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Abstract

This paper proposes a new classification method for Farsi handwritten word recognition
using gradient and gradient based features. The extracted feature vectors were classified using
two Multi Layer Perceptron networks as basic experts, and one Radial Basis Function was
applied to choose the best expert. The experiments were performed using the Iranshahr dataset.
This dataset consists of 780 samples of 30 city names of Iran out of which, 600 samples were
used to train the network and 180 samples to test it. A set of experiments were conducted to
compare proposed method with some other combination rules. Results show that the proposed
method achieved 91.11% recognition rate.

Keywords: Farsi handwritten word recognition, Feature extraction, and Classifier fusion.

1. Introduction

Handwritten recognition can be seen as a sub-task of more general Optical Character
Recognition (OCR). Providing simple interface between man and machine is advantage of
handwritten recognition systems. First, recognition of isolated handwritten digits and characters
was investigated [1,2]. Later recognition of whole words [3,4] was addressed. There are many
published works that deal with handwritten recognition of English [5-7], Japanese [8], Chinese
[9] and Arabic scripts [10,11]. Farsi/Arabic handwritten recognition has slowly proceeded due to
the special characteristics of these languages. Three important steps in handwritten recognition
are pre-processing, feature extraction and classification. The aim of preprocessing is to improve
the quality of the images for further processing and analysis task [12]. Handwritten recognition
performance largely depends on the feature extraction approach. For extract features from
word’s image various approaches are proposed. The most commonly used features are: zoning
[13,14], Gradient [15], Projection histogram [16], Wavelet [17], crossing points and contours
[18]. Some of these methods extract high dimension feature vectors. The selection of high
performing and scale invariant feature extraction method is an important but difficult task in
developing Farsi handwritten word recognition (FHWR) systems. In this paper, a novel method
for feature extraction presents. For extracting the features, images should be passed from the
thinning stage that caused reduction of samples thickness into a single pixel [19]. Four of the
3x3 masks are applied to the thinned word images to extract horizontal, vertical, right and left-
diagonal lines. Images store separately correspond to each line. Afterward, decomposed images
should be partitioned to eight sectors around the center of image and the number of black pixels
in each sector calculated and normalized by dividing them upon the total number of black pixels
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in word images for feature vector. This method solves the problem of scale invariance, has a low
feature dimension and high recognition rate.

In recent years, many new classifiers have been proposed and tested on various OCR
databases. Improving recognition performance in difficult classification problems [20,21] is
objective of multiple classifiers combination. There are two main strategies in combining
classifiers: classifier selection and classifier fusion [22]. Classifier selection attempts to choose
the best classifier for a given task. This method assumes that a classifier is an expert on a subset
of the feature space. In classifier fusion assume that all classifiers are trained over the whole
feature space [23-25]. In this paper, a templates based classifier fusion method is proposed to
work out the handwritten word recognition problem. First, for training samples the decision
profile matrix is constructed. Decision templates are composed with averaging observed
decision profiles for each class among training. The higher similarity between decision profiles
of test samples and the decision template for each class is causing the higher support for that
class [26]. The decision templates fusion uses all classifier outputs to calculate the final support
for each class. This method is in sharp contrast to most other fusion methods which use only the
support for that particular class to make their decision. The paper is organized as follows.
Section 2 introduces new feature extraction method. Section 3 describes proposed model for
fusion in details. Simulations and results are discussed in section 4 and conclusions are presented
in Section 5.

2. Correlation Reduction Strategies in Multiple Classifier Systems

The The diagram in Figure 1 illustrates application of diverse classifiers which are used to
build an ensemble system. There are various methods to create diversity between classifiers,
which will be described in the following sections [23].
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Figure 1. Shows different stages in combination method. Structure of combining
methods has four levels. Level A is Data level that uses different data subsets.
Level B is Feature level, in which, different feature sets should be extracted from
the input data. Level C is Classifier level, where the basic classifiers are and
finally Level D is Combination level, where the combiner is set.

Since classifiers are made through a training procedure, to get diverse ones, they should be

trained differently. The training stage can be affected by representation of input patterns, training
samples, learning procedure and supervision strategy. In addition, correlation reduction
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techniques are based on these mentioned items. There are many different strategies to make
diverse classifiers; some of them are explained as follows:

2.1. Different representation of patterns

There are three ways to perform this task:

1. Using different feature sets or rule sets.
This method is useful particularly when more than one source of information is
available [23, 24].

2. Using decimation techniques
Even when only one feature set exists, we can produce different feature sets [25]
which can be used in training different classifiers by removing some parts of the set.

