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This chapter describes a system that recognizes freely handwritten
words off-line. Based on Hidden Markov models (HMMs), this system

is designed in the context of a real application in which the vocabulary
is large but dynamically limited. After preprocessing, a word image is
segmented into letters or pseudo-letters and represented by two feature
sequences of equal length, each consisting of an alternating sequence of
shape-symbols and segmentation-symbols that are both explicitly mod-
eled. The word model is made up of the concatenation of appropriate
letter models which consist of elementary HMMs. Two mechanisms are
considered to reject unreliable outputs, depending on whether or not the
unknown word image is guaranteed to belong to the dynamic lexicon.
Experiments performed on real data show that HMMs can be success-
fully used for handwriting recognition.



1 Introduction

Today, handwriting recognition is one of the most challenging tasks and
exciting areas of research in computer science. Indeed, despite the
growing interest in this field, no satisfactory solution is available. The
difficulties encountered are numerous and include the huge variability
of handwriting such as inter-writer and intra-writer variabilities, writing
environment (pen, sheet, support, etc.), the overlap between characters,
and the ambiguity that makes many characters unidentifiable without
referring to context.

Owing to these difficulties, many researchers have integrated the lexi-
con as a constraint to build lexicon-driven strategies to decrease the
problem complexity. For small lexicons, as in bank-check processing,
most approaches are global and consider a word as an indivisible entity
[1] - [5]. If the lexicon is large, as in postal applications (city name or
street name recognition) [6] [10], one cannot consider a word as one
entity, because of the huge number of models which must be trained.

Therefore, a segmentation of words into basic units, such as letters, is
required. Given that this operation is difficult, the most successful
approaches are segmentation-recognition methods in which a loose seg-
mentation of words into letters or pieces of letters is first performed, and
the optimal combination of these units to retrieve the entire letters
(definitive segmentation) is then obtained in recognition udymgamic
programmingtechniques [11], [12], [13]. These methods are less effi-
cient when the segmentation fails to split some letters. On the other
hand, they have many advantages over global approaches. The first is
that for a given learning set, it is more reliable to train a small set of
units such as letters than whole words. Indeed, the frequency of each
word is far lower than the frequency of each of its letters, which are
shared by all the words of the lexicon. Furthermore, unlike analytic
approaches, global approaches are possible only for lexicon-driven
problems and do not satisfy the portability criterion, since for each new
application, the set of words of the associated lexicon must be trained.

More recentlyhidden Markov model@HMMs) [14], [15] have become

the predominant approach to automatic speech recognition [16], [17],
[18]. The main advantage of HMMs lies in their probabilistic nature,
suitable for signals corrupted by noise such as speech or handwriting,



and in their theoretical foundations, which are behind the existence of
powerful algorithms to automatically and iteratively adjust the model
parameters.

The success of HMMs in speech recognition has recently led many
researchers to apply them to handwriting recognition, by representing
each word image as a sequence of observations. According to the way
this representation is carried out, two approaches can be distinguished:
implicit segmentatiof6], [19], [20], which leads to a speech-like repre-
sentation of the handwritten word image, axglicit segmentatiofv],

[9] which requires a segmentation algorithm to split words into basic
units such as letters.

In this chapter, we propose an explicit segmentation-based HMM
approach to recognize unconstrained handwritten words (uppercase,
cursive and mixed). An example of the kind of images to be processed is
shown in Figure 1. This system udbree sets of features: the first two

are related to the shape of the segmented units, while the features of the
third set describe segmentation points between these units. The first set
is based on global features such as loops, ascenders and descenders,
while the second set is based on features obtained by an analysis of the
bidimensional contour transition histogram of each segment. Finally,
segmentation features correspond to either spaces, possibly occurring
between letters or words, or to the vertical position of the segmentation
points splitting connected letters. Given that the two sets of shape-fea-
tures are separately extracted from the image, we represent each word
by two feature sequences of equal length, each consisting of an alternat-
ing sequence of shape-symbols and segmentation-symbols.
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Figure 1. Examples of handwritten word images of city names in France.

In the problem we are dealing with, we consider a vocabulary which is
large but dynamically limited. For example, in city name recognition,



the contextual knowledge brought by the postal code identity can be
used to reduce the lexicon of possible city names to a small size. How-
ever, since the entire lexicon is large, it is more realistic to model letters
rather than whole words. Indeed, this technique needs only a reasonable
number of models to train (and to store). Then each word (or word
sequence) model can be built by concatenating letter models. This mod-
eling is also more appropriate to available learning databases, which
often do not contain all the possible words that need to be recognized.

This chapter is organized as follows. Section 2 describes the theory of
HMMs, and particularly emphasizes on some variants that can enhance
the standard modeling. Section 3 recalls the steps of preprocessing, seg-
mentation and feature extraction. Section 4 deals with the application of
HMMs to handwritten word recognition in a dynamic vocabulary. Sec-
tion 5 presents the experiments performed to validate the approach. Sec-
tion 6 concerns the rejection mechanism considered by our system.
Finally, Section 7 presents some concluding remarks and perspectives.

2 Hidden Markov models

During the last 15 years, HMMs have been extensively applied in sev-
eral areas including speech recognition [18], [21], [22], [23], language
modeling [24], handwriting recognition [6], [9], [25], [26], on-line sig-
nature verification [27], human action learning [28], fault detection in
dynamic systems [29] and recognition of moving light displays [30].

