach. This is thanks to the
a priori information incorporated in the SC-HMM. To the bestknowledge of
the authors, this advantage had not been reported previoysl

The aforementioned nding opens a set of new perspectivesproblems where
it is not possible/desirable to have more than one or a couplef training
examples, for instance incremental systems: initially, # system is trained
with one or few manually collected examples and then it candorporate more
training samples by means of user feedback or active leargitechniques.

A current limitation of the proposed system is that it uses a gnerative ap-
proach for classi cation, although, in general, discrimiative approaches are
superior. This is a general problem of the HMM that we will adcess in future
work.
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