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Abstract. This paper presents a novel approach based on fusion of three neural experts for handwriting recognition. 

The first expert provides a heuristic based binary segmentation of the handwritten word, and passes the best 

segmentation hypotheses to the second expert. The second expert is a neural character classifier for classifying each 

segment into a character representation. The outcomes are fed into the third expert, which is a neural word 

recognizer. The word recognizer is responsible for matching the given sequential characters to one of the words in the 

lexicon. The preliminary experiments were performed on CEDAR benchmark database. The performance of the 

proposed approach was measured using the segmentation accuracy, the character classification accuracy and the word 

recognition accuracy. The experimental results show an improvement in segmentation, character and word 

recognition accuracies compared to the published results.  
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1   Introduction 

Handwriting recognition is an automatic process to convert an input handwritten image into computer-recognizable 

character representations. It has been active research domain for decades, and industrial beneficiaries have been trying 

to automate repetitive manpower oriented tasks such as processing of postal address, bank checks, form data, historical 

manuscripts, etc. Despite sleepless research in the field for decades, the performance of the state-of-the-art systems for 

real world handwriting recognition is still below the acceptable industrial standard [1-2].  

Many researchers have been tackling the offline handwriting recognition problem using various approaches. A word 

skeleton graph was introduced to recognize the handwritten words using a HMM classifier on local database [3]. A 

sliding window technique with an ensemble classifier was used for word recognition on IAM database [4]. Over-

segmentation and direction feature extraction approach was adapted to recognize Arabic words with a neural classifier 

on local database [5]. Directional distance distribution feature extraction approach was suggested to improve the 

handwritten numeral character classification. The classifier was calibrated into modular neural networks and the 

experiment was conducted on NIST benchmark database [6]. Segmentation approach on pixel density threshold was 

articulated to extract characters for Gurumukhi language [7]. Overlapping sliding windows with features of percentiles 

of pixel intensity, values, angle, correlation and energy were proposed for Arabic word recognition with HMM and n-

gram based classifiers [8]. Mean gray value and center of gravity of the pixels with a recurrent neural classifier were 

suggested for English word recognition on IAM database [9]. Over-segmentation and contour transition histogram of 

each segment in the horizontal and vertical directions were proposed to recognize the English words with HMM and 

neural classifiers on SRTP database [10]. A circular mean direction and variance feature extraction approach was 

introduced to improve character classification with HMM classifier on NIST database [11]. In [12], the handwritten 

images were rastered in four directions; row-wise, column-wise and major diagonals. The longest run lengths are used 

to digit recognition with RBF-SVM classifier on MNIST database. Termainal, branch and cross feature points were 

adapted to improve the character classification with neuro-fuzzy classifier for Farsi numerals [13]. The features of 

division points of sub images were proposed for English character classification with RBF-SVM on CEDAR pre-

segmented characters [14]. The feature extraction of foreground pixel counts in four directions using 3x3 pixel frame 

was experimented for Gujarati character classification with a MLP classifier. Region growing based segmentation 

approach was suggested for extracting English character with a MLP classifier [15]. A junction point based over-

segmentation algorithm and stroke component based primitive merging algorithm were suggested to segment English 

uppercases with a fuzzy decision rule algorithm [16]. Over-segmentation algorithm based on vertical histogram minima 

of main body and segment checking validation method were incorporated to segment English and Greek words [17]. 

Overlapping bounding box based segmentation algorithm using fuzzy threshold was proposed for Chinese character 

segmentation [18].  

This paper proposes and investigates a novel approach based on three neural experts such as segmentation expert, 

character classification expert and word recognition expert. The neural network experts have been used previously for 

handwriting recognition so just using a neural expert for handwriting recognition is not a novel idea. The novelty of the 

proposed approach lies in the use and fusion of neural experts for string matching algorithm and a binary segmentation 

algorithm with two class based neural validation. Segmentation expert aims to segment words into letters/primitives. A 
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sub-image bound by two neighboring boundaries is called a segment. Segmentation precedes the classification. In other 

words, the classification process is based on the outcomes of the segmentation process. It implies that better 

classification performance can be achieved on better segmentation outcomes. Classification expert is responsible for 

taking segments from the segmentation expert and classify them into characters. In the proposed approach, a neural 

network classifier is trained on the pre-segmented English alphabets, and it is capable of making a decision for an input 

into one of 52 alphabet letters. Word recognition expert takes a sequence of characters as an input and finds a best 

match from lexicon words. The word recognition expert is pre-trained on the lexicon words. 

