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A SMART ALGORITHM TO PREDICT THE POST-OPERATIVE PARAM-
ETERS OF INTRA-CORNEAL LENS

Hala Zaid ABDULHAMEED

Aksaray University
Graduate School of Natural and Applied Sciences
Department of Electrical-Electronic and Computer Engineering

Supervisor: Asst. Prof. Dr. Ozlem AKGUN
ABSTRACT

Lens implantation has become easier than before due to the studies that conducted to
avoid complications when and after the implantation operation,the most inevitable
approach to avoid the risk of ICL implantation and overcome the complications is to
accomplish the best possible separation between the back ICL surface and the
anterior crystalline lens pole which it is called in the terminology of ophthalmology
the vault. Recently, machine learning technique is broadly employed in research
especially in medical images due to the ability to analyze the data and also using
intelligent methods in order to make a suitable decision which assists physicians in
the interpretation the images. in this thesis, the machine learning algorithms have
been exploited in order to evaluate the postoperative patient eye status, in particular,
through building a system with two split phases, feature extraction, and
classification. Edge histogram descriptor (EHD) and color layout descriptor (CLD)
used for extract the features from the images, whilst, Naive Bayes and decision tree
classifier used for classification, on the other hand, a Hidden Markov Model has
employed for diagnoses the Post-Operative eye patient stats via using 3-States after
obtaining and mining the characteristics of the input images using singular
decomposition value, finally, the precision of the system has calculated for each
model.

Keywords: Machine learning, Feature extraction, Naive Bayes classifier, Decision
Tree classifier, Image retrieval, Hidden Markov Model, ICL.

April, 2019; 84 pages



YUKSEK LiSANS TEZIi

INTRA-CORNEAL LENS'IN POST-OPERATIF PARAMETRELERINI
KORUMA ICIN AKILLI BiR ALGORITMA

Hala Zaid ABDULHAMEED

Aksaray Universitesi
Fen Bilimleri Enstittsu
Elektrik-Elektronik Ve Bilgisayar Miihendisligi

Damgsman: Dr. Ogr. Uyesi Ozlem AKGUN
OZET

Implantasyon operasyonu esnasinda ve sonrasinda meydana gelebilecek
komplikasyonlar1 6nlemek amaciyla gerceklestirilen calismalar sayesinde, lens
implantasyonu eskiye gore daha kolay yapilmaktadir. Burada ICL implantasyonunda
risklerden kacinmak ve komplikasyonlarin oniine gegebilmek icin en Onemli
yaklasim arka ICL ylizeyi ile géz bilim terminolojisinde kubbe ad1 verilen 6n kristal
lens arasinda miimkiin olan en iyi ayrimi elde etmektir. Son zamanlarda, goriintii
yorumlama konusunda hekimlere yardimci olacak uygun bir karar verebilmek i¢in
veri analizi yapma ve akilli yontemler kullanabilme kabiliyetinden dolayr makine
Ogrenimi teknigi bilhassa tibbi goriintiileme olmak iizere bilimsel arastirmalarda
siklikla kullanilir hale gelmistir. Bu tez c¢alismasinda, Ozellik cikarma ve
siniflandirma olmak iizere iki farkli evreden olusan bir sistem insa edilerek hastanin
ameliyat sonrasi goz durumunun degerlendirilmesi amaciyla makine Ogrenimi
algoritmalar1 kullanilmistir. Goriintiilerden 6zelliklerin - ¢ikarilmasi igin  kenar
histogram1 belirticisi (EHD) ve renk dagilimi belirticisi (CLD) kullanilmis olup
siniflandirma i¢in Naive Bayes ve karar semasi siniflandirmasi kullanilmistir. Diger
yandan, ameliyat sonrasi g0z istatistiklerinin teshisi ic¢in tekil deger ayrisimi
Kullanilarak girdi goriintiilerinin 6zellikleri elde edildikten sonra Sakli Markov
Modeli kullanilmis ve son olarak her bir model icin sistemin hassasiyet diizeyi
hesaplanmuistir.

Anahtar kelimeler: Makine 6grenimi, 6zellik ¢ikarma, Naive Bayes siniflandiricisi,
karar semasi siniflandiricisi, goriintii ¢cagirma, sakli Markov Modeli, ICL.

Nisan, 2019; 84 sayfa
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1. INTRODUCTION

A lots of surgical correction of high myopia has substituted by implantable Collamer
lens (ICL) implantation due to the success which has achieved by ICL implantation
operations (Lackner et al., 2004; Pineda-Fernandez et al., 2004), which is made of
Collamer and can be implanted inside the human eye where it is a flexible and
hydrophilic material, the Collamer is made up of HEMA Hydrogel, water, and
porcine collagen (Chen, X. et al., 2016).

Many research has confirmed that despite the many benefits achieved by the lens to
patients by implanting in the eye of the patient, but pointed to the postoperative
complications in some cases because of the vault (the distance between the posterior
surface of the ICL and the anterior surface of the crystalline lens) Lee, H et al. (2014)
as shown in Figure 1.1., therefore the vault assessment is an essential manner in
order to make the implantation more safety and successful procedure (Alfonso, J. F.,
2009).

Figure 1.1. The image illustrates the vault.