A hidden Markov model is a doubly stochastic process, with an underly-
ing stochastic process that is not observable (hence thehidutdr),

but can be observed through another stochastic process that produces
the sequence of observations [14]. The hidden process consists of a set
of statesconnected to each other tsgnsitionswith probabilities, while

the observed process consists of a setigfutsor observationseach of

which may be emitted by each state according to some output probabil-
ity density function §df). Depending on the nature of ttpdf, several

kinds of HMMs can be distinguished. If the observations are naturally
discrete or quantized usiggiantizationor vector quantizatiofi31], and

drawn from aralphabetor acodebookthe HMM is calleddiscrete[16],

[17]. If these observations are continuous, we are dealing withtan-
uousHMM [17], [32], with a continuougdf usually approximated by a
mixture of normal distributions. Another family of HMMs, a compro-



mise between discrete and continuous HMMs, semi-continuous
HMMs [33] that mutually optimize the vector quantized codebook and
HMM parameters under a unified probabilistic framework.

In some applications, it is more convenient to produce observations by
transitions rather than by states. Furthermore, it is sometimes useful to
allow transitions with no output in order to model, for instance, the
absence of an event in a given stochastic process. If we add the possibil-
ity of using more than one feature set to describe the observations, we
must modify the classic formal definition of HMMs [17]. For discrete
HMMs, we can do this by considering the following parameters:

T: length of the observation sequer@eO = Og, Oy, ..., Ot.1, WhereO;
=00 04, ...,0P, ...,0F Y, the observatio® at timet being drawn
from thep™ finite feature set, anp=0, 1, ...P- 1.

N: number of states in the model.

Mp: number of possible observation symbols forpil?efeature set.
S={sg, Sq,..-,S\-1}: et of possible states of the model.
Q={q4, t=0,1,..T-1;q: state of the process at time

Vp = {vsP, v,P,...,wmP} codebook or discrete set of possible observation
symbols corresponding to tp&‘ feature set.

A = {aj}, g = Pr(g1=5la=s): probability of going from statg at
time t to states at timet + 1, and at the same time producing a real
observatiorO; at timet.

A ={a'j} = {a’}, a'j = Pr(g=sla=s): probability of null transition
from states; at timet to states; at timet, producing null observation

symbol ®. Note here that there is no increase over time since no real
observation is produced.

By = {b;"(K}, bjP(K) = PrOP = wP | a=s;, os1=5): outputpdf of
observing thek™ symbol in thep!" feature set when a transition from
states at timet to states; at timet + 1 is taken. If we assume tReout-

putpdfsare independent (multiple codebooks), we can compute the out-
put probabilityb; (k) as the product of thié output probabilities:



P-1
by (k) = 7] b (k) (1)
p=0
N = {m}, 1t = Pr(g;=s): initial state distribution. In general, it is more
convenient to have predefined initial and final stagesndsy.; that do
not change over time. In this casg~= 1 andm, =0 fori =1, 2,.N- 1.

A, A" andB, obey the stochastic constraints:

N M,-1
Y [ay+ayl=1 ) bj (k) = 1 p=01..,P-1 (2)
i=0 k=0

Given a model, to be represented by the compact nofatii, A’, By)

wherep=0, 1, ...P- 1, three problems must be solved.

1. Given an observation sequer@e O, O, ...,O7.; and a modeA,
how do we compute the probability GfgivenA, Pr(O]A)? This is the
evaluationproblem.

2. Given the observation sequei@e Og, Oy, ...,Or.1 and the model,
how do we find the optimal state sequenca ithat has generated?
This is thedecodingproblem.

3. Given a set of observation sequences and an initial lpdelv can
we re-estimate the model parameters so as to increase the likelihood of
generating this set of sequences? This isrdieing problem.

2.1. The evaluation problem

To computePr(O[A), we modify the well-knowifiorward-backwardoro-
cedure [17] to take into account the assumption that symbols are emitted
along transitions, the possibility of null transitions, and the use of multi-
ple codebooks. Hence, we define torvard probabilityoy(i) as

o(i) = Pr(Og, Oy, ..., Oy _1, Gt = §|A) (3)

i.e., the probability of the partial observation sequedgeOy, ..., O
(until timet - 1) and the statg reached at time given the modeA.
a¢(i) can be inductively computed as follows:



Initialization

ae(0) = 1.0
N-1
. L . 4
ag(j) = z ajag(i) ] =01..,N-1
i=0
given thatsy is the only possible initial state.
Induction
N-1 [’D_l 0
i) = Y |3 [ PO - 1(0) + @ (i) (5)
i=ol D=0 O

j=01..,N-1 t=1,..,T

by summing over all states that may lead to statand picking the

appropriate time of a transition depending on whether we are dealing
with a real observation or a null observation.

Termination

Pr(OJA) = a(N-1) (6)

given thatsy.q is the only possible terminal state. Similarly, we define
the backwardprobability 3(i) by

Bi(1) = Pr(O Oty g, -, O1_4| % = S, A) (7)
i.e., the probability of the partial observation sequence fromtttméhe

end, given statg reached at timé and the modek. 3,(i) can also be
inductively computed as follows

Initialization

Br(N-1) = 1.0
N-1
BT(i) = z alijBT(j) i=01.. N-1

j=0

(8)

given thatsy_; is the only possible terminal state.



Induction

N-1 [’3—1 0
B() = 3 | ayg[] ol OO+ 10) + a3iBe() (9)
j=oL =0 U
i=01..,N-1 t=0..,T-1
Termination
Pr(OJA) = By(0) (10)

given thatsy is the only possible initial state.

