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Abstract

Avrabic handwriting recognition is currently experiencing a massive rise in terms of
analysis research. It is clear in the lecture review that researchers concentrate on
Avrabic handwriting recognition. A major increase has been reported in feature
extraction and classification techniques compared to before. Offline Arabic
handwriting recognition is an exceptionally significant research topic due to the
cursive nature of written Arabic words and writing styles which makes the problem
of recognizing Arabic words hard and challenging. In this paper, we investigate
three feature extractors techniques Chebyshev Moments (CM), Statistical and
Contour based Feature (SCF) and Zernike moment (ZER) for offline Arabic
handwritten word recognition. We have considered a number of classes with
different shapes of an image. These features have been trained separately with three
classifiers namely, Extreme Learning Machine (ELM), Support Vector Machine
(SVM) and Reduced Kernel Extreme Learning Machine (RKELM). The
experiments were evaluated on IFN/ENIT database, experimental results show that
shape of feature has a major impact on training classifiers.

Keywords: Extreme learning machine (ELM), Feature extraction, Reduced kernel
extreme learning machine (RKELM), Support vector machine (SVM),
Word recognition.
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1.Introduction

A handwriting recognition system can be either online or offline. The offline
handwriting system is based on optical character recognition (OCR) and is usually
applied on scanned documents. On the other hand, online handwriting pressure is
applied on digital instruments and sequence of points traced out by the pen. Offline
handwriting recognition involves the automatic conversion of text in an image into
letter codes which are usable within computer and text processing applications, and
it is generally observed to be harder than online handwriting recognition. In the
online case, features can be extracted from both the pen trajectory and the resulting
image, whereas in the offline case only the image is available [1].

Arabic handwriting recognition is a highly important research topic due to
different challenges. The cursive nature of writing the Arabic word, the
connectivity between the Arabic letters, the huge number of Arabic words over 12
million, the different styles of writing, and the variation of various factors which
makes the problem of recognition of Arabic words hard and challenging.
Insignificant amount of research has been carried out in the field of Arabic
handwritten recognition compared to Latin. Due to the complexity of Arabic text
and limited Arabic databases recognition of Arabic text is at an earlier stage
compared to the methods for recognition of Latin, Chinese, and Japanese text.
Much work remains to be done in the field [2].

The modus operandi for handwriting recognition can be separated into two
distinct techniques. While one technique uses segmentation algorithms for the
identification of characters, the other is devoid of any segmentation process, and
considers the whole word a compilation of characters [3]. The emphasis of this
study is on the latter technique.

2. Research Aim

This work present multi feature extractors (CM) and (ZER) were brought into play
to gauge the effect of different moments and number of orders on the recognition
process. Subsequent to the utilization features of (SCF), Three classifiers trained
individually with each one of feature extractors. The level of efficiency, under a
variety of circumstances. We have taken under consideration the shape of image,
number of windows and variation of classes. Scenarios were evaluated on an
IFN/ENIT database. A comparative study, involving several established Arabic
handwritten word recognition techniques, was conducted to assess the performance
of our comparative analysis.

3.Background
This section starts with a brief review of Arabic handwriting recognition, then
illustrates recent studies of feature extractors and classifiers that are related.

3.1. Arabic handwriting recognition

Arabic is spoken by approximately 422 million native and non-native speakers [4].
While spoken Arabic varies across regions, written Arabic has a standardized
version for official communication across the Arab world. This written Arabic is
sometimes called “Modern Standard Arabic” (MSA). Furthermore, the Arabic
script has been adopted for use in a wide variety of languages besides Arabic. These
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languages include some non-Semitic languages like Persian, Kurdish, Malay, and
Urdu. Thus, the ability to automate the interpretation of written Arabic could have
widespread benefits.

Arabic handwriting recognition can also enable the automatic reading or
searching of historical Arabic manuscripts. Since written Arabic has changed little
over time, the same techniques developed for MSA can be applied to many Arabic
handwritten manuscripts. Automatic processing of manuscripts can greatly increase
the availability of their content because the writing in manuscript is usually neater
than free handwriting, the recognition task may be simpler.

