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Abstract: In this paper, we present a system for handwriting digit recognition using different
invariant features extraction and multiple classifiers. In the feature extraction we use four types:
cavities, Zernike moments, Hu moments, Histogram of Gradient (HOG). Firstly, the features are
used independently by five classifiers: K-nearest neighbor (KNN), Support Vector Machines
(SVM) one versus one, SVM one versus all, Decision Tree, MLP. Then to achieve the best
possible classification performance in terms of recognition rate, three methods of classifiers
Combination rule employed: majority vote, Borda count and maximum rule. Experiments are
performed on the well-known MNIST database of handwritten digits. The results demonstrated
that the combination of KNN using HOG features with SVMOVA using Zernike moments by
Borda count rule have considered to be good based on a geometric transformation invariance.

Keywords: Handwritten digit recognition, Invariant features extraction, Multiple classifier,
classification.

1. Introduction

Handwritten digit recognition has been successfully applied in various fields where, the
accuracy of recognition is significant such as recognition of the postal codes on the envelope and
banking account number or amount written on the check, automatic reading of zip codes and
many more, several approaches have been used in handwritten recognition. However, the
accuracy of recognition varies between one and another. The task of handwritten digit
classification is hard problem and complex in pattern recognition and have a high level of
research difficulty, since the variation of digits in each class of digit, this is due to the personal
style of each writer and different form of digit. writer can represent the digit in different ways,
all people have different writing style that is not easily understand by the machine. Past and
recent works in this field have concentrated on various languages including Chinese and
Japanese Persian Latin, Devanagari, Bangla and Urdu, Arabic, Farsi, etc.

The two important phases in recognition system are Extraction of features and classification
methods. A suitable features extraction and good classifier play a very important role in a
recognition system to improve the recognition accuracy. The features selected to represent a digit
affect on the performance of digit recognition systems. The selected feature sets must verify a
large separation between class and a low intraclass variance. in [51] we found several features
extraction methods used with Neural Network based Algorithms. In literature many different
features are proposed, including, vertical and horizontal projection histograms with dynamic
thresholding. Projection histograms are combined with other feature sets and usually used in
printed digit recognition. Zoning, Cavity, profile, Freeman code, end point, Histogram of
Oriented Gradient (HOG), Fourier transform, Discret cosine transform, Hough transform,
wavelet transform, Gabor filter, ...etc., Zernike invariant moments, Hu moments, complex
moments, geometric invariant moments, affine invariant moments, Legendre moments, Fourier
Mellin moments and pseudo-Zernike moments, Mojette transform etc. are the current choices
for features. Various moments have been used in Arabic digit or other languages, In the literature
Some works based on moment features is discussed in [5, 6, 10, 11, 30, 34, 40].

Different classifiers can be used for handwritten digit recognition include artificial neural
network (ANN) as the Multilayer perceptron, (MLP), Decision tree, Linear discriminant function
(LDF), Bayes classifiers, Parzen windows, Hidden Markov Models (HMM), K-nearest neighbor
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(KNN) classifier and support vector machines (SVM) which are more successfully implemented
because of it has great classification potential and large discrimination abilities. Recently,
approaches based on the deep neural networks (DNNs) have shown excellent performance in
many applications of pattern recognition and machine learning. Many methods in the state of the
art on handwritten digit recognition problems employ a deep neural networks gives good
accuracies, see recent works [1, 2, 3,4, 7, 20, 21, 12, 13, 14, 15,19, 38, 42]. The paper [51] is a
survey on using neural network based algorithms, present the past works done on the handwritten
digit recognition.

The combination of classifier decisions is a topic studied, recently, multiple classifier systems
based on the integration of different classifiers have been proposed for the classification
performance improvement, The Goal digit recognition system is to achieve the best possible
recognition rate, this objective motivated the interest of classifiers combining. Many strategies
of classifiers combination can be used in order to improve recognition error rates, in [23, 25, 26,
27,28, 19, 31, 32, 35, 55] combining classifiers method have been studied extensively.

The outline of the paper is as follows: a brief review of some recent work and previous
approaches of handwritten digit recognition is presented in Section 2. Then we introduce our
proposed system in section 3. Whereas, section 4 describes the features extraction used, and we
present the classifiers implemented in section 5. Section 6 exposes the experimental results.
Finally, we conclude the paper in section 7.

