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Cross-learning in analytic word recognition without segmentation
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Abstract. In this paper a method for analytic hand-
written word recognition based on causal Markov random
fields is described. The word models are hmms where each
state corresponds to a letter modeled by a nshp-hmm
(Markov field). The word models are built dynamically.
Training is operated using Baum-Welch algorithm where
the parameters are reestimated on the generated word
models. The segmentation is unnecessary: the system de-
termines itself during training the best repartition of the
information within the letter models. First experiments
on two real databases of French check amount words give
very encouraging results up to 86% for recognition with-
out rejection.

Keywords: hmm, nshp-hmm, Cross-learning, Meta-
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1 Introduction

Research on writing recognition recently showed the su-
periority of 2D models on 1D ones. As asserted by dif-
ferent works [2,4,7,13,20], they take better into account
the plane nature of the writing. The literature shows
three types of 2D models: Neural Network (nn), Planar-
HMM (phmm) and Hidden Markov Mesh Random Fields
(hmmrf). An original work uses 2D probability matrices
to estimate letter positions in word images [12].

The nn can be applied either on letters [20] or on
graphems [7]. They are used in [11] to model inter-
character confidence. Their major drawback is their lack
of elasticity: having a fixed input size, they cannot adapt
to length variability, and they are very sensitive to im-
portant distortions. To deal with lentgh variability the
use of specific nn such tdnn and recurrent nn were pro-
posed [18,19]. The backdraw of this approach lies in the
difficulty to automatically label the netwok observations
according to the current observed letter; this information
is necessary to correctly train the nn.

The phmm was successfully applied in many works [2,
4]. Composed of secondary hmms and a principal hmm for
the correlation, this model has interesting 2D elasticity
properties. But it requires an independence hypothesis
between the secondary models which is not realistic in
practice.

The hmmrf was applied on handwritten hangul char-
acters recognition with good performances [13]. But it
needs some non-realistic hypothesis to be tractable and
its use remains very costly in computational time. Some
other works deal with 2-dimensional warping under some
specific constraints with interesting results [22,21].

G. Saon proposed in [16] a 2D model combining
Markov fields and hmms the nshp-hmm (Non-Symmetric
Half-plane Hidden Markov Model, cf. Sect. 2). Applied on
binary images, it takes better into account the 2D writing
nature by using 2D neighborhoods. The hmm part con-
fers to it a horizontal elasticity enabling it to adapt to
the analyzed samples length. Using a 2D neighborhood
for the pixel observation, it overcomes the column inde-
pendence hypothesis of the phmms. Its use as a global ap-
proach showed some limits. Particularly, the nshp-hmm
needs a high number of parameters (cf. Sect. 2). Further-
more, the efficiency of this approach is proved only for re-
stricted and distinct vocabulary (similar words will lead
to misclassification, small differences being absorbed by
the models).

To overcome these limits, an analytic approach is pro-
posed. It is based on a concatenation of letter models, al-
lowing to work with a large vocabulary (words) by using
restricted components (letters). Each letter is modeled
by a nshp-hmm. This also reduces the global complexity
of the approach, which is limited to letter modeling.

Classically, the analytic word recognition approaches
are leaned on grapheme segmentation [5,7,9] which can-
not be 100% reliable because it is usually based on topo-
logical criterions [5,1]. For this reason, it seemed better
to us to let the system decide itself which part of the im-
age belongs to which letter. The use of the Baum-Welch
algorithm [3,14] allows the system to find the best pa-
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rameters repartition in the letter models, knowing only
the label of the words learned [6].

The reestimation of letter models and transitions be-
tween letters is made by cross-learning. This technique
is directly derived from the Baum-Welch reestimation
formulas. It was used in [15] to automatically learn the
graphems label in a segmentation-based approach; in this
work transitions between letters are estimated on the
word labels of the database. This approach needs to know
the exact label of each word of the database. In our case
no segmentation is necessary and all the parameters for
letter and word models are estimated in the same time.
No exact knowledge on word image labels is necessary:
the only need is to model all the possible orthographies
of each word in the corresponding class model.

