
Recognition of Unconstrained Legal Amounts Handwritten on 

Chinese Bank Checks 

Hanshen Tang 1, Emmanuel Augustin 2, Ching Y. Suen 1, Olivier Baret 2, Mohamed Cheriet 3

1 Centre for Pattern Recognition and Machine Intelligence, Concordia University, 
1455 de Maisonneuve Blvd. West, Montréal, Québec H3G 1M8, Canada 

{hstang, suen}@cs.concordia.ca 
2 Artificial Intelligence and Image Analysis (A2iA), 40 bis, rue Fabert, 75007 Paris, France 

{ea, ob}@a2ia.com 
3 Laboratoire d’Imagerie, de Vision et d’Intelligence Artificielle, École de Technologie Supérieure, 

1100 rue Notre-dame Ouest, Montréal, Québec H3C 1K3, Canada 
Mohamed.Cheriet@etsmtl.ca 

Abstract 

This paper presents a novel research investigation on 

legal amount recognition of unconstrained cursive 

handwritten Chinese character in the environment of 

A2iA CheckReader™ – a commercial bank check 
recognition system. The following problems and their 

solutions are described: character set of Chinese legal 

amounts, preprocessing (slant detection and correction), 

segmentation, feature extraction, grammar, automatic 

annotation of Chinese characters before and during 

training, and neural network/hidden Markov model 
training and recognition. The system is trained with 47.8 

thousand real bank checks, and validated with 12 

thousand real bank checks. The recognition rate at the 

character level is 93.5%, and the recognition rate at the 

legal amount level is 60%. This is the first successful 
commercial product in this domain. 

1. Introduction 

A lot of research for Chinese character recognition has 
been done [1] [2]. Several available commercial products 
have good recognition rates on printed Chinese.  A lot of 
research on automatic bank check processing has been 
done [3] [4]. A2iA CheckReader™ is one of the most 
successful commercial products that can process bank 
checks handwritten in several Latin languages [5]. 

However, the recognition of unconstrained hand-
written cursive Chinese in legal amounts remains a 
difficult problem. 

Noises on the cheques make accurate segmentation, 
accurate recognition very difficult. The relatively large 
size of character set, different characters, similarity in 

shape, and the ambiguity of the grammar make the 
annotation of character, training and recognition very 
difficult. A wide variety of fonts and sizes, handwritten 
styles, and very cursively written scripts also bring a lot 
of problems. Because of all the above, the recognition 
performance of unconstrained handwritten cursive 
Chinese is still not very satisfactory. 

Figure 1 shows two real bank check images, which 
can illustrate some of the difficulties. 

Figure 1. Binary images of two Chinese bank checks. The 
upper one is very cursive, and the lower one is very noisy. 

2. System Overview 

We developed the system in the environment of A2iA 
CheckReader™ system. The technical details about A2iA 
CheckReader™ can be found in “Industrial bank check 
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processing: the A2iA CheckReader™” [5]. Figure 2 
shows the whole Chinese bank check recognition system. 

Figure 2. Overview of the Chinese check recognition system 

This paper focuses on the right-hand side of the 
system - legal amount recognition. Some parts on both 
sides of the system are similar, such as amount extraction, 
and recognition with neural network/hidden Markov 
model. These will not be presented in detail in this paper, 
unless necessary, as more details can be found in [5].  

3. Character Set and Grammar 

After the analysis of the database of 60 thousand 
handwritten Chinese bank checks, we found that the 
character set consists of 49 characters that can be 
categorized into 19 meaning classes. Table 1 shows all of 
them, including many different characters that belong to 
the same meaning class. There are not enough samples to 
train each distinct character as a distinct class in the 
neural network, while it is syntactically impossible to 
differentiate characters belonging to the same meaning 
class. Thus, we had to train each meaning class as a 
whole in the neural network. However, some of the 
characters in the same meaning class are very different in 
shape. This led to troubles in the training of the neural 
network, such as convergence.  

Table 1. Character set of Chinese legal amount 

Analyses of the database of Chinese bank checks 
showed that many possible presentations in legal amount 
(sequences of characters) may be valid for the same 
numerical amount. We implemented the Chinese legal 
amount grammar tools based on automata.  

The grammar tools have two usages. One is to check 
whether a certain legal amount is valid, if so, output its 
numerical value. This is used in the Monte Carlo process 
for training, and the recognition with the neural 
network/hidden Markov model. The other usage is to 
generate possible legal amount candidates from a given 
numerical value. This is used in the automatic annotation 
(this will be presented in Section (7)) and the training of 
the neural network/hidden Markov model. The grammar 
tools are not built to be stochastic. However, frequently 
used presentations are generally placed on the top of the 
candidate list of possible legal amounts generated by the 
grammar tools. One big remaining problem is that there 
may be more than tens of possible presentations in legal 
amount or even more for a given numerical amount. This 
made the training of the neural network/hidden Markov 
model difficult to converge. Thus we developed the 
method of automatic annotation.  

4. Slant Correction 

Unconstrained handwritten Chinese usually has two 
types of slant: horizontal slant, and vertical slant. On the 
other hand, in general, Latin ones only have vertical 
slant. This is illustrated in Figure 3. Thus the slant 
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detection/correction for Chinese is different from the 
slant detection/correction for Latin languages. 

