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Abstract The inclusion of potentially correct characters in candidate sets is key to improving accuracy in 
the recognition of Chinese scripts in the aspect of contextual post-processing. This paper presents two 
methods based on a confusion matrix to recall the correct characters. The first method uses original 
candidates to conjecture the most likely correct characters, and then combines the conjectured set with the 
original candidates to produce a new candidate set. The second method performs an approximate 
matching of adjoining characters in a sentence with Chinese words so as to recall the most likely correct 
character. Experimental results demonstrate the effectiveness of our proposed methods. 
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1. Introduction 
Recognizing offline handwritten Chinese characters is a challenging pattern recognition 

problem [1]. Due to the large character set, complex character shapes, many confusable subsets of 
characters having only slightly different shapes, and great variations in writing style, it is difficult to 
significantly improve the accuracy of Chinese script recognition in an offline handwritten isolated 
Chinese character recognition system. Statistical language models (SLMs) have been successfully 
used for contextual post-processing to increase accuracy in the recognition of Chinese scripts [2-5]. 
The technology of contextual post-processing can be described as follows: Under the joint action of 
SLMs and candidate confidence, an efficient search strategy (such as the well-known Viterbi 
algorithm [6]) is employed to select the most likely sentence from the candidate sets provided by a 
character recognizer. 

Since the Chinese character set is very large, the number of candidates is usually limited. When 
executing contextual post-processing based on word-class n-gram language models, the number of 
candidates is always no more than 10 [2-5]. An excessive number of candidates would increase 
overall processing time and decrease overall script recognition accuracy due to excessive erroneous 
word formations during lexicon lookup. Wong and Chan [5] only used six candidates in contextual 
post-processing. In fact, for well recognized scripts, the top 10 candidates may be enough to capture 
the correct character; however, for poorly recognized scripts, even using the top 100 candidates or 
more may sometimes fail to capture the correct character. Therefore, the question will naturally 
follow: Has the correct character (true candidate) been included in the limited candidate set at all? 
Obviously, if there is no correct character in the candidate set, it is impossible to correct the errors in 
the recognizer, no matter how precise SLMs are. 

There are two approaches to dealing with this problem. One is to make use of a confidence 
evaluation measure to estimate not only the confidence of the first candidate in the set, but also that 
of subsequent candidates. Through some rules to aggregate the confidence values of top candidates 
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until the sum exceeds a threshold, the number of candidates can then be selected [7, 8]. This 
approach focuses on converting the recognition distance from the k-nearest neighbor classifier into a 
probabilistic value. But the approach needs to know the characters’ distribution in the feature space 
[7] or the distribution of correct data and erroneous data [8]. 

The other approach is to make use of the characteristics of recognition errors. As is well known, 
a special recognition system has its own characteristics of errors, which are based on its underlying 
understanding of how some characters could often be mistaken for others. This kind of recognition 
characteristics is represented by a confusion matrix. From the viewpoint of knowledge, a confusion 
matrix could be regarded as the prior knowledge of a recognizer [9]. Kernighan et al. [10] and Tong 
and Evans [11] employed a confusion set of Roman letters for English spelling correction. 
Marukawa et al. [12] used a Japanese confusion set for document retrieval that tolerates character 
recognition errors. Lee et al. [13] directly inserted Korean similar characters into the candidate set 
given by a recognizer in order to improve post-processing performance. In the Chinese language, 
there are many confusable subsets of characters which have only slightly different shapes among 
themselves. Chinese similar characters are often used in Chinese text proofreading [14]. This 
approach is more amenable to implementation compared to the earlier approach of utilizing 
confidence evaluation. 

This paper focuses on the contextual post-processing of Chinese script recognition with the use 
of a confusion matrix of Chinese characters. Based on the confusion matrix, we propose two 
methods to recall potentially correct characters. One is to use the original candidates in a candidate 
set to conjecture the most likely correct characters, and then combine the conjectured set with the 
original candidates to produce a new candidate set. The other is to perform an approximate matching 
of adjoining characters in a sentence with Chinese words. The remainder of this paper is organized 
as follows. In Section 2, we introduce the framework of contextual post-processing. In Section 3, we 
describe a candidate expansion algorithm, discuss its performance and workings, and consider how a 
new candidate set is produced by combination using the algorithm. In Section 4, we describe an 
approximate word-matching method. Section 5 demonstrates the effectiveness of our methods by 
showing several post-processing experimental results and analyses. We conclude in Section 6. 

2. Description of Contextual Post-processing 

A typical Chinese script recognition system is shown in Fig.1. Let TxxxX L21=  be a 
sequence of Chinese character images, where tx  is the tth character image in the input sequence 
X , and T  is the length of the sequence. Let TsssS L21=  be a sequence of Chinese characters 

given by an isolated Chinese character recognizer (ICCR), in which each output ts  may include 
top K  candidates ( Kttt ccc ,2,1, L ). Let ToooO L21=  be the final Chinese sentence. 

