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ABSTRACT

PATTERN RECOGNITION APPLICATIONS FOR IMAGE
CLASSIFICATION

Pattern recognition and image classification applications are the topic of this
thesis. Its focus is on neural network based techniques, in other words, convolutional
neural networks, and they are tried to be used in the most efficient way. In addition to
convolutional neural networks, some experiments using more classical pattern recogni-
tion and classification techniques are conducted and their results are evaluated. The
applications are made for traffic sign recognition and medical image recognition using
different public datasets that were also preferred in previous studies. In the context
of these applications, the obtained results are also compared to the results available in

the literature.

As an additional experiment, an optical character recognition and a real text
digitalization method is also proposed as a proof of concept study. These experiments
again consist of similar steps, but, also a character segmentation approach is developed

on real text images, to extract the characters to be classified.

During all these experiments, image processing and pattern recognition and classi-

fication techniques are used, and some proposal are brought to augment their efficiency.



OZET

GORUNTU SINIFLANDIRMA ICIN ORUNTU TANIMA
UYGULAMALARI

Bu tezde ortintii tanima ve gortintii simiflandirma uygulamalar: yapilmigtir. Tez
boyunca, sinir aglar1 tabanli tekniklere, bir baska ifadeyle, evrigimsel sinir aglarina
daha fazla odaklanilmigtir ve en verimli sekilde kullanilmaya ¢aligilmigtir. Evrigimsel
sinir aglarina ek olarak, daha eski oriintii tanima ve simmiflandirma teknikleriyle de
deneyler yapilmigtir ve sonuglar1 degerlendirilmistir. Uygulamalar farkli ¢caligmalarda
da kullanmilmig olan ve herkese acik bir gekilde bulunan trafik levhasi tanmima ve tibbi
goriintli tanima veri setleri kullanilarak yapilmigtir. Bu uygulamalar kapsaminda, elde
edilen sonucglar ayni1 zamanda acik literatiirde bulunan diger caligmalar ile de sonuglarin

validasyonu icin kiyaslanmigtir.

Ek bir deney olarak, optik karakter tanima ve bir gercek metin goriintiisii diji-
tallestirme yontemi de onerilmistir ancak bu oneri ve ilgili deneyler daha ¢ok yontemin
uygulanilabilirligini ispatlama amagh olarak daha basit seviyede gosterilmigtir. Bu
deneylerde de bir onceki deneylere benzer adimlar bulunmaktadir ancak, ek olarak,
gercek metin goriintiileri tizerinde, simflandirilacak karakterleri bulmak icin bir karak-

ter segmentasyonu yaklagimi da icermektedir.

Biitiin bu deneyler sirasinda, goriintii isleme ve ortintii tanima ve simiflandirma

teknikleri kullanilmigtir ve verimlerini artirmak i¢in bazi oneriler getirilmistir.
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1. INTRODUCTION

In this thesis, it is focused on pattern recognition for different image classification
problems about traffic sign recognition, medical image recognition and OCR. In OCR
section, we also present our character segmentation method from real text images, thus

presenting our own simple text image digitalization approach.

Together with their common points, each of the three application areas has its
own characteristics. For example, in traffic sign classification, there are lots of classes
and in medical image recognition there are very few number of classes. In the medical
image recognition applications, we dealt with malaria recognition and breast cancer
recognition and in the datasets that we used there are 2 classes as positive cases and
negative cases. In addition to this great difference between class numbers, in a medical
image recognition problem, obviously, the cost of missing a positive case is quite high
and number of positive cases can be likely to be less than number of negative cases. So
slightly different solution approaches are required. The third problem, OCR, is special
as these characters are easily expressed by a binary representation. At the same time,
some characters are quite similar and open to be mixed up, that’s why, we needed to
develop some additional ideas to distinguish them. Moreover, in this problem, we also
developed a method for character segmentation from real text images to extract the
characters to be classified in order to obtain a simple OCR engine. In order to do
this, we made use of some standard image processing techniques and our own simple
algorithm. We ran our simple OCR engine under different conditions and noise effects

and showed that it is promising as a proof of concept level study.

As classifier, we mostly used neural networks based classifiers, in other words,
CNN, and tried to get most out of it using it as efficient as possible trying to find the
best network architecture, using the best and mostly recommended network elements
like activation functions, loss functions etc. and adding some problem specific and sim-

ple tricks that we developed. In today’s image recognition and deep learning problems,



we can see CNN as a very powerful and widely used feature extraction and classifica-
tion method [1-3]. Because of this situation, we made lots of experiments using CNN
and tried to find the best CNN model in an elaborate and detailed way. In addition to
CNN, more classical approaches like logistic regression, Naive Bayes, SVM with linear
kernel and standard ANN were also used for classification after feature extraction using
more classical methods like HOG as a shallow machine learning approach for image
classification. However, we made these experiments in a more superficial and coarse
way and not as detailed as the CNN experiments. Showing the superiority of CNN
over other methods and fine-tuning it as good as possible are between the aims of this

thesis.

In the applications in this thesis regarding traffic sign recognition and medical
image recognition, we used publicly available datasets that were also used in some
other studies found in the open literature. At the end, we also compared our results
to the results found in these studies as the validation of our results. Whereas, for
OCR, we produced our own dataset using our own alphabet that contains Turkish and
English characters, numbers, punctuations and some special characters and showed the

performance of our classifiers and presented our results via this dataset.

We conducted all the experiments in an ordinary laptop computer with Intel
i5 8250U 1.60 GHz CPU, 16 GB RAM and NVIDIA GeForce 940 MX GPU. We
used Python programming language and the data science, image processing and deep
learning modules which are Pandas [4], Numpy [5], Scikit-Learn [6], Matplotlib [7],
Keras [8], OpenCV [9] and Scikit-Image [10]. To reach the codes, necessary github

links and the related information are presented at the end of the related sections.



2. RELATED LITERATURE

Usage of pattern recognition techniques in image classification is a popular ap-
proach and in this chapter related literature for the applications in this thesis will be
presented. For traffic sign recognition and medical image recognition, we worked with
well known and often considered public datasets. For traffic sign recognition we used
GTSRB and BTSC dataset. For medical image recognition we used malaria recogni-
tion dataset and breast cancer recognition dataset. Therefore the studies considering
these datasets are mainly introduced. The numerical results of the literature are also

presented in the respective sections in order to compare them with our results.

2.1. Traffic Sign Recognition

Berger et al. [11] used virtual generalizing random access memory weightless
neural networks as an effective machine learning technique. This is a kind of special
RAM-based neural network that can store knowledge inside of their neurons. They
used this network and made some preprocessing on images to carry out the recognition

task.

Gudigar et al. [12] used higher order spectra supported with texture based features
and developed an efficient traffic sign recognition model. These features represented the
shape and content information of the traffic signs. Then, they used a subspace learning
method with graph embedding. In this system, they made use of linear discriminant
analysis to increase the discrimination success between traffic symbols from different

variety and, so, for traffic sign recognition.

Zakloutta et al. [13] used HOG features and distance transforms for feature ex-

traction and K-d trees and random forests to carry out traffic sign recognition.

Wang and You [14] combined boosting learning logic and SVM and used Haar



features and HOG features for traffic sign recognition. Their method was an effective

and efficient method that works reducing data dimensionality.

Yin et al. [15] proposed a special CNN architecture that includes a special block
layer structure which combines network-in-network and residual connection. Their
whole network consisted of 10 layers of which 7 belonged to convolutional part and the

last 3 belonged to the fully connected part.

Mehta et al. [16] produced their own network and made some experiments to
see the effect of dropout regularization, different optimizers and different activation
functions on this network. They found that adam optimizer and softmax function gave

good results.

Lu et al. [17] presented a graph embedding algorithm that catches a balance
between local miscellaneous features and global discriminative information. They de-
signed a novel graph structure to show the local features of traffic signs with various ap-
pearances and to intuitively model discriminative information between classes. Thanks
to this graph structure, their algorithm effectively learns a compact and discriminative
subspace. In addition, their proposed algorithm could keep the sparse representation
property of the original space after graph embedding, and, in this way, it generates a

more accurate projection matrix.

Aziz at al. [18] used HOG features, Gabor features and compund local binary
pattern features and performed classification using extreme machine learning. They
stated that extreme machine learning is a new simple learning algorithm for single
layer feedforward neural networks. Their learning is faster and they can obtain better

generalization than single layer feedforward neural networks.



2.2. Medical Image Recognition

Rajaraman et al. [19] applied transfer learning and in this context assessed the
performance of pre-trained CNN based deep learning models as feature extractors in
classifying parasitized and uninfected cells for malaria recognition. They made experi-
ments and determined the optimal model layers and architecture for feature extraction
from the given data. They used some statistical validation techniques and demon-
strated that the use of pre-trained CNN is a promising tool for feature extraction on

this purpose. They also used their customized CNN model in their experiments.

In a different study, Rajaraman et al. [20] evaluated the performance of custom
and pre-trained CNN and constructed an optimal ensemble model to make predictions
reducing bias and, in this way, improving generalization for classification of parasitized
and normal red blood cells in thin-blood smear images for malaria recognition. They
showed that the proposed ensemble model which combines multiple deep learning mod-
els reached nice predictive performance that could not be achieved by any of the in-
dividual models. This was the first study constructing and statistically evaluating an
ensemble model that classifies a large clinical dataset of parasitized and uninfected

cells.

Qayyum et al. [21] used their own CNN based networks for malaria recognition.
They firstly started with a 5-layer simple CNN model for classification. Then, they
modified this model changing kernel sizes in a linearly dilated way in each layer and in
another model they changed the kernel sizes in a Fibonacci series dilated way in each
layer. At the end, they found that their last model, the Fibonacci series-wise dilated

model, performed the best.

Akilotu et al. [22] used transfer learning approach for malaria recognition. They
used pre-trained AlexNet and VGGNet networks and their different versions. At the

classification step they used SVM to carry out the classification process.



Cruz-Roa et al. [23] used their own 3-layers CNN architecture that works with
a softmax classifier for breast cancer recognition problem. While running their CNN;,
they also made an input pre-processing converting the images from RGB to YUV
color space. They also extracted some hand-crafted features and used a random forest
classifier with these features. At the end, they showed that CNN based classification

outperformed the other approaches using hand-crafted features and random forest.

Janowczyk and Madabhushi [24] made a research on different image analysis
challenges in digital pathology on different diseases and investigated usage of deep
learning on these problems. Breast Cancer recognition was among these tasks and
they used AlexNet configuration. They also made use of additional rotations to make
a synthetic data augmentation against the imbalanced data problem between negative

and positive cases.

Reza and Ma [25] focused on 2 different breast cancer recognition tasks using
deep learning. In both tasks, the data was highly imbalanced and they used different
sampling approaches to cope with this problem. The network that they used in the
experiments was keras-team of Francois Chollet’s setups for mnist digit classification
with 3 convolutional layers. At the end, they found that oversampling is generally the
best sampling approach to increase the CNN performance for highly imbalanced data

problems.

Romano and Hernandez [26] dealt with the problem of breast cancer recogni-
tion applying some sampling and data augmentation approaches. They firstly applied
downsampling against the imbalanced data problem to make number of negative and
positive cases equal. Then, they made a synthetic data augmentation using some trans-
formations. They also used deep learning for the classification task. They produced
their own model and in this model, in one layer, they used a new pooling strategy called
accept-reject pooling rather than traditional pooling approaches in order to minimize

the over-fitting problem.



Romero et al. [27] also dealt with the problem of breast cancer recognition and in
their paper they proposed a model derived from the deep learning architecture named
Inception. In this model, they proposed a multi-level batch normalization module
between each convolutional steps. They used this module as a base block for feature
extraction in a CNN architecture and they used softmax classifier. Their experiments

showed that their approach performed better than the original Inception module.

For medical image recognition, at least with regards to the examined papers, we
see that usage of deep learning is much more popular than other pattern recognition
techniques. In their paper, Bakator and Radosav [28] also showed that deep learning
methods have a wide application in the medical field and medical image analysis like
detection, segmentation, classification, prediction and other. They also expressed that
the future development of deep learning is quite promising with more applications in
various fields of medicine, and, particularly, in the domain of medical diagnosis, deep
learning can provide a very nice support for experts in the medical field during decision

making.

2.3. Optical Character Recognition

Phangtriastu et al. [29] worked on only capital letter images and their classifica-
tion problem. To solve this problem, they used zoning, projection and HOG feature
extraction approaches. They used these features one by one and as double or triple
combinations and used SVM and ANN as classifiers. At the end, overall, they showed
that ANN gives better accuracy than SVM. However, the best accuracy was reached
with using SVM with projection and projection + HOG combination.

Roy et al. [30] used a simple, but efficient method for digitalizing texts. They
used binary representation of texts and segmented characters from texts and matched
the flattened and resized representation of extracted character with the ones in training
data to find its label. They only looked at the number of matching binary pixels and
labelled the character to the one that it is the most closest with regards to this approach.



They also used some noise reduction techniques and produced a model which is robust

to noisy texts.

Xie [31] used robust gray value normalization and SVM with radial basis function
kernel for character segmentation from text images and classification. He tested his

model using some text images and showed that it works well.

Afroge et al. [32] used some median filtering for noise reduction and binary image
for character extraction drawing rectangles around the borders of images. Then, they
made resizing operation on extracted characters and flattened binary characters to
obtain related input. They trained an ANN in this way and obtained their well-

functioning OCR mechanism.

Vamvakas et al. [33] worked on handwritten Greek characters. They only worked
for character recognition like Phangtriastu et al. [29]. They worked with binary char-
acters and made 2 types of feature extraction and combined them in a hybrid fashion.
In the first one, they divided the character image into a set of zones and calculated
character pixels’ densities in each zone. In the second one, the area that was formed
using projections of upper and lower, and also, of left and right character profiles was
calculated. After feature extraction, they used SVM with radial basis function kernel

for classification.

Wei et al. [34] used some deep neural network approaches and made some exper-
iments on noisy or poor quality text images. They firstly made some preprocessing
applications like transforming to a binary one and dilation operation for character seg-
mentation and they used their own deep neural networks architecture and inception
v3 pre-trained model as a transfer learning approach on extracted characters. They
showed that the best performance was obtained with inception v3 architecture and

their system worked well for digitalization of poor quality text images.

Sevik et al. [35] worked on Turkish letters and made use of AlexNet deep learning



architecture. They trained the pre-trained Alexnet using their own dataset. They used
this model to complete their OCR engine. For character segmentation step, they made
use of image preprocessing techniques like obtaining binary image and morphologic

operations. They also defined some special rules for accented or dotted characters.

Lastly, there also exists some more advanced studies where texts with more com-
plex backgrounds are detected and digitalized. These texts that are hard to find and
extract can be found in more complex natural images as a small part of these im-
ages [36-39]. However, in this thesis, we realized the OCR applications on simpler
images. Also, an important tool is the Tesseract OCR engine and open source li-

brary [40].
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3. METHODOLOGY

In an image classification problem the standard procedure is firstly extracting
features from image and making the classification using these features as input for
each image. In this thesis, we benefited from HOG features and deep learning feature
extraction in traffic sign recognition and medical image recognition and binary rep-
resentation of images in OCR. We used HOG features and binary representation of
images with Naive Bayes, Logistic Regression and SVM as more classical classification
approaches and the usage of HOG features with ANN was also presented as a transition
between classical methods and deep learning. In traffic sign recognition and medical
image recognition we used deep learning as is by many authors considered a very pow-
erful and modern approach for image recognition problems [1-3]. Deep learning can
be seen as a combination of two types of neural networks: CNN and ANN. They work

together for feature extraction and classification.

3.1. Image Feature Extraction Methods

In this thesis, HOG features, deep learning based features and binary representa-
tion of images for feature extraction are used. However, there are some more methods
as well for feature extraction like Haar like features, histogram of hue values, Wavelet
transform, Fourier transform, Local Binary Pattern etc. Between these more classi-
cal methods HOG features are accepted to be more powerful and it is more popular
and widely used [13, 14, 18]. That’s why, we decided to use HOG features among
these classical image feature extraction methods. For only OCR, we preferred binary
representation of images, because this approach is quite common in this research do-
main [30,32,33]. Below, we explain HOG features and transformation to a binary image
as feature extraction methods. We also explained usage of deep learning, but we ex-
plained it under classification methods title, because deep learning is a comprehensive

name for feature extraction and classification.
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3.1.1. Histogram of Oriented Gradients

HOG features were firstly presented by Dalal and Triggs [41] in 2005 to solve
human detection problem. In their problem they used Linear SVM and HOG features.
They proposed a 5-stage descriptor. These stages are briefly explained below [41].