2. Related Work

In last year Recent work propose different method for Arabic digit recognition and various
languages, in [32] an optimization proposed to adjust recent swarm intelligence bat algorithm.
Prove that with using weak set of features as histogram projections, the proposed algorithm
would give good results. Complementary set of 115 features and the ensemble classifier
algorithm is used in [36].

The paper [37] presents reliable approaches for recognition of handwritten digits by different
classifiers as Naive Bayes, Multilayer Perceptron, Random Forest, Support Vector Machine,
Bayes Net, J48 and Random Tree has been used for the recognition of digits using WEKA, the
recognition process achieves 90.37%.

In [39] a novel system for classification of writer independent off-line handwritten Persian
two digit numerals is proposed based on a combination of HMM and SVM, employing Gabor
filter bank (24, 12, 6 and 3 scales) in 6 directions (0, 30, 60, 90, 120, 150 degrees). The digit
recognition rate is 98.75 %, while the SVM recognition rate is 98.58% on isolated characters and
95.93% with HMM.

Reference [40] presents different features types based on gradient features, geometric
invariants and Zernike moments, normalized by several techniques using SVM (radial basis
function) classifier. The results are promising on MNIST database. Gradient features achieve the
best results 99.16%. Various handwritten numeral databases (MNIST, CENPARMI, CEDAR,
USPS) used in [41] employing skeleton features, number of contours, Number of watersheds,
and ratio between the upper half part and lower half-part pixels number of the digit image with
K—NN and SVM classifiers. The proposed method novelty is size invariant.

Different features which include average zone values, number of starting, chain vector and
intersection points are used in [42] for 600 images of eastern Arabic handwriting digit. Features
based comparison and several classifiers neural network, SVM, deep neural network, decision
tree, nearest, ensemble classifiers are presented.

Authors in [43] use several techniques based on Convolutional Neural Networks (CNN),
Deep Belief Network (DBN), CNN with dropout, CNN with dropout and Gabor filters, CNN
with dropout and Gaussian filters, for Bangla digit recognition. These networks have a high
degree of invariance to pattern distortions and transformation geometric (scaling, translation and
other). The work presented in [44] study the offline handwritten numeral recognition of
multilingual digit data set of Devanagari and English digits, using the representation learning for
dimensionality reduction implemented in SVM-based classifier.
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In reference [45] a study is made to recognize, Telugu, Devanagari, Bangla and Arabic using
Mojette transform with the Principal Component Analysis (PCA) for feature dimensionality
reduction and also shortening the training time. Finally, multiple classifiers (SVM, MLP, Naive
Bayes, Random forest, Bagging) are used to test 48-element feature vector on CMATER
handwritten digit databases, an accuracy mean of 98.17 % is given by MLP classifier.

In the paper [46] a triangle features are improved by the combination of the gradient and ratio
features, using four types of datasets MNIST, BANGLA, IFCHDB and HODA. In the
experiment an accuracy of 93.18% is achieved with SVM classifier and 96.51% using MLP.

The paper [47] propose a novel technique for Arabic/Farsi handwritten digit recognition. an
efficient and invariant feature set is constructed by combination of Histogram of Oriented
Gradient (HOG) and four directional Chain Code Histogram (CCH), using SVM classifier with
radial basis function kernel.

Reference [48] presents a handwritten digit recognition system for Indian subcontinent digit
scripts, namely, Devanagari, Indo-Arabic, Roman, Bangla, and Telugu. A combination of six
different types of moments (affine moment invariant, geometric moment, Zernike moment,
moment invariant, Legendre moment, and complex moment) give 130-clement feature, is
evaluated using multiple classifiers on CMATER and MNIST databases. Results prove that
recognition accuracies attained are satisfactory and MLP classifier outperforms the others.

The paper [49] presents novel feature extraction methods which is distance and slope based
curvature coding. Using cascaded classifiers of KNN and SVM. KNN does the primary
classification while the postprocessor SVM used to select of two probable close classes the final
output class. An acceptable accuracy of 99.26% is achieved on Arabic digits.

Handwritten digit recognition model given by an adaptation of a previous theory of face
recognition is presented in [12]. The model realizes rotation invariance and translation in a
principled way instead of extensive learning based from big data masses. accuracy achieved
i8 96.10%.

A survey of several techniques used for handwritten digit recognition system is carried out
in [50]. This review discusses the neural network application and its variants, and a survey of the
use of NN for digit recognition is presented.

