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GENERAL INTRODUCTION

GENERAL INTRODUCTION

As science has evolved over time, man has been able to create machines that compensate for
the limitedness of his thought and his physical incapacity and integrate them into his daily life
to alleviate difficulties. One of the most important of these is a computer which makes it easier
for man to do long and accurate calculations and do things in a few minutes or hours, compared
to the fact that it takes years if man does it himself. The latter did not stand here, but came to
make the computer mimic the human intelligence which is what is known as Artificial
Intelligence, for example, issued decisions based on what it was trained on independently,
deduced the features of things automatically, or Computer Vision that enables computers and
systems to derive meaningful information from digital images, videos, and other visual inputs.
In addition, there are several applications [1], namely: fingerprint recognition, identification of
people, recognition of defects in parts (quality control), recognition of handwritten characters,
etc. In this last application, we distinguish the recognition of handwritten digits, which will be
the subject of our work.

For a long time, writing has been considered a privileged mode of communication between
individuals. It is also a means of disseminating and preserving knowledge. Today, although the
printing press and then the computer have made it possible to automate the writing process,
handwriting remains extremely present in our world. Indeed, a mass of handwritten documents
continues to grow every day, and more and more industries and services have a need to use fast
processing techniques while ensuring the security of these documents.

In the next days, a handwritten recognition system might serve as a cornerstone to initiate

paperless surroundings by digitizing and processing existing paper documents.

1 Problem Statement

In this thesis, we are particularly interested in the recognition of isolated handwritten digits.
In general, two types of handwriting recognition systems are known: offline recognition and
online recognition. The first works on images scanned using a scanner or camera. The second
takes the data directly from an electronic pen or a digitizing tablet and transforms it into a
digitized text while writing in real-time [2]. In this work, we are interested in the first category
which is a task more complex than the other one where the number of natural classes is reduced
to ten classes (numbers ranging from 0 to 9). The difficulty in recognizing this category is due
to a large number of different fonts and differences from person to person. The writing style
may also differ according to the situation and the pen or paper used.
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Depending on the writing style and speed of the people, the digits can be diverse in terms of
orientation, size, and distance from the margins, thickness, texture, background, and stress on
some parts of numbers, etc. The human visual system is not affected by these differences in the
letters, but in an automatic system, these pose big problems. As an example, we cite postal
sorting which is one of the first applications where every day thousands of envelopes are
automatically sorted [3,4]. Like this application, there is a distinction between reading the
digital amount of bank checks and identifying the social security number. However, despite the
impressive progress of the techniques used as well as the explosion in the computing power of
computers, research on Handwriting Digits Recognition (HDR) is advancing with a recognition
performance that remains far from that of the human eye. Among the similar applications, we
mention the taxation process of bank checks, reading forms, and document indexing based on

dates (e.g., document date, birthdate, marriage date, and death date), etc.

2 Novel Contributions

The main task in offline handwriting recognition is to transform the written text into a
representation that can be understood by a machine and easily reproduced by a word processor.
The following are the processing steps: initially, a dataset is given as input. This is followed by
preprocessing, where an image is subjected to various operations like noise reduction, digit
skew correction, slant correction, normalization, smoothing, and skeletonization [5]. The result
of this phase can be given as an input to the feature generation phase.

Basically, this thesis includes the use of Convolution neural network (CNN) approach, which
is part of deep learning that is mostly utilized to group images, cluster them by similarity, and
perform picture acknowledgment within the scenes, it extracts more diverse features from each
handwritten digital image and different features sets are prepared through filter-based feature
selection as well as training an Fully Connected Artificial Neural Network FC-ANN classifier
on different feature sets. The accuracy of the final model is important as more accurate models
make better decisions.

The models with low accuracy are not suitable for real-world applications. For example, as
we mentioned earlier, the automated bank check processing system [6,7], where the system
recognizes the amount and date and bank account number on the check, if the system incorrectly
recognizes a digit, it can lead to major damage which is not desirable. That's why an algorithm

with high accuracy is required in these real-world applications.
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3 Thesis Organization

Our thesis is structured as six parts:
In the first, we have introduced the main theme of the thesis with motivations and contributions
to the field of study.

Chapter 1 describes the dataset used in this research.

Chapter 2 reports an overall review of the literature about handwritten digits recognition and

the techniques used in all phases of system development.

Chapter 3 presents the architecture of the proposed system and explains in details each phase
of its implementation starting from the preprocessing phase and ending by the recognition
phase.

Chapter 4 reports the experimental results and analysis, and discusses the achieved accuracy
rate.

Finally, we provide the conclusion and future work.

10
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CHAPTER 1

DATASET

The dataset is a collection of related sets of information that is composed of separate
elements but can be manipulated as a unit by a computer. It can be video files, images, texts,
sounds, or even statistics in the form of an information matrix usually used to train models.
However, when it comes to building practical Al systems, the data set on which it is trained is
just as important as the accuracy of the choice of algorithm.

As part of this project, we have used a subset of the handwritten digits taken from the
available datasets of the Modified National Institute of Standards and Technology (MNIST). It
was extensively studied by the machine learning community for more than two decades to train
and test different pattern recognition methods (models). Basically, it was created in 1998 as a
combination of two National Institute of Standards and Technology (NIST) datasets written by
high school students and employees of the US Census Bureau [8]. MNIST is a collection of
70000 digits images written by 250 individuals in their own handwriting. This collection
contains 60000 samples (Table 1.1) for training and 10000 samples for testing [9], with each
sample bearing a label identifying the class they fall under (Figure 1.1). All digits’ images are
size normalized to fit in a 28x28 pixel box while preserving their aspect ratio before they go
through the image preprocessing phase. Finally, the output images contain gray levels as a
result of the anti-aliasing technique used by the normalization algorithm. See Figure 1.2.

MNIST dataset is very useful in such fields of research because it is free [10] and the images
are already preprocessed. Moreover, it is the largest dataset available on the web for handwritten

digits.
28
28
Figure 1.1 : 8 labeled 28*28 Grayscale color digit

11
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Figure 1.2 : Example of the MNIST database

In our work, we used MNIST digits images to train and test the proposed recognition system.
Table 2.0 describes how data is divided into a training sample which includes 60000 images, a

testing sample of 10000 images, and 10 output classes represent the handwritten digits.

Class Number of samples
Train Data Test Data Total
‘0’ 5923 980 6903
‘1 6742 1135 7877
‘2 5958 1032 6990
‘3 6131 1010 7141
‘4’ 5842 982 6824
‘5’ 5421 892 6313
‘6’ 5918 958 6876
7 6265 1028 7293
‘8’ 5851 974 6825
‘9’ 5949 1009 6958
All 60,000 10,000 70,000

Table 1.1: MNIST Handwritten Digits used in training and testing

12
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CHAPTER 2

LITERATURE REVIEW

Handwritten digits recognition has become a challenging issue among specialists. There is
a large number of studies and researches published these days about it.

In 1995, Support Vector Machines (SVM) have been used for the first time in handwritten
digit recognition systems [11]. Convolutional neural networks have also been used to recognize
handwritten numbers, especially on MNIST data. Most models have achieved high recognition
accuracy between 98% and 99% [12]. They are attempting to expand the precision with fewer
mistakes in CNN. The time factor is also considered for training the system, these works that
we will mention are all applied on the MNIST dataset.

The Deep Belief Networks (DBN) with three layers along with a greedy algorithm were
investigated for the MNIST dataset and reported an accuracy of 98.75% and error rate of 2.49%
[13]. Also, Fatma Siddique et al. In [14] used 7 layered CNN model with 5 hidden layers along
with gradient descent and back prorogation model to find and compare the accuracy on different
epochs, thereby getting maximum accuracy of 99.2% with (15 epochs), and an error rate of
2.63%.

