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Abstract: In this study, a method for holistic recognition of handwritten Farsi words is proposed, which fuses the outputs of
right-to-left (RtL) and left-to-right (LtR) hidden Markov models (HMMs). The experimental results on 16,000 images of 200
names of Iranian cities, from the ‘Iranshahr 3’ are presented and compared with those methods using only RtL or LtR models.
Experimental results show that the main sources of error are similar beginnings or similar endings of the words. Since RtL and
LtR models when dealing with the words behave differently, there is notable error diversity between the two classifiers in such a
way that their combination increases the recognition rate. Compared to the RtL-HMM, the product of output scores of the RtL
and LtR-HMMs reduces the classification error to about 6, 6 and 3%, for three different feature sets. A subjective error analysis
on the results is also provided.

1

Introduction

This offline handwriting recognition has numerous applications
such as postal documents automation [1], bank cheque processing
[2], notes recognition [3], and production of digital libraries of
historical documents [4, 5]. In general, there are three approaches
to word recognition: segmentation-based [6], holistic [7], and
hybrid [8]. In the following, some works on the recognition of
handwritten Farsi/Arabic words are reviewed. These works are
summarised in Table 1.
Hidden Markov model (HMM) has been extensively used in the
recognition of speech and online handwriting. It has also been used
for offline word recognition. In this method, the features are often
extracted from a sequence of sliding windows. In [20], a system
has been proposed for recognising 198 city names in postal
addresses based on vector quantisation by the self-organising
feature map. The authors in another paper have proposed a similar
method, this time by fuzzy vector quantisation, utilising fuzzy cmeans [21]. The dataset in both the works contains 17,000 images
of 198 city names. They have obtained the recognition rates of 65
and 67.2%, respectively, for their first and second methods. In [22],
a method for handwritten Arabic texts has been proposed. In this
method, only one HMM with structural features of the words is
trained, containing alphabet character models. The advantage of
this method is that the pre-segmentation of the word into its
characters is not required. The word recognition rate in this method
with spell checker is 87%. However, this rate is reduced with an
increase in the number of writers and handwriting varieties.
In the past decade, in the field of machine learning and pattern
recognition, a group of methods is emerging based on deep
learning. Among these methods, the convolutional NN (CNN) and
(bidirectional) long-short term memory (BLSTM) are more taken
into consideration. For example, the BLSTM network is used for
handwritten text recognition [14, 16] and diacritisation of Arabic
text [26] and the CNN as an unsupervised feature extractor and
recogniser is used for multi-script character recognition [17],
online and offline handwritten character recognition [18, 19], deep
feature extraction for classification of the charts in documents [27],
and image classification and retrieval [28].
Recently, a modified version of LSTM-based methods, known
as multi-dimensional BLSTM (MD-BLSTM) is used in researches
[24, 25]. In the two-dimensional version of this network, there are
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four layers: one starting in the top left and scanning down and right
and one starting in the bottom left and scanning up and right [23].
Although the deep network has attractive properties, to get a
good result through using these models, a large training dataset is
necessary and their training time is long [29].
Analysing and tracking the errors reported in [30] show that
more than half of the errors made by the HMM is due to the
similarity in the beginning and/or ending of the words. Another
reason is that the word images are applied to the models from right
to left (RtL), as Farsi is written, and the first observations are more
important in the process of recognition. In this paper, we propose a
new method to fuse the outputs of two unidirectional HMMs [RtL
and left-to-right (LtR)] to improve the recognition process.
It should be noted that this method can be applied not only to
the HMM classifier but also to any classifier working on sequential
observations such as LSTM. Another point is that our method uses
two separate conventional RtL and LtR models, designed and
trained individually. This is different from using the so-called
bidirectional HMM [31–34].
In Table 1, those methods using BLSTM have relatively better
performance. Owing to a large number of parameters required to
find through the training, these methods are appropriate when
sufficient training data is available. In bidirectional networks such
as BLSTM and MD-BLSTM, though the text is viewed from both
sides, due to the interconnection of the hidden layers to the output
layer, the final output is achieved with the summation of the
outputs of the hidden layers with different directions and an
activation function [23]. In this case, the user cannot apply any
heuristic knowledge to the decision process. In the method
proposed in this paper, two models: RtL and LtR are trained
separately. In this way, less training data is required. Also, in the
recognition step, the outputs of these two models can be combined
using available heuristic knowledge.
1.1 Decision fusion for handwriting recognition
Two major requirements should be satisfied for an effective fusion
of the classifiers. The first one is a mathematical framework for
combining base classifiers to use their strengths and avoid their
weaknesses. The second one is to use the base classifiers with good
performance which are relatively diverse from each other [35].
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Handwriting recognition using ensemble classifier has begun in
the 90s. In [36], for handwritten digit recognition, the fusion
methods of voting, Bayes, and Dempster–Shafer yielded significant
improvement with respect to single classifiers.
In [37], the efficacy of ensemble methods such as bagging,
boosting, half and half bagging, random subspace, and base
classifiers with different architectures were shown. In the
experiments using the IAM dataset [15], the best combination
method, voting with weights founded by the genetic algorithm,
improved the recognition rate from 66.23 to 68.95%.
In [38], assuming a large enough dataset, the method of
behaviour knowledge space for handwritten digit recognition was
used and its potential compared with some other methods such as
the voting, Bayes, and Dempster–Shafer was shown.
In [39], to combine the HMM-based classifiers, the Dempster–
Shafer method was used. In the experiments on the IFN/ENIT [40]
and RIMES [41] datasets, the superiority of this method compared
with the sum, product, and Borda count was demonstrated. In [42],
this combination method has been used to introduce a new reliable
rejection strategy for handwritten word recognition.
In [43], the outputs of the three HMMs have been combined by
a heuristic method using voting, summation, and maximum rules to
solve the problem of skewing of characters in the handwritten
Arabic words. The results on IFN/ENIT dataset showed that
combining the classifiers observing the image from different
orientations significantly increases the recognition rate.
In [44], three different NN-based methods for classification of
handwritten words were used. A new modified Borda count
method was used. In the experiments on the CEDAR dataset [45],
the superiority of this method compared with other Borda-countbased methods and some other combination methods were shown.
In [46], the features extracted from different portions of the
input image were applied to the singular value decomposition
(SVD) base classifiers. This causes the classifiers to be diversified.