Depend on vault value the vault categorize into three groups: perfect vault which is
describe the value of the vault between 250 um and 750 pum that the postoperative
eyes state be safety (Kojima T and Kugelberg M, 2010; Choi KHet al., 2007; Guell
JL et al., 2010) Figure 1.2.a, inadequate vault that its value be <250 um see Figure
1.2.b which is the most important issue that causes the hazard of cataract
development as a result of contact of ICL-crystalline lens or by affecting the lens
nutrition development (Gonvers M et al., 2003; Chang J.S. and Meau A.Y., 2007,
Sanders D.R., 2008), the third group is excessive vault value as >750 um that as
clarify in Figure 1.2.c possibly will result glaucoma because of impede the lens



nutrition caused be blockage nutrition channels, pupillary block, or pigmentary
dispersion (Smallman D.S. et al., 2004; Vetter J.M. et al., 2006; Bylsma S.S. et al.,
2002; Chung T.Y. et al., 2009).

(@) (b) (©

Figure 1.2. Normal vault valu  Inadequate vault value.  Excessive value.

There are several ways to assess the vault, in the beginning the vault was measured
using traditional technique like slit-lamp which is called subjective method (Zaldivar
R et al., 2004; Elies D et al., 2004), then after that the vault had measured objectively
by using more recent technique, for instance, optical coherence tomography
(Bechmann M, 2002; Koivula A., 2007). Subsequently, the vault is an aspect key to
success the ICL implementation, therefore it is required to measure the value of the
vault accurately and swiftly through using the capability of the computer and by
employing the computer algorithms, methods, and techniques i.e. machine learning

techniques or image processing technique.

1.1 Image Processing

Image processing (IP) is a method to perform some operations on an image, in order
to get an enhanced image or to extract some useful information from it. Digital image
processing means processing the images which are digital in nature by a digital
computer. It technique is motivated by two major applications; the first application is
improvement of pictorial information for human perception, the second important
application Figure 1.3. is for autonomous machine applications (Gonzalez et al.,
2008). PICTURE TO BE SCAN
A

FIBER OPTICS
LIGHT DUIDE
OPTICAL SYSTEM
FOR SCANING

= N~ ILLUMINATOR
',-é Alalog to digital ;

4—— conve rter —

=5 | 8, 10, 12 bits —

/ PHOTO DETECTOR

Figure 1.3. Basic image processing technique.
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1.1.1 Analog image processing (AIP)

Analog image processingis anyimage processing task conducted on two-
dimensional analog signal by analog means not digital, such as TV images (Rao,
2007).

1.1.2 Digital image processing (DIP)

Digital computers are used to transfer the image into digital one by scanner-digitizer
see Figure 1.4. Generally it can be clusterd into few groups: tracking for presence,
object detection and localization, measurement, and identification and verification.
The preprocess is to enhance the image according to the specific task. The application
for identification are barcode and 2-dimenssion matrix code reading, or
opticalcharacter recognition.each of these processing techniques coves a wide of
machine vision applications, but combining them can give even more possibillities
(Rao, 2007). DIP have six main stages, image acquesitin, image enhancement, image
restoration, image manipulate, image segmentation, image recognition (Jain et al.,
1989, Gonzalez et al., 1992).

1.1.3 Image sampling and quantization (S and Q)

The testing rate decides the spatial goals of the digitized picture, while the
quantization level decides the quantity of dark dimensions in the digitized picture. A
size of the inspected picture is communicated as a computerized an incentive in
picture preparing. The change between consistent estimations of the picture capacity
and its computerized equal is called quantization (Kubinger et al. 1998). The notion
is replicating the continuous image required to transmission into digital form as seen

in Figure 1.4.a.

The quantity of quantization levels ought to be sufficiently high for human view of
fine shading subtleties in the picture. The event of false forms is the principle issue in
picture which has been quantized with lacking brilliance levels (Kubinger et al.
1998). The function of uni-dimensional in Figure 1.4.b. For sampling, the
performance similar intermission may take from the line AB see Figurel.4.c. The
resulting digital samples from the processes of the (S and Q) are given in Figure
1.4.d.


https://en.wikipedia.org/wiki/Image_processing
https://en.wikipedia.org/wiki/Analog_signal

An image of two dimensions is yielded by carrying out the method for each line,
beginning from the image upper part (Gonzalez et al., 2008).

rvy

| N N A N B N B B |
Quantization
L
o
o
RN

Sampling
Figure 1.4 Sampling and quantization continuous image to digital scan.

The main capacity performed by the imaging framework is to gather the approaching
vitality and center it onto a picture plane. In the event that the brightening is light, the
front end of the imaging framework is a focal point, which extends the saw scene
onto the focal point central plane. The sensor cluster, which is incidental with the
central plane, produces yields corresponding to the necessary of the light got at each
sensor. Advanced and simple hardware clear these yields and convert them to a
(video) flag, which is then prepared by another segment of the imaging framework.
The yield is a computerized picture sees Figure 1.5.a, while in Figure 1.5.b is the
sampled and guantized image (Gonzalez et al. 2008). Clearly, the quality of a digital
image is determined to a large degree by the number of samples and discrete gray

levels used in sampling and quantization.



Figure 1.5 Apply sampling and quantization on continues image.

1.2 Machine Learning (ML)

Learning is to learning the knowledge to get the specific objective; the learning has
many tasks such as get the information of the internal object, enhancing the system
performance etc. Al is an essential field to conquer these def (Lv, H., and Tang, H.,
2011; Michalski, R et al., 2013). ML start since the Al field has been started at the
1950s (Martens, H. H., 1959), hat is by using the skills of the computer try to
simulate the learning process of the human, which makes the computer to gain
important new knowledge, discover fresh knowledge in order to train the system to

increase its performance. (Portugal, I. et al., 2017).