In [15], R. Ebrahimzadeh and M. Jampour proposed an appearance feature-based approach
which processes data using Histogram of Oriented Gradients (HOG), and linear SVM has been
employed as a classifier. The accuracy rate reaches 97.25%. Moreover, R. Dixit et al. compared
the accuracy of three models on the MNIST dataset: Support Vector Machines (SVM), Multi-
Layer Perceptron (MLP), and Convolution Neural Network (CNN) models [16]. They
concluded that the best model is CNN in terms of training time, accuracy which is 99.53%, and
the error rate of 4%.

Younis and Alkhateeb [17] provided the implementation of Deep Neural Network (DNN)
models on MNIST dataset for solving handwritten OCR problem. Models are capable of
extracting important features without preprocessing with an accuracy of 98.46%. On the other
side, Gupta et al. in [18] proposed a novel multi-objective optimization framework for
identifying the most informative local regions from a character image. The work was also
evaluated on isolated handwritten English numerals MNIST dataset, along with three other
popular Indic scripts, namely, handwritten Bangla numerals and handwritten Devanagari
characters. The authors used features extracted from a convolutional neural network in their

model and achieved 98.92% recognition accuracy.

13
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A context-dependent Deep Neural Network and Hidden Markov Model for large vocabulary
speech recognition is proposed in [19]. The system is tested for both MNIST and TIMIT
database. By using MNIST, 0.83% error rate is calculated. The high recognition accuracy of
99.73% on the MNIST dataset is achieved while experimenting with the famous committee
technique of combining multiple CNNs in an ensemble network from 7-net [20]. The work was
further extended into 35-net where the accuracy increased to 99.77%, with an error rate of
0.39% [21]. Also, Niu and Suen integrated the CNN and SVM for MNIST digit database and
reported a recognition rate of 99.81% which is the highest training accuracy for a hybrid model
[22].

Ghosh and Maghari [23] conducted a comparative study on three neural network approaches
demonstrating that DNN was the best algorithm with 98.08% accuracy. However, every neural
network has some error rate due to similarity in digit shape. In addition, Hamid et al. [24] used
three different classifiers, namely KNN, SVM, and CNN, to assess the performance on MNIST
datasets. The performance of Multilayer perceptron on that platform was not up to mark as it
wasn’t able to accurately recognize digits 6 and 9, and stuck in the local optimal rather than
global minimum. With the implementation of Keras modality, it was reported that accuracy was
improved on CNN as other classifiers, performed accurately 99.26%.

A different work applied three classifiers SVM, ANN, and CNN to recognize digits with
noise. It demonstrated that SVM, ANN, and CNN systems can achieve high accuracy in the
recognition of handwritten digits on documented images [25].

In this dissertation, we search for the best algorithms in terms of highest recognition
accuracy, lowest error rate, and fast execution, using MNIST data of handwritten digits.

14
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CHAPTER 3

THE PROPOSED RECOGNITION SYSTEM

In this research, we developed a system for handwritten digits recognition which processes

data using Convolutional Neural Networks. We seek an efficient and effective model in terms

of recognition accuracy, computational time, and high efficiency for feature extraction.

However, these depend directly on the accuracy of the enhanced images, and if the variations

of data could be kept minimum. The next section introduces the first phase in the development

of the handwritten digits’ recognition model.

Preprocessing

Filtering

Grayscaling

—>

Binarization

Classification

Predicted output

A

Recognition

A

Thinning

—>

Normalization

Features extraction

Figure 3.1 : The main phases of the proposed recognition

system
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1 Preprocessing

Generally, after we collect the data from different data resources that are considered a raw
data, in usual cases it has some noise, missing values, or is represented on unsuitable format
which needs to be handled correctly. The quality of the data should be checked before applying
machine learning or deep learning algorithms so it firstly goes throw a crucial and mandatory
task known as preprocessing. In this step, we apply many techniques of transforming, cleansing,
cleaning our data from wrong values and fill the missing ones and put it in the right format in
order to ensure or enhance the algorithm performance when results achieve high accuracy. As
long as we are interested in deep learning problems, we often deal with images as our input
data. The preprocessing phase passes through many steps accomplished by different algorithms
as described next.

1.1 Gray scaling

Before we do any sort of manipulation on the collected images, we already realized that it is on
RGB color channeling (Figure 3.2, Figure 3.4) which needs 32 bits of space to represent each
pixel in each single image so it consumes a lot of hardware capacities in the other side we got
a commonly used solution by transforming these images in gray color level.

The gray level is the value of the light intensity at a point. Grayscale images are obtained
using multiple gray shades (256 gray shades available, from black to white-passing through a
finite number of intermediate levels) between 0-255 to every one pixel on the image (Figure
3.3, Figure 3.5) that takes only 8 bits of space according to the formula shown below:

Grayscale value = (red value + green value+ blue value) /3. (1)

0=< Grayscale value <256

X Canvaz
—

Red Channel
Green Channel

Blue Channel Sl ﬂnEpiIEl

Figure 3.2 : Image RGB color channels

Figure 3.3  : gray image pixels
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There are 3 methods to render the grayscale image [26]: the lightness method averages the
most prominent and least prominent colors, the average method, and the luminosity method
which forms a weighted average of the RGB colors. This preprocessing step is necessary so as
to overcome the problems that may arise due to the use of pens of different colors and different
intensities on various noisy and colored backgrounds.

The output of Gray scaling step is applied to the digit 4, as shown in Figure 3.4 and Figure 3.5.

Figure 3.4 : Image of the digit 4 on RGB Figure 3.5: Grayscaling image of the digit 4

1.2 Binarization

This process stands for the conversion of the gray image (Figure 3.5) into the bi-level of
colors [27] (Figure 3.6) we mean by that only black and white colors for a purpose of classifying
background pixels (0) from the foreground pixels (1) aim to increase the distinguishability also
give the images more segmentation in our study case digits that we will feed it to our deep
learning model to train. The binarization algorithm must preserve the maximum useful
information and details present in the original image, and on the other hand, it must eliminate
the background noise in an efficient way.

Many methods for document image binarization have been introduced in the literature, and
these methods can be broadly categorized into three major groups: threshold-based methods,
optimization-based methods, and classification-based methods.

1.2.1 Threshold-based methods

Thresholding is a process of converting a grayscale input image to a bi-level image by using
an optimal threshold [28].
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0if In(xy)<T
Ib(x,y)= )
1if In(xy)>=T

In(x, y) describes the intensity at "n" gray levels at each point of the image, Ib(X, y)
represents the intensity at two levels and T is the binarization threshold. If In(x,y) is greater
than the threshold value then the image point corresponding to the maximum intensity value
(white) is assigned. Otherwise, the point is considered black and assigned the minimum
intensity value, and we calculate the threshold in the following way:

1. Select an initial estimate for T. (A suggested initial estimate is the midpoint between the

minimum and maximum intensity values in the image.

2. Segment the image using T. This will produce two groups of pixels: G1, consisting of all

pixels with intensity values > T, and G2, consisting of pixels with value < T.
3. Compute the average intensity values pl and p2 for the pixels in regions G1 and G2.
4. Compute the new threshold value: = % (+).

5. Repeat steps 2 through 4 until the difference in T in successive iterations is smaller than a

predefined parameter To.
Also, there are two main categories of threshold-based binarization methods:
1.2.1.1 Global binarization

In which a single threshold value is applied for all pixels of the image [29,30], but it fails for
the images with complex background means like uneven illumination, background noise, bleed
through, and variation in illumination and contrast. Choose an optimal threshold is considered
a challenge because the erroneous threshold estimation leads to pixels misclassification. We
have used this technique in our model, specifically the Otsu algorithm [31].

Otsu’s method is a popular global binarization technique, it divides the pixels into two
classes one is foreground and the other is background (Figure 3.6). It chooses an optimal
threshold that separates the image into two different classes. The threshold value is chosen such

that the within-class variance is minimized and the between-class variance is maximized.

