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Abstract. Analysis of degraded printed documents has been a research topic for last several years. In this
article the contribution lies in segmentation of word images into symbols and recognition of the symbols of
degraded printed document images of Bengali, the 7th most popular language in the world. A novel approach to
symbol level segmentation based on a Multilayer Perceptron (MLP) network is proposed. A database of segmenting and non-segmenting image columns is developed from the ISIDDI page level database and segmentation is treated as a two-class classiﬁcation problem. The MLP weights are learnt based on this database using
the back propagation algorithm. We have introduced certain new metrics, based on which the F-score of the
proposed segmentation algorithm is determined. Our method utilizes information that is relevant for character
segmentation, ignoring other highly variable information contained in a printed text document, thus allowing for
efﬁcient transfer learning between datasets and alleviating the need for labelled training data. Other than
Bengali, we have tested on English, Tamil and Devnagari scripts. For the classiﬁcation purpose we have
identiﬁed 336 symbols, and the corresponding training and test sets have been developed. The ISIDDI database
is used for this purpose. Two classiﬁers, one CNN based and the other LSTM based, have been developed for
this 336-class problem. The classiﬁcation accuracies obtained on the test set by the CNN classiﬁer and the
LSTM classiﬁer are 86.05% and 88.11%, respectively. The proposed classiﬁers outperform the existing classiﬁers for the ISIDDI database.
Keywords.

Degraded document processing; Neural network; Analytic approach; Transfer learning.

1. Introduction
Some old documents, particularly of 1960s and 1970s, are
degrading day-by-day due to unavoidable causes. For
preservation of our cultural heritage, OCR (Optical Character Recognition) of such degraded old documents has
sufﬁcient importance in the ﬁeld of research. Digitizing
such old degraded documents will help us to electronically
edit, context-based search the data and store it for easy
document management. Not only these, for application on
other ﬁelds like machine translation, text-to-speech, text
mining, etc., automatic recognition of Bengali degraded
documents is necessary. Rigorous research on OCR is
going on for a few decades not only for languages like
Greek [1, 2], Latin [3], Chinese [4, 5], Arabic [6] and
English [7] but also for Indian languages like Oriya [8],
Tamil [9], Bengali [10, 11] and Telugu [12]. OCR systems
for degraded printed documents as well as good quality
documents have been developed. For Bengali, most of the
existing OCR systems are meant for good quality printed
*For correspondence

document images. However, due to long life time and
physically adverse situations, a document may be degraded
to varying degrees. Such degradations may include holes,
stains, patches, ink bleed and unclear background. In
addition, skew, broken characters, touching characters and
non-uniform appearance of characters of the same font are
found in the old printed documents. The existing OCR
systems [10, 13], developed for Bengali, give good accuracy for good quality and clean document images but the
performance of the same systems is very poor when applied
to degraded documents. In another system [14] the authors
have developed an OCR engine for good quality Bengali
documents by integrating the traditional BanglaOCR software, developed by the Center for Research on Bengali
Language Processing (CRBLP), with the recognition power
of Tesseract, maintained by Google. Tesseract-based BanglaOCR [14, 15] is an open source OCR software for
Bengali script recognition. However, there has been a
recent study [11] on a line level recognition scheme for
degraded Bengali documents. The authors have proposed in
[11] two different types of Convolutional Neural Network
(CNN)–BLSTM–CTC hybrid architectures. One is CNN–
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BLSTM–CTC architecture and the other one is inception
style CNN–BLSTM–CTC architecture for the recognition
problem. To the best of our knowledge, apart from this,
there is no other work on Bengali degraded document
recognition. Thus, recognition of such documents still
remains a challenging research problem in the ﬁeld of
document image analysis.
OCR is a process to convert images of typed, handwritten or printed text into ASCII format or Unicode format. OCR of a text document generally involves scanning
the document, segmenting the scanned image into character
images, extracting features from individual character images and classifying them. Some of the systems skip the
character segmentation part and follow a holistic approach
though, with good character segmentation scheme or analytic approach, OCR system can perform better. For Bengali printed documents the main approach [10, 13, 16]
followed for segmentation of characters is mainly based on
pairwise linear scanning. By removing the headline the
middle zone is detected and by traversing downwards the
segmentation path is found. In case of degraded documents,
due to noises and connected characters, this approach fails.
Another existing method [17] for character segmentation is
a technique based on projection proﬁle. This technique
identiﬁes the position of headline, and if an imaginary line
drawn from any point on this line touches the middle and
lower zone boundary without touching a black pixel then
the boundary of a character is found. This does not perform
well for degraded Bengali printed documents due to
degradation and character level skew. In character segmentation, vertical projection proﬁle mainly counts the
number of fore-ground pixels in each column and
depending on the count, segmentation is done. In case of
degraded documents the presence of noises, touching
characters, overlapping characters, etc. affects the vertical
projection and the method fails to perform well. In [18] a
partial segmentation approach is followed where partial
segmentation is done and the load of recognizing the
individual characters is given on the recognizer, which is
the Kohonen network. Another popular segmentation
approach based on water reservoir concept was proposed in
[19]. This technique was mainly used for touching
numerals. The features were extracted from the concept of
water reservoir. By considering the accumulation of water
poured from the top or bottom the reservoir is obtained.
Finally, by analysing the reservoir features, the segmenting
point is obtained. In [20] this concept has been applied for
handwritten Bengali character segmentation. This method
continuously checks for touching characters and for each
connected character, extracts complex features and decides
the segmenting point. Polygonal approximation is another
common approach to obtain features from curves. In [21]
the polygonal approximation approach was followed for the
segmentation, and the structural properties along with
directional measures were used to determine segmentation
points in Hindi word images. The process of extracting
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complex features, and analysing it to determine each
segmenting point, is a time-consuming approach. In [22] an
ANN-based supervised segmentation approach was proposed. In this paper, by applying a heuristic algorithm the
segmentation points are selected and the ANN is trained.
Finally the heuristic is tested using the trained ANN. Systems [11] that adopt holistic recognition scheme recognize
the characters starting from the extreme left and moving
towards right with the help of a sliding window. One
problem with this approach is once the system fails to
recognize the character or the end of character, the
remaining portion may be wrongly recognized. It is seen
that analytic approach can provide a satisfactory result with
a good segmentation scheme. In case of analytic approach
after segmentation of page images into lines and words,
segmenting the words into pseudo-characters or individual
symbols is considered to be one of the most important step
to be followed. A pseudo-character may be composed of a)
a single character, or b) a part of single character or c) two
individual characters. From these pseudo-characters, features are extracted and sent to a classiﬁer for recognition.
For Bengali scripts it is quite difﬁcult to segment and
recognize the word images into characters or symbols due
to the complex nature of Bengali script. Related surveys
can be found in [23].
In this paper, we have proposed a computational system
for OCR of degraded printed Bengali document. The proposed system has three modules (ﬁgure 1).
The ﬁrst module is the pre-processing module. In order
to remove noises like holes, stains, ink bleed, etc., in this
module, we have modiﬁed Otsu’s algorithm [24]. The
modiﬁcation is done to reduce the noises without introducing broken characters. Following this, skew correction
is done using the Hough transformation [25]. In the second
module the input pages are segmented into lines and words.
We have developed an algorithm based on global horizontal projection for line segmentation of degraded document. Later word segmentation is done by an approach
based on vertical projection and connected component. To
segment the characters we aim to develop a time-consuming algorithm that will consider simple features like population and pattern of the foreground pixels from the word
images, ignoring the complex information and segment the
characters accordingly. To accomplish this, the character
segmentation is performed with a Multilayer Perceptron
(MLP). This task is formulated as a two-class supervised
classiﬁcation problem. For training purpose, segmenting
columns and non-segmenting columns are extracted from
the word images. In the ﬁnal module for character recognition, deep models based on Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) are
developed. The proposed system is tested with Bengali
ISIDDI dataset [11]. To evaluate the model on good quality, non-degraded Bengali document images, we have
applied it on a publicly available database [14] and measured the accuracy. We also propose to use the pre-trained
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Figure 1. Graphical representation of the whole process.

