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Deep learning DL is a new subfield of machine learning ML area which is used during
the last decades to develop more sophisticated algorithms allowing high
performance in some popular recognition fields, such as: pattern recognition,
computer vision and image classification. Among the most used methods in DL, we
find CNNs (Convolutional Neural Networks) which can be considered as the best
used technique. In the present work, we have developed an automatic classifier that
permits to classify some given grayscale images representing handwritten digits into

one of 10 classes (digits from 0 to 9), inclusively. For this purpose, we have used ML
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and DL approaches. First, we proceeded to the classification task using many ML
algorithms including: LR, LDA, KNN, CART, NB, and SVM. Second, we proposed a new
CNN model composed of many convolutional layers. Finally, we established a

comparison between different algorithms.

1. Introduction

The main idea of ML algorithms is how
to perform important tasks by generalizing from
a large number of given examples. So, ML
systems automatically learn programs from
large amount of data. In the last years, many 1A
tasks such as: spam filtering, web search, text
categorization, recommender systems, credit
scoring, fraud detection, etc, are based
essentially on Machine Learning approaches ML
which gave a high performance. The Mckinsey
Global Institute asserts that ML discipline will be
the guide of the next big wave of innovation [16],
[17], [25]. Currently, we are able to use larger
datasets to learn more powerful models, and
better techniques to avoid overfitting and under-
fitting. Many algorithms have been developed in
this area of research, including: logistic
regression, k-nearest neighbors, naive Bayes,
decision trees, support vector machine, artificial
neural networks, etc. Researches on Artificial
Neural Networks ANN can be considered as the
oldest discipline in ML and Al that dates back to
McCarthy in 1943, but these researches were
quickly interrupted for a long time due to their
high requirements in term hardware, software
and running time. Many years later, they were
revived in parallel with the apparition of new
sub-field called deep learning DL. The DL
approach greatly simplifies the feature
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engineering process especially in some vital
areas such as: medical imaging analysis. Among
the DL methods, CNNs are of special interest.
When exploiting local connectivity patterns
efficiently which is the case of those used in the
ImageNET competition [8]. There are many
works trying to apply CNNs on image analysis [9,
10] using a variety of methods like the rectified
linear unit [11] and deep residual learning [12].
The organization of the rest of the paper is the
following. In Section 2, we introduce the Deep
Learning Background .in section 3 and 4, then
Proposed Model, Experimentation, also a famous
MNIST dataset using TensorFlow, keras and
python as language and its libraries. [llustration
of Obtained Results as user enters the respective
digit the machine would recognize and show the
results with accuracy percentage in Section 5. In
section 6 and 7, presenting Discussion,
Comparison between ML and CNN approaches.
Finally, Section 8 presents some concluding
remarks.