1. Global Image Normalisation: This optional step may be helpful to reduce some
illumination effect on the image. Pixel values are normalised using some normal-
isation techniques like gamma normalisation, square-root normalisation etc.

2. Gradient computation: The image gradients are calculated in both the x and y
directions thanks to some convolutional operations. Then, using these gradients,
the final gradient magnitude image and orientation of the gradient for each pixel
is calculated.

3. Weighted votes in each cell: The gradient image is divided into cells and for each
cell in the image, histogram of oriented gradients is constructed using gradient
magnitudes and orientation information of the pixels in that cells. Here, the
histograms are constructed according to a pre-defined orientation number. It is
generally preferable to use unsigned gradients in the range [0, 180] with orienta~
tion number in the range [9, 12]. In a cell, each pixel contributes a weighted vote
to the histogram and the weight of a vote can be simply thought as the gradient
magnitude at that pixel.

4. Contrast normalization over blocks: The cells are grouped into larger and con-
necting blocks that commonly overlap. This means that each cell contributes to
the final vector more than once. In a block, for each cell, the corresponding gra-
dient histograms are concatenated and this entire concatenated feature vector is
normalised using for example L1 or L2 normalisation. This block normalisation
is done against lighting variations and it increases the descriptor performance.

5. Calculating the final HOG feature vector: In this step, after all blocks are nor-
malised, the resulting histograms are concatenated and they are treated as the

final vector for the image.
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If we try to explain this procedure in a simpler way we can say that cells consist
of pixel values and blocks consist of cells. HOG values are extracted in each cell
using the gradient magnitude and orientation of pixel values and these histograms
are concatenated and normalised in blocks. Then, normalised vectors of blocks are
concatenated and the final feature vector is obtained. The most important parameters
are pixel per cell value, cell per block value and orientation number value in a histogram

[41].

One of the images used in traffic sign recognition and the related representative
HOG image is given in https://github.com/mertcetinkaya/master_thesis_codes to show
the main idea. The image can be found in images folder in the link. In this image, the
traffic sign image is taken from GTSRB dataset and in the HOG image, a line segment
is given for each cell at the centre of that cell and intensity of these line segments is

proportional to the corresponding histogram value.

3.1.2. Binary Representation of Images

Binary representation of images and usage of these binary representation as fea-
tures is a very simple and popular approach especially for optical character recogni-
tion [30,32,33]. In this logic the image is firstly converted to grayscale. For example,

an RGB image can be converted to grayscale using Equation (3.1) for each pixel [32]:

Gray = 0.299 x R+ 0.587 « G + 0.114 * B. (3.1)

Then, this grayscale image is converted to black and white image using the ob-
tained grayscale pixel values. For example, if the pixel value is lower than 127 than

that pixel can be accepted as 0 (black), else it can be accepted as 255 or 1 (white) [32].
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3.2. Classification Methods

In this thesis, we carried out some image recognition applications. We used
some classical approaches and deep neural networks to create different classifiers and
compared the results. The machine learning based classifiers are mainly examined
under 2 different categories [42]. As a general knowledge, the discriminative classifiers

are more successful in terms of accuracy.

3.2.1. Discriminative vs. Generative Classifiers

Generative classifiers learn a model of joint probability, p(z,y), between input x
and label y and they make their predictions using Bayes rules calculating conditional
probabilities p(y|x). Then, the most likely label y is chosen. Discriminative classifiers
model the posterior p(y|x) directly, or they learn a direct map between inputs x and
the labels y [43]. Discriminative models directly assume functional form for p(y|z)
and parameters of the function are estimated using training data to draw a boundary

between classes.

The Naive Bayes approach is a generative classifier and is a very well-known and
classical method [43]. We also used logistic regression, SVM and neural networks and
these methods belong to discriminative classifiers [1,43-45]. Between these methods,
neural networks show us the performance of deep learning. Also, logistic regression
and SVM are 2 other popular methods in machine learning. We used SVM with
linear kernel and comparison of logistic regression and SVM with linear kernel is also

interesting as both are linear classifiers.

3.2.1.1. Naive Bayes. According to Bayes Rule, the probability for an example x =

(21, %2, ..., x,) to be from class y is shown in Equation (3.2) [46]:

P(?/)P(mla X2y .eny $n|y)
P(z1, 9, ..., Tn)

P(y|zy, xa, ..., x,) = (3.2)
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The above expression can be re-written as in Equation (3.3) using the indepen-

dence assumption:

Py) [ [ P(xily)

P(y|l’1,{l?2, 7xn) = ]3($1'x2 T ) : (33)

Because the expression P (1, X, ..., T,) is constant given the input, P(y|x1, za, ..., T,)
becomes proportional to P(y) H P(z;]y) and Equation (3.4) can be used for classifi-

) i=1
cation:

n

g = argmax P(y) H P(z;|y). (3.4)

i=1
Here, when dealing with continuous training data, a typical assumption is to
distribute it according to a normal (or Gaussian) distribution. In this way, P(x;|y)
values can be obtained to use in the formula. Another way to deal with continuous
training data may be discretizing it into bins. In the applications in this thesis, we

used Gaussian distribution assumption [46].

Training of Naive Bayes is quite fast, because only some probability information
is calculated and used and the independence assumption which is the naive part of this
approach helps to alleviate problems sourced by curse of dimensionality in these calcu-
lations. There does not exist any coefficient to estimate using optimization procedures.

However, Naive Bayes is generally known to be a weak classifier [46].

3.2.1.2. Logistic Regression. Logistic regression is a linear model for classification. As

an optimization problem, [2 penalized logistic regression minimizes the following cost
function given in (3.5) [47,48]. In this cost function there exists a penalty term and

logistic loss. Practically, C' is taken as 1:

1 n
min §wTw +C Z log(exp(—y;(whz; + b)) + 1). (3.5)

i=1
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Similarly, /1 regularized logistic regression deals with the following cost function

given in (3.6):

minz lw;| + C’Z log(exp(—y;(w"z; + b)) + 1). (3.6)

i=1 i=1

Also, there is elastic net regularization. It is a combination of /1 and [2 and it

minimizes the following cost function given in (3.7) [47,48]:

min ——w W + pz |w;| + CZ log(exp(—y;(w" z; + b)) + 1). (3.7)

i=1 i=1

3.2.1.3. Support Vector Machines. SVMs are a set of supervised learning methods and

they are used for classification and regression. We use linear SVM in this thesis.

An SVM constructs a hyper-plane or set of hyper-planes in a high or infinite di-
mensional space and these can be used for classification or regression tasks. Intuitively,
a good separation is obtained by the hyper-plane that has the largest distance to the

nearest training data point of any class [47].

An SVC solves the following primal problem given in (3.8):

I -
min 5w w+C’iZlC¢,

subject to y;(w’ ¢(z;) +b) > 1 — ¢,

G>0i=1,..,n.

Here, we are trying to maximize the margin (by minimizing ||w||* = w”w), while

giving a penalty when a sample is misclassified or within the margin region.

Ideally, the value y;(w? ¢(x;) + b) would be >= 1 for all samples, which indicates

a perfect prediction. However, as expected, problems are usually not always this much
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perfectly separable with a hyperplane. That’s why, some samples are allowed to be at
a distance from their correct margin boundary and the strength of penalty given for

this case is controlled by the penalty term C' [47].

The dual problem for the primary problem is given in (3.9):

o1
min §OzTQOz —ela,

subject to yTa = 0, (3.9)

OgaiSC’,izl,...,n.

In (3.9), e is the vector of all ones and () is an n by n positive semidefinite
matrix. Q;; = yiy; K (z;,x;) with K(x;, x;) = ¢(x;)T¢(x;) is the kernel. The terms «;
are called the dual coefficients, and their values are bounded from above by C. This
dual representation shows the situation that training vectors are represented in a higher
(maybe infinite) dimensional space thanks to the function ¢ in an implicit way. Using
function ¢, kernel trick can be applied and its aim is to project the data in a higher
dimension space. This can be done using standard feature transformation methods and
adding new features as well, but this can potentially blow up the dimension number and
kernel trick is a more elegant and easier way to do this. Using this data transformation
a linearly separable data is obtained and it is separated by a hyper-plane. Here, usage of
duality gives us the chance to apply kernel trick thanks to involving the input features
via inner products (K (z;,z;) = ¢(x;)T¢(x;)) [49]. In this new problem given in (3.9),
an equivalent quadratic programming problem to the primal problem given in (3.8) is

obtained.

When this new optimization problem is solved, the output for a given sample
x becomes Y y;a; K (x5, ) + b and the predicted class corresponds to its sign. Here,
summing only over the support vectors that are the points found in the margin region

is needed because the dual coefficients, «;, become 0 for the other points.

In the applications in this thesis, we always used SVM with linear kernel. In
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this case, the primal problem can be equivalently formulated as the following, given in

(3.10), where the hinge loss is used:

1 n
min §wTw +C Z max (0, 1 — y;(w? ¢(z;) + b)). (3.10)
i=1
This approach does not include inner products between points, so the famous

kernel trick cannot be realized and ¢ becomes the identity function [47].

To make an analogy between logistic regression and Linear SVM, we can think
the cost function as a sum of loss and penalty/regularization expressions and in the
context of this analogy, the loss function for logistic regression becomes logistic loss and
the loss function for SVM becomes the hinge loss presented above. When w”z + b is
greater than 1, SVM loss becomes 0, since this corresponds to an observation that is on
the correct side of the margin. Both loss functions seem quite similar and logistic loss
is actually a smoothed version of SVM loss. Due to the similarities between their loss
functions, the 2 classifiers often give similar results. In case of well separated classes,
SVM tends to be more successful than logistic regression and in more overlapping cases,

logistic regression is more preferable [48].
3.2.2. Deep Learning

As a widely used approach in today’s pattern recognition problems like image
recognition [1-3| deep learning is based on usage of neural networks mostly and these
neural networks can be in different types like ANN, CNN and RNN. Especially in the
context of image recognition, usage of CNN and ANN is very common. As a conven-
tion, firstly CNN is used and a new image is obtained thanks to some convolutional
operations and some other operations on the input image. Then, this new image is
given to ANN or fully connected layer (or dense layers) after being flattened to a 1D
vector and this vector is processed and classified by this ANN. CNN and ANN work
together in cooperation as components or parts of a model or a network and their

weights are updated together and with regards to each other, iteratively, to reduce the
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error as much as possible [50]. A simple representative image for deep learning is given

in [51].

To obtain a good understanding, we firstly explain basic deep learning elements
(belonging to CNN and ANN). Here, we start with Fully Connected Layer which is ac-
tually the ANN part of the standard deep learning structure used in image recognition.
This standard structure is formed by combination of CNN and ANN. We must also

add that ANN is the most basic topic of deep learning and neural networks [50, 52].

3.2.2.1. Fully Connected Layer. The fully connected layer can be thought as tradi-

tional ANN. As a convention, the ’image’ obtained at the end of the CNN section is
flattened to a 1D vector and given to this layer and classification is carried out. In
most of the applications, CNN based features are used with ANN, but these features

can be used with other classification methods as well.

Here, we must add that ANN is another feature extractor and in its last layer the
classification is done using a proper activation function like softmax or sigmoid. CNN
part will be explained after this part but, we must say that the feature extraction
process of ANN is much simpler than CNN. It works with 1D inputs and in each
layer the result of w! * z + b is put in an activation function like ReLU, sigmoid
etc. in each neurone and the output of this activation function (neurone) becomes
the result (or output) of related layer and input of the next layer. This process can
continue during several layers and, at the end, classification is done by the last layer
and a loss is calculated comparing predicted and real results as a supervised machine
learning approach. Using this loss function the weights of the neural networks are
updated through a backward signal and this approach is called back propagation. As
an iterative process, this process continues, preferably, until a convergence is found
in loss function. The same training logic is also kept when CNN part (convolutional
layers) is added before ANN part and loss calculation and weight updating are done
on the whole network using this logic [50,52].
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Here, the loss function is an important element. Preferably, cross entropy based
loss functions are used in deep learning. To talk a bit about cross entropy, it is a
measure from the field of information theory and it calculates the difference between

two probability distributions [1].

The formula for cross entropy is given in Equation (3.11) where P is the target
distribution and (@) is its approximation. In the loss calculation, in practice, average

cross entropy across all training examples is calculated:
CE(P,Q) ==Y P(x;)log(Q(:)). (3.11)
i=1

Usage of cross entropy loss function instead of more classical approaches like sum
of squares based approaches leads to faster training and improved generalization in
classification problems [1]. It improved model training process that previously suffered

from saturation and slow learning [2].

When it comes to target and predicted probability distribution, it is also necessary
to add that in most supervised learning problems the goal is to estimate a conditional
probability P(y|z;0) in order to predict y given x and the MLE framework is quite
important and useful to find model parameters. Thinking this way, in this concept,
MLE becomes equivalent to minimization of cross entropy. Most modern neural net-
works are trained according to maximum likelihood idea and this means that the cost
function is formulated as the cross entropy between the training data and the model

distribution [2].

Here, the aim is minimizing the loss value (cross entropy loss) and stochastic gra-
dient descent based optimization algorithms are used for this purpose during iterations
and epochs in neural networks [50,52]. These optimization approaches for minimizing
the loss will be explained later. Now we continue with the CNN part and explain its

characteristic elements.
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3.2.2.2. Convolution. For CNNs a convolution is applied on small, local regions of

the image. This is done sliding a filter over the image spatially and computing dot
products for small chunks of the image using the formula w? *x +b. At the end of each
convolution operation, one number is obtained and using and putting these numbers
together an activation map is obtained with one pixel depth [52]. We see an example
of this operation in [52]. Using several filters, several activation maps are obtained and

they are put back to back.

In a convolution layer, after obtaining all activation maps, the activation maps
are put in an activation function (mostly ReLU activation is preferred [3]) and the
image obtained after this activation function operation becomes input of the next layer
as the final output of convolution layer. The formula for ReLLU activation function is

given in Equation (3.12) [52]:

r(z) = max(0,x). (3.12)

3.2.2.3. Stride. Stride option can be used to reduce the size of output of convolution

layer. Manipulating stride size, overlaps can be diminished and this causes output size
to reduce. Stride can be defined as step size of convolution filter in each movement
and in the examples above, we used 1 stride size. For an input with size N x N with

filter size F' x F and stride S, output size is (N — F')/S + 1 for one border [52].

3.2.2.4. Padding. Convolution operation shrinks the image a little and during convo-

lution operation, the information on corners and on borders of the image is used less.
To overcome this problem, padding strategy, mostly zero-padding, is used. The borders
of an input are filled with zeros and this input undergoes convolutional operations. In
this way, it also gives the chance to manage the output size. Thinking P as the number
of layers of zero-padding for a border (N +2P — F') /S + 1 becomes the new output size
and this output can be used as input of another convolution layer [52]. For example,

P is 1 in Figure 3.1.
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Figure 3.1. Zero Padding.

3.2.2.5. Pooling. Pooling is applied to make the representations of convolution layer

outputs smaller and reduce the complexity for operation ease. It is done over each
convolution layer output independently and it is, in fact, a downsampling operation
on these outputs. A representative image is given in [52]. The most common type
of pooling is max-pooling. It partitions the image to sub-region rectangles, and it
only returns the maximum value inside of that sub-region. These sub-regions generally

become of size 2x2 and stride size becomes 2 like it is given in [52].

3.2.2.6. Dropout. Dropout is a regularization technique used for neural networks.

Normally, after some training, each neuron in a neural network starts to be tuned for a
specific feature according to input and output and this situation can lead to overfitting.
In dropout approach, in each pass, randomly chosen neurons are dropped out of the
network during training and specialization of a neuron for a feature is blocked in a
certain extent. As a result, the network becomes less sensitive to specific features in

input and it becomes capable of better generalization [52].



22

3.2.2.7. Optimization in Deep Learning. In today’s deep learning problems, stochas-

tic gradient descent based optimization is of core practical importance and it is used
a lot in many fields of science and engineering [53]. In these approaches a loss value
is calculated and using its gradient with respect to weight values, each weight value
is updated in the backward direction and to the required extent under the concept
of back propagation. This weight updating is done through a backward signal after
loss calculation and after updating each weight on the whole network the same train-
ing procedure is repeated until reaching a pre-defined training termination condition.
Target is finding the minimum point for the loss value and this is done trying to find
the point where the gradient of loss function with respect to weight values is equal or
close to 0. There may be some problems during this operation like long convergence
time, getting stuck in local optima etc. [52,53]. Figure 3.2 is an image to represent this

weight adjustment to reduce loss aka Gradient Descent.