 
 
 
 
 
Considering the top K candidates for each output ts , there are TK  possible sentences. The 

post-processor’s task is to select the most likely sentence from all of the TK  sentences. By 
applying the rule of maximal posterior probability, the output O in Fig.1 can be represented as:  

)|()(maxarg)(max arg SXpSpXSpO
SS

∗==                             (1) 

ICCR Post-processor 
S

Fig.1. The basic framework of Chinese script recognition

OX
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where )(Sp  stands for a statistical language model; )|( SXp  is a conditional probability. 
Assuming that the current recognition behavior is independent of the previous decisions in ICCR, 
then )|( SXp  can be written as follows: 

∏∏
==

∗
==

T

t t

ttt
T

t
tt sp

xpxsp
sxpSXp

11 )(
)()|(

)|()|(                         (2) 

In Eq. (2), )( tsp  is the prior probability determined by ICCR, which can be regarded as of 

equal probability for all K candidates for the output ts  [1], while )( txp  is irrelevant to solving O 

in Eq. (1). Substituting Eq. (2) into Eq. (1), we have: 

∏
=
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t
ttS

xspSpO
1

)|()(maxarg                                 (3) 

where )|( tt xsp  stands for the confidence of a candidate ktc , , which can be estimated by the 
Logistic Regression Model (see Section 3.4.1) 1. 

In the Chinese language, a word consisting of one or more characters is a basic syntactically 
meaningful unit. However, each character in the word also has a definite meaning in itself. Thus, an 
n-gram Chinese language model can be based on either words or characters. If we adopt the 
character-based bigram, Eq. (3) can be represented as follows:  
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where )|( 1−tt ssp  is the transition probability of the character-based bigram; )( 1sp  is the first 
character probability in a sentence. 

If we adopt the word-based bigram in Eq. (3), we use TwwwS ′= L21  (S contains 'T words) 

instead of TsssS L21= . Then we have: 
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, jw  stands for the jth word length; 

)|( 1−ii wwp  is the transition probability of the word-based bigram; )( 1wp  is the first word 

probability in a sentence. 
The optimal sentence in Eq. (4) and Eq. (5) can be searched by the Viterbi algorithm [6].  
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explained later. 
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3. Expanded Candidate Set 

Let iω  be the correct character and jω  be the recognition result (i.e., the first candidate) of 

iω . M is the set containing 3,755 Chinese simplified characters ( Mji ∈ωω , ). N is the number of 

classes in M  ( 3755=N ). The confusion matrix of a recognizer can be represented as:  

NNijM pP ×= )(  

where iijij nnp /≈ , ijn  is the number of times that iω  is recognized as jω  in the training sets 

of isolated Chinese character recognition, ∑
=

=
N

j
iji nn

1

. Note that a character can only be recognized 

as a limited number of other characters, so MP  is a sparse matrix.  
Because the confusion matrix MP  can be obtained from a large number of training sets in 

advance, we regard it as prior knowledge for a character recognition system. Based on MP , it is 
possible to improve the performance of a character recognition system. 

 

3.1. Candidate Expansion Algorithm (CEA) 
It is very difficult to directly obtain the posterior probability of a candidate [9]. Broadly 

speaking, a decision based on maximal posterior probability is usually converted into a decision 
based on minimal distance in character recognition. The higher the posterior probability, the less is 
its correlative distance. 

Let a  be the correct character corresponding to a character image x . For x , a character 

recognizer gives top K  candidates Kccc L21  (called the original candidates) and their 

corresponding distance values Kddd L21  ( Kddd ≤≤≤ L21 ). Let },,,{ 21 KK cccC L=  be 

the original candidate set (OCS) with top K  original candidates2. 

Using Kccc L21 , we can conjecture the most likely correct character â  (called the 

expanded candidate). Applying the rule of maximal posterior probability, we have: 

{ })(/)(*)|( maxarg   

)|( maxargˆ

2121

21

KKMa

KMa

cccpapacccp

cccapa

LL

L

∈

∈

=

=
       (6) 

In Eq. (6), )(ap  is the prior probability determined by the recognizer, which can be regarded 

as of equal probability [1], i.e., Nap /1)( = , and )( 21 Kcccp L  is irrelevant to solving â . So 

Eq. (6) can be rewritten as follows: 

)|( maxargˆ 21 acccpa KMa
L

∈
=               (7) 

Theoretically, there are some relationships among Kccc L21 . However, from the viewpoint 

of engineering practice, because of the large K , it is very difficult to obtain this kind of 
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relationships. So, we assume independence among Kccc L21  so as to approximately solve Eq. (7). 

Then, Eq. (7) can be represented as: 

∏
=

∈
≈

K

k
kMa

acpa
1

)|(maxargˆ                                                   (8) 

where )|( acp k  is an element of MP . 