ML it becomes one of the important application in Al field (Russell, S. J., and
Norvig, 2016), that it an intrusion in many fields straight with computer science for
instance business (Apte, C., 2010), advertising (Cui, Q. et al., 2015), and medicine
(Kononenko, 1., 2001). each method earning information by training the samples
which are useful in a learning process in order to estimate the unknown parameters
(Duda, R. O. et al., 2012), therefore, learning comes in numerous general
forms(Portugal, 1. et al., 2017).

1.2.1 Supervised learning

It one of ML tasks, that creates a model to increase the dependencies among training
data and the true answer (Kachalsky, I. et al., 2017), through labeling each pattern in
atraining set (Duda, R. O. et al., 2012).



1.2.2 Unsupervised learning

In unsupervised learning the data are unlabeled, such data its behave similarly to
human behavior that can guess the actions by observing a sequence of actions

(Parveen, P. and Thuraisingham, B., 2012, June)

1.2.3 Reinforcement learning

In this learning type, the labeled and the goal class label are considered to support the
classifier in order to improve it performance (Duda, R. O. et al., 2012), which
increases the velocity of the learning process, This property is not available in other
types (Jin, Z. J. et al., 2010).

1.3 Machine Learning Algorithms
There are different types of ML in the following we will list some of them.
1.3.1 Naive Bayes

Naive Bayes is a classifier that widely used in various fields of science such as
robotics control (Liu, B et al. 2014), cloud computing applications, big data and
many other fields (Blasch, E. et al., 2013), due to it is the simplest classifier in ML
(Liu, B et al. 2013),

For instance total number of classes m where C={c¢,c,, ....,C,,} t0 the domain
D={d,, d,, ..., d,}, the unique words set is W={w;,w,, ....,w,}, each of appearing at

least one time in the domain D, consequently, the probability of any document d in
class ¢ can be obtained by using Bayes’ rule:

(©p
p(cld) = ZoE S (12)

It is assumed that each word, w,, in a document occurs independently in the

document given the class c. Therefore, the equation becomes:

p(cld) o« p(c) [T;2, [p (Wil )] (1.2)



Where n, is the unique words in d, at, is a frequency of word w;,. To avoid floating

point underflow, we use the equivalent equation:
logp (c|d) o logp(c) + X2 [tk log p(wyl0)] (1.3)

So, when applying Na“1ve Bayes classifier (NBC), we can estimate P(c) and p(wy|c)

as:

~ o & ~ . Nwrk
p(c) = m and p(wg|c) = SN 1.4)

Where N is the total number of documents, N, is the number of documents

1.3.2 K-means clustering

K-means clustering is an enthusiastically used algorithm in different areas such as
medical science, digital image processing, data compression knowledge discovery
data mining, and classification. This algorithm is an unsupervised ML algorithm be-
cause it allows grouping of objects as they come even it unstructured data and ex-
tracts the feature from these data (Bhatia, S., 2014). It was known as Lloyd’s algo-
rithm (Lloyd, S., 1982). There are several types of clustering (Xie, J., and Jiang, S.,
2010) like Bradley and Fayyad (Bradley, P. S., and Fayyad, U. M., 1998), the GKM
algorithm) (Likas, A. et al., 2003), Redmond and Heneghan (Redmond, S. J., and
Heneghan, C., 2007), the MGKM algorithm) (Bagirov, A. M., 2008).

1.3.3 Support vector machine (SVM) algorithm

This classifier is uses in many applications (i.e. facial recognition, text
recognition,and cancer diagnosis) because it has the power to classify data, this
classifire start with preprocessing the data, b efore classifying them into different
classes in order to represent these data in Figure 1.6 in a high dimension (Duda, R.
O. et al., 2012). Such an algorithm can use for classification tasks that require more

accuracy and efficiency of data.



Figure 1.6. Samples with higher dimension space mapping technique in
the production process model SVM.
This algorithm is suitable for dealing with a small sample of data, which attempt to

training the model to overcome the complexity of data (Liu, Z., and Bai, L., 2008).

The SVM designed to solve large margin classification problems as an
implementation of statistical learning theory (Boser, B et al., 1992). It establishes a
separating hyperplane and a maximal margin free of training data by choosing a

subset SV € X called support vectors (Braun, A. Charities et al., 2011).

Equation 1.5 illustrates the optimization problem, and equation 1.6 clarify how to

calculate the normal vector with consideration of previous equation.

- lwll?
min—= + cXitg g (1.5)

yilw.x; +b) = 1 — ¢ (1.6)

1.3.4 Decision tree algorithm

Decision tree classifier depends on producing a sequence of questions to distinguish
the pattern see Figure 1.7 (Duda, R. O. et al., 2012). It is a primary classifier used in
ML, that, it decreases the computation by developing a model that enables to control

the excessive characteristic (Barros, R. C. et al., 2015).



level 0

level 1

Banana Apple @ level 2

sweel SOur

Watermelon - Apple | Grape

Grapefruit ' Lemon Cherry ' Grape level 3

Figure 1.7. Decision tree classification proceeds from top to bottom.

In some incidents this algorithm show experience to improve the enforcement of the
system to classification method more than the other algorithms (Quinlan, J. R., 1986;
Quinlan, J. R., 2014), it is carrying path from root to the leaf that satisfies the
decision (Yuan, Y. etal., 2002).