LOSS

LOCAL MINIMUM

GLOBAL MINIMUM

WEIGHT

Figure 3.2. Gradient Descent.

The gradients of Loss function with respect to weight values are found using the
‘chain rule’. As an example for this situation, the computational chain given in [52]

can be used.
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In that computational chain, ¢(x,y) = z + y and f(q, z) = qz. To calculate the
derivative of f with respect to x or derivative of f with respect to y, Equations (3.13)
and (3.14) can be used and this approach is used to calculate the gradients of Loss

function with respect to other weights [52]:

of 90f dq

- 2L 71 1
Ox  OqOx’ (3.13)
of 0fdq

- == .14
Oy  0q 0y (3.14)

Now, if we look at these gradient descent approaches with its general principles,
we can say that Stochastic Gradient Descent [54] is the most basic one with the
following formula given in Equation (3.15). Here, 7 is the learning rate. The gradient

of loss function is calculated and the weight value is modified accordingly:

w=w—nVL(w). (3.15)

As a weakness of Stochastic Gradient Descent, we can say that this algorithm
can get stuck in local optima easily because if gradient is around or equal to 0, it will
not be able to leave a local optimum and there will not be an important change in
the weights. That’s why usage of Momentum [55] is a nice approach with the below
formula given in Equation (3.16). Here, the last change in weight is also added with a
momentum coefficient o and this can be useful for solving the local optima problem of

stochastic gradient descent. Usage of momentum also accelerates the learning process:

w=w—nVL(w) + aAw. (3.16)

As another weakness of Stochastic Gradient Descent, we can say that it does not
include any learning rate update. It is a good idea to decay learning rate as getting
closer to the optimal point in order to avoid oscillation around this optimum point and

AdaGrad (adaptive gradient algorithm) [56] applies this learning rate decay using the
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following Equations in (3.17) and (3.18):

v=uv+ (VL(w))? (3.17)

U
=w — V L(w). 3.18
W= e (w) (3.18)
As a modification to AdaGrad, RMSProp (Root Mean Square Propagation) [57]
approach was suggested. In Adagrad, the learning rate is decayed very aggressively
and after a while the weight updates will be so small that the training gets very slow.
To avoid this, the learning rate decay using the Equations in (3.19) and (3.20), is done

in a more gentle way. Here, v is the forgetting factor:

v="v+ (1 —7)(VL(w))? (3.19)

n
VU -+ €

w=w — V L(w). (3.20)

As a combination of Momentum and RMSProp approach Adam (Adaptive Mo-
ment Estimation) [53] optimization algorithm was introduced. The following Equations
in (3.21), (3.22), (3.23), (3.24) and (3.25) are used and we can think that numerator
represents the momentum part while denominator represents the RMSProp part while

updating w in the last step:

v = Bov + (1 — Bo)(VL(w))?, (3.22)
= — (3.23)
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= —-, 3.24

) (3.24)
m

w=w — 3.25

" U+ € ( )

Combining momentum and RMSProp together, Adam optimization algorithm is
a nice and popular approach. It was introduced by Knigma and Ba [53] and their
empirical results demonstrated that Adam works well in practice and gives better
results than other stochastic optimization methods. In this thesis we also used Adam

optimizer. Good default settings are n= 0.001, 3;=0.9, 5,=0.999 and ¢ = 1073 [53].

3.2.3. Randomness in Deep Learning

Up to now, we have tried to present deep learning highlighting its important as-
pects. Here, it is also necessary to mention the notion 'randomness’. There is always
a randomness in deep learning sourced by several reasons and this randomness may
come into prominence while evaluating different deep learning architectures. Actually,
there can always be some randomness in all machine learning methods, but because it
has lots of parameters and has a more complicated structure, handling the randomness
in deep learning is more difficult. Ending up with different models for likewise trained
architectures is a very common issue in the deep learning workspace. Here, we must
add that it can be a bit complicated task to remove this randomness in deep learning
software libraries. This randomness in deep learning comes from the randomness in
weight and bias initialization in layers, stochastic structure of the optimization algo-
rithm, random batch selection during the iterations and randomized dropout (if used)
etc. [58]. In order to handle this randomness and to make better model evaluations,
the same architecture with exactly the same logic can be trained from scratch several
times and statistical properties like minimum, maximum, mean, median etc. for ac-
curacy values (for example if it is a classification problem) can be analysed to see the
performance and validity of that architecture or training approach [19,20]. In this way,

an efficient network architecture selection can be realized.
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3.2.4. What Makes Deep Learning Different?

There are some points that make deep learning different from other machine
learning approaches and this improves its performance. As the core and most basic
difference of deep learning, it facilitates feature engineering and makes it more efficient.
Traditionally, like in the HOG feature case, the features of an image are extracted man-
ually in a handcrafted way and are then used for learning algorithms. This concept
is called shallow learning. In this concept, features are extracted according to some
specific rules. This feature engineering part is often time-consuming and requires ex-

pertise.

In deep learning however, the feature extraction process (also called feature engi-
neering), is carried out automatically. Thus it can be designed in a more powerful and
complicated way using a deepenable layer by layer structure. These layers are updated
together in an iterative way following each others’ needs during training thanks to a
feedback signal which represents the error. In this way, the layers can jointly learn the
data. Here, each layer or filter can specialize for the extraction of a particular feature
and this specialization of layers or filters allows to recognize more complex and secret
features in the deeper layers. During this process, the network transforms the input
image into representations that are increasingly different from the original image and
each representation is only a simple transformation of the previous one. As an analogy,
deep network can be seen as a multistage information-distillation operation. During
this operation information goes through the successive filters and becomes more and
more purified in each step. See [50], where this principle is illustrated with a figure of

a digit-classification model.
The figure given in [52] is another and a more detailed representation of image
classification by CNN. Convolution, ReL.U, pooling and fully connected operations and

their results are given more clearly.

This jointly and automatic learning mechanism and complex structure working
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in harmony makes the model capable of extracting complicated and invisible relations
in the given data. This situation becomes important if the data are more difficult to
understand or to resolve like it is in image recognition or speech processing. Together,
these properties make deep learning often more successful than other machine learning
approaches. Also, removing the manual feature engineering part makes its application

easier [50,59].

3.2.5. Choosing the Best Deep Learning Architecure

Choosing the best deep learning architecture and its fine-tuning is not an easy
task because there are lots of parameters and lots of combinations are available, each
creating a (slightly) different model. This is generally made in a heuristic way using
some general guidelines, but there exist no precise rules how to obtain a good model.
In our image recognition problem a very popular deep learning logic combining CNN
and ANN is used. For choosing the best architecture, starting from some popular deep
learning models is a common approach. These models can be used in two ways: a
model can be used as a baseline and some modifications can be obtained by trial and
error to get a very good model. On the other hand a pre-trained model for a different
problem can be imported and retrained freezing some layers and changing the weights

of others. This second approach is called transfer learning [2].

In the applications in this thesis, we produce our own models using VGGNet as
a baseline and we construct our models on this baseline making some modifications.
There are actually several famous deep learning models like LeNet, AlexNet, VGGNet,
ResNet and Inception. Between them we decided to choose VGGNet. VGGNet is
currently the most preferred choice in the community for feature extraction from images

and it has been used in many applications and challenges as a baseline feature extractor

[60].

VGG is an abbreviation for "Visual Geometry Group’ and the idea of VGGNet

emerged from the Visual Geometry Group at Oxford University by Simonyan and
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Zisserman [61]. In a VGG Block there exists a sequence of convolutional layers, followed
by a max pooling layer. They used convolutions with 2 sequential 3x3 kernels and 2x2
max pooling with stride, together with fully connected layers at the end of the CNN
part. For an input of 224x224 RGB images they used between 64 and 512 filters in
convolutional layers. They experimented especially with architectures using between

11 and 19 convolutional layers.

In the experiments, we used the logic in VGGNet as a baseline while constructing
our network architecture, but we used a smaller version with 32x32 RGB images and
less convolutional layers and filters. We used a simpler VGGNet at the baseline and
added some modifications on that with regards to training and validation results. We
made these modifications to decrease the model size and to obtain light models that
can be easily adaptable for usage in embedded systems like inside of an autonomous car
or inside of a medical device (in terms of size and real time work). In this way, we tried
to carry out a more realistic application. In addition to its usage, training of heavy
models is also computationally expensive and for recognition of small images, usage of
heavy models is not efficient [62]. Here, we also made the mentioned modifications to
facilitate and accelerate the computations for training a model and saw that we are

able to obtain good results using small images and light models.
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4. EXPERIMENTS AND RESULTS

In this section we present our approaches and experiments on 3 different problems.

4.1. Traffic Sign Recognition

For traffic sign recognition, we used GTSRB dataset and BTSC dataset. They

are two public datasets popular in this research area.

4.1.1. German Traffic Sign Recognition Benchmark Dataset

GTSRB is a multi-category classification competition held at International Joint
Conference on Neural Networks in 2011 and Stalkamp et al. [63] presented the GTSRB
dataset for this competition. This is a comprehensive and lifelike dataset containing
more than 50,000 traffic signs from 43 classes with unbalanced class frequencies. The
dataset was created using approximately 10 hours of videos recorded driving on dif-
ferent roads in Germany during daytime in March, October and November 2010. The
resolutions of the images in the dataset change between 15x15 and 250x250 [64].

Examples for the traffic sign classes and image types can be seen in Figure 4.1.
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Figure 4.1. Examples from GTSRB Dataset.

4.1.1.1. Experiments with Classical Methods. The average of width and height length

for images in our training data is approximately 50 pixels. In the experiments we resized
all images to 50x50 resolution. We used different pixel per cell (PPC) values to express
the level of detail extracted. We used 5, 10 and 15 for PPC (cell size is 5x5, 10x10 or
15x15 pixels) and fixed cell per block to 2 (block size is 2x2 cells) and orientation to 9 to
extract HOG features. These are also popularly used and recommended parameters for
HOG feature extraction [41,63]. For PPC 5, 10 and 15 the number of features extracted
(the length of vector) became 2,916, 576 and 144, respectively, for each image. For all
training data feature extraction took around 90 minutes, 20 minutes and 5 minutes,
respectively. Here, we tried to examine for different levels of detail extracted from an
image by different PPC values. There are also 3 different HOG feature sets published
by the official source of the dataset. Among these sets, two of them contain 1,568
features for each and in one of them there are 2,916 features. In our dataset there are
39,209 training images and 12,630 test images. Table 4.1 shows the training results

and Table 4.2 shows the test results. In this part we made our experiments for logistic
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regression (LR), linear SVM, Naive Bayes (NB) and ANN with HOG feature inputs
taking the penalty term C' as 1 in LR and SVM [47]. Here, it is also necessary to add
that there is always some randomness in ANN and the results given for ANN change in
every time that we train the same model architecture from scratch and this change is in
a very small interval. The results for ANN are given for 1 model trained and they can
be thought as approximate results. This subject is examined with more details in the
next subsection which is about the experiments with deep learning. In the experiments
with ANN we used a model with 2 layers. In the first layer there are 128 neurons and
the second layer is output layer that determines the classification result. We trained
the model during 25 epochs. This ANN is actually the same with the one used in the
fully connected layer part of deep learning experiments. These ANN experiments can
be seen as a nice transition between usage of HOG + ANN combination and CNN +
ANN combination to see the exact contribution of CNN features over HOG features.
More details about this ANN model will be given below when discussing deep learning

experiments that combine CNN and ANN.

Table 4.1. GTSRB Dataset Training Results.

PPC 5| PPC 10 | PPC 15

LR Accuracy 0.99 0.90 0.70
SVM Accuracy 0.99 0.94 0.81
NB Accuracy 0.92 0.83 0.72
ANN Accuracy 0.99 0.97 0.89

LR Training Time (s) 42 17 11
SVM Training Time (s) 69 21 7
NB Training Time (s) 2 0.38 0.08
ANN Training Time 7 34 27
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Table 4.2. GTSRB Dataset Test Results.

PPC 5 | PPC 10 | PPC 15
LR Accuracy 0.92 0.82 0.66
SVM Accuracy 0.92 0.85 0.74
NB Accuracy 0.81 0.72 0.63
ANN Accuracy 0.92 0.87 0.80

Regarding Table 4.1 and Table 4.2, we see that the best results are obtained using
ANN and it is the most robust one to decreases in level of details extracted. As another
important result, we see that increasing level of detail always influences positively the
classifier performance and, as expected, it also increases the training time. We see that
LR and SVM have similar performance but SVM seems a bit better. We also see that
with its 'naive’ approach NB has the lowest accuracy, but it is quite fast, much faster

than the other methods due to its simple structure.

4.1.1.2. Experiments with Deep Learning. To find the best deep learning model, we

use a simple VGGNet architecture as baseline and construct our model on that by
adding some new layers and making some modifications with regards to training and
validation results. Our baseline model is given in Figure 4.2. In that Figure, None
value shows us the batch size and it is given None by default on the model plot by the

software module.
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mput: | (None, 32, 32, 3)
output: | (None, 32, 32, 32)

ConvZD

y
mput: | (None, 32, 32, 32)

output: | (None, 32, 32, 32)

ConvzD

mput: | (None, 32, 32, 32)

MaxPooling2Dd —
output: | (None, 16, 16, 32}

y

mput: | (None, 16, 16, 32)
Flatten

output: (None, §192)
mput: | (None, 8192)

Dense
output: | (None, 128)
mput: | (None, 128)

Dense

output: | (None, 43)

Figure 4.2. Baseline Model for GTSRB Data.

This is a very simple model including 2 convolutional layers that consist of 32
filters in each with 3x3 kernel size, 2x2 max pooling layer, one dense layer with 128
neurons and a classification layer. In classification layer softmax function was used
and in the other layers ReLLU activation function with He initialization was used as
recommended [3]. We used adam optimizer and batch size 32 during iterations in
each epoch. We calculated the loss according to cross entropy function and the use of
cross entropy loss with softmax output improves the learning performance of models in
terms of fast learning and robustness [2]. To recall it, the formula for ReLU activation

function is again given in Equation (4.1):

r(z) = maz(0,x). (4.1)

Also, the formula for softmax classifier and the formula for cross entropy loss with
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softmax classifier (with its special name, categorical cross entropy loss) are given below
in Equations (4.2) and (4.3). This is the loss function to be minimized in our problem.
In these formulas x; is the CNN score for the related class of instance x. In the trials
while choosing the model architecture we made our experiments with 10 epochs and
used 5 models trained from scratch while giving the results and looked at our simple

statistical analysis on training and validation accuracies:

s(ry) = =—— (4.2)

et

Zj eri

L(z;) = —log( ). (4.3)

During the experiments with CNN, we resized the images to 32x32 resolution
and used 75% of the training data in training set and 25% of it in validation set in
a stratified manner. Our class distribution plot for training, validation (val) and test

data is given in Figure 4.3.
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Figure 4.3. Class Distribution Plot for GTSRB Data.

As a preprocessing step, we simply normalized the pixel values to 0-1 scale from
0-255 scale. We did not make data cleaning like detecting and removing outliers in
any classification experiment during this thesis. The reason is that because images
are high dimensional data, in these kind of data, outlier detection becomes more com-
plex and most existing outlier detection algorithms fail for this kind of datasets [65].
Moreover, at the end of the literature survey given at the beginning of the thesis, we
also saw that researchers mostly forego outlier detection and data cleaning process in
image classification studies. As an interesting and different outlier detection approach,
another deep learning approach, usage of autoencoder at the basis and its enhance-
ments may be a good idea while working with an image dataset. Autoencoders learn
to reconstruct an image, and hence can classify those images as anomalies, for which
the difference between the reconstructed image and the original image is larger than a

threshold [65-67]. Some representative images for autoencoders are given in [68,69].
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Regarding the experiments, if we look at the results for our first and basic model
given in Figure 4.2, the interval for our training accuracy became [0.9955, 0.9998] and
for validation accuracy [0.9837, 0.9902]. We found the median value for validation ac-
curacy as 0.9877 and validation error interval [0.0098, 0.0163]. Training time was found
around 420 seconds for one model and the related codes for this model architecture is
given in Figure A.1, in the Appendix. About the training time, training duration for

each epoch is almost equal in these kind of networks and, here, it is around 42 seconds.