18



Chapter 3- Proposed recognition system

A

Figure 3.5: Grayscaling image of the digit 4 Figure 3.6 : Binarization image of the digit 4

1.2.1.2 Local binarization

Instead of one threshold value for the whole image, this method uses different types of
threshold values for each pixel depending upon the neighborhood pixels [32], the output results
of these methods have shown that they give a lot of details, therefore present highly noisy
backgrounds, sometimes even completely hide the writings.

Itis for this reason that our choice of the method of binarization is carried on a global method
of the fixed threshold. Some of the most prominent algorithms are: Niblack’s Method [32],
Adaptive Method [33], Sauvola’s Method [34], Bernsen’s Method [35], and Nick’s Method
[36].

1.2.2 Optimization-based methods

Researchers have recently introduced another class of methods in which binarization is
formulated as an optimization problem. In most of these methods, typical examples include the
use of Markov Random Fields (MRF) for binarization and intensity variation reduction using
the Laplacian kernel [37].

1.2.3 classification-based methods

Methods belonging to this category are comparably new in the domain of document image
binarization. supervised and unsupervised machine learning methods [38,39] have been applied
to binarize document images.

1.3 Thinning

Such a process is a preprocessing operation of pattern recognition since a thinned object is
easier to trace and hence is easier to recognize. It called a thinning algorithm, and the result is
called a skeleton.

The basic idea of thinning according to this approach lies in the generation of a skeleton with
a one-pixel width (Figure 3.7), this is done by iterative layer-by-layer erosion until only some
skeleton like shape features are left. Thinning algorithms use reduction operators that transform

binary pictures (Figure 3.6) (i.e., images containing only black and white points) only by
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changing some black points to white ones, which is referred to as deletion of dark points along
the edges of the pattern until it is thinned to a line, the points to be preserved are called terminal
points or endpoints.

All thinning algorithms can be classified as either iterative or non-iterative [40].

1.3.1 Iterative method approaches

Thinning algorithms produce a skeleton by examining and removing the unwanted pixels
through an iterative process in either a sequential or parallel way.
1.3.1.1 Sequential algorithms

Contour points are examined for deletion in a predetermined order. These algorithms have
an advantage over raster scans because they require the examination of only the contour pixels
instead of all the pixels in every iteration [41].

1.3.1.2 Parallel algorithms

This algorithm uses the directional strategy according to the North, South, East, West
sequence: all the simple points having their North neighbor in the complementary are deleted
in parallel, then all the simple points having their South neighbor in the complementary are
deleted in parallel, and so on.

The usual practice is to use 3 x 3 neighborhoods but to divide each iteration into sub
iterations or sub-cycles in which only a subset of contour pixels is considered for removal. At
the end of each sub-iteration, the remaining image is updated for the next sub-iteration [42].

Parallel algorithms are considered superior for various reasons. Firstly, the deletion retention
of a pixel in a sequential algorithm is more unpredictable, because the result depends partly on
the order in which the pixels are processed. Since parallel algorithms examine all pixels
simultaneously using the same set of conditions for pixel deletion, the results could be more

isotropic.

A

o 5 50 75 100 125

Figure 3.6: Binarization image of the digit 4 Figure 3.7 : Thinning image of the digit 4
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1.3.2 Non-iterative method approaches (non-pixel based)

These methods produce a certain median or centerline of the pattern to be thinned directly
in one pass, without examining all the individual pixels [43]. Unfortunately, these techniques
are difficult to implement and slow as well.

Generally, one of the disadvantages of the skeletonization algorithms, is the alteration of the
shape of digits such as the reduction of the double and unique diacritical points in the shape.

1.4 Smoothing and Noise Removal

Noise reduction consists of detecting and eliminating the pixels that represent it. Smoothing
and suppression of noise (parasites) can be achieved by subjecting it to a process called filtering
[44,45].

Filtering is a neighborhood operation, the value of a pixel is replaced by the value of a
function applied to this pixel and its 8 neighbors (north, northwest, east, etc.). In the field of
handwriting recognition, several types of filtering can be considered depending on the type of
noise encountered or the desired processing.

There are two major groups of filters available:

1.4.1 Linear Filters

Like the smoothing filter that reduces the amount of spatial intensity variation between one
pixel and its surroundings and the sharpening filter that emphasizes the fine details of an image,
or the Gaussian filter [46] (Figure 3.8).

gaussian filtered without filter

L‘

grayscaling grayscaling
T z ke

e
binarization binarization

kl [l

thinning thinning

Figure 3.8 : Image of the digit 4 with Gaussian filter 5x5 and without it.
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There is a noticeable change when applying the Gaussian filter in the thinning step, where
we notice the deletion of some small fonts, and this helps in a good recognition of the digit.
1.4.2 Non-Linear Filters

These are used to remove impulse noise and negative outlier noise, and enhance dark values
in the image, such as:
The median filter is a non-linear digital filtering technique, used to remove noise from an
image or signal. Median filtering is very widely used in digital image processing because, under
certain conditions, it preserves edges while removing noise in addition to the maximum,

minimum, and range filters.

Generally, filters are distinguished according to the action they have on the spectrum (i.e.,
by the shape of their transfer function) [47]:
1.43 Low pass filters (smoothing)

This type of filtering consists of attenuating the components of the image having a high

frequency (dark pixels), it is generally used to attenuate the noise of the image. This is why we
usually talk about smoothing [48], for example:
The moving average filter which is a simple Low Pass FIR (Finite Impulse Response) filter
commonly used for smoothing an array of sampled data. It takes L samples of input at a time
(First Figure 3.9), and takes the average of those L samples and produces a single output point
(Second Figure 3.9).

As the filter length increases (the parameter L) the smoothness of the output increases. The
MA filter performs three important functions: It takes L input points (Figure 3.10), computes
the average of those L-points, and produces a single output point (Figure 3.11).

Frst Second

Figure 3.9 : The moving average filter with L=9x9
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Figure 3.10 : Histogram of digit 4 Figure 3.11 : Histogram of digit 4 with moving

average filter

1.4.4 High-pass filters (emphasis)

Unlike low-pass, they attenuate the low-frequency components of the image and allow, in
particular, to accentuate contours and their extraction. This is why we usually speak of
accentuation.

1.5 Normalization

It is specifically applied to the foreground of an image only. Input numeral images may have
lots of variation in size as writing style varies from one individual to another, this leads to the
need of scaling the digit size within the image to a standard size (Figure 3.12), as this may lead
to better recognition accuracy, in this dataset MNIST handwritten digits images are already size
normalized and centered.

This operation generally introduces slight deformations on the images, certain characteristic
features such as the ascender in the digit image can be eliminated following the normalization,
which can lead to confusion between certain digits classes. There are three types of

normalization methods:

1.5.1 Skew normalization

It is used because of the different types of handwriting fonts, the skew can damage the
effectiveness of line recognition, so it is easy to detect and correct the baseline [49].

1.5.2 Slant normalization

The slope of the number in the parchment is called Slant. Formally, the number slant is
defined as the angle between the longest term of the number and the vertical direction. One of
the used methods is based on the center of gravity, another method uses the projection profiles

and some used a variant of the Hough transform [51].
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1.5.3 Size normalization

Character size may vary from one font to another and even within the same font after
enlargement or reduction. This technique calculates the center of gravity of the entered shape,
then aligns the centroid (center of gravity), position and shape (dimension) of a number's image
[52].
The result of this step appears in Figure 3.12.

Before normalization [2] m Z| ﬂ m m

J

After normalization [9] [U m ﬂ E?ﬂ H

Figure 3.12 : Normalization of handwritten digits

2 Features Extraction

2.1 Introduction

The most important characteristic of large datasets when it is related to Al or machine
learning problems is that they have a large number of variables or features, these variables
require a lot of computing resources to process. The most important machine learning
technology comes to perform features engineering or more specifically features extraction that
defined as a part of the dimensionality reduction process. It is an initial set where the raw data
is divided and reduced to more manageable groups which are easier in the processing phase
[53]. So, feature extraction helps to get the best feature from those big data sets by selecting
and combining features thus effectively reducing the amount of data, also enhancing model
accuracy while at the same time describing the actual data set with accuracy and originality.
These feature extraction tasks are done manually by machine learning specialists till an
effective deep learning architecture comes to automate this task. This is exactly what we are
discussing in the next sections where we employed CNN to extract features from handwritten
digits images.