2.2. The decoding problem

The decoding problem is solved using a near-optimal procedutdtthe
erbi algorithm [34], [35], by looking for the best state sequence ,= (

Jy.-.., gy) for the given observation sequen©e= (Og, Oy, ..., Or.p).
Again, we modify the classic algorithm [17] in the following way. Let

O (i) = maxgq q....q._, Pr(dg Ay, - Gt = 8, Op, Oy, -, Op_1|A) (11

i.e., &(i) is the probability of the best path that accounts for thetfirst
observations and ends at stgtat timet. We also define a function
W,(i), the goal of which is to recover the best state sequence by a proce-
dure calledbacktracking &(i) andW(i) can be recursively computed in

the following way:

Initialization
5o(0) = 1.0
Wo(0) = 0
. . _ (12)
Bp(l) = maxggjen—1 &jjd(i) j=01..,N-1
Wo(i) = argmaxy o n-1 &jjo(i) i=01..,N-1
given thatsy is the only possible initial state.
Recursion
-1 0
8() = maxoion—1 [@g[ b (Or-1)EBi—a()idl;&(0) (13)

=0 =



-1 0
Wi(i) = argmaxgcicn-1 aij%l_l bﬁ(ot—l)%t—l(i);alijat(i) (14)
=0 -
i=01.. N-1 t=12..T
Termination
PO = 5;(N-1) (19)
q;0=N-1 (16)

given thatsy_; is the only possible terminal state.
Path recovering: Backtracking procedure

0= W, 1(0 10 t=T-1,T-2..,0. (7)

As shown above, except for the backtracking procedure, Viterbi and for-
ward (Equations (4) (6)) procedures are similar. The only difference is
that the summation is replaced by a maximization.

2.3. The training problem

The main strength of HMMs is the existence of a procedure called the
BaumWelch algorithm [16], [17] that iteratively and automatically
adjusts HMM parameters given a training set of observation sequences.
This algorithm, which is an implementation of tB&1 (expectation
maximizatiof algorithm [36] in the HMM case, guarantees the model to
converge to a local maximum of the probability of observation of the
training set according to threaximum likelihood estimatiofMLE) cri-
terion. This maximum depends strongly on the initial HMM parameters.
To re-estimate HMM parameters, we first deff&i,j), the probability

of being in state at timet and in state at timet + 1, producing a real

observatiorO; given the model and the observatonand&(i,j), the
probability of being in statg at timet and in statg at timet, producing
the null observatio® given the model and the observat®n

E(i.0) = Pr(6,= 5,0, = §[O.A) (18)

£0(.J) = Pr(a=s,0 = 5[0, ) (19)



The development of these quantities leads to
-1 O
(D)2 g b (O + 1)
g

1. .. h=o
£liii) = e (20

HEEE L (21)

We also defing(i) as the probability of being in stageat timet, given
the observation sequence and the model.

Yi(i) = Pr(g; = 5|0, 2) (22)
vi(i) is related td(i,j) and&,%(ij) by the following equation:

N-1
WD) = Y (&) +EGD] =

j=0

ay(1)By(i)
Pr(O|A)

(23

The re-estimations of HMM parameterg, { ' jj}, { b;P(K)} are

— _ expected number of transitions franat timet to s, at timet + 1

aj = expected number of being (24)

—  expected number of transitions franto §; and observingb

ay = —— (25)
J expected number of being &

o, . _ exp.num. of symboIsE in transition froms; attimet to s; attimet + 1

blj(k) = (26)

exp. num. of transitions frorg at timet to s; at timet + 1

Given the definitions o&(ij), Etz(i J) andy(i), it is easy to see, when
we are using one observation sequebgcthat

T T EF—l 0
§G0) Y a3y biO P+ 10)
gy e = B2 (27
z Yi(1) z o (1B (i)
t=0 t=0



T

S EGD Y adayB0)

a—” e e (28)
3w Y alB)
= t=0
T T d"l 0
3 3N WG T Ak ] o O0 )
bj(k) = =0 = T dD—lq)_O (29
XAD) S ai(iay 5[ bf (OI)H?m(n
t=0 t=0 =0
where o(x,y) = Ey Tx=y g

o otherwise
For a set of training sequend@®), O(1),...,0(U- 1) (sizeU), as is usu-
ally the case in real-world applications, the above formulas become

Uu-1T u-1 d’
S 3 &) z P(u) z (i, u)a.,D|'| b (op(u))ﬁsmo u)
ay; = L5257 == t uo 1 T (30
T 3 wiw z 55 3 ali wBG.Y)
u=0t=0 = t=0
u-1T Uu-1 T
Y YEGLY Y 55 Y adwabiw
&y = 5T =51 (31)
Y YW Y S e wBGw)
u=0t=0 u=0 t=0
u-1T
S Y 800, g (i)
bij (k) = “=0P
AU
u=0t=0
Uu-1 T [’D_l
z P(u) 3 8(0F(u), viou(i, u)ay {7 bf (op(u))ﬁsmo u)
% _ t=0 B=o0 (32)

uU-1 T db_l -
Z ﬁ Z Gt(i, U)aij %l_l bﬁ(O?(u))%Hl(], U)
u=0  t=0 B-o 0



In the above equations, the indejs introduced intax, B, &%, £2 andy

to indicate the observation sequeri@@) currently used. Note that a
new quantityP(u) = Pr(O(u)|\) appears, since this term is now included

in the summation and cannot be eliminated as before. Training can also
be performed using treegmentak-meansalgorithm or Viterbi training

[37]. The idea behind this algorithm is that after initializing the model
parameters with random values, each word is matched against its associ-
ated feature sequence via the Viterbi algorithm. According to the current
model, observation sequences of the training set are segmented into
states (or transitions) by recovering the optimal alignment path. The re-
estimations of the new HMM parameters are then directly obtained by
examining the number of transitions between states and the number of
observations emitted along transitions. This procedure is repeated (as in
Baum-Welch training) until the increase in the global probability of
observing training examples falls below a small fixed threshold.
Although this algorithm is less optimal than the Baum-Welch algorithm,

it generally leads to good results and is faster in computation.