In our second trial, we added 2 more convolutional layers with 64 filters and 3x3
kernel size for each layer and a max pooling layer with the same principle following the
max pooling layer of the previous model. We saw an improvement in the results with
training accuracy interval [0.9956, 0.9988], validation accuracy interval [0.9882, 0.994]

and validation accuracy median 0.9928.

In our next trial, we added 2 more convolutional layers with 128 filters and
3x3 kernel size for each layer and a max pooling layer with the same principle of
the previous model. This time we found training accuracy interval [0.9725, 0.9974],

validation accuracy interval [0.9669, 0.9933] and validation accuracy median 0.9871.

There is a performance decline at the end of the third trial. That’s why we decided
to continue with the second model. Adding extra layers may cause vanishing/exploding
gradient problems in the chain rule because of consecutive multiplications of gradients
and this may cause a lower performance model [70]. Our case may be an example for
this situation. ResNet deep learning architecture was built as a precaution against this
kind of a problem. It uses shortcut connections on convolutional blocks or layers like it
is represented in [70] in addition to sequential data flow [70]. However, in this thesis,

we use a VGGNet architecture at the basis and it works with sequential data flow.

We continued with the second model and we added some dropout to the second
model and obtained training accuracy interval [0.9989, 0.9997], validation accuracy

interval [0.9946, 0.9967] and validation accuracy median 0.9954.
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We added batch normalization to the previous model and obtained training accu-
racy interval [0.9991, 0.9999], validation accuracy interval [0.995, 0.9972] and validation
accuracy median 0.9964. Batch normalization is used to increase the stability of the
neural network normalizing the output of a layer. In this way, generalization is im-

proved and also a faster convergence of loss function is targeted [52].

We also added learning decay with the decay rate equal to the learning rate/epoch
number (epoch number is 10) to the last model and found training accuracy interval
[0.9998, 0.9999], validation accuracy interval [0.9972, 0.9978] and validation accuracy
median 0.9974. Until now, we have always used 0.001 as the learning rate, but, here,
we added the mentioned learning rate schedule. As stated before, learning rate sched-
ule is used to decay the learning rate to avoid oscillation around the optimum point
and to find that point properly as training continues. As it is said we used Adam
optimization and a learning rate decay is already applied in Adam optimization, but

usage of additional learning rate decay is deemed as a nice heuristics.

At the moment, the very last model is found to be the best model and it is given
in Figure 4.4. In this Figure, the layer group on the right hand side is a sequel to the
layer group on the left hand side and the two groups form the model together. We see
that usage of dropout, batch normalization and learning decay influenced positively the
performance of our model. This time, training time was found around 1200 seconds for
one model and the related codes for this model architecture is given in Figure A.2. As
an additional analysis, its validation error interval became [0.0022, 0.0028] and this is
approximately one-fifth of the error interval found for the baseline architecture which

is the first architecture.



When we trained this model during 25 epochs and 5 times we found training
accuracy is almost always 1, validation accuracy interval is [0.9976, 0.9983] and valida-
tion accuracy median is 0.9977. If we look at the test data, we saw that test accuracy

interval is [0.9808, 0.9841] with median 0.9814. For our 5 different models, we obtained
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\  J
mput: one, 32, 32, 32 Lo mput: one, 16, 16, 64
BatchNormalization 1 o ) BatchNormalization l ™ )
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BatchNormalization ! l — ) Dropout
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Figure 4.4. Our Model Found for GTSRB Data.
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Figure 4.5. Accuracy Values by Model for GSRB Data.

As it can be seen in Figure 4.5, our 5 models are quite close to each other with
regards to their classification accuracy performance on our data. To have an idea about
their training history, Figure 4.6 can be examined. It is given for the fifth model whose
validation accuracy is the best in Figure 4.5, but it can be intuitively thought that
these training history graphics will be all very similar for these 5 models. In this kind
of a training plot given in Figure 4.6, validation accuracy values are given according
to the model obtained at the end of each epoch and whole validation data. Whereas,
training accuracy values are given as a kind of average of accuracy values of all training

batches and all different models found at the end of each iteration during each epoch.
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Figure 4.6. Training History for GTSRB.

After finding these models, we combined them in a proper way. These models are
quite close to each other with regards to their classification accuracy performance on
our data. However, because of the randomness that we discussed before in the nature of
deep learning, each of them makes different progresses. As a result, in a class where one
model is very successful, another model may not be that successful and while learning
well the data overall, each model may specialize itself in a different class. For example,
Figure 4.7, Figure 4.8 and Figure 4.9 show us the confusion matrices for misclassified
samples in validation data. In these figures, we can see the rate of misclassified samples
for each actual class and in which wrong class they are classified. These figures are
drawn for the first, the third and the fifth models, respectively. We chose these models
as the best ones, regarding training and validation accuracies. In the figures, lighter
colors show that the related rate value increases and darker colors show that the related

rate value is close to 0. The rate values are in [0, 0.02] interval approximately.
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Figure 4.7. Misclassification Results for the First Model.
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Figure 4.9. Misclassification Results for the Fifth Model.

When we look at the above figures, we see that there are some dissimilarities

between these misclassification maps which means while one model is weaker for a
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class another model can be strong for this class. In this way, different models can
fix each others’ mistake when they are together. Using this idea, we combined the 5
different models using a simple grid search mechanism. We used the simple grid search
mechanism to determine the weights of each model and we determined the best weight
combination according to the validation data results. We firstly defined a weight list,
got its cartesian product 5 times (because we have 5 different models.) and normalized
it to 1. To shorten the computations (to decrease the combination number), we used
a simple weight list and we defined it as [0, 0.5, 1]. To explain via en example, if the
cartesian product result becomes [0.5, 0.5, 1, 0, 1] then it is normalized to [0.17, 0.17,
0.33, 0, 0.33] by dividing each element in the product by their sum. In this way, we
obtained each possible combination and tried each unique combination on validation
data and chose the combination with the highest accuracy as optimum combination for
the model weights. During these trials, we simply used models’ prediction probability
values for each sample and each class and multiplied them with the model weights and
summed these scores of each model up. At the end, the class with the biggest score for

a sample was determined as combined models’ prediction for that sample.

Using this logic, we applied our grid search based model combination. At the end
of our trial, we found that usage of the weights [0.2, 0.2, 0.2, 0.0, 0.4] respectively for
our 5 models gives the best validation accuracy. In this way, the validation accuracy
rose to 0.9991 and the related test accuracy rose to 0.9871. These validation and test
results are better than the individual results of the 5 models and this shows that our

model combination approach worked well.

In https://github.com/mertcetinkaya/master_thesis_codes, the related detailed
confusion matrix for our models’ combination with the determined weights and the
test data can be found in images folder. In that figure, the colors change according to
the sample number value written in the related cell. Larger numbers are shown with

lighter color while smaller numbers are shown with darker colors.

In addition, Table 4.3 shows us the precision, recall and f-measure results for this



45

combination for each class, like a summary classification report. Precision, recall and
f-measure (or fl-measure) metrics are widely used metrics in classification problems
and they are used more often especially in binary classification problems for positive
cases. However, they can be applied in multiclass classification problems as well and in
these problems they can be calculated for each class. Equations (4.4), (4.5) and (4.6)
show the formulas to calculate these metrics. We can simply think recall to be about
detection rate and precision to be about false alarm rate (high precision points to less
false alarms) for a class. Also, f-measure is a combination of precision and recall. All

of these metrics are targeted to be as close to one as possible:

TP
Precision = ————— 4.4
recision = o5 —p (4.4)
TP
Recall = ————— 4.5
T TPy FN (4:5)

Precisi I
F— Measure — o Lrecision Reca (4.6)

Precision + Recall

The results given in Table 4.3 can also be extracted using the confusion matrix

found in images folder of https://github.com/mertcetinkaya/master_thesis_codes.
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Table 4.3. Classification Report for GTSRB Test Data.

class | precision | recall | f-measure | class | precision | recall | f-measure

0 1.0000 1.0000 1.0000 1 0.9638 0.9986 0.9809

2 0.9987 0.9987 0.9987 3 1.0000 0.9600 0.9796
4 1.0000 0.9894 0.9947 5 0.9488 1.0000 0.9737
6 1.0000 0.8800 0.9362 7 0.9781 0.9911 0.9845
8 0.9956 0.9978 0.9967 9 0.9856 0.9979 0.9917
10 0.9985 0.9939 0.9962 11 0.9767 0.9976 0.9870
12 0.9971 0.9971 0.9971 13 0.9972 0.9972 0.9972
14 1.0000 1.0000 1.0000 15 0.9953 1.0000 0.9976
16 1.0000 1.0000 1.0000 17 1.0000 0.9972 0.9986
18 0.9974 0.9897 0.9936 19 0.9836 1.0000 0.9917
20 0.8333 1.0000 0.9091 21 1.0000 0.9667 0.9831
22 0.9831 0.9667 0.9748 23 0.9868 1.0000 0.9934

24 1.0000 0.9778 0.9888 25 0.9650 0.9771 0.9710
26 0.9634 0.8778 0.9186 27 0.9091 0.6667 0.7692
28 0.9933 0.9933 0.9933 29 1.0000 1.0000 1.0000
30 1.0000 0.8867 0.9399 31 0.9890 1.0000 0.9945
32 0.9375 1.0000 0.9677 33 0.9953 1.0000 0.9976
34 1.0000 0.9917 0.9958 35 1.0000 1.0000 1.0000
36 1.0000 0.9917 0.9958 37 1.0000 1.0000 1.0000
38 0.9986 0.9986 0.9986 39 1.0000 1.0000 1.0000
40 0.9535 0.9111 0.9318 41 1.0000 0.8833 0.9381
42 0.9890 1.0000 0.9945

Here, as an additional improvement proposal, Table 4.3 and the confusion matrix
can be produced for validation data and some mechanism or algorithms for extra
correction can be developed especially for the classes being mixed up with each other.

In this way, the predictions can be optimized more and better classification results can
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be obtained in test data. This kind of a logic is used in the OCR application in this

thesis.

Table 4.4 shows us some results found by the other researchers. With regards to

this table, we see that our approach works well and our test result which is 98.71% is

between the best ones.

Table 4.4. GTSRB Result Comparison.

Research Method Test Accuracy
Yin et al. [15] CNN 98.96%
Berger et al. [11] | VG-RAM WNN 98.73%
Gudigar et al. [12] graph LDA 97.84%
Zaklouta et al. [13] | Random Forests 96.14%
Wang and You [14] | Boosting SVM 93.6%
Zaklouta et al. [13] K-d Trees 92.70%

4.1.2. Belgium Traffic Sign Classification Dataset

Timofte et al. [71] generated the Belgium Traffic Sign dataset using a van with
eight roof-mounted cameras capturing images every meter. BTSC dataset is a subset
of that dataset and BTSC dataset contains cropped images for 62 different classes of
traffic signs. There are 4,575 images in the training set and 2,520 images in the test

set. The resolution of the images changes between 22x21 to 674x527 [64].

Some examples from this dataset can be seen in Figure 4.10.
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4.1.2.1. Experiments. The average of width and height length for the images in our

training data is approximately 100 pixels. We resized the images to 32x32 and, thinking
the same problem nature, used the best model found for GTSRB dataset, and repeated
our experiments with the same principle: 5 times and 25 epochs in each training. We
found a training accuracy in interval [0.9971, 1.0], validation accuracy in interval [0.972,
0.9904] and validation accuracy median 0.9869. For our 5 different models, we obtained
the graphic in Figure 4.11. When we choose the best one (the third one) according to
training and validation results between these 5 models, we found 0.9758 test accuracy.

(Al test scores: 0.9659, 0.9726, 0.9758, 0.9635, 0.9694 respectively)
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Here, we again used 25% of training data in validation data and the rest of it

was used in training data. The data split was done in a stratified manner. Our class

distribution plot for training, validation (val) and test data is given in Figure 4.12.
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Figure 4.12. Class Distribution Plot for BTSC Data.

It is obvious that the BT'SC dataset is a bit small (especially when compared to
the GTSRB dataset). One way to improve accuracy can be data augmentation [2].
Moreover, we see that although it is the same problem type, especially the validation
results change in a comparatively larger interval (especially for the last validation re-
sult) than for GTSRB. This possibly indicates that the model structure allows some
improvements as there is an insufficient and unstable learning. We therefore increased
the number of kernels in each layer; training during more epochs can be another idea.
Instead of 32 and 64 kernels in convolutional layers, we used 256 and 512 kernels and
obtained a higher level and more intelligent system that is able to extract more infor-
mation from this limited dataset. This network obtained [0.9985, 1] training accuracy,
[0.9878, 0.9965] validation accuracy and 0.9939 as validation accuracy median for 5
models and 25 epochs of training for each model. For these models, we obtained the

graphic in Figure 4.13. With regards to this graph, we see that this time validation
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accuracy changes in a smaller interval with a smaller standard deviation and validation
results got better as a sign of better training. We also see that the first one seems to
be the best model and when we choose this model we get 0.9825 test accuracy (All test
scores: 0.9825, 0.9813, 0.9829, 0.9837, 0.9674 respectively).
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Figure 4.13. Final Graphic for Accuracy Values by Model for BTSC Data.

The training history for this model (the first model) is given in Figure 4.14. This

model is found as the best model.
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Figure 4.14. Training History for BTSC.

Related detailed confusion matrix and brief precision, recall and f-measure results
are given in https://github.com/mertcetinkaya/master_thesis_codes (in images folder)

and in Table 4.5 for test data.



Table 4.5. Classification Report for BTSC Test Data.
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class | precision | recall | f-measure | class | precision | recall | f-measure

0 1.0000 1.0000 1.0000 1 1.0000 1.0000 1.0000
2 1.0000 0.7143 0.8333 3 1.0000 0.6667 0.8000
4 0.8571 1.0000 0.9231 5 1.0000 1.0000 1.0000
6 0.7143 0.8333 0.7692 7 0.9886 0.9667 0.9775
8 0.9231 1.0000 0.9600 10 1.0000 1.0000 1.0000
12 1.0000 1.0000 1.0000 13 1.0000 0.9744 0.9870
14 0.9375 1.0000 0.9677 16 1.0000 1.0000 1.0000
17 0.9839 1.0000 0.9919 18 0.9917 | 0.9754 0.9835
19 0.9939 1.0000 0.9969 20 1.0000 1.0000 1.0000
21 1.0000 1.0000 1.0000 22 1.0000 1.0000 1.0000
23 1.0000 1.0000 1.0000 24 1.0000 0.7692 0.8696
25 0.5000 1.0000 0.6667 27 1.0000 1.0000 1.0000
28 1.0000 1.0000 1.0000 29 1.0000 1.0000 1.0000
30 0.9737 1.0000 0.9867 31 1.0000 1.0000 1.0000
32 1.0000 0.9976 0.9988 34 1.0000 1.0000 1.0000
35 0.9931 0.9351 0.9632 37 0.9688 1.0000 0.9841
38 0.9631 0.9812 0.9721 39 0.9899 0.9899 0.9899
40 0.9796 1.0000 0.9897 41 1.0000 1.0000 1.0000
42 1.0000 1.0000 1.0000 43 1.0000 1.0000 1.0000
44 1.0000 1.0000 1.0000 45 0.9625 0.9167 0.9390
46 0.4286 0.5000 0.4615 47 0.9688 1.0000 0.9841
49 0.4000 0.6667 0.5000 51 0.7500 1.0000 0.8571
53 0.9600 1.0000 0.9796 54 0.9796 1.0000 0.9897
55 1.0000 1.0000 1.0000 56 0.9429 1.0000 0.9706
57 1.0000 0.9512 0.9750 58 1.0000 1.0000 1.0000
59 1.0000 1.0000 1.0000 60 1.0000 1.0000 1.0000
61 1.0000 1.0000 1.0000
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Table 4.6 shows some performance results reported in the literature. With regards
to this table, we see that our approach works well and our test result which is 98.25%

is quite close to the best ones.

Table 4.6. BTSC Result Comparison.