The classifiers were combined through an improved particle swarm
optimisation.
In [47], a combination of HMMs, maximum margin HMMs,
and BLSTM was investigated. Combination methods include
averaging, maximum, Borda count, and weighted and unweighted
voting. In the experiments on part of the IAM dataset, a
combination of three classifiers improves significantly the
classification accuracy with respect to the best single classifier.
In [48], a bipartite recognition system for Roman characters
were presented. In this system, the diversity was created through
two different feature extraction methods based on the edge
mapping and projection. Finally, two outputs of the radial basis
function (RBF) base classifiers were combined through the
averaging and a heuristic method. In an experiment on 2480
samples of hand printed digits and upper and lower case letters
written by eight different people, a recognition rate of 97.42% was
achieved.
In [24], the role of context for improving the recognition
performance in the character labelling section of the MD-BLSTM
is examined and several approaches are suggested. These
suggestions are based on the combination of context-dependent and
context-independent approaches. Then, according to the
complementary function of these methods, they are merged to
increase the recognition rate.
In [25], the handcrafted features presented in the literature have
been evaluated for the recognition of handwritten words. On the
basis of the diversity in the performance of handcrafted and trained
features, an integrated approach is proposed. Two classifiers are
fused at the decision level to get a better result.
In [49], improved edge mapping and multiple zoning were
proposed for handwritten Roman characters. The experimental
results indicated that these feature sets were complementary. Thus,
in order to gain higher recognition rate, a combination of two
classifiers, separately trained using each feature set, was suggested.

Table 1 Some previous works on the recognition of handwritten Farsi/Arabic words/subwords
Ref.
Application
Method
Data
Number of
classes
[9]
[10]

city names
city names

heuristic
negative correlation learning,
gradient features

[12]

city names

[13]

lexicon reduction, Arabic
subwords

[14]
[16]

words, roman
online and offline words,
roman
multi-script characters
characters, Hangul

[17]
[18]

[19] online characters, Chinese
[20]
[21]

city names
city names

[22]

texts, Arabic, one writer

[23]

city names

[24]
[25]

Accuracy, %

Year

100
31

78.8
96.10

1999
2014

200

73.61

2008

lexicon reduction, black–white
transition
prominent shape regions

1000 images of 100 city names
775 images of 31 province
centres from ‘Iranshahr’ dataset
[11]
17,000 images from 200 city
names
Ibn Sina database