character segmentation model for extracting characters
from other scripts (English, Tamil and Devnagari). The
proposed system is quantitatively evaluated.
The key contributions of this paper are as follows:
1. For the ﬁrst time we have proposed an end-to-end
analytical approach for degraded Bengali documents and
achieved an accuracy of 88.11%, which is better than the
existing holistic approach proposed in [11].
2. We have used supervised classiﬁcation algorithm for
character segmentation and looked upon the segmentation task as a two-class classiﬁcation problem. This
approach has not been taken earlier for character
segmentation of Bengali printed documents (degraded
or otherwise).
3. Most of the existing character segmentation modules
traverse downwards, and search for a segmentation path
that is quite time taking and an iterative procedure to get
the correct path. We have reduced the time as well as
lessened the load by applying a supervised learning
procedure.
4. Our method utilizes information that is relevant for
character segmentation and ignores other complex
script-dependent variable information contained in a
printed text document. This allows efﬁcient transfer
learning between datasets and discards the need for
labelled training data.
5. Other than Bengali script we have applied the pre-trained
character segmentation module on English, Devnagari
and Tamil scripts and qualitatively evaluated the results.

6. We have evaluated the character segmentation
performance in terms of the F-score, which is a
standard and robust evaluation measure. However,
the F-score is based on certain new metrics
proposed in this paper.
7. We have modiﬁed the existing line segmentation
method, horizontal histogram method, for degraded
documents.
8. We have applied deep neural network model CNN and
recurrent neural network model LSTM for Bengali
character recognition and compared their results.
9 We have applied our model on good quality, nondegraded Bengali document images [14] and measured
its performance.
The article is organized as follows. Section 2 explains
the database we have worked with, the properties of
Bengali language and the degradation level in a document image we have dealt with in our work. Section 3
discusses the pre-processing techniques, which are
thresholding and skew correction. Sections 4 and 5
describe the line segmentation and word segmentation
techniques and their results. Section 6 concentrates upon
zone detection and matra removal. Section 7 describes
the proposed segmentation method and preparation of the
dataset to train the classiﬁer. It also describes the segmentation of word images into character symbols and
evaluating the performance in terms of F-score. Section 8
describes the recognition schemes. Finally the results and
discussions are in section 9.
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2. Database
2.1 Properties of Bengali scripts
Bengali is one of the most popular languages in the world.
It is also the ofﬁcial language of Bangladesh and some of
the states of India like West Bengal, Tripura, part of Assam
and part of Jharkhand. Bengali is the second most popular
language in the Indian subcontinent and the seventh most
popular language in the world. In Bengali, the total number
of characters is large but there is no upper and lower case
differentiation as in English. By combining two or more
characters we can get a new compound character. There are
11 vowels and 39 consonant characters and 270 types of
compound characters in Bengali alphabet. Some of the
compound characters are given in ﬁgure 4. Reference [26]
gives an idea of the occurrence of Bengali compound
characters, and ﬁnds that a standard text piece contains
7.34% compound characters and 92.66% basic characters
and modiﬁers. However, in case of modern documents the
percentage of compound characters decreases. This distribution of characters in old documents is considered while
designing a recognizer for the Bengali script. Here are some
characteristics of Bengali script:
1. Writing format of Bengali is from left to right.
2. Most Bengali characters are connected by a headline
called matra. Some characters are isolated in the word.
More than 99% of Bengali words have a horizontal
line.
3. In Bengali, there are vowel and consonant modiﬁers. A
vowel following a consonant often takes a modiﬁed
shape that occurs to the left or right (or both), or at the
top or the bottom of the consonant. They are called
vowel modiﬁers (ﬁgure 2). In some situations a
consonant following or preceding another consonant
changes shape, which is a consonant modiﬁer
(ﬁgure 3).
4. In some cases, two or more consonant characters are
combined to form a shape different from any of the
participating basic characters. They are called compound characters. Some cases may appear when a
vowel modiﬁer is added with one or more consonants
and they form a modiﬁed shape. These modiﬁed
characters are also considered as compound characters.
There are about 270 compound characters in Bengali
(ﬁgure 4).

Figure 2. Vowel modiﬁers.

Figure 3. Consonant modiﬁers.

Figure 4. Some of the compound characters.

