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Abstract 

This paper presents a pioneering attempt for developing 

a recurrent neural net based connectionist system for 

unconstrained Bengali offline handwriting recognition. 

The major challenge in configuring a such classification 

system for a complex script like Bengali is to effectively 

define the character classes. A novel way of defining 

character classes is introduced in order to make the 

recognition problem suitable for using a recurrent 

model. Indeed, it has to deal with more than nine 

hundred character classes for which the occurrence 

probability is very skewed in the language. An off-the-

shelf BLSTM-CTC recognizer is used. A new open-

source dataset is developed for unconstrained  Bengali 

offline handwriting recognition. The dataset contains 

2338 handwritten text lines consisting of about 21,000 

words. Experiment shows that with the new definition of 

character classes the BLSTM-CTC framework provides 

an impressive performance for unconstrained Bengali 

offline handwriting recognition. The character level 

recognition accuracy is 75.40% without doing any post-

processing on the BLSTM-CTC output. Among the 

24.60% character level errors, the substitution, deletion 

and insertion errors are 18.91%, 4.69% and 0.98%, 

respectively. 

Keywords: Handwriting recognition, Bengali, Semi-

ortho-syllables, Recurrent Neural Nets, BLSTM-CTC, 

Dataset, Evaluation. 

1. Introduction 

The research on character recognition in Indic script has 

been seriously challenged by the unlimited script 

complexity shown by the major Indic scripts [1]. The 

progress is therefore not as much as what we have seen 

for Latin based scripts. Some advances are observed for 

printed character recognition [2] but efficient handling 

Indic script handwriting recognition requires much more 

research to achieve a notable success [3].  

As expected, the effort for Indic script offline 

handwriting recognition started with recognition of 

numerals [4] and then extended to isolated character 

recognition [5]. In the recent past, vocabulary based 

word recognition has also been attempted [6]. The state 

of the art for the recognition of isolated characters is 

somehow clear as public domain datasets are available 

[7] but in case of word recognition it is still difficult to 

understand the progress as no common dataset is 

available for evaluation and the researchers have 

reported their research results using private datasets. 

There is a very good collection of handwritten samples 

as reported in [8] but as this dataset does not include 

annotation for handwritten words, it is not suitable for 

evaluation of handwriting recognition system.  

What brings out from the foregoing discussion is the 

following. HMM is still the major classification tool 

based on which the researchers have tried to develop 

handwriting recognition system for Indic scripts. 

Research on unconstrained handwriting recognition is 

yet to attempt for major Indic scripts. Finally, 

unavailability of common dataset for evaluation fails to 

make the progress of the related research, especially 

word or unconstrained handwriting recognition. 

This paper attempts to do unconstrained handwriting 

recognition for one of the major complex Indic scripts, 

namely Bengali. The BLSTM-CTC based recurrent 

neural network model is used for classification [9]. This 

framework, in the recent times, has emerged as a viable 

methodology that has outperformed previous results 

using other classification techniques like TDNN, HMM, 

SVM, etc. [10]. However, in spite of its success, 

BLSTM-CTC has not been well explored for Indic 

script handwriting recognition. This paper works 

towards this exploration.  

The involvement of any sequence labelling method like 

BLSTM-CTC for a complex Indic script (like Bengali, 

Devanagari, etc.) requires redefinition of character 

classes as the adjacent characters often overlap (the 

problem is even more serious for unconstrained 

handwriting). This work, therefore, redefines the 

character classes to order to fit the recognition problem 

suitable for sequence labelling by BLSTM-CTC. 
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Finally, a dataset suitable for conducting the research 

and evaluating the proposed BLSTM-CTC based 

unconstrained handwriting recognition for Bengali is 

reported here.                         

2. Redefinition of Character Classes 

Holistic word based recognition is difficult to follow in 

realizing unconstrained Bengali handwriting 

recognition. This is because a holistic word recognizer 

would require training of tens of thousands of words, 

especially for a highly inflectional language like Bengali 

(note that Bengali News corpus
1
 shows more than 

400,000 distinct words appear in the language). 