1260

BLSTM, geometrical features
BLSTM, geometrical features

IAM database [15]
IAM database [15]

N/A
N/A

CNN, support vector machine
deep CNN

Bangla basic character database
SERI95a
PE92
CASIA-OLHWDB1.0
CASIA-OLHWDB1.1
17,000 images of 198 city names
17,000 images of 198 city names

50
520
350
3740
3755
198
198

95.6
95.96

2015
2015

97.20
96.87
65
67.2

2015
2001
2001

image of an Arabic manuscript

N/A

87

2003

200

73.59

2015

N/A

96.4

2017

N/A and 946

95.2 and 96

2017

CNN, domain-specific
knowledge
HMM, chain code
discrete HMM, fuzzy vector
quantisation
HMM, structural features, spell
checking
HMM, gradient-based features

16,000 images of 200 city names
from ‘Iranshahr 3’
offline words, Roman
explicit use of the context at the
RIMES
label level
offline words, Arabic and
fusion of two classifiers with
IFN/ENIT and RIMES
roman
handcrafted and learned
features

degree of reduction 2016
98.15% with an
accuracy of 90.15%
75.01
2015
79.7, for offline 2009

N/A: not applicable, not an explicit number of classes.
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Table 2 Number of different types of errors committed by RtL- and LtR-HMMs and the proposed method (product rule)
Method
Similar endings
Similar beginnings
Similar
Presence of ‘ ’کOthers Total
or ‘’گ
error
Beginning
Similarity Others Total Ending Others Total beginning and
ending
with ‘’آ
between ‘’آ
with ‘’ان
and ‘’ک
RtL-HMM
LtR-HMM
RtL–LtR–DF

389
415
361

62
79
55

1994 2445
2072 2566
1678 2094

227
239
198

In an experiment on the C-CUBE dataset, a recognition rate of over
89% was achieved.
As far as we know from the literature, the observation sequence
of each input pattern is applied to the HMM only in one direction.
This causes misrecognition between those patterns having similar
beginning parts or endings. This is the case for our application of
handwritten word recognition having small- to medium-sized
vocabulary. Here, we propose a method which exploits two
separate HMMs observing the input sequence in opposite
directions. We combine the outputs of these two HMMs to increase
the recognition rate.
Although the bidirectional methods such as BLSTM model the
observations from both directions, the final output is made through
a single decision, and the user cannot influence the final decision.
Our suggestion is to use two separately learned unidirectional
models and to fuse their decisions.
The rest of this paper is as follows: in Section 2, the RtL and
LtR methods are explained and compared. Considering the
diversity of the results obtained from these two methods, the
proposed fusion methods are presented. In Section 3, we report the
experimental results of our methods to recognise 200 city names
from the ‘Iranshahr 3’ dataset. Then, our results are compared with
other methods that are based on HMM and deep learning. In
Section 4, a discussion on the error types is given. Finally, this
paper concludes in Section 5.

2

Proposed word recognition method

2.1 Comparing RtL- and LtR-HMMs
In offline handwriting recognition for the LtR scripts, LtR-HMMs,
are used where each word image is traversed from the LtR. In
scripts written from RtL such as Farsi and Arabic, RtL-HMMs are
used [20]. In this case, each word image is traversed from RtL.
We built our HMMs as proposed in [12, 20]. Our experiments
on Farsi words showed that the RtL-HMMs slightly outperform the
LtR ones.
It should be noted that, while observing from the right-hand
side, the words with similar beginnings to the input word, take the
top positions in the RtL-HMM list of potential candidates. The
winner gradual takes the first top position as the ending parts of the
words are observed. This is the same for the words with similar
endings while observing from the left. As Farsi is written from
RtL, the reason behind the slight superiority of the RtL model to
the LtR one is mainly due to the fact that at the beginning of a
word, the letters are more carefully written compared with the
ending parts.
Experimental results on the recognition of handwritten names
of Iranian cities showed that the main sources of error are similar
beginnings or similar endings of the words [30]. Our experiments
show that, if the Farsi words are modelled with LtR-HMMs, as
compared with RtL-HMMs, the recognition error slightly
increases; however, the errors caused by the same ending of the
words decrease (Table 2).
Some experiments were performed to investigate the effect of
the observation direction of the HMM in the word recognition. In
these experiments, two groups of RtL and LtR models were used.
Feature extractions for both groups were identical. The
experiments showed that the observation direction in the
handwritten word recognition using HMM can be effective due to
the following aspects:
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947
919
754