3.2. Related studies

Efforts aimed at overcoming the obstacles associated with handwriting recognition,
have taken several different routes. While some researchers concentrated on
enhancing the pre-processing of manuscripts, others came up with new techniques
for letter segmentation [5]. There are also researchers in favour of handcrafted feature
extraction and those who strived to improve the classification layer through the
optimization of classifiers, or through the merging of two or more classifiers [6].

The emphasis of this undertaking is on two primary issues: feature extraction
and classification. Moments are often employed to play the role of feature
extractors. [7] utilized a full-order, to realize a precise re-enactment of arbitrary-
size images. [8] introduced an innovative method that served to quicken the
working out of 2-D discrete moments. [9] employed image block representation for
binary images, and intensity slice representation for grayscale images, to offer an
original process founded on Tchebichef polynomials, to attain the translation and
scale invariants of Tchebichef moments. [10, 11] crafted SCF to facilitate the
extraction of local information from word images, based on the structural details of
these word images.

Khémiri et al. [12] employed a multi-dimensional form of representation,
deriving from ZER to remove portions of the image, devoid of any beneficial data.
The method proposed by Rabi et al. [13] starts off with the modelling of the sphere
centre imaging point. Subsequently, based on the imaging model, a ZER procedure,
stemming from an Error Function (ERF) edge model, is employed to pinpoint the
sphere image’s subpixel edge. The sub-pixel edge points, and the modelled sphere
centre imaging point, are then harnessed to establish the sphere centre in the image.

The wide variety of classifiers employed for Arabic handwriting recognition
include hidden Markovian models (HMMs), artificial neural networks (ANNSs)
[5], learning vector quantization (LVQ) [14], SVM [15] and the fuzzy min-max
neural network.

A review of the Arabic database makes clear that studies on the use of the ELM
and SVM techniques have been somewhat few and far between [6, 8, 9]. Furthermore,
thus far, there is no documentation of research related to the use of RKELM.

4. Feature Extraction

Feature extraction, which paves the way towards an improved recognition
operation, is an integral part of every handwriting recognition scheme. The
accuracy of handwriting recognition is influenced by a vast variety of features. The
selection of an appropriate feature is determined by the mode of the text, the system
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employed for processing (offline or online), and the type of script involved
(handwritten or printed).

4.1. Chebyshev Moments (CM)

The fundamental operation in the handwriting recognition field is orthogonal in
nature. This circumstance does away with the necessity for any discrete
approximation. A system of features with orthogonal aspect, less computation and
more accurate calculation which is Chebyshev. This system is taken from [16], the
moment of order p + q is given in Eq. (1). The approach of CM is shown in Fig. 1.

Tpg = [p(P, N)p(q, N)] ™ Z o (X (x,7) (2)
where t,,(x) and p(p, N) are provided in Egs. (2) and (3)

a=ny IR @
P N) = 3 {t, (0 (3

f(x,y) denotes the image pixel value at index x and y

Image 1

Image 2

Fig. 1. The same word was written twice in Chebyshev moments.

4.2. Statistical and Contour-based Feature (SCF)

Tamen et al . [10] crafted the statistical counter features are types of spatial domain
features. They are generated based on statistical and geometrical description of the
differential variation of ink vs. empty areas in the image. Such a description is
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associated with the class of words that is written. The approach is shown in Fig. 2.
It starts with finding the contour of the ink description in the image. This is based
on considering that black pixels represent the ink and white pixels represent the
background. The features include the general density of the image and the results
of the sliding window that is calculated for each position.

Features = (RP,IP, FDist, DensityB(j), NT(j)) (4)

where, RP denotes the relative position of center of mass for the window, IP
denotes the points of intersections, FDist denotes the farthest distance, DensityB
denotes the density of the block and NT number of intersections of block.

