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Abstract

word and the path (= segmentation) is determined simultaneously, is referred to as a “lexicon driven” approach.

In this paper, we propose a novel calculation method of
an “a posteriori” probability for analytic word recognition.
The method is suitable for address recognition tasks. Our
previous method needs calculation over all words in a lexicon, while the proposed method only needs calculation on
the concerned word. In the address recognition task, lexicon size becomes very large and only a part of it can be
handled. Hence, the previous method cannot be used, and
the proposed method is convenient. Experimental results
show that the proposed method guarantees high precision
of probability calculation.

Here, a calculation rule of an evaluation value (= evaluation function) becomes key issues of a recognition method.
In previous works, empirical functions were mainly employed for this purpose, compared to holistic approaches,
which mainly employs statistical methods like HMM. The
mean of character recognition scores (similarity, conﬁdence
value, reliability, distance, cost, etc.) was the most common
evaluation function [6, 3, 7, 5]. By Bayes’ decision rule, the
best evaluation function is an a posteriori probability of the
word in the lexicon. In the case that segmentation is known
(e.g. postal code in pre-printed boxes), it has been known
for several decades that the a posteriori probability can be
calculated using the product of a likelihood of each character [1]. HMM is also based on the same principle. But, in
the case that segmentation is unknown and a word can be in
various length, it had been difﬁcult to calculate the a posteriori probability. In our previous work, we have succeeded
in calculating the a posteriori probability approximately in
such a case with signiﬁcant improvement in word recognition performance [4].

1. Introduction
Word recognition algorithms are classiﬁed into two major groups: an “analytic” approach and a “holistic” approach [9]. In an analytic approach, segmentation is performed to make character hypotheses and character recognition module is used to process each hypothesis. In a holistic
approach, word recognition is performed without character
recognition. Hidden Markov Model (HMM) is mainly used
in this approach.
Although an analytic approach is an old, conventional
one, it is still an effective technique. Kimura et al. took the
ﬁrst place among single algorithms in ICDAR 2007 Arabic
handwriting recognition competition [8]. Their system is
the only one using an analytic approach 1 . Koerich et al.
made a great improvement of the recognition rate adding a
postprocess of character recognition after their HMM based
algorithm [6]. In general, combination of both approaches
leads to high performance [9].
The goal of a word recognition task in an analytic approach is to choose the word in a lexicon that best matches
a consistent combination of the character hypotheses (a consistent combination of the character hypotheses is referred
to as “path” below). To achieve this, the most common way
is to calculate an evaluation value for each pair of the path
and the lexicon word, and choose the pair with the highest
evaluation value. Such an approach, in which the lexicon

However, this calculation method uses all words in the
lexicon in order to calculate an a posteriori probability of
one word. This has become a problem in handling a huge
size lexicon such as an address recognition task [10, 2].
Therefore, a method to calculate the a posteriori probability
without using all words has been anticipated.
In this paper, we propose a novel calculation method
which can calculate the a posteriori probability using only
one word. This calculation method is derived by ﬁnding
a way of approximation. An experiment in word recognition shows that the proposed method is far superior to the
widely used evaluation function, although it is slightly inferior to our previous method. Organization of this paper
is as follows. Section 2 and 3 will describe our previous
method. We will give a detailed formulation of the problem (section 2) and derivation of the formulae (section 3),
described brieﬂy in [4]. Section 4 will explain the problem
of the previous method in an address recognition task, and
derive the proposed method in section 5. Section 6 is about
an experiment and results. Summary of the work and some
concluding remarks are presented in Section 7.

1 Kimura et al. was the second best, while the best one was the system
combining three different algorithms.
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Figure 1. Multiple word hypotheses
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L4
L3
f2

