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Abstract

Hidden Markov Models (HMMs) are now widely used for off-line handwriting
recognition in many languages. As in speech recognition, they are usually
built from shared, embedded HMMs at symbol level, where state-conditional
probability density functions in each HMM are modeled with Gaussian mix-
tures. In contrast to speech recognition, however, it is unclear which kind of
features should be used and, indeed, very different features sets are in use to-
day. Among them, we have recently proposed to directly use columns of raw,
binary image pixels, which are directly fed into embedded Bernoulli (mix-
ture) HMMSs, that is, embedded HMMs in which the emission probabilities
are modeled with Bernoulli mixtures. The idea is to by-pass feature extrac-
tion and to ensure that no discriminative information is filtered out during
feature extraction, which in some sense is integrated into the recognition
model. In this work, column bit vectors are extended by means of a sliding
window of adequate width to better capture image context at each horizontal

position of the word image. Using these windowed Bernoulli mixture HMMs;,
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good results are reported on the well-known IAM and RIMES databases of
Latin script, and in particular, state-of-the-art results are provided on the
IfN/ENIT database of Arabic handwritten words.

Keywords: HTR, Bernoulli HMM, Latin, Arabic, Sliding window

1. Introduction

Hidden Markov Models (HMMs) are now widely used for off-line hand-
writing recognition in many languages and, in particular, in languages with
Latin and Arabic scripts (Dehghan et al., 2001; Giinter and Bunke, 2004;
Mérgner and El Abed, 2007, 2009; Grosicki and El Abed, 2009). Following
the conventional approach in speech recognition (Rabiner and Juang, 1993),
HMMs at global (line or word) level are built from shared, embedded HMMs
at character (subword) level, which are usually simple in terms of number of
states and topology. In the common case of real-valued feature vectors, state-
conditional probability (density) functions are modeled as Gaussian mixtures
since, as with finite mixture models in general, their complexity can be eas-
ily adjusted to the available training data by simply varying the number of
components.

After decades of research in speech recognition, the use of certain real-
valued speech features and embedded Gaussian (mixture) HMMs is a de-facto
standard (Rabiner and Juang, 1993). However, in the case of handwriting
recognition, there is no such a standard and, indeed, very different sets of
features are in use today. In Giménez and Juan (2009) we proposed to by-

pass feature extraction and to directly feed columns of raw, binary pixels into

embedded Bernoulli (mixture) HMMs (BHMMs), that is, embedded HMMs
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in which the emission probabilities are modeled with Bernoulli mixtures. The
basic idea is to ensure that no discriminative information is filtered out during
feature extraction, which in some sense is integrated into the recognition
model. In Giménez et al. (2010), we improved our basic approach by using
a sliding window of adequate width to better capture image context at each
horizontal position of the text image. This improvement, to which we refer
as windowed BHMDMSs, achieved very competitive results on the well-known
IfN/ENIT database of Arabic town names (Pechwitz et al., 2002).

Although windowed BHMMs achieved good results on IfN/ENIT, it was
clear to us that text distortions are more difficult to model with wide windows
than with narrow (e.g. one-column) windows. In order to circumvent this dif-
ficulty, we have considered new, adaptative window sampling techniques, as
opposed to the conventional, direct strategy by which the sampling window
center is applied at a constant height of the text image and moved horizon-
tally one pixel at a time. More precisely, these adaptative techniques can
be seen as an application of the direct strategy followed by a repositioning
step by which the sampling window is repositioned to align its center to the
center of gravity of the sampled image. This repositioning step can be done
horizontally, vertically or in both directions. Although vertical repositioning
was expected to have more influence on recognition results than horizontal
repositioning, we decided to study both separately, and also in conjunction,
so as to confirm this expectation.