2 Non-symmetric half-plane
hidden Markov model

The nshp-hmm is a stochastic model combining the prop-
erties of Markov fields and hmm. The observation proba-
bilities in the hmm states (nshp-hmm state) is estimated
by a Markov Random Field (mrf). This probability is
performed as the product of elementary probabilities per-
formed on each pixel in the observed column. The elemen-
tary probability is determined by the mrf according to a
2D neighborhood fixed in the half plane previously ana-
lyzed. Figure 1 illustrates the application of such a model
on an image (here a letter image manually segmented).
Training and recognition methods are described in [16]
and will be remembered in the next section.

The determinant nshp-hmm parameters are: column
height, neighborhood size (i.e. model order), hmm state
number. To force the observation repartition in the nshp-
hmm states, two specific states D and F are added to the

Fig. 1. Example of a nshp-hmm applied on a letter, associated
to the meta-state x

hmm. They allow to model the probability of beginning
and ending in each state.

2.1 nshp-hmm learning

The nshp-hmm learning is based on the Baum-Welch al-
gorithm. This algorithm ensures the convergence to a lo-
cal optimum on the learning set. Let N be a nshp-hmm
with S normal states and the specific states D and F .
K is the number of word images analyzed, Ok is the kth
word image, Tk is the column number of the word im-
age k, Pk = P (Ok|n). aij is the transition probability
between states i and j, where i, j ∈ S. bi(Ok

t ) is the ob-
servation probability of the column t for the state i ∈ S,
i �= D, F . αk

t (i), βk
t (i) and P (Ok|n) are derived from [14]

as follows:

1. αk
1(i) = aDi bi(Ok

1 )

2. αk
t (i) =


 S∑

j=1

αk
t−1(j) aji


 bi(Ok

t )

1. βk
T (i) = aiF

2. βk
t (i) =

S∑
j=1

βk
t+1(j) bj(Ok

t+1) aij

P (Ok|n) =
S∑

i=1

αk
t (i) βk

t (i) =
S∑

i=1

αk
T (i) aiF

The transition probabilities between the nshp-hmm
state are reestimated similarly as a classical hmm:

– for the transitions leaving the specific state D:

aDi =
1
K

K∑
k=1

1
Pk

αk
1(i) βk

1 (i) (1)

– for the transitions between normal states:

aij =

K∑
k=1

1
Pk

Tk−1∑
t=1

αk
t (i) aij bj(Ok

t+1) βk
t+1(j)

K∑
k=1

1
Pk

[
Tk−1∑
t=1

αk
t (i) βk

t (j) + αk
Tk
(i) aiF

]

(2)

– for the transitions towards the specific state F :

aiF =

K∑
k=1

1
Pk

αk
Tk
(i) aiF

K∑
k=1

1
Pk

[
Tk−1∑
t=1

αk
t (i) βk

t (j) + αk
Tk
(i) aiF

]

(3)

The observation probability reestimation consists in a
counting of the neighborhood configurations in each state
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for each pixel of each column analyzed. Let V (pt, py) be
the neighborhood of the pixel at position (pt, py) in the
current analyzed sample. Let V be the structure of the
neighborhood for which probability is reestimated. The
reestimation is based on a counting of the pixels of color
c observed with a such neighborhood V . The two values
for c are black and white and the probability of a white
pixel knowing V is 1−P (black|V ); thus the reestimation
for the black pixels observation is sufficient. The obser-
vation probability at vertical position y for color c with
a neighborhood V in the state i is:

bi(y, V, c) =

K∑
k=1

1
Pk

Tk∑
t=1

V (pt,py)=V

(pt,py) is c

αk
t (i)β

k
t (i)

K∑
k=1

1
Pk

Tk∑
t=1

V (pt,py)=V

αk
t (i)β

k
t (i)

(4)

3 Word modeling

For word modeling we use meta-hmms in which each
meta-state represents a letter (see Fig. 2) but without
loop on the states for technical reasons. A meta-hmm is
an hmm modeling a meta-level representation. Here the
meta-hmm describes the word-level representation.