 Based on Eq. (8), we select the top L  most likely correct characters to construct the expanded 

candidate set (ECS) },,,{ 21 LL eeeE L= . Furthermore, by Eq. (8), we can also evaluate the 

possibility lf  for each expanded candidate le , which is defined as: 
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where ]1,0[∈lf , Lfff ≥≥≥ L21 , 1
1
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L

l
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Instead of expanding from the top candidates Kccc L21 , we can use each original candidate 

kc  to conjecture the likely correct characters. Eq. (7) can be simplified as follows: 

)|(maxargˆ acpa kMak ∈
= , Kk ,,2,1 L=             (10) 

 

For each kc , we select the top J  most likely correct characters, which are usually called 

similar characters. For K original candidates, we can select KJ *  likely correct characters to 
construct the similar candidate set (SCS). 

In the following sub-sections, we shall discuss the performance and workings of CEA. 
 

3.2. Performance of CEA 
We define a performance parameter r , the recall rate, as follows: 

%100)/( ×−= tensumrec nnnr                                           (11) 

where recn  is the number of correct characters in ECS when there is no correct character in 10C  
( 10=K ), sumn  is the number of characters in the sample sets, tenn  is the number of correct 
characters in 10C . 

In our experiment, “THOCR’97 Synthetical and Integrated Chinese Character Recognition 
System” [1] is used as the ICCR, in which a minimal distance classifier is adopted. There are 1,400 
sample sets, of which 1,100 sample sets with an average recognition accuracy3 (namely the first 

                                                        
3 recognition accuracy= (1.0 － the number of incorrect characters／total characters) × 100%. 
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candidate accuracy) of 89.05% and a top 10 cumulative accuracy4 of 98.18% are used to obtain a 
confusion matrix. Every sample set consists of 3,755 offline handwritten Chinese characters. The 
remainder, containing 300 sample sets, is regarded as test sets with an average recognition accuracy 
of 87.85%, and a top 10 cumulative accuracy of 97.96%. 

 
3.2.1. Factors Affecting Recall Rate 

There are three key factors impacting r : the size of training sets (TS), the number of original 
candidates K  in Eq. (8), and the quality of test sets. Apparently, r  rises with the increase of the 
number of expanded candidates m. In the following figures, r~m curves are used to illustrate the 
effect of these three factors.  

Fig.2 shows that r  rises as the size of the training sets increases. It is worth noting that 1,100 
training sets are not enough to obtain the confusion matrix. If there are more training sets, r  can 
further increase.  

 
 
 
 
 
 
 
            
 
 
 
 
 
 
 
 
 
Fig.3 demonstrates that r  also rises with increasing K . Note that the augment gradually 

decreases with increasing K . K  is suitably chosen to be 15.  
We divide the test sets into five classes: (Class-A) best-quality samples with accuracy more 

than 90%; (Class-B) good-quality samples with accuracy between 80% and 90%; (Class-C) 
fair-quality samples with accuracy between 70% and 80%; (Class-D) bad-quality samples with 
accuracy between 60% and 70%; (Class-E) worst-quality samples with accuracy below 60%. Fig.4 
shows that the better the quality of test sets, the higher r . 

 
 
 
 
 
 
 

                                                        
4 cumulative accuracy= (1.0 × the number of correct characters in the top k candidates／total characters) × 100%. 
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3.2.2. Comparison among ECS, SCS and OCS 
We can define the recall rate for OCS in the same way as Eq. (11), except that recn  is the 

number of correct characters beyond 10C  in Eq. (11). Similarly, for SCS, recn  is the number of 
correct characters within SCS when there is no correct character in 10C . The r~m curves for ECS, 
OCS and SCS are plotted in Fig.5, from which three characteristics are observed: 

1) The number of correct characters beyond 10C  is limited. r  with 50 more original 
candidates (i.e., from the 11th to the 60th) is 67.40%, while r  with 100 more original 
candidates (i.e., from the 11th to the 110th ) is only 75.15%. 

2) In comparison with OCS, both SCS and ECS have a higher r . Among ECS, SCS and 
OCS, ECS has the highest r . For ECS, r  with 50E  is 75.65% (the error is reduced by 
25%); furthermore, r  with 100E  is 85.57% (the error is reduced by 42%).  

3) With the increase in the number of candidates, the gap between r  in ECS and r  in 
OCS gradually enlarges, as can also be seen in Table 1. 

Intuitively, even if we simply replace the original candidates beyond 10C  with the expanded 
candidates or similar characters, we can improve the cumulative accuracy of a recognition system. 

 

3.3. The Workings of CEA 
As stated before, the confusion matrix records the prior knowledge of a recognizer, which is the 

information about the feasible confusion characters (similar characters) in the recognition process. 
The workings of CEA are to “match” the original candidates with similar characters corresponding 
to the correct character in the confusion matrix, and find the likely correct character by way of the 
similar characters.  

When K  original candidates include similar characters of a  in Eq. (8) and the confusion 
probability is high (namely well “matched”), CEA is able to find the correct character. The greater 
the similar characters of a  are included in KC , the more likely it is able to find a . However, if 
there is no similar character of a  included in KC  (a complete “mismatch”), CEA fails. 

 Actually, there are so many similar characters in the Chinese language that an offline 
handwritten character recognizer cannot effectively discern similar characters sometimes. Therefore, 
generally, even if KC  does not include a , it may include the similar characters of a . So, to a 
large extent, CEA is able to find a . 