The remainder of the paper is divided into four sections. Section 2 presents the proposed research methodology. The 

experimental results and analysis are presented in Section 3. Finally, a conclusion is presented in Section 4. 

2   Proposed Research Methodology 

The proposed research methodology is described in details in this section. Foremost, an overview of the proposed 

approach is presented in Fig. 1, followed by a detailed description of each expert for segmentation, character 

classification and word recognition modules.  
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Fig. 1 Overview of the proposed methodology 

2.1   Overview 

The proposed approach shown in Fig. 1 takes a PBM formatted handwritten word image as an input. The first expert is 

the segmentation module. During the segmentation, the input image is dissected into sub images (segments) based on 

the segmentation architecture, which is described in details in the following subsection. The desired outcome of the 

segmentation is to produce segments containing foreground pixel components only belonging to a single representation. 

However, a complete pixel component of a representation may be distributed into one segment or two. The result set of 

segments from the segmentation expert are the input to the character classification expert in the second stage. During 

the classification, there are two character strings produced; one is composed of characters classified from each segment, 

and the other is from the combination of two neighboring segments. The two character strings are passed to the neural 

word recognizer, which is trained on the lexical words. The higher confidence value of matching word becomes the 

recognized word in the proposed approach. 

2.2   Segmentation Expert 

In the proposed approach, the segmentation expert is to find character boundaries and to produce segments for character 

classification. However, the nature of the handwriting makes the segmentation process very difficult because some 

characters are connected or broken. Also, the shapes of the same letters vary significantly. In the proposed approach, 

over-segmentation and neural binary validation approach is used as proposed in [19]. Neural binary validation is 

iteratively applied to a set of primitives created from the over-segmenting module. The primitives are more likely to be 

partial characters at this stage. Therefore, those partial character-like primitives need to be combined with the 

neighboring primitives and become a whole character. Iteration creates evaluation sets. Neural confidence function is 

applied to each of them to pick one evaluation set with the highest value. When the selected evaluation set is valued 

higher than the current set, it is passed as the current set for the next iteration. Otherwise, it terminates iteration and 

outputs the current set as the final outputs. Each final primitive should represent a whole character. An overview of the 

incorporated segmentation expert is shown in Fig. 2. 
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Fig. 2 Architectural overview of segmentation expert 

2.3   Character Classification Expert 

The proposed approach incorporates the character classification expert in the second stage right after the segmentation 

expert. The classification expert works on the final output primitive (segment) set from the segmentation expert. The 

character classifier is pre-trained on pre-segmented characters for 52 alphabet classes. Each input feature extracted from 

a segment is one of the 52 alphabet character representations. Therefore, there should be the same number of characters 

in the output character string as the number of input segments. However, there could be segments containing only 

partial pixel components of a character. So, the proposed approach is designed to overcome the situation and produces 

another character string by combining the neighbouring segments successively. The architectural overview of the 

classification expert is described in Fig. 3. 
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Fig. 3 Architectural overview of character classification expert 

2.4 Word Recognition Expert 

The proposed approach adapts the neural word recognizer in the final stage to find the best matching word against a 

lexicon on a given character strings. The word recognition expert is trained on the lexicon words. To compose a feature 

vector from an input character string, ASCII values for English alphabets are used. To extract a feature vector from a 

character string, an ASCII value of each character was divided by the highest value from 52 class characters. However, 

one of the challenging problems was to set the number of input feature space since the numbers of characters in words 

are different. Also, the number of characters in input character strings was observed to be larger than the corresponding 

lexical words since some segments are partial characters. To overcome this problem, the size of the feature space was 

set to the doubled number of characters from the longest lexicon word. When the number of the characters in a 

character string is less than the number of the feature space, the unused feature space was padded with zeros. The 

architectural overview of word recognition expert is shown in Fig. 4. 

 

27

Volume 12, No. 3 Australian Journal of Intelligent Information Processing Systems



C1

C2

C3

.

.

.
Cn-1

Cn

F1

F2

F3

.

.

.
Fn-1

Fn

Fn+1

.

.