1.3.5 Principle component analysis (PCA) algorithm

PCA is exploit to reduce the high dimensionality of the data, which gives only the
variation present in the data set. This achieved by transforming to a new set of
variables, the principal components (PCs that this data are unrelated to each other,
which order in a way that keeps only a few variations in all the variables. Suppose
that x is a vector of p random variables and that the variances of the p random
variables and the structure of the covariance or correlations between the p variables
are of interest, Figure 1.8 shows the 2-dimensional observation of two variables
(Jolliffe, 1., 2011).

Figure 1.8. Observations on two variables x1, x2.



The first step is to look for a linear function a;'x of the elements of x having
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Reduction complexity achieved by transforming the original variables to PCs Figure
1.9.
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Figure 1.9. Observations with respect to their PCs.

1.3.6 Artificial neural networks (ANN)

The structure of the ANN is like any other network, there is an interconnection be-
tween nodes which is called neurons and the edge that connect them together. An
ANN main function is to receive a set of inputs, perform a progressively complex
calculation, and then use the output to solve a problem. ANN is used for a lot of dif-
ferent applications. ANN used for classification tasks where an object can fall into
one of at least two different categories, unlike other networks like a social network,
an ANN is highly structured and comes in layers see Figure 1.10; the first layer is the
input layer, the final layer is the output layer and all layer in between is referred to as
hidden layers. An ANN can be viewed as a result of spinning classifiers together in
layers web; this is because each node in the hidden and output layer has its own clas-
sifier. Any node in hidden layer gets its input from input layer, and activates is score

and then pass as input to next hidden layer for farther activations, and this plays out
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and to end across the entire network to the reach the output layer. The results of the
classification are determined by the scores at each node, this happens for each set of
inputs, this process is known as forwarding propagation. Forward propagation is a
neuron nets way of classifying a set of inputs. In hidden layer each set of inputs is
modified by unique weights and biases, that means each edge have a unique weight
as well as unique bias, therefore the combination used for each activation is also
unique, which explains why the nodes fire differently. The process of improving neu-
ron nets is called training, just like with other machine learning methods. To train the
net, the output from forward propagation is compare to the output that is known to be
correct and the cost is different for the two, the point of training is to make that cost
as small as possible, across millions of training examples, to do this the net tweaks
the weight and bias step by step until the prediction closely match the correct output.
Once trained well, a neural net has the potential to make accurate predictions each
time (Ermini, L. et al., 2005, Kordylewski, H. et al., 2001; Nigam, V. P., and Graupe,
D., 2004).

Figure 1.10. An ANN interconnected group of nodes.
1.3.7 K-nearest neighborhood (KNN)

KNN is one of simplest supervised machine learning algorithms, mostly use for
classification, it is classifying a data point based on how its neighbor are classified,
which store all available cases and classify new bases based on similarity measure, it
is perimeter that refers to the number of nearest neighbors to include the majority of
the voting process. The KNN algorithm based on feature similarity choosing a right
value of k is a process called parameter tuning and it is important for better accuracy,
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its value is changed depending on where the point drastically changes your answer, k
is chosen by using the square root of the total number of values. KNN used when the
data labeled (Garcia, V, et al., 2008).

1.3.8 Regression machine learning algorithm

This algorithm attempt to model the relationship between the two variables by setting
a linear equation to observed data, one variable considered as an explanatory
variable while the other is considered to a dependent variable, the dependent variable
is variable that explains the other variables and the values are independent. This
algorithm can used in one of two ways; to establish if there is a relation between two
variables or see if there is a statistically significant relationship between them,

represented by a linear equation.

Where Y is Dependent Variable, a Slope, X is Independent variable, and b is
Intercept. The second way that can use this algorithm is to forecast a new observation
( Binary values like 0/1, yes/no, true/false ), it predicts the probability of occurrence
of an event by fitting data to a logit function, its output values lie between 0 and 1,
Logistic regression is used in many applications in machine learning. (Zhang, M. L.,
and Zhou, Z. H., 2007).

1.3.9 Recommender system algorithm

In this algorithm, the information is filtered and then grouped together and merged to
make recommendations to the user. It makes global product-based associations and

gives personalized recommendations based on a user’s own rating (Sarwar, B, et al.,

2001).
1.3.10 Random forest machine learning algorithm

A supervised algorithm uses in many fields it employs the classification and
regression to create a forest with a number of trees randomly, the different from

decision tree that it finds the roots nodes, it is used in industrial applications such as
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finding out whether a loan applicant is low-risk or high-risk, predicting the failure of
mechanical parts in automobile engines and predicting social media share scores and

performance scores (Livingston, F., 2005).
1.4 Image Feature Descriptors

Feature is basically a good place in image that it could reliably find in another image
of the same scene taken a different prespective, the whole points defining the
features is to be able to make these correspondences between images of the same
scene taken from different prespective, the feature of the image that often related to
the shape, texture, color, and edge, therefore the descriptor attempt to discover these

feature by specific calculations (Kumar, R. M., and Sreekumar, K., 2014).
1.4.1 Color descriptors

The color image can be represent as a set of pixels, color of any pixel in image can
lies in range 0 to 255, to extract the feature from color image uses the concept of
RGB color wich says that a color can be formed by mixing a spesific percentages of
red, green, and blue colors, so each pixel having spesific value of RGB colors, that

the feature can extracted using these set of colors.