2.2 Degradation types
The degraded documents may have different types of
degradation like holes, stains, wrinkles, ink bleed, etc.
(ﬁgure 5). Physical adverse situations and natural calamities take an effect on old books and degradation of different
types can be seen on the books and documents [27, 28].
Even inappropriate scanning of the document can cause the
following problems: 1) poor contrast image due to low
controllable light, 2) non-uniform image background
intensity due to uneven illumination and 3) random noises.
During our work we have faced different levels of degradation and dealt with it. The degradations faced are as
follows:

Figure 5. Degradation of different types (stains, bleed through,
holes, patches and skew).
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1. Change of colour: The pages of the old books may turn
yellowish or blackish due to the long life time.
2. Noises: Stains, ink bleed, etc. may be present in a
degraded document. Impression of the opposite side or
bleed through is also a problem for historical documents.
Presence of these extra pixels may create problem in
segmentation as well as recognition as they may act like
character pixels, change the character shape and drop the
recognition accuracy drastically.
3. Holes: Small holes may be present in a degraded
document.
4. Broken or touching characters: In historical documents
the characters or the part of characters may be faded due
to long lifetime or may be touched, introducing broken
or touching characters (ﬁgure 6). The grey scale images
of the historical document generally have a large amount
of blurring. In addition to this the pre-processing steps
may introduce a large number of broken characters in the
resulting binary image (ﬁgure 7).
5. Skew: After scanning the document image, skew may be
present in the image. This may create difﬁculty in case of
segmentation as segmentation needs a perfectly horizontal data. Skew can occur due to two reasons: due to
misalignment during scanning of the document or the
document may be already skewed.
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pages is divided into training, test and validation sets
consisting, respectively, of approximately 60%, 25% and
15% sample page images; there are 323, 130 and 82 sample
document images in the training, test and validation sets of
the ISIDDI database. The numbers of word and character
classes appearing in this entire database are, respectively,
26,663 and 320.

3. Pre-processing of the degraded document
As we are dealing with degraded document there is a need
to remove the degradations or correct them to some extent
to get an upgraded and corrected document. Pre-processing
of the document is done to achieve an improved performance at the segmentation and recognition levels. We have
applied the pre-processing techniques on the grey scale
image of the degraded document containing texts. Mainly
through accurate image thresholding, noise removal, skew
detection/correction techniques and correcting broken or
touching characters techniques the degraded document is
pre-processed and prepared for segmentation and
recognition.

3.1 Image thresholding
2.3 Database
We have used the ISIDDI database [11] containing 535
pages scanned from 15 old Bengali printed books, having
various levels of degradations, having different fonts and
formats. These images are scanned using a ﬂatbed scanner
at 300 dpi and stored as colour images in both uncompressed TIF and JPG formats. Some of the printed Bengali
documents containing one or multiple types of degradations
are downloaded from the the Public Library of India
(https://archive.org/details/digitallibraryindia). Some of
them are extremely degraded and some have low level of
degradations. This dataset of printed Bengali document

Figure 6. Broken characters due to degradation (

Figure 7. Broken characters due to binarization (

).

).

Thresholding is a process of segmenting the background
and the foreground text. We have applied a modiﬁcation on
Otsu’s thresholding algorithm [24] to get the binary image.
Applying Otsu’s global thresholding method, we have
computed a threshold value T on the scanned input image.
The computed threshold value depends on the pixel values
P1 , P2 , P3 , ..., Pi , ..., Pn of the image. The pixel values
greater than the computed threshold are assigned 1 and the
other pixel values lesser than the threshold are assigned 0.
By applying this a binary image can be achieved but on
examining the resultant image we have found two types of
problems: a) Sometimes the pixels having values in the
range of T to ðT þ AÞ, where A is a very small value, are
discarded, resulting in broken characters in the image. b) In
addition to this some noise pixels having values in the
range of ðT  AÞ to T are considered as character pixels.
Hence there is a need to check whether the pixels having
values in this range are character pixels or noise pixels. To
resolve these problems the following algorithm (Algorithm
1) is applied.
1. Two new binary images IMG1 and IMG2 are generated,
considering the threshold value to be T  A and T þ A,
respectively. The number of black pixels in IMG2 is
greater than that of IMG1 .
2. CheckEightNeighbourHoodðIMG1 ; i; jÞ:
checkEightNeighbourHood procedure checks the eight
neighbourhoods from the IMG1 of the ith , jth location. Let
the pixel be Pn1 . Now the eight neighbourhoods of ði; jÞth
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location, ði  1; j  1Þ, ði  1; jÞ, ði  1; j þ 1Þ, ði þ 1; jÞ,
ði þ 1; j  1Þ, ði þ 1; j þ 1Þ, ði; j  1Þ and ði; j þ 1Þ, are
checked from IMG1 . If there is another black pixel in the
eight neighbourhood of Pn1 from IMG1 then the
procedure returns the ﬂag value as 1, else it returns 0.
3. If the value of the ﬂag is 1 then the pixel value IMG1 ði; jÞ
is assigned 0 or else assigned 1.
4. This checking is done in loops until no new pixel arises
in IMG2 compared to modiﬁed version of IMG1 satisfying the eight neighbourhood conditions.
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Segmentation on a skewed image results in ambiguity.
Skew correction aims to align the image properly before
segmentation. The skew correction method applied is based
on the Hough transform. In [25], authors have proposed a
skew detection method on document image using the
Hough transformation. The foreground pixels or character
pixels are subjected to a rotation equal to this skew. Figure 10 shows an example of skew-corrected image.

4. Line segmentation

In ﬁgure 8(a) the raw image and the resulting images of
Otsu (b) and Sauvola [29](c) are given. Figure 8(d) is the
resulting image of our modiﬁed Otsu’s method. It can be
seen that some of the noises are removed from the image by
our method, which the original Otsu’s algorithm failed to
remove. Though in case of noise removal the Sauvola
algorithm performed better than our method it introduced
some extra broken characters, which is not desirable in the
classiﬁcation phase. Some of the other resulting images are
given in ﬁgure 9 by applying the binarization method on the
images in ﬁgure 5.

3.2 Skew correction
For segmentation of a text document into lines, words and
characters, skew correction is an unavoidable step to
follow.