3 Representation of Word Images

In Markovian modeling, each input word image must be represented as
a sequence of observations, which should be statistically independent,
once the underlying hidden state is known. To fulfill the latter require-
ment, the word image is first preprocessed by 4 mododessline slant
normalization lower case letter areaormalizationwhen dealing with
cursive wordscharacter skew correctigrand finally,smoothing

Indeed, beside the fact that these variabilities are not meaningful to rec-
ognition and cause a high writer-sensitivity in classification, thus
increasing the complexity in a writer-independent handwriting recog-
nizer, they can introduce dependence between observations. For
instance, a word with a highly slanted baseline is likely to give rise to
many segments (after the segmentation process) with incorrectly
detected descenders. In the absence of the baseline slant, none of these
descenders will be detected, hence the idea of dependence between
observations when the writing baseline is not normalized. The same
thought can be made about the character slant. After preprocessing, we
perform segmentation and feature extraction processes to transform the
input image into an ordered sequence of symbols (first assumption).



3.1. Preprocessing

In our system, the preprocessing consists of four steseline slant
normalization lower case letter arequpperbaseling normalization

when dealing with cursive wordsharacter skew correctignand
finally, smoothing The goal of the first two is to ensure a robust detec-
tion of ascenders and descenders infiosirfeature set. The third step is
required since theecondfeature set shows a significant sensitivity to
character slant (Section 3.3). Baseline slant normalization is performed
by aligning the minima of the lower contour after having removed those
corresponding to descenders and those generated by pen-down move-
ments, using thkeast square methaahd some thresholding techniques.
Upper-baseline normalization is similar, and consists of aligning the
maxima of the upper contour after having filtered those corresponding
to ascenders or uppercase letters. However, the transformation here is
non-linear since it must keep the normalized lower-baseline horizontal.
The ratio of the number of filtered maxima over the total number of
maxima is used as anpriori selector of the writing style: either cursive

or mixed if this ratio is above a given threshold (fixed at 0.4 after sev-
eral trials) or uppercase, in which case no normalization is done. Char-
acter skew is estimated as the average slant of elementary segments
obtained by sampling the contour of the word image, without taking into
account the horizontal and pseudo-horizontal segments. Finally, we
carry out a smoothing to eliminate noise appearing at the borders of the
word image, and resulting from the application of the continuous trans-
formations associated to the above preprocessing techniques in a dis-
crete space (bitmap). Figure 2 shows an example of the steps of
preprocessing. More details on the description of these techniques can
be found in [38].
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Figure 2. Preprocessing steps applied to word imdggsriginal image(b) and(c)
baseline slant normalizatiofd) character slant normalizatiof®) lower-case letter
area normalizatior(f) definitive image after smoothing.



3.2. Character segmentation of words

As mentioned earlier, segmentation of words into smaller units is neces-
sary when dealing with large vocabularies. Segmentation techniques
used in the framework of HMM-based handwritten word recognition
approaches can be divided intoplicit andexplicit methods. Implicit
methods are inspired by those considered in speech recognition which
consist of sampling the speech signal into successive frames with a fre-
guency sufficiently large to separately detect the different phonetic
events (for instancg@honemesusing minimal supervised learning tech-
niques [16], [39]. In handwriting, they can either work at the pixel col-
umn level [6], [20] or perform aa priori scanning of the image with
sliding windows [19], [40]. Explicit methods, on the other hand, try to
find explicitly the segmentation points in a word by using some charac-
teristic points such as upper (or lower) contour minima, intersection
points, or spaces. Implicit methods are better than explicit methods in
splitting touching characters, for which it is hard to find regularly
explicit segmentation points. However, due to the bidimensional nature
of off-line handwritten word images, and to the overlap between letters,
implicit methods are less efficient here than in speech recognition or on-
line handwriting recognition. Indeed, vertical sampling makes it diffi-
cult to capture the sequential aspect of the strokes, which is better repre-
sented by explicit methods. Moreover, in implicit methods,
segmentation points have to be also learned.

On the other hand, when employing explicit methods, the basic units to
be segmented are naturally the alphabet letters. Unfortunately, because
of the ambiguity encountered in handwritten words, it is impossible to
correctly segment a word into characters without resorting to the recog-
nition phase. Indeed, the same pixel representation may lead to several
interpretations, in the absence of the context which can be a lexicon or
grammatical constraints. In Figure 3, for instance, the group of letters
inside the dashed square could be interpretedhe absence of context
given by the wordStrasbourg - as lreur ", "lrun ", "bour "
(correct spelling),Baun ™, etc.
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Figure 3. Ambiguity in handwritten words.

In view of the above remark, our concern is to design a segmentation
process that tries to detect all the potential segmentation points, instead
of only the real ones. This gives rise to several segmentation options,
with the optimal one to be implicitly recovered during recognition. Inte-
grating the above ideas, our segmentation algorithm is based on the fol-
lowing two hypotheses:

* There exist natural segmentation points corresponding to disconnected
letters.

» The physical segmentation points between connected letters are
located at the neighborhood of the image upper contour minima.

The segmentation algorithm makes use of upper and lower contours,
loops, and upper contour minima. Then, to generate a segmentation
point, a minimum must be located at the neighborhood of an upper-con-
tour point that permits a vertical transition from the upper contour to the
lower one without crossing any loop, while minimizing the vertical tran-
sition histogram of the word image. This strategy leads to a correct seg-
mentation of a letter, to an undersegmentation of a letter (letter
omission), or to an oversegmentation in which case a letter is split into
more than one piece. Figure 4 gives an example of the behavior of the

segmentation algorithm.
o) ik
ads

Figure 4. Segmentation of words into letters (a) or pseudo-letters (b).




