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Abstract 
This paper presents the application of Mutual 
Information criterion to validate feature sets extracted 
from handwritten words in Brazilian legal amounts. The 
lexicon includes a subset of short words without 
ascenders /descenders and subsets of words with the 
same prefix or suffix. These particularities of the 
Brazilian lexicon show that is necessary to improve the 
perpetual feature set with complementary geometric 
features, and also modeling the prefix and suffix of the 
words. Finally, the experiments show the viability of our 
approach. 
 

1. Introduction 

The bank check recognition problem arouses great 
interest in researches, since there is a high level of 
ambiguity and complexity in such a kind of images, as 
seen in Figure 1, where the keywords are on evidence.  

 
Figure 1 - Examples of writing styles in Brazilian 
handwritten bank check images 

 
The interest is also explained by practical applications 

in the bank check compensation systems, since it is well 
known that the manual process demands both time and 
elevated cost, besides not being efficient in given 
situations. 

From the literature two main approaches have been 
proposed to deal with this challenging problem, such as: 
local or analytical held at the character level [1,2] and 
global held at the word level [3,4]. Moreover, different 
feature selection and validation strategies can be found. 
In [5] the conditional perplexity based on the entropy 
notion from the information theory is used to indicate the 
discriminative power of different feature sets. In [6] the 
Mutual Information (MI) is applied to evaluate the 
information content of each feature and to select an 

informative subset of features to be used as input data for 
a neural network classifier. Other example is found in 
[7], where the MI contributes to handwritten word 
recognition of French legal amounts by improving the 
feature set. To this end, a concatenation algorithm selects 
a subset of relevant graphems from an initial set of 
available graphems. 

The proposed system for handwritten legal amount 
recognition of Brazilian bank checks can be categorized 
as a global approach  that avoids the explicit 
segmentation of words into letters or pseudo-letters by 
using word Hidden Markov Models (HMM). In this 
HMM framework, the MI is used to validate a feature set 
based on perceptual features. 

This paper is divided into 8 sections. Section 2 
summarizes the relevant concepts of the MI. Section 3 
explains the handwritten word recognition problem 
taking into account the Brazilian legal amounts. Section 
4 presents the perceptual feature extraction. Section 5 
describes the recognition based on HMM. In Section 6 
we present the experimental results. Section 7 shows the 
application of MI to validate the feature set, while 
Section 8 presents the conclusion and future works. 

2. Background Theory 
The entropy is a measure of uncertainty of a random 

variable defined in [8], as: 
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where Pi is the ith word probability in the training 
database and N is the lexicon length . 

The MI considers more than one random variable. It is 
a measure of the information content that one variable 
contains about another random variable. This means a 
reduction in the uncertainty of one random variable due 
to the knowledge of the other. So, the MI measures how 
the content of information is distributed in the feature set 
extracted from the word images. For this purpose, the 
Mutual Information I(X,Y) , described in [8], is the 
relative entropy between the joint distribution and the 
product distribution p(x)p(y): 
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In [7] the MI is expressed in the context of words, as: 
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Where, the random variables M and Gk represent the 
words in the lexicon and the kth “original” graphem, 
respectively. Moreover, j ∈ {0,...,M} corresponds to the 
number of times the graphem k occurs inside the 
observation sequences of the word i. A ¨original¨ 
graphem set is composed of all combinations of features 
extracted from the words in the training database.  

Equation (3) permits to compute the information 
content of each “original” graphem. Normally, the 
number of “original” graphems is very high. Therefore, it 
is necessary to chose a method to look for likeness 
among the “original” graphems in order to concatenate 
them and validate the concatenations assumed. The idea 
is to reduce the number of graphems keeping the most 
discriminative of them, which contain the most 
significant part of the whole information associated. For 
this purpose, four methods can be used: Hamming 
Distance, Hamming Distance Weighed, Hierarchical 
[7,9] and Entropy [5,7]. In this work we consider the 
hierarchical approach and the MI is used to validate the 
perceptual feature set. The feature set validation is done 
by applying the MI associated with the α criterion as 
shown in [7]: 
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In other words, the validation occurs when the relation 
between the information of the concatenated graphem 
I(M,G”) and the maximum of isolated graphems is 
greater than a fix threshold, α =1 [7]. In the sequence of 
this paper we describe the application of MI to validate 
the feature set and we discuss the difficulties and 
problems related to words in the Brazilian legal amounts. 