Because of the wide variations in writing style and the limited training sets, the distribution of 
similar characters in the confusion matrix is so sparse that the correct character may be found in ECS, 
where L is large (as given in Section 3.1), as can be verified in Fig.5 and Table 1. 

Fig.4. r~m curves effected by the quality of 
test samples 
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3.4. Combining Expanded Candidates with Original Candidates 
Table 1 lists the cumulative accuracies of OCS and ECS for 300 test sets. From Table 1, we can 

see that although the accuracy of the first expanded candidate is rather low, the cumulative accuracy 
of ECS is higher than that of OCS when the number of candidates is no less than 10. Based on the 
analysis in Section 3.1, we believe that there is some complementary relationship between OCS and 
ECS, even though ECS is conjectured from OCS. The combination of OCS and ECS can be 
beneficial to improving cumulative accuracy [15]. 

Table 1 Comparison of Cumulative Accuracies among OCS, ECS and CCS (%) 

Number of candidates 1 10 20 30 40 50 100 

Original candidates 87.85 97.96 98.72 99.01 99.16 99.26 99.49 

Expanded candidates 62.94 97.97 98.86 99.11 99.24 99.33 99.55 

Combined candidates 88.21 98.20 98.93 99.22 99.45 99.54 99.69 

Error reduction rate 2.96 11.76 16.4 21.21 34.52 37.88 39.22 

 
From the viewpoint of scheme combination, the key to combining OCS and ECS is to look for 

a unified measurement [16] by which we can re-rank OCS and ECS in order to obtain a new 
candidate set. In the following, we use confidence as the unified measurement and estimate the 
confidence of the original candidates and the confidence of the expanded candidates respectively. 

 
3.4.1. Confidence Measurement 

For the original candidates Kccc L21  corresponding to a character image x , their distance 
values are Kddd L21 . The Logistic Regression Model [17, 18] can directly convert the distance 
measurement of an original candidate kc  into its confidence value: 

1

1
0 ))exp(1()|( −

=
∑++=

y

i
i

k
i

k
k dxcp ββ ,  Kk ≤≤1                         (12) 

where k
iβ  is the regression coefficient, which can be estimated by Maximum Likelihood 

Estimation [19] through the recognition results of some training sets . y  is the order of regression 

model. id  ( Ki ≤≤1 ) is normalized to the value within 0 ~ 100 in our experiment. 

In our experiment, 50 sample sets with an average accuracy of 87.40% (see Section 3.2) are 
used to estimate the regression coefficients in Eq. (12). For the first original candidate, we have: 

1
3211 ))086.0325.0439.0647.0exp(1()|( −−−+−+= dddxcp                 (13) 

Eq. (13) means that the smaller 1d  (and the bigger 2d  or 3d ) is, the more reliable is the 

first original candidate. For the subsequent original candidates, their confidence has the following 

formula: 1
110 ))exp(1()|( −+++= k

k
k

kk
k ddxcp βββ  ( 01 <kβ , 0>k

kβ , 2≥k ), which 
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means that the smaller 1d  (and the bigger kd ) is, the less reliable are the subsequent original 

candidates. 
For the expanded candidates Leee L21 , their corresponding possibility values are 

Lfff L21 . Similarly, we can also use the Logistic Regression Model to directly convert the 
possibility measurement of an expanded candidate le  into its confidence value: 

1

1
0 ))exp(1()|( −

=
∑++=

z

i
i

l
i

l
l fxep γγ ,    Ll ≤≤1                        (14) 

where l
iγ  is the regression coefficient estimated by Maximum Likelihood Estimation [19] through 

the recognition results of some training sets . z  is the order of regression model. 
The expanded sample sets of the above 50 sample sets can be obtained by Eq. (8) and Eq. (9), 

which are used to estimate the regression coefficients in Eq. (14). For the first expanded candidate, 
we have: 

1
3211 ))184.2246.1248.3587.1exp(1()|( −++−+= fffxep                   (15) 

Eq. (15) means that the higher 1f  (and the lower 2f  or 3f ) is, the more reliable is the first 

expanded candidate. For the subsequent expanded candidates, their confidence has the following 

formula: 1
110 ))exp(1()|( −+++= l

l
l

ll
l ffxep γγγ  ( 01 >

lγ , 0<l
lγ , 2≥l ), which means that 

the higher 1f  (and the lower lf ) is, the less reliable are the subsequent expanded candidates. 

 

3.4.2. Combination 
Since our main purpose is not to improve first candidate accuracy but to improve the 

cumulative accuracy of top candidates, instead of adopting complex combination schemes [15], we 

directly re-rank KC  and LE  to produce Q  new candidates (called the combined candidates) in 

light of the confidence value of the original candidates and the expanded candidates. Owing to some 

overlapping candidates between KC  and LE , we choose those with the higher confidence value 

during ranking. Hence, we can construct the combined candidate set (CCS) },,,{ 21 QQ gggG L=  

with its corresponding confidence values Qhhh L21  ( Qhhh ≥≥≥ L21 ). The cumulative 

accuracy of the combined candidate set for 300 test sets is shown in Table 1 ( 30=K , 100=L ).  