3.3. Feature Extraction

The aim of the feature extraction phase is to extract in an ordered way,
suitable to Markovian modeling, a set of relevant features that reduce
redundancy in the word image, while preserving the discriminative
information for recognition. Unlike in speech recognition where the
commonly used features are obtained using well defined physical and
mathematical concepts such as linear predictive codiR{)([17],

there is no such agreement about the optimal features to be extracted
from handwritten words. This is why topological features, features
based on the pixel level, on the distribution of black pixels and on global
transformationsKourier, Walsh KarhunenLoeve etc.) are often used

in handwritten word recognition. Our main philosophy in this phase is
that lexicon-driven word recognition approaches do not require features
to be very discriminative at the segment (grapheme) level, because other
information such as context (particular letter ordering in lexicon words,
nature of the segmentation points) and word length, are available and
permit high discrimination of words. Thus, our idea is to consider fea-
tures at the grapheme level with the aim of clustering letters into classes.

Given our segmentation algorithm, a grapheme may consist of a full
character, a piece of a character or more than a character. Such features
cannot capture fine details of the segments, but this allows on the other
hand a description of the segments with less variability, ensuring a better
learning of the distribution of the features over the characters.

In our system, the sequence of segments obtained by the segmentation
process is transformed into a sequence of symbols by considering two
sets of features. The first séy[in Figure 6] is based on global features

such as loops, ascenders and descenders. Ascenders (descenders) are
encoded in two ways according to their relative size compared to the
height of the upper (lower) writing zone. Loops are encoded in various
ways according to their membership in each of the three writing zones
(upper, lower, median), and their relative size compared to the sizes of
these zones. The horizontal order of the median loop and the ascender
(or descender) within a segment is also taken into account to ensure a
better discrimination between letters suchlkdsahd 'd" or "p" and 'g".

This encoding scheme can be described simply by representing a seg-
ment by a binary vector, the components of which indicate the presence



or the absence of the characteristics mentioned above. Each combina-
tion of these features within a segment is encoded by a distinct symbol.
For example, in Figure 6, the first segment is encoded by syrhbol "
reflecting the existence of a large ascender and a loop located above the
core region. The second segment is encoded by syrahahtlicating

the presence of a small loop within the core region. The third segment is
represented by symbol ®, which encodes shapes without any interest-
ing feature. This scheme leads to an alphabet of 27 symbols.

The second feature sdt)[in Figure 6] is based on the analysis of the

bidimensional contour transition histogram of each segment in the hori-
zontal and vertical directions. After a filtering phase, the histogram val-
ues may be 2, 4 or 6. We focus only on the median part of the histogram,
which represents the stable area of the segment. In each direction, we
determine the dominant transition number (2, 4 or 6). Each different pair
of dominant transition numbers is then encoded by a different symbol or
class. This coding leads to 3 x 3 = 9 symbols. In Figure 5, for instance,
letters B", "C" and 'O', whose pairs of dominant transition numbers are
(6,2), (4,2) and (4,4), are encoded by symbols cald"C' and 'O,
respectively. In order to distinguish between the leti&ts"D", "O' and

"P", ideally encoded by the same symbal (4,4), we added new sym-
bols by a finer analysis of the segments. The subcl&ss"'(D") is cho-

sen if the number of points of the lower contour located on the baseline
and included in the median (or stable) zone of the segment is greater
than a threshold, depending on the width of this zone. The subelass "

is detected if the dominant number of transitions in the horizontal direc-
tion (4, in this case) loses its dominant character when focusing on the
lower part of the segment. Similar techniques are used to discriminate
between other letter classes, leading to a final feature set of 14 symbols.

Figure 5. Transition histograms of segmented shapes.



In addition to the two feature sets describing segmented shapes, we also
use segmentation features that try to reflect the way segments are linked
together. These features consist of three categories. For not connected
segments, two configurations are distinguished: if the space width is less
than a third of the average segment wid8\(J, we decide that there is

no space and encode this configuration by the symiiplotherwise,

we validate the space and we encode it in two wag' @r "#"),
depending on whether the space width is larger or smalle Athénh

For connected segments, the considered feature is the segmentation
point vertical position. This feature is encoded in two ways (symbbls "

or "u") depending on whether the segmentation point is close to or far
from the writing baseline. Hence, we obtain 5 segmentation features.

Space features have been considered in order to increase the discrimina-
tion between cursive and uppercase letters, while the vertical position of
the segmentation or over-segmentation point is taken into account to
discriminate between pairs of letters such as',(0"), ("u","v"),
("'mi,"w), ("HLUY.

Finally, given that the two sets of shape-features are extracted indepen-
dently, the feature extraction process represents each word image by two
symbolic descriptions of equal length, each consisting of an alternating
sequence of symbols encoding a segment shape and of symbols encod-
ing the segmentation point associated with this shape (Figure 6).

Fi:LsOs-u-s-u-s 0s- # Hs0s OnHs0sBson
Fo: BsOsrursrurs OsO # ROs On |sCsOsrn
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Figure 6. Pair of feature sequences representing a word (or sequence of words) image.



4 Markovian Modeling of Handwritten
Words

This section addresses the application of HMMs in handwritten word
recognition. We begin first by briefly describing some related works in
this field. Then, we give the justifications behind the design of the
model we propose, and we detail the steps of learning and recognition as
used in our system.

4.1. HMM use in handwritten word recagnition

Recently, HMMs have been applied to several areas in handwriting rec-
ognition, including noisy printed text recognition [41], isolated charac-
ter recognition [42], [43], on-line word recognition [44], [45], [46] and
off-line word recognition. In the last application, several approaches
have been proposed.

Gillies [6] is one of the first to propose an implicit segmentation-based
HMM for cursive word recognition. First, a label is given to each pixel
in the image according to its membership in strokes, holes and concavi-
ties located above, within and below the core region. Then, the image is
transformed into a sequence of symbols which result from a vector
guantization of each pixel column. Each letter is characterized using a
different discrete HMM, the parameters of which are estimated on train-
ing data corresponding to hand-segmented letters. The Viterbi algorithm
is used in recognition and allows an implicit segmentation of words into
letters as a by-product of the word-matching process.