3. Feature set partitioning in a multi-net system

This method can be used when patterns include independent parts. For example,
different parts of an identification form or a different handwritten of words or digits.
In this case, patterns can be divided into sub-patterns each one can be used to train
one of the classifiers. A theoretical property of neural networks is the fact that they
do not need special feature extraction for classification. If the number of feature sets
are too high and are applied to a single network, the curse of dimensionality may
occur. To avoid this problem they should be divided into independent parts and each
one will be applied as the input of a sub-network [26, 27].

2.2 Different Learning Machines

There are some free parameters in any learning machine which should be set during training.
The final set of these parameters depend on the training set, so even for a given structure and an
identical representation of patterns, different training sets could cause different generalizations.
Using identical representation of patterns has the advantage that the decision boundary of
individual classifiers is located in the same axis set (space). Therefore, the effect of each sample
or expert in composite classifier can be investigated. In these circumstances correlation reduction
is based on partitioning the main training set into a few subsets, and using these partitions to
train different experts. If partitions are not overlapped, the classifiers will be more independent,
but in most practical cases due to limited number of training samples, the partitions made by
perturbing the original training set, may have some overlap [28].

2.3 Different Labeling in Learning

As mentioned earlier, to classify an input pattern, it should be assigned to one of the several
possible classes. Based on this fact, in supervised learning various pairs of input- target are used.
[29].

3. Feature Extraction
One of the important stages in domain recognition is feature extraction. The performance of
recognition largely depends on this stage. To extract features from an image of a word, a variety

of approaches are proposed [48]. In this section, two more appropriate feature extraction
methods for Farsi handwritten recognition are described.
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3.1. Gradient

For this type of feature, Sobel filters for grey scale images are used. They are two types of
masks, which are used to distinguish horizontal and vertical edges .The absolute value of the
filtered image is used to derive the feature, as well as the values of horizontal and vertical Sobel
masks. The gradient vector is decomposed into eight Freeman directions, if not consistent with
any of them, the vector will be projected into the nearest two Freeman directions. The image is
divided into 8 sub-images and for each sub-image, by applying the Gaussian mask features are
extracted [1, 30, 31].

3.2. Gradient Based Feature Extraction Method

To extract the gradient based features, images should be binarized and passed through the
thinning stage. This stage causes the thickness of samples be reduced into a single pixel. Thinned
word images decompose into four separate images by applying four masks. These masks
separate the 0, 45, 90 and 135 degree lines from word images and corresponding to each degree,
images store separately. Afterwards, decomposed images should be partitioned to eight sectors
around the center of image and the number of black pixels in each sector should be calculated
and normalized by dividing them upon the total number of black pixels in word images and will
be used as a feature vector [2].

3.3. Principal Component Analysis (PCA)

In some situations, the dimension of the input vector is large, and the components of the
vectors are highly redundant. In this situation it is useful to reduce the dimension of the input
vectors which causes less computational load. An effective procedure for performing this
operation is principal component analysis. PCA allows us to compute a linear transformation that
maps data from a high dimensional space to a lower dimensional space [29, 32].

3.4. Linear Discriminate Analysis (LDA)

LDA features are extracted by projecting original intensity images onto discriminate
vectors. Linear discriminate analysis is a well known method for estimating a linear subspace
with good discriminative properties. The idea is to find a projection of the data where the
variance between the classes is large compared to the variance within the classes [26, 27].

4. Proposed New Combination Method Based on Different Representation
of Data

As mentioned there are so many different ways to extract the futures. The results for some of
the most applicable methods in Farsi handwritten recognition with a Multi Layer Perceptron
(MLP) categorization was calculated in each class that the results have been shown in Figure 2.
According to Figure 2, within the best methods Gradient and Gradient based methods complete
each other, as the classes which were not properly recognized by a feature is suitably identified
by the other one.

By these two features, the inputs for this problem can be divided into two categories with 15
classes. This structure is shown in Figure 3.
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Figure 3. Primary Structure of Proposed Method
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Figure 2: Results of the best feature extraction methods for 30classes of Farsi
handwritten problem. Shown in the following order Histogram, Gradient, Gradient
based, Zoning and discrete cosine transform.
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According to the above figure the problem is splitted intot two categories with different
features. As dimensions of the input are not the same, the features were initially changed by
PCA=30 and then by LDA to reach to a uniform feature dimension. One of the most prominent
characteristics of the latter feature is to make the patterns within the same class close to each
other and apart different classes from each other. Each of these features will be given to an MLP
with an individual structure from the others. As each of these MLPs was involved in re-
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identification of a 15-class problem, the results of each of them will be a fifteen-element vector
which will be transferred to maximum operator together with the results of the other MLP, and
the winner class will be selected. To complete the proposed procedure, a selective Radial Basis
Function (RBF) network was allocated to help the decision making. This network solves the task
as a two-class problem. In such a way that includes two neurons in the output layer, each one
refers to one of the basic experts. The greatest value of these two shows the more effective MLP.
This MLP is being weighed by the value of the corresponding neuron. Later on, the results of the
chosen MLP will be sent to the maximum operator and the winner class is selected. The
proposed structure is shown in Figure 4.
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Figure 4. Final Structure of Proposed Method
5. Experimental Results