From Table 1, we can see that: Although the accuracy of the first candidate in CCS increases 

slightly in comparison with OCS, the improvement steadily rises with increasing Q . The 

improvement is only between 0.20% and 0.36%, but the error is reduced greatly. With increasing 

Q , the error reduction rate gradually rises. For 1G  ( 1=Q ), the error is only reduced by 2.96%; 
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however, for 50G  and 100G , the error is reduced by 37.88% and 39.22% respectively. This 

improvement is very beneficial to contextual post-processing. 

4. Approximate Chinese Word Matching Method 
As mentioned in Section 3.3, if there is no similar character of a  included in KC , CEA fails. 

In this section, we use the confusion matrix together with lexicon information for further search of 
the correct character. 

Our Chinese lexicon consists of 78,986 words, which are divided into four groups according to 
word length. They correspond to words of one, two, three and four characters with group size equal 
to 6,763, 43,727, 15,239 and 13,257, which are called one-character words, two-character words, 
three-character words and four-character words respectively. According to the statistical results from 
the People’s Daily (1993-1994) corpora of about 40 million Chinese characters, there are 20.67 
million words altogether, in which one-character words, two-character words, three-character words 
and four-character words account for 41.54%, 51.85%, 4.70% and 1.93% respectively. The average 
word length is 1.67. Since the proportion of two-character words is far bigger than that of 
three-character words and four-character words, we distinguish two-character words from 
three-character words and four-character words in our method. As there are many candidates in each 
candidate set, we only consider the top most candidates for approximate matching with words in the 
lexicon. 

 
4.1. Using Two-character Words 

Let 21uuU =  be a two-character word in the lexicon, where 1u  is the head character and 

2u  is the tail character. We define 1u ’s capability of constructing two-character words (CCTW) as 

the number of words whose head character is 1u . Similarly, we define 2u ’s CCTW as the number 

of words whose tail character is 2u . In the lexicon, there are 18 head characters and 18 tail 

characters whose CCTW are more than 100; these are illustrated in detail in the Appendix. 

Let 21vvV =  be the respective top most candidates of two adjoining characters in the 

sentence S  in Fig.1, i.e., 1,11,21 += tt ccvv  ( 1,,2,1 −= Tt L ). Suppose the accuracy of script 

recognition without post-processing is not too low. Then, the possibility of error that both 1v  and 

2v  are not correctly recognized is very low. For example, if the accuracy without post-processing is 

80%, the possibility of both 1v  and 2v  being erroneous is only 0.04%. If 21vvV =  is a 

two-character word 21uuU = , then we need not process 1v  or 2v . Otherwise, we should take the 

following two cases into consideration: 1) 11 uv =  and 22 uv ≠ ; 2) 22 uv =  and 11 uv ≠ . Our 

aim is to select possible U  through V . Applying the rule of maximal posterior probability, we 
have: 
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)()(max  arg)(maxargˆ UVpUpVUpU
UU

∗==                        (16) 

where U  is one of two-character words whose head character is 1u  for the first case or whose tail 
character is 1v  for the second case; )(Up  is the frequency of U .  

Owing to the independence between 1v  and 2v  in the recognizer, the probability )|( UVp  
can be expressed as follows: 

)|()|()|()|( 22112121 uvPuvpuuvvpUVp ∗==                        (17) 

where )|( ii uvp  ( 2,1=i ) is an element of MP  in Section 3.1, which stands for the probability 
of the correct character iu  being recognized as the character iv . 

As far as the first case is concerned, because 11 uv = , )|( 11 uvp  can be approximately equal 
to 1. Similarly, 1)|( 22 ≈uvp  in the second case. Thus, we can rewrite Eq. (16) as follows: 

      )()(maxargˆ
iiU

uvpUpU ∗≈    2  1ori =                            (18) 

According to Eq. (18), we can directly insert the top two-character words with the highest 
likelihood into the relevant word set in the word graph [20] when doing word-based post-processing. 
The confidence of iu  can be replaced by the product of the confidence of candidate iv  and the 
confusion probability )|( ii uvp . 

For instance, a Chinese character string “继续努力(continue to work hard)” is recognized as 
“继绿努力”. Although the CCTW of the head character “继” is 12 (the relevant tail characters 
contain  “承”, “而”, “父”, “宏”, “母”, “任”, “位”, “续”, “轩”, “英”, “友” and “子”), only “续” is 
similar to “绿” . Since the confusion probability P(绿|续) is high, we can exclude the other 11 tail 
characters from joining the word set. Therefore, even if there is no correct character “续” in OCS, 
we can recall it by the two-character word matching method. 