.
Fr-1

Fr

Word 
recognition 

expert

No. of input: r
No. of output: s

O1

O2

O3

.

.

.
Os

a

b

c

d
e

0

0
0

g

h
i

jA)

B) C)

D)

 

Fig. 4 Architectural overview of word recognition expert, A) n characters in the input string, B) r feature 

space; When r > n, remainder feature spaces (from n+1 to r) are padded with zeros, C) word recognition expert 

takes r input feature elements and outputs s numbers of confidence values, D) the number of the lexical words 

equal to s; a, b, c, d, e, g, h, i and j are arbitrary characters.  

3   Experiments and Results 

All algorithms for the proposed approach have been implemented in Java programming language and the experiments 

were conducted on CEDAR benchmark database. CEDAR is a well-known benchmark database for cursive handwriting 

recognition. The proposed approach was evaluated on the 317 test words from CEDAR/TEST/CITY/BD. 

Table 1. Neural network experts settings 

Stage Output Architecture 
Hidden Units Accuracy (%) 

Train Set Test Set 

Segmentation 2 Classes 

MLP 

13 81.73 79.33 

Classification 52 Classes 45 99.06 70.83 

Recognition 216 Classes 63 98.15 80.09 

 

Three MLP neural networks with a single hidden layer were trained with back-propagation learning algorithm. The 

first neural 2Class classifier was incorporated in the segmentation stage. During segmentation, it produces likelihood to 

be a character or non-character. The second classifier was intended for character classification in classification stage. 

Pre-segmented samples for 52 alphabets were used for training. The 216Class neural classifier was intended for the 

word recognition module. The training samples were 216 distinct words from the CEDAR database lexicon. In Table 1, 

the settings of neural experts are described. 

Table 2. Experimental results 

Database 
Segmentation Error (%) 

Character 

Classification  

Accuracy (%) 

Word 

Recognition 

Accuracy (%) Under Over Bad Average 

317 CEDAR words 1.57 2.99 8.44 4.33 52.67 84.54 

 

The performances of the proposed approach were measured by considering segmentation error, character 

classification rate and word recognition rate. One of the segmentation accuracy measurements is to check the 

segmentation errors. Achieving higher segmentation accuracy means lowering segmentation errors. The segmentation 

errors are categorized into three types such as under-segmentation, over-segmentation and bad-segmentation errors [20]. 

The under-segmentation error is defined as missed segmentation boundary between two neighboring characters. The 

over-segmentation error is defined as character segment divided into more than two (exclusive) primitives. The bad-

segmentation error is defined as incorrect segmentation boundary, which does not belong to under-segmentation or 

over-segmentation errors. Character classification performance is to measure occurrences of correct conversion of the 

segments. Word recognition performance is to measure the occurrences of finding correct matching word for input word 

image from the lexicon. The experimental results are shown in Table 2. The segmentation error was 1.57% for under, 

2.99% for over and 8.44% for bad. Overall, the average segmentation error was 4.33%. The correct classification rate 

was 52.67%, and the word recognition rate was 84.54%.  

In Table 3, the word recognition performance of the proposed approach was compared to the existing techniques 

from the literature. The proposed approach produces the highest word recognition rate. However, the size of the 

database is the smallest. Therefore, it needs further experiments on the larger database to prove whether or not the 
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proposed approach produces better results. In Fig. 5, some examples of the misclassified words and characters are 

shown. 
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Fig. 5 Examples of misrecognized words and misclassified characters 

Table 3. Word recognition comparison with published techniques 

Method Database Words Accuracy (%) 

[21] Cambridge 1020 80.37 

[22] IAM 1066 82.13 

Proposed approach CEDAR 317 84.54 

4   Conclusions and future research 
In this paper, a novel approach for cursive handwriting recognition has been presented and investigated. A fusion of 

three neural network based experts for segmentation, character classification and word recognition was used in the 

proposed approach. The segmentation expert was to produce the best possible segmentation hypotheses to extract the 

individual characters. The results of the segmentation stage were fed into the character classification expert. During the 

classification, 52 class neural networks trained with pre-segmented characters were used. The results of the character 

classification were the character strings, and the word recognition expert was responsible for finding the best matching 

word from the given lexicon. The experiment results on CEDAR benchmark database show improved performances for 

segmentation, character recognition and word recognition. However, the word recognition performance needs further 

testing on larger database. 
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