The proposed combining method which is introduced in this research was tested on a dataset
of names of the cities of Iran (Iranshahr dataset). The Iranshahr dataset consists of 780 samples
out of 30 names of the cities. For each name 26 samples are available which were written by 26
different persons. In this paper 20 samples had been selected for training and 6 for test, so
training set consists of 600 samples and test set is made up of 180 samples. All of the samples are
scanned at 96 dpi resolution in gray scale format. Some sample images are shown in Figure 5.
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Figure 5.Some Sample Images.

As described in the previous section, the MLP is used as the base classifier with one hidden
layer that it is trained using the back—propagation algorithm minimizing the squared error
criterion.
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Each MLP is being trained by different learning sets, one of them being trained by the result
of Gradient feature and the other by Gradient based feature. Since these two feature sets have
different dimensions, PCA algorithm had to be taken before they could be used as a base
classifier input. Results of different PCAs are shown in Tablel.

Tablel. Different PCAs Calculated for Equalizing the Dimensions of Features and
Choosing the Best PCA

-
10 20 30 verage Rank
Accuracy
Gradient 5141 632 645 59.7 2
Proposed 67.52 74.74 75.73 72.66 1
method
Rank 3 2 1

As the above table shows, PCA=30 is the best one. At the next step the MLPs of two base
experts had 30 input nodes due to dimension of feature vector, and 15 output nodes
corresponding to 15 classes. The selector section has 60 input nods and 2 output nods.

The MLP has different learning parameters, such as; number of epochs, learning rate and
number of neurons in hidden layer. The required number of epochs to reach the highest
recognition rate was estimated by four-fold cross validation on the training set. Figure 6 shows
the diagram of selected epochs and in Table 2 the best topologies for base classifiers are shown.
Note that experiment has been repeated 10 times and the best structure for basic experts have
been chosen.
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Figure 6. Diagram of Selected Epochs
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Table 2- Shows the best topologies for base classifiers to have the highest
recognition rate. Note that experiment has been repeated 10 times to get the
recognition rates.

Structure Performance

First Expert 30:40:15 74.05
Eta:0.1
Epoch: 400

Second Expert 30:40:15 76.27
Eta:0.1
Epoch: 400

To find the best structure for proposed method, different structures were examined and the
best form was chosen.

Table 3. Different Structures and the Associated Results for the Proposed

Procedure.
Structure Expertl Expert2 Selector Performance

MLP MLP MLP }

1 _ 80.5
913 9317 82.34

. KNN KNN KNN 5 25

} 76.12 76.12 87 T
EBF EBF EBF

3 88.61
87.65 85 937
MLP MLP EBF

4 91.11
8345 85 86.6

According to the above table, three structures were tried out for basic and selector experts,
Multi Layer Perceptron, Radial Basis Function and K-Nearest Neighbor are assessed. According
to the results, the MLPs as basic expert and RBF as selector had higher percentage which
resulted in a recognition rate of 91.11 percent.

To show the robustness of the proposed method, the result was compared with some other
combining methods. Each of these methods applies four basic experts. The results of recognition
domain for different methods on Iranshahr dataset are shown in Table 4.

Table 4. The Results of Recognition Domain for Different Methods on Iranshahr

Dataset
Fusion . ) ) N Weighted Genetic Stack
methods Min  Max  Product Sum  Averaging Averaging Algorithm Generalization
Gradient 75.78 7522 81.1 6833 80.34 83.22 87.78 87.%
G‘::;:“‘ 8254 8522 885 8738 8822 88.77 88.97 89.12
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After comparing the best performances in both Tables 3 and 4 robustness, of the proposed
method became obvious. Proposed method has %1.99% improvement in recognition rate.

6. Conclusion

This paper presented a new combination method for Farsi handwritten word recognition.
The proposed method consists of two stages, the first stage applies two basic experts and the
second one includes only one selector. For the basic experts, Multi Layer Perceptron (MLP) and
for the selector, Radial Basis Function (RBF) was used. In order to evaluate the proposed
method, the result was compared with some other combining methods. The experiments were
conducted on Iranshahr dataset and the proposed algorithm was validated with 91.11% of
recognition rate.
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