Research Method | Test Accuracy
Gudigar et al. [12] | graph LDA 98.50%
Aziz et al. [18] EML 98.30%
Mehta et al. [16] CNN 97.06%
Lu et al. [17] Graph 96.29%

4.1.3. Folder and File Structure for Traffic Sign Recognition

Figure 4.15 shows the folder and file structure used in traffic sign recognition
experiments. In hog and hog_test folders the produced hog dataframes are found for
training and test data. In Train folder, there are folders with class numbers and in each
of these class folders there are related training images. In Test folder there are test im-
ages. Test.csv file contains image and class id information for test data. The codes can
be reached using the link https://github.com/mertcetinkaya/master_thesis_codes and
this folder and file structure must be created to run the codes properly. The readme

file on github contains additional information.
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| thesis |
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Figure 4.15. Traffic Sign Recognition Folder and File Structure.

4.2. Medical Image Recognition

Here we describe the experiments we made for malaria recognition and breast

cancer recognition.

4.2.1. Malaria Recognition

Malaria is an infectious disease that causes more than 400,000 deaths per year
and it is a true endemic in some areas of the world. This means that the disease
is regularly found in the region. Especially, the middle parts of Africa mostly suffer
from this disease and it is a mosquito-borne blood disease caused by the Plasmodium
parasites transmitted through the bite of the female Anopheles mosquito. The dataset
that we used for malaria recognition is the same dataset that Rajaraman et al. [19]

used in their publication in 2018.
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In their study Rajaraman et al. [19] used a dataset that consists of 27,558 blood
cell images with equal instances of parasitized and uninfected cells. The minimum,
average and maximum values for width and height of images are around 40, 130 and

390 pixels respectively and images are in a square-like form.

Examples for uninfected (negative) and parasitized (positive) cells can be seen in

Figure 4.16 and in Figure 4.17.

Figure 4.16. Examples of Uninfected Cells.
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Figure 4.17. Examples of Parasitized Cells.

4.2.1.1. Experiments with Classical Methods. In our experiments, we used 80% of the

data for training and 20% of the data for test making a stratified data split. In their
study, in 2019, Rajaraman et al. [20] reported an improvement to the study in 2018
using the same dataset and in this second study they used images resizing them to
100x100 pixels. Regarding this situation and real sizes of the images, in our experiments
we also resized the images to 100x100 pixels and extracted HOG features for PPC 5,
10 and 15 fixing cell per block to 2 and orientation to 9. In this way, we extracted

HOG features with sizes 12,996, 2,916 and 900 for PPC 5, 10 and 15, respectively.

Table 4.7 shows the training results. In these experiments, the same basic initial
properties (like using the same penalty term etc.) used in GTSRB experiments were

given to the classifiers. Table 4.8 shows the test results.
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Table 4.7. Malaria Recognition Training Results.

PPC 5 | PPC 10 | PPC 15
LR Accuracy 0.89 0.80 0.76
SVM Accuracy 0.96 0.83 0.78
NB Accuracy 0.68 0.72 0.73
ANN Accuracy 1 0.99 0.96
LR Training Time (s) 28 8 2
SVM Training Time (s) 229 29 4
NB Training Time (s) 4 0.9 0.26
ANN Training Time (s) 130 37 18

Table 4.8. Malaria Recognition Test Results.

PPC 5 | PPC 10 | PPC 15
LR Accuracy 0.72 0.77 0.75
SVM Accuracy 0.72 0.78 0.76
NB Accuracy 0.66 0.71 0.72
ANN Accuracy 0.72 0.82 0.85

With regards to Table 4.7 and Table 4.8 we see that again ANN is the best clas-
sifier of all in terms of accuracy. Also, SVM seems better than LR in terms of accuracy
with a small difference, but its training time increases a lot when dimension size gets
bigger. From this point of view, LR seems a better choice than SVM. NB again works
quite fast, but it gives again the worst results. In addition, we see that accuracy per-
formance difference between NB and other methods is smaller than for the GTSRB
dataset. Here, it is also interesting that the test performance increases and training per-

formance decreases in most of the times as level of extracted detail decreases. It seems
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that this may be because of the ’curse of dimensionality’ and decreasing dimension
number in input data may increase classifier performance. It seems that the ’curse of
dimensionality’ causes some problems and may prevent classifiers from showing their
best performance. Thus, the mentioned dimensionality reduction seems to help the
classifiers for this reason. In this case, accuracy performance difference between NB

and others could increase as well.

Moreover, as another interesting point, when we look at Figure 4.16 and Fig-
ure 4.17 we see that there exists one or more darker blobs of colour when a cell is
parasitized. Searching for these blobs and trying to extract them can be an idea to
decide if a cell is parasitized or not. In order to do so, some classical image processing
techniques like Canny Edge Detection [72], Hough Transformation [73] or some colour
space transformation between RGB and HSV or RGB and HSI can be used. For ex-
ample, in Figure 4.18 Canny Edge Detection algorithm is run on a parasitized blood
cell and the darker blob is detected and a bounded box is drawn around this activated
area. In addition, in Figure 4.19 RGB colour space is transformed to HSV and a proper
mask is produced. Using this mask, the blob around which a bounded box is drawn is
detected. During these operations, some parameter tuning is required and some noise

reduction like blurring can also be applied.

Figure 4.18. Canny Edge Detection.
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Figure 4.19. HSV Transformation.

However, searching for a pattern like a blob, as it is in this example, is not easy
with standard image processing approaches for this kind of classification problems.
This process requires some parameter tuning which is not easy and our experimental
results show that because of the variations sourced by colour, shape, size etc., this
tuning operation gets quite difficult and fragile in order to find a general rule across
all data. Obviously, it does not present an efficient learning and generalization. As a

much more automatic and successful algorithm, deep learning can be used again.

In medical image analysis, searching for a specific area like diseased area and
usage of deep learning in this context is a popular research area. In modern research,
this is actually a topic of semantic image segmentation which means assigning class
label for each pixel and it allows pixel-wise classification in an image [74]. Architec-
tures like UNet [75] and ENet [76] are nice examples for semantic and medical image
segmentation. According to some research, in addition to their success, they can work
fast and their results are quite promising. It seems that in the future their usage will
become widespread in hospitals as a successful and much faster approach than experts
or radiologists for segmentation of specific areas, diseased areas, tumors etc. in medical
images or films. Using these architectures successful and detailed segmentations can

be made [28,77,78].

For example, Karimov et al. [78] used UNet, ENet and their customized ENet
(BoxENet) for semantic segmentation of mast cells in histological slice scans and they

showed that deep learning architectures work quite well for this task.
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These deep learning based techniques can also be applied to the malaria recogni-
tion problem, at least as a decision support approach for more advanced level studies.
In the following section, we propose our classification experiments with deep learning

following a similar procedure as for traffic sign recognition.

4.2.1.2. Experiments with Deep Learning. In this section we again used the CNN +

ANN combination and used a procedure similar to that we used for GTSRB dataset
while improving the neural network model. We again used the same training and test
data as for the HOG feature experiments above, but this time we used 25% of the
training data as validation data. This means that we used 20% of the whole data in
test, 20% of the whole data in validation and 60% of the whole data in training. In our
experiments we always splitted the data in a stratified way and resized the images to
32x32 resolution. Our class distribution plot for training, validation (val) and test data
is given in Figure 4.20. Also, a difference about model training is that the classification

layer of this model is for two outputs because of the problem nature.
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Figure 4.20. Class Distribution Plot for Malaria Recognition.

Table 4.9 shows us the results for step-by-step model development. We repeated



Table 4.9. Malaria Recognition Model Development.

Model Training Validation Validation
Accuracy Accuracy Accuracy

Inteval Interval Median

Baseline [0.9693, 0.9933] | [0.9196, 0.9441] 0.9434

Baseline [0.9736, 0.9823] | [0.949, 0.959] 0.955

+2 Conv.

Baseline [0.9604, 0.975] | [0.9478, 0.9601] 0.9583

+4 Conv.

Baseline [0.9573, 0.9669] | [0.9485, 0.9603] 0.9528

+4 Conv.

+Dropout

Baseline [0.9683, 0.9707] | [0.9577, 0.961] 0.9594

+2 Conv.

+Dropout

Baseline [0.9386, 0.9687] | [0.9376, 0.9563] 0.9548

+2 Conv.

+Dropout

+Batch Norm.

Baseline [0.9685, 0.9736] | [0.955, 0.9614] 0.9583

+2 Conv.

+Dropout

+Learn. Decay
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the experiments from scratch 5 times and during 10 epochs in each time in Table 4.9.

Here, we chose the architecture with baseline + 2 convolutional layers + dropout
that is shown in Figure 4.21 and when we trained this model during 25 epochs and
5 times we found training accuracy interval is [0.9877, 0.9921], validation accuracy

interval is [0.9581, 0.9606] and validation accuracy median is 0.9595.
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Figure 4.21. Our Model for Malaria Recognition.
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For our 5 different models, we obtained the graphic presented as Figure 4.22.
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Figure 4.22. Accuracy Values by Model for Malaria Data.

In order to augment the success of our models, we applied data augmentation
on our training data. Data augmentation is an important approach in deep learning
to improve the learning performance. For the data augmentation, we blurred, rotated
by 90 degrees in clockwise and counter clockwise and rotated by 180 degrees each of
the images and we increased the amount of training data 4 times. As a representative
image for data augmentation, in Figure 4.23, we see the original image on the leftmost

and the others are produced under data augmentation concept.

Figure 4.23. Data Augmentation for Malaria Data.
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After this data augmentation, we trained the chosen model architecture using the
same (the previous) principal from scratch and obtained the graphic in Figure 4.24.
The training accuracy interval is [0.9847, 0.9871], validation accuracy interval is [0.9628,
0.9669] and validation accuracy median is 0.9644. We see that there is an improvement
in validation scores and a decline in training scores. However, the improvement in
validation scores shows us a better learning. We see that data augmentation acted
like a regulator against overfitting that prevented our model from memorizing and it

provided a better generalization.
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Figure 4.24. Training History for Malaria Data after Data Augmentation.

With regards to Figure 4.24, we see that there is an improvement in validation
scores thanks to data augmentation and the third model is the best one to choose. The
test accuracy for this model is 0.9663 (all test scores: 0.9628, 0.9637, 0.9663, 0.9634,
0.9643). The confusion matrix of this model for test data is presented in Figure 4.25.
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Actual

Predicted

Figure 4.25. Confusion Matrix for Malaria Test Data.

We obtained precision, recall, f-measure and balanced accuracy values as 0.9696,
0.9626, 0.9661 and 0.9663 for the test data. A metric often used in binary classification
is the arithmetic mean of the recall results for the 2 classes. It is called balanced
accuracy metric. As a convention, we gave our recall results for positive class in this
binary classification problem, but it can be calculated for both classes. In this way,
these recall calculations get more special names like sensitivity and specificity. The
sensitivity formula is used for recall calculation for positive class. The formulas for

these new metrics are given in Equations (4.7), (4.8) and (4.9):

TP
TN
IS tivit Speci ficit
Balanced Accuracy = ensitivity + Specifici J. (4.9)

2

We see that as our data are balanced the balanced accuracy result are equal to
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the accuracy result. These results can also be obtained via Figure 4.25. The training

history for this model (the third model) is given in Figure 4.26.
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Figure 4.26. Training History for Malaria after Data Augmentation.

Table 4.10 shows us some results found by the other researchers. However, here,
it is necessary to say that the training and test data that we used are different than
the ones used in the other researches (because they are not given in the dataset) and
this separation between training and test data are not always clearly explained in the
papers. That’s why, this comparison is not 100 percent fair but gives only a general
idea. With regards to this table, we see that our approach works well and our test

result which is 96.63% is one of the best.
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Table 4.10. Malaria Recognition Result Comparison.

Research Method Test Accuracy
Rajaraman et al. [20] | Transfer Learning CNN 99.32%
Rajaraman et al. [20] Custom CNN 99.09%

Qayyum et al. [21] Custom CNN 96.05%
Akilotu et al. [22] | Transfer Learning CNN 96%
Rajaraman et al. [19] | Transfer Learning CNN 95.7%
Rajaraman et al. [19] Custom CNN 94%

In this kind of a learning problem, it is obvious that the cost of missing a disease
would be quite high. That’s why, producing a model that gives more importance to
detect as many positive cases as possible is desirable. This means that the recall metric
is more important than the precision metric. In order to obtain this kind of a model,
it is possible to: increase the number of positive cases compared to the number of
negative cases used in the training set or to increase the class weight of positive cases

during the training. An alternative is also to use a different probability threshold.

Here, f-measure can also be a nice metric and calculating an f-measure where
the weight of the recall metric is larger is a nice approach. The best point between
precision and recall can be determined using aforementioned techniques and this kind
of an f-measure. This f-measure is also called f-beta measure and the f-measure (or
fl-measure) that has been used so far is actually a special f-beta measure where beta
is 1. The formula of the f-beta measure is given in Equation (4.10). Three common
values for beta are 0.5, 1 and 2 and by changing the beta value, the weights of precision

and recall in the f-beta measure calculation can be adjusted:

(1 + beta?) * Precision * Recall

F — beta Measure =
casur beta? * Precision + Recall

(4.10)
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Here, we directly continued from the last model and made some additional ex-
periments moving the probability threshold. Normally, the probability threshold is 0.5
while deciding between positive and negative cases. However, there is always a trade-
off between precision and recall and in this kind of problems recall is a more important
metric because the cost of missing a positive case is much higher than the cost of giving
a false alarm for a negative case. That’s why, equating beta parameter to 2, we defined
our f-beta measure and increased the importance of recall in the f-measure calcula-
tion. Normally, the f-measure uses a beta parameter equal to 1, which means that
precision and recall have the same weights. After defining the f-beta measure in this
new way we drew the precision-recall curve and found the best probability threshold in
the training data equal to 0.2533 to obtain the biggest f-beta measure possible. This
probability threshold is for positive cases and our precision-recall curve and the best
point according to the f-beta measure for this precision-recall curve is given in Figure

4.27.
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Figure 4.27. Precision-Recall Curve.

As it can be seen in Figure 4.27, the best point for a probability threshold is in
the favour of making the recall value greater than the precision and this probability

was found to be 0.2533 for the training data.
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After defining the best probability threshold in this way we obtained the results

for precision, recall and f-beta measure (see Table 4.11).

Table 4.11. Malaria Recognition Precision, Recall and F-Beta Measure Results.

Precision | Recall | F-Beta Measure

Training 0.9762 0.9915 0.9884
Validation 0.9502 0.9706 0.9664
Test 0.9499 0.9716 0.9672

For this probability threshold, we obtained 0.9837 training accuracy, 0.9599 vali-
dation accuracy and 0.9602 test accuracy. We see that there is a decline in the accuracy

scores, but our model is more successful in not missing positive cases. Our validation

recall rose to 0.9706 from 0.9641 and our test recall rose to 0.9716 from 0.9626.

4.2.2. Breast Cancer Recognition

The dataset that we used in this experiment is for Invasive Ductal Carcinoma
(IDC) which is the most common type of breast cancer. It originally was studied by
Cruz-Roa et al. [23] and it consists of 162 whole mount slide images of Breast Cancer
specimens scanned at 40x. From that, 277,524 patches of size 50x50 were extracted

with 198,738 IDC negative and 78,786 IDC positive.

Examples for IDC negative and IDC positive are presented in Figures 4.28 and
4.29.
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Figure 4.28. Examples for IDC Negative.

Figure 4.29. Examples for IDC Positive.

4.2.2.1. Experiments. In our experiments, we again used 60% of the whole data for

training, 20% of the whole data for validation and 20% of the whole data for test and
we made this splitting in a stratified manner between negative and positive classes.
We resized our images to 32x32 resolution and made a downsampling to equate the
number of positive and negative samples in the training set after the aforementioned
data splitting. At the end, we ended up with 94,542 samples with equal positive and

negative cases in our training set. In the validation set, we used 55,505 samples and in
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the test set we used 55,506 samples. Our class distribution plot for training, validation

(val) and test data is given in Figure 4.30.
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Figure 4.30. Class Distribution Plot for Breast Cancer Recognition.

As the two problems seem similar, we used the best model architecture we found
finally for malaria recognition. During our experiments we saw that the training history
graphic does not become as flattened as it was found in the previous experiments as a
sign that the data are not easy to learn. Also, as a more important point, the validation
accuracy graphic fluctuates a lot and it is quite oscillated. These points show us that it
is difficult to obtain convergence for our model with the malaria data. Clearly the use
of the model would probably not result in the best possible test performance than it.
We therefore decided to train our model once from scratch with 50 epochs of training
and then selected the model with the best validation score. The training history is

presented in Figure 4.31.
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Figure 4.31. Training History for Breast Cancer Data.

