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Abstract— Keyword spotting refers to the process of 

retrieving all instances of a given keyword from these 

documents. In the present paper, a keyword spotting method 

for handwritten documents is obtained using different 

various systems for offline handwriting recognition. A new 

technique is used for robust keyword spotting that uses 

bidirectional Long Short-Term Memory (BLSTM) recurrent 

neural nets and CTC Token Passing Algorithm to 

incorporate contextual information in documents. The 

document analysis is done by demonstrating tri-gram 

character model to significantly improve the spotting 

performance on IAM offline database.         
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I. INTRODUCTION  

Searching word from handwritten document is not only 

inefficient as far as computational cost is concern but also 

provide poor performance. Particularly in the field of 

unconstrained handwriting recognition where the writing 

styles of various writers must be dealt with, severe 

difficulties are encountered. There are different types of 

scanned document having various styles of words, font, size, 

background color of the page that creates many obstacles in 

spotting keyword from such historical documents. 

Optical Character Recognition (OCR) is used to 

convert the image text data into machine-readable text for 

printed document. But it was not suitable for handwritten 

documents. To make the process efficient word recognition 

is done at three different levels such as word based keyword 

spotting, line based keyword spotting and document based 

keyword spotting. All these techniques do segmentation of 

the preprocessed image of the document. 

In word based keyword spotting, the method used 

was Dynamic Time Warping (DTW) in which pixel-wise 

comparison was done with sequence of features extracted 

via sliding window and this system can be seen in [1]. All 

these techniques require segmentation of the line images 

into individual words before spotting the keyword in the 

documents. While in line based keyword spotting technique 

segmentation of the line image is not required that decreases 

the process time and speed for searching the word. 

Traditionally, Hidden Markov Model[2] (HMM) used line 

based technique which made it popular because it overcome 

the problem of word based technique. It is the future task to 

fetch the keyword from non-segmented images which is 

called document based keyword spotting where input word 

image is searched on the segment free handwritten image 

document. 

Here in the proposed system line based keyword 

spotting is used which follows the latest technique of 

BLSTM Recurrent neural network and CTC token passing 

algorithm[3] as it was initialized by Alex Graves and Jurgen 

Schmidhuber. The system follows the following steps for 

searching the keyword from the line images of the historical 

document. They are 

1) Select Input Text Image 

2) Preprocessing 

3) Feature Extraction 

4) BLSTM NN 

5) CTC Token Passing Algorithm 

6) Output Image obtained 

 Different modifications are done in the steps of the 

proposed system to get high performance and low word 

error rate for automatic keyword searching in the non-

restricted handwritten documents. These non-restricted 

handwritten documents have different style of writing, font 

size and different natural languages. For example the 

modification done in CTC token passing algorithm by 

Volkmar Frinken in [4] to get the entire word and not the 

sub-word was done by adding any-node and white space at 

the start and end character of the keyword. Later integration 

of paper [4] was seen in the paper [5] by Andreas Fischer. In 

paper [5], two methods were combined as keyword 

recognition and text line extraction for the historical 

documents. It included learning-based method of RNN for 

layout analysis and keyword recognition that experimentally 

evaluated to 93% word recognition accuracy with closed 

vocabulary on the Parizval database. 

 Language model (LM) has been so far proven to be 

very useful in spotting word from the image document with 

n-gram LMs. With n=2, also known as bi-gram character 

model was used in [3]. For the RNN, the effect of the LM 

was to directly multiply the existing word sequence 

probabilities by the combined transition probabilities 

obtained by the bigram LM. 

 In this paper, the previous proposed system is 

integrated by increasing the n value of LM for spotting the 

word. The IAM offline handwritten documents are taken to 

observe the spotting performance in the modified proposed 

system.  

The remaining part of the paper covers sections as 

first brief description of the ERNN-based keyword spotting 

system in Section-II. Then, explanation about the integrated 

character model is presented in Section-III. In Section-IV, 

experimental results are discussed and finally conclusion 

and future analysis in Section V. 

II. RNN-BASED KEYWORD RECOGNITION 

Here in this section, first the data sets are described in 

section-II A. Then, the proposed system is explained 

stepwise in section-II B. 
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A. Data Sets 

The first data set used in this paper is the IAM database 

(IAMDB)1 [4] which consists of 1,539 pages of handwritten 

English texts, written by 657 writers. An exemplary 

document image is shown in Figure 1. 

 
Fig. 1: Sample image of IAMDB 

B. Proposed System 

The following Figure 2 is the proposed flow chart of the 

system and stepwise view for keyword recognition. 

 
Fig. 2: Flow diagram of proposed system. 

Initially, the keyword is selected from the 

preprocessed database such exemplary are shown in the 

Figure 3 which are being further proposed in the system are 

spotted in the line images of the IAM database. Here 

compressed images are used so that less time is used to 

extract the feature vectors from the images and to calculate 

the probability sequences of the images. 