1174
1158
952

915
917
757

305
333
257

268
313
195

3024
3172
2522

(a) The beginning of a word is usually written more carefully;
however, when it comes to the end, it is not well written, especially
when its end could be easily guessed. Three examples of this group
are shown in Fig. 1a. The experimental results showed the
superiority of the RtL-HMM over LtR one for these words since
the first observations applied for training the models are more
important. When the words in this category are applied to the RtLHMMs, the likelihood of the models with a similar beginning will
increase. In Fig. 1a, three best classes found by RtL models have
similar beginnings.
(b) Among Iranian city names, there are many words with similar
beginnings. Applying these words to the RtL-HMMs led to more
accurate results. In these words, early observations are similar to
the first part of a certain number of words in the lexicon. So, these
words take the top positions in the RtL-HMM list of potential
candidates. The best class is selected based on different ending
parts of these candidates. The results are shown in Fig. 1b
supporting this argument.
(c) In our application, the ending parts of many words in the
lexicon are almost the same. Many words in this group have letters
‘ ’انin their ending parts. The same is for the words ending by ‘’شهر
or ‘’آبـــــــــاد. So, the LtR model yields better results for these words
(Fig. 1c).
Since RtL and LtR models when dealing with various words,
behave differently, it seems that their combination can reduce the
recognition error.
2.2 RtL and LtR decision fusion (DF), RtL–LtR–DF
In this method, each word is modelled by both RtL- and LtRHMMs. In this way, each word in the feature space is traversed
from RtL, and a sequence of RtL observations is taken. Then, the
same feature sequence is traversed this time from LtR to form LtR
observations. These two sequences are applied to RtL- and LtRHMMs.
In the application of this work, each model gives a score for
each class out of 200. So, the output of each model is a vector of
200 elements. The two vectors are fused and a new 200-element
vector is created. For example, in the product rule, the
corresponding elements are multiplied. Several fusion methods
have been proposed, some of which are used in handwriting
recognition. Some of these fusion methods have been reviewed in
Section 1.1. Those fusion methods used in this paper are described
in [35].
Fig. 2 shows this method graphically. This figure shows that it
is possible for a word not to be recognised either with the LtR
model or with the RtL one, while it is correctly recognised after
fusion of their outputs.
The scores given by RtL and LtR models are of probability
nature and assuming their independency, we can say that the
product of these two probabilities gives the probability of the input
belonging to a class. This may be the reason that, in our
experiments, the product rule, in spite of its simplicity, yielded the
acceptable result. Fig. 3 shows the product rule using two
classifiers for three classes.
Fusing two different base classifiers usually leads to an
enhanced recognition rate [35]. It integrates the complementary
properties of different base classifiers and decreases the error due
to the diversity between their outputs. In this paper, we examined
the following methods, product rule [35], decision template [35],
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In this section, after introducing the dataset, our experimental
results are reported. Then, these results are compared with those
works using only RtL-HMMs.
3.1 Dataset
To implement the proposed method, we used the images of 200 out
of 502 city names in the ‘Iranshahr’ dataset [11]. Among the city
names having more than 30 samples, 200 cities were randomly
selected. Since the number of images in each class was slightly
more than 30, a new set of images, termed ‘Iranshahr 2’, was
collected. This dataset contains 14,800 images, in which 50
different persons have written 296 city names. The writers were
selected from different groups of students between the ages of 16
and 31 years. The writers did not have to adhere to certain
constraints in writing the words. These images were scanned at
300 dpi and saved in the bitmap format.
For 200 city names, we took 80 samples from both datasets and
formed a new dataset, called ‘Iranshahr 3’. This dataset of 16,000
samples is used in all experiments reported in this paper. For
details of the dataset preparation and description see [51]. Our
dataset is available for the researchers with a request via e-mail.
Using the k-fold cross-validation, the dataset was divided into 5
parts, each having 16 images from each class. In each experiment,
64 images of each class were used for the training and 16 images
for the test.
3.2 Preprocessing and feature extraction

Fig. 1 Three input words and their top three classes
(a) Three input words written with distorted ending parts,
(b) Output words of the RtL models have the same beginning part as the input word,
(c) Output words of the LtR models have the same ending part as the input word

Dempster–Shapher [39], Borda count [36], behaviour knowledge
space [38], and multilayer perceptron [50].