Therefore, instead of holistic word recognition based 

approach [6, 11], a character recognition based approach 

is to be followed for the present purpose. But for an 

Alpha-syllabary (or Abugida) script like Bengali, 

Devanagari, etc., use of character based approach is not 

straightforward since the concept of character is quite 

complex. The following subsection briefly discuss about 

this complexity.  

2.1. Bengali Character Set and Writing System 

The Bengali script contains three types of characters: the 

Basic characters (50 in number), Compound  characters 

(about 250 in number) and vowel allographs (10 in 

number). The placement of allographs do not follow 

simple left to right sequence as per the utterance. They 

can orthographically sit at one of the right [          
   ], left [             ], above [             

or             ]  and below [            ] 

positions of the basic/compound character. Note that the 

dotted circles are not part of the character shapes, it 

indicates that these allographs should be attached with 

some basic or compound character, e.g.    or   ). Even 

a couple of allographs have two components (e.g.    , 
   ), of which one component can sit to the left and the 

other to the right of the basic/compound character (e.g. 

              ). In handling this script complexity 

the following technique has been mostly followed in the 

previous works in order to define the character classes 

needed for Bengali printed/ handwritten word 

recognition.  

2.2. Conventional Character Classes for OCR 

As number of classes is always an issue in designing 

any character recognizer, researchers followed several 

segmentation techniques to reduce the number classes. 

                                                           
1
 http://www.isical.ac.in/~fire/data/Bengali_abp_lexicon.txt 

In the traditional approach a text line/word is partitioned 

into three horizontal zones, one above the other. The 

middle zone is the busiest one, having main body of 

basic and compound characters as well as portions of 

some vowel allographs. The upper zone, which is 

demarcated by a horizontal stroke called headline, may 

contain portions of basic character and portions of 

vowel allograph. The lower zone may contain vowel 

allographs, vowel stop sign (Hasant,   ) etc. The parts in 

the three zones are, in general, separately isolated and 

identified by separate classifiers and the results are 

combined to form the OCR output. 

For example, in a word like     , detection of two 

horizontal lines helps in finding the upper zone and 

lower zone shapes leaving the middle zone shapes as 

    , which are vertically segmented to give shapes as 

 ,   ,  , and  . Some post-processing techniques are 

followed to regenerate the original shapes. For instance, 

the shape (  ) is segmented and recognized as two 

shapes, i.e. the upper part and the vertical line separately 

which are later joined together to get the character shape 

(i.e.   ) back. This way of segmenting words into 

characters more or less reduces the number of classes to 

about 350 but introduces segmentation and output 

combination error.      

Figure 1: A handwritten word in Bengali. 

 

Although the above way of defining character classes 

served the need for printed character recognition, this is 

not suitable for unconstrained handwriting recognition 

because handwriting hardly follows horizontal zoning. 

Figure 1 shows an example where the word "          " 
has been handwritten and there is hardly any chance to 

find three horizontal zones. Moreover, the existing 

segmentation technique (i.e. a horizontal segmentation 

followed by a vertical one and then post-processing) 

views the classification task as a recognition of isolated 

characters not as a sequence of characters. This has 

motivated us to review the definition of character 

classes so that the classification task can be viewed as a 

sequence labelling problem. The following section 

presents our new way of defining the character classes. 
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2.3. Semi-Ortho Syllable (SOS) Representation 

Because of ambiguities in defining the concept of 

"character" in Indic scripts, ancient Indian 

linguists/grammarians brought the concept of a bigger 

unit called Akshara,  which may be called as ortho-

syllable since such units hold some property of phonetic 

syllable. An ortho-syllable in a written word can be a 

basic vowel/consonant shape, or a compound character 

or a basic/compound along with the vowel allograph 

associated with it. Interestingly, a left to right sequence 

of Akshara can be isolated by vertical line of 

demarcation agreeing well to the phonetic sequence of 

their utterance. Therefore, in ortho-syllable 

representation,    ( =       )),    ( =       ),      

   ( =       ),   ( =       ), etc. are treated as 

single character classes instead of combination of two 

character classes as shown in brackets. 

Thus, if we change the paradigm of character-based text 

recognition to Ortho-syllable based text recognition, the 

Alpha-syllabary Indian scripts should be better tackled 

specially by the sequence labelling algorithms. 