Algorithm: of calculating SCF features
Input

Image

SlidingWidow // width + height + overlap
Output

SCF

Start

1-Find the contour of the ink pixels

2-Calculate the density of Image //density= (sum of foreground pixels)/(sum
of background pixels) Densityl and add it to SCF

3-Move the sliding window from right to left and find in each position
RP,IP,FDist,NTi

3.1./IRP=(relative position of center of mass.X/Width,relative position
of center of mass.Y/Height)

3.2./11P= the points of intersection of lines passing by RP and going
for the 8 Freeman directions with the contour

3.3//FDist= the distance of the farthest point normalized by the
window's widht in each direction

3.4. Divide the window into n X m blocks and calcuate for each block
density  DensityB(j) and NT(j)

[INT=number of transition from 0 to 1 in both vertical and horizontal
directions

3.5. Add (RP,IP,FDist, DensityB(j),NT(j)) to SCF, j=1,2..number of
blocks
End
End

Fig. 2. Algorithm of calculating SCF features.

In order to express geometrically how we extract SCF features using the concept
of window and the concept of block we give an illustrative example in Fig. 3. As
we see in the Fig. 4, the word has been decomposed into five windows by moving
the window in the image where each window contains a separate letter from the
word. Considering that the letter itself combines a unique way of writing in the
language, the features that are extracted from the window when it is positioned at
the corresponding letter will be more discriminative. Furthermore, in order to
reduce the effect of changes in the writing styles of letters, we use the block and
direction which will produce similar values of features for similar letters despite
their writing styles.

Journal of Engineering Science and Technology June 2021, Vol. 16(3)



2724 H. Q. Ghadhban et al.
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(a) Five windows and 2 x 4 (b) Distancesblocks per window

Fig. 3. Extraction features of SCF.

o’

Fig. 4. Sliding window of width, height and overlap.

4.3. Zernike Moment (ZER)

Yap et al. [17] introduced Zernike Moment. Zernike polynomials are one of an
infinite number of complete sets of polynomials in two variables p and 8 which
form an orthogonal basis set on the unit disk. Every Zernike polynomial [14] is
combined of a real valued radial polynomial and complex azimuthal function as it
is given in Egs. (5) and (6). The approach of ZER is shown in Fig. 5.

Vn,m(p' 0) = Rn,m(p)ejmg 5)
where the radial polynomial is given as,

R (n-|m|)/2 1y (n=s)! . 5
nm ZS_O =D St ml)/2)-s)((n=fmly/2)-s) P (6)

where n denotes order of the Zernike polynomial, m represents repetitions of
Zernike polynomial which satisfy with the constraint of Eq. (7).

(n —|m|) = even
Im| <n )
They are found mathematically by using the Eq. (8).

n+1
Zn,n =

s

|53 7. 00%imp,02pdpio ©
0
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where, f(p, 8) denotes an image function and considering that the image is given
in discrete form, we write the discrete version of the equation for an image N x N
in Eq. (9).

T =52 S G Wi (9)

S D Ry ©
0<py =1
A, denotes a normalization factor, p,,, and 6, are provided in Egs. (10) and (11).
Pry = \/(2x—N+1)2;(N—1—2y)2 (10)
Bpy = tan"! C—22) (11)

x,y denotes the index of the pixels

Fig. 5. The same word was written twice in Zernike moments.

5. Classification

The domain of handwriting recognition has been deeply studied for a couple of
decades by researchers who have utilized dissimilar algorithms, like SVM, Multi-
Layer Perceptron (MLP), HMM, Deep Networks (DNN), Recurrent Neural
Networks (RNN) and Convolutional Neural Networks (CNN). The outcomes were
various and satisfactory. These machines learning (ML) systems have
demonstrated their reliability and performance in a large domain of applications as
well as triumphing in optical character recognition (OCR) for Latin and Asian
languages [18]. The major drawback of these architectures is the large number of
parameters, so over-fitting can occur. This research focuses on applying these
classifiers ELM, SVM and RKELM in domain of offline Arabic handwriting
recognition words.