In this paper, the repositioning techniques described above are introduced
and extensively tested on different, well-known databases for off-line hand-

writing recognition. In particular, we provide new, state-of-the-art results on
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the IfN/ENIT database, which clearly outperform our previous results with-
out repositioning (Giménez et al., 2010). Indeed, the first tests on IfN/ENIT
of our windowed BHMM system with vertical repositioning were made at the
ICFHR 2010 Arabic Handwriting Recognition Competition, where our sys-
tem ranked first (Méargner and El Abed, 2010). Moreover, the test sets used
in this competition were also used in a new competition at the ICDAR 2011
and none of the participants improved the results achieved by our system at
the ICFHR 2010 conference (Méargner and El Abed, 2011). Apart from state-
of-the-art results on IfN/ENIT, we also provide new empirical results on the
IAM database of English words (Marti and Bunke, 2002) and the RIMES
database of French words (Grosicki et al., 2009). Our windowed BHMM
system with vertical repositioning achieves good results on both databases.
In what follows, we briefly review Bernoulli mixtures (Sec. 2), BHMMs
(Sec. 3), maximum likelihood parameter estimation (Sec. 4) and windowed
BHMMs repositioning techniques (Sec. 5). Empirical results are then re-

ported in Sec. 6 and concluding remarks are given in Sec. 7.

2. Bernoulli Mixture

Let o be a D-dimensional feature vector. A finite mixture is a probability

(density) function of the form:

Po|©)=) mPlo|k©y), (1)

k=1
where K is the number of mixture components, 7, is the k-th component
coefficient, and P(o | k,©®y) is the k-th component-conditional probability

(density) function. The mixture is controlled by a parameter vector ® com-
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prising the mixture coefficients and a parameter vector for the components,

®;. It can be seen as a generative model that first selects the k-th component

with probability 7 and then generates o in accordance with P(o | k, ©y).
A Bernoulli mixture model is a particular case of (1) in which each com-

ponent k has a D-dimensional Bernoulli probability function governed by its

own vector of parameters or prototype pr = (pr1,--.,prp)" € [0, 1]D,
D
P(o | k,©x) =[] 4 (1 — pra)' (2)
d=1

where pgq is the probability for bit d to be 1. Note that this equation is just
the product of independent, unidimensional Bernoulli probability functions.
Therefore, for a fixed k, it can not capture any kind of dependencies or

correlations between individual bits.

3. Bernoulli HMM

Let O = (0y4,...,0r) be a sequence of feature vectors. An HMM is a

probability (density) function of the form:

P<O | 6) :Z HG’QtQtJrl Hb% (025)7 <3>

q1,.-,q7 t=0
where the sum is over all possible paths (state sequences) qq, .. ., gri1, such
that qo = I (special initial or start state), gry1 = F (special final or stop
state), and ¢1,...,qr € {1,..., M}, being M the number of regular (non-
special) states of the HMM. On the other hand, for any regular states ¢ and 7,
a;; denotes the transition probability from ¢ to j, while b; is the observation

probability (density) function at j.
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A Bernoulli (mixture) HMM (BHMM) is an HMM in which the probabil-
ity of observing the binary feature vector o;, when ¢; = j, follows a Bernoulli

mixture distribution for the state j

K D
bj(or) =Y i [ [ #5i (1 = pywa)' =, (4)
d=1

k=1
where 044 is the d-th bit of o, 7, is the prior of the k-th mixture component
in state j, and pjiq is the probability that this component assigns to o to
be 1.

Consider the upper part of Fig. 1, where a BHMM example for the num-
ber 3 is shown, together with a binary image generated from it. It is a
three-state model with single prototypes attached to states 1 and 2, and a
two-component mixture assigned to state 3, where Bernoulli prototypes are
depicted as a gray image (black=1, white=0, gray=0.5). It is worth noting
that prototypes do not account for the whole digit realizations, but only for
single columns. This column-by-column emission of feature vectors attempts
to better model horizontal distortions at character level and, indeed, it is the
usual approach in both speech and handwriting recognition when continuous-
density (Gaussian mixture) HMMs are used. The reader can check that, by
direct application of (3) and taking into account the existence of two different
state sequences, the probability of generating the binary image generated in
this example is 0.063.