The current State of the art accuracy in handwritten digit classification of MNIST database
is reported in reference [8, 29], Many methods have been tested with this database, details about
the methods are given in cited paper.

3. Recognition System Architecture

Framework of our approach using isolated handwritten digits of MNIST database is
presented in “Fig 1.” The intermediate steps involved are summarized as below: image pre-
processing where the input images are stored in a matrix and binarized using the operation of
binarization. Then we employed various features type include Hu moments, Zernike moments,
Hog and cavities. We were interested to extract the most discriminating characteristic structures
of digit "the cavities" which are most effective in preserving the separability of the classes. We
have chosen the moments Hu and the moments of Zernike because they verify the properties of
Independence to the geometric transformation (translation, rotation and scale). The HOG
technical realize the geometric and photometric transformations invariance, except for object
orientation.

To achieve automatic recognition of digits, it is necessary to provide these parameters (the
calculate discriminating parameters) to a classifier. Classification (recognition) step used
multiple classifiers: KNN, MLP, Decision tree, the most used and the most efficient classifiers
in the field of writing, and the very powerful classifier SVM (one versus one -SVMOVO-, one
versus all -SVMOVA-). Finally, in this study, classifier combination with three rules used to
improve the recognition rate so to determine the necessity or no of the classifiers combination
with these different features.
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Handwritten digits

* Feature Extraction

The experiments were carried out on the MNIST data set available at [8] of 60000 images of
digits for training and 10000 images of digits for testing, it is a subset from NIST. The images
were centered in a 28x28 pixel by computing the gravity center of digits, and translating the
image where this point placed at the center of the 28x28 field. Figure 2 shows examples from
MNIST database. We note that we use this database without any preprocessing to enhancement

l

Hog transform

Cavity Hu moments Zernike Moments
Classification
Tree KNN MLP SVMOVO

SVMOVA

Combination rule (majority
Vote, Max, Borda count)

Rate recognition

Figure 1. A framework of proposed system

image quality such as noise removal etc.
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Figure 2. Subset of MNIST Arabic handwritten numeral
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4. Feature Extraction

Extraction of features have a significant role for patterns differentiation. In this stage we
present features used: cavity, Histogram of gradient (HOG), hole number and two types of
invariant features, Hu moment and Zernike moments. A lot of useful information about a binary
Image can be obtained from the moments.

A. Hu moments
There are seven Hu moments [52] are characterized to be invariant to orientation, size and
position of digit, the computation steps of Hu moments are described as below:
e Compute the geometrical moments value, M;; of order (i + j) for binary image until third
order:

My = X1 2 (0 () gk, D (1
g(k,l) : is image function (pixel).
K, L : are image dimensions.

e Compute the intensity moment (centroid or gravity center of image) (X, y¢) of image
with formula:

Xg = ﬁ_;z » Yg = x_z; @)
e Compute the geometrical central moments Lj; with formula(3), Wj; are invariants to
translation
= 2 T (k= xg) (1 - yg) 8k, 1) 3)
¢ Compute normalized Geometrical central moment 1, which are invariant to scaling
Ny = i (4)
Hoo
e  Finally, Compute Hu moments, @; to @~ with respect to scale, translation and rotation
invariants :
@1 =Tz + No2 (5)
B, = (M20 — No2)” + 4M14° (6)
B3 = (M30 — 3N12)* + (B3N21 — No3)? (7
B4 = (M30 +N12)* + (M21-M03)? (®)
Bs = M30-3N12) M30 + M12)[(M30 +M12)*-3(M21 + Mo3)?] + BM21Mos) + (21 +
Nos) [B(M3o + N12)%- (21 +Mo3)?] ©)
B = (M20 + Mo2) (M30 + M12)*-M21 + Mo3)?) + 41011 (Moz + N12)(M21 + No3) (10)
@7 = (3N21 = Mo3) (30 + N12)[(M30 + N12)? — 3(M21 + Mo3)?] — (30 + 3Nn12) (M1 +
1 03)[3(M30 + N12)* = M21 + Mo3)?] (11)

The 7 Hu moments defined form normalized geometrical central moment n;; of order 2 and 3,
which are invariant to scaling, translation and rotation.

B. Zernike Moments
Zernike moments A,; are complex number (complex polynomial) The computation steps are
described as below:

e Compute the geometrical moments M;; (1), geometrical central u;; (3)
e Compute Zernike moment with respect the invariance at translation, scale and rotation

with formula [10] [11]

Ap = [(n+ 1)/m] Xk, Z;I:o Yizo(=D™ (‘]1) (,;)ank Hi—2j—14+mz2j+l-m (12)
with : g=(k-1)/2, (I-k) et (n-k) even and

167



Khedidja Derdour, et al.