f1

Assume that the location of a word in the lexicon to be
unknown, and multiple word hypotheses have been generated in advance. Fig.1 shows an example of word hypotheses on a mail image, where the address “icdar 2009
TOSHIBA st Ie Abc 7” is written. Our goal is to determine
which word in the lexicon is written in the image. Let us
consider that there is only one hypothesis in which a word
in the lexicon is written. For example, consider a problem
of reading a city name in a mail. This situation can also be
regarded as a “word spotting” problem.
Since a boundary between characters is unknown, we extract many segmentation points as a candidate of a boundary in advance so that correct boundary points are all included in the candidates, which is referred to as “oversegmentation”. Fig.2(a) shows an example of segmentation
points. The line image corresponds to the bottom line of
Fig.1. “↑” means a segmentation point. Character hypotheses are generated according to the segmentation points. The
structure of the character hypotheses is in the form of “lattice”. Fig.2(b) is an illustration of the lattice generated from
Fig.2(a). L1 to L4 denotes word hypotheses corresponding
to Fig.1.
One segmentation hypothesis corresponds to one “path”
on the lattice. Fig.2(c) shows examples of a path. If all correct boundary points are included in segmentation points,
one of the paths necessarily corresponds to the correct segmentation. In Fig.2(c), f1 is a correct path, and all character
hypotheses on the path correspond to characters in the line
image.
Character recognition is performed to each character hypothesis. Fig.2(d) illustrates character recognition results.
In general, a recognition result includes multiple character
code candidates and their scores (the score is called similarity, conﬁdence, reliability, distance, etc), but as an example,
only the top candidate and its score (similarity) is shown in
the ﬁgure. Our goal is to choose a path, a lexicon word, and
a word hypothesis simultaneously using the above information 2 .
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Figure 2. Character hypotheses
a posteriori probability P (wi |x) approximately, where wi
denotes i-th word in the lexicon and x denotes the “whole”
information of the image, which is described in detail below
3
.
Then, let us deﬁne several notations. ai denotes the i-th
character hypothesis. ri denotes the character recognition
result of i-th character hypothesis ai (see Fig.2(e)). Here,
the character recognition result ri can mean any information given by character recognition process of ai . For example, it can mean the only top candidate of recognition
result (Fig.2(d)), or all the candidates and their reliability
values. A={a1 , a2 , ..., am } denotes the set of all the character hypotheses, where m is the number of the character
hypotheses. r=(r1 , r2 , ..., rm ) denotes the character recognition result of all the character hypotheses. S denotes the
compilation of all information except the character recognition result r, such as the arrangement of the character hypotheses, size of each character hypothesis, the number of
the character hypotheses, etc. x mentioned above is deﬁned
as x=(r, S). fp denotes the p-th path in the lattice of character hypotheses, which is deﬁned as fp=(af1p , af2p , ...), afip ∈
A, 1 ≤ fip ≤ m. F = {fp }, p=1,2,... denotes the set of all
the paths in the lattice. Ll denotes the l-th word hypothesis.
L={Ll } denotes the set of all the word hypotheses. When
the recognition object is split into multiple lines (e.g. Fig.1),
it is treated as in a single line virtually by concatenation.

3. The previous method
According to Bayes’ decision rule, choosing a word from
the lexicon which maximizes the a posteriori probability
minimizes the error rate. Therefore, we try to calculate the
2 Utilization of the information other than character recognition results
(e.g. geometric relationship of characters) will be our future work, which
will improve the performance.

3 The optimal path and word hypothesis will also be found, although
only the identiﬁcation of the word in the lexicon is explained.
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C means a correctly segmented character hypothesis, because a correctly segmented character hypothesis must correspond to some character code. Hence, P (rk |C) means the
probability of the character recognition result of the character hypothesis ak being rk on the condition that ak is correctly segmented. Dp denotes the set of character hypotheses which do not belong to the path fp (e.g. in Fig.2(c),
D2 is {a2 , a5 , a6 , a8 }, that are not on the path f2 ). The
approximation in Eq.(7) is based on the assumption that the
character recognition results of the character hypotheses are
independent
of each other is employed. Factors of the ﬁrst
∏
correspond to character hypotheses that are on the path
fp and inside the word hypothesis Ll (e.g. a4 , a6 , a8 , a∏
9,
if fp = f2 and Ll = L2 in Fig.2). Factors of the second
correspond to those∏
on fp and outside Ll (e.g. a2 , a10 , a12 ).
Factors of the third correspond to those that are not on fp
(e.g. a1 , a3 , a5 , a7 , a11 ).
In Eq.(8), exploiting∏the fact that the product over all the
character hypotheses aj ∈A P (rj ) is irrelevant of fp and
Ll , the inside
∏ of max is divided by this product. Therefore,
the third in Eq.(7) can be canceled.
{∏
}
In Eq.(9), we deﬁne K 00 = K 0
and
aj ∈A P (rj )
∏
P (a|b)
R(a|b) = P (a) . First
in Eq.(9) is inside the word hy∏
pothesis Ll , and second
is outside Ll . Here, we assume
that there is no character hypothesis spanning a boundary of
a word hypothesis. Then, the inside and the outside of Ll
can be maximized independently, which leads to Eq.(10).
In Eq.(10), nlp0 denotes the p0 -th path inside the word
hypothesis Ll , which is deﬁned as nlp0 = (anlp0 , anlp0 , ...),