Bunke et al. [26] propose an HMM approach to recognize cursive words

produced by cooperative writers. The features used in their scheme are
based on the edges of the word skeleton graph. A semi-continuous
HMM is considered for each character, with a number of states corre-

sponding to the minimum number of edges expected of this character.
The number of codebook symbols (the number of gaussians) was
defined by manual inspection of the data, and recognition is performed

using abeamsearch-driven Viterbi algorithm.

Chen et al. [47] use an explicit segmentation-based continuous density
variable duration HMM for unconstrained handwritten word recogni-



tion. In this approach, observations are based on geometrical and topo-
logical features, pixel distributions, etc. Each letter is identified with a
state which can account for up to 4 segments per letter. The statistics of
the HMM (transition, observation and state duration probabilities) are
estimated using the lexicon and the manually labeled training data. A
modified Viterbi algorithm is applied to provide several outputs, which
are post-processed using a general string editing method.

Cho et al. [40] use an implicit segmentation-based HMM to model cur-
sive words. The word image is first split into a sequence of overlapping
vertical grayscale bitmap frames, which are then encoded into discrete
symbols usingrincipal component analysand vector quantization. A
word is modeled by an interconnection network of character and liga-
ture HMMs, with a number of states depending on the average sequence
length of corresponding training samples. A clustering of ligature sam-
ples is performed to reduce the number of ligature models so as to
ensure a reliable training. To improve the recognition strategy, several
combinations of Forward and Backward Viterbi are investigated.

Finally, Mohamed and Gader [20] use an implicit segmentation-based
continuous HMM for unconstrained handwritten word recognition. In
their approach, observations are based on the location of black-white
and white-black transitions on each image column. A 12-state left-to-
right HMM is designed for each character. The training of the models is
carried out on hand-segmented data, where the character boundaries are
manually identified inside word images.

4.2. The proposed model

As shown above, several HMM architectures can be considered for
handwritten word recognition. This stems from the fact that the correct
HMM architecture is actually not known. The usual solution to over-
come this problem is to first make structural assumptions, and then use
parameter estimation to improve the probability of generating the train-
ing data by the models. In our case, the assumptions to be made are
related to the behavior of the segmentation and feature extraction pro-
cesses. As our segmentation process may produce a correct segmenta-
tion of a letter, a letter omission, or an oversegmentation of a letter into
two or three segments, we built an eight-state HMM having three paths
to take these configurations into account (Figure 7). In this model,



observations are emitted along transitions. Transtygnemitting the
null symbol®, models the letter omission case. Transitignemits a
symbol encoding a correctly segmented letter shape, while trartgition

emits a symbol encoding the nature of the segmentation point associated
with this shape. Null transitiosg models the case of oversegmentation

into only 2 segments. Transitiofyg, t,3 andtsg are associated with the

shapes of the first, second and third parts of an oversegmented letter,
while t;, andt,5 model the nature of the segmentation points that gave

rise to this oversegmentation.

Figure 7. The character model.

This architecture is somewhat similar to that of other approaches such as
[4], [47], but with some differences. In our method, the first segment
presented to a character model is produced by two different transitions
depending on whether it corresponds to the entire shape of a correctly
segmented charactapd) or to the first part of an oversegmented char-

acter {57), while in [4], [47] for example, the same transition is shared

between these two configurations. The architecture proposed here
allows the transitions of the model to be fed by homogeneous data
sources, leading to less variability and higher accuracy (for example, the
first part of an oversegmented™and a correctly segmented'; which

are very different, would be presented to different kinds of transitions
(tp; andtye, respectively). In other words, the variability coming from
the inhomogeneity in the source data, since it is kreyniori, is elim-

inated by separate modeling of the two data sources. We should also add
that as each segment is represented in the feature extraction phase by
two symbols related to our two feature sets, two symbols are indepen-
dently emitted along transitions modeling segment shdggdqy, toz
andtsg). In addition, we have a special model for inter-word space, in
the case where the input image contains more than one word (Figure 1).



This model simply consists of two states linked by two transitions, mod-
eling a space (in which case only the symbols corresponding to spaces
"@" or "#' can be emitted) or no space between a pair of words (Figure
8).

@, #

0

Figure 8. The inter-word space model.

4.3. The learning phase

The goal of the learning phase is to estimate the best parameter values of
the character models, given a set of training examples and their associ-
ated word labels. Since the exact orthographic transcription (labeling) of
each training word image is available, the word model is made up of the
concatenation of the appropriate letter models; the final state of an
HMM becomes the initial state of the next one, and so on (Figure 9).

M e t Z

Figure 9. Training model for the French wadvietz .

The training is performed using the variant of the Baum-Welch proce-
dure described in Section 2. Note here that we considemanum
supervisedraining (given the exact transcription of words) in which the
units (segments) produced by the segmentation algorithm need not be
manually labeled by their associated letters or pseudo-letters. This is an
important consideration for two reasons: first, labeling a database is a
time-consuming and very expensive process, and is, therefore, not desir-
able; second, supervised training allows the recognizer to capture con-
textual effects, and permits segmentation of the sequence of units into
letters and re-estimation of the transitions associated with these units to
optimize the likelihood of the training database. Thus, the recognizer
decides for itself what the optimal segmentation might be, rather than



being heavily constrained laypriori knowledge based on human inter-
vention [39]. This is particularly true if we bear in mind the inherent
incorrect assumptions made about the HMM structure. From an imple-
mentation point of view, given a word composedLoktters, a new
parameter corresponding to the index of the currently processed letter is
added to the quantities involved in the Baum-Welch algorithm. Then,
the results of the final forward (initial backward) probabilities at the last
(initial) state of the elementary HMM associated with a letter are moved
forward (backward) to become the initial forward (final backward)
probabilities at the initial (last) state of the elementary HMM associated

with the following (previous) letter. tﬁt'(i) (or Bt'(i)) denotes the stan-
dard forward (or backward) probability associated with the letter of
indexl, then this process is carried out according to the following equa-
tions:

0" 0) = ay(N-1) I=0,..,L-2 t=01..,T-1 (33)

B iN-1)=p0) 1=1,..,L-1 t=01..,T-1 (34)

S andsy.; being the initial and final states of elementary HMMs associ-
ated with letters. Similar modifications can be madg{i¢ if we want
to use Viterbi training.