For segmentation of words followed by segmentation of
characters, line segmentation is considered to be one of the
important steps to be followed. As a conventional technique
for text line segmentation, global horizontal projection [10]
of black pixels has been utilized.
A page may consist of headings, subheadings, paragraphs
and lines as shown in ﬁgure 11(a). Hence, segmentation of
lines must be independent of line height. After ﬁnding the
histograms, we segment the line images depending on the
histogram of the line image projections. It can be seen that,
for each line image, there is a pattern that is ﬁrst a local
minimum (zero or nearly zero), then a local maximum and
ﬁnally a local minimum (zero or nearly zero). One such
pattern indicates the presence of a line image.
In other words, the two rows (say, L1 and L2 ) in the page
image corresponding to the ﬁrst local minimum and the
second local minimum determine the line image. Thus,
from a document page image, the line images are separated
based on L1 and L2 . This works well for clean document
images. However, for degraded document images, it may
be possible that this whole pattern of a line may not be
found.
In ﬁgure 12, because of patches due to degradation and
because of the presence of word level skew, the aforementioned pattern may not be observed. In such cases, a
local minimum will have a value that is much greater than
zero. In this case the conventional global horizontal projection algorithm [10] will fail. Hence, for this, we apply a
modiﬁed approach. We will use this approach only when
the height of the segmented line image is large enough.
Our whole algorithm works as follows:
1. The horizontal histogram of black pixels is computed
from the whole page image.
2. For a less degraded document, the histograms of line
images will have the following pattern: ﬁrst a local
minimum (zero or nearly zero), then a local maximum
and ﬁnally a local minimum (zero or nearly zero). The
values of L1 and L2 can be determined for the line as
deﬁned earlier. Now, let n patterns be found in a whole
page; for each ith pattern there is Li1 and Li2 . Let the
distance between Li1 and Li2 be hi .
3. The region between Li1 and Li2 is considered as a
segmented line image (see ﬁgure 11) where
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Figure 8. Comparison with other methods.

Figure 9. Binary images.

Figure 10. Skewed image on the top, skew-corrected image at
the bottom.

i ¼ 1; 2; :::; n.
The method described earlier is a conventional method
[10] for good quality documents but for degraded
document we will not act locally (i.e. not based on
individual line images); rather we will compute a
threshold value (say H) from the whole page and
depending on H we will segment the line images from
the whole page image.
4. Threshold computation (H): For i ¼ 1; 2; :::; n, the distances measured are h1 , h2 ; :::; hn for n lines, then H is
equal to the mode of h1 ; h2 ; :::; hn .
5. Now for each line i, the height (let it be hi ) is computed
as Li1  Li2 þ 1; it is checked individually with H.
6. If the hi is greater than our deﬁned threshold (H) then:
• First the hi is divided by the H and the nearest
integer is estimated as the number of possible lines.
• Now the histogram format of the line segment is
checked for the segmented line image. We have
repeatedly smoothed the histogram by the method of
moving average ﬁlter and calculated the number of
peaks. With every iteration the number of peaks will
decrease. This process continues until the number of
peaks does not decrease after smoothing. Let us
assume that we have found k peaks there.
• Now if k ¼ 1 then the segment contains a single line
containing a heading or a subheading and the line
segment is left as it is, else the segment has k
number of lines and the segmenting location is
identiﬁed by computing the minima between two
peaks. If there are k number of peaks then there will
be k  1 number of segmenting locations.
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Table 1. Line segmentation.
Method

Accuracy (%)

Vertical-projection-based method
Modiﬁed method

90.96
94.07

There are totally 14680 line images in the ISIDDI
database. The comparative study between the traditional
method based on vertical projection proﬁle and modiﬁed
vertical projection method is given in table 1. We have kept
the acceptance threshold as 90%.

5. Word segmentation

Figure 11. Line segmentation of a page containing different line
heights: (a) the page image with different line heights and
(b) corresponding horizontal histogram.

For segmenting the word samples we have applied a
mathematical morphology to trace the points of segmentation and extracted the words using connected components
along with the vertical projection method [10, 28]. This
method not only segments the words from the lines but also
deals with broken characters. Applying morphological
operations dilation and erosion, broken characters are
connected [30].
The Connected Component Labelling [31] algorithm is
based on 8-connectivity, which ﬁnds all connected components in a image, assigns a unique label to all the points
of the same component and ﬁnds number of components
present in the image. Dilation operation is applied on the
line image. The vertical histogram is calculated to estimate
the boundary of each of the words. After extraction of the
words, erosion operation is applied on the extracted dilated
word images. This also results in connecting broken characters. Figures 13 and 14 show the whole word segmentation process.

6. Zone detection and headline removal
Each word can be divided into three zones or three horizontal layers [10] (shown in ﬁgure 15). They are as follows.

Figure 12. Line segmentation (degraded document).

1. The upper zone: This zone is the portion above the
headline or ‘matra’. This zone starts from the topmost
line of the syllable and runs till the ‘matra’. This covers
upper 20% of the whole word. The vowel modiﬁers (like
, , etc.), the extended portion of some consonants (like
, , etc.) and some consonant modiﬁers can be seen in
this portion.
2. The middle zone: This zone is the portion below the
headline or ‘matra’; 60% of the word covers the middle
portion, where the population of characters is the
highest. This major part ends in the baseline. Most of
the vowels, consonants, compound characters and part of
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Figure 13. Word segmentation: original line image at the
bottom, dilated line image in the middle and corresponding
vertical histogram of the connected components at the top. The red
lines indicate the boundary of a word.

Figure 14. Word segmentation example on another line image.

Figure 15. Zone division of a word image.

vowel and consonant modiﬁers are seen in this portion
(like , ).
3. The lower zone: This zone is the extended part of some
of the characters and some vowel modiﬁers (like , ,
etc.) and consonant modiﬁers (like , etc). This part does
not exist all the time. Sometimes the middle zone and lower
zone are combined into a single zone.
By removing the headline or matra region, the upper
zone and the middle zone can be separated. Because of the
existence of headlines in most of the Bengali characters, by
a horizontal scan over a line of text, the frequency of black
dots in the headline will be the highest. Considering this
property, the headline of any Bengali script can be removed
by applying mathematical morphological operations like
erosion and dilation. After removal of matra the characters
are separated by applying a classiﬁer (described in section 7). In Bengali character set there exists some characters
that do not have a headline, so removal of headline splits
the character horizontally and creates corresponding character symbols. We have applied erosion operation on the
word images with a straight long structuring element,
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which acts on an eroded image containing the headline
region only. By applying the horizontal projection method
on the eroded images the position of the headline can be
detected. By applying the dilation operation with the same
structural element on the headline portion the headline can
be retrieved. By subtracting the headline image from the
original image the headline can be removed, resulting in a
partition between the upper zone and the lower zone
(ﬁgure 16).