3
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After noise removal, the stroke width was uniformed using an
appropriate method. For this purpose, the stroke width was
estimated through a method raised in [52]. In this method, the
image is scanned column by column and the most frequent sizes of
the black-pixel runs in these columns are adopted as the stroke
width. Then, in each column of the image, the black-pixel runs
with sizes less than the stroke width are extended up to the stroke
width. Then, a morphological closing operation with a 3 × 3 disc as
the structure element was applied on the word image. These steps
are illustrated in Fig. 4.
After preprocessing, three feature sets are extracted based on
the black–white transition, gradient, and contour chain code. In the
first feature extraction method, each word image is traversed
column by column. For each column, a feature vector of ten (five
in each direction) black–white transition features are produced
[53]. If there are <5 transitions in a certain direction, the
corresponding elements of the feature vector are set to zero. By
putting together these feature vectors from RtL, a sequence of
feature vectors is obtained. In the second and third methods, a
sliding vertical frame with a width of twice the stroke width and
50% overlap is traversed over the word image. For the contour
feature extraction, following the method in [20], each frame of the
image is divided into five zones. Then, from each zone, four
features, based on the chain code of the image contour, are
extracted. For the gradient feature extraction, the gradient vector
for each pixel of the input binary image is taken. By decomposing
these vectors into the two nearest directions out of eight, eight
planes are formed. By framing each plane and Gaussian smoothing,
eight sequences of feature vectors are created. By concatenating
these vectors, the final feature vector is generated.
So, we extract from an input word, three sequences of feature
vectors with the vector lengths of 10, 20, and 56. About 10 (5 × 2)
black–white transition features, 10 (4 × 5) contour features, and 56
(7 × 8) gradient features. For details of these methods, see [12, 30,
51], respectively.
3.3 HMM training
In the training phase of HMM classifiers, for each class, one model
was trained. The number of states for each class was taken in
proportion to the average number of feature vectors of the words
belonging to that class. Every state can transfer to itself or two next
states. The HMMs’ parameters were set as recommended by [20].

Experimental results
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Fig. 2 Graphical view of the RtL–LtR–DF

Fig. 3 Graphical view of the product rule for combining the outputs of two classifiers with three classes

Fig. 4 Graphical view of the preprocessing steps

3.4 Results

Fig. 5 Error percentage for RtL- and LtR-HMMs is shown on the nonoverlapped parts of the corresponding circles. The percentage shown on the
intersection of two circles shows the common errors committed by the RtLand LtR-HMMs. Graphical view of the preprocessing steps

Table 3 Recognition rates of the RtL- and LtR-HMMs and
the fusion methods with three feature sets
Feature set
Contour Gradient
Black–
chain
[51]
white
code [20]
transition
[12]
RtL-HMM
LtR-HMM
RtL–LtR–
DF

product [35]
Dempster–Shafer
[39]
decision template
[35]
Borda count [36]
behaviour
knowledge space
(BKS) [38]
multilayer
perceptron [50]

68.64
(3.56)
68.49
(3.3)
75.16
(3.36)
74.97
(3.42)
72.08
(3.25)
73.93
(3.35)
72.92
(3.42)

73.83
(2.73)
72.33
(3.32)
80.23
(2.71)
80
(2.77)
76.69
(8.25)
78.51
(2.81)
76.83
(2.31)

81.10
(7.02)
80.18
(8.67)
84.24
(8.03)
84.25
(8.1)
83.6
(8.18)
82.76
(8.2)
83.13
(7.41)

76.22
(3.14)

80.72
(2.29)