With regards to Figure 4.31, we see that the best validation score was obtained in
the 40" epoch with 0.8602. Using the model found in the 40" epoch, training accuracy

was found to be 0.8867 and test accuracy was found to be 0.8594. The confusion matrix

of this model for test data is presented as 4.32.

°  Predicted

Figure 4.32. Confusion Matrix for Breast Cancer Test Data.
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For the test data we obtained precision, recall, f-measure and balanced accuracy
values of 0.8566, 0.7088, 0.7757, and 0.8585. These results can also be calcuated using
the results of Figure 4.32. It seems that for this experiment the model was trained in a
way to be likely to make negative predictions. We understand this from higher precision
and lower recall results. However, we made a totally balanced experiment between these
2 classes regarding class weights and probability threshold. Considering this situation
and our other empirical results, we can say that this propensity for negative class was
obtained randomly. However, again, using some approaches like probability threshold
moving applied in Malaria recognition, our model can be modified in a way to increase

recall and decrease precision.

Table 4.12 shows us some performance results reported in the literature. With
regards to this table, we see that our approach is competitive, our test result (a balanced
accuracy of 85.85%) is only outperformed by the best model. However, it is again
necessary to stress that the training and test data are not given in the dataset and
the selection of training and test data splitting is not always clearly explained in these

papers. That’s why, this comparison is not exact and can give only a general idea.

Table 4.12. Breast Cancer Recognition Result Comparison.

Research Method Balanced

Test Accuracy

Romero et al. [27] Custom CNN 89%
Reza and Ma [25] Custom CNN 85.48%
Romano and Hernandez [26] Custom CNN 85.41%
Janowczyk and Madabhushi [24] | Transfer Learning CNN 84.68%

Cruz-Roa et al. [23] Custom CNN 84.23%
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4.2.3. Folder and File Structure for Medical Image Recognition

Figure 4.33 shows the folder and file structure used in our medical image recogni-
tion experiments. In hog and hog_test folders the produced hog dataframes are found
for training and test data. Under binary_images folder, in training_all folder, there are
folders with class numbers (0 and 1) and in each of these class folders there are related
training images. Under binary_images folder, in test_all folder, there are folders with
class numbers (0 and 1) and in each of these class folders there are related test images.
Test_All.csv file contains image and class id information for test data. The codes can
be reached using the link https://github.com/mertcetinkaya/master_thesis_codes and
this folder and file structure must be created to run the codes properly. The readme

file on github contains additional information.

| thesis |

—{ general library.py

— medical_image_recognition_library.py

—{ medical_image_recognition.py

— medical image directory

— hog

— hog_test

— binary_images

training_all

Test_All.csv

Figure 4.33. Medical Image Recognition Folder and File Structure.
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4.3. Optical Character Recognition

In this part of the thesis, we develop a real text digitalization application. Thus
the aim is not only to recognize the given letter, but also to extract first these letters
one by one from the given text image. Thus it will be possible to digitalize real text
from a text image. We can call this a proof of concept study for producing an OCR

engine.

For this purpose, firstly, a simple character segmentation approach was produced.
Our algorithm for this segmentation is given in a simplified and step by step way in
Figure 4.34. Before starting character segmentation, we first convert our image to a
binary image. That means that after that conversion the characters must all be black
pixels and the remaining pixels must all be white. Our character segmentation algo-

rithm for such a binary image is given below.

e Start from the top pixel line of the image and examine each line pixel by pixel.

e When at least one black pixel is recognized in a pixel line that means that
the top border of a line that includes characters (the top border of a character
line) was found.

e After the top border of a character line was found, we continue to check the
below pixel rows till the first pixel row without a black pixel is recognized.
Thus the bottom border (ie exit) of a character line was found.

e The same logic is kept until the end of the image and horizontal borders
(character lines) are found.

e The same logic is used inside of extracted character lines, this time, to find
the vertical borders in each line. Thus it is possible to determine the absolute
rectangular borders of every character and to extract them one by one from

the image.

Figure 4.34. Character Segmentation Algorithm.
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As an example, the result of this segmentation algorithm applied to the image of

Figure 4.35 is presented in Figure 4.36.

Medya takip kurumu Ajans Press, internet ile alakali basina
yansiyan haber adetlerini inceledi. Ajans Press ve ITS
Medya’nin dijital arsivinden yapilan arastirmaya gdre, bu yil
internet hakkinda ¢ikan haber sayisi 46 bin 159 olarak
belirlendi. Sadece internet hizi olarak bakildiginda 907 basin
yansimasl oldugu gorildi. Tum dinyayil etkisi altina alan
koronaviriisiin haber ¢ikislari ise yodgun bir sekilde artarak
devam ettigi kaydedildi. Ajans Press’in, tech4i2 verilerinden
elde ettigi bilgilere gbre, koronavirisiin internet hizina olan
etkisi ag¢iklandi. Arastirma bazi Avrupa illkelerini baz alirken
birgok sosyal medya uygulamasi dahil internet sitelerine
giristeki hizin diismeye baslandidi saptandi. Amazon yiizde 79
hiz distisii yasayarak erisim hizi en c¢ok diisen site olurken,
Facebook yiizde 58, twitter yitizde 43, Microsoft ve Youtube ise
yizde 29 diisiis yasayan uygulamalar oldudu belirtildi. Bu
sliregte internet hizinin en g¢ok diistigli tlke ise Almanya
olurken, ylizde 29,7 gibi bir hiz disiistiniin oldudu saptandi.
Tirkiye ise arastirma icerisinde yer alan tilkelerden olmadi.

Figure 4.35. Sample Image Before Segmentation.

Medlylel Halkilp Kulfumd AfEnls Pidessl [ntednet e alEkalh Bashing
valshlyiein bkl edefleiinf Ancelgdil Afens Press vie TmS

MedyRl nhlnl AN ersiivinden yalphllan Eiasthualie goidel b yill
filntenield hialkkinidie Gk hialeld salyi/shl Hin 058 olabak
Belilendfil i Saldeicle fntelrnietl bz ofljaialk bakiyldpdhinkda a1 balshin
ialnshlmalsh Gldufia GSHulidal M dinialvihl ksl alEhne el
Kodnlaiviilriisfin Halbe GikiSTaHn e iofun by Sekillde hirfarak
Aelviai gEigH KelyldediTdil] AflEns Pidess! inl Hechii? vigmilleminde
elide &ttigi Hilgiles el Koohavidsin fnderingt huZins ollai
etkisi elchklandh]] Arasthjing Hakh Avidupe Glkeledini ba Bk
Bliltcok syl medyvial dyigilamalsil dahfilll Anfeiingt Siteleine
gidigteks hiznn didsmelyie balsliandrgh] Sapltandi | Amazcn yidzde 19
Hie digist yelgelyaidak eiigii hizhl Bnl ¢ok diisenl iltle plufrken])
Faldeblodk vidde BBl Ewiltteln yiizde ABY Midhosofit Me Yiduitubs [e
PH duglE velselylan uygullamalar oljdugu BelinEimdi i
Bltidelctld fnfteiniel hijEhiniin gnl okl AUSEEd Ghke Hse ATmpnye
Olurkenl) vizde 2GR il Bk hijE dusdstnin oljdugu Septanidil i
Midkilyie s Biresthldng fdedisinds yiek slan Ghkelerden ofimaidnd

Figure 4.36. Sample Image After Segmentation.

We can see in Figure 4.36 that after the segmentation operation there can always
remain fully white row above and below the character. These white spaces can decrease

the performance of the classifier. Therefore we add here a preprocessing step, that
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removes these white spaces by raising the lower boundary line and/or lowering the

upper boundary line. A resizing operation is necessary after this space removal.

For the next step, the classification task, we used logistic regression (LR), Naive
Bayes (NB) and SVM with linear kernel. For training and using these classifiers we al-
ways used the binary and flattened representation of the input and we created our own
dataset. It is based on the following alphabet given in Figure 4.37 containing all Turk-

ish and English letters, the numbers, the punctuation signs and some special characters.

AaBbCcCc¢DdEeFfGgGgHh
LIiJiKkLIMmNnOoO6Pp
QqRrSsSsTtUnUit VvWwXxYyZz0123456789-.,;: 7% ()

Figure 4.37. Alphabet.

As we created our own training set, its size is not large. Considering also that the
inputs to classify are less complicated compared to the images in the previous sections,
in this classification process, we did not apply deep learning methods but continued

with our three simpler classifiers.

Training is conducted after the segmentation and the preprocessing step to ex-
tract the letters from images like Figure 4.38. This figure also shows the alphabet. We
produced several of them using different resolutions, fonts and also blurring effects.
As fonts Courier, Times New Roman, Bahnschrift, Arial, Cambria and Verdana were
used. Each of the extracted characters is then put into the data set in binary, flattened

form to get more data. Figure 4.38 presents such a ’training’ image using Courier font.
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AaBbCcggeDdEeFfcgC§Hh
I1IiJjJKkL1MmNnoOoOOdSPDPD
QgRTrSsSsgSsTtUulivvwwiXEzX
Y ¥ :EzZz 0228450708 %= g sl NEA)

Figure 4.38. Alphabet Image.

After preparation of the segmentation and the preprocessing algorithm and train-
ing a classifier, our system is ready to digitalize text images. Length of the alphabet is
85 and there exist 3,060 characters in our dataset. We used 25% of the characters in
our dataset as test set and used the rest as training set. Figure 4.39 presents the width
and height of the characters observed after segmentation and space removal. Using
those results and some empirical experiments we decided to resize all characters to
30x30 as another preprocessing step after space removal. Finally, we got the following

classification results in Table 4.13.

width and height values

50
B
40
30
20

10

width height

Figure 4.39. Width and Height Information for Characters.
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Table 4.13. OCR Results for Classification.

Training Time (s) | Training Accuracy | Test Accuracy

LR 3 0.9961 0.9333
SVM 17 0.9969 0.9346
NB 0.04 0.9382 0.6588

According to Table 4.13 logistic regression is the best classifier considering train-
ing time and accuracy values together. That’s why, we continued with logistic regres-
sion through this section. The related confusion matrix of logistic regression is given for

test data in https://github.com/mertcetinkaya/master_thesis_codes (in images folder).

Here, to augment the classification accuracy we also defined some rules for extra
correction, in order to prevent the system from mixing up characters like i, L,L1,1or
. ,, -, or the upper case and lower case of the characters of ¢, o, p, s, u, v, w, x and z.
We selected these character groups using experimental text digitalization results and
the confusion matrix in https://github.com/mertcetinkaya/master_thesis_codes. We
defined these rules with regards to the original height of character found just after
segmentation, the first and the second cutting point for preprocessing (space removal),
the probability predictions for different classes made by classifier and some empirical
results. It is also necessary to add that normally SVM is not a probabilistic method,
but it can be used in probabilistic way by probability calibration and probabilities
are calibrated using Platt scaling [79] at the basis and extending it [80]. This kind
of probability calibration approaches can be used for any non-probabilistic estimator
to make it probabilistic. However, it increases the training time. The training time

difference for SVM given in Table 4.13 is mostly sourced by this situation.

In Figure 4.40, some elements used in this extra correction mechanism are pre-

sented via an ’s’ and 7’ taken from Figure 4.36. These characters are presented before
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and after space removal. Origin is always taken to be 0 and the first cutting point
and the second cutting point values are determined by counting pixel values (pixel
values are increasing one by one towards the bottom). The given height values are
also simply pixel count. Figure 4.40 is also an example for the claim given above. We
clearly see that after the space removal (and also resizing), it is not possible (or very

29

difficult) to distinguish between ’s” and 'S’ or 7’ and ’,’. That’s why, we present an
extra correction mechanism between mixable characters using the ratios between the

elements presented in Figure 4.40.

origin =
first cutting pointe=

original height height (after space removal)

second cutting pointe=

Origin e

= first cutting point
height (after space removal)
second cutting point =

original height

Figure 4.40. Elements Used in Extra Correction.

In Figure 4.41, the related ratio values are given for the characters used in the
training set. These ratios and some empirical results are benefited during this extra
correction to determine some decisive threshold. For example, if a character is found
to be ’s’, but if its height (after space removal) is large, then it is updated to be
'S’. In order to understand, if the height of a character is large, simply first cutting
point / original height ratio can be used. If this ratio is small (compared to the
determined threshold), then, we can say that height of that character is large. As
another example, if a character is found to be ”’, but the positional information is not

Y

logical, the character with the biggest probability between ’.” and ', is chosen for this

character. The positional information can be found using again first cutting point /
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original height ratio. If this ratio is large, it means that first cutting point is large

0 7

and this is a sign to be a ’.” or ’;’. According to our results, these 3 characters can
frequently be mixed up between each other. A similar situation also exists between i’,
T, v, T, 1 and ’1’. The positional and the probabilistic information is again used
to distinguish between these characters as well. We use this kind of approaches in
this extra correction mechanism. The whole code and the remaining details for this

mechanism can be found in Figures A.3 and A 4.

ratios between first cutting point, second cutting point and original height of character

10 first/second

0.8
206
©0.4
0.2
0.0

character

second/original height
1.0 N =

08 ______ = SE===———_—==== ——— e = S ) 4
'%0'6 —— min
=04 — mean

0.2 —— max
0.0

AaBbCcC¢DAdEeFfGgGEHh T 111 ] jKkLIMMNNOoOSPpQqRrSsSsTtUUUGVVWWXXYyZ2z0123456789-.,;:21 *()
character

first/original height

1.0
0.8
g06
Toa
0.2
0.0

AaBbCcCcDdEeFfGgGgHh I 111 ] jKkLIMMNNOoO8PpQqRrSsSsTtUUUGVVWWXXYyZz0123456789-.,;:72! *()
character

Figure 4.41. Ratios Used in Extra Correction.

This extra correction mechanism improves the accuracy in our character recog-
nition test data by approximately 4%. Table 4.14 shows the results after this extra

correction mechanism.
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Table 4.14. OCR Results after Extra Correction.

Training Accuracy | Test Accuracy

LR 0.9834 0.9712
SVM 0.9838 0.9725
NB 0.9625 0.7006

The related confusion matrix of logistic regression is given for the test data in
https://github.com/mertcetinkaya/master_thesis_codes (in images folder) after this ex-

tra correction mechanism.

To assess the quality of our method we report here some result from the literature.
Afroge et al. [32] used a similar procedure as here and they produced their own dataset.
They worked on English characters including the digits (0 to 9), the uppercase letters
(A to Z) and the lowercase letters (a to z) and obtained around 93% accuracy on their
test data using neural networks. In another study, Phangtriastu et al. [29] used English
uppercase letters taken from a ready dataset and they reached around 95% classification
accuracy using SVM. Sevik et al. [35] worked on Turkish letters. Using different fonts,
they produced their own dataset for Turkish letter classification similar to this thesis
and they used AlexNet as a deep learning architecture. They report a success of nearly
100% percent for their test data. Lastly, in his master thesis, Afgin [81] also used
different fonts and produced his own dataset using almost all Turkish and English
characters with the lower and the upper cases, the digits, some special characters and
the punctuations. In his application, he used CNN for classification and obtained 96%

test accuracy.

It is clear that the comparison can only give a general overview as the set of
characters used, the training sets and the test sets are all different. We can claim

that the produced dataset in this thesis is, compared to the studies we found in the
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literature, quite comprehensive. It can be used for a real OCR engine as it includes
all of the lowercase and uppercase letters, the digits, the special characters and the
punctuation signs. Especially important is that it includes all Turkish characters as

they are only covered in very few studies.

4.3.1. Text Digitalization Experiments

To give a general idea about the performance of the OCR system we look now at
some real text digitalization experiments. In these examples, we used different images
of the same Turkish text to test the performance of our method under different condi-
tions. We used a Turkish text because the Turkish characters have a big variety and
are so seldom considered in the literature. The proposed text digitalization process is

given in Figure 4.42.

e Obtain the proper binary text image of the original image.

e Apply character segmentation.

e Apply preprocessing for space removal on the segmented characters and resize
them to 30x30.

e (lassify the characters and apply the extra correction mechanism if necessary
to obtain the true classes.

e Write the letters according to the class information, in a proper way, to obtain

the digitalization of the text image.

Figure 4.42. Text Digitalization Process.