3. Handwritten Word Recognition Problem  

The legal amount corresponds to a numerical value 
that obeys a known grammar. The database comprises 
values between R$ 0,01 ("um centavo") and R$ 
999.999,99 ("novecentos e noventa e nove mil, 
novecentos e noventa e nove reais e noventa e nove 
centavos"). 

From the numerical value it is possible to define five 
subset of words, such as: “entos”, “enta”, “ten", “unity”, 
as shown in Figure 2, and the keywords “mil”, “reais or 
real” and “centavos or centavo” (see Figure 1). We can 
also observe in Figure 2 the similarity among the suffix 
and prefix of the words in the lexicon. This fact increases 

the complexity of the recognition problem. 

 
Figure 2 - Subset of words for Brazilian legal amounts 

The a priori measure of the difficulty related to the 
recognition task can be obtained by the Entropy, defined 
in Equation (1). The lexicon in question is composed of 
39 isolated words. The H(P) calculated using the training 
database is equal 4.77 bits. This value permits to 
compare the recognition of 39 words with a problem 
containing 27.28 equiprobable word classes. In this 
study, we have defined one model to represent each 
isolated word. 

4. Feature Extraction Method 
A preprocessing is used to minimize the effects of the 

writing variability related to the different styles, the 
writer's particular characteristics and the word slant [15]. 
It consists of slant correction [9] and smoothing [10] of 
the word images. No kind of baseline correction is used, 
since the legal amount is written between two printed 
guidelines in the regular check pattern. 

The feature extraction plays an important role on 
handwriting recognition systems. Two questions are 
important in the feature selection: 1) What are the 
relevant features (perceptual features) in the handwritten 
recognition process? and 2) How to represent cursive 
words without the presence of perceptual features? To 
answer these questions we integrate the relevant aspects 
of the writing and reading processes as described in 
[11,12]. In [11], the authors define perceptual features as 
the most used characteristics in the word form 
representation (ascenders, descenders and loops, 
represented by symbol, position and size) [15]. 

The perceptual features occur in the great majority of 
the words in the lexicon. However, we can find subsets 
of words that do not present this kind of features, such 
as: words without ascenders/descenders ("um", "cinco", 
"seis", "nove", "cem", "reais"), and short words ("dois", 
"três", “quatro”, "sete", "oito", “onze”, “doze”, “mil”). 
To deal with these subsets of words we propose a second 
and complementary set of features, which takes into 
account concavities and convexities presents in the word 
body. 



Figure 3-a shows the feature set based on perceptual 
features that are extracted from the three word zones 
(ascender, body and descender), called Set 1 - PF. The 
character # denotes a separator between two graphems. 

These three zones are determined based on the 
horizontal transition histogram. The body of the word is 
the area located between ±70% from the maximum value 
of this histogram [16].  

 

Figure 3 - Features sets: a) perceptual features (PF), 
b) perceptual features, concavities and convexities 
deficiencies (PFCCD) c) segmentation 

The features are extracted over the word images and a 
pseudo-segmentation process is applied to obtain a 
sequence of corresponding observations, as seen in 
Figure 3-c. A segment is delimited between two black-
white transitions over the maximum peak of the 
horizontal transition histogram (median line), and a 
corresponding symbol is designated to represent the 
extracted set of features, making up a graphem. Only the 
transitions that are not found inside the loops of the word 
body are considered. In case of no feature can be 
extracted in the analyzed segment, an empty symbol is 
emitted. 