We should also add that the analysis of the segmentation process shows
that splitting a character into three pieces is a rather rare phenomenon.
Thus, the associated parameters are not likely to be reliably estimated,
due to the lack of training examples that exhibit the desired events. The
solution to this problem is to share the transitions involved in the model-
ing of this phenomenorig, t3g t45 tsg) Over all character models, by

calling for thetied stategrinciple. Two states are said to be tied when
there exists an equivalence relationship between them (transitions leav-
ing each of these two states are analogous and have equal probabilities)
[16]. Nevertheless, this procedure is not carried out for ledeérgmor

w for which the probability of segmentation into 3 segments is high, and
therefore, there are enough examples to train separately the parameters
corresponding to the third segment for each of these letters. A further
improvement consisted of consideriegntextdependentmodels for
uppercase letters depending on their position in the word: first position
whether in an uppercase or cursive word, or any different position in an
uppercase word. The motivation behind this is that features extracted



from these two categories of letters can be very different, since they are
based on global features such as ascenders which strongly depend on the
writing style by way of the writing baselines.

In addition to the learning set, we use a validation set in training on
which the re-estimated model is tested after each iteration of the training
algorithm. At the end of training, reached when the increase in the prob-
ability of generating the learning set by the models falls below a given
threshold, the stored HMM parameters correspond to those obtained at
the iteration, maximizing the likelihood of generating the validation set
(and not the learning set) by the models. This strategy allows the models
to acquire a better generalization over unknown samples.

4.4. The recognition phase

The task of the recognition problem is to find the wardor word
sequence) maximizing treeposterioriprobability thatw has generated
an unknown observation sequerize

Pr(w|O) = max, Pr(w|O) (35)

Applying Bayes' rule to this definition, we obtain the fundamental equa-
tion of pattern recognition,

Pr(Ojw)Pr(w)
Pr(O)

Since Pr(O) does not depend ow, the decoding problem becomes
equivalent to maximizing the joint probability,

Pr(w|O) = (36)

Pr(w, O) = Pr(O|w)Pr(w) (37)

Pr(w) is thea priori probability of the wordv and is directly related to

the language of the considered task. For large vocabul&i@sg) is

very difficult to estimate due to the lack of sufficient training samples.
The estimation oPr(OJw) requires a probabilistic model that accounts
for the shape variatior@ of a handwritten word.. We assume that such

a model consists of a global Markov model created by concatenating let-
ter HMMs. The architecture of this model remains basically the same as
in training. However, as no information in recognition is available on
the style (orthographic transcription) in which an unknown word has



been written, a letter model here actually consists of two models in par-
allel, associated with the upper and lower case modes of writing a letter
(Figure 10). As a matter of fact, an initial stafegnd a final stateH)

are considered, and two consecutive letter models are now linked by
four transitions associated with the various ways two consecutive letters
may be written: uppercase-uppercaddl), uppercase-lowercasel(),
lowercase-uppercageU) and lowercase-lowercasel(). The probabil-

ities of these transitions are estimated by their occurrence frequency
from the same learning database which served for HMM parameter esti-
mation. The probabilities of beginning a word by an uppercdsedb
lower-case letter (0 are also estimated in the same way.

Figure 10. Global recognition model for lexicon woA&ETZ

This architecture is more efficient than usually adopted methods which
generate priori two or three possiblASCIl configurations of words
(fully uppercase, fully lower-case or lower-case word beginning with an
uppercase letter). Indeed, these methods quickly become tedious and
time consuming when dealing with a word sequence rather than a single
word, besides the fact that they cannot handle the problem of mixed
handwritten words (e.g. Figure 1le). The proposed model elegantly
avoids these problems, while the computation time increases only lin-
early. Recognition is performed using the variant of the Viterbi algo-
rithm described in Section 2, allowing an implicit detection during
recognition of the writing style which can be recovered by the back-
tracking procedure.

5 Experiments

Experiments were carried out on unconstrained handwritten French city
name images located manually on real mail envelopes. The sizes of the



learning, validation and test databases were 11,106, 3,610 and 4,280,
respectively. To simulate the address recognition task, we assume that
the city names in competition are independent for a given list of corre-
sponding postal code hypotheses. Under this assumption, for each
image in the test set, we chodse 1 city names from a vocabulary of
9,313 city names. The prior probabilities were assumed to be equal, so
that the average perplexity was maximum and equbl o our tests,

the values chosen fod were 10, 100 and 1,000. These values have a
physical meaning since they simulate the case where 1, 2 or 3 digits in
the postal code are ambiguous (1, 2 or 3 ambiguous digits give rise to
10, 100 or 1,000 possible postal codes). Recognition was carried out
using the logarithmic version of the Viterbi procedure described in Sec-
tion 2, while for training we used the Baum-Welch algorithm. Results of
the tests are reported in Table 1, in wHRiR(K)corresponds to the pro-
portion of the correct answers among khieest solutions provided by

the recognition module. Figure 11 shows some well-recognized images
by our approach.

TABLE 1. Recognition rates obtained on various lexicon sizes.