For example, the output of the algorithm for Figure 4.35 is shown in Figure 4.43.
The text in Figure 4.35 is written with Courier font and, in this section, the following
results and all of the other results were obtained using logistic regression and the ex-
tra correction mechanism presented. During these experiments we generally preferred
using images with low resolution. For example, Figure 4.35 is of 1387x756 resolution

and the below image shows us the digitalization for that image.
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Medya takip kurumu Ajans Press, internet ile alakali basina
yansiyan haber adetlerini inceledi. Ajans Press ve ITS

Medya nin dijital arsivinden yapilan arastirmaya gore, bu yiI
internet hakkinda ¢ikan haber sayisi 46 bin 159 olarak
beIirIendi . Sadece internet hizi olarak bakildiginda 907 basin
yansimasi oldugu gorildi. Tim dinyayi etkisi altina alan
koronaviriisin haber ¢ikisIari ise yogun bir sekilde artarak
devam ettigi kaydediIdi . Ajans Press’ in, tech4i2 verilerinden
elde ettigi bilgilere gdre, koronaviriisiin internet hizina olan
etkisi ag¢iklandi. Arastirma bazi Avrupa iilkelerini baz alirken
bircok sosyal medya uygulamasi dahiI internet siteIerine
giristeki hizin diismeye basIandigi saptandi . Lazon yiizde 79
hiz disilisii yasayarak erisim hizi en ¢ok diisen site olurken,
Facebook yilizde 58, twitter yilizde 43, Microsoft ve Youtube ise
ylizde 29 diislis yasayan uyguIamalar oldugu belirtildi . Bu
siirecte internet hizinin en ¢ok diistiigii iilke ise AImanya
olurken, yilizde 29, 7 gibi bir hiz diislislniin oldugu saptandi .
Tlrkiye ise arastirma igerisinde yer alan UIkelerden olmadi.

Figure 4.43. Digitalization for Figure 4.35.

It is interesting that our model works also well for text images written with fonts
that are not included in the training set. For example in Figure 4.44 we see a text
written with Consolas font. The figure is of 1411x742 resolution and it shows the same
text used in Figure 4.35. Figure 4.45 shows the segmentation results and Figure 4.46

shows the output of our algorithm as digitalization of Figure 4.44.

Medya takip kurumu Ajans Press, internet ile alakali basina yansiyan
haber adetlerini inceledi. Ajans Press ve ITS Medya’nin dijital
arsivinden yapilan arastirmaya gore, bu yil internet hakkinda ¢ikan
haber sayisi 46 bin 159 olarak belirlendi. Sadece internet hizi
olarak bakildiginda 907 basin yansimasi oldugu gorildi. Tim dinyayi
etkisi altina alan koronavirisiin haber ¢ikislari ise yogun bir
sekilde artarak devam ettigi kaydedildi.

Ajans Press’in, tech4i2 verilerinden elde ettigi bilgilere gore,
koronavirisiin internet hizina olan etkisi a¢iklandi. Arastirma bazi
Avrupa llkelerini baz alirken bir¢ok sosyal medya uygulamasi dahil
internet sitelerine giristeki hizin diismeye baslandigi saptandi.
Amazon ylizde 79 hiz diisusii yasayarak erisim hizi en ¢ok diisen site
olurken, Facebook ylizde 58, twitter ylizde 43, Microsoft ve Youtube
ise ylizde 29 disilis yasayan uygulamalar oldugu belirtildi. Bu siire¢te
internet hizinin en ¢ok diistiugli Ulke ise Almanya olurken, yilizde 29,7
gibi bir hiz diistsiiniin oldugu saptandi. Tirkiye ise arastirma
icerisinde yer alan ililkelerden olmadi.

Figure 4.44. Sample Image Before Segmentation.
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Medya ftiakilp kurumu Ajans Prigss|) internet ille allakalll basina yansalyian
habler| adeftilienini incelledi Afjans Prelss vie ITS Medya’nin diljiltal
ansfiviinden lyapallan @rastizimayid gore; bu il intiennet hakkinda cikan
habler| sayalsh 46 biin 159 olarak belinllendil] Sadelce dntenneft huzi
ollarak blakaldiginda 907 biasin yansimasy oldugu goruldiuy miim dinyaya
etkiilsi alitina alian Koronaviirlisin haber dukislary dsel yogun bil
sekilde @ritariak devam efttigi Kaydedildil

Afjans PressP i, teldh4ill verillieninden elide eititigi bilgillere gori;
Koronaviintisin iiteirnelt hizina ollan eftkisi aiduklandyl Anasitiirma bazi
Avinupid Ulkellerinil baz alankien bilridok sosyal meldya uygulamash dahil
internet sfftielierine igirilsteki hazin dismelyie basllandagal sapitiandall
AmaZon ylizde 79 halz dusiist yasayarak erisim haz1 en dok dlisen sitie
ollurkeen) FacebiooK yiizde B8 twiltiten ylizde 43|} Milcrosidifitl Vie Youtube
isel yiizde 29 dusfis yasayan uyigulamalar olidugu bieliitildil Bu strecte
intierneft] halzanin en dok dusititigy Ulke dise Almanyl olurken|, yiizde 297
gilbil bl haZz dustistintn oldugy saptandyi mMirkilyie ise arasitinma
ilcefilsinde yier allan [illkelieriden olimada

Figure 4.45. Sample Image After Segmentation.

Medya takip kurumu Ajans Press, internet ile alakali basina yansiyan
haber adetIerini inceledi. Ajans Press ve ITS Medya nin dijital
arsivinden yapilan arastirmaya gére, bu yil internet hakkinda ¢ikan
haber sayisi 46 bin 159 olarak belirlendi. Sadece internet hizi
olarak bakildiginda 9@7 basin yansimasi oldugu gorildi. Tim dinyayi
etkisi altina alan koronavirisiin haber ¢ikisIari ise yogun bir
sekilde artarak devam ettigi kaydedildi.

Ajans Press’'in, tech4i2 verilerinden elde ettigi bilgilere gére,
koronaviriisiin internet hizina olan etkisi a¢iklandi. Arastirma bazi
Avrupa ililkelerini baz alirken birgok sosyal medya uygulamasi dahil
internet sitelerine giristeki hizin diismeye baslandigi saptandi.
Amazon ylizde 79 hiz diislisii yasayarak erisim hizi en c¢ok diisen site
olurken, Facebook ylizde 58, twitter ylizde 4B, Microsoft ve Youtube
ise ylizde 29 disls yasayan uygulamalar oldugu beIirtiIdi. Bu sirecte
internet hizinin en ¢ok distiigi Ulke ise Almanya olurken, yilizde 29,7
gibi bir hiz diislislniin oIdugu saptandi. Tirkiye ise arastirma
icerisinde yer alan lilkeIerden olmadi.

Figure 4.46. Digitalization for Figure 4.44.

In addition, in Figure 4.47 we see another text with low resolution, this time
written with Calibri font. The image is of 1420x603 resolution. Figure 4.48 shows the
segmentation results and Figure 4.49 shows the output of our algorithm as digitaliza-

tion of Figure 4.47.



87

Medya takip kurumu Ajans Press, internet ile alakali basina yansiyan haber adetlerini
inceledi. Ajans Press ve ITS Medya’nin dijital arsivinden yapilan aragtirmaya goére, bu yil
internet hakkinda gikan haber sayisi 46 bin 159 olarak belirlendi. Sadece internet hizi olarak
bakildiginda 907 basin yansimasi oldugu gorildi. Tim dinyayi etkisi altina alan
koronavirtsin haber cikislari ise yogun bir sekilde artarak devam ettigi kaydedildi.

Ajans Press’in, tech4i2 verilerinden elde ettigi bilgilere gore, koronaviristin internet hizina
olan etkisi agiklandi. Arastirma bazi Avrupa lkelerini baz alirken birgok sosyal medya
uygulamasi dahil internet sitelerine giristeki hizin digsmeye baslandigi saptandi. Amazon
ylzde 79 hiz dislsli yasayarak erisim hizi en ¢ok disen site olurken, Facebook yiizde 58,
twitter ylizde 43, Microsoft ve Youtube ise yizde 29 disls yasayan uygulamalar oldugu
belirtildi. Bu siiregte internet hizinin en ¢ok disttigi tlke ise Almanya olurken, yltzde 29,7
gibi bir hiz digtistintin oldugu saptandi. Turkiye ise arastirma igerisinde yer alan tilkelerden
olmadi.

Figure 4.47. Sample Image Before Segmentation.

Meldyi takip Kuriumu Ajans Priess, friterrief ile alakali basinia iansiyiah hiaberr adeftlerini
indeledil Ajans Priess|ve ITS Mieidydnin dijittall arsivinden yiapilan ariastirmiayia bu vl
internet hialkkinda dikiah hiabler sayilsi 46 bin 1159 olafak belirllendii Sadelde initiefinieft hii (dlafiak
bakildiginda 9017 bdsin yanisimasi oldugu [garitildiil Tiam diiiayi kfikisi altina allan
KoFonaviirisiin hiabier cikilar fisie yioBun bir sekilde arfiariak deviam Kayidedildil

Ajainis Prefssiin) tieichi4i2 vierilerinden elde bilgilerie KoFonlaviriisiin inftereft hizirna
olain tkisi iciklandil Aaittirimia belz) Aviiuipa Glkelerini baz dlirkien biricok soisyiall mledyia
Uyigulaimias)i dahil infterinefd siitellering girfisteki hizin dusimielyel baslandigi sapfiandii Amazon
yilizde 79 hiiz diisis iasiyiariak erisim hizi [en dok diisen sitte] olurken)) Fadeliook yilizde 58,
tiwitter yXizde 43]) Microlsoft Vel Yolitubie ise yfizde 29 [distis ialsalyin Lyguilamalali oldugu
belirtildli Bu sfireiite internet hizinin leh (dok disitiigi Glke ise Almana (aurkieh) yiizde 2917

gibli bir hiz diististinin old\g saptiandi] Tiirkiye ise arastirimd iceriisindel yeri dlan Gikeleriden
olmadil

Figure 4.48. Sample Image After Segmentation.

Medya takip kurumu Wans Press, internet ile alakali basina yansiyan haber adetIerini
inceledi. Wans Press ve ITS Medya nin dijital arsivinden yapilan arastirmaya gore, bu yil
internet hakkinda ¢ikan haber sayisi 46 bin 159 olarak beIirlendi. Sadece internet hizi oIarak
bakiIdiginda 907 basin yansimasi oIdugu gériIdii. Tim diinyayi etkisi altina alan

koronavirisiin haber ¢ikislari ise yogun bir sekiIde artarak devam ettigi kaydedildi.

Wans Press’in, tech4i2 verilerinden elde ettigi bilgilere gore, koronavirisin internet hizina
olan etkisi a¢ikIandi. Arastirma bazi trupa iIkeIerini baz aIirken birgok sosyal medya
uygulamasi dahiI internet sitelerine giristeki hizin diismeye basIandigi saptandi. Amazon
ylizde 79 hiz diislsi yasayarak erisim hizi en ¢ok diisen site olurken, Facebook ylizde 58,
twitter ylizde 43, Microsoh ve Youtube ise yilizde 29 disls yasayan uygulamalar oIdugu
beIitiIdi. Bu sire¢te internet hizinin en ¢ok distugi uUIke ise AImanya oIurken, ylzde 29,7
gibi bir hiz diistsiinin oIdugu saptandi. Tirkiye ise arastirma i¢erisinde yer alan ilkelerden
olmadI.

Figure 4.49. Digitalization for Figure 4.47.

We made these experiments getting also print-out of these texts and scanning

them and found similar results at the end, but because of the resolution decline and



88

some noises or small smears emerging during scanning, there has been a little perfor-

mance decline in this case.

The model is also robust to noise and blurring effects. For example, in Figure
4.50 we see the image of Figure 4.44 with some salt and pepper noise and in Figure
4.51 we see the related segmented image. Here, some blurring tricks are used firstly to
remove the salt and pepper noise as an extra preprocessing on the image and the stan-
dard digitalization procedure given in Figure 4.42 is applied on this remaining cleaned
image. This mentioned cleaned image is given in Figure 4.52. The digitalization results

are again quite similar to the original version of the image which is Figure 4.44.

Medya taklp kurumu Ajans Press, 1nternet ile alakall b351na yan51yah
‘haber adétlerini inceledi: Ajans Press ve’ TS Medya’nin dijital-
arsivinden yapilan arastlrmaya gore; bu yll 1nternet hakklnda Gikan:
haber sayisi 46 bin 159 olarak bellrlendl sadece 1nternet hizis.
“olarak: baklldlglhda 907 basin yan51m351 oldugu goruldu Tum- dinyay1:
etkisi altlna alan koronav1rusun haber ClklslaPl 1se yogun blr
fsekllde artarak devam ettlgl kaydedlldl

Ajans Press’in, tech4i2: verilerinden elde ett1g1 b11g11ere gore,‘ »
.koronav1rusun 1nternet hizina olan etkisi aclkland1 ‘Arastirma bazi -
‘Avrupa iilkelerini baz alirken blrgok sosyal medya ‘uygulamasi dahil ;
“internet 51te1er1ne glrlstekl hizin dusmeye baslandlgl saptandi. 2
Amazon yuzde 79 ‘hiz:dusiisii yasayarak erisim h121 encok dusen site :
: olurken, Facebook yuzde 58, twitter yuzde 43, Microsoft ve Youtube
»1se yizde: 29 dusus yasayan uygulamalar oldugu bellPtlldl “Bu surecte
.1nternet hizinin-en’ cok diistugii tilke. ise Almanya olurken, yuzde 29,7
gibi bir hiz diisiistinin oldugu:. saptandl Turklye ise arastlrma .
~;cer151nde yer alan ulkelerden olmadi. -

Figure 4.50. Sample Image Before Segmentation.
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Medya takilp EBBBEQ Ajans Press) iiiternet [ile H1EKATY basiia yansiyar
E@EE@ adetllenini iniceledi| Ajans Phess ve ITS Medya’rin dijital
-ansivinden yapalan abastirinaya gore) bu yall dnteriet hakkihda @@E@ﬁ
- Hiaberi sayaS1 46 bifi 159 olarak belirleridil] Sadede frternet haza -
- ollarak: bakaldughnida 9e7 basin yansumas oljdugu goRtTdiil T QEEI@II .
etiisi alitinid alan koronavirusin Haber ﬁﬂﬁﬁlﬁmﬁﬁﬂ @S@ Hogun E@E
Sekilide aiftarak devam ettigi Kaydedildi)
ahis Press? in) {techaip verillerinden elde titig E“@@I@ﬁ@ IIBED 3
: gb@h@ piistin rternet hizind olan eftkisi acaklandyl ARastirma E@E@
Avirupa {ilkellerini baz aliiken bicok Sosyal medya Lyguliamas @@E@@ :
: ﬁﬂﬁ@ﬂﬁ@ﬁ siftieleiine giristeki hizan dusmeye baslandigy saptandu) - .

E:SJ
I=C

(Sl
Gl
)

X

AriaZon yiizde 79 hiZ dusiisi vasayariak erlsfim hazy Eﬂ ok diiglen sl E
' @EQB@EEB Faceboak lE@E EID ﬁ WHH Mﬂ@@é 43| Mic Ve Moutube
lse yu ZE dsltis yas Idugu be r'h"r i Bu suredte
interhelt hizinin en @@E @IEE@ E’@EE @EB Almariya olurken, ;qwub 29,1
'Iﬁlﬂ@ E@E hal @ diisiistitn olldugu saptandsi Mopkiye fise arast SRR
fcerisinde yer alan Ulkelenden olmedw: -

Figure 4.51. Sample Image After Segmentation.

Medya takip kurumu Ajans Press, internet ile alakal1l basina yansiyan
haber adetlerini inceledi. Ajans Press ve ITS Medya’nin dijital
arsivinden yapilan arastirmaya gore, bu y1l internet hakkinda ¢ikan
haber sayisi 46 bin 159 olarak belirlendi. Sadece internet hizi
olarak bakildiginda 907 basin yansimasl oldugu goruldu. Tum dunyayl
etkisi altina alan koronavirusun haber c¢ikislari ise yogun bir
sekilde artarak devam ettigi kaydedildi.