Let m be a meta-model representing a word with Sm

normal states and the specific states Dm and Fm. At
each meta-state x ∈ Sm is associated a letter l(x) to
which corresponds a nshp-hmm l with Sx normal states
and the specific states Dx and F x; ix denotes the state
i of the letter model associated to the meta-state x (cf.
Fig. 1).

Starting from a meta-model, a global nshp-hmm is
built by connecting the nshp-hmm associated to the
meta-model letter states. Each state sequence of type
ix → F x → Dy → jy is replaced by one transition
ix → jy, whose value is the product of the transitions
between these states:
P (jy|ix) = P (jy|Dy) ∗ P (Dy|F x) ∗ P (F x|ix)
Following the same idea, the beginning and ending
transitions are given by:
P (ix|Dm) = P (ix|Dx) ∗ P (Dx|Dm)
P (Fm|ix) = P (Fm|F x) ∗ P (F x|ix)
Traduced in term of transitions these formulas give:
aixjy = aDyjy aF xDy aixF x

Fig. 2. Example of a meta-model architecture for the word
“francs”, including frequent misspellings as “franc”, “frans”,
and abbreviations as “frans”, “frs”, etc.

aDmix = aDxix aDmDx

aixFm = aF xFm aixF x

Figure 3 shows the substitution of the meta-states by
the corresponding nshp-hmm and the transition trans-
formation where only the nshp-hmm states are drawn.
The consideration of self-loop on a meta-state allows to
build transitions between states in the corresponding let-
ter model. This will erase the existing transitions. For
this reason, the feedback on the meta-states is forbidden.

4 Cross-learning

Cross-learning for transitions in the letter models is de-
scribed using the same notation than seen in Sect. 2.1
and in Sect. 3. This description will be followed by that
of the observation probability reestimation which follows
the same principle.

During the construction of the global model, the spe-
cific states Dx and F x are removed. The reestimation of
the transitions aDxix and aixF x is made using the tran-
sitions built with them.

To simplify the next equations we note:
ωk(ix, jy, t) = αk

t (i
x) aixjy bjy (Ok

t+1) βk
t+1(j

y).
Intuitively ωk(ix, jy, t) is the sum of all paths using

the transition aixjy to go from column Ok
t to column

Ok
t+1.
For a model associated to the meta-state x:

– the transition aDxix is removed when the transitions
ajyix , y �= x, and aDmix are built

– the transition aixF x is removed when the transitions
aixjy , y �= x, and aixFm

are built
– the internal transitions aixjx leave unchanged.

The principle of the cross-reestimation is to synthesize
this information for all the models associated with a same
letter in the various meta-models. For the internal tran-
sitions the Baum-Welch formulae can be applied directly
by summing the transitions over all the occurrences of a
letter model in all the word models. For the transitions
aDxix and aixF x this sum is made through the sum of
the paths containing the transitions built with them. M
is the number of word models.

For a model associated to the meta-state x:
The transition aDxix is used to build:

– the transitions ajyix , y �= x
– the transition aDmix

The balanced sum on all the paths using this transi-
tion in the model m is:

W m
Dxix =

K∑
k=1

1
Pk




Tk−1∑
t=1

Sm∑
y=1
y �=x

Sy∑
jy=1

ωk(jy, ix, t)

+aDmixbix(Ok
1 )β

k
1 (ix)


 (5)

The transition aixF x is used to build:
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Fig. 3. Construction principle of the global nshp-hmm corresponding to the word “et”

Fig. 4. Example of a cross-learning for the letter “i” model

– the transitions aixjy , y �= x
– the transition aixFm

The balanced sum on all the paths using this transi-
tion in the model m is:

W m
ixF x =

K∑
k=1

1
Pk




Tk−1∑
t=1

Sm∑
y=1
y �=x

Sy∑
jy=1

ωk(ix, jy, t)