Lexicon || RR(1) RR(2) RR(3) RR(4) RR(5)
10 99.0% 99.8% 99.9% 99.9% 100.0%
100 96.2% 98.2% 98.8% 99.2% 99.4%

1,000 88.5% 93.4% 94.8% 95.8% 96.49
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Figure 11. Some examples of well-recognized images.

The results shown in Table 1 prove that HMMs can be successfully used
for designing a high-performance handwritten word recognition system.
As mentioned in Section 3.3, even though the features used are not very
discriminative at the grapheme level and do not capture fine details of
the letters, the association (sequence) of these features to describe words
in an ordered way is very discriminative, thanks to redundancy. This
discrimination is as high as the length of the feature sequence extracted
from the unknown word image. Furthermore, the description of the
graphemes with features which do not take into account details, make



these features more visible in the training set, thus ensuring a reliable
estimation of the probability of observation of these features. Prepro-
cessing and segmentation features also have been proven to signifi-
cantly contribute to recognition accuracy [38]. It is not obvious to
compare our approach with other works since we are not using the same
databases, and also because our system recognizes actual French city
names which may consist of one or several words. However, our results
seem to compare favorably with others in the literature [40], [47]. Con-
fusions in our system come mainly from poor images (Figure 12a),
words with overlapping and touching characters (Figure 12b), words
with truncated characters (Figure 12c), images with underline or with
line above them (Figure 12d), or the lack of examples to reliably esti-
mate some model parameters.
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Figure 12. Some examples of misrecognized images.

6 Rejection

Usually, systems designed for real tasks are required tocoavesion
rates(CR) lower than some threshold depending on economical criteria.
A typical value of accepte@R in postal applications is 1%, while a
much lower value is required in the case of bank check processing.
Therefore, it is necessary to consider in our approaefeation crite-

rion. In this perspective, we must go back to the Bayes formula in equa-
tion (36) to comput®r(O). WhenO is known to belong to the lexicon,

as in our previous experimeni(O) can be obtained simply by

Pr(O) = ZPr(O|W) x Pr(w) (38)

w

Then rejection can be established by requiftignv|O) to be greater
than a given threshold. Table 2 shows, when considering a dynamic lex-
icon of size 100, the evolution of the recognition rate and reliability
(defined as the proportion of correct answers among the accepted
images) as a function of the rejection rate by varying the threshold
value, when the correct answer is guaranteed to belong to the lexicon.



TABLE 2. Recognition rateRC) and reliability RL) as a function of rejection
rate RJ) when the word image is guaranteed to belong to the lexicon.

RJ 0.0 1.9 4.3 7.0 7.7 8.6 9.0 9.9 10
RC 96.2 | 95.4| 9404 920 91.% 90.8 904 8958
RL 96.2 | 97.2| 98.2| 989 99.1 993 994 995

In real applications, however, the processed word image is not guaran-
teed to belong to the lexicon, since it can be the result of a city name
mislocation or a wrong dynamic generation of the lexicon (due to an
important error in postal code recognition). To cope with this problem,
we have randomly generated lexicohalf of which do not contain the
correct answers. In this case, we express Bayes probability as proposed
in [9] by

Pr(w|O) = Pin * Pr(O[w) x Pr(w) (39)

piy X ZPr(O|W) x Pr(w) + pg,;x Pr(O|out)

w

wherep;, = 0.5 is thea priori probability thatw belongs to the lexicon
andpgyt Is its complementp,y = 1- pj,. We approximated the term

Pr(Olout) by the output of an ergodic HMM trained using the Baum-
Welch algorithm on the same set used to train the character models
(although a more accurate set should also have included words that do
not correspond to city names). The number of states of this HMM was
set to 14 after several trials. Table 3 shows, for a dynamic lexicon of size
100, the evolution of the recognition rate and reliability as a function of
the rejection rate, when the correct answer is not guaranteed to belong to
the lexicon. Note that in this experiment, the recognition rate cannot
exceed 50%, singg, = 0.5.

TABLE 3. Recognition rateRC) and reliability RL) as a function of rejection
rate RJ) when the word image is not guaranteed to belong to the lexicon.

RJ 00 | 249| 29.0| 342 414 482 5116 536 573
RC 48.0 | 47.5| 47.1] 46.1 458 440 428 420 396
RL 48.0 | 63.2| 66.4] 709 782 849D 886 906 92.8




/ Summary

In this chapter, we described a complete system designed to recognize
unconstrained handwritten words. The results obtained show that our
approach achieves good performance, given that the data come from
real-word images and that the writers were not aware that their words
were to be processed by computer. One of the main strengths of our sys-
tem lies in its training phase, which does not require any manual seg-
mentation of the data. Due to the large size of the vocabulary, our
Markovian modeling is carried out at the character level. Character
HMMs model not only segmented shapes, but also segmentation points,
leading to better discrimination between letters. By building the word
model as a sequence of character models, each consisting of a pair of
associated uppercase and lower-case HMMs, the writing style is implic-
itly detected during recognition. An error analysis shows that our system
can still be improved in most of its components. The segmentation algo-
rithm should be optimized so as to be able to systematically split all the
characters, particularly the overlapping and touching characters. Indeed,
it is better to have pieces of characters which can be gathered during
recognition, than segments containing more than one character. We also
need more relevant features, since uppercase letters, lower-case letters,
numerals and other special characters may be encountered in free-hand-
writing. This increases the level of ambiguity of the shapes generated by
our segmentation algorithm, and therefore, a high level of description of
these shapes is required. Moreover, given that our model assumes the
independency between different feature sets (see Section 2), adding new
feature sets does not increase the complexity from the training point of
view and increases only linearly the required amount of memory to store
the parameter values. A solution to avoid the inherent loss of informa-
tion when generating our codebooks or feature sets is to replace discrete
HMMs by semi-continuous HMMs. This can be particularly beneficial
for our histogram-based features and segmentation features.
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