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ABSTRACT

In this paper, we present a new approach to unconstrained,
off-line handwriting recognition (KwWg). It is based on the
global plausibility estimation of a word knowing the lo-
cal probability of each individual character. Having a set
of character models issued from a training step and an
input word pattern, we maximize for each word of the
lexicon the sum of plausibilities of its component charac-
ters, This maximisation is made in terms of observation
quality and extent of a symbol within the pattern. The
proposed method operates in a top-down manner by giv-
ing segmentation hypotheses which induce local symbol
extents for a given word of the lexicon against which the
pattern is matched. The word which obtains the highest
average plausibility per character is labeled as the recog-
nized one. This method was applied with success on con-
tinuous speech recognition by [5].

1 INTRODUCTION

Automatic handwriting recognition (HWR) knew intensive
studies this last decade. Many investigations are made on
isolated characters and satisfactory solutions are obtained
for specific applications. However, automatic recognition
of natural writing with totally unconstrained words re-
mains an even more challenging problem due to the large
variety of handwriting styles where characters are often
linked, broken and irregularly aligned. In such case, clas-
sical segmentation techniques may fail. Thus, to bypass
the difficult problem of the segmentation, the tendancy
was to consider globally the word based on particular fea-
tures and, thence, know what the individual letters should
be. This seems to correspond to the human perception of
writing where recognition is made primarily using a global
word shape rather than segmenting and recognizing each
letter individually. On the other hand, researches were
also carried out in analytical way by segmenting words
into letters and recognizing them separately [7, 13, 3].

Hence, the most common way to recognize words is
to use the context to limit possible intra- and extra-word
relationships. 'or example, in applications such as check
amount identification, context is given by reduced vocab-
ulary size and number grammars [10],[8]. For mail sorting,
where the vocabulary is large, address grammar limits the
search.
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Since there is a large similarity between HwRr and speech
recognition, techniques for recognition of unconstraint hand-
written words can be borrowed from speech domain which
has been very active during the last decade [12]. This is
already the case with hidden Markov models where their
application benefit from the large experience in speech
recognition [1, 11, 2, 4]. In this paper, we present a letter
based word recognition scheme for HWR on check amounts.
This scheme falls in the framework of a stochastic method
based on plausibility calculus used in speech recognition
by Y. Gong [5]. This method gives for each input word
the plausibility of each component letter with respect to
letter models learned in a previous training process.

After describing the feature extraction phase in section
2, we give the method formulation in section 3 and we
present in section 4 some promising results obtained on a
30-scriptor data base.

2 FEATURE EXTRACTION

As features, we use normalized distances € [0,1] along
vertical axes between upper and lower word contours and
typographical bands. These bands are obtained by his-
togram analysis of the vertical projection of the number
of run-length horizontal segments. The figure 1 shows an
example of continous character features. First, the system
locates the bands and afterwards, by giving cut points be-
tween characters, surrounding frames for each character
are determined. Distances are adjusted with respect to
these rectangles in order to code more accurately the char-
acter shapes.

Figure 1: Feature coding.



3 METHOD DESCRIPTION

In the following formalism, we assume that a pattern can
be described as an observation sequence of IR -parameter-
ized features along one axis (i.e. contours on horizontal
axis for handwriting).

Let X = zpzy...2rn be an observation sequence of a
signal where r; € IR"”. We call duration the length of
the sequence in terms of the number of its vectors. Given
a duration d and a centred sequence X; at instant i, we
define a (-state observation matrix, My, (d) € RI*P,

ﬁfx.(d):rof(x:+%‘,)u§5j<% (1)

The idea of such a matrix relies on a linear sampling of a
subsequence in order to reduce the observation to a con-
stant number of states . In this manner, a local obser-
vation is well parameterized by such a matrix and its cor-
responding duration. For example, in figure | the 5-state
observation matrix for characters g is:
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—0.0002
—=0.0001

—0.0004
—0.0003
-0.0002
—0.0002
—0.0001

0.6360
0.8482
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0.6969

0.4542
0.8179
0.9392
0.9998
0.9090

M=

(zero centred noise was added to avoid small variations)