As discussed in the introduction, BHMMs at global (line or word) level
are built from shared, embedded BHMMs at character level. More precisely,
let C' be the number of different characters (symbols) from which global

BHMNMs are built, and assume that each character ¢ is modeled with a dif-



Figure 1: BHMM examples for the numbers 3 (top) and 31 (bottom), together with binary
images generated from them. Note that the BHMM example for the number 3 is also
embedded into the number 31 example. Bernoulli prototype probabilities are represented

using the following color scheme: black=1, white=0,gray=0.5 and light gray=0.1.
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ferent BHMM of parameter vector ©.. Let ® = {©,...,0¢}, and let
O = (04, ...,07) be a sequence of feature vectors generated from a sequence
of symbols S = (s1,...,s.), with L <T. The probability of O can be calcu-

lated, using embedded HMMs for its symbols, as:

P(O | Sv 8) = Z HP(Oil>"'70il+1—1 | 981)7 (5)

Uyeeipy1 =1
where the sum is carried out over all possible segmentations of O into L

segments, that is, all sequences of indices 41, ..., 7511 such that
l=i < - <ip<ipn=T+1;

and P(0;,,...,0,,,-1 | ©,) refers to the probability (density) of the [-th
segment, as given by (3) using the HMM associated with symbol s;.

Consider now the lower part of Fig. 1. An embedded BHMM for the
number 31 is shown, which is the result of concatenating BHMMs for the
digit 3, blank space and digit 1, in that order. Note that the BHMMs for
blank space and digit 1 are simpler than that for digit 3. Also note that the
BHMM for digit 3 is shared between the two embedded BHMMSs shown in the
figure. The binary image of the number 31 shown above can only be generated
from two paths, as indicated by the arrows connecting prototypes to image
columns, which only differ in the state generating the second image column
(either state 1 or 2 of the BHMM for the first symbol). It is straightforward
to check that, according to (5), the probability of generating this image is
0.0004.
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4. Maximum Likelihood Parameter Estimation

Maximum likelihood estimation (MLE) of the parameters governing an
embedded BHMM does not differ significantly from the conventional Gaus-
sian case, and it is also efficiently performed using the well-known EM (Baum-
Welch) re-estimation formulae (Rabiner and Juang, 1993; Young et al., 1995).
Let (01, 51),--.,(On, Sn), be a collection of N training samples in which the
n-th observation has length 7,,, O,, = (0u1,- .., 0u7, ), Which corresponds to
a sequence of L, symbols (L, < T,), S, = (Sn1,---,SnL,). At iteration 7,
the E step requires the computation, for each training sample n, of its corre-
sponding forward («) and backward () recurrences (see Rabiner and Juang

(1993)), as well as

r) D r Ontd r 1—ontd
) Wimjk [T pgn)ljkd ( _pgn)ljkd> 6
znltk<j) - b(r) (0 ) ) ( )
Snlj nt

for each ¢, k, j, [. In (6), zgzk(j) is the probability of o,; to be generated

in the k-th mixture component, given that o,; has been generated in the

j-th state of symbol s;. The conditional probability function b (0n) is

SnlJ
analogous to that defined in (4).
In the M step, the Bernoulli prototype corresponding to the k-th compo-

nent of the state j for character ¢ has to be updated as

Th r .
(7j+1) _ 1 Z El:snl:c t=1 filik(])ont (7)
G yan(d) PO, |5, 00)

where 7. (j) is a normalization factor

. Zl:snl:c Zil 57(1219 (j)
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and fggk( j) is the probability of O, when the ¢-th feature vector of the n-th
sample corresponds to symbol s; and is generated by the k-th component of

the state j,

SROETHOEROEMIEIR (9)
Similarly, the k-th component coefficient of the state j in the HMM for
character c is updated by