Using this feature give the descriptor the capability to represent the image (Bober,
M., 2001). The Histograms distribute the number of pixels for an image (Ogle, V. E.,
and Stonebraker, M., 1995), whereas the RGB histogram is a one-dimension
histogram has built depend on the frequencies of RGB space. The adversary
histogram is a blend of three one measurement histograms of rival shading space.
Tint histogram: Associate the shade histogram by its immersion. RGB histogram was
invariant to changing the states of light and shading. Changed shading dissemination
Reasonable for changing the state of light, on the grounds that each channel is
autonomously standardized. In color Coherent Vector (CCV) the histogram is
comprise of two classifications the first is reasonable all pixels that have a place with
one locale then it is the second class (Pass, G., et al., 1979). In color SIFT
Descriptors the introduction histogram is determined to portray the shape; it is not
invariant to various light conditions, that the power channel is composite by
consolidating the R, G, B channels (Kabbai, L. et al., 2015). In HSV-SIFT there are
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no invariance qualities of the total descriptor, as a result of the mix of the HSV
channels (Guo, X., and Cao, X., 2012). Hue SIFT descriptor is scale-invariant and
move invariant, for example, HUV histogram (Van De Sandeet al. 2010). The
OpponentSIFT utilizes every one of the channels rival shading space has portrayed
by utilizing filter descriptors (EI Meslouhi, O., et al., 2010). C-SIFT isn't move
invariant, however on the other hand it is scale-invariant as for light (Burghouts, G.
J., and Geusebroek, J. M., 2009). Rg SIFT is scale-invariant since the descriptors are
added for r and g component, this descriptor is also invariant with respect to light
color change condition (Brown, M., and Sudsstrunk, S., 2011, June). RGB-SIFT is
computed for every RGB channel (Silberman, N., and Fergus, R. 2011).

1.4.2 Texture descriptors

This descriptor can extricate a decent and valuable component for looking, perusing,
and recovery the pictures, it likewise can assess the pictures properties, for example,
coarseness and smooth (Singha, M., and Hemachandran, K., 2012). There are two
sorts, the first is the GLCM (grey level co-occurrence matrix) this descriptor utilized
to separate the second request of factual surface estimation, which figures the Rakish
second minute, connection, Opposite contrast minute and Entropy (Mohanaiah, P et
al., 2012).

The second is Haralick Texture Feature, this descriptor is utilized to remove the
example's data from the image by utilizing co-occurrence grid, these element are
vitality, relationship, idleness, entropy, backwards contrast minute (Miyamoto, E.,
and Merryman, T., 2005).

1.4.3 MPEG-7 visual descriptors

The features (e.g. texture, shape, and color) can be gotten by exploiting the MPEG-7,
using the content of the image enabling easily to measure the likeness of the images
as well as videos. (Bober, M., 2001).

¢ Visual color descriptors: images that contents color have a very strong aspect to
represent it, that it makes easy to retrieve those images based on the color

content, which is by rotation, size, and orientation of the image.
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Scalable Color Descriptor (SCD): the haar transform used to generate 255 bins

by using HSV color space.

Dominant Color Descriptor: the distribution of the color through the image is
used to browse the image and retrieve it swiftly by describing the local color as
well as the global color of the images.

Color Layout Descriptor (CLD): aim to define the distribution of color in an
arbitrarily-shaped.

CSD (color structure descriptor): used to recitation the regional color features in

images.

1.4.4 Visual texture descriptors

It constructs through a variety of the color as well as the set of different intensities
(Manjunath, B. S.et al., 2001).

Texture Browsing Descriptor: A texture may have more than one dominant
direction and associated scale. For this reason, the texture image has different
direction and scale, therefore, that is why this type of descriptor allows a

maximum of two various directions (Wu, P., Manjunath et al., 2000).

Homogenous Texture Descriptor: used to match the similarity of the image
using the more direction value among the different number of direction in the

image as well as the regularity, coarseness.

Edge Histogram Non-Homogenous Texture desceiptor: extracting the edge of
the image content which is often influenced by the rotation, this descriptor
generate three bins that describe the texture of the image (Sikora, T., 2001).

1.4.5 Visual shape descriptors

Useful information for matching the images based on their shapes (Zhang, S., et al.,
2010).

3-D Shape Descriptor—Shape Spectrum: generate 100 bins that described the
histogram of image shape.
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Region-Based Descriptor: describe the shape based on the image content
region.

Contour-Based Shape Descriptor: described using the MPEG-

Contour-Based Descriptor: It based on curvature scale-space (CCS)

illustrations.

1.4.6 Frequency domain descriptors

Using the bit independently, Euclid distance measurement is not used in frequency

domain descriptors. (Boczar, T., 2001).

Scale Invariant Feature Transform (SIFT): it is an algorithm in computer
vision to detect and describe the local feature in the image. David Lowe
published the algorithm in 1999; applications include object recognition,
robotic mapping, and navigation. For any object on the object can extracted to
provided feature descriptor of the object, this description, can be used to
identify the object. (Lowe, D. G., 1999).

SURF Descriptor/Detector (Speeded-Up Robust Features): computation of the
SIFT is expensive, therefore sometimes it is unsuitable for some applications.
SUREF is developed primarily for speed up the SIFT algorithm, by using instead
of Difference of Gaussian approach uses a hassian matrix approximation, it
uses this to detect interesting points and uses the sum of Haar wavelet that
responses for orientation assignment (Dalal, N., and Triggs, B., 2005).
Maximally Stable External Regions (MSER): it is a simple and very powerful
idea that was published by Jerry Mathers and colleagues, which builds on the
componentry, uses in many applications to solve a wide baseline stereo, so if
we have tow images from very different perspectives (rotated with respect to
others). the advantage of having such a wide baseline, is that it allows to well
get a better estimate of disparity and hence depth, from the other hand the
further apart from sensor are the harder is to establish correspondence between
the respective regions in those images. Therefor you have only to search for the

pixels from the baselines, it helps to find within two images..
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ORB: oriented fast and rotated brief is very fast binary descriptor based on
BRIEF, it builds on the well-known FAST key point detector and the recently-
developed BRIEF descriptor (Rubleg, E. et al., 2011).