However, one difficulty in this approach is that the 

number of ortho-syllable classes is large, about 1000 for 

any major Indian scripts. Also, for handwriting, chances 

of vertical overlap between neighbouring ortho-syllables 

are fairly high.  Moreover, vertical separability can be 

possible on units smaller than the ortho-syllable. Thus, 

the concept of class is slightly different from the ortho-

syllable units of the word.  We may call them as semi-

ortho-syllable (SOS) classes. For example, in SOS 

representation,    can be treated as two classes, i.e.,   
       but   ( =       )is treated as a single class. 

3. BLSTM-CTC based Bengali Handwriting 

Recognizer  

The BLSTM-CTC is a novel neural network 

architecture that enables to produce character (i.e. class) 

posterior probabilities on a sequence. It is composed of 

two recurrent neural networks with Long Short Term 

Memory (LSTM) neurons [12]. One recurrent neural 

network processes the signal chronologically while the 

other one processes the signal anti-chronologically. At 

every time step they hand over the information they 

have accumulated over time to the Connectionist 

Temporal Classification (CTC) Layer[13] . This layer is 

a Softmax neural network layer that outputs character 

probabilities. It has the ability to avoid outputting 

ambiguous decisions, thanks to an additional 'blank' 

output. 

In this experiment, the BLSTM-CTC is trained on 

handwritten lines. For each line image, corresponding 

groundtruth is available in Unicode. The line level 

Unicode representation is converted into a sequence of 

SOS class representation. Next, the line image along 

with its class representation is submitted to the BLSTM-

CTC for learning. Figure 2(a) shows a sample line 

image. The SOS represented decoded sequence is shown 

in Fig. 2(b) where each character class (which actually 

gets class label like c1, c2, etc. before fed to BLSTM-

CTC) is separated by space and the space between 

words are shown by a special character .   

(a) 

(b)  

Figure 2: Training of the BLSTM-CTC: (a) an input 

sequence, (b) the corresponding decoded sequence 

following SOS representation (the character  is 

used to represent space). 

In order to normalize the appearance of characters we 

added pre-processing steps. For noise reduction, at first, 

the images are binarized using a fixed threshold 

binarization. They are then deslanted to reduce the 

character variations, using the method presented in [14]. 

The BLSTM-CTC requires a fixed input and hence, the 

images are normalized in height to a fixed size. 

After the preprocessing step, we extract features that are 

processed by the BLSTM-CTC. We use a sliding 

window method to extract Histogram of Oriented 

Gradients (HOG) from the images [15, 16]. HOG 

subdivides a window into 2 x 4 sub-windows and from 

each sub-window the histogram of oriented gradients is 

computed. Each histogram is composed of 8 directions. 

Hence each window is represented by an 8 x 8 = 64 

dimensional feature vector. This sequence of feature 

vectors for a handwritten line image is presented to the 

BLSTM-CTC. 

In this experiment, the BLSTM-CTC for Bengali 

handwriting recognition is composed of two BLSTM 

hidden layers with around 200 neurons on each layer. 

The CTC layer is composed of 917 output nodes.  

                          
                        
                       ! 
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4. Experimental Details  

As no public domain dataset is available for evaluating 

unconstrained Bengali offline handwriting recognition, 

we have developed a dataset suitable for this purpose. 

The dataset and evaluation of the BLSTM-CTC system 

are presented next. 

4.1. Unconstrained Bengali Offline Handwriting 

Dataset 

The dataset is consisting of a set of 2,338 unconstrained 

handwritten Bengali text lines. Each text line contains, 

on average, nine words leading to a collection of about 

21K words. More than 100 different writers have 

written these lines and since no special instruction was 

given to the writers so that the samples truly represent 

unconstrained scenario. Almost half of these lines are 

taken from the CMATER dataset (Part-I) which is freely 

available for research [8]. These dataset contains 

handwritten pages for which line segmentation results 

are given. We extracted the lines and added the 

corresponding groundtruth (in Unicode) manually. 

Other samples are taken from the Bengali writer 

identification dataset (samples of 40 writers are there, 

each writer wrote two pages consisting of 35 lines) [17]. 

Five persons were hired to add Unicode groundtruth for 

each text line. Inter-annotator agreement is checked to 

make the groundtruthed data free from any typing 

errors. 