(r+1) 1 Zl:snl:c fnltk( )

Mok — . , 10
=55 2= TP, [ 5mew) (10)
where 7.(j) is a normalization factor
Stsyie i Oia(7) Bt )
Ve(J) = = : (11)
2 P(Oy | Sp, 1)

Finally, it is well-known that MLE tends to overtrain the models. In
order to amend this problem Bernoulli prototypes are smoothed by linear

interpolation with a flat (uniform) prototype, 0.5,

p=(1—06)p+605, (12)

where ¢ is usually optimized in a validation set or fixed to a sensible value
such as 6 = 107°
5. Windowed BHMMs

Given a binary image normalized in height to H pixels, we may think of a
feature vector o, as its column at position ¢ or, more generally, as a concate-

nation of columns in a window of W columns in width, centered at position

10
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t. This generalization has no effect neither on the definition of BHMM nor
on its MLE, although it would be very helpful to better capture the image
context at each horizontal position of the image. As an example, Fig. 2
shows a binary image of 4 columns and 5 rows, which is transformed into
a sequence of four 15-dimensional feature vectors (first row) by application
of a sliding window of width 3. For clarity, feature vectors are depicted as
3 x 5 subimages instead of 15-dimensional column vectors. Note that feature
vectors at positions 2 and 4 would be indistinguishable if, as in our previous
approach, they were extracted with no context (W =1).

Although one-dimensional, “horizontal” HMMs for image modeling can
properly capture non-linear horizontal image distortions, they are somewhat
limited when dealing with vertical image distortions, and this limitation
might be particularly strong in the case of feature vectors extracted with
significant context. To overcome this limitation, we have considered three
methods of window repositioning after window extraction: wvertical, horizon-
tal, and both. The basic idea is to first compute the center of mass of the
extracted window, which is then repositioned (translated) to align its center
to the center of mass. This is done in accordance with the chosen method,
that is, horizontally, vertically, or in both directions. Obviously, the feature
vector actually extracted is that obtained after repositioning. An example
of feature extraction is shown in Fig. 2 in which the standard method (no
repositioning) is compared with the three methods repositioning methods
considered.

It is helpful to observe the effect of the repositioning with real data. Fig. 3

shows the sequence of feature vectors extracted from a real sample of the

11



Repositioning

None

Vertical

Horizontal

Both

Figure 2: Example of transformation of a 4 x 5 binary image (top) into a sequence of
4 15-dimensional binary feature vectors O = (01,02,03,04) using a window of width
3. After window extraction (illustrated under the original image), the standard method
(no repositioning) is compared with the three repositioning methods considered: vertical,

horizontal, and both directions. Mass centers of extracted windows are also indicated.
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IFN/ENIT database, with and without (both) repositioning. As intended,
(vertical or both) repositioning has the effect of normalizing vertical image

distortions, especially translations.

5 VY T
e A
e 2 da Y YAAAAAAS SEREE R B E by
ATy o 11

Figure 3: Original sample pf069-011 from IFN/ENIT database (top) and its sequence

of feature vectors produced with and without (both) repositioning (center and bottom,

respectively).

6. Experiments

Our windowed BHMMs and the repositioning techniques described above
were tested on three well-known databases of handwritten words: the IfN/ENIT
database (Pechwitz et al., 2002), IAM words (Marti and Bunke, 2002) and
RIMES (Grosicki et al., 2009). In what follows, we describe experiments and

results in each database separately.