7. Character segmentation by supervised learning
After removal of the headline, we now consider the problem of segmentation of a word image into its constituent
character images. While considering the problem, we have
found, due to the existence of noises, touching characters,
overlapping characters, etc.; it will not be sufﬁcient to
consider the population of foreground pixels only and
segment the characters based on that information. Moreover, after removal of the headline, in some cases we have
seen that the headline is not totally removed. This is mainly
due to word level and character level skew. Hence, along
with population, the pattern of the foreground pixels must
be considered. For this reason we aimed to develop a timeconsuming algorithm that will consider simple features
from the word images, ignoring the complex information
and segment the characters accordingly. We have treated
this segmentation problem as a supervised classiﬁcation
problem where the items of classiﬁcation are the columns
of the word image and the feature vector of an item is the
binary vector corresponding to the column.
Hence, our goal is to classify a column in the word image
as segmenting or non-segmenting based on its binary vector. In order to build the classiﬁer, we need training data.
For this we have extracted a set of segmenting columns and
non-segmenting columns from the word images of the
training set containing 19500 word images. We will test the
classiﬁer on the test set, which contains 8550 word images
along with their ground truth. Here the training and test sets
are disjoint. Each word image (hp) with height h and width
p of training set and test set is resized to 30p. We now
describe how the segmenting and non-segmenting columns
are selected in order to form the training set.

Figure 16. Headline removal.
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7.1 Selection of segmenting columns
and preparation of the training set
Selection of candidate segmenting columns, meant for
training purpose, is done manually. In ﬁgure 17, several
word samples are shown. For each such sample, between
two adjacent characters there is a vertical and connected
patch of columns (shown in blue) largely consisting of
background/white pixels.
Each such patch is called a separating patch and each
column in a separating patch is a segmenting column;
however, considering a column as segmenting column,
depending only on the number of background pixels, may
result in under-segmentation due to the existence of noises
in a word image. For this, we have considered those columns as segmenting columns, which have isolated foreground pixels or the pixels are not the part of any character
(ﬁgure 18, columns 12–13). After removal of headline
(section 6), in some cases we have found that, due to word
level skew and degradation, the headlines are not properly
removed. Due to this, the patches containing headlines only
are also separating patches (ﬁgure 18, column 27).
We have manually selected the separating patches and
hence the segmenting columns from the binary word images in the training set. These segmenting columns have
some patterns, so our aim is to train the network about these
patterns. All these segmenting columns form one class of
the training set. Next, the other class (non-segmenting) of
the training set is formed in the following manner. It is to
be noted that, between two consecutive separating patches,
there is a patch of columns that are dominated by foreground/black pixels. Such a patch is called a character
patch representing a character image. A character patch
also occurs on the left of the leftmost separating patch and
on the right of the rightmost separating patch in a word
sample. It is to be noted that each column in a character
patch is a candidate non-segmenting column. However, the

Figure 18. Selection of segmenting and non-segmenting
columns.

number of such candidate non-segmenting columns is much
larger than the number of candidate segmenting columns.
In order to have some parity in the number of training
samples in the two classes, not all non-segmenting columns
of a word sample are included in the training set of nonsegmenting columns. If the width w (number of columns)
of a character patch is less than or equal to 3, then all the
columns of the character patch are included in the training
set of non-segmenting columns. Otherwise, only m ¼ 3 þ
½w  3=3 columns as equi-spaced as possible from w columns are selected for the purpose. The reason for this is that
there is much redundancy of information in the columns
when w [ 3, but not much redundancy when w  3.
Thus, from all the word images in the training set of
word samples, we have obtained a training set of segmenting and non-segmenting columns. Next, we build a
segmentation algorithm as a two-class classiﬁer using this
training set.
For creating the training database, segmenting columns
are assigned to class 1 and the non-segmenting columns are
assigned to class 2 (ﬁgure 18). The corresponding one hot is
generated for the classes. The one hot describes the output
of the MLP. In our network the one hot of class 1 is 10 and

Figure 17. Separating patches shown by blue vertical rectangles.
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the one hot of class 2 is 01. The network is trained by the
segmenting columns and the non-segmenting columns
along with their one-hot representation. Totally 502393
columns are selected from 19500 word images. Among
502393 columns, 351675 columns are of class 2 and
150718 columns are of class 1. These columns are used to
train the classiﬁer.
In ﬁgure 18 of word
, there are 34 columns. Columns
1–9, 15–18, 20–22, 24–26 and 28–33 are character patches.
The columns in the character patches are non-segmenting
columns. In total 9 þ 3 þ 3 þ 3 þ 6 ¼ 24 columns are
selected and assigned to class 2, for which the corresponding one hot is 01. The 10 columns in between the
character patches are segmenting columns and therefore the
class assigned to them is class 1, for which the corresponding one hot is 10.

7.2 Segmentation using MLP
An MLP is trained using the training set of segmenting and
non-segmenting columns formed earlier. The architecture
of the MLP is shown in ﬁgure 19, where there are 30 nodes
at the bottom layer representing an input column, two
hidden layers each with 10 nodes and two nodes at the top
representing the two classes of segmenting and non-segmenting columns.
The trained MLP is then used to classify a column in a
word image in the test set either as a segmenting column or
as a non-segmenting column. After all the columns in a
training word image are classiﬁed as segmenting or nonsegmenting columns, the character patches are identiﬁed as
follows.
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To segment individual character images from the word
image on the test set, each of the columns of the word
image is extracted and put into the MLP classiﬁer one by
one from left to right. We extract each column wi (let us
assume word image w is composed of w1 ; :::; wi ; :::; wn and
n ¼ p) starting from i ¼ 1 and traversing until i ¼ n. Each
wi is input to the classiﬁer to identify the ith position is a
segmenting column or a non-segmenting column. Processing the values of the column, the classiﬁer either outputs 10 or 01. If wi is a segmenting column then the output
of the classiﬁer is 10 and if not then 01. The segmenting
columns are marked with a vertical grey line in ﬁgure 20(a)–(c).
All the pixels in all the segmenting columns are made
white. Then a maximal patch of consecutive image columns
each having at least one black pixel is considered to be one
single character image. Thus, from the training set of word
images, our algorithm ﬁnds a set of character patches. This
set of character patches will be the training set of building a
character level classiﬁer.
In our proposed technique, we have encountered cases of
over-segmentation (ﬁgure 21) and cases of under-segmentation (ﬁgure 22).
In ﬁgure 21(c) and 21(d) we can see that though the
character symbol is over-segmented the remaining symbol is sufﬁcient to recognize as character symbol . In
ﬁgure 21(a) and 21(b) the character symbols , are the
real cases of over-segmentation. We have noticed that the
over-segmented characters have some patterns. For some
speciﬁc characters a over-segmentation has occurred.

Figure 20. Separating patches marked in grey.

Figure 21. Examples of over-segmentation: the red dots, over
the grey vertical lines, indicate character patches wrongly
recognized as separating patches.

Figure 19. MLP architecture for segmentation.