BRIEF: it is similar to SIFT in performance; it performs an exam between the
pixels in the image or smooth image. (Calonder, M et al., 2010).

FREAK: The Fast Retina Key Point is computed by competently between
Image intensities ended a sampling pattern (Alahi, A. et al., 2012).
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2. LITERATURE REVIEW

ICL is a lens that can be implanted into the human eye, guided by a specialist,
because of the Myopia. This lens, therefore, amendment the crystalline lens's
function, thus dispensing with the glasses. ICL is located, post-operation, before the
crystalline lens and behind the iris; (Lee, H. et al., 2018). Factors whose values are
indicators of the success of the operation or not; (Alfonso, J. F. et al., 2012). These
factors negatively affect the condition of the patient in the case of when the values
are incorrect, for instance the vault, which is one of the most important factors that
must be measured immediately after the operation because it indicators the main
success rate of the operation; (Lee, H. et al., 2018; Schmidinger, G et al., 2010). In
the case of the value of the vault is not within the permissible range (poor vault < 250
pm and unreasonable vault > 750 um); (Gonvers, M., et al., 2003).It is very
dangerous to keep this lens inside the eye and must be treated promptly so as not to
cause damage to other parts of the eye, also ensures the absence of complications;
(Eissa, S.A et al., 2016). Numerous methods and techniques have been used for

measuring, which was categorized into two main methods.

2.1 Objective Method

Modern scanning techniques have used in this method, which is classified based on

the type of device that has used:

2.1.1 Optical coherence tomography (OCT)

Researchers in 2009, by using OTC for measuring the vault; Schmidinger et al.
(2009), and When the vault is very poor (low value), it causes damage to the
crystalline lens. This is due to contact the implanted lens with the front surface of the
crystalline lens, which is lead to cataract formation.

After measuring the vault, the values indicate that there is a strong and
interconnected relationship between the subjective and objective values; (Alfonso, J.
F. etal., 2009).

One year later, when measured at the baseline, no significant difference observed
between it and the vault measured during accommodation; (Lindland, A et al., 2010).
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After the operations of the patients were followed up cases, the vault measured in
both states non-accommodative and in an accommodative state, found that 15.6% of
cases that it occurs friction between the implanted and crystalline lenses, It was also
observed that the vault did not have a fixed value after surgery but changed over
time. For example, a high value of vault goes down and stabilizes after three months;
(Kojima, T. et al., 2010).

The same device was employed to measure the value of the vault, and it was discov-
ered that in some circumstances the center vault increased in the case of myopia, be-
cause of the motion generated by connecting with the crystalline; (Lindland, A et al.,
2012). In the same year, Alfonso and his group followed up patients and measured
the vault after a week, a month later, after 3 months, and yearly postoperative, they
noticed that there was a significant decrease in the value of vault after the surgery,
especially in the first six months. These statuses are seen heavily in the eyes that
have a very high vault; (Alfonso, J. et al., 2012). A number of factors have studied,
and the effect of a factor on other factors has examined. These factors were WTW
(white to white), ACD (anterior chamber depth), and vault, they recorded all the
changes in these factors. The important thing in this study is that the vault not affect-
ed by other factors, this indicates that there is no correlation between the vault and
other factors (Kim, W. K. et al., 2012). While Kwaki and his colleagues, additional
to the factors have been studied before them. They studied the effect of the crystal-
line lens rise (CLR) factor on the vault and found that the CLR directly affects the
vault. Therefore, it is recommended to pay attention to this factor when measuring
the vault; (Kwak, A. etal., 2012).

Kim et al. employed the OCT in 2013 and studied the of exchange the ICL size to a
larger or smaller depending on the value of the vault prior to the operation, they di-
viding the patients into two groups, the first group smaller ICL exchanged, and the
second group larger ICL exchanged. They examined the effect of changing the vol-
ume of ICL on the vault and concluded that exchanging the size of ICL to smaller or
larger significantly Affects positively on the value of vault after the operation that
makes it more ideal value; (Kim, W. K., et al., 2013). The group in the same year
studied the benefits of planting ICL in one eye only, and after a day of operation the
vault is measured and the size of the ICL is adjusted to be implanted with the other
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eye. They conclude that this procedure reduces the risk of replacing the ICL for both
eyes if it is required to exchange its size, therefore the implantation will be for only
one eye not for both; (Kim, W. K. etal., 2013).

The comparison between two types of lenses has done; (V4c ICL and V4 ICL). They
studied effectively of each type on the factors such as the ACD and the vault. This
comparison was made under different lighting conditions, they ended, that does not
mention any difference in the ACD under any of these conditions (photopic and
mesopic), on the other hand, the vault of the VV4c ICL decreased significantly under
the photopic conditions, so they should care about what are the circumstances in
which the V4c ICL is implanted; (Lee, H. et al., 2014).