6.1. IfN/ENIT

The IfN/ENIT database of Arabic handwritten Tunisian town names
is a widely used database to compare Arabic handwriting recognition sys-
tems (Pechwitz et al., 2002). As in the Arabic handwriting recognition com-

petition held at ICDAR in 2007 (Méargner and El Abed, 2007), we used

13
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IfN/ENIT version 2.0, patch level le (v2.0ple). It comprises 32492 Arabic
word images written by more than 1000 different writers, from a lexicon of
937 Tunisian town/village names. For the experiments reported below, each
image was first rescaled in height to D = 30 rows, while keeping the original
aspect ratio, and then binarized using Otsu’s binarization method. The re-
sulting set of binary images was partitioned into five folds labeled as a, b, ¢,
d and e, as defined in (Mérgner and El Abed, 2007).

In a first series of experiments, we tried different values for the sliding
window width W (1, 3, 5, 7, 9 and 11) and also different values for number of
mixture components per state K (1, 2, 4, 8, 16, 32, 64). However, taking into
account our previous, preliminary results in Khoury et al. (2010), we only
tried BHMMs with 6 states as character models. For K = 1, BHMMSs were
initialized by first segmenting the training set with a “neutral” model anal-
ogous to that in Young et al. (1995), and then using the resulting segments
to perform a Viterbi initialization. For K > 1, BHMMSs were initialized by
splitting the mixture components of the models trained with K /2 mixture
components per state. In each case, 4 EM iterations were run after initial-
ization. As usual with conventional HMM systems (Young et al., 1995), the
Viterbi algorithm was used in combination with a table of prior probabilities
so as to find the most probable transcription (class) of each test image.

Fig. 4 (top) shows the Word Error Rate (WER%) as a function of the
number of mixture components, for varying sliding window widths. Each
WER estimate (plotted point) was obtained by cross-validation with the first
4 standard folds (abed). It is clear that the use of sliding windows improves

the results to a large extent. Specifically, the best result, 7.4%, is obtained

14
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for W =9 and K = 32, although very similar results are obtained for W =7
and W = 11. It is worth noting that the best result achieved with no sliding
windows (W = 1) is 17.7%, that is, 10 absolute points above of the best
result achieved with sliding windows.

For better understanding of BHMM character models, the model for char-
acter 'C, trained from folds abc with W = 9 and K = 32, is (partially) de-
picted in Fig. 5 (top) together with its Viterbi alignment with a real image
of the character C drawn from sample de05_.007. As in Fig. 1 (bottom),
Bernoulli prototypes are represented as gray images where the gray level of
each pixel represents the probability of its corresponding pixel to be black
(white = 0 and black = 1). From these prototypes, it can be seen that each
state from right to left accounts for a different local part of 'C, as if the sliding
window was moving smoothly from right to left. Also, note that the main
stroke of the character C appears almost neatly drawn in most prototypes,
whereas its upper dot appears blurred, probably due to a comparatively
higher variability in window position.

Following previous results in Khoury et al. (2010), in the first series of
experiments discussed above we only tried BHMMs with 6 states. However,
in a recent work by Dreuw et al. (2009) where conventional (Gaussian) HMMs
are tested on IfN/ENIT, the authors claim that Arabic script might be better
modeled with character HMMs of variable number of states since Arabic
letters are highly variable in length (as opposed to Latin letters). In oorder to
check this claim, experiments similar to those described above were repeated
with character BHMMs of different number of states. To decide on the
number of states of each character BHMM, we first trained BHMMs of 4

15
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Figure 4: WER(%) on IfN/ENIT as a function of: the number
(K) for several sliding window widths (W) (top); and the factor F' for varying values of

the number of mixture components (K) (bottom).
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Figure 5: Top: BHMM for character 'C, trained from folds abc with W =9 and K = 32,

together with its Viterbi alignment with a real image of the character 'C, drawn from

sample de05_007. Bottom: the sample dm35_037 is incorrectly recognized as s\.JLa.J‘ with

BHMMSs of 6 states, but correctly recognized as I:,J\;,\H with BHMMs of variable number

of states; the background color is used to represent Viterbi alignments at character level.
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states which were then used to segment each training sample by the Viterbi
algorithm. For each character c, its average length T, was computed over all
occurrences of ¢ in the segmented training data. Then, its number of states
was set to F'-T,, where F is a factor measuring the average number of states
that are required to emit a feature vector. The inverse of F, % is easily
understood since it can be interpreted as a state load, that is, the average
number of feature vectors that are emitted in each state. For instance, a
factor of F' = 0.2 implies that only a fraction of 0.2 states is required to emit
a feature vector or, alternatively, that 0% = b feature vectors are emitted on
average in each state.