4.2. Evaluation of the Classification System 

The dataset of 2,338 samples are divided into three parts 

training, validation and testing in 3:1:1 ratio. Five-fold 

cross validation is followed. The BLSTM-CTC output 

on the test set is evaluated for measuring character (as 

defined by SOS representation) recognition accuracy. It 

is noted that this accuracy is 75.40%. Among 24.60% 

errors, the substitution, deletion and insertion errors are 

18.91%, 4.69% and 0.98%, respectively. Figure 3 shows 

recognition output for two sample test images (the input 

image, the corresponding Unciode groundtruth and the 

BLSTM-CTC output are shown in the upper, middle 

and lower blocks, respectively). The ortho-syllable level 

errors are marked as red in the groundtruth which is in 

Unicode that does not support SOS-level marking. 

Analysis of errors reveals that for a large number of 

character classes sufficient number of training samples 

are not there in the dataset. Out of 917 classes, only 100 

classes have 10 or more training samples. Therefore, the 

classes with insufficient number of training samples are 

often misrecognized (e.g.   ,   ,   in Fig. 3a). Shape 

similarities also result in character confusions (e.g. 

   in Fig. 3a). Note that no post-processing is done 

on the output of the BLSTM-CTC. When the evaluation 

is done on the sequence level (i.e. the entire text line), it 

is noted that almost of test sequences are marred by one 

or more character level recognition errors. 

Figure 3: Unconstrained handwriting recognition 

output from the BLSTM-CTC: two test images are 

shown in (a) and (b). Corresponding groundtruth 

and recognition output are shown in the middle and 

lower blocks.            

5. Conclusions 

This paper presents a system for unconstrained Bengali 

offline handwriting recognition using BLSTM-CTC. A 

semi-ortho syllable (SOS) representation is followed to 

make the recognition problem suitable for sequence 

labeling. As the BLSTM-CTC learns better on longer 

sequences (i.e., larger context) training is done on line 

level (instead of on words). A new dataset for 

unconstrained handwriting recognition is developed. A 

character level recognition accuracy of about 75% is 

achieved which is quite encouraging as no post-

processing is applied on the BLSTM-CTC output. This 

shows a practical recognition system can be configured 

based on this research with some additional future 

efforts as outlined next.      

Extension of the dataset: For improving the BLSTM-

CTC performance we need more samples so that it can 

be trained using sufficient number of samples for each 

character class. For this purpose, soon the present 

dataset will be made available in the public domain and 

other researchers will be invited to contribute more 

samples so that a larger dataset suitable for 

unconstrained handwriting recognition in Bengali (in 

other major Indic scripts) can be developed through a 

collaborative effort. This would facilitate the researchers 

willing to work on this fascinating problem that involves 

(b) 

                  ঠ    থ           ঠ  । 

                     থ              । 

(a) 

                                                    । 

                                                   । 
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large number of character classes and enormous script 

complexity. We plan to distribute this dataset freely at 

the forthcoming ICDAR event.      

Refinement of the character classes: The present SOS 

representation of the character classes considers all 

possible character combinations which are followed 

logically. For example, as we know the vowel 

allographs logically can be attached to all consonants 

and compound characters, all possible combinations are 

added into the list of character classes. However, it is 

true that many of these classes (e.g.  ,  , etc.) actually 

do not appear in the language. Therefore, an evidence 

(from a language corpus) based pruning is to be done 

thereby reducing the number of character classes.    

Other class representations: In this work, SOS 

representation is followed but other representations can 

be explored to check how the BLSTM-CTC reacts when 

classes are defined otherwise. This effort, in a limited 

scale, has been explored in a recent work for online 

character recognition [18].  

Post-processing: This work did not attempt any post-

processing of the BLSTM-CTC output. However, 

looking at the present output it is evident that the 

accuracy of the result can be further improved if suitable 

post-processing techniques can be applied. For this 

purpose, we plan to make the existing recognition 

output (along with the image and groundtruthed data) 

available in the public domain so that some researchers 

can concentrate on designing some post-processing 

techniques in isolation in order to improve the 

recognition results thereby advancing the state-of-art of 

the related research. 
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