Since the proportion of the graphems with empty 
symbol in conformity to the perceptual features is about 
67.3%, we can conclude that the representation of 
cursive words needed to be completed through the 
ligature between letters, in order to make up the 
graphems. In this manner, we established a classification 
capable of separating graphems made up of "C", "S", "E" 
and "Z" or, "u", "n", "r" and "i".  

The second feature set, called PFCCD (Perceptual 
Features, Concavities and Convexities Deficiencies), is 
implemented for a better graphem discrimination. It takes 
into account the concave and convex deficiencies in 
addition to the perceptual features [13]. Concavities and 
convexities deficiencies in the word body are extracted 
and labeled, as shown in Figure 3-b. These deficiencies 
are obtained by labeling the background pixels of the 
input images [16].  

The symbol alphabet was defined based on the 
hierarchical occurrences of the basic feature types, as 
well as, on the occurrences of the combination of these 
features in the same pseudo-segment (see Table 1). The 
entire and definitive hierarchical alphabet is composed of 
29 different symbols. 

 
 

Table 1 - Basic feature 
Item Feature Symbol 
01 Large and small  ascender T , t 
02 Large and small descender F , f 
03 Superior  and inferior loop l  , j 
04 Large and small loop in word body O, o 
05 Open right and open left concave  ( , ) 
06 Open right and open left convex C , Z 
07 Open down and open up convex n , u 
08 False loop in word body a 
09 Ligature down i 
10 Ligature up r 
11 Empty X 

5. Word Recognition Method 

The Hidden Markov Model (HMM) theory has been 
successfully used to model the writing variability. The 
theoretic formulation of HMM is beyond the scope of 
this paper. An excellent introduction to this subject can 
be found in [14]. Our interest in the HMM lies in its 
ability to efficiently model different knowledge sources. 
It correctly integrates different modeling levels 
(morphological, lexical, syntactical), and also provides 
efficient algorithms to determine an optimum value for 
the model parameters. 

Our word HMMs are based on a left-to-right discrete 
topology (Bakis Topology), where each state can skip at 
most one state. The lexicon size permits to consider one 
model for each class. The word models are independent 
of the handwriting style or the orthography for the same 
word, for example: 1 - "um" and "hum", 14  - "quatorze" 
and "catorze", 50 - "cinquenta" and "cincoenta". Both 
possibilities, in each case, are considered correct. In the 
current system, an unique model for each pair "reais and 
real" and "centavos and centavo" is used. The reason is 
that the words "real" and "centavo" are frequently not 
found in financial applications. They are just found in the 
following courtesy amounts: "R$ 1,00 - um real" and "R$ 
XX,01 - um centavo", respectively. 

The model training is based on the Baum-Welch 
Algorithm and the Cross-Validation process [14]. The 
objective of the Cross-Validation process is to monitor 
the general outcome during the training process. It is 
done over two sets of data: training and validation. After 
each iteration of the Baum-Welch Algorithm on the 
training data, the likelihood of the validation data is 
computed using the Forward Algorithm [14]. During the 
experiments, the matching scores between each model 
and an unknown observation sequence is carried out 
using the Forward Algorithm. Moreover, we also 
evaluate the use of the known probability of each word in 
the training database during the recognition process. For 
this purpose,  k = argmax i [pr(O / λi) . p(λi)], where k is 
the index i that maximize the fuction (i = 1,..,Nc), Nc is 
the number of word classes in the lexicon (39 words), O 



is the word observation sequence and p(λi) is the relative 
frequency of word i in the training database. 

6. Experimental Results 

The database used in the present work is composed of 
11,936 isolated words. This database is divided into 3 
subsets, called: Training (60%), Validation (20%) and 
Testing (20%). The cursive  represents the most frequent 
writing style, with 72% in the training database [15].  