Fig. 4 (bottom) shows the WER as a function of the factor F', for different
number of mixture components K and a window width of W = 9 (with which
we obtained the best results in the previous experiments). The best result
now, 7.3% (obtained with F' = 0.4 and K = 32), is similar to the 7.4%
obtained with 6 states per character. Therefore, in our case, the use of
character models of different number of states does not lead to a significant
improvement of the results.

Although the results with variable number of states do not lead to signif-
icant improvements, it is interesting to see that there are cases in which, as
expected, Arabic letters are better modeled with them. An example is shown
in Fig. 5 (bottom) using the sample dm33_037. This sample was recognized
using BHMMs with W = 9, K = 32 and both, 6 states (top) and variable
number of states with F' = 0.4 (bottom). In both cases, the recognized word
is Viterbi-aligned at character level (background color). Although it was in-

correctly recognized as w\.n.J‘ with BHMMs of 6 states (top), it was correctly

18
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recognized as &3\= .} with BHMMs of variable number of states (bottom).
Note that there are two letters, 'V’ and ’5’, that are written at the same ver-
tical position (or column) and thus it is very difficult for our BHMMs to
recognize them as two different letters. Anyhow, the incorrectly recognized
word (top) is actually not very different in shape from the correct one; e.g.

Y

the characters 3’ and 75’ are very similar.

As indicated in the introduction, this work is largely motivated by the
development of window repositioning techniques to deal with text distortions
that are difficult to model with our windowed BHMMs. To test these tech-
niques on IfN/ENIT, we used the best settings found above, that is, W = 9,
K = 32 and BHMMs of variable number of states with F' = 0.4. We com-
pared the standard technique (no repositioning) with the three repositioning
techniques introduced in this work: vertical, horizontal and both directions
(see Sec. 5). Results are given in Table 1 for each of the four partitions

considered above (abc-d, abd-c, acd-b, and bed-a) and the partition abed-e,

which is also often used by other authors.

Table 1: WER% on five IfN/ENIT partitions of four repositioning techniques: none (no
repositioning), vertical, horizontal and both. We used W = 9 and BHMMs of variable
number of states (F = 0.4) and K = 32.

Training Test None Vertical Horizontal Both

abc d 7.5 4.7 8.4 4.8
abd ¢ 6.9 3.6 7.7 3.8
acd b 7.7 4.5 8.1 4.4
bed a 7.6 4.4 8.2 4.6
abcd e 12.3 6.1 124 6.1

19
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From the figures in Table 1 it is clear that vertical window reposition-
ing significantly improves the results obtained with the standard method or
horizontal repositioning alone. To our knowledge, the result obtained for the
abced-e partition with vertical (or both) repositioning, 6.1%, is the best result
reported on this partition to date. Indeed, it represents a 50% relative error
reduction with respect to the 12.3% of WER obtained without repositioning
which, to our knowledge, was the best result until now. As said in the in-
troduction, our windowed BHMM system with vertical repositioning ranked
first at the ICFHR 2010 Arabic Handwriting Recognition Competition. In
Table 2 we provide the best results on the test sets f and s (only known by
the organization) from the last four competition editions (Méargner and El

Abed, 2011).

Table 2: Best results from last four editions of the Arabic Handwriting Recognition Com-

petition. Systems are based on HMM, NN (Neural Networks) or a combination of both.