84.43
(8.31)
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Experiments showed that RtL-HMM and LtR-HMM are
complementary to some extent and compensate each other's errors.
In Fig. 5, the error rates using each method and black–white
transition features are shown, where two circles overlap to show
the percentage of city names both methods failed to recognise.
Table 3 shows the recognition rate of RtL- and LtR-HMMs and
fusion methods.
The RtL-HMM was expected to be more accurate than the LtRHMM for Farsi handwriting recognition because the ending of the
words is less carefully written. Although, in Table 3, for all three
feature sets this superiority is not significant, Fig. 5 shows that
their errors are divers. Table 3 shows that the proposed fusion
methods, RtL–LtR–DF, have increased the recognition rate for all
three feature sets, indicating the efficiency of them. This table
shows that among the feature sets used in this paper, the black–
white transition features [12] have yielded the highest recognition
rate of 84.43%.
A fairly high standard deviation is mainly due to the fact that
the test and training sets are from two different datasets: ‘Iranshahr
1’ and ‘Iranshahr 2’ (see Section 3.1). Furthermore, the statistical ttest [54] based on the error rate was used and we found that the
recognition rate of the proposed method was significantly higher
than the RtL- and LtR-HMMs at the 99.5% confidence level.
3.5 Comparison of the proposed method with other methods
In this section, we compare our method with some other HMMbased methods for the recognition of about 200 handwritten Iranian
city names. The results are shown in Table 4.
The most important reason for the high difference between the
recognition rate of the RtL-HMM using the black–white transition
features [12] and the method of [20, 21], the first and second rows
of Table 4, is the strength of the black–white transition feature set
compared with the contour-based features. The black–white
transition features have also been used in [12], but the recognition
rate has dropped about 10% compared with the RtL-HMM method.
It is due to the dot-based lexicon reduction performed before the
main recogniser and different methods of evaluation.
929

Table 4 Comparison of our method, RtL–LtR–DF, with other HMM-based methods for Farsi handwriting recognition
Recognition method
Lexicon size Test method
Recognition rate, %
Top 1 Top 2 Top 5
contour chain code + HMM [20]
contour chain code + fuzzy code book + HMM [21]
lexicon reduction using dots + black–white transition features + HMM [12]
gradient-based features + HMM [30]
black–white transition features + HMM + RtL–LtR–DF

198
198
200
200
200

Table 5 Performance of the LSTM-based method on the ‘Iranshahr 3’ dataset
Method

60% training, 40% test
60% training, 40% test
60% training, 40% test
five-fold cross-validation
five-fold cross-validation

65.05
66.25
71.79
73.59
84.43

76.09
76.74
82.57
83.46
92.52

86.08
87.53
90.56
91.28
97.93

Recognition rate, %

LSTM [16]
BLSTM [16]
MD-BLSTM [23]
CNN + BLSTM [16, 18]

81.92
84.19
86.9
84.38

Fig. 6 Four word samples only recognised with the fusion of the RtL- and LtR-HMMs

We compare our results with deep learning algorithms,
especially the MD-BLSTM. These methods were tested on the
‘Iranshahr 3’ dataset and their results are shown in Table 5.
In the LSTM network, the first row of Table 5, after the
preprocessing, nine geometrical features were extracted from each
column of the input word image, according to Graves et al. [16].
The resulting feature vector sequences were applied to the LSTM
network with a connectionist temporal classification (CTC) output
layer. Finally, a probability distribution of the word characters was
obtained. The most likely word in the lexicon was identified
through the bi-gram language model. Each hidden layer contained
100 LSTM memory blocks [16]. Each memory block had a
memory cell, one input gate, one output gate, one forget gate, and
three peephole connections. The activation functions of the input
and output of the blocks and the gates were, respectively,
hyperbolic tangent and logistic sigmoid [16]. The input layer and
the CTC output layer had 9 and 120 nodes, respectively. The input,
hidden, and output layers are fully connected. The initial weights
were assigned with a Gaussian distribution with a mean of zero and
a standard deviation of 0.1. Networks were trained using the online
gradient descent method with a learning rate of 0.0001 and
momentum 0.9 [16].
The MD-LSTM architecture is used in accordance with [23]
and was trained with same learning parameters of the BLSTM. The
grey-level word images were applied to the network without any
preprocessing. For further details, please see [23].
In the last row of Table 5, the fusion of CNN and BLSTM can
be observed. According to Kim and Xie [18], words are applied to
the CNN without separate feature extraction. The network extracts
the trained features from the input image and classifies them in the
last layer. The structure of CNN recogniser was set as described in
[18]. The recogniser had 200 output nodes that gave one score per
word in the lexicon. These outputs were fused with the scores
derived from the BLSTM method through the product rule. The
highest final score identifies the word label.
Although the superiority of LSTM-based methods has proven
with respect to the HMM-based methods, a remarkable advantage
is not seen in Table 5. This is due to the high number of parameters
of deep learning-based methods such as LSTM. So, if the number
of available training samples is low, these methods do not present
their optimal performance.
It should be noted that the MD-BLSTM and BLSTM methods
perform more accurate than conventional LSTM. In a separate
930

paper, we can compare the performance of the decision fusion of
the unidirectional LSTM methods with different directions with
BLSTM and MD-BLSTM. It seems that with decision fusion of
two separate unidirectional model of a recurrent network, in
opposite directions, we can apply a priori knowledge to fuse the
outputs of base classifiers.