In 2015, a study was carried out to follow the changes that take place in the vault as
well as in the ACD during accommodation, where the cases are followed by the eyes
in which planted V4c and V4 ICL. It was observed after the tested of 35 eyes
implanted V4 ICL and 51 were implanted V4c that the vault is not changed
definitely during the accommodation, but clear change gets in the ACD, noting
significant reductions in ACD; (Lee, H., et al., 2015). In addition, the vault has
evaluated after five years of lens implantation of type (phakic intraocular lens). The
results showed that the vault is safe in terms of contact with crystalline if its value
was 260 um; (Lisa, C., et al., 2015).

An experiment was conducted in 2017 to find out what a device (OCT) could give
valid results to measure the vault during surgery or not. The tests showed that the
OCT is able to provide doctors with true and accurate results, where this device is an
auxiliary component of the medical staff can provide them with the appropriate size
of the ICL and guide them during the operation; (Tan, T. E. et al., 2017). As well in
same period, a study was conducted on V4c ICL, tested the extent of change of both
vault and irrigated angle after ICL V4c implantation under different conditions, and
concluded from this research that a clear change was observed in both under myopic

conditions; (Garcia-De la Rosa, et al., 2017).

A pilot study was conducted in 2018 to determine the effectiveness of the vault on
pupil movement during exposure to light. The test performed on 39 eyes. The results

showed that the value of the vault changes when the pupil size changes due to
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exposure to light with uneven intensity. This means that the vault affected when the
pupil moves; (Gonzalez-Lopez, F. et al., 2018).

2.1.2 Pentacam

The Pentacam has used to determine the extent of change in the vault after a year of
ICL implantation. The value of the vault began to change after one month of surgery.
The value of the vault decreased significantly, but after three months, the decrease
was very low. Generally, the vault tends to decline after the operation; (Du, G. P. et
al., 2012).

In 2015, a group of researchers measured the change that occurs in the value of the
vault in both ICL containing hole and ICL that does not contain, which are an
implant for patients suffering from moderate to high ametropia. It is concluded that
the vault does not change in both lenses. In other words, holes existed or do not exist

have effect neither on the vault nor on the refraction; (Kamiya, K. et al., 2015).

In 2016, for measure the vault and anterior chamber (AC) angle width, following
V4C ICL implantation, pentacam was employed for this purpose, and the result was
the appearance of a relationship between the (AC) angle and the vault; (Eissa, S. A.
et al., 2016). As well, a comparison was made on the ICL with the hole and the ICL
without the hole, and its effect on changing the value of the vault using a Pentacam
device. The value of the vault and the size of the pupil have measured at one day, one
week, and one month following the operation. The result has come clear that the
value of vault changed when the pupil move. In the end, pupil movement is one of
the most important factors that threaten to change the value of vault; (Chen, X., et al.,
2016).

2.1.3 Ultrasound biomicroscopy (UBM)

UBM is a technical tool used for imaging of the anterior segment of the eye, it had
employed in 2011 to measure the vault and showed that in cases of low plOL
vaulting, a care should take especially with the cases which have vault value under
52 um, and patient age is over 45 years, that these components increment the hazard
for cataract; (Maeng, H. S. etal., 2011).
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The prediction of vault value after ICL implantation depends on many biometric
factors preoperative, such as (horizontal sulcus-to-sulcus distance (STS) or WTW).
The predictability of the vault will not accurate if it based solely on horizontal eye
pressure. but the predict should depend on other factors, such as compression by the
iris, dampening the effect of the ciliary sulcus structure, or innate ICL vault in order
to avoid the incorrect prediction; (Lee, D. H et al., 2012).

The value of the vault had calculated based on the (WTW) factor that recommended
by the manufacturer of the ICL, but in a study in 2013, the researchers confirmed,
after conducting experiments on 50 eyes suffering from myopia, that the
measurement of the vault using the same formula with including sulcus diameter
factor gives a higher probability for predicting the vault after operation than predict it

based on the white-to-white formula; (Reinstein, D. Z. et al., 2013).

Ghoreishi et al. in 2014 evaluated the size of the ICL (which is important to predict
the vault postoperative perfectly) based on WTW once and again relied on STS. The
evaluation was performed through a 63-eye test and was divided into three groups
based on (WTW group, STS group, and the average of WTW and STS). Based on
the results obtained from this experiment, They concluded that the association
between WTW and STS is almost non-existent and does not affect the ICL sizing,
and ICL sizing based on each (WTW and STS) alone gives unsatisfactory results;
(Ghoreishi, et al., 2014).

In 2017 a clinical study was conducted to understand the relationship of the vault
with the biometric parameters, (central corneal thickness, (WTW) diameter,
keratometer, pupil diameter, sulcus-to-sulcus diameter, anterior chamber depth,
anterior chamber area (ACA), and central curvature radius of the anterior surface of
the lens (Lenscur) of the eye prior to the operation. During three months the vault
was measured using UBM. The researchers found that there is a correlation between
the vault after ICL implantation and the biometric parameters during which the value
of the vault can be predicted postoperative. The value of the vault can be predicted
by using measuring the (ACA, WTW, and Lenscur); (Zheng, Q. Y. et al., 2016).

After all, Lee et al. came after a study in 2018 aimed at dividing clinical factors

affecting the vault after surgery. Where the relationship between the vault value
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postoperative, and a number of factors such as ACD, WTW, and STS have
examined. Where 236 eyes patients their vault values were between 250 pum and 750
um has analyzed using different statistical methods. The results show that when the
size of the pupil preoperative is large, greater preoperative ACD, and longer

preoperative axial length, the vault will inevitably be high; (Lee, H. et al., 2018).