Figure 22. Examples of under-segmentation: the green dots
indicate separating patches wrongly recognized as character
patches.
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Figure 23. False Positive and True Positive.

Characters , , , , , ,
and are divided into two
parts. We have dealt with this over-segmentation after
recognition in subsection 8.3.
To overcome the problem of under-segmentation
and to segment those combined characters we have
proposed a heuristics in subsection 7.5. Whether the
resulting character symbols, generated after segmentation, will go through the proposed heuristics is decided
based on some conditions described in subsection
7.5.

7.3 Segmentation performance
The performance of the character segmentation method is
evaluated in terms of F-score evaluated using precision
(P) and recall (R). We deﬁne False Negative (FN), True
Positive (TP), True Negative (TN) and False Positive (FP)
in terms of separating patches and character patches.
Let us consider a word image Wg in the ground truth
image and Wr is the resulting image with c columns. Let Wg
contain n separating patches, say P1 , P2 ,..., Pn . Wr contains

Sådhanå (2020)45:263
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Figure 24. False Negative and True Negative.

R1 , R2 , ..., Rm separating patches. Each separating patch
may contain more than one segmenting column. Let each
separating patch Pi starting from kth position of c contain j
segmenting columns, where the value of j is minimum 1
and maximum ðc  1Þ. It is the same for each Ri . Let Wa be
the agreement matrix that is used to compute the values of
FP and FN.
We will ﬁnd four scenarios:
For each separating patch Ri containing j columns from
the kth position we will check the ground truth image Wg
from k to ðk þ jÞ columns (ﬁgure 23).

Case 1: If we ﬁnd at least a single column among j
columns that is a segmenting column then it will be counted
as a True Positive (TP). Hence, TP is the separating patch
in ground truth image Wg recognized as a separating patch
in the resulting image Wr .
Case 2: If not a single column among j columns is a
segmenting column then the k to ðk þ jÞ columns will be
marked as a single error patch in Wa and these patches will
be counted as False Positive (FP). Hence False Positive
(FP) is the character patch in ground truth image Wg recognized as a separating patch in the resulting image Wr ,

263
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Figure 25. F-score value calculation based on ground truth image and resulting image.

patches in ground truth image Wg recognized as a character
patch in the resulting image Wr is the count of TN.
For the given ﬁgure the value of precision ðPÞ ¼
TP
3
3
¼
¼ ¼ 0:75 and the value of recall
TP þ FP 3 þ 1 4
TP
3
3
ðRÞ ¼
¼
¼ ¼ 0:75. Hence, the
TP þ FN 3 þ 1 4
F  score ¼ 2ð
Figure 26. Sample images of Indian language pages (Tamil at
the top and Devnagari in the bottom).

which mainly states the case of over-segmentation
(ﬁgure 23). The total number of error patches in Wa is the
measure of over-segmentation, which is the value of FP.
For each separating patch Pi containing j columns from
the kth position we will check the resulting image Wr from k
to ðk þ jÞ columns (ﬁgure 24).
Case 3: If not a single column among j columns is a
segmenting column then the k to ðk þ jÞ columns will be
marked as a single error patch in Wa . Hence the separating
patch in ground truth image Wg is recognized as a character
patch in the resulting image Wr , which mainly states the
case of under-segmentation (ﬁgure 24). The total number of
error patches in Wa is the measure of under-segmentation,
which is the value of FN.
Case 4: If each and every column in a character patch is
recognized as a non-segmenting column then it is called
True Negative (TN). Hence, the number of character

PR
0:75  0:75
Þ ¼ 2ð
Þ ¼ 0:75:
PþR
0:75 þ 0:75

In ﬁgure 25, some of the ground truth images are given
along with their resulting images. We have calculated the
F-score value from the images. The total accuracy of the
method can be evaluated by the following formula:
P

The total accuracy ¼

P
TP þ TN
:
total number of patches

We have evaluated the result of our proposed segmentation approach of character segmentation on the test
set of 8650 word images. We have achieved 92% accuracy on the test set. By computing the percentage of
correctly segmented components to total number of
components, we have achieved 87.15% accuracy. This
result is achieved before applying any heuristics. The
heuristic to deal with under segmentation is given in
Section 7.5.
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Figure 27. Three sample images of News.3B and Spn.3B in ISRI form.

7.4 Performance on other scripts using transfer
learning
To evaluate the generalization of our segmentation module
we have applied the MLP network trained using ISIDDI
dataset on other publicly available databases.

For this, we have selected pages from News.3B and
spn.3B provided by ISRI forms [32] (https://code.google.
com/archive/p/isri-ocr-evaluation-tools/downloads).
To check our trained network on Indian languages we
have considered pages of Devnagari and Tamil languages.
We have downloaded 100 pages from Public Library of
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Figure 28. Sample results on News.3B and Spn.3B in ISRI form.

Figure 29. Sample results on Indian languages.

India (https://archive.org/details/digitallibraryindia) and
converted them into jpeg format. The lines and words are
extracted using the existing line segmentation [33] and
word segmentation [33] algorithms. After getting the words
we have applied the MLP network, which is trained using
the ISIDDI dataset or our source dataset on the other two
Indian languages (ﬁgure 26) and the ISRI forms (ﬁgure 27).
Our model runs quite successfully on these pages. Some
segmented word images are given in ﬁgures 28 and 29. To
extend our experiment we have used 10% of the target
dataset along with the source dataset (ISIDDI) to train the
MLP model and found an improvement in the accuracy
(table 2).
The main aim of our work is the symbol level recognition of Bengali degraded printed documents; hence, we
have carried out the work for Bengali documents. In future,
we will try to generalize the recognition module for other
languages also.