2. Deep Learning Background

During the last decade, Deep Learning DL
becomes one of the most popular sub-field of 1A
and ML, espe-cially in speech recognition,
computer vision and some other interesting
topics. Its success is motivated by three factors:
the increased amount of available data, the
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improvement and the lowest cost of hardware
and software [9, 10, 11, 12, 13], the increased
chip processing abilities (e.g., GPU units) [14].
DL is based essentially on the use of ANNs with
two layers or many hidden layers. The
convolutional neural network CNN is a
specialized feedforward neural network that
was developed to process multidimensional
data, such as images. Its origins refer to the
neocognition proposed by Fukushima in 1980
[15]. The first model of CNN was proposed by
LeCUN et al, [16] in 1998 for the purpose of
character recognition. Furthermore, many other
alternative ANN architectures have been
developed later, including: recurrent neural
networks RNNs, autoencoders, and stochastic
networks [17, 18, 19]. Deep learning also refers
an efficient solution to the problem of input data
represen-tation which is a critical phase in ML
especially for complex problems such as im-age
and speech recognition [20]. DNNs are able to
learn high level feature represen-tations of
inputs through their multiple hidden layers. The
first DNNs had appeared in 1960’s, but
abandoned, after that for long time in favor of
ML approach, due to its high requirements in
term difficulties in training and inadequate
performance [21]. In 1986 RumelHart et al., [22]
proposed the back-propagation method to
update effi-ciently neural network weights using
the gradient of the loss function through multi-
ple layers. Despite the promising results given
by DNNs in the late of 1980’s [23] and 1990’s
[24], they were abandoned in practice and
research due to many prob-lems. In 2006,
researches in DL were revived especially when
some new methods for sensibility initializing
DNN weights have been developed by
researchers [25, 26]. It is the case of deep belief
networks DBNs which proved their efficiency in
image and speech tasks in 2009 and 2012 [11].
In 2012, KrizhevsKky et al., [17] proposed a deep
CNN for the large-scale visual recognition
challenge (LSVRC) [27] reducing the error rate
from the previous year’s 26% down to just 16%.
This CNN has been im-plemented on multiple
graphics processing units GPUs for the first time,
This new technique has allowed the training of
large datasets and increase significantly the
speed of processing and the research
productivity. Furthermore, the use of a new
activation function RELU (Rectified Linear Unit)
has ended the problem of gradient and allowed
faster training of data. Dropout technique is also
used as a regulariza-tion method to decrease
overfitting in large networks with many layers.
All these interesting improvements and the
increasing internet in DL let the leading
technical compagnies to increase the research
efforts, producing many other advances in the
field. Many DL frameworks abstracting have
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tensor computation [12, 13, 14, 15] and GPU
compatibility libraries [16] have been developed
and made available to re-searchers through
open source software [28] and cloud services
[29, 30]. On the other hand, many compagnies
have met the challenges of big data when
exploring large amounts of data to predict value
decisions [30]. The concept of big data refers to
data that exceeds the capability of standard data
storage and data processing sys-tems [31]. This
large volume of data requires also high-
performance hardware and very efficient
analysis tools. Some other ML challenges
appeared with big data in-cluding: high
dimensionality, distributed infrastructures, real
time requirements, feature engineering.
Najafabadi et al [32] discuss the use of DL to
solve big data challenges, the capacity of DNNs
to extract meaningful features from large sets of
unlabeled data is extremely important as it is
commonly encountered in big data analytics. The
automatic  extraction of features from
unstructured and heterogeneous data, e.g,
image text, audio is very useful and difficult task.
But this task becomes easy with the use of DL
methods. Other tasks including: advanced
semantic-based information retrieval systems
like semantic indexing and hashing [33, 34] are
also became possible with these high-level
features, furthermore, DL is also used to tag
incoming data streams allowing to classify and
organize fast moving data [32]. In general, high
capacity DNNs are suitable for learning from the
large volumes of data issued of big data sources.
As conclusion, we can say that DL is currently
growing faster than over before.

3. The Proposed Model

In the present work, we have developed an
automatic classifier that permits to classi-fy
some given grayscale images representing
handwritten digits into one of 10 classes
representing integer values from 0 to 9,
inclusively based on two approaches: the classic
ML approach and DL approach. Below shown is a
small workflow of how CNN module will extract
the features and classify the image based on it.
The architecture shows the input layer, hidden
layers and output layer of the network. There
are many layers involved in the feature
extraction phase of the network which involves
convolution and subsampling .Initially, we
proceeded to the classification task using many
ML algorithms including: LR, LDA, KNN, CART,
NB, and SVM. Then we proposed a CNN model
composed of many convolutional layers, many
Max-Pooling layer and one full connected layer.
Finally, we established a comparison be-tween
the different algorithms. As programming tools,
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we have used Python, Tensor-flow, and Keras
which are the most used in this field. Fig 1
summarize the classification task based on the
two approaches, while Fig 2 presents a detailed
diagram of the proposed CNN model in order to
improve the performance of the classification
task.