2.2 Features extraction with CNN

In the first place, CNN contains a convolutional layer which is the main key behind features

extraction, it takes an image as input and also specific pre-configured matrix known as filter or

kernel and applies dot multiplication across every possible patch on the image depending on
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fixed filter sliding amount (n*n stride) to detect simple patterns. This process called features
filtering which produces a convolved feature map from the original image. In addition, we can
use multiple filters on the same image and we apply a nonlinearity activation function (relu) on
each single instance in the features map. Figure (3.13, 3.14), describes an illustrative example
to the hole previous steps that we explain by the stride 1*1 a 3*3 kernel:

Criginal Image Feature Map

¥ {71! i'lli |
i

—

Filter

Figure 3.13 : Image filtering preview

KERNELS AND CONVOLUTION

Convolved Image

Figure 3.14 : llustrative image about kernals and convolution 2

The next layer that comes above is a pooling layer and it is as important as the convolutional
layer. It is used to reduce the dimensions of the feature maps by keeping only the most important
parts and discarding the others. As a result, it reduces the number of parameters to learn and the
number of computations performed in the network. We can divide the most used pooling layers

into two types:
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2.2.1 Max Pooling

Max pooling is a pooling operation that selects the maximum element from the region of the
feature map covered by the filter. Thus, the output of the max-pooling layer would be a feature

map containing the most prominent features of the previous feature map figure 3.15.

Max Poal

e

Filter - (2 x 2)
Stride - (2, 2)

Figure 3.15 : Max-pooling

2.2.2 Average Pooling

Average pooling computes the average of the elements present in the region of the feature
map covered by the filter. Thus, while max-pooling gives the most prominent feature in a
particular patch of the feature map, average pooling gives the average of features present in the

patch figure 3.16.

Average Pool

—_—

Filter - (2 x 2)
Stride - (2, 2)

Figure 3.16 : lllustrative image of Average pooling

3 Recognition

3.1 System Design and Training

In this chapter, we discuss the Convolutional Neural Network that was applied in this work
to achieve the highest possible accuracy in handwritten digit recognition. Our architecture can

be decomposed into two main units: the feature extraction unit and the decision unit.
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3.1.1 Features Extraction Unit

We have set up a feature extraction unit from three convolutional layers with 128 (3x3)
filters for the first layer, 256 (3x3) for the second convolutional layer, and 512 (3x3) filters for
the last convolutional layer. Each one followed by a pooling layer with a dimension of 2x2 and
an amount of displacement equals (3) [54] and [55]. In the beginning, we inserted the images
in the form of matrices (the input layer) in the first convolutional layer where we scan the image
from left to right by the filter by multiplying each value in the matrix that represents the raw
image with the corresponding value of the filter matrix (filter weights matrix). Then, we
recorded the result in a new matrix. After that, we shift the filter matrix by a predetermined
amount (we mean a stride with size 1x1) and we repeat the process until we reach the end of
the image matrix so that a new feature map with dimensions is produced for us to be calculated
according to the following equation:

K=[(N-M)/S]+1 ©)

Where N is the size of image matrix, M is the size of kernel matrix, S is the size of stride
matrix, and K is the size of the feature map. After that, the convolved output (features map)
goes inside the batch normalization layer that increases the learning speed and stability by
normalizing the previous layer outputs for the next layer, by subtracting the batch mean and
dividing by the batch standard deviation. As a result, it helps to avoid weights and biases to
become imbalanced with extremely high and low values which will over-influence the training
process.

Following, we apply the activation function Relu (rectified linear unit) to this matrix that
performs an element-wise operation and sets all the negative pixels to 0. It introduces non-
linearity to the network, and the generated output is a rectified feature map, we represent it as

a distinct layer in our work. Below is the graph of the ReLu function:

flu) = maxiD, u)

Figure 3.17 : Relu activation function Graphic curve
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Since the network structure with a deeper number of layers is usually used in image
classification tasks, this function improves the nonlinear ability of the network and avoid the
gradient disappearance or the gradient explosion after multiple iterations of the network [43].
To demonstrate how the above calculation was done, we take an example of a 4x4 image, 2x2

filter, and 1x1 stride where:

1) 1) ()
X W Z A

(1) (1) (1) (1) (1) (1) 1) (1)

Xp | X2 | X3 | % * | Wi W = Iy |2 | 2 = a, [ a;| as
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X3 | X1a | X15 | X316
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2y = Wi Xs + Wh X, + Wy X, + Wi Xg Py ={3,4,7,8)

zf:] = w[11])<5 + wtzlixG + \J\};J Xg + wEi}xlo F“T =1{5,6,9,10}

2 = Wy Xe + Wy Xp + Wi Xgo + Wi X1 P ={6,7,10,11}

2:31) = Wiil}x? + Wz[l’l‘a + W;;‘n + "-""'t::}‘u Pt;} ={7,811,12)

Z;” = W[11}X9 + Wz[i’]‘w + \"‘};JXH + Vﬂ‘ﬂ X14 Pt?'} ={5,10,13,14}
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Figure 3.18 : Illustration of how we calculate convolved image

X represents image pixels.

W represents kernel weights(filter).
Z convolved image.

g activation function.

A rectified feature map.

Then we the convolved image into the pooling layer that we explained previously where the

important features are selected and the rest are disposed according to the type of pooling layer
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we used. Therefore, if we use the Max pooling, we will choose the largest value in the selected
zone while if we use the average scaling, we will choose the median of the selected region. In

our study case, we work with the Max pooling layer [54].

Rectified feature map

1 4 2 7 Pooled feature map
max pooling with 2x2 filters
2 . . - and stride 2 : 8
ﬁ } ol 7 ' a | 7
r Y
1 3 1

Max(3,4,1,2)=4

Figure 3.19 : lllustration of pooled feature map

Hereafter, we put a dropout layer for the purpose of preventing overfitting. This layer simply
drops out neurons at a given probability in the training phase. Dropped-out neurons are counted
as zero on the forward pass and their weights are not updated on the backward pass. By dropping
out, randomly different “thinned” networks are trained that are sharing the weights. As a result,
the network becomes less sensitive to the specific weights of neurons. This makes the network

capable of better generalization and less likely to overfit the training data [57].

(a) Standard Neural Net (b) After applying dropout.

Figure 3.20 : Illustration of after and before dropout neurons

The output of this transformation is considered as the input of our next second convolutional
layer then we do the same process and we repeat it again for the third conv layer until we get
pooled feature map from the last pooling layer. Before we go to the decision subnet, we should
make a crucial step which is the flattening process. In other resources, it is considered as a

separated layer (flatten layer).
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Figure 3.21 : The architecture of the proposed feature extraction unit

e Flattening Process

Flattening is used to convert all the resultant 2-dimensional arrays from pooled feature maps
into a single long continuous linear vector. The flattened matrix is fed as input to the decision
subnet.

-

{\Cﬁ"'f&nintj

£ully-connected layers

Figure 3.22 : The flattening process in features extraction phase

3.1.2 Decision Unit

We have reached the main part, which is the fully connected neural network, through which
our model is trained to make the right decision in classifying the input images. This is done by
a series of learning from making mistakes and adjusting them. We divide our ANN into an input
layer (vector from the flattening process), a first hidden layer with 256 nodes and RelLu

activation function, a second hidden layer with 128 nodes and ReLu activation, a third hidden
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layer with 16 nodes and ReLu activation function, and an output layer with 10 nodes with a
SoftMax activation function.

In the next subsection, we will describe the proposed neural network, and how it is trained.
o Artificial Neural Network

An Artificial Neural Network is an artificial simulation of the human brain structure and its
components neurons, synapses, and so on. ANN consists of 3 major layers input, hidden, and
output layers where every single layer is defined as a group of neurons (nodes) interconnected
with weights, collaborating to do our classification task [58, 59] as described in Figure 3.23.