By = (=02 [(n + k)/21/[(n — k) /210 [ + k) /2]t [(k — 1)/ 2]! (13)

. ]
(;) = J/(s! « (=) is the s element combination from j.

The List of 12 order of invariant Zernike moments, is given in “Table 1” which contains 49
variables, used in experiments.

Table 1. The 12 Order Zernike Moments

Order Zernike moments
0 Ago
1 Anl
2 A, An
3 Asr, Az
4 Ay, A, Agy
5 Asi, As3, Ass
6 Ago, As2, Asa, Ass
7 A7 ,An, A5, A
8 Aso, Asg2, Aga, Ags, Ass
9 Ao1, Aoz, Avs, Ag7, Agg
10 Ao, A102, Aro4, Ao, Ao, Ao 1o
11 A1, Az, Aus, Aur, Ao, A
12 Ao, A2, Ang, Ans, Ans, Ao, A

In the following we propose the expression of nine moments calculated from the application
of previous equations, and we note that the first two moments are independent (have fixed
values), So we can do without in experiments and use and use 47 moments instead of 49:

Ao = Noo/T=1/T (14)
A=A 4,=0 (15)
Azz = 3(Hoz — M20 — 2ipyy) /T (16)
Az = 3(2Hz0 + 2102 — 1)/ (17)
Azz = 4[(Ho3 — 3H21 — i(H30 — 3Hi2)]/T (18)
Az = 12[(Ho3 — M1 — i(H30 — H12)]/T (19)
Ags = 5[Ha0 — 6H2 — Mo + 4i(H31 — My3)]/T (20)
Asz = 5{4(Hos — Hao) + 3(Mz0 — Hoz) — 2i[4(M31 — Hy3) — Bupa ]}/ (2D
Aso = 5[6(Ha0 + 2Hz2 + Hos) — 6(Hz0 + Hoz) + 1]/m (22)

C. Histograms of Oriented Gradients

HOG block : 4-by-4 cells

Figure 3. Blocks and cells of image
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The HOG [47, 53, 54] shows shape information of image by the distribution of density of
gradient and edge. The basic idea is to divide the window of image into “cells” (size of cells is
in pixels), then local regions constructed named blocks by accumulating of cells. Their relation
is shown by “Fig 3.” In this paper we adopt default parameter settings and we use a block of 8
x8 and the size of cell is 4 x 4.

D. Cavities

The Cavities are existed in the majority of digits; the position and number vary according to
the digit and style. There are 5 types of cavities: North, South, East, West and Central. the
definition of four cardinal directions is required: North up, West left, etc... [16].

In this work, we have used as features, the number of cavity and the normalised surface of
cavities (each cavities divised by the total cavities surface) “fig 4.”.
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Figure 4. The five cavities: East: red, West: green,
North: blue, South: yellow, and Central: pink

5. Classification

The goal of classification is to make a model using features and class labels. Then the
classifier used to find class labels of the new instances. This section describe the classifiers used
in our study. The paper [33] present Detail description of various supervised machine learning
classification techniques used in our work.

A. KNN

K-Nearest Neighbor algorithm has been used in great number of applications in the field of
statistical pattern recognition, data mining and many others. KNN is a supervised method for
classifying objects by a majority vote of its K (positive integer) neighbors [10]. The neighbors
are taken using several distance measures such as: The Euclidean distance, Manhattan,
Cityblock, Seuclidean, Minkowsky, Chebychev distance.

B. SVYM

The support vector machine is capable of learning and to achieve good generalization
performance. Different kernel functions SVM can transform, by finding the optimal separate
hyper plane, a nonlinear separable problem into a linear separable problem. Initially, this method
was suggested to solve two-class problems. Later, to extend this technique to multiclass
classification problems, a few strategies were proposed [17.]. To solve the multiclass problems,
two approaches are currently used: one-versus-all (building binary classifiers which distinguish
between one of the labels and the rest) and one-versus-one (building binary classifiers which
distinguish between every pair of classes).

C. Tree

The decision tree technic achieves the classification by a series of tests on the features. These
all tests are organized as a tree (test is the node of this tree and class is the leaf). The response of
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each test indicates what next test which must submit this object. A leaf of this tree denotes classes
and node is associated to a test [9].