 
(a) Keyword image of “occasion”   

    
(b) Keyword image of “activity” 

Fig. 3: Keyword images 

Now the important step of handwritten recognition 

starts which is preprocessing and it initialized with the 

normalization of the images. Normalization of the image is 

required because there are different writing styles that 

differs largely with respect to the skew, slant, height and 

width of the characters written. Feature vectors are 

generated based on the information obtained by each zone of 

the image. Each zone has a feature vector contains number 

of horizontal lines, number of vertical lines, number of right 

diagonal lines, number of left diagonal lines, normalized 

length of all horizontal lines, normalized length of all 

vertical lines, normalized length of all right diagonal lines, 

normalized length of all left diagonal lines, and normalized 

length of skeletal. Other features are extracted for the entire 

image based on the regional properties namely Euler 

number, regional area and eccentricity. Here, Euler number 

is the difference between number of object and number of 

holes. The regional area is calculated by the ratio of number 

of pixel in skeletal and number of pixel in image. The 

eccentricity is defined as smallest ellipse at fix in the 

skeletal of image. 

In RNN, the text line image is proposed in both left 

and right direction by bidirectional algorithm. This improves 

the collected information for recognition. The information 

are collected in two separate layers and finally joined in the 

one output layer. In the hidden layer of the RNN memory 

blocks are used to decrease the gradient problem. Thus 

combination of the both task makes BLSTM algorithm. 

The Connectionist Temporal Classification (CTC) 

Token passing algorithm expects a sequence of letter 

probability of the length T having input from RNN of ASCII 

characters, in a dynamic programming fashion. The best part 

through the letter probability sequence is computed that 

correspond with letters input word w. The value of word w 

is then written as matching store i.e. probability in the neural 

network was indeed the given word. Here, the written 

probabilities of the words still depend upon the words length 

to receive normalized value that found the threshold image 

and binaries the image with value less than 175. Also, LOB 

corpus dictionary and tri-gram character model are used in 

the experiments to analysis the dependency of the word 

recognition scores.  Finally, keyword is spotted on the line 

images of the handwritten document images. 
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III. INTEGRATED CHARACTER MODEL 

In the proposed system described in Section II, the bi-gram 

character model represents an arbitrary sequence of 

characters considering only observed appearance features 

into account. But, the characters of the image do not appear 

arbitrarily in the natural language. Here in this paper, 

statistical language models are integrated into the proposed 

system in order to provide additional advantage in 

performance. 

The statistical n-gram language models estimate 

the probability sequence values of n text patterns usually for 

words or characters that appear in the natural language. The 

assumption is made that the character probability is only 

dependent on its history of n-1 preceding characters, the 

probability is as follows [6]: 

     (1) 

For character sequence of c=c1,……….c|c|, the 

probability p(ci | ci-n+1,……,ci-1) is estimated from LOB 

corpora. This probability is used to calculate the CTC 

objective function which is defined as the negative 

logarithmic probability of correctly labeling the training sets 

[7]: 

 (2) 

Here the CTC function is derived from the 

principle of maximum likelihood and so for n=2 i.e. bigram 

character model; the character probability is calculated as 

[6]: 

     (3) 

Where #(cn) is the number of occurrence of 

character in the text corpus. The Figure 4 shows the text line 

model for the word probability of „aa‟ in bigram model [6]. 

 
Fig. 4: Text line character model for keyword aa             

with bigram. 

The quality of character model is measured by the 

perplexity of the character as follows, which reflects the text 

constraints that are drawn by the model in [6].  

                          (4) 

For accurate language model, a perplexity of A: 

 

IV. RESULT ANALYSIS 

The following Figure 5 shows the regression graph for one 

of the keyword result for training set, validation set, test set 

and all. 

 
Fig. 5: Regression Analysis 

The following Figure 6 shows the performance 

graph for one of the data input word like „Move‟ which has 

best validation performance at 2.1209 at epoch 5. 

 
Fig. 6: Performance analysis 

Typical sample error is also shown in the Figure 

7(b) and also with the search result in Figure 7(b) one of the 

line image of the database for the keyword „some‟. 

 
(a)Searched Result 

 
(b)Word error sample 

Fig. 7: Result for word „some‟ 
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V. CONCLUSION 

Here, the previous RNN proposed system for keyword 

spotting with character language model component is 

extended. The effect of LM is experimentally demonstrated 

for various keyword input on the IAM offline database 

documents. It was observed that additional language context 

significantly increases the spotting performance. 

Future analysis includes the integration of higher 

order n-grams, which can provide low result for perplexity 

and improvement of the performance by decreasing the 

word error rate. Furthermore, the investigation for the 

improvement of the RNN proposed system in different 

modules and combined system analysis. 
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