By Bayes’ theorem,
P (wi |x)

= P (x, wi )/P (x)
∑
= P (x, wi )/ k P (x, wk ).

(1)
(2)

Since the numerator and the denominator have similar terms
in Eq.(2), we transform the numerator below.
∑
P (x, wi ) = P (r, S, wi ) =
P (r, S, fp , Ll , wi )
fp ∈F ,Ll ∈L

≈

max P (r, S, fp , Ll , wi )
(3)
{
}
max P (r|S, fp , Ll , wi )P (S, fp , Ll |wi )P (wi ) (4)

fp ∈F ,Ll ∈L

=

fp ∈F ,Ll ∈L

The approximation in Eq.(3) means that probabilities is negligible except for the maximum one.
Next, we will employ the following approximation:
{
K, if len(wi ) = vl,p −ul,p +1
P (S, fp , Ll |wi ) ≈
(5)
0, otherwise
where K is a constant irrelevant to p, l, and i, len(wi ) denotes the number of character codes in the word wi , and
ul,p and vl,p denotes the index of the “boundary” character hypothesis in the path fp , that is, the character hypothesis afjp in the path fp is contained in the word hypothesis Ll if and only if ul,p ≤ j ≤ vl,p . The approximation in
Eq.(5) is based on the model that a probability of an arbitrary word matching with an arbitrary path is equally likely,
if the length of the word and the length of the path are equal,
without knowledge of the character recognition results r. A
more suitable model of P (S, fp , Ll |wi ) will make a better
approximation, if we can ﬁnd one.
By using Eq.(5), Eq.(4) is transformed as follows: (p and
l are abbreviated from the following equation.)

1

i

N l ={nlp0 } (p0=1, 2, ...) denotes the set of all the paths inside the word hypothesis Ll . mlp00 denotes the p00 -th “concatenated path” outside the word hypothesis Ll . The “concatenated path” means a concatenation of two paths, one is
a path in the left side of Ll , the other is in the right. mlp00 is
deﬁned as mlp00 =(amlp00 , amlp00 , ...), amlp00∈A (one exam-

P (x, wi ) ≈ KP (wi ) max P (r|S, f , L, wi )
(6)
f ∈F ,L∈L
{∏
}
∏
∏
≈K 0 max
P (rfj |ci,j−u+1 ) P (rfj |C) P (rj ) (7)
f ∈F
L∈L

1

{∏
}
{ ∏P (r |c
∏ P (rfj |C) }
fj i,j−u+1 )
=K 0 P (rj ) max
(8)
P (rfj ) j<u,v<jP (rfj )
f ∈F
aj ∈A
L∈L u≤j≤v
[
{∏
}]
∏
00
=K max max
R(rfj |ci,j−u+1 )
R(rfj |C) (9)
L∈L

f ∈F

f ∈F

[
{∏
}
{∏
}]
00
=K max max R(rnj |cij ) max
R(rmj |C) (10)
L∈L n∈N

j

m∈M

max

{∏

n∈N

m∈M

{∏
}
Since max jR(rfj|C) is irrelevant of Ll , the inside of

j

f ∈F

}]
R(rnj |cij )
{∏
}
j
n∈N
{∏
} (11)
=K 00max R(rfj |C) max
L∈L max
f ∈F
j R(rnj |C)
j
[

i

{∏
}
{∏
}
{∏
}
max jR(rfj|C) = max jR(rnj|C) max jR(rmj|C) .