D. MLP

The multilayer perceptron is the most widely known feedback network, it is very powerful
and complicated networks. Supervised Learning algorithms used is the most widely known the
retro-propagation algorithm or back-propagation algorithm.

The accuracy in general of each classifier is shown in table2, with the speed of learning
respecting the number of instance and the number of attributes, also speed of classification (the
performance degrees are determined by execution (run) time and recognition rate).

Table 2. Classifiers Comparing (+ Represent Performance Degree)

Decision tree Neural network KNN SVM

Accuracy ++ +++ ++ ++++
Speed of learning +++ + o+ +

Speed of classification ++++ 4+ + o+

Recently the new research field of Classifier combination has been investigated to improve
recognition reliability by taking into consideration the complementarity between classifiers. in
the literature, depending on the output type of information provided by each classifier: class,
rank, measure, a many of combination rule has been proposed. you will find the detailed
explanation in [28]. Now We briefly explain classifiers combination rules used in our work:
Majority vote, is the popular way in the classifiers combination in type class, for each class count
the votes and select the majority class. For the type of measure, we use Maximum rule, it selects
the classifier producing the highest estimated confidence. from the rank type, we used Borda
count: is based on the calculation of the total rank for each of the proposed classes, by calculating
the sum of the numbers of classes placed below it by each of the classifiers.

6. Experiment Results and Discussion

We present experimental results in this section, for the MNIST handwritten digit dataset
available at [8] described in section 3. The MNIST database has 60,000 images of digit for
training, and 10,000 images of digit for testing. We note that the distribution of samples in
trainclass and testclass into the ten class is not stratified as presented in table 3.

Table 3. Number and Percentage of Instances of Each Class

Class Train Test

Count Percent Count Percent
0 5923 9.87% 980 9.80%
1 6742 11.24% 1135 11.35%
2 5958 9.93% 1032 10.32%
3 6131 10.22% 1010 10.10%
4 5842 9.74% 982 9.82%
5 5421 9.04% 892 8.92%
6 5918 9.86% 958 9.58%
7 6265 10.44% 1028 10.28%
8 5851 9.75% 974 9.74%
9 5949 9.91% 1009 10.09%
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The experiment devised to two stages. In the first stage, the extracted features from cavity,
Hu moment, Zernike moment and HOG are used in training and classification using five
classifiers: KNN with Euclidean distance, decision tree, MLP, SVMOVO, SVMOVA. these
features are compared in terms of recognition rate using these classifiers independently. Then,
in the second stage, two types of combination are used. Features combination for each classifier,
and classifiers combination by three combination rule: majority vote, Borda count and max.

Table 4 shows the recognition rate of each classifier with several features independently (on
the use of single feature). We applied the test on the both training set and test set. The results
illustrate that the best recognition rate varied between classifiers, with cavities features the best
result is given by MLP classifier, Hu and Zernike moments by SVMOV A classifier, HOG feature
by KNN classifier.

Table 4. Train and Test set Recognition Rate of Each Classifier

KNN Decision Tree MLP SVMOVO SVMOVA
Train| Test | Train | Test | Train | Test | Train | Test |Train| Test
Cavity [42.76| 39.87 | 46.66 | 44.58 | 45.58 [45.26| 43.39 | 43.40 (34.41| 34.07

Hu 100 | 40.57 | 82.80 | 53.02 | 56.91 [57.70| 37.23 | 37.81 |60.91| 59.98
moments

Zernike |00\ 7704 | 9235 | 72.66 | 83.57 [83.69| 52.88 | 51.67 |91.61| 86.97
moments

HOG 100 | 96.57 |97.3833| 89.12

We note that the HOG feature vector is big (size vector is 1296), for this reason and with the
capacity reason of our machine the MLP and SVMOVA not us. Test program is written with
MATLAB R2012, the running platform is 64-bit Windows 7, the machine processor is Intel Core
Intel (R) Core (TM) 17-2670QM CPU @ 2.20GHz, memory is 6GB,

Our SVMOVA achieved 86.97% of recognition rate with 47 Zernike moment which is
invariant to geometrical transformation. KNN classifier achieved 96.57% with HOG feature
which has a high dimension (of 1296 dimensional feature vector). Zernike moments are better
than cavities and Hu moments, but are not so good as HOG features.