7.5 Proposed heuristic model for undersegmentation
The width of a character patch is measured for each word
sample. Let w1 be the width and h1 be the height of the
character patch. If (w1 =h1 ) is less than the computed

threshold then the character is considered to be a single
character. If (w1 =h1 ) is greater than the threshold then the
character is considered as a combination of two or more
characters and further segmentation is done with the proposed heuristic model.
To decide the threshold value we picked 30 samples
randomly from each of the 320 classes and calculated the
width and height of each of the samples or total 30  320 =
9600 samples. The 320 classes are those classes where the
character symbols are not over-segmented. By measuring
the maximum width height ratio we have found that the
estimated value of the threshold is 1.066.
This heuristic model mainly deals with the under-segmented character symbols. The main reasons found for
under-segmentation are a) overlapping characters, that is
characters between which there is no background image
column and b) touching characters, that is the characters
that are connected due to degradation.
Let a segment of width and height xc and yc , respectively,
containing overlapping characters (ﬁgure 30) be the input in
the following proposed algorithm.
Step 1: Connected components are labelled as 1, 2, 3, ...
(using PCCL algorithm [34]). For example, in the given
ﬁgure 30 the number of connected components is two.
Hence, we will get two connected components C1 and C2.
Step 2: If the number of connected components is one,
return the character as a single component.
Step 3: Find the leftmost component by following substeps.
• Compute the centroids of the components.
• The x-coordinate of centroids of the components is
checked.
• The component having the least x-coordinate is the
leftmost component. Let C1 be the leftmost
component.
Step 4: Find the end tip (C1xtip , C1ytip ) of component C1.
• Traverse in backwards direction.
• Let x be the row position and y be the column position
where the ﬁrst black pixel has appeared for the
component C1. When the (x, y) index is found for

Table 2. Character segmentation accuracy on other scripts.

Database
ISRI
(News.3B)
ISRI
(Spn.3B)
Tamil
Devnagari

Accuracy (source
dataset) (%)

Accuracy (source ? 10%
target) (%)

66.80

77.36

62.45

75.90

71.78
77.50

76.59
84.25

Figure 30. Labelling.
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the C1 component, assign the x value to C1xtip and y
value to C1ytip .
Step 5: Finding the overlapping position between C1 and
C2.
• The columns are extracted starting from the left.
• The ﬁrst column with labels of the two components c1
and c2 is a overlapping column. Let the column be
named as C1overlap .
Step 6: Extraction of the component.
The character is extracted from the whole segment in two
parts. First part of the character is the region between 0 and
ðC1overlap  1Þ column. Second part is the region between
C1overlap and C1xtip . While considering (C1xtip  C1overlap )
columns the component of C2 is replaced with white pixels.
Joining both parts, the whole character is retrieved.
Step 7: Repeat steps 1–6.
Step 8: Exit.
For segmenting the touching characters (ﬁgure 22(b)) the
following steps are followed.
Step 1: The position with the minimum touch is determined by counting the number of black pixels.
Step 2: The touch is broken by applying the mathematical morphological operations opening and closing [30].
Step 3: The whole segmentation process is invoked.

8. Recognition of characters
After getting the pseudo-characters, recognition of those
symbols is the next step to be followed. We have applied
CNN [35] and LSTM [36] as our classiﬁers.
CNN is basically a hierarchical neural network in which
the architecture is divided into two distinct parts. The
convolution layers for feature detecting and sub-sampling
layers for feature mapping alternate in the ﬁrst part, which
mainly helps in extracting features. This is followed by a
dense layer as a classiﬁcation layer [37]. Later on, maxpooling layers have been used with convolution layers. In
[38] maximum-pooling operations are applied instead of
sub-sampling operations and it is concluded that it outperforms signiﬁcantly. Importance and use of max-pooling
operations can be seen in [39, 40]. Back propagation (BP)
algorithms are used by CNN to achieve the connection
weights. This network generates a ﬁnal vector consisting of
scores for each class. In [41] the parameters are ﬁne-tuned
by adding dropouts, varying the window size, etc. to
achieve more accuracy. In different kinds of pattern
recognition problems, CNN has given a satisfactory result.
LSTM neural network is a special kind of RNN (Recurrent Neural Network) that is capable of remembering
information for a long period of time and eliminating longterm dependence problem. In [42] and [43] RNN is used in
scene text recognition and Chinese handwritten text
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recognition, respectively. RNN network takes input as a
sequence. In an RNN, a sequence and its elements are fed
as input one after the other. Each instant of processing is
often termed as a timestep. In [44] a detailed description on
the work ﬂow of RNN is given. RNN architecture uses
BPTT learning algorithm; due to this there may be a
problem of learning dependences on timesteps of long past
due to the vanishing gradient problem [36]. For using
BPTT the weight of each hidden node is updated with each
iteration depending on the activation function (activation
function maps the value in the range 0–1) and this may
cause reduction of the gradient values exponentially faster.
Due to this the gradient values may disappear after a few
timesteps, resulting in the neural network stopping the
training completely. Hence, the inputs to the RNN at those
early steps do not contribute to the learning process. A
special type of hidden unit is used, called LSTM [45], to
solve this problem. In LSTM the activation function used is
the identity function with a derivative of 1. Hence the backpropagated gradient neither vanishes nor explodes when
passing through, but remains constant. In [46, 47] the
LSTM networks have been used in speech recognition
problems.

8.1 Character level database for recognition
We have created a local database of total 110772 samples
and 336 classes from the ISIDDI database. We have manually classiﬁed them to 336 classes. In ISIDDI database the
number of character classes reported is 320. Some extra
symbols have been generated due to over-segmentation.
The over-segmented character parts are considered as
character classes. All samples are divided into three sets:
training set, test set and validation set dividing the samples
into 74218 (67%), 10011 (9%) and 26543 (24%) samples,
respectively. Some of the samples for training are given in
ﬁgure 31.

8.2 Training of classiﬁers
8.2a. CNN-based classiﬁer: The CNN designed to train our
database is similar to the famous LeNet-5 architecture.
LeNet-5, a pioneering 7-level convolutional network by
LeCun et al [48] in 1998, classiﬁes handwritten and
machine-printed characters. The CNN architecture used by
us is as follows (ﬁgure 32):

Figure 31. Samples of training set (1)

, (2) , (3) ? and (4)
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Figure 32. CNN architecture for character recognition.

Table 3. Conﬁguration of the network.
Layer
Convolution
Max-pool
Convolution
Max-pool

3
2
3
2

Size

Filter

Stride






3

2
1
2
1

3
2
3
2

3

• This CNN architecture has only 7 layers. The ﬁrst layer
is the input layer. Next four are convolutional layers
and max-pooling layers alternatively, and the last two
are fully connected layers. The detailed structure of the
layers are given in table 3.
• A centred and size-normalized character image of size
(30  30) is fed in the input layer. The convoluted
output is obtained as an activation map. In the
convolution layer, ﬁlters are applied to extract relevant
features from the input image to pass further.
• Convolutional layer helps in extracting features. With
more numbers of convolution layers the features
extracted are more speciﬁc than the features extracted
in a shallow network.
• The ﬁrst convolutional layer ﬁlters the 30  30  3
input image with 3 kernels of ﬁlter size 3  3 with a
stride of 2 pixels.
• The second convolutional layer takes the pooled output
of the ﬁrst convolutional layer as input and ﬁlters it
with 3 kernels of size 3  3.
• The output is then generated through the output layer and
is compared to the output layer for error generation. In
the fully connected output layer a loss function is deﬁned
to compute the mean square loss. The gradient of error is
then calculated. The weights and bias values are then
updated following the BP algorithm.