Input Layer
Hidden Layer 1
Hidden Layer 2

Qutput Layer

Figure 3.23 : ANN general architecture
e Input layer

The input layer of a neural network consists of input artificial neurons that bring the data
into the system from which our neural network has to learn from, for further processing by
subsequent layers attached with a set of random weights at the beginning. In the case of our
study, the vector generated by the flattening process is fed to our NN as input data.

e First Hidden layer

It is a set of 512 artificial neural units where each node works as follows:
The inputs (x) received from the input layer are multiplied by their assigned weights w then
adding all these products gives us the weighted sum. The weighted sum of the inputs and their
respective weights are then applied to Relu activation function which becomes the inputs of the
next hidden layer after we drop random neurons that match drop out amount. Figure 3.24

explains this task below:
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Single Neuron Functionality

Output
°—>Y = f(H)

H= + + +

Y = f(H)

Input

Figure 3.24 : Explanation how single neuron works

< W represents the weights between the nodes in the previous layer and the output node.
< X represents the nodes' values of the previous layer.

<3 B represents the bias, an additional value that is present for each neuron. Bias is basically
a weight without an entry term. It is useful to have an additional amount of adjustability that

does not depend on the previous layer.

X H is the intermediate node value (weighted sum). This is not the final value of the node.

F(H) is an activation function and is something we can choose.
<> Y is the final value of the node.

e Second Hidden layer

This layer consists of 128 neurons that takes the output of the previous layer as input, and
we do the same process that we went throw in the first hidden layer. We will drop out all the
neurons that hold a value of 0.2 or less after we run the activation function on the intermediate
value.

e Third Hidden layer

Itis also a set of 16 artificial neural nodes and it works as the same as the first and the second
hidden layers. We repeat the same workflow but here we don't use the drop out technique
because of the small number of neurons. The Al scientists advise to use the drop out layer when
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there is a large number of artificial units stacked together and it has a proportional relationship
with the drop out layer value.

e Output layer

The output layer is where we are supposed to get the targeted value. This represents what
exactly our neural network is trying to predict or learn. Usually, it takes the output of the
previous layer multiplied by weights and the softmax activation function is applied to generate
the final values. They are known as the classification result appears in the form of a vector
which contains 10 probability values from min 0 to max 1, and represents the percentage that

our input image is under this class, figure 3.25 illustrates clearly the output layer.

Output Softmax .

layer activation function Probabilities

1.3 ] 0.02]

2.2 |==— b | 0.05
v

0.7 =1 0.01

[ 0.02)

Figure 3.25 : The output layer in CNN

This process that we have gone through is called forward propagation. All the above-
described layers are presented in Figure 3.26. We'll explain in the next lines how our model

corrects the learning mistakes if the class prediction is wrong.
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Figure 3.26 : The CNN classifier
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After we get the predicted classification, we calculate the prediction error using the error

function (cost function). We use Cross-entropy loss, or log loss function in our model to

measure the performance of the classification phase by calculating a separate loss for each class

label per observation and summing the result [60]. See formula 4.

output

size

Loss = — Z y; - log ¥, )
i=1

Figure 3.27 describes in details the working method of Cross-entropy loss function where:

L represents the desired output.
S represents the predicted output.

D represents the cost function(cross-entropy).
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Figure 3.27 : How cross-entropy loss function works

Afterward, we backpropagate the loss through every single hidden layer of our model to
update the trainable params (weights, biases, and kernels weights) by making the multiple
partial derivatives accomplish our target to find the derivative loss/weights using the chain rule

as shown in formula 5.
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New weight values are deduced according to the following formula:
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Last but not least, we mention that the training process was performed using 60000 input
images that reside in MNIST dataset. Thus, we make forward pass and backpropagation 60000
times. Eventually, once the training process is accomplished, we evaluate the model in Figure
3.28 with the validation dataset using several evaluation techniques (classification accuracy,

recall, etc.) with the goal of fine-tuning our model hyperparameters.

: Tweak model according to
: resulis on Validation Set

Pick model that does best Confirm results on

on Validation Set - Test Set

Figure 3.28 : Schema of steps to train & test a model
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Accuracy = ¢ )

(TP+FP+FN+TN)
8
True Positives
Recall =

True Positives + False Negative )
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3.2 Testing the model

Once the training process is done, the proposed model that we feel confident about based on
the least error rate and high approximate prediction will be evaluated and tested with a test
dataset that contains 10000 images. This phase is compulsory to ensure that the model still
perform well and match with the validation dataset results. Therefore, if we find the model
accuracy is high, then we must ensure that the test/validation sets are not leaked into our training

dataset.
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CHAPTER 4

EXPERIMENTAL RESULTS

This chapter introduce the performance evaluation of the proposed CNN model which is
used in the recognition of handwritten digits. We have used MNIST dataset from Kaggle [61]
that is a subsidiary of Google LLC [62].

We divide this chapter into two parts as follows:

1 Discussion of the Obtained Simulated Results

The determination of the proposed network architecture is not a trivial task. Indeed, the
structure which gives the best performance is only obtained after a series of experiments.
This part discusses the parameter settings, as well as the classification results by using
TensorFlow [63] and keras [64] as our backend.

We will conduct the experiments by modifying the values of the input parameters in order
to get results for different scenarios and then analyzing these results to draw knowledge and
conclusions about the system under study. Among the input parameters that can be used, we try
to investigate variants of CNN architecture with three layers (CNN_3L) and variants of CNN
architecture with four layers (CNN_4L). A convolutional layer is parameterized by the size and
the number of the maps, number of fully connected layer nodes, dropout, and epochs.

1.1 The settings architectures

A convolution layer is introduced by the Conv2D function of the sequential model of a
convolutional network in our environment:

Conv2D (filters, kernel size, activation, padding, stride).

1.1.1 The number of convolution filters (15 epochs and size (3,3)

Model CNN_3L CNN_4L
Acc BN Acc time | Acc [N Acc time
filters train QRICIMN test (S) | train WEIEUM test (S)

Layer 1=16 99.70 ORZ3N 99.43 121 | 99.62 Wwayam 98.61 136
Layer 2=128
Case 1 | Layer 3=32

Layer 4=16 -
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Layer 1=512 | 99.74 HoNgA 99.36 211 | 99.77 poN{Em 99.19
Layer 2=64

Case 2 | Layer 3=128
Layer 4=512 7-7

226

Layer 1=128 | 99.80 JMeNZSN 99.38 196 | 99.75 Kz 99.33 301
Layer 2=256
Case 3 | Layer 3=512
Layer4=1024 - -
Layer 1=512 | 99.72 puokiEM 99.31 271

Layer 2=256
Case 4 | Layer 3=64

Layer 4=32 -

Table 4.1 A Comparison between different architectures and number of filters maps (MNIST)

271 | 99.67 EwMUNE 99.18

In this table, we changed the number of filters for convolutional layers each time and we see
the results of the accuracy and error ratio for each model, where the first column represents the
training accuracy, meaning a set of 60,000 training images, while the second column represents
the training error rate, the third column represents the testing accuracy, meaning a set of 20000
testing images, and the last column in each model represents the testing error percentage.