5.1. Extreme Learning Machine (ELM)

Conceived by [19, 20], this process is based on the fact that learning through
examples, is a simple and straightforward process, for deciphering the status of an
object. This is achievable without the need for much training, or any specific
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learning structure. Huang et al. [21] forwarded that the human brain is partially
occupied by arbitrary neurons, whose activities are totally impervious to their
surroundings. The technique they developed from this concept came to be known
as the extreme learning machine (ELM). This technique has proven its ability to
prevail over the drawbacks plaguing the back-propagation gradient algorithm, in
the context of incompatible settings and a sluggish learning rate. Initially developed
for the learning of a single layer feedforward neural network (SLFN), the ELP was
later extended to include networks not requiring the support of a neural framework.
The target output of the ELM can be calculated by the following equation:

te = X1 By i (W, b, X) k= 12, ., L. (12)

Here the input weight is W and output weights are 8 where b is hidden layer,
the matrix W and b are generated randomly. g; is the activation function of hidden
layer from Eq. (12).

T =Hp (13)
where H is the output matrix of hidden layer and defined as:
gwy.xy +by) - gwy.x; + by)
HW,b,X) = : :
gWwy.xy +by) - gwWa.xy + byl
B = [B1, B2, - Bullem @nd
T = [ty t, s taliem (14)

The output weight matrix B = [By, B2 -, Bullw Can be determined
analytically by the minimum norm least square solution:

B = argming ||HB|| =H*T (15)

where H* is the M-P generalized inverse of H. if the H is non-singular, Eq. (15)
can be re written as:

f = H*H'H'T (16)

5.2. Support Vector Machine (SVM)

Provided with a compilation of training data (x;, ¢;)¥ i = 1, inwhich x;ER and c;€
{—1, 1}, SVM successfully identifies the best possible separating hyper plane, to
fully extend the space between the two classes [22, 23] by means of:
minimizing: D = %w. w+ CYN,€) a7
depending on:

Ci(W.Xi +b) 21 - Eiv Vi EiZO, Vi

In which C is a parameter that facilitates an exchange between diminishing the

training error and extending the distance ||27|| of the dividing space of the two

dissimilar classes. The data points utilized to locate the optimal hyper plane are
known as vectors. Several kernel functions are required to regulate SVM
parameters specific to the classification jobs where Gaussian RBF is crucial. There
are three basic kernel functions which are shown in following equation:
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e  Polynomial kernel

k(x;, x]-) = (s(x; x]-) +0)%,d=2.34) (18)

e Radial Basic Function kernel

k(X y;) =exp (—=y I X; — X; I1?) (19)

e Sigmoid kernel

k(xi,xj) = tanh (ax;.x; — b) (20)
5.3. Reduced kernel extreme learning machine (RKELM)

Introduced by Deng et al. [24] for a fast and accurate algorithm to obtain a nonlinear
separating surface. Deng et al. [25] proved that RKELM can approximate any
nonlinear functions accurately. In machine learning a kernel function is a measure
of similarity (often based on a function involving a dot product) between samples
of input data defined over a feature space ' such that ®: x — H notated as
k(x.x") = k(x;.x;).

The output of RKELM is given by the following equations:

N (L N7t

fOO) =K@x) (G+k@x)) T (21)
Equivalently:

kGox)] N
f(x) = (Z QELML-]-) T (22)

k(x, xy)
where A is the stability factor and the kernel function defined on the base matrix H as:
QELM = HH" = h(x)h(x;) = K (x;, %) = K(x,x") (23)

Kernel-based learning approaches by potentially utilize a large amount of
system memory for machine learning problems with huge datasets. Thus, a
modification to KELM called “Reduced kernel Extreme Learning Machine” has
been proposed. The RKELM take the KELM and instead of computing k(x.x")
over the entire set of input data, they compute k(X.X") where % is a randomly
chosen subset of the input data. However, to the best of our knowledge, there is not
one applied RKELM on Arabic handwriting word recognition.

6. Research Method

This work investigates three feature extractors techniques CM, SCF and ZER for
offline Arabic handwritten recognition words and analysing the performance of
each technique, the following section explains the details of our method.