Classic ML

Approach
[nput Data Predicted
Class
DL
approach

Fig 1.Handwritten Digit Classification Process (big
size)
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Fig 2.Architecture of the proposed CNN model
4. Experimentation
4.1.Used dataset

In our experiments, we have used Digits Mnist
dataset contains 60,000 small square 28x28
pixels grayscale images of handwritten single
digits between 0 and 9.
4.2 .Programming Tools

Python: Python is currently one of the most
popular languages for scientific applications. It
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has a high-level interactive nature and a rich
collection of scientific libraries which lets it a
good choice for algorithmic development and
exploratory data analysis.

Tensorflow: TensorFlow is a multipurpose open
source library for numerical computation using
data flow graphs.

Keras: Keras is the official high-level API of
TensorFlow.

4.3.Evaluation

In order to validate the different ML algorithms,
and obtain the best model, we have used the
cross-validation method consisting in: splitting
our dataset into 10 parts, train on 9 and test on 1
and repeat for all combinations of train/test
splits. For CNN model, we have used two
parameters which are: loss value and accuracy
metric.

5. Illustration of Obtained Results

To build the best predictive model and achieve
the higher accuracy rate, we have performed
two tasks:

1. Applying many classic ML algorithms,
including: Logistic Regression LR, Linear
Discriminant Analysis LDA, K-nearest Neighbors
KNN, Decision Tree (CART variant), Gaussian
Naive Bayes NB, Support Vector Machine SVM.
For this purpose, we used scikit-learn library of
python containing the most known learning
algorithms.

2. Designing a CNN (Convolutional Neural
Network) model composed of many layers as it
is explained in Figure 1:
v' A first convolutional layer Convl
constituted of 32 filters of size (7x7).
A dropout layer to avoid overfitting.
A MaxPooling MaxPool of size (2x2)
allowing to reduce dimensions (weigh,
high) of images issued of the previous
layer after applying the different filters
of Convl.
v A second convolutional layer Conv2
constituted of 64 filters of size (7x7).
A dropout layer to avoid overfitting.
A MaxPooling MaxPool of size (2x2)
allowing to reduce dimensions (weigh,
high) of images issued of the previous
layer after applying the different filters
of Conv2
v' A third convolutional layer Conv3
constituted of 32 filters of size (5x5).
v' Adropout layer to avoid overfitting.
v A MaxPooling MaxPool of size (2x2)
allowing to reduce dimensions (weigh,
high) of images issued of the previous

v
v

AR
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layer after applying the different filters

of Conv3 Loss Accuracy
v' A full connected layer FC allowing to value value
transform the output of the previous Training set 0.059 99.86
layer into mono-dimensional vector. Test set 0.633 98.29
v" An output layer represented by a

reduced mono-dimensional vector
having as size the number of classes.

For all the previous layers a Relu activation Curves
function and a softmax function are used to
normalize values obtained in each layer. train_loss Vs val_loss