In case 1, we set the number of convolutional layer filters in a convex manner (ascending after

that descending) as follows:

Layer 1 16 filters Layer 1 16 filters
For model CNN_3L Layer 2 128 filters For model CNN_4L Layer 2 128 filters
Layer 3 32 filters Layer 3 32 filters

Layer 4 16 filters
In case 2, we set the number of convolutional layer filters in a concave manner (descending

after that ascending) as follows:

Layer 1 512 filters Layer 1 512 filters
For model CNN_3L Layer 2 64 filters For model CNN_4L Layer 2 64 filters
Layer 3 128 filters Layer 3 128 filters

Layer 4 512 filters

In case 3, we set the number of convolutional layer filters in an ascending manner as follows:

Layer 1 128 filters Layer 1 128 filters
For model CNN_3L Layer 2 256 filters For model CNN_4L Layer 2 256 filters
Layer 3 512 filters Layer 3 512 filters
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Layer 4 1024 filters

In case 4, we set the number of convolutional layer filters in a descending manner as follows:

Layer 1 512 filters

Layer 1 512 filters

For model CNN_3L Layer 2 256 filters For model CNN_4L Layer 2 256 filters

Layer 3 64 filters

Layer 3 64 filters
Layer 4 32 filters

After analyzing the results of (Table 4.1), we note that as we increase the number of layer

filters in upward manner, from the first layer to the last layer, the training accuracy increased

with a positive relationship, so we choose the case 3.

Note: Actually, we did not rely on the data mentioned in the above table only to make our

decisions, but we also made other tests not mention here.

1.1.2 Size of filters (15 epochs)

Model CNN_3L
Acc Loss RBWA(«s
Filters size train [RIE test

Layer 1=(3,3) | 99.77 JINEM 99.37
Layer 2=(3,3)
Case 1 | Layer 3=(5,5)

Layer 4=(5,5) -

Layer 1=(3,3) | 99.78 KYAN 99.32
Layer 2=(5,5)
Case 2 | Layer 3=(3,3)
Layer 4=(3,3) -
Layer 1=(5,5) | 99.79 KM 99.25
Layer 2=(3,3)
Case 3 | Layer 3=(3,3)
Layer 4=(5,5) -
Layer 1=(3,3) | 99.80 JMoNZ SN 99.38
Layer 2=(3,3)
Case 4 | Layer 3=(3,3)
Layer 4=(3,3) -
Layer 1=(5,5) | 99.78 KA 99.38
Layer 2=(5,5)
Case 5 | Layer 3=(5,5)

Time
(S)
286

215

195

196

332

CNN_4L

Acc NS Acc Time
train ERIETMN test (S)

99.77 ONA 705
99.75 KL 335
99.78 NE] 615
99.75 KL 301

750

99.79 HUNEEE 98.93
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sveeo] N | N

Table 4.2 A Comparison between different architectures and size of filters (MNIST)

In this table we have changed the size of the convolutional layer filters each time and then
see the results associated with each instance, we used only popular filter sizes 3x3 and 5x5 and
then tested as much as possible for possible cases.

From (Table 4.2) we conclude that the best choice for filters size is 3x3 for both models
because it is medium-sized and very common in use in the convolution layers, we also note that
the larger the size, the longer the training period.

1.1.3 The number of fully connected layer nodes (15 epochs)

Model CNN_3L CNN_4L
Acc NS Acc Time | Acc NS Acc Time
Nodes train ERIEUMM test (S) train ERIEUM  test (S)

Layer 1=64 | 99.75 HUNEEE 99.29 180 | 99.71 WeEyAm 99.30 302
Case 1 | Layer 2=32
Layer 3=128
0.65 12,64 |

195 | 99.79

Layer 1=512 | 99.79 WUKkEM 99.40
Case 2 | Layer 2=128

Layer 3=16

Layer 1=128 | 99.77 IS 99.32
Case 3 | Layer 2=512

Layer

3=1024

Layer 1=256 | 99.77 UKt:3M 99.28
Case 4 | Layer 2=512

Layer 3=128

Table 4.3 A Comparison between different architectures and number of fully connected layer
nodes (MNIST)

In this table we have done almost the same methodology as Table 4.1 but applied it to the
fully connected layers as shown next:
In case 1, We set the number of fully connected layer filters in a concave manner (descending

after that ascending) as follows:
Layer 1 64 nodes Layer 1 64 nodes

For model CNN_3L Layer 2 32 nodes For model CNN_4L Layer 2 32 nodes
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Layer 3 128 nodes Layer 3 128 nodes

In case2, we set the number of fully connected layer filters in a descending manner as follows:

Layer 1 512 nodes Layer 1 512 nodes
For model CNN_3L Layer 2 128 nodes For model CNN_4L Layer 2 128 nodes
Layer 3 16 nodes Layer 3 16 nodes

In case3, we set the number of fully connected layer filters in an ascending manner as follows:

Layer 1 128 nodes Layer 1 128 nodes
For model CNN_3L Layer 2 512 nodes For model CNN_4L Layer 2 512 nodes
Layer 3 1024 nodes Layer 3 1024 nodes

In case 4, we set the number of fully connected layer filters in a convex manner (ascending after

that descending) as follows:

Layer 1 256 nodes Layer 1 256 nodes
For model CNN_3L Layer 2 512 nodes For model CNN_4L Layer 2 512 nodes
Layer 3 128 nodes Layer 3 128 nodes

From (Table 5.3), we find that all results are very close, so our selection is based on the speed

of training shown in Case 2.

1.1.4 Dropout

The basic work of the dropout enables us to stop some randomly selected neurons (both
hidden and visible) from participating in the training process. It is better to use it on a large
number of neurons or feature maps.
Table 4.4 is divided into two parts, part 1 is for convolutional layers and part 2 is for fully

connected layers.

Model CNN_3L CNN_4L

Acc NG Acc Time | Acc [N Acc Time

Dropout train RIEtY (S) train QEIEY (S)

Layer 1=0 99.77 JONERE 99.46 195 | 99.70 EMIEEN 99.34 315
Layer 2=0.1

Case 1 | Layer 3=0.25

42




Chapter 4- Experimental results

Layer 4=0.35

Layer 1=0.2
Layer 2=0.2

Case 2 | Layer 3=0.2

Layer 4=0.2

Layer 1=0.35
Layer 2=0.25

Case 3 | Layer 3=0.1

Layer 4=0

197 | 99.64 VAN 99.42

193 | 99.64 WIEN 99.33

Fully Connected Layers

Layer 1=0
Layer 2=0.2
Layer 3=0.35

Case 1

97.44

Layer 1=0.25
Layer 2=0.25
Layer 3=0.25

Case 2

98.98

Layer 1=0.35
Layer 2=0.2
Layer 3=0

Case 3

99.73

181 | 97.86 ENEEN 99.18
195 | 98.97 REEZEM 99.47
192 | 99.79 EONEEE 99.04

Table 4.4 A Comparison between different architectures and dropout (MNIST)

316

315

302

305

301

In this table, we have tested these cases based on what we have found from the previous

tables, as the dropout is applied to the number of convolutional layer filters and the number of

nodes in fully connected layers, so that part 1 of the last table we chose Case 1 because the

more filters there are, the greater the amount of dropout. We can see this in the results of the

table.

As for Part 2, the greater the number of nodes, the greater the amount of dropout, so we chose case 3.

1.1.5 Epochs
Model CNN_3L CNN_4L
Loss QWA Time | Acc NN Acc Time
Epochs train (S) | train pAIElY (S)
1 15 | 97.90 WIiNyi 23
5 68 | 98.92 MEKIEN 98.75 107
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15 99.60 Mk 99.54 198 . 1.15 [geieite 317

30 99.78 JKM 99.56 393 . (WA 99.54 632

40 99.90 VN 99.39 523 . . 99.41 842

Table 4.5 A Comparison between different architectures and epochs (MNIST)

After analyzing the obtained results, we noted the following remarks:

e From (Table 4.5), the accuracy of training and testing increases with the number of epochs,
this reflects that with each epoch the model learns more information.

o If the precision is decreased like in Case 1 (epochs=1), then we will need more information
to make our model learn, and therefore we must increase the number of epochs. This is
called underfitting. Look at the training accuracy rate of both models (CNN_3L =94.93 and
CNN_4L =93.92) and the high error rate.

e Similarly, the increased number of epochs causes overfitting and consequently can
influence the recognition accuracy.

e According to the table, we conclude that the error rate is poor when we increase the number
of epochs. So, to obtain a minimum error rate or a maximum recognition rate our choice
must respect an exemplary number of epochs which is 30. Although the number of epochs
40 gave a high training accuracy of 99.90, the learning error rate is large compared to the

number of epochs 30.