6.1. Dataset

Pechwitz et al. [26] created the IFN/ENIT database by the Institute of
Communications Technology (IFN) at Technical University Braunschweig in
Germany and the Ecole Nationale d’Ingenieurs de Tunis (ENIT) in Tunisia.
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Version 2.0 of this database consists of 26,459 images of the 937 names of cities
and towns in Tunisia, contains 5 sets of a b ¢ d e written by 411 different writers.
The database contains 115,585 pieces of Arabic words (PAWSs) and 212,211
characters. This database has been used and endorsed by many researchers of
Arabic handwritten text recognition. A competition of Arabic handwritten text
recognition was conducted using this database in 2005, 2007 and 2009. This
database is limited to city names and thus contains limited vocabulary. As
mentioned that feature extractors require normalization as images have different
sizes, the efficiency of the CM, ZER and SCF were tested on different sets of
images taken from a b ¢ d e sets of the IFN/ENIT database. We have implemented
two different scenarios, each set constituted by 22 and 10 classes of maximum and
minimum number of images per class given in Table 1 During the recognition
process, the dataset split for both Set 1 and Set 2 by approximating 70% of the total
images in the considered sets are used for train and rest for test.

Table 1. Summary of the scenarios.

Data Total Train Test Max no. per Min no. per No.
class class classes

Setl 2946 2057 889 371 129 10

Set2 5443 3800 1643 371 53 22

6.2. Normalization

Normalization methods aim to remove all types of variations from the written and
standardized datasets obtained by normalizing all our inputs to a standard scale,
this allows the classifier to perform quicker in learning the optimal parameters for
each image. Additionally, it is useful to ensure that our inputs are roughly in the
range of [-1 1] to avoid miscalculation, especially if input and target output are
completely different. Equation defined as follows:

feature(x’) -2 ( x—min(feature(x)) ) -1 (11)

max(feature(x))-min(min(x))

6.3. Research methodology

This work conducted intensive experiments to evaluate the proposed system. We
took into consideration the effectiveness number of classes and shapes of an image.
Each feature was through a few steps staring at set different shapes then normalized
and split into train and test to evaluate the performance of each classifier.

Each feature has been extracted with different parameters such as number of
images and shape. The generated features have been tested based on concepts of
extractor such as moments and number of orders to get the accurate result. After
selecting the fit parameters to generate features.

As already stated, the CM, ZER and SCF features have been trained separately
with different shapes and windows, resulting in nine classifiers: ELMcm, ELMzer,
ELMscr, SVMcm, SVMzer, SVMscr, RKELMcm, RKELMzer and RKELMscr that
are compared to each other. Further, we train SVM and RKLEM with different
kernels and ELM with a set of different neuron network and activation functions to
analyse the performance of ELM classifier. The research methodology is illustrated
in Fig. 6.
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Feature Design
| No
Statistical and Contour Chebyshev Moments Zernike Moment
based Feature
Feature Normalization
o0—o
J ¥ v
RKELM SVM ELM
. - Good
Evaluation Performance
End € Yes

Fig. 6. Research methodology.

7. Results and Discussion

In the implementation, each one of these extractors has its own technique to extract
information by either segmenting the image into small blocks (windows) such as
SCF or scanning the whole image like CM and ZER to get relevant and interesting
features. Furthermore, CM and ZER are based on the selected moments and humber
of orders, the experiment aims to find the best number of moments to proceed for
the rest of the experiments. As shown in Table 2 the optimal moment for our
experiment is 12 that achieved highest accuracy 90%, 88% with SVM and ELM
respectively. Same experiment was carried out for ZER. The selecting order of
moments from 4 to 20, the optimal were 10 moments with consideration of datasets.

Table 2. Selecting the optimal moment for CM.