System Technology ~ Conference ACC%

set f  set s
Siemens HMM ICDAR 2007 &87.22 73.94
MDLSTM NN ICDAR 2009 93.37 81.06
UPV PRHLT (This work) HMM ICFHR 2010 92.20 84.62
RWTH-OCR HMM+NN ICDAR 2011 92.20 84.55

6.2. IAM Words

The TAM database comprises forms of unconstrained handwritten English
text drawn from the LOB corpus and written by a total of 657 writers. This

dataset was semi-automatically annotated to isolate text line images and
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individual handwritten words in them, from which two main versions of the
dataset were built: IAM words and IAM lines. For the results reported below,
we have used IAM words on the basis of a standard protocol for IAM lines,
which is a writer independent protocol comprising 6161 lines for training,
920 for validation and 2781 for testing. Only words annotated as correctly
segmented were used, which resulted in 46 956 words for training, 7 358 for
validation and 19907 words for testing. We used a closed vocabulary of
10208 words for recognition, that is, the vocabulary of all words occurring
in the training, validation and test sets. Class priors were computed as a
smoothed unigram language model.

A first series of experiments was conducted on the training and validation
data so as to determine appropriate preprocessing and feature extraction op-
tions. We tested different preprocessing alternatives, from no preprocessing
at all to a full preprocessing method consisting of three conventional steps:
gray level normalization, deslanting, and size normalization (Pastor, 2007).
It is worth noting that, in this context, size normalization refers to a proce-
dure for vertical size normalization of three different areas in the text line
image (ascenders, text body and descenders), which of course might not be
correctly located in all cases. On the other hand, feature extraction com-
prised three steps: rescaling of the preprocessed image to a given height D,
binarization by Otsu’s method, and final feature extraction by application of
a window of a given width W and a particular repositioning technique. We
tested different values of D (30 and 40) and W (9 and 11), and also each of
the four repositioning techniques discussed above.

The best results in our first series of experiments were obtained with a
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13 two-step preprocessing including gray level normalization and deslanting, fol-
;4 lowed by feature extraction with D = 40, W = 9 and vertical repositioning.
15 Using these settings, a second series of experiments was conducted on the
16 training and validation data in which we tested different values for the num-
s ber of states @ (4, 6, 8, 10 and 12) and the number of mixture components
1 per state K (1, 4, 16 and 64). BHMMs were trained as described in Sec. 5
10 for the IfN/ENIT database. The results are shown in Fig. 6. Note that our
.0 best result in it, 24.8%, was obtained with K = 64 and @) = 8.
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Figure 6: WER(%) on IAM words as a function of the number of states (Q) for several

number of mixture components (K).

341 As usual in recognition of handwritten text lines, we may fine-tune sys-

s tem performance by adequately weighting the importance of class priors with
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Table 3: Test-set WER on TAM words obtained with BHMMs and other techniques re-
ported in (Bianne-Bernard et al., 2011).
System WER %

BHMM (this work) 25.8
Context-independent HMM (CI) 35.4
Context-dependent HMM (CD) 32.7
Combination (CI+CD+Hybrid) 21.9

respect to class-conditional likelihoods. This is done by introducing a gram-
mar scale factor G to scale class priors. We tested several values of GG on the
validation set using a system trained in accordance with the best results ob-
tained in the previous series of experiments. A WER of 22.4% was achieved
with G = 90.

In our final experiment on the IAM words dataset, we trained a system
on the training and validation sets, using the best settings found above for
preprocessing, feature extraction and recognition. It achieved a WER of
25.8% on the test set, which is quite good in comparison with other recent
results on TAM words using the protocol described here (Bianne-Bernard
et al., 2011). In particular, as it can be seen in Table 3, BHMMs are much
better than the two systems based on HMM technology alone, though the
combination of these two systems with a third, hybrid system (combining
HMMs and Neural Networks) achieves even better results.