Generally, the model CNN_3L is better than CNN_4L because increasing the number of layers

leads to overfitting. The concept of dropout may be used to solve the problem of overfitting.

1.2 Model CNN_3L results

After selecting the appropriate parameters for our model, which is applied to the MNIST

data, we now come to see the results of this model.
Epoch 21/38

1875/1875 [==============================] - 225 12ms/step - loss: ©.8093 - accuracy: 8.9973
Epoch 22/38
1875/1875 [==============================] - 225 12ms/step - loss: 0.8088 - accuracy: ©.9973
Epoch 23/38
1875/1875 [==============================] - 225 12ms/step - loss: ©.8886 - accuracy: 8.9972
Epoch 24/38
696/1B75 [==========>.. ... cciecnrernnnnn ] - ETA: 12s - loss: 8.8892 - accuracy: ©.997@
Figure 4.1 : The training of CNN3_L model

Figure 4.1 describes a section of the results of the model training using 30 epochs, where we

notice a gradual decrease in the error rate and a relative stability in the training accuracy.
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Epoch 23/3@
1875/1875 [
Epoch 24/3@
1875/1875 [
Epoch 25/3@
1875/1875 [
Epoch 26/3@
1875/1875 [
Epoch 27/3@
1875/1875 [
Epoch 28/3@
1875/1875 [
Epoch 29/38@
1875/1875 [
Epoch 38/38
1875/1875 [
313/313 [

Figure 4.2
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Figure 4.2 shows what we found earlier in (Table 4.5). Where we reached the latest version

of our model by changing the parameters, where we notice a relative decline in the error rate

until it reaches the last epoch 0.66% and a gradual rise in the accuracy of training until it reaches

99.78%, As for the testing results, they are indicated by the red arrow.

Figure 4.3

accuracy
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Training History

— frain ff—————-rﬂ
test :
0 5 10 15 20 ] 30
Epoch

: Graph illustrating the transition of training accuracy of CNN_3L with

increasing number of epochs (Accuracy v/s Number of epochs)

Figure 4.4

Training History
—— frain
0.251 test
0.20
w 0151
]
s
0.10
0.05
T —
e
DOO 1 T T T T T T T
0 5 10 15 20 25 30
Epoch

: Graph illustrating the transition of training loss of CNN_3L with increasing

number of epochs (Loss rate v/s Number of epochs)

45



Chapter 4- Experimental results

Moreover, Figure 4.3 shows the evolution of training and testing accuracy in terms of the

number of epochs where:

e Inthe first graphic curve we notice a graphic jump in the accuracy of training in a very
small number of epochs, then relative stability with a slight rise, as the accuracy rate
approaches 100% as the number of epochs increases.

e The second graphic curve begins with an initial accuracy of 98%, where we notice a
slight fluctuation in the accuracy of the test, then it begins to gradually rise with the

increase of the epochs.

On the other hand, Figure 4.4 represents the evolution of the training and test error rate in terms

of periods, where:

e The first graphic curve represents a sharp descent in the training error rate until reaching
8% and the number of epochs is 2 and then begins with a slight descent along the
ordinate axis.

e With regard to the second graphic curve, it starts with an initial ratio of 7%, then slight
fluctuations, then relative stability in the graphic curve until it reaches a minimum value

equal to 1.82%.

error rate

18%
II
|

\
98.2%
b
\\‘\.
ACcuracy ‘““--.ﬁ____ »
Figure 4.5 : The testing error rate in our CNN_3L model

Figure 4.5 represents the number of images which our model misrecognized them, where the
ratio of 1.82% means 182 out of 10,000 testing images.
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precision recall Tl-score support
class @ 8.594914 ©.997959 06.996434 988
class 1 8.5995614 1.000088 ©6.997382 1135
class 2 8.995155 ©.995155 6.995155 1832
class 3 8.59960468 ©.99%:0848 06.996048 l@le
class 4 8.993915 ©.997963 6.995935 982
class 5 B.993274 8.993274 0.993274 892
class 6 @.9953887 ©.991649 0.993724 558
class 7 B.997867 ©.992218 6.994637 1828
class 8 B.5997945 ©.996928 0.997432 974
class 9 B.996828 ©.994854 ©6.995848 1809
accuracy 9.9956688 1a60e
macro avg B.995576 ©.995523 6.995547 1a60e
weighted avg 8.9956082 ©.995688 6.995599 1a60e
Figure 4.6 : The testing results (precision and recall) of the proposed model

Here is a brief definition of each accuracy criteria described in the previous chapter:

* Precision is the number of correct images predicted in a particular class divided by the total

number of images predicted in the same class.

 Recall is the number of correct images predicted in a particular class divided by the total

number of images for the same digit in all classes (support).

» F1 Score is a harmonic average between precision and recall and it is the complete result of

the model's efficiency and accuracy.
Support is the number of testing digits in each class.

Accuracy is the number of total testing images divided by the number of correct, predicted

images in each category.

Macro avg: The macro-averaged F1 score (or macro F1 score) is computed by taking the

arithmetic mean (aka unweighted mean) of all the per-class F1 scores.

Weighted avg: The weighted-average F1 score is calculated by taking the mean of all per-class

F1 scores while considering each class’s support.

Figure 4.6 puts our attention to the fact that digit (1) has been 100% recognized which means
that all the digit (1) images. For the rest of the digits, we see a fluctuation in the classification

ratios for each class, and that's often due to the similarity between the digits.
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1.3 A practical test on a number

Predicting the digit 4 in all classes
[[1.869556226e-84 9.265510082e-85 7.98042456e-85 7.71156629e-85
9.95489310e-81 1.93761356e-04 1.15487986e-84 3.19135113e-04
1.24893602e-084 3.47816728e-083]]
The digit class is [4]

Image digit 4 before pre-processing Image digit 4 after pre-processing

Figure 4.7

: The result of predicting the digit 4

From Figure 4.7, we find that our model has recognized the digit 4 with a ratio of 99.54%,

which is an impressive percentage for the rest of the remaining classes, as we see that the closest

class to it is 9 with a ratio of 0.34%, this is due, as we said earlier, to the similarity between the

two numbers, but the ratio is very different between them, so our model works fine.

2 Comparison with Existing Research Work

Based on the literature review, we believe that the current obtained results are satisfactory when

digit recognition performances in the literature are considered. We decided to review and

tabulate the performances of some of the works mentioned in the “Related Works” section along

with our results in the Table 4.6. Although there is no exact match between the tests, it may

give an idea about how successful our results are.

References Algorithms Training Accuracy % | Testing Error Rate %
[15] HOG-SVM 97.25 -
[23] 3-DNN 98.08 2
[13] DBN 98.75 2.49
[14] CNN 99.2 2.63
[16] CNN 99.53 4
[19] DNN-hidden markov - 0.83
[21] CNN-35-net 99.77 0.39
[22] CNN -SVM 99.81 0.19
Our model CNN 99.78 1.82

Table 4.6: Comparing training and testing results with previous works on MNIST.
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From Table 4.6, we notice convergence in the results of training accuracy and varying
differences in the testing error rate, where the best model 16 achieved the lowest percentage
present, and this was due to the failure to identify 19 testing images, including image No. 5938,
which is considered the most difficult image in the testing group, there were only 9 subjects
identified. It is correctly recognized as a digit "5". All the other people said it as a digit "3" in
the survey. Upon examining this image closely, we see that the digit is so cursively written and
there exist no gaps between the top and middle strokes in the upper part of the image. It is so
hard for humans to identify what the numeral is without the ground truth, as for our model, it

recognized this picture and classified it as the digit 5.