Let IL = {s0,81,...5} be the set of characters and a word
w € IL” of length L{w), w = 8p 81 ... §g(w)-1- The conditional
probability of w given observation X is:

Liw)-1
Pw/X) = max( [ Plsi/X st i =)™ (2)
i=0

where {ti}o<i<r(w) represents a set of letter segmentation hy-
potheses with: 8o =0, & < tiy1, lpy=N.

ti+1 —t; would be therefore the local duration of character s;.
Formula (2) reflects the conditional probability of a word as be-
ing the geometrical average of symbol probabilities. The most
plausible word is the one which satisfies:

w® = argmax P(w/X) = argmaxlog P(w/X) (3)
weL® weL*

Liw)=1

max Z log P(si/ X rargy 1 liv1 — 1) (4)

W= a:gm&x

L{w)

The probability in (4) can be expressed as:

P(s, X;,d)

P(Xi,d) @)

P(s/Xi, d)=

with P(X;,d) being constant during recognition therefore dis-
cardable. In the context of multi-models the marginal prob-
ability density function (pdf) P(s, X;,d) can be obtained by
summing up on the set K of all character models, Mg, as fol-
lows:

P(s, Xi,d)= Y P(Xi, My, d,3) (6)
kER

where P(X;, My, d, 5) is the joint pdf of vector sequence Xj,
character model My, duration d and symbol s. Following the
chain decomposition rule of conditional probability densities,
one may obtain:
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P(X; Mg, d, s) =
P(Mp,8) =

P(Xi/My d,s)P(d/ My, 5)P(Me,5) (T7)
P(My/s)P(s) (8)

Moreover, some terms do not depend on s:

P(Xi, My, d,s) = P(X; /My, d)P(d/ M )P(My/s)P(s) (9)

-Caleulus of P(X;/My,d). Since features are continuous,
one naturally assumes that their corresponding quantified vec-
tors belonging to a cluster follow a multi-variate Gaussian pdf
with mean observation matrix My and state covariance matrix
¥ related to model M.

—dtr((Mx, (d)-Ma)' B (Mx, (d)-M4))
VI(2m)9 5]

-Calculus of P(d/M;). Experience showed that duration is
normally distributed within model M, with mean value d; and
standard deviation ay.

exp

P(Xi [ M, d) =

(10)

gd-i'l“
: exp
\/2:'02
-Calculus of P(My/s) and P(s). They represent the a priori

probability of the model Mj knowing s and of s.

INEL

IN?]
IV
[N
Ni, N*, N representing respectively, the set of samples of s

belonging to Mg, the set of samples of s and the set of all
character samples.

P(d/My) = (11)

P(My/s) = (12)

P(s) = (13)

3.1 TRAINING PROCESS

It consists of defining the set of models My, k € K, from a
training corpus N. Each character sample i € N is given by an
observation matrix M; and duration d;. Formally, a model My,
k € K is defined as: My = (My, S, di, 03).

-Mean observation matrix:

M= M; 14
= g Py 0
-State covariance matrix: L = (af)1<ij<q
af; = |N i 3 (M — ) (M] ~ ) (15)
klien;
where N} is the set of samples of s related to model M.
-Mean duration:
dy = 16
L= v P s
-Standard deviation for duration:
(17)

\I ] 2

Linear sampling of each character subsequence leads us to an
observation matrix. These matrixes are grouped into classes us-
ing a variation of the LBG clustering algorithm [14]. We used
variable distances at each iteration based on a Mahalanobis mea-
sure:



d(X,Y) = tr((X - Y)'E-1(X - Y)) (18)

with X, Y € R and covariance matrix ¥ positively defined.

Figure 2: Clustering process regrouping allographs in
classes

3.2 RECOGNITION

We need to maximize the sum of local duration probabilities.