 

4.2. Using Three-character Words and Four-character Words 
For three-character words and four-character words, we first calculate the edit distance, and 

then use the knowledge from the confusion matrix to put the most likely words into the relevant 
word set in the word graph [20]. The approximate four-character word matching can be described as 
follows: 

Let 4321 uuuuU =′  be a four-character word in the lexicon. Let 4321 vvvvV =′  be the 
respective top most candidates of four adjoining characters in S  in Fig.1, i.e., 

1,31,21,11,4321 +++= tttt ccccvvvv  ( 3,,2,1 −= Tt L ). We only take into account one different 
character between U ′  and V ′ , i.e., the edit distance is 3, their similarity is dependent on the 
confusion probability )|( ii uvp . The most likely four-character words Û ′ can be decided by the 
following formula: 

 )()(maxargˆ
iiU

uvpUpU ∗′=′
′

   }4 ,3 ,2 ,1{∈i                   (19) 

For instance, a Chinese character string “人工智能 (artificial intelligence)” is recognized as 

“人工智脱”. Since the confusion probability P(脱|能) is high, we can recall the correct character by 

four-character word matching.  

As for three-character words, the process is similar to that for four-character words. Let 

321 vvvV =′  be the respective top most candidates of three adjoining characters in S , i.e., 
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1,21,11,321 ++= ttt cccvvv  ( 2,,2,1 −= Tt L ). The edit distance between 321 vvvV =′  and 

three-character word 321 uuuU =′  in the lexicon is 2. 

5. Post-processing Experiments 
We conduct our post-processing experiments on a DELL PC (Pentium-IV, CPU 2.4Ghz, 

256MB RAM). ICCR is the same as mentioned in Section 3.2. SLMs are trained by the People’s 
Daily (1993-1994) corpora of about 40 million Chinese characters. The People’s Daily corpora are 
very comprehensive and the SLMs trained by them can be widely applied to different domains. 
There are 3,763 characters and 78,993 words (including seven sentence segmentation tokens) 
respectively in the lexicon. The sizes of the character-based bigram language model and the 
word-based bigram language model are 5.41MB and 11.62MB respectively. 

The objects of post-processing are three scripts handwritten by 30 writers, i.e., Script A, Script 
B and Script C, whose recognition accuracies without post-processing (Top1) are 92.32%, 81.58% 
and 70.84% respectively. Each script contains about 22,000 characters, covering news, politics, and 
computers selected from the Internet (the contents are not in the corpus). In the experiments, in order 
to deal with the sparse data in the SLMs, we use Witten-Bell smoothing [21], which is given below:  

∑ −−+

−+−
− +⋅

⋅+
=

is iii

iiii
iiWB ssnsN

spsNssnssp
)()(
)()()()|(

111

111
1       (20) 

∑+=
j jii snsnsp )())(()( ε  

where { }0)(:)( 111 >=⋅ −−+ iiii ssnssN  is the number of novel words seen after the history 1−is  

over the training corpora; )( isn and )( 1 ii ssn −  represent the number of times unigram is  and 

bigram ii ss 1−  occur in the training corpora; 01.0=ε  is to avoid zero probability. For 

word-based bigrams and character-based bigrams, is  stands for a Chinese word and a Chinese 

character respectively. 

 

5.1. Post-processing based on CEA 
In order to verify the performance of the proposed CEA in Section 3, character-based bigram 

post-processing experiments on the following six candidate sets are carried out: 
Org10 - the top 10 original candidates ( 10C ); 
Com10 - the top 10 combined candidates ( 10G ); 
Org60 - the top 60 original candidates ( 60C ); 
Sim60 - the top 10 original candidates ( 10C ) + 5 similar characters for each original candidate; 
Mix60 - the top 10 original candidates ( 10C ) + the top 50 expanded candidates ( 50E ); 
Com60 - the top 60 combined candidates ( 60G ). 
Sim60, Mix60 and Com60 are produced by CEA. The confidence of candidates in the five  

candidate sets other than Sim60 has already been estimated in Section 3.4. For Sim60, the confidence 
of similar characters is supposed to be the same as that of the 10th original candidate. Table 2 shows 
the experimental results compared to Top1 and the cumulative accuracy of 10C  (Top10).  
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Table 2 CEA-based Post-processing Comparison among Different Candidate Sets (%) 

 Top1 Top10 Org10 Com10 Org60 Sim60 Mix60 Com60 

Script A 92.32 99.31 98.49 98.53 98.79 98.81 98.92 99.01 

Script B 81.58 95.73 93.34 93.61 94.80 95.03 96.16 96.33 

Script C 70.84 87.94 84.38 85.42 90.02 90.75 92.04 92.83 

Average 81.58 94.33 92.07 92.52 94.54 94.86 95.71 96.06 
Error correction 

rate5 － － 56.95 59.39 70.36 72.10 76.71 78.61 

Error reduction 
rate － － － 5.67 31.15 35.18 45.90 50.32 

 
From Table 2, the experimental results are characterized by the following: 

1) CEA is fairly effective for contextual post-processing. With the same number of 
candidates, the recognition accuracies of Sim60, Mix60 and Com60 are better than that of 
Org60. Among Sim60, Mix60 and Com60, Com60 has the highest accuracy. The 
experimental results show that combining the original candidates and the expanded 
candidates can further improve recognition performance, which is in accordance with the 
results of the samples test in Section 3.4.  