Moments 2 4 6 8 10 12 14
SVM 71% 79% 84% 90% 89% 90% 90%
ELM 71% 77% 81% 85% 87% 88% 88%

As mentioned there were three classifiers for experiments, each classifier has
its own technique and parameters to train the features as shown in Table 3 that ELM
is based on activation function and neurons network. The experiment was
conducted for testing the number of neurons with a range of 100 until 1000 neurons
in a hidden layer. The selected neuron has been tested with five activation
functions: Sigmoid, Sine, Hardlim, Tribas and Radbas. The best accuracy is
accomplished for 200 neurons with Sigmoid function. The same experiment was
repeated for SCF and ZER including all the shapes.
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Table 3 illustrated the performance of activation functions in ELM. It seems
likely that Sigmoid and Sine have the highest testing accuracy. The rest of
activation functions had some fluctuations in performance. However, the rest of the
experiment showed that Sigmoid is the best activation due to being differentiable
across the entire domain and is easy to compute, also this function shows the
probability as well.

Table 3. Validation accuracy for Set 1 CM features by 80 x 80.
Neurons Sigmoid Sine Hardlim Tribas Radbas

100 85% 86% 28% 80% 85%
200 88% 88% 32% 82% 87%
300 87% 86% 38% 83% 87%
400 86% 85% 43% 83% 85%
500 84% 83% 43% 81% 84%
600 82% 81% 44% 82% 81%
700 79% 80% 51% 82% 81%
800 78% 7% 45% 82% 78%
900 7% 76% 48% 80% T1%
1000 2% 2% 49% 80% 73%

Table 4 provides an analysis of kernels in SVM, kernel is used to map our input
space into high dimensionality feature space. The experiment was conducted with
three kernels in SVM namely: Polynomial, RBF and Linear. All the features were
tested with kernels to find the best accuracy. There are no such guarantees for one
kernel to work better than the other. On the other hand, practical perspective tells
us that RBF kernels in SVM are less prone to overfitting and much faster to train
compared to rest of kernels. RBF kernel shows the non-linearity aspect of the data
of the features which have given the RBF kernel higher performance.

Table 4. Validation the kernels of SVM for Set 1 CM features.

Kernels Polynomial RBF Linear
Accuracy 84% 90% 88%

Same experiment was repeated for RKELM that contains five kernels:
polynomial, RBF, IMQ, Sigmoid and Linear. Each kernel consists of one or more
parameters, for which high performance is required as demonstrated in Table 5.
The highest accuracy achieved with a polynomial kernel.

Table 5. Validation accuracy of RKELM with Setl CM features.

Kernel Number of order
[0,5] [1,6] [0,3] [3.3] [2.5]

Polynomial 58% 81% 64% 82% 86%
RBF - a5

me G oo
Sigmoid [22,;)%/3]

Linear 61D%
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In Table 6, the obtained results of CM features with different shapes of image
to determine how various shapes affect the recognition process. Different image
shapes carry different information that’s why the best image shape needs to be
examined in detail. The purpose of image reshaping is to produce lower intense
features which hastens the processing time.

Table 6 illustrates the CM feature trained with six classifiers and two datasets.
The most naoticeable size (80x80) had the highest accuracy in Set 1 at 90.59% with
SVM classifier, the accuracy for set 2 dropped due to the increase in the number of
classes. There has been a slight fluctuation in accuracy for different shapes of each
classifier. Overall, it is clear the SVM had the highest accuracy in set 1, despite the
fact the rest of classifiers are trained on the same shape. In set 2 there is slight
improvement in accuracy by increasing the shape of images and the percentage of
RKELM remained steady throughout nearly 76.61% with 128x128 shape.

Table 6. Results of CM with different shapes of image.

Dataset Classifier 80x80 128 x128 250 x 250
SVM 90.59% 89% 90.05%
ELM 88.40% 88.11% 88.18%

SET1 RKELM 8681% 8650%  85%
SVM 87%  88.35%  88.09%
0 0, 0,
seTy ELM 83% 83% 84%

RKELM 76.02%  76.61% 76.30%

Table 7 provides results of ZER with six classifiers on two datasets. The highest
accuracy achieved on SVM with (250x250) size nearly 76% close to other shapes
and far lacking compared to other classifiers ELM and RKELM. On the same Set
1, ELM received accuracy close to 64% with 400 neurons and RKELM achieved
good accuracy with polynomial kernel at shape size (128x128). On the other hand,
set 2 was the highest accuracy with SVM linear kernel with shape (80x80), still a
huge gap compared to other classifiers. In set 2 ELM were lacking far behind SVM
due to random neurons between input layer and hidden layer.