4

Error analysis

In this section, an error analysis on the results of the proposed
method using the black–white transition features [12] is provided.
The methods of RtL-HMM and LtR-HMM are almost
complementary and cover each other's errors (Fig. 6). There were
some samples which initially failed to be correctly classified by
two methods but were properly recognised after the decision
fusion. This is one of the benefits of the fusion method. Examples
of these words are shown as follows.
In the following, the errors of the proposed method are
described in six types:
Type 1: In this type, the input word is misrecognised with the
one having a similar beginning part. This similarity varies from
very high to almost low. Owing to the nature of the recognition
process in the HMM-based classification, early observations are
very important. About 81% of the errors are of this type (Fig. 7).
A significant common beginning part of this type is the letter ‘’آ
such as ‘ ’آبـــادانand ‘َ ’آران و بیــــدگلin Fig. 7. This counts for around
13.5% of the total errors.
In the 8.5% of the errors, the words beginning with ‘ ’آhave
been misrecognised with the words beginning with ‘ ’کor ‘’گ
(Fig. 7).
Type 2: Around 43% of the errors are caused by similar ending
parts of the words. In this type, the words ending with ‘ ’انare
26.5%.
Type 3: In this type, there is a similarity between both beginning
and ending parts of the words. Sometimes, the similarity is so great
that the words are different only in a small component in their
middle parts. These errors count for almost 34% of the total errors
(Fig. 7).
Type 4: In this type, the errors occur due to the very similar way
of writing the letters such as ‘ ’کand ‘’گ. About 10% of the total
errors fall in this type (Fig. 7).
Type 5: There are a set of words with very short observation
sequence. These words do not provide enough information for
IET Comput. Vis., 2018, Vol. 12 Iss. 6, pp. 925-932
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As shown in Table 2, the RtL-HMM commits fewer errors than
the LtR-HMM in recognising the words with similar beginnings.
The same is true for the LtR-HMM and the words with similar
endings. However, the superiority of the LtR-HMM over RtLHMM for the words with similar endings is not much notable, due
to the careless writing of the ending part of the words. Therefore,
by combining the LtR- and RtL-HMMs, the error rate is reduced
considerably.

5

Fig. 7 Different types of errors committed by the proposed method

proper training of Markov models. Hence, the likelihood
calculation in HMM does not sufficiently distinguish between the
short and long words. This problem causes around 10% of the total
errors (Fig. 7).
Type 6: We cannot clearly comment on the causes of about
8.5% of the errors (Fig. 7). The following reasons may be taken
into account:
•
•
•
•
•

Careless or unusual writing.
Lengthening or shortening the words.
Different distribution of the points and marks.
Error in word framing.
Insufficient attention to the word structure in the feature
extraction.
• Different modes of writing double- and triple-points.
• Different style of writing ‘ ’نat the end of the words, especially
after ‘’ا.
• Noisy and misspelled words (<1% of the total errors).

Names A method for reducing the recognition errors caused by
similar beginnings and/or endings of handwritten Farsi words
were/was proposed. This is likely to occur in small- to mediumsized vocabularies such as city names and literal amounts of bank
checks. We used 16,000 images of 200 names of Iranian cities,
from the ‘Iranshahr 3’ for experiments. The words were modelled
by HMM, once from RtL, and once from LtR. The experimental
results showed the superiority of the RtL-HMM over LtR one for
the words written with distorted ending parts and that one with
similar beginnings. The LtR model yields better results for the
words with similar ending parts. In the proposed method, the
results of both models were fused. The experimental results, using
three feature sets based on a black–white transition, gradient, and
chain code of the image contour, showed that the proposed fusion
methods yielded a better result compared with other HMM-based
methods in the literature.
The proposed method can be implemented on other scripts.
There is even the ability to use this method in other similar
applications such as speech recognition with a limited dictionary.
For future work, it is suggested to compare the decision fusion of
two separate unidirectional model of a recurrent network, in
opposite directions, with corresponding single but bidirectional
model.
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