+αk
Tk
(ix)aixFm


 (6)

For the internal transitions aixjx of the model x, we
have classically:

W m
ixjx =

K∑
k=1

1
Pk

Tk−1∑
t=1

ωk(ix, jx, t) (7)

l(x) is the letter associated with a meta-state x. Ac-
cording to the Baum-Welch reestimation formulas, the
transitions for a model of letter l are reestimated as fol-
lows:

– for the transitions leaving the specific state D:

al
Di =

M∑
m=1

Sm∑
x=1

l(x)=l

W m
Dxix

M∑
m=1

Sm∑
x=1

l(x)=l

Sx∑
jx=1

W m
Dxjx

(8)

– for the transitions between normal states:

al
ij =

M∑
m=1

Sm∑
x=1

l(x)=l

W m
ixjx

M∑
m=1

Sm∑
x=1

l(x)=l

[
Sx∑

kx=1

W m
ixkx +W m

ixF x

] (9)

– for the transitions towards the specific state F :

al
iF =

M∑
m=1

Sm∑
x=1

l(x)=l

W m
ixF x

M∑
m=1

Sm∑
x=1

l(x)=l

[
Sx∑

kx=1

W m
ixkx +W m

ixF x

] (10)
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The observation reestimation is similar to the reesti-
mation of the transitions between normal states. It is a
counting of the neighborhood configurations in each state
for each pixel of each column analyzed. Let remember the
notations of Sect. 2.1. Let V (pt, py) be the neighborhood
of the pixel (pt, py) in the current analyzed sample. Let
V be the structure of the neighborhood of which we rees-
timate the probability. The reestimation is a counting of
the pixels of color c observed with such neighborhood V .
The two values for c are black and white and the prob-
ability of a white pixel knowing V is 1 − P (black|V);
thus the reestimation for the black pixels observation is
sufficient. W m

ix (y, V, c) is the balanced sum of the pixels
colored in c at height y for which V (pt, py) = V on all
paths using the state ix in the meta-model m, where t is
the column currently observed by the state ix:

W m
ix (y, V, c) =

K∑
k=1

1
Pk

Tk∑
t=1

V (pt,py)=V

(pt,py) is c

αk
t (i

x)βk
t (i

x) (11)

Thus the observation probability for the pixel y of color
c with a neighborhood V in the state i of a letter l is:

bl
i(y, V, c) =

M∑
m=1

Sm∑
x=1

l(x)=l

W m
ix (y, V, c)

M∑
m=1

Sm∑
x=1

l(x)=l

[
W m

ix (y, V, black)
+W m

ix (y, V, white)

] (12)

The boundary conditions are not described here. In-
tuitively, we can consider that the pixels of V (pt, py) that
aren’t in the image are white. A post-processing is added
to correct the probabilities lower than a threshold. This
correction allows the neighborhoods V that rarely ap-
pear in the learning set to have a non-null probability.
This threshold was experimentally fixed to 0.01.

5 Meta-model reestimation

lobal models are build from meta-models. These are
hmms and the transitions between the meta-state of a
meta-model m from the information of the generated
models can be reestimated. Indeed, for x, y ∈ Sm, we
obtain by construction:
axy = aF xDy , aDmx = aDmDx , axFm

= aF xFm
.

– the transition axy, x �= y, is used to build the transi-
tions aixjy

– the transition aDmx is used to build the transitions
aDmix

– the transition axFm
is used to build the transitions

aixFm

As for the cross-learning, according to the Baum-
Welch formulas, the reestimation of a meta-transition of

a meta-model m is made by summing on all the paths
containing the transition using it:

axy =

K∑
k=1

1
Pk

Tk−1∑
t=1

Sx∑
ix=1

Sy∑
jy=1

ωk(ix, jy, t)

K∑
k=1

1
Pk




Tk−1∑
t=1

Sx∑
ix=1

Sm∑
z=1
z �=x

Sz∑
jz=1

ωk(ix, jz, t)