Applying log to equation (11) results, modulo a constant term,
mn:

Liw)-1

Jlto, b, ... b)) = Z

i=0

“l-}l _ 'tl = El}:

%07 (19)

with the constraints 8y = 0, gy = N, t; < tiyy. Following
Lagrange multiplicators theory we deduce:

to = B
Liw)=1
| Z d; - N)
tipr = ti+di— o} L 0<i< L{w)
2 %
j=0
(20)

d;, o representing, respectively, global mean duration and stan-
dard deviation for symbol 5,. In practice, we may deplace the
t;'s around these values within a centred interval of variation
assuring always |t;y; — t, — d;| < 20, in order to maximize also
the observation quality. This method has the advantage of a
global view on the initial segmentation hypotheses {t;}; and
afterwards it reinforces also the maximum calculus in (4).

4 EXPERIMENTS AND RESULTS

The corpus contains 627 words written by 30 scriptors without
constraints but with a limited vocabulary (28, corresponding to
the French bank check wording words). Characters in each word
were manually segmented (about 2000 characters from the cor-
pus, varying from 15 to 400 samples per character). We used
400 word images for the training phase and 227 for test distinct
from the previous ones . For character recognition, the average
rate is 90.63% top 3 choices. For word recognition, the aver-
age rate lies between 84.74% (top 1 choice) and 95.90% (top 3
choices). Figure 3 shows some recognition results for three dif-
ferent writing styles. Realignement techniques were used which
consist to reiterate well recognized words in the training step to-
gether with their character segmentation hypotheses found by
the system.
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Choice Characler recognilion rate %
a| cldf el Tl g] B[ i] T m] n
1 94 |77 [B1 [T0 [ 74 |80 | 86 [ 69 [ 93 |93 | 77
2 98 [ 86 (88 | 85 | 89 | 80 | 95| 81 | 94 | 98 | 86
3 100 [ 91 [ 93 |90 | 80 | 93 | 95| 85 | 07 | 98 | 90
ol Pl 9] r| s Ll u| v| x z
1 85 [ 53 [87 [ 74|84 |75 [ 73 [ 53 | 81 | 61
2 02|82 )94 88|02 |88 8053|9474
4 06|94 195 | 93|95 |92 |82/|53|97 |83
un: 84.00 | 100.00 | 100.00
deux: 92.31 | 92.31 | 100.00
trois: 73.08 | 84.62 | B4.62
quatre: | 80.00 | 85.00 | 90.00
cing: 96.00 | 100.00 | 100.00
six: 92.59 | 96.30 | 100.00
sept: 75.00 | 85.00 | 85.00
huit: 05.83 | 100.00 | 100.00
neuf: 90,00 | 95.00 | 95.00
dix: 72.00 96.00 | 100.00
vingt: 75.00 | 95.00 | 100.00
quarante: | 94.74 | 94.74 | 100.00
cinquante: | 85.71 | 9048 | 95.24
soixante: 77.27 | 90.91 90.91
cent: 92.00 | 96.00 | 100.00
mille: 90.91 | 100.00 | 100.00
million: 68.18 | 81.82 | B6.36
et 95.45 | 100.00 | 100.00
centimes: | 80.00 | 85.00 95.00
Average: | B4.74 | 93.06 | 95.90
—ym— ——¥ ]
el
EJ’T :l:.
el b
trente ‘ ﬁ <
quatre u-.: sant
T
F Jra ™
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- [ M
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Figure 3: Examples of well recognized words with corre-
sponding segmentation hypotheses




5 CONCLUSION

We developed a theoretical framework and a system prototype
for HWR by stochastic modeling with a close relation with sim-
ilar researches in continuous speech recognition. Problems en-
countered are analogous but HWR has particularities due to its
bidimensional aspect. Despite modest recognition scores, the
method remains promising and is open to improvements con-
cerning feature analysis and context modeling. Further develop-
ments should cope with more discriminant continuous features
taking into account geometrical and topological properties in-
herent to writing. Convolution masks for finding basic compo-
nents such as strokes, cavities, peaks and curves are actually
in study. Future extensions dealing with grammar constraints
for search space limitation (context at syntactic level) should be
foresecn,
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