To improve the recognition rate another feature characteristic added is: the number of hole.
Results obtained in table 5, indicate clearly that enriching the features with number of hole
yielded better recognition rate with cavities features and Hu moments and excellent recognition
rate with HOG using KNN 97.38%. Comparing to results obtained in [40] for Zernike moments
84.10%, our results illustrate that SVMOVA classifier achieved better recognition rate with
Zernike moments 88.42% without any normalization.

Table 5. Train and Test Set Recognition Rate Enriched
With Hole Number of Each Classifier

KNN Decision tree MLP SVMOVO SVMOVA

Train | Test | Train| Test | Train Test Train Test | Train| Test

Cavity | 51.89 | 48.98 |55.52|53.87| 54.55 | 54.62 | 53.24 | 5291 |39.93| 39.76

Hu 1100 150,50 |86.74]62.86 | 67.80 | 67.83 | 47.42 | 47.35 [70.98| 69.12
moments

Zemnike | 00 179,99 [93.8377.17| 84.50 | 84.50 | 47.01 | 46.89 |93.17| 88.42
moments

HOG | 100 |96.57|97.38|89.12
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To increase recognition rate we adopt combining classifiers. The results of various
experiments we conducted in our study to determine if classifier combination optimize the
performance of classification in terms of recognition rate or no. We start with the Combination
of classifiers by using different feature sets, in our work each classifier trained with four features
types separately (all classifiers use the same features). Then the same classifiers type with various
features separately combined (combining classifiers KNN with Cavity Hu moments Zernike
moments HOG separately; combining classifiers Decision Tree with Cavity Hu moments
Zernike moments HOG separately; combining classifiers MLP with Cavity Hu moments Zernike
moments separately; combining classifiers SVMOVO with Cavity Hu moments Zernike
moments separately; combining classifiers SVMOVA with Cavity Hu moments Zernike
moments separately).

Three methods are used on combining classifiers: majority vote, Borda count and max rule.
Results obtained in table 6 have shown that classifiers combining decrease the recognition rate
of the best classifier and increase rate recognition of the lowest classifier except SVMOVO
classifier where the recognition rate increases with the three methods of combination, especially
with Borda count method.

Table 6. Recognition Rate of Each Classifier with Several Features Types

KNN Decision Tree MLP SVMOVO SVMOVA
Majority vote 65.28 71.81 73.81 49.45 76
Borda count 37.97 78.22 77.93 67.94 67.28
Max 48.98 79.21 81.15 57.34 84.78

An experimental comparison of various classifier combination using same features type is
shown in Table 7 (combining classifiers KNN Decision Tree MLP SVMOVO SVMOVA trained
with Cavity feature; combining classifiers KNN Decision Tree MLP SVMOVO SVMOVA
Trained with Hu moments feature; combining classifiers KNN Decision Tree MLP SVMOVO
SVMOVA Trained with Zernike moments feature; combining classifiers KNN Decision Tree
trained with HOG feature). Recognition rate Using cavities augment comparing to the individual
classifiers except MLP in majority vote and except MLP decision tree in Borda count but with
not big difference. With Hu moments results decrease comparing to MLP and SVMOVA
classifiers. recognition rate is significantly improved with Zernike moments comparing to
individual classifier especially KNN tree decision and SVMOVO, but comparing to SVMOVA
results decrease with low difference. Concerning HOG, result not improved comparing to KNN
classifier. Briefly, When the various classifiers with the same features type are combined,
performance is only improved in case of the Zernike features. For the other features type the
performances of combination are not significantly worse than the best individual classifier.

Table 7. recognition rate using various classifier combination with same features types

Cavity Hu moments | Zernike moments Hog
Majority vote 54.50 66.74 87.89 92.61
Borda count 53.4500 66.340 86.0300 89.36

Finally, we use different classifiers with various feature set. according to the previous results
we will choose the classifier which gives the great recognition rate for a type of characteristic
parameter (from one feature set). so we obtain the following combination: KNN-HOG +
SVMOVA-Zernike momentst SVMOVA-Hu moments + MLP-cavities. Results of this
combination and other shown in table 8. a recognition rate of 94.18% is obtained with KNN-
HOG+SVMOV A-Zernike moments combination using Borda count rule, this value is between
the highest recognition rate obtained by KNN-HOG 96.57%, and the recognition rate obtained
by SVMOVA- Zernike moments 88.42%.
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Due to higher classification performance of SVM, geometric transformation invariance of
Zernike moment and because of the big dimension of HOG vector which is used for the rapid
classifier KNN, we can say that this combination is very satisfied