+
Sx∑

ix=1

αk
Tk
(ix)aixFm




(13)

aDmx =

K∑
k=1

1
Pk

Sx∑
ix=1

aDmixbix(O1)βk
1 (i

x)

K∑
k=1

1
Pk

Sm∑
z=1

Sz∑
iz=1

aDmiz biz (O1)βk
1 (i

z)

(14)

axFm
=

K∑
k=1

1
Pk

Sx∑
ix=1

αk
Tk
(ix)aixFm

K∑
k=1

1
Pk




Tk−1∑
t=1

Sx∑
ix=1

Sm∑
z=1
z �=x

Sz∑
jz=1

ωk(ix, jz, t)

+
Sx∑

ix=1

αk
Tk
(ix)aixFm



(15)

6 Experiments

The first experiments are made on French bank check
words. The lexicon contains 26 word classes. Each class
can contain some orthographical variations that are mod-
eled by the corresponding meta-model (cf. Fig. 2). A
meta-model is associated to each lexicon entry. The
global models associated to each word class are dynam-
ically built using the class meta-models and the letter
nshp-hmm. While normalizing proportionally the images
at a fixed height the scan resolution has only influence on
the sample quality.

The system was tested on a database of 7031 word im-
ages given by the SRTP 1, and a database of 25260 word
images from an industrial real application. The parame-
ters of the nshp-hmm for the letter models are: height of
20 pixels, 3 pixels for the neighborhoods; the number of
normal states for the nshp-hmm corresponding to a let-
ter is n/2+ 1, where n is the average number of columns

1 Service de Recherche Technique de la Poste: French Post
Research Team
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of normalized samples for the letter (tis number was es-
timated from a database manually segmented).

For each meta-model, 4 nshp-hmms are created cor-
responding to the 4 flips of images. The probability of
an image is the product of the 4 probabilities, obtained
by each model. Our meta-models synthesize the frequent
misspellings found in the words.

Each learning step is carried out as follows:

– global word models are built from letter models and
word meta-models

– each global model is trained on the samples of the
corresponding class

– information is crossed between the different global
models to reestimate both letter models and word
meta-models

Recognition is carried out as follows:

– global word models are built from letter models and
word meta-models

– the sample to recognize is analyzed by each global
model

– the model obtaining the best score determines the
sample class

6.1 Pre-processings

For the two databases, two preprocessing are applied to
reduce the writing variability. The first one is a slant cor-
rection, as proposed in [17]. The second one normalizes
the word height to 20 pixels (height of letters models),
by normalizing the three writing bands in three equal
vertical parts. This second preprocessing allows a better
synchronization of the information between the different
samples, increasing the redundancies of information and
thus improving the learning and recognition quality. To
normalize a sample image, the median band (lower case
band) of writing is detected using the product of the his-
togram of the horizontal projection of black points with
the histogram of writing natural length [10,8] (number
of transitions between black and white pixels) for each
line of the sample. The histogram obtained is smoothed.
The limits of the median band of writing are determined
when the histogramme value falls below a threshold (1/4
of the maximum value of the histogram). The three bands
separated by these limits are put in three equal parts of
the analyzed sample. Figure 5 shows the effect of this
normalization for two samples of the word “deux”.

Two tests are performed to validate the cross-learning
principle. The interest of this method is that all the mod-
els and the meta-models can theoretically be learn in the
same time.

6.2 Experiments on the SRTP database

The database was approximately split in 66% (4627
words) for cross-learning and 34% (2404 words) for recog-
nition tests. Word meta-models and letter models are