j<u,v<j

u≤j≤v

2

ple of m2p00 is (a1 , a3 , a10 , a12 ) ). Ml={mlp00 } (p00=1, 2, ...)
denotes the set of all the “concatenated paths” outside the
word hypothesis Ll .
For deriving Eq.(11), following equation is exploited:

aj ∈D

j<u,v<j

u≤j≤v

2

anlp0 ∈A (one example of n2p0 is (a4 , a7 , a9 ) in Fig.2(e) ).

max in Eq.(10) can be divided by it, and then max can be
m∈M

L∈L

canceled.
Substituting Eq.(11) into Eq.(2) gives

n∈N

In Eq.(7), K 0 is deﬁned as K 0 = KP (wi ). ci,k denotes the
k-th character code in the word wi (e.g. if wi is “SPAIN”,
ci,3 is “A” ). C denotes an arbitrary character code, that is,

value(wi )
P (wi |x) ≈ ∑
,
k value(wk )
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(12)

where value() is deﬁned as:

be regarded as an approximation of the a posteriori probability.

{∏

}]
[
max
R(rnj |cij )
j
n∈N
{∏
} . (13)
value(wi ) = P (wi ) max
L∈L max
j R(rnj |C)

5. The proposed method

n∈N

In previous derivation, owing to starting from Eq.(2), expensive calculation for all words in the lexicon is required in
Eq.(12). Therefore, we try to start from Eq.(1). The denominator of Eq.(1) is transformed as follows: (p is abbreviated
from following equation.)
∑
P (x) = P (r, S) =
P (r, S, f ) ≈ max P (r, S, f ) (15)

where
R(rnj |cij ) =

P (rnj |cij )
P (rnj |C)
, R(rnj |C) =
.
P (rnj )
P (rnj )

(14)

A posteriori probabilities can be calculated approximately
using Eq.(12)-(14). For example in Eq.(14), P (rnj |cij )
equals the ratio of patterns with the recognition result
“I, 0.8” in the set of “A”, if cij = “A” and rnj = r1 in
Fig.2(d),(e). You must ﬁnd some way when you have not
enough patterns. For example, it may be helpful to substitute P (“notA, 0.8”|“A”) for P (“I, 0.8”|“A”), where
“notA” means the top candidate is not “A”. You may use
the code of the top candidate only, or use the second and
other candidates, with/without the scores as r, instead of
the code and the score of the top candidate, in this example. Likewise, P (rnj |C) can be calculated from the set of
correctly segmented characters. P (rnj ) can be calculated
from the set of all the character hypotheses. Dynamic programming technique can be employed for ﬁnding the optimal path n in Eq.(13). You may assume P (wi ) in Eq.(13),
an a priori probability of wi to be all equal, or you may
estimate them by training data.

f ∈F

f ∈F

{
}
{
}
= max P (r|S, f )P (S, f ) ≈ K max P (r|S, f ) (16)
f ∈F
f ∈F
{∏
}
∏
≈ K max
P (rfj |C)
P (rj )
(17)
f ∈F

=K

{ ∏

aj ∈D

j

}
{∏
}
P (rj ) max
R(rfj |C)
f ∈F

aj ∈A

(18)

j

where we use same notation as the one in previous section.
Above conversion resembles that of Eq.(3) to (11), based on
the same idea.
The approximation of P (S, fp ) ≈ K is used in Eq.(16).
No enumeration is needed as in Eq.(5), since wi is not
given. This approximation is based on the assumption that
the probability of every path is equal, as in Eq.(5). A better
model may improve the performance, since the approximation of using the same value K as in Eq.(5) is rather rough.
In Eq.(17), the approximation that the character recognition results of the character hypotheses are independent of
each other is employed, the same as Eq.(7).
∏ In Eq.(18), the
inside of max in Eq.(17) is divided by aj ∈A P (rj ), the
same as Eq.(8).
Substituting Eq.(11) and Eq.(18) into Eq.(1) gives,