2) The average accuracy of Com60 reaches 96.06%, which increases by 14.48% compared 
to Top1 while the error correction rate reaches 78.61%. In comparison with Org10 and 
Org60, Com60 raises accuracy by 4% and 1.52% respectively, and its error reduction 
rates are 50.32% and 27.84% respectively. 

3) It is noted that recognition performance improves with an increasing number of 
candidates. The average recognition accuracy of post-processing with 60 candidates 
surprisingly outperforms Top10. The recognition accuracies of Com60 and Org60 are 
better than that of Com10 and Orig10 respectively. Especially, when the script is poorly 
recognized, increasing the number of candidates is fairly effective. For Script C, the 
recognition accuracy of Org60 is 5.64% higher than that of Org10, while Com60 
improves 7.41% accuracy in comparison with Com10. 

   

5.2. Post-processing based on Approximate Word-matching (AWM) Method 
In order to verify the performance of the proposed AWM in Section 4, using the word-based 

bigram language model, the following three post-processing methods are tested: 
AWM0 – word-based bigram post-processing with the top 10 original candidates ( 10C );  
AWM1 – based on AWM0, considering two-character word-matching;  
AWM2 – based on AWM1, considering three-character and four-character word-matching. 
In word-based bigram post-processing, a word graph [20] should be constructed in advance. 

While considering AWM, we can directly insert possible multi-character words into the word graph. 
The number of top multi-character words is no more than 3. Table 3 shows the experimental results. 

 

Table 3   AWM-based Post-processing Comparison (%) 
                                                        
5 error correction rate = (1.0 － the number of errors after post-processing / the number of errors before 
post-processing) × 100% 
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 Top1 Top10 AWM0 AWM1 AWM2 

Script A 92.32 99.31 98.73 98.82 98.83 

Script B 81.58 95.73 94.01 95.97 96.11 

Script C 70.84 87.94 84.92 87.83 88.01 

Average accuracy 81.58 94.33 92.55 94.21 94.32 

Error correction rate － － 59.54 68.55 69.16 

 
From Table 3, the experimental results are characterized by the following:  
1) In comparison with conventional word-based bigram post-processing, two-character 

word matching can recall many correct characters beyond 10C , and thus improves the 
accuracy from 92.55% to 94.21%. Considering three-character word and four-character 
word, the accuracy only rises a little. The average error reduction rate is 23.76%. 

2) When the accuracy in the recognition of a script without post-processing is rather low, 
the AWM method is very effective. The accuracies with Script B and Script C 
surprisingly outperform Top10. 

 

5.3. Hybrid Post-processing based on Integration between Character-based 

Bigram and Word-based Bigram 
Considering the complementary relation between Chinese words and Chinese characters, we 

can combine word-based bigram post-processing and character-based bigram post-processing [22]. 
Based on CCS, character-based bigram post-processing using forward-backward search [6] is first 
executed on a big candidate set, which not only improves recognition accuracy, but greatly boosts 
Top10 as well. Then, word-based bigram post-processing using the Viterbi search is executed on a 
small candidate set (containing 10 new candidates) to further improve recognition accuracy. This 
kind of post-processing (called hybrid post-processing) can effectively improve script recognition 
accuracy while giving due attention to processing speed at the same time (see Section 5.4). 

Table 4 Performance of Hybrid Post-processing (%) 

 Top1 Top10 Org10 Org60 AWM0 Word60 Com60_1 Int1 Int2 

Script A 92.32 99.31 98.49 98.79 98.73 99.10 98.79 99.11 99.18 

Script B 81.58 95.73 93.34 94.80 94.01 96.35 96.56 97.14 97.29 

Script C 70.84 87.94 84.38 90.02 84.92 92.19 92.97 94.09 94.36 

Average 
accuracy 81.58 94.33 92.07 94.54 92.55 95.88 96.11 96.78 96.94 

Error correction 
rate － － 56.95 70.36 59.54 77.63 78.88 82.52 83.39 

 
Table 4 shows the experimental results of seven post-processing methods. In addition to Org10, 

Org60 and AWM0 described earlier, the other four post-processing methods are stated as follows:  
Word60 – word-based bigram post-processing with the top 60 original candidates ( 60C ); 
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Com60_1 – character-based bigram post-processing using forward-backward search with the 
top 60 combined candidates ( 60G );  
Int1 – word-based bigram post-processing with 10 new candidates given by Com60_1;  
Int2 – based on Int1, considering the approximate word-matching method (see AWM2 in 
Section 5.2). 
From Table 4, the experimental results are characterized by the following:  
1) Word-based bigram post-processing can achieve an accuracy higher than that of 

character-based bigram post-processing. The accuracy of Com60_1 is far higher than 
AWM0, and even higher than Word60 (the computational cost of Word60 is huge, see 
Section 5.4). 