It must be noted that we had already tested conventional BHMMs (with
one-column windows and no repositioning) on IAM words (Giménez and

Juan, 2009), but we used the experimental protocol followed by Giinter and
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Bunke (2004), which is quite different to that used by Bianne-Bernard et al.
(2011) and also here. Although the results are not directly comparable, our
previous result with BHMMs, 29.6%, was not as good as the 25.8% of WER

reported here.

6.3. RIMES

The Reconnaissance et Indexation de données Manuscrites et de fac-
similES (RIMES) database of handwritten French letters was designed to
evaluate automatic recognition and indexing systems of handwritten letters.
Also, it has been used in several international competitions on handwritten
words and line recognition (Grosicki and El Abed, 2009, 2011). For the ex-
periments reported below, we have adopted the WR2 protocol used in the
handwritten word recognition competition held at ICDAR 2009. It comprises
44196 samples for training, 7542 for validation and 7464 for testing. The
lexicon to be used during recognition is that of the set to be recognized (1636
words for validation and 1612 for testing), and the alphabet consists of 81
characters. As above, class priors were computed as a smoothed unigram
language model.

As with IAM words, a first series of experiments was conducted on the
training and validation data to decide on adequate options and parameter
values for preprocessing, feature extraction and recognition. In particular, we
tried three preprocessing alternatives, two repositioning techniques and dif-
ferent number of states (QQ = 4, 6, 8, 10) and mixture components (K = 1,
4, 16 and 64). Other parameter values used were D = 30 and W = 9.
The best WER, 21.7%, was obtained with a two-step preprocessing includ-

ing deslanting and size normalization, followed by feature extraction with
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D =30, W = 9 and vertical repositioning; and then BHMM trained with
@ = 8 and K = 64. Also as with IAM words, the performance of this system
was fine-tuned by trying several values of the grammar scale factor G on the
validation data. We achieved a WER of 18.7% with G = 120.

The best options and parameter values found on the validation set were
used to train a system from the training and validation data, which was finally
evaluated on the test set. We obtained a WER of 16.8%. In Table 4, this
result is compared with those reported at the ICDAR 2009 competition (using
the WR2 protocol) (Grosicki and El Abed, 2009). From these results, it
becomes clear that our windowed BHMM system with vertical repositioning

achieves comparatively good results.

Table 4: Test-set WER on RIMES obtained with BHMMs and different systems partic-
ipating at the ICDAR 2009 competition (using the WR2 protocol). NN and MRF refer,

respectively, to Neural Networks and Markov Random Fields.

System Technology  WER %
TUM NN 6.8
UPV NN-+HMM 13.9
BHMM (this work) HMM 16.8
SIEMENS HMM 18.7
ParisTech (1) NN+HMM 19.8
IRISA HMM 20.4
LITIS HMM 25.9
ParisTech (2) HMM 27.6
ParisTech (3) HMM 36.2
ITESOFT MRF+HMM  40.6
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s 7. Concluding Remarks

307 Windowed Bernoulli mixture HMMs (BHMMs) for handwriting word
38 recognition have been described and improved by the introduction of window
30 repositioning techniques. In particular, we have considered three techniques
wo of window repositioning after window extraction: wvertical, horizontal, and
s both. They only differ in the way in which extracted windows are shifted to
w2 align mass and window centers (only in the vertical direction, horizontally or
w3 in both directions). In this work, these repositioning techniques have been
ws carefully described and extensively tested on three well-known databases for
ws off-line handwriting recognition. In all cases, the best results were obtained
ws with vertical repositioning. We have reported state-of-the-art results in the
w7 IfN/ENIT database, and also good results on IAM words and RIMES.

408 Our current work is focused on the application of BHMMSs to handwrit-
w0 ten text line images and the use of different training techniques. We are also
a0 studying the application of repositioning techniques to other models, par-
a1 ticularly conventional (Gaussian) HMMs. In the mid-term, we plan to try
a2 systems combining our BHMM technology with other technologies such as

4213 Neural Networks.
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