— train
val

Table 1. Description of the Proposed CNN Model

Layer Type Output Shape Nb. 2
parameters
conv2d_1 (Conv2D) (None, 28, 28, | 1600 1]
32)
batch_normalization_1 | (None, 28, 28, | 128 01
(Batch) 32) 0 2 nuiufem 6 8
max_pooling2d_1 (None, 14, 14, | 0 . o o
(MaxPooling2) 32)) Flgd3i Training loss Vs Validation loss of the CNN
conv2d_2 (Conv2D) (None, 14, 14, | 100416 fodet.
64) 10 train_acc Vs val_acc
batch_normalization_2 | (None, 14, 14, | 256 sl
(Batch) 64) o
max_pooling2d_2 (None, 7,7,64) | 0 )
(MaxPooling2) orr
conv2d_3 (Conv2D) (None, 7, 7,| 401536 g 06
128) E 05
dropout_1 (Dropout) (None, 7, 7,|0 0al
128) s
max_pooling2d_3 (None, 4, 4,|0 p———
(MaxPooling2) 128) o2 _ — val ||
batch_normalization_3 | (None, 4, 4, | 512 M2 3 4 5 & 7 8 9
(Batch) 128) num of epochs
flatten_1 (Flatten) (None, 2048) 0 . o o
dense_1 (Dense) (None, 128) 262272 Fig 4. Training accuracy Vs Validation accuracy of the
dropout_4 (Dropout) (None, 128) 0 CNN model
batch_normalization_4 | (None, 128) 512 6. Discussion
(Batch) Table 2 summarizes the obtained results when
dense_2 (Dense) (None, 10) 1290 applying the different ML algorithms including:
Total parameters 768,522 LDA, KNN, DT (CART), NB. We observe that LDA,
Trainable parameters 767,818 KNN and DT (CART variant) give a high
Non-trainable params 704 classification accuracy (86.41, 96.90, 86.27),
while and NB give a relatively low value of
Table 2. Accuracy after applying different ML accuracy (57.04)compared to the previous algo-
algorithms rithms. We note also, that the similarity metric
. used with KNN algorithm influence directly on
Algorithm Accuracy algorithm performance.
LDA 8641 Table 3 presents the obtained results when
KNN 96.90 applying the proposed CNN model on the
CART 86.27 training set and the test set. Two performance
NB 57.04 measures are considered in this case, the loss

) value which calculates the sum of errors after
Table 3. Loss value and accuracy value obtained

when applying the proposed model
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training the model, and the accuracy value which
gives the rate of correctness.

In the same way, Fig 3shows the evaluation of

training loss and validation loss over time and in
function of the number of epochs. It begins very
high for the training set and ends very low
because of the large number of samples, but its
variation for the validation set is not very quick
and appears relatively stable.
Similarly, Fig 4plots the evolution of training
accuracy and validation accuracy in function of
the number of epochs. Contrary to the loss value,
the accuracy starts very low and ends very high.
This property is clearer with the training set
because of its large size.

7. Comparison between ML and CNN
approaches

In this section we try to establish a comparison
between different algorithms, ML algorithms and
the CNN model. The result of this comparison
appears on table 4

Table 4. Comparison between ML approach and DL
Approach

Algorithm Accuracy rate
LDA 86.41
KNN 96.90
CART 86.27
NB 57.04
CNN model 99.86

Comparison between Algorithms

=
3
=
=}
-4
=
=3
=1
<

CART
ALGORITHMS

Fig 5. Comparison between different Algorithms

According to Table 4 and Fig 5, The comparison
favors CNN model over ML algorithms.

8. Conclusion and Perspectives
In the last years, object recognition is based

essentially on ML approach that gives a high
performance. Few years later, some important
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progress on ML area have been made especially
with the apparition of a new sub-field called
deep learning. It is mainly based on the use of
many neural networks of simple interconnected
units in order to extract meaningful patterns
from a large amount of data to solve some
complex problem such as: medical image
classification, fraud detection, character
recognition, etc. currently, we are able to use
larger datasets to learn powerful models, and
better techniques to avoid overfitting and
underfitting. Until our days, the ob-tained results
in this area of research are very surprising in
different domains. We talk about very high
values of accuracy which often exceed the
threshold of 90%. For example, the accuracy rate
on digits set is over 97%.

In the present paper, we have performed a
task of classification on a clothing article dataset.
We have used in a first stage many ML
algorithms including: LR, LDA, KNN, DT (CART),
NB, SVM. We obtained good result of accuracy
especially on LR, LDA, KNN. In a second stage,
we have built a CNN model to perform the same
task of classification. The achieved performance
is very surprising. We concluded our work by
establishing a large comparison between
different algorithms. The result of this
comparison was in favor of DL approach through
the CNN model we have built. As perspective of
this promising work, we propose to improve
these results by improv-ing the architecture of
CNN built model by changing some model
parameters such as: the number of filters, the
number of convolution and maxpooling layers,
the size of each filter, the number of training
epochs and the size of data batches. Another sug-
gestion seems important, is to combine CNN
with recurrent networks Resnets.
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