2) Although Com60_1 has reached a high accuracy, hybrid post-processing further improves 
the accuracy of script recognition when word-based bigram post-processing is executed on 
10 new candidates given by Com60_1. In comparison with Top1, Int1 improves the 
accuracy to 96.78% from 81.58%, and achieves an error correction rate of 82.52%.  

3) Integrating AWM with Int1, we further improve the accuracy of script recognition a little 
compared to Int1. Int2 reaches the accuracy of 96.94, and achieves an error correction rate 
of 83.39% in comparison with Top1. Compared to the conventional Org10 and AWM0, its 
error is reduced by 61.41% and 58.93% respectively. Especially, when the script is poorly 
recognized, our proposed methods are fairly effective (e.g., Script B and Script C). 

 

5.4. Post-processing Speed 
In evaluating the performance of post-processing, memory space and computational cost are 

also important factors. It is worth noting that character-based bigram post-processing is extremely 
fast and its processing time rises linearly with the number of candidates. On the other hand, 
word-based bigram post-processing appears very slow, and its processing time rises exponentially 
with an increase in the number of candidates [22]. Considering the computational cost of word-based 
bigram post-processing, we have, in practice, only processed the candidate set in which the first 
candidate’s confidence is less than 0.99.  

As for CEA, additional space is needed to store the confusion matrix MP  (Section 3). Owing 
to the sparseness of MP , it can be stored in 786KB using a linear link table. Compared to 
conventional character-based bigram post-processing, CEA-based post-processing takes more time 
to obtain the expanded candidate set using 15 original candidates. However, as CEA-based 
post-processing (such as Com60_1) is essentially based on the character bigram, this kind of 
additional time is far less than that of conventional word-based bigram post-processing with big 
candidate sets. 

As for AWM, additional space (608KB) is needed to store the CCTW of all two-character 
words. The approximate matching of adjoining characters in a sentence with Chinese words in the 
lexicon is also very fast, and the processing time is almost negligible compared to conventional 
word-based bigram post-processing.  

Since word-based bigram post-processing is executed with only 10 candidates, hybrid 
post-processing (such as Int1 and Int2) is fairly fast compared to conventional word-based bigram 
post-processing with big candidate sets. 

Table 5 lists the processing time of the various post-processing methods on the three scripts. 
 

Table 5 Post-processing Time (s) 
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 Org10 Org60 AWM0 Word60 Com60_1 Int1 Int2 

Script A 5 30 32 1056 108 148 160 

Script B 5 30 53 3097 110 168 169 

Script C 5 30 71 6895 111 172 183 
Average processing 

time 5 30 52 3683 110 163 171 

 
As shown in Table 5, Word60 is extremely time-consuming (3,683s), while our proposed 

methods’ speeds are comparable to AWM0 (conventional word-based bigram post-processing with 
10 candidates). For Int2, the average processing time is 171s, while Com60_1 only needs 110s. This 
demonstrates that hybrid post-processing can effectively improve accuracy in the recognition of 
scripts while being efficient in terms of processing speed at the same time. For a page of 400 
handwritten Chinese characters, Int2 only needs about 3s to complete processing.  

6. Conclusion 
In order to improve accuracy in the recognition of Chinese scripts, contextual post-processing is 

necessary. If there is no correct character in the candidate set, little improvement could be made. In 
this paper, we regard the confusion matrix of a special recognizer as the prior knowledge of a 
character recognition system. Based on the confusion matrix, we have proposed two methods to 
allow the correct character to be included in a fixed number of candidates: one is the candidate 
expansion algorithm; the other is the approximate word-matching method. Experiments show that 
the two methods are fairly effective in recalling the correct character within a fixed number of 
candidates, and therefore can improve accuracy in the recognition of Chinese scripts. Hybrid 
post-processing, which integrates the character-based bigram with the word-based bigram, greatly 
improves accuracy in the recognition of scripts (totaling about 66,000 characters in the experiments, 
with an improvement from 81.58% to 96.94%). In particular, our proposed methods are very 
effective for poorly recognized scripts while being efficient in terms of processing speed at the same 
time.  

Our future research will focus on employing advanced language models (such as word-based 
trigrams, semantic-based n-grams) and advanced search strategies to further enhance accuracy in 
Chinese script recognition. 
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Appendix 
Here, we illustrate 18 head characters and 18 tail characters in Table 6 and Table 7 respectively, 

whose CCTW are more than 100. 
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Table 6 18 Head Characters and their CCTW 

Head character 不 出 大 发 分 高 公 开 上 

Capability of 
constructing words 192 115 337 118 112 129 115 120 161 

Head character 水 天 外 无 下 小 一 中 自 

Capability of 
constructing words 138 114 101 119 117 161 147 151 110 

 

Table 7 18 Tail Characters and their CCTW 

Tail character 道 地 工 化 口 力 面 气 人 

Capability of 
constructing words 120 131 101 115 105 119 108 132 216 

Tail character 山 生 事 手 水 头 心 行 子 

Capability of 
constructing words 125 105 119 111 160 190 150 113 485 
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