Table 1. Average word recognition rates for different numbers
of learning steps

cross
learning Top 1 Top 2 Top 3 Top 4 Top 5

5 steps 81.66% 89.98% 92.64% 94.68% 95.80%
10 steps 84.36% 91.51% 93.97% 95.97% 96.92%
15 steps 84.82% 91.26% 94.13% 96.26% 97.00%
20 steps 85.15% 91.60% 94.09% 96.05% 97.34%
25 steps 85.07% 91.68% 94.34% 96.05% 97.17%
35 steps 85.23% 91.93% 94.47% 96.30% 97.13%
45 steps 85.73% 92.01% 94.68% 96.26% 97.17%
55 steps 85.82% 92.14% 94.76% 96.34% 97.21%
65 steps 86.02% 92.14% 94.76% 96.51% 97.25%

global
approach 90.08% - - - 92.60% - - -

Table 2. Average word recognition rates on learning set

cross
learning Top 1 Top 2 Top 3 Top 4 Top 5

5 steps 88.02% 94.43% 96.84% 97.96% 98.50%
10 steps 91.47% 96.51% 98.04% 98.63% 99.08%
15 steps 92.55% 96.92% 98.21% 98.79% 99.08%
20 steps 92.60% 96.84% 98.21% 98.92% 99.13%
25 steps 92.60% 96.76% 98.21% 98.88% 99.21%
35 steps 92.60% 96.84% 98.25% 98.88% 99.21%
45 steps 92.85% 96.80% 98.29% 98.96% 99.25%
55 steps 92.93% 96.96% 98.29% 99.00% 99.21%
65 steps 92.93% 97.13% 98.38% 99.13% 99.42%

generated with equal transition and observation proba-
bilities (no specific initialization) and the cross-learning
is applied at several steps. The results are related in Ta-
ble 1.

The results are relatively good remembering that no
initialization are made on the letter models (equal prob-
abilities). We can consider 20 learning steps for a correct
stabilization of the system. This first test suffers from a
too small database with a lot of classes badly represented.
The results can be compared to the global approach on
the same database in the same table [16]. As shown, cross-
learning gives lower result than global approach in top
1, but top 3 is higher. Another interesting comparison
can be made with Table 2. The high difference between
scores reflect the lack of samples in this database. Thus
the training set is not representative of the whole set of
possible samples. With a more complete database, the
recognition scores for test set should be improved.

6.3 Experiment on the industrial database

For this database the sample distribution gives 16660
words (66%) for cross-learning and 8600 words (34%) for
recognition tests. Experiment conditions are similar to
the previous test: word and letter models are initialized
with equal probabilities. The results are related in Ta-
ble 3.
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Fig. 5. Normalization in 3 bands for 2 samples of the word “deux”. The lower case band of the two word images is centered in
the same zone. This increases redundancies between samples

Table 3. Average word recognition rates for the industrial
database

cross
learning Top 1 Top 2 Top 3 Top 4 Top 5

5 steps 79.14% 87.56% 90.93% 92.95% 94.37%
10 steps 81.55% 89.50% 92.53% 94.22% 95.50%
15 steps 82.30% 89.84% 92.92% 94.53% 95.78%
20 steps 82.67% 90.05% 93.02% 94.73% 96.02%
25 steps 82.73% 90.16% 93.20% 94.80% 96.14%
30 steps 82.81% 90.20% 93.33% 94.84% 96.20%
35 steps 82.95% 90.28% 93.38% 94.94% 96.20%
40 steps 83.03% 90.28% 93.34% 94.91% 96.22%
45 steps 83.09% 90.33% 93.31% 94.95% 96.21%
50 steps 83.16% 90.31% 93.38% 94.98% 96.23%

global
approach 82.50% 89.56% 92.72% 94.57% 95.74%

Table 4. Average word recognition rates on learning set

cross
learning Top 1 Top 2 Top 3 Top 4 Top 5

5 steps 80.16% 87.88% 91.28% 93.34% 94.70%
10 steps 82.85% 89.94% 92.97% 94.87% 96.09%
15 steps 83.38% 90.50% 93.29% 95.24% 95.24%
20 steps 83.84% 90.55% 93.42% 95.42% 96.49%
25 steps 84.08% 90.63% 93.48% 95.57% 96.60%
30 steps 84.12% 90.66% 93.60% 95.63% 96.60%
35 steps 84.14% 90.65% 93.66% 95.60% 96.58%
40 steps 84.09% 90.67% 93.71% 95.58% 96.60%
45 steps 84.12% 90.76% 93.66% 95.64% 96.66%
50 steps 84.13% 90.91% 93.70% 95.67% 96.66%

Results are low comparing to the precedent test. They
show the quality difference between the two databases.
Particularly the preprocessing quality seems to be very
different between the two databases (samples seem
cleaner and have a better look in first database). Table 4
shows the scores on the training set.