Table 7. Results of ZER with different shapes of image.
Dataset Classifier 80x80 128x128 250 x 250

SVM 75% 74% 76%

SET 1 ELM 61% 64% 63%
RKELM 66% 68.19% 68.10%

SVM 67% 67% 67%

SET 2 ELM 54% 55% 54%

RKELM 56% 56% 57%

Table 8 provides results of SCF with different window sizes because the images
in datasets had different width as some of the images had more than one word. This
feature took into consideration the segment image splitting into windows and
blocks per window. We implemented this experiment on three different window
sizes and two blocks each window with overlapping to capture the local
information. The most noticeable changes were that by increasing the window size
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it impacted the accuracy. On set 1, the RKELM classifier achieved highest accuracy
at 94% with 6 windows compared to ELM and SVM. However, we could notice
the accuracy did not change much by increasing the number of classes. In Table 9,
We compared our method’s results to those of five other methods used to recognize
Arabic handwritten word. Our proposed method successfully identified results of
94% for SET 1 and 91.80% for SET 2 with RKELM classifier.

Table 8. Results of SCF with different window sizes.

Dataset Classifier [4[23]] [4124]] [B[231] BI24]] 62311 [6[2.41]

SVM 90% 91% 91% 92% 92% 93%

SET1 ELM 90% 91% 92% 93% 92% 92%

RKELM 87% 90% 92% 93% 93% 94%

SVM 89% 88% 90%  91.80% 91.77%  90%

SET 2 ELM 89%  91.50% 91.58% 91.65%  90% 90%
RKELM 81% 84% 88%  90.20% 89%  90.06%

Table 9. Comparison of the accuracy with other methods in same dataset.
Dataset/Number of

Feature Accuracy
words

Statistical geometric IFN/ENIT, 6000 words 80.78%

feature [27]

Gabor feature [28] IANHENTY, 12y 55.54%
words

[Zzzr]”'ke and HUmoments oy en T, 6000 words 78.5%

Concavity and IFN/ENIT, 12000 87%

distribution feature [30] words 0

Baseline estimation [31] IFN/ENIT, 6000 words 87.93%

CM=90.59%,88.35%.
. IFN/ENIT, 2946, 5443 ZER=76%,67%.
This work

words SCF=94%,91.80%

8. Conclusion

This paper presented three feature extractors CM, ZER and SCF. We took into
consideration the shape and number of windows. Changing one shape parameter
might affect some other parameters. The experiments were evaluated on IFN/ENIT
images with unbalanced datasets. Then nine classifiers trained separately: ELMcw,
ELMZER, ELMSCF, SVMcm, SVMZER, SVMSCF, RKELMcm, RKELMgzer and
RKELMscrand each one of these classifiers have been trained with different shapes
and number of windows. In ELM, Sigmoid was the best activation due to being
differentiable across the entire domain and easy to compute. On other hand, the
linear kernel showed much faster train compared to other kernels and RKELM
showed significant results with polynomial kernel. As future work we plan to
implement these techniques to other databases with a balance dataset to avoid
overfitting in training.
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Nomenclatures

b Hidden layer

C Facilitates an exchange between diminishing the training error
and extending the distance

DensityB  Density of block

FDist Farthest distance

gaj Activation function

H Output matrix of hidden layer
H N+ Generalized inverse

IP Points of intersections

m Repetitions of Zernike

NT Number of intersections of block
n Donate order of Zernike polynomial
P o Form an orthogonal basis set
Rnm Radial polynomial

RP Relative position of center
Tpq Moments of order

t kni Target out of ELM

W Input weights

X,y Image pixels

X Random subset of data

XA Normalized data

Greek Symbols

B Output weights

5 Minimum norm least square
An Normalization factor

A Stability factor
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