4. Problems of the previous method
The previous method requires processing all the words
in the lexicon for computing the a posteriori probability of
a single word. value(wk ) for all the words must be calculated in the denominator of Eq.(12). This causes problems
in address recognition. Since the lexicon used in address
recognition is very large. The processing of the whole data
estimated from millions to tens of millions is unrealistic for
delivery point identiﬁcation. The lexicon is usually generated dynamically in address recognition. For example, a
postcode is recognized beforehand to shrink the street lexicon [10], city name is recognized to shrink the town lexicon [2]. Eq.(12) can easily be calculated for the shrunk lexicon formally. However, there comes up an error, since not
all the data is used in the denominator. Especially, the error
increases when pruning is unsuccessful. Because the total
sum is normalized to 1 in Eq.(12), which prevents the a posteriori probability P (wi |x) from becoming a small value
even when the true answer is not included in the lexicon.
Consequently, unsuccessful pruning cannot be detected.
The a posteriori probability will be small as unsuccessful pruning, if it can be calculated precisely without using
all the data. It also enables the detection of pruning failure. In this case, regeneration of the lexicon is possible by
backtracking. For the reason mentioned above, the calculation method of the a posteriori probability without using all
the words in the lexicon is needed. In the next section, we
demonstrate the numerator value(wi ) in Eq.(12) alone can

P (wi |x) ≈ value(wi ).

(19)

Eq.(19) shows that the numerator of Eq.(12) itself can be
used as an approximation of the a posteriori probability.
Thus, Eq.(19) is a solution for the problem of the previous
method pointed out in section 4.
The great difference between the proposed method and
the previous one is the treatment of the denominator P (x)
of Eq.(1). The previous method can be seen as calculating P (x) using all the words in the lexicon. On the other
hand in the proposed method, P (x) is calculated using an
arbitrary character code C in Eq.(17). In another word, the
proposed method is approximating the lexicon by “arbitrary
string”.

6. Experiment
We conducted an experiment of recognizing city name
in the mail images to evaluate effectiveness of the proposed
method. We used 811 real mail images of a European country for the test. Fig.3 shows two examples of the whole
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Table 1. Recognition rate
A
B
C
48.3% 71.1% 71.1%
50%

Figure 3. Examples of the whole address area
rejection rate

40%

address area of a real image (parts of images are covered
with black rectangles due to protection of personal information). Those images without the correct word hypothesis
due to the upstream processes (address area detection, word
segmentation, etc.), were excluded from the test set.
There were 1646 city names registered on the lexicon.
Those images with unregistered city name were excluded
from the test set. We employed a subspace method [11]
for the character recognition classiﬁer. The templates of the
classiﬁer were designed using a different image database.
R(rk |ci,j ) and R(rk |C) were calculated using yet another
independent database. A contour analysis based character
segmentation algorithm was employed.
Table 1 shows the recognition rate for three different
evaluation functions: (A) a mean of similarities between
a character hypothesis and character code in a word; (B)
the previous method described in section 3; (C) the proposed method. The recognition rate of C is 22.8% higher
than A. The rate of C is theoretically identical with B on the
condition of no rejection, because Eq.(12) and Eq.(19) are
maximized simultaneously when value(wi ) is maximized.
Fig.4 shows the error-rejection curve of the three evaluation functions. Here, (error rate) = (# of error) / (# of all
images) and (rejection rate) = (# of rejection) / (# of all images). For A, each point on the curve was determined by
optimizing the reject threshold th1 for the similarity of the
ﬁrst candidate and the reject threshold th2 for a difference
of the similarity of the ﬁrst and the second candidate. For
B and C, a threshold for the a posteriori probability was
varied to draw the curve. The x-intercepts of the curves are
equal to the values in Table 1. The graph shows clearly that
the proposed method C is far better than A, and is not so
inferior to B.

A
B
C

30%
20%
10%
0%
0%

10%

20%

30%

40%

50%
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Figure 4. Error-rejection curve
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7. Conclusion
In this paper, we proposed the novel a posteriori probability calculation method for analytic word recognition.
Even if we calculate the a posteriori probability of only
one word, our previous method needs calculation over all
words in the lexicon, while the proposed method needs the
concerned word only. Therefore, the proposed method is
suitable for address recognition which uses the huge size
lexicon. The experiment on real mail images indicated the
proposed method was superior to widely used evaluation
function, although it was slightly inferior to our previous
method.
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