The results with 39 models, considering PF and 
PFCCD sets are shown in Table 2. A significant 
contribution to the recognition performance is observed 
by using the concavity and convexity deficiencies 
features of the PFCCD set. This shows as expected, a 
better word representation especially for the words with 
an absence of perceptual features. Through an error 
analysis, we observed specific problems with families 
“enta” and “entos”, in the following words: 
“cinquenta/cincoenta”, “sessenta”, “setenta”, “oitenta”, 
“duzentos”, “quatrocentos”, “quinhentos”, “novecentos” 
and “centavos”. 
 

 
Table 2 - Recognition Experiment 

Without pwc With pwc Lexicon = 
39 words PF PFCCD PF PFCCD 

TOP1 57.22 67.66 61.52 70.61 
TOP2 73.16 80.42 76.34 82.44 
TOP3 80.32 86.65 83.24 88.08 
TOP4 84.78 89.94 86.85 90.53 
TOP5 88.10 92.21 90.27 92.84 

pwc = probability of each word class 
 
Comparing results is not easy since the works refer to 

different databases, so we have to view the comparison 
on that basis. It seems that at present our results are 
comparable to others, especially because our lexicon is 
rather than the others (English – 32 words or French - 25, 
27 or 29 words with according to the different authors), 
i.e. 39 words. We remind the Figure 2 that shows the 
similarity among the suffix and prefix of the words in the 
Portuguese lexicon. Unfortunately, in the literature, only 
few studies report results on Portuguese lexicon. This 
lack of studies in the literature makes the comparison of 
results rather difficult.  

Table 3 presents a comparison with others existing 
works. These studies consider global approach, one 
model to represent each isolated word at different 
lexicon. 

 
 
 
 
 

Table 3 – Comparison of word recognition results  
(% correct in top 1 choice) 
Authors E F P 
Côte [3] 73.6 - - 

Guillevic ADS [4] 72.6 - - 
Guillevic AD [4] 63.9 - - 

Avila [7] - 62.2 - 
Guillevic AD [4] - 78.3 - 

Ollivier [17] - 75.0 - 
Gomes [18] - - 50.0 

Freitas  PP [19] - - 57.2 
Freitas  PPCCD [19] - - 70.6 
E = English, F = French, P = Portuguese 

7. Feature Set Validation 

The validation process based on MI starts by 
computing the  I(M,Gk)93 for the 93 “original” graphems 
extracted from the training database, applying the 
Equation (3). Afterwards, we compute I(M,Gk)29 for the 
29 hierarchical graphems. Moreover, we compute the α 
values using Equation (4). Some examples have their 
results shown in Table 4, where the Hierarchical 
Graphem “Ot” (presence of a loop in the word body + a 
small ascender) corresponds to the concatenation of  four 
symbols “tO”, “Ot”, “ot” and “to” graphems into one 
symbol. The resulting symbol “Ot” does not make any 
difference if the ascender comes before or after the loop. 
In this manner, we concluded that the 29 Hierarchical 
Graphems are validated based on a significant increase of 
mutual information I(M,Gk)29 compared to the “original” 
graphems. 

 
Table 4 – Examples of concatenated graphem 

validated with Equation (4)  
Original  

Graphems 
max 

I(M,Gk) 
Hierarchical 

Graphem 
I(M,Gk) α  

value 
Ot,tO,ot,to 0.4102425 Ot 4.198101 10.23 
OF,FO,oF,

Fo 
0.4101486 OF 4.207193 10.26 

JO,Oj,oj,jo 0.4104498 Oj 4.206434 10.25 

8. Conclusion and Future Works 

This paper presents the isolated word recognition in 
the context of Brazilian legal amounts. It shows the 
similarity among the words in the lexicon by considering 
that the handwriting of the legal amount is based on a 
numerical value. The MI and α criterion were applied for 
hierarchical feature set validation. The advantage is that a 
fast informative feedback about the information 
contained in each graphem is provided.  

The obtained results motivate the continuity of the 
system development considering a new complementary 
geometric feature set. Our future work consists of 



looking for other discriminative features and also 
improving word modeling in order to optimize the word 
recognition phase. Moreover, the studies include the 
suffix and prefix modeling.  
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