The comparison between results on training and test
set shows that they are close. It indicates that the train-

ing set is relatively representative of the most real cases.
Some classes remain poorly represented leading to a bad
letter context learning for corresponding words. Results
can be compared with the global approach on another
industrial database [16]. Learning conditions are some-
what better (90% for learning / 10% for testing, 36829
samples). Comparison shows that the analytic approach
is efficient on industrial cases.

In these two experiments the initial database contains
28 words, the shortcuts “frs” and “cts” being separated
of the words “francs” and “centimes”. These classes were
mixed to have the same conditions of the test on the
SRTP database. Some further tests could show the im-
pact of the separation of these classes in the learning set
and training set.

6.4 Complexity

This approach allows the reduction of the complexity of
the system proposed by G. Saon in [16,17]. The num-
ber of floating point operations is highly dependent of
the number of states in the models because each state
analyzes each column of a word when using the Baum-
Welch algorithm (cf. α function Sect. 2.1). The α func-
tion complexity for a word nshp-hmm having n states
and observing y pixels and a sample having t columns
is O(n2t) additions and O((n2 + n)t) multiplications for
the transition part, and O(nyt) for the observation part.
This function is sufficient to perform a sample proba-
bility. By reducing the global state number, we reduce
the observation calculation part. More, while considering
letter models, this part becomes vocabulary size indepen-
dent. The global approach proposed by G. Saon has a
high number of states, based on the mean size of words.
Our approach limits this number by considering the mean
size of the letters. A first estimation gives a reduction of
a factor 7 for the number of states in our approach: G.
Saon used 615 states with his approach and the analytic
approach reduces this number to 87 states; that divides
by 7 the floating point multiplications necessary for the
observation calculation by pre-performing for each state
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of each letter model the observation probability of each
column of the sample.

At the same time, we observed that a neighborhood
of size v = 4 is too high for the letter recognition and we
choose a size of v = 3. The number of observation param-
eters for a letter nshp-hmm having n states and y pixels
observed in each state is ny2v. The neighborhood size
reduction divides by 2 this number. The combination of
these two factors allows a reduction of a factor 14 for the
number of parameters to estimate for state observations.
The transition part of the nshp-hmm requires less than
n2+4n (case of a fully connected nshp-hmm with D and
F ). In practice the nshp-hmm used have left-right struc-
ture and thus need 3n + 1 transitions. Thus transition
parameters are divided at least by 7.

7 Conclusion

We proposed a new approach for analytic word recog-
nition based on a dynamic generation of global mod-
els. This approach reduces the number of observation
parameters of the global approach by a factor 14, and
the complexity in floating point multiplications for the
observation probabilities calculation by 7. The first ex-
periments give very encouraging results on industrial
database of real application. The letter models learning is
made through the word models and the Baum-Welch al-
gorithm ensures the optimal learning in good conditions.
More tests need to be made with bigger databases in or-
der to evaluate in better conditions such an approach.
Some tests with a lower neighborhood could show the
importance of its size.

The word models are dynamically generated, corre-
sponding to meta-models. This method can easily be ex-
tended to entire amounts of checks with another level of
meta-models in which states would represent words. This
extension needs that we can find the best path between
words. This problem is the same with a generalization of
our method to unconstrained vocabulary recognition. For
such a task, we need to find the sequence of states in the
meta-model than best describe the word analyzed. Some
studies are necessary to find the best method to get the
path in the meta-models.
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16. G. Saon: Modèles markoviens uni- et bidimensionnels
pour la reconnaissance de l’écriture manuscrite hors-
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