Figure 3. Slant (Horizontal and Vertical) in Chinese and Latin 

5. Segmentation. 

In many legal amounts found in the Chinese bank 
check database, two consecutive unconstrained hand-
written Chinese characters are touching with each other in 
more than one position, rather than connected by a 
ligature. T. Yamaguchi, et al introduced an approach for 
the segmentation of touching Japanese characters [6]. 

 We implemented a segmentation approach, Multiple 
Ranked Segmentation Options, based on: a. stroke 
connectivity. b. histogram. c. stroke cutting count 
(counting of cutting number across the strokes). d. 
character width estimation and character height/width 
analysis. e. noise isolation. The output of the 
segmentation is a candidate list of possible segmentation 
options with probability. Figure 4 displays one of the 
samples. 

Figure 4.  A candidate list of segmentation options. 

6. Feature Extraction 

A feature extraction tool has been implemented to 
handle the size variety without normalization. The input 
image is not required to be normalized in size, but the 
output features are standardized according to the size. The 
aspect ratio of the character retains, which is useful in 
differentiating characters, over-segmentation, and under-
segmentation. Some common useful features for Chinese 
character recognition such as aspect ratio, symmetry, 
peripheral features, and direction contribution of strokes, 
[7] etc, are extracted. 

7. Automatic Annotation Tool and Training 

The recognizer of the original A2iA CheckReader™ 
is based on neural network/hidden Markov model. 
However, because of the ambiguity of the grammar, and 
because certain meaning class has a variety of character 
shapes (as mentioned in the Section (3)), the training of 
the system did not perform well for Chinese legal amount 
recognition. 

To feed and train the neural network, we need 
annotated samples of the classes. We introduced the 
strategy of spiral recognition. The idea is illustrated in 
Figure 5. With the annotation tool, we can get more 
samples for each class. With the recognition results and 
the grammar rules, we can annotate more classes. 

Figure 5.  Spiral recognition 

In the first iteration of training the system, we 
developed a tool to get such samples from neat bank 
checks with the aid of the segmentation and the grammar 
tools. We considered only samples in those cases that the 
segmentation options are of very high (close 1.0) 
probabilities and there are not too many candidates for 
given numerical amounts. 

Figure 6.  This bank check image is neat and the segmentation 
probability is 1.0, thus all the six segments can be automatically 

annotated. They are “one”, “ten thousand”, “five”, “thousand”, 
“dollar”, and “only”, respectively. 

Figure 6 illustrates the tool. The analysis of the result 
of the tool showed that the key classes (such as classes for 
“ten”, “hundred”, “dollar”, and “only”) can be identified 
fairly well (error rate less than 4%). The overall 
annotation error rate is 6%. 
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In the second and following iterations of training of 
the system, we developed a tool to get annotated class 
samples with the aid of the segmentation, the grammar 
tools, and the recognizer trained in previous iterations. 
While the system iterated, the annotation error rate 
decreased, and the recognition rate increased. 

After the training, the character recognition results – a 
ranked candidate list of character hypotheses - from the 
neural network can be passed to the amount recognizer 
with the grammar tool. A candidate list of recognized 
amounts is outputted. 

8. Experimental Results and Analyses 

After 8 iterations of training on the database of 47.8 
thousand of real bank checks, and validation with 12 
thousand of real bank checks, the average annotation 
error rate reduces to 3%. The recognition rate in 
annotated samples is 90.66% for the top candidate. The 
real recognition at character level is estimated by 

RateErrorAnnotation1

RatenRecognitioAnnotation
RatenRecognitioReal

−
=

.
Thus the estimated real recognition rate is 93.5% for 

the top candidate, while the amount level recognition rate 
is 60% for the top candidate, and 76% for the top 4 
candidates. Analyses of the errors shows: 40% of the 
errors are due to excessive noises on the bank checks; 
15% are due to excessive cursive handwritten scripts; 
10% are due to inseparable handwritten scripts; 12% are 
due to rare occurrences of some characters (too few 
samples to train the recognizer); 19% are due to excessive 
similarity among some characters; and 4% are due to 
excessive long strokes in some handwritten scripts. 

The original A2iA CheckReader™ has an average 
read rate at the document level (combining the courtesy 
amount and the legal amount recognition) between 65% 
and 85% with a misread rate of 1% for checks in Latin 
languages. With the Chinese legal amount recognizer, the 
improvement on a mixed flow of checks is around 5% 
increase in the read rate (where 30% of the checks were 
written in Chinese, and the rest were written in English). 

9. Conclusions 

A legal amount recognition system of unconstrained 
cursive handwritten Chinese characters is presented. The 
system has a good recognition rate while the misread rate 
is low, on a large database of bank checks. This system is 
the first successful commercial product in the domain. 

The recognition performance may be further improved 
by employing radical recognition and structural and 
hierarchical approaches [8] [9]. The automatic annotation 
strategy is promising, which enables the system to train 

on more samples for each class, as well as on more 
classes if a proper grammar and vocabulary are given. 
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