Print our model prediction of test image "5938" [5]
Check our prediction against the ground truth [5]
the image is

D 4

10 A1

15 1

20 1

25 1

T T

0 5 10 15 20 25

Figure 4.8 : The result of predicting the digit 5

3 Conclusion

For the MNIST dataset, the best recognition result in the literature was 99.81% using a
hybrid model CNN (Convolution Neural Network) as a feature extractor and an SVM as a
classifier [22]. Therefore, our results are not too far from this hybrid model although we only

have used 3 convolutional layers and 3 layers of FC-ANN.
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GENERAL CONCLUSION AND FUTURE WORK

In the end, we say that the development controlled by machine education is a great jump in
the life of all human beings and in the field of technology after a winter era that lasted more
than 15 years of stagnation. Machine learning was considered a term written ink on paper and
what the various algorithms achieved by machine learning were effective in most tasks. They
were used according to the purpose to be accomplished from learning under the supervision of
programmers to correct its mistakes manually or without supervision, where the machine
corrects its mistakes automatically without the need for external intervention.

Based on the fact that one of the most important problems that programmers and developers
have faced is how a machine can recognize and accurately identify things. Here comes the
problem that we have worked on, which is how to make the machine able to recognize
handwritten digits because of the similarity of digits in many properties. This issue becomes an
important topic due to its use in several fields such as banking, education, and so on.

Handwritten digits recognition is an active area of research that always needs improving the
inaccuracy. In the model we have proposed for classifying handwritten digits in MNIST
database using primarily convolutional networks, in addition to a classifier which is a neural
network, we get very good results. Surprising in comparison with previous works in the same
field which used various machine learning techniques such as KNN, Random Forest, clustering,
we found an accuracy rate of 99.52 and an error rate of 0.2 in the training stage, also an accuracy
of 99.10 and an error amount equal to 0.4 in the testing stage, which is the largest result reached.

In the first, we are introduced by mentioning human endeavors to make his life easier by
making most of the tasks automated by making machines, such as the beginning of the invention
of the computer until he reached the ability to teach it. Then we referred to a critical topic,
which is optical character recognition and how a person can allow the computer to recognize
characters in general, after that, we mentioned the main problem on which this thesis revolves
mainly, which is how can we recognize digits written by hand, how this problem can be solved
by various machine learning techniques and clarify our thesis subdivisions. In addition, chapter
1 talks about the dataset that we use during all the phase of training and testing which is the
Mnist dataset that holds 70000 samples divided to 60000 for training and 10000 for testing, and
we describe the different features and benefits behind why we choose exactly Mnist dataset.
Going to chapter 2, we touched the previous work in the same field of research and mentioned
the most important models that were reached using various machine learning algorithms and

mentioned the accuracy of each model. Chapter 3 represents the important work that we did in
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details. Basically, we show how digits images are preprocessed before they are fed into the
model using various image processing functions like normalization binarization and so on.
Also, we explain very specifically how we extracted each digit image features that distinguish
one number from another using CNN. Next, we define the units that make up the proposed
system, which are features extraction unit and classifier artificial network unit. Last but not
least, in chapter 4, we discussed the different experimental results and we compared each try
results to improve the model accuracy by finetuning the model and we mentioned the various
problems that we faced in this phase like overfitting and misclassification of digits...etc. Lastly,
we end up with a conclusion of all the work.

The work we have done throughout this research constitutes an important and contributing
step in the recognition of handwritten digits. However, we believe that it can be improved and
expanded through the following points:

e Expanding the research field to classify digits of all kinds, Arabic, Roman, etc.

e Improving the handwritten digits recognition performance using other enhanced deep
learning techniques.

e Various CNN structures, namely CNN-RNN and CNN-HMM hybrid models and
domain-specific recognition systems, can also be investigated.

e Modify the trainable parameters in order to achieve greater accuracy, namely the
number of layers, learning rate, kernel sizes convolutional filters, and other checking
algorithms plus learning steps.

In the future, we are looking to develop other related new architectures or optimization

algorithms in order to increase the efficiency of the model by reducing computation time,

hardware exploitation, and complexity.
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APPENDIX

Start up (The realization of an automatic teller machine that recognizes
handwritten checks)

1 Introduction

Recently, what is known as an automated teller machine (ATM) has appeared in Algeria using
electronic cards, which covered most of the problems of financial institutions, but a significant
group of customers remains that uses traditional techniques such as postal checks in financial
transactions, and this is what we see now in most post offices of overcrowding of customers

and long queues.

Starting from this problem, we proposed a system for reading checks using the system for

recognizing handwritten numbers, which is the subject of our study in this note.

2 Business Model Canvas

2.1  Customer Segments
2.1.1 Main slide

e Algeria post.

2.1.2 Secondary slide

e Banks, financial institutions that use chekes in their financial transactions.

e Institutions from the private sector that use electronic payment.

2.2  Customer Relationships

e Direct communication with the client.

e Special Personal Assistance.

2.3 Distribution Channels

Direct

e Communicate personally with all the customer needs from device installation and

maintenance.
Indirect

e Marketing Agents.
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2.4 Value Propositions

e Through this device, the checks reader enables us to deposit, withdraw, transfer, pay
gas, electricity, water, mobile phone sim bills, and purchase goods and services for
financial transactions.

e |t contains a fingerprint scanner.

e Night camera for facial recognition.

e Scanner for checks.

e An automated system that recognizes handwriting and printed font.

e National ID card reader.

e Voice interactions with the device.

2.5 Key Activities

Gathering the necessary data.

System programming.

Device equipment installation.

The combination of system and hardware, and finally marketing.

2.6  Key Resources

Human resources: workers and engineers
Material Resources:

e Device user data (fingerprints, face photos).
e Thermal camera.

e Scanner.

e Interactive screen with side buttons.

o fingerprint reader.

e CPU.

e National ID Card Reader.

2.7  Key Partners

e Emerging startup Fund.
e The municipality's digital biometric data preservation services to obtain a data set of

fingerprints and facial images.
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2.8 Revenue Streams

e Subscription fee for using the device.

e sell the device.

2.9 Cost Structure

Direct: central processing units, electronic suffixes, distribution, marketing, workers.

Indirect: Electricity, water, phone bill, startup company center rent.
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ABSTRACT

The main purpose of this thesis is to build a method for automatic recognition of handwritten
digits. To accomplish the recognition task, first, the data set is presented as input, this is
followed by a preprocessing phase, where the image undergoes various operations such as noise
reduction, normalization, smoothing, and skeletonization. The result of this stage can be given
as input to the stage of automatically extracting feature maps from images using 3 layers of
Convolutional Neural Networks (CNN), and then fed to 4 layers of FC ANN, where these
images are classified into ten classes (0 to 9). The accuracy of the final model is important
because more accurate models make better decisions. Our results showed a classification
accuracy of 99.78% and a loss value of 1.82% using the MNIST data set.

Key words: Convolutional Neural Networks; MNIST; features extraction; preprocessing;

Artificial Neural Networks.

Résumé

L'objectif principal de cette thése est de construire une méthode de reconnaissance automatique
des chiffres manuscrits. Pour accomplir la tAche de reconnaissance, tout d'abord, I'ensemble de
données est présenté en entrée, suivi d'un prétraitement, ou I'image subit diverses opérations
telles que la réduction du bruit, la correction de I'aberration numérique, la correction de
I'inclinaison, la normalisation, le lissage et la squelettisation. Le résultat de cette étape peut étre
donné en entrée a I'étape d'extraction automatique des cartes de caractéristiques a partir
d'images a l'aide de 3 couches de réseaux de neurones convolutifs (CNN), puis transmis a 4
couches de FC ANN, ou ces images sont classées en dix classes (0 a 9), dont la précision est Le
modeéle final est important car des modeles plus précis prennent de meilleures décisions. Nos
résultats ont montré une précision de classification de 99,78 % et une valeur de perte de 1,82 %
sur la base de I'ensemble de données MNIST.

Mots clés : réseaux de neurones convolutifs ; MNIST ; caractéristiques extraites ; prétraitement
; Réseaux de neurones artificiels.
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