Table 8. Recognition Rate Using Various Classifier Combination
With Different Features Types
Classifiers combination Majority vote | Borda count
KNN-HOG 90.23 91.38
SVMOV A-Zernike moments
SVMOV A-Hu moments
MLP-cavities

KNN-HOG 91.81 94.18
SVMOVA-Zernike moments

SVMOV A-Zernike moments 79.43 81.7900
SVMOVA-HU moments

SVMOV A-Zernike moments 68.78 80.2600

MLP-cavities

In comparison to other systems in table 9, our experience indicates that the above proposed
works is good but not enough. so other improvement is requested such as enriching the feature
extraction before giving them to classifiers, i.e. possibly if we add to these vectors other features
such as cavity features or end points ...etc., the results would be even better. also high
recognition rate can achieve based on preprocessing stage (Noise removal, image size
normalization -location of the digit-, ...), for further processing and feature extraction.

Table 9. Other Results on MNIST Database

Reference Methods Recognition Rate

SVM

[40] Zernike moment normalized with square root ratio AL
histogram projections

[321 | svM. bat algorithm 95.60
SVM

[46] Improved triangle features 93.18
MLP

[46] Improved triangle features 96.51

[49] KNN SVM 99.26

[50] Neural theories, Elastic Graph Matching 96508
Gabor Features

The KNN SVM MLP are the most efficient classifiers in the field of writing, so the factor
causes the result to be less than 95%.is the features used. The projection histograms missing of
the Discriminability property (the large inter-class variance) as between the number “2 and 3”,
“l and 77, “0 and 8” i.e. the histograms of 2 and 3 are similar, the same thing for the histograms
of 1 and 7 and the histograms of 0 and 8. concerning Improved triangle features which are based
on or also known as multi-zoning does not verify the reliability property (low intra-class
variance) as for digits “2 and 3 and 5, “1 and 7”. regarding Zernike moments which take into
account the invariance of geometric transformations this gives the non-separation between 6 and
9 (the rotation of 6 gives 9 and reciprocally).
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Figure 5. misclassified samples

After analyzing digits images were misclassified (figure 5) by our model, we found that the Some
possible difficulties contributing are can be categorized as follows :
- The variety of handwriting styles influence the appearance of numbers
- The similarity between numbers “1 and 77, “5 and 3”, “3 and 8”, “9 and 8”, “3 and 9” etc.
- The broken digits may be due to poor writing conditions or degraded quality introduced by
the scanning procedure and binarization processes.
- The degraded quality of images due to scanning process, writing instrument or size
standardization. Parts of the image are broken or noise is generated
- The filled circle caused by the speed of the writer, like the lower circle of the number eight
- The ends touch each other like and form circles the number three

7. Conclusion

In this paper the work is composed of two parts: feature extraction and classification. The
main objective of this research is to increase the recognition rates of handwritten digits using
features extracted from Zernike moments, Hu moments, Cavities, HOG, with various classifiers
KNN, SVM, MLP, Decision tree.

Our work achieved satisfactory results on a widely used database of handwritten digits
MNIST. HOG features give the best results, the Hu moments and cavities looks slightly worse,
but the Zernike moments are most promising considering that it realises invariance geometric
transformation. Perhaps enriching these feature by combined them with other and using image
enhancement techniques in preprocessing step will also improve features extraction performance
and conducted to better recognition rate. this can also be used in future studies.

The classification part divided to tow stage, in the first stage we compare the performance of
separately several classifiers. Using individual classifiers, HOG exhibited the highest recognition
rate of 96.57% with KNN classifier and with SVMOVA the best results 86.97% is from Zernike
moments.

Our contribution in This research mainly focus on improving classification on terms of
recognition rate by combining classifiers. Three methods are used for the combination of
classifiers: majority vote, Borda count, max rule. The experiments demonstrated that the
combination by Borda count rule of KNN using HOG features with SVMOVA using Zernike
moments, have improved significantly recognition rate from 86.97% of Zernike moments to
94.18% and decrease the recognition rate from 96.57% of HOG feature to 94.18%. This
decreasing of 2% is not considered with the increasing by 8% and provide the property of
transformation geometric invariance. Comparison to other recent work [40,32,46,50] this
combination formed a good classifier pair and provided encouraging results.
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