• The ﬁrst fully connected layer has 512 neurons.
The input of this layer is the output from the
convolution and max-pooling layers. The output is
ﬂattened to transform the output of the fully
connected layer into the number of classes as
desired by the network.
• The output of the fully connected layer is fed to a
336-way softmax, which produces a distribution over
the 336 class labels as we have 336 number of classes.
• The ReLU non-linearity is applied to the output of
every convolutional and fully connected layer.
• Drop out of 0.2 is added before the fully connected
output layer.
• This model generates the score for each class. The
class with the maximum score is the recognized index.
The CNN is trained with 100 epochs using the training
set and validation set. The learning rate is 0.0001. The
loss function and optimizer used are categorical crossentropy and SGD, respectively.
8.2b. LSTM-based classiﬁer: The same database with 336
classes is used to train an LSTM. As mentioned earlier the
LSTM processes sequential data. We have the input data of
the present problem as images of (height  width 
channels). Hence, to input the data, the images must be put
into the network as a temporal sequence. We input the
images as (1  timesteps  F), where 1 is the height or
number of rows, timesteps is the number of columns and
F is number of channels, which is in our case the length or
width of the image.
We have normalized the height to 30 pixels but the
length of the character may be variable in size. Hence, the
value of F may be different for different characters. We
have aimed to normalize the length of the characters to 30.
For this we have resized the images to 30 having greater
length than 30. The samples having length less than 30 are
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Figure 34. Over-segmented character recognition.

partner of the previously recognized symbol, then the two
symbols together will generate the whole character. For
example, the character is a combination of two symbols
given in ﬁgure 34.

9. Results and discussion

Figure 33. LSTM architecture for character recognition.

padded in the right end with additional white (binary value
= 1) pixels.
Hence, the value of F is 30. We have implemented
stacked LSTM architecture in which we have stacked
two LSTM layers on the top of each other. In stacked
LSTMs each LSTM layer outputs a sequence of vectors,
which will be used as an input to a subsequent LSTM
layer. This hierarchy of hidden layers enables more
complex representation of our time-series data, capturing
information at different scales. The ﬁrst LSTM layer
containing 256 nodes returns the full output sequence.
The last one, containing 512 nodes, returns only the last
step in its output sequence, converting the input sequence
to a single vector.
Finally, the dense layer returns the output sequence as
(none, number of classes) here (none, 336). The used
LSTM architecture is shown in ﬁgure 33. The loss function
and optimizer used are categorical cross-entropy and
RMSprop, respectively.

8.3 Heuristics for over-segmentation
The over-segmented character parts have been input into
the recognition classiﬁer as character symbols. We have
designed a look-up table for the characters , , , , , ,
and having a speciﬁc kind of over-segmentation. The two
parts of a single character are kept as partners in the lookup table. Combining both, we get the whole character. In
the recognition phase, when we get one symbol that matches an entry from a look-up table, we will look for the next
symbol. If the next segmented symbol is recognized as the

The proposed approaches for recognition of characters from
a degraded Bengali document have been tested on the test
set of 336 character classes obtained from 130 pages with
different fonts, styles and degradation levels of ISIDDI
database. The ﬁrst simulation is with the CNN architecture
and the second one is with the LSTM architecture. In both
the cases we have used RMSprop optimizer with default
learning rate. In both cases, network training was continued
until there was no improvement in the validation accuracy
when 100 iterations were executed. From the confusion
matrix of both the classiﬁers the top 10 accuracies for each
classiﬁer in character level recognition are given in tables 4
and 5.
We have compared the ground-truth text at word level
with our model’s end-to-end output and the accuracy
obtained is the combined accuracy of the whole system
(ﬁgure 1). According to the structural shape of characters as
well as the OCR technique used, the error can be classiﬁed
into following ﬁve categories: substitution, rejection, run
on, split character and deletion error. The error distribution
based on these modules on word level is given in table 6.

Table 4. Top 10 character level accuracies of CNN classiﬁer and
corresponding accuracies of LSTM classiﬁer obtained from proposed strategies.
Sl. no.
1
2
3
4
5
6
7
8
9
10

Symbol

CNN accuracy
95.29
93.36
93.19
92.49
92.39
92.05
91.29
91.38
91.89
91.36

LSTM accuracy
96.70
93.89
95.20
92.40
92.38
92.90
91.79
91.97
91.99
91.89
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Table 5. Top 10 character level accuracies of LSTM classiﬁer
and corresponding accuracies of CNN classiﬁer obtained from
proposed strategies.
Sl. no.

Symbol

CNN accuracy

1
2
3
4
5
6
7
8
9
10

LSTM accuracy

95.29
93.36
93.19
92.79
92.53
92.48
92.37
91.48
91.44
91.95

96.70
93.89
95.20
92.98
92.76
92.31
92.92
91.27
91.88
91.68

Table 6. Error distribution.
Error type

CNN (%)

LSTM (%)

Word error due to single wrongly
recognized character
Word error of other types (multiple
wrongly recognized characters,
substitution, split character error,
deletion error)
Total word recognition error

4.19

2.36

17.37

15. 67

21. 56

18. 03

We have found that most of the mis-recognized characters
are and or and as they have similar structure and,
may be due to degradation, the little difference in the
structure is removed.
These results clearly show the superiority of the LSTM
architecture over the CNN architecture. By measuring the
accuracy using Mean Edit Distance (Label Error Rate),
for CNN architecture we have achieved 86.05% accuracy
and for LSTM architecture 88.11% accuracy. In [11] the
proposed CNN–BLSTM–CTC model has achieved
79.38% and inception style CNN–BLSTM–CTC model
has achieved 82.58% accuracy on the ISIDDI database.
To check the performance of our system on good quality
document images of Bengali we have applied this
method on a dataset that is available at https://code.goo
gle.com/archive/p/banglaocr/. In [14] the measured character level accuracy on 30 good quality document images
is 93%. We have tested our method on 18 good quality
images available for testing in ‘Image Collection for
testing.zip’ and measured the accuracy on character level.
We have achieved 95.50% accuracy using LSTM and
94.90% accuracy using CNN as classiﬁers. To increase
the overall accuracy of the system, a language model can
be implemented.
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