Ajans Press’in, tech4i2 verilerinden elde ettigi bilgilere gore,
koronavirusun internet hi1zina olan etkisi ac¢iklandi. Arastirma bazi
Avrupa ulkelerini baz alirken bir¢ok sosyal medya uygulamasi dahil
internet sitelerine giristeki hizin dusmeye baslandigi saptandi.
Amazon yuzde 79 hiz dususu yasayarak erisim hizl en ¢ok dusen site
olurken, Facebook yuzde 58, twitter yuzde 43, Microsoft ve Youtube
ise yuzde 29 dusus yasayan uygulamalar oldugu belirtildi. Bu surecte
internet hizinin en ¢ok dustugu ulke ise Almanya olurken, yuzde 29,7
gibi bir hiz dususunun oldugu saptandi. Turkiye ise arastirma
icerisinde yer alan ulkelerden olmadi.

Figure 4.52. Cleaned Image by Blurring to Remove Noise.

Also, in Figure 4.53 we see the image in Figure 4.44 with some blurring effect and
in Figure 4.54 we see the related segmented image. Here, the threshold was changed
while transforming the image to its binary version and the standard procedure is ap-
plied on this image. The digitalization results are again quite similar to the original

version of the image which is Figure 4.44.
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Medya takip kurumu Ajans Press, internet ile alakali basina yansiyan
haber adetlerini inceledi. Ajans Press ve ITS Medya’nin dijital
arsivinden yapilan arastirmaya gore, bu yil internet hakkinda ¢ikan
haber sayisi 46 bin 159 olarak belirlendi. Sadece internet hizi
olarak bakildiginda 907 basin yansimasi oldugu gorildi. Tim dinyaya
etkisi altina alan koronavirisin haber ¢ikislari ise yogun bir
sekilde artarak devam ettigi kaydedildi.

Ajans Press’in, tech4i2 verilerinden elde ettigi bilgilere gore,
koronavirisin internet hizina olan etkisi ac¢iklandi. Arastirma baza
Avrupa llkelerini baz alirken birg¢ok sosyal medya uygulamasi dahil
internet sitelerine giristeki hizin diismeye baslandigi saptandi.
Amazon yiizde 79 hiz disisiu yasayarak erisim hizi en ¢ok diisen site
olurken, Facebook yiizde 58, twitter yiizde 43, Microsoft ve Youtube
ise yiizde 29 diisiis yasayan uygulamalar oldugu belirtildi. Bu siirecte
internet hizinin en ¢ok diistiglu ilke ise Almanya olurken, yiizde 29,7
gibi bir hiz disisiniin oldugu saptandi. Tirkiye ise arastirma
icerisinde yer alan ilkelerden olmadi.

Figure 4.53. Sample Image Before Segmentation.

Medyla {takip Kurumd Afjans Press] ntennet ille @lakaly basing Mansayan
haber adetilienini irideliedil Ajans Priess Ve INS Meidyalnun difital
arsivinden yapiulan @rastirmala gdrel bu il Enternet hakkinda dikan
haberi sayisy @6 bin 159 olanak belinlendi] Sadeide internet Riay
ol@riak bakuldigunda Pe7 basin yansimasiy oldugu goruldui Mim dunyayi
etkisi alfuna alan Koronavinisun Faber dakuslary ise yoBun Bin
SeKilde @ritarak deviam etitigi Kaydedildi{

Afjans Presstind teldhdi2 verilieninden elde ettigi bilgilere gore)
Koronaviiptsin internet hiZina dllan etkisi akdiklandyl Aralstinma bagzi
Avrupa UiKeleriny baZ alurken Birdok sosyal medya uygulamasy dahil
intennet sitielenine ginistieki hugin dusmeye baslandigy sEptandl
Amagon yizde 79 hug dusust yasayanak ernisim ANzl en dok dusen site
Olurken] Fadebook yizde 58] tWititien ¥uzde A3J Midrosidfit Ve Voltube
fiise yizde 29 dusUS Vasayan uyigulamalan oldugy belintildil By sUredte
intiernetl AkEunEn en ok dustdgl Gike Use Almanya olupken) yuzde 29)7
gibi bin Az dususEnGn oldugu saptiandi) MUrkiye ise arastirma
icenisinde Ver alan Glkelenden olmadi

Figure 4.54. Sample Image After Segmentation.

Lastly, the algorithm can work with other colours as well. For example, in Figure
4.55 we see an example of a colour image written with Candara font and in Figure
4.56 we see the related segmented image. The binary version of the image that the
algorithm runs through is given in Figure 4.57. Up to now, in the given examples,
because greylevel images were used, binary images have always been quite similar to
the original or cleaned images, but in the case of a colour image we see a real image

transformation while obtaining the binary version. At the end, Figure 4.58 shows the
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output of our algorithm as digitalization of Figure 4.55.

THIS IS A COLORFUL IMAGE
TO TEST

OUR OCR PROGRAM!

Figure 4.55. Sample Image Before Segmentation.

THIS IS AIACLCREUL IMAGE
OUR OCR PROIGRAMY

Figure 4.56. Sample Image After Segmentation.

THIS IS A COLORFUL IMAGE
TOTEST

OUR OCR PROGRAM!

Figure 4.57. Obtaining Binary Version.

THIS IS A COLCRFUL IMAGE
TO TEST
OUR OCR PROGRAM!

Figure 4.58. Digitalization for Figure 4.55.

There are many other experimental setings possible. For example to digitalize
images with noisy lines or containing tables that include straight lines can be quite
useful in practice. In these cases additional image processing techniques must be ap-
plied to detect and clear the lines. With regards to our experiments presented so far,

we can say that our approach works well and gives generally nice results as a proof of



92

concept study. The presented segmentation and preprocessing approach has also some
similar points to the one proposed by Afroge et al. [32]. However we add a correction
mechanism that increases the success rate in the test set. Also, in addition to English
characters, Turkish characters and (in addition to letters and numbers) punctuation
and special characters are also used to obtain a complete text digitalizer. Lastly, the
presented approach is tested on more complex and diversified text images. The pre-
sented method is open to improvement. Especially the error rate when digitalizing
texts should be reduced in practice when using NLP with word match and sentence

context match.
4.3.2. Folder and File Structure for Optical Character Recognition

Figure 4.59 shows the folder and file structure used in optical character recogni-
tion experiments. In ocr_character folder segmented and preprocessed characters from
text image are stored for text digitalization. In ocr_images folder alphabet figures like
Figure 4.38 are found to use for model training and in ocr_training/images folder the
segmented and preprocessed characters from supplied training images are stored. The
image to test (to digitalize) must also be stored in ocr_images folder. The codes can
be reached using the link https://github.com/mertcetinkaya/master_thesis_codes and
this folder and file structure must be created to run the codes properly. The readme

file on github contains additional information.

| thesis |

— optical_character_recognition_library.py

—{ optical_character_recognition.py

4 ocr_character |

— ocr_images

L ocr_training

L] images

Figure 4.59. Optical Character Recognition Folder and File Structure.
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5. ABOUT MACHINE LEARNING AND OPTIMIZATION

Machine learning is actually a subset of artificial intelligence and it is an area
of research that gives computers the ability to learn without being explicitly pro-
grammed [82]. Its aim is to develop systems or algorithms that have the ability to
learn and to improve themselves automatically through experience. Machine learning
algorithms build a mathematical model based on the data used and optimization is an
indispensable component of machine learning because machine learning needs to solve

these mathematical models efficiently [83].

In machine learning problems a loss function is defined that has to be minimized.
This indicates that machine learning and optimization have a close relationship and
optimization techniques are used for machine learning. Domingos [84] wrote the equa-
tion MachineLearning = Representation + Optimization + Evaluation and listed

common examples of these components.

The main differentiation is that for machine learning most important that the
obtained method is generalizing also to the test set whereas in optimization accuracy
is the main objective. An optimization algorithm tries to minimize the loss of a training
set, but machine learning is related to minimizing the loss of the test set. This means

it searches for a generalization and learning [85].

This difference of perspective separates pure optimization and machine learning
communities. For example, machine learning people may favor a local minimizer or an
early stopping in training data with regards to validation data results. The validation
data results are quite important in machine learning community for model training.
However, validation data would not be that important for pure optimization people.
They focus more on minimizing the training error [83] and therefore maximizing the
training accuracy with regards to the modelled problem. In addition to accuracy and

finding the best results for the problem at hand, mathematical programming puts a
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premium on speed and robustness [86]. This can be seen as pure mathematics applied
to develop the best algorithm that reaches the exact result as fast as possible. However,
if we look at the machine learning side, generalization is the bottom line and accuracy
and small speed improvements are not a big concern. Simpler algorithms that work
in plausible computational time for specific classes of problems are preferred [86]. To
say it shorter: From the machine learning perspective a good optimization algorithm
must be simple, easy to implement and not too slow together with good generalization,
and fast convergence to an approximate solution. However, for the pure optimization
community, instead of an approximate solution, the most accurate solution is searched

while trying to propose a fast and robust algorithm.

Finally we can also see an interplay between both fields. In machine learning the
mathematical optimization techniques are used for better training. Thus some specific
needs and increasing interest for some specific models in machine learning motivate the
optimization community to focus more on these models. They aim to develop more
advanced optimization techniques in order to solve those problems relevant for machine
learning. This interaction also encourages people from these 2 different communities
to learn and better understand the needs and aims of the other group. It is clear that
both fields will continue to grow stronger if they continue being open to each other and

keeping this mutual relationship [83].
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6. CONCLUSION

In this thesis, we dealt with different image classification problems. With re-
gards to our experiments on traffic sign recognition and medical image recognition, we
clearly observed that, as often claimed in the literature, CNN outperformed the classi-
cal methods. As reason for this successful performance of CNN seems to be the feature
engineering of CNN with its more complex structure. Thus the units of CNN can
work together and can be deepened to augment its learning capacity. Thanks to these
points CNN can make better feature engineering and thus extract more information
from the input that for a successful classification. Ordinary shallow machine learning
rests quite weak against CNN, especially when the data size is large enough to utilize
the great learning potential of CNN and when the nature of the data are involved like

the complex image data used in traffic sign recognition or in medical image recognition.

For these 2 problems we were also able to observe that elaborate CNN fine-tuning

and the use of problem specific approaches can improve the performance of CNN.

In the experiments on OCR, we worked on a simpler dataset that we produced to
accommodate the characters of our alphabet in order to make real text digitalization.
In these experiments, we simply used binary representation of the characters and our
classical classifiers and we saw that they give good results for OCR in this context. In
these applications, we used simple approaches for character segmentation and classifi-
cation. We also proposed an extra correction mechanism to improve the performance
of the classifier for our OCR application. Making use of basic image processing tech-
niques, we also proposed our simple OCR engine to make real text digitalization as a

proof of concept level study and showed that it gives nice and promising results.

In this thesis, we completed a general study about pattern recognition and image
classification. We focused mainly on CNN, but we experimented also with classical

techniques. We saw that the usage of CNN is thanks to its automatic and flexible
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mechanisms a sensible decision, especially for complex and large datasets. We also
saw that elaborate fine-tuning of a classifier can be useful to improve its performance.
In the third part of this thesis, we developed an OCR engine. We demonstrated that
combining a segmentation algorithm, logistic regression for character recognition and
some special rules to improve the classification of very similar characters leads to a
good and robust OCR software. These main building blocks may be further improved

to build a more advanced OCR engine for practical use.

Lastly, the codes of all our experiments are available on Github using the link
https://github.com/mertcetinkaya/master_thesis_codes. Necessary information for users

can be found in the readme files of the Github repository.
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from keras.models import Sequential
from keras.layers import Conv2D,MaxPooling2D,Dense,Flatten
model = Sequential()
model.add(Conv2D(32,kernel_size=(3,3),activation="relu’,padding="same’,
kernel_initializer="he_uniform’,input_shape=(32,32,3)))
model.add(Conv2D(32 kernel size=(3,3),activation="relu’,padding="same’,
kernel_initializer="he_uniform’))
model.add(MaxPooling2D(pool size=(2,2)))
model.add(Flatten())
model.add(Dense(128,activation="relu’ kernel_initializer="he_uniform’))

(

model.add(Dense(43,activation="softmax’))

Figure A.1. Code for Baseline Architecture of GTSRB Classification.
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from keras.models import Sequential

from keras.layers import Conv2D,MaxPooling2D,Dense,Flatten, Dropout,
BatchNormalization

model = Sequential()
model.add(Conv2D(32 kernel size=(3,3),activation="relu’,padding="same’,
kernel_initializer="he_uniform’ input_shape=(32,32,3)))
model.add(BatchNormalization())
model.add(Conv2D(32 kernel size=(3,3),activation="relu’,padding="same’,
kernel_initializer="he_uniform’))

model.add(BatchNormalization())
model.add(MaxPooling2D(pool_size=(2,2)))

model.add(Dropout(0.2))
model.add(Conv2D(64,kernel_size=(3,3),activation="relu’,padding="same’,
kernel_initializer="he_uniform’))

model.add(BatchNormalization())
model.add(Conv2D(64,kernel_size=(3,3),activation="relu’,padding="same’,
kernel_initializer="he_uniform’))

model.add(BatchNormalization())

model.add(MaxPooling2D(pool size=(2,2)))

model.add(Dropout(0.2))

model.add(Flatten())

model.add(BatchNormalization())
model.add(Dropout(0.2))

(
(
(
model.add(Dense(128,activation="relu’ kernel_initializer="he_uniform’))
(
(
(

model.add(Dense(43,activation="softmax’))

Figure A.2. Code for The Best Architecture of GTSRB Classification.
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#boundaries list includes first cutting point, second cutting point and original
#height information respectively for each segmented character.
#predictions list shows the prediction for each input as index number in the alphabet
#probabilities list shows the predicted probability values for each input for each
# character in the alphabet
import numpy as np
for i in range(len(predictions)):
if(alphabet[predictions]i]] in [.",",’] and boundaries[i][0]<=0.1*boundaries[i][2]):
predictions|i]=alphabet.index(”’)
elif(alphabet|predictions]i]]=="" and boundaries[i][0]>0.1*boundaries][i|[2]):
x=np.argmax(np.array([probabilities|i,alphabet.index(".”)],
probabilities|i,alphabet.index(’,")]]))
if(x==0): predictions[i]=alphabet.index(".”)
elif(x==1): predictions|i|=alphabet.index(’,”)
elif(alphabet|predictions[i]]=="-" and boundaries[i][1]>0.7*boundaries[i][2]):
x=np.argmax(np.array([probabilities|i,alphabet.index(".”)],
probabilities|i,alphabet.index(’,")]]))
if(x==0): predictions[i]=alphabet.index(".”)
elif(x==1): predictions[i|=alphabet.index(’,’)
elif(alphabet[predictions[i]] in [v,)T,1’,)T,1°,’1"]):
if(boundaries[i][0]>0.5*boundaries[i][2]):
x=np.argmax(np.array([probabilities|i,alphabet.index(".")],

probabilities[i,alphabet.index(’,")]]))

Figure A.3. Code for Extra Correction in OCR.
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if(x==0): predictions[i]=alphabet.index(".”)
elif(x==1): predictions[i]=alphabet.index(’,’)

elif((boundaries[i][1]-boundaries|i][0]) <=0.35*boundaries][i] [2]):

predictions|i]=alphabet.index(”’)

elif(0.35* (boundaries|i][2]) < (boundaries|[i][1]-boundaries[i][0] ) <=

0.6*(boundaries|i][2])):
predictions|i]=alphabet.index("1")

elif(0.6*(boundaries|i][2]) <(boundaries|[i][1]-boundaries[i][0] ) ):
x=np.argmax(np.array([probabilities[i,alphabet.index('T")],

probabilities|i,alphabet.index(’i’)],probabilities[i,alphabet.index('T")],

probabilities|i,alphabet.index(’1)],probabilities[i,alphabet.index('1")]]))

if(x==0): predictions|i]=alphabet.index('T")
elif(x==

)

predictions|i]=alphabet.index(1’)
717)

alphabet.index (")

alphabet.index(

elif(x==

): ]
elif(x==2): predictionsi
): predictionsli]

]

elif(x==4): predictions|i]=alphabet.index(’1")

elif(alphabet|predictionsli]] in ['C’,’C’ O’ ,P)S")S UV W X 7Y 7]

and boundaries[i][0]>=0.175*boundaries[i][2]):
predictions|i]=predictions[i]+1

PP IR R SR B BN R B R D A S A S B Sy S BN A B |

elif(alphabet|predictionsli]] in ['¢’,’¢’,’0’,’p’,’s’,’s’, 0’ 'V, 'w’ %"y, 7

and boundaries[i][0]<=0.175*boundaries[i][2]):

predictions[i]=predictions]i]-1

Figure A.4. Code for Extra Correction in OCR (cont.).