2.2 Subjective Method

Ophthalmologists are trying to measure vault by using some devices to conduct their
researches, where two types of lenses were implanted V3 or V4 for the study of cata-
ract formation, and also for the study of the causes of the formation, where 75 eyes
were followed up for three months. The results indicated that the formation of cata-
ract increased during the follow-up period, especially older patients. Therefore, it has
recommended making the value of vault higher than 0.15 mm to ensure that there is

no friction between the ICL and the crystalline lens; (Gonvers, M. et al., 2003).

In a specific study, the value of the vault was measured over a period of one month,
three months, and one year. The focus was also on the change in the vault and its re-
lation to refraction. The result appears that the vault is reduced over time, and the
results revealed that the vault does not affect fraction and vice versa; (Kamiya, K. et
al., 2009)

Alfonso and his team in their study, which also intended to measure the change in the
value of the vault after surgery, revealed that the vault decreased after the third
month of lens implantation. It is worth noting that the experiment was conducted on
964 eyes for 36 months; (Alfonso, J. F. et al., 2010).

Finally, research in 2017 examines the relationship between the value of the cellar
during the process and its value thereafter. This test has performed on 40 eyes
implanted in the lens. Summarize that the two values have a close link and therefore
can be used to be as a key aspect for postoperative vault prediction procedure;
(Titiyal, J. et al., 2017).
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3. MATERIALS AND METHODS
3.1 Materials Techniques
3.1.1 Dataset

The dataset is a collection of cornea image that is used for measuring the vault
(Height value between the surface ICL and lens), it has collected from the hospital in
Baghdad, which consist of 156 images for different patients captured from different
angles by using the Pentacam, there are 69 of those images are content normal vault
images, and the rest are content non-normal vault images, it had saved in different
folders to be used for training the system in order to get the features of every class

and harness it for conducting the matching via classification process.

3.1.2 Pentacam device

One of the tools that are used to get the data for cornea is called Pentacam see
Figure 3.1, it is a rotation imaging technology, that can exploit to measure the
anterior and posterior corneal surface as well as segment structures, and produce
number of images from different angles of corneal, offers a greater opportunity to
select image with suitable angle in order to measure ICL vault precisely (Lackner, B.
et al., 2005; Barkana, Y..et al., 2005).

Pentacam obtains the image by rotating charge-coupled device camera (CCD) with
synchronous pixel sampling as in Figure 3.1, the system is consist of two cameras,
UV-free blue light; the first camera is located in the center, and the second is
positioned on rotation wheel, this makes the device capable to get a comprehensive
image start from the anterior surface of cornea ended to posterior surface the lens
which is the interested area for study (Jain, R., and Grewal, S. P. S., 2009).

Figure 3.1. Diagrammatic represent rotation camera.
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The rotation of the camera generates an image with three dimension consist of the
number of the slit from zero angles to 360 angle degrees. The software has installed
in this device that empowers it to acquire 50 images in two seconds, that generate
138000 true elevation point for interior cornea and the back surface, and its software
includes an algorithm that corrects the distortion automatically (Dubbelman, M., and
Van der Heijde, G. L., 2001).

Pentacam maintains the center point of a cornea, it not affected by any eye
movement during the examination, where the software has technique give the device
possibility to reregister the thinnest point and eliminate any eye movement on the

contrary of Orbscan.

It is easy for a user to utilize this device as an interface for countless clinical
applications. The measurements of factors are an essential part of knowing the eye
state and analyzing the cornea of prospective surgery, such as slop (amount of
steepness), corneal elevation (a height between two different points), and curvature

(changing rate of the slop).

This device can capture 12, 25, 50 images within two second in single scan, therefore
many factors can assess using this device, the conditions for using this device is
should be followed such as the light condition where the room must be totally dark ,
patient has asked to locate his chin n the chinrests, and his forehead on the circular
ring. The operator should align the instrument in the vertical and horizontal axes, to
start calculate the parameters of the posterior corneal surface and anterior surface of
the lens.

In order to conduct the ICL implantation operation, there are some preoperative
examinations should be calculated such as the anterior chamber angle, which is
considered one of the essential factor. The implantation ICL needs precision in terms
of location, such this device can clearly determine the location effectively in relation

to the crystalline lens and cornea as in Figure 3.2.
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Figure 3.2. ICL and vault value.

In addition, the lens density calculated automatically. A study has shown that the
pentacam is butter than LOCS I11 for predicting the phacoemulsification energy that
needs to remove several grades of contract (Grewal, S. P. S.et al., 2006). posterior
capsule opacification (PCO) is also can represent, which is much easier than slit-limp
images because it is free flash reflection using advance software analysis (Grewal, D.
et al., 2008) see Figure 3.3.

Figure 3.3. Posterior capsule opacification.

3.1.3 Feature extraction techniques

Instead of using the value of pixels of the image where it consist of two dimension
array, it is more suitable if extract a set of number that is able to represent the
characteristics of the image, this set of useful number is called feature vector and the
method for extract the characteristic is called feature extraction (Li, X., Chen et al.,
2002).

3.1.3.1 Edge histogram descriptor (EHD)

The main function of this descriptor is to illustrate the edges of a present image,
where symbols five forms of the edge in each local area, through divided the image
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into numbers parts each part is ukown as sub-image, the image partitioned into 4x4
non-overlapping chunks see Figure 3.4.

Te

SUB(0.0) _SusOD m\swo.s)

\ |
’ SUB(1,1) SUB(1,2) ‘\
- B

i
SUB(2.0) SUB(2,1) SUB(2.2) SUB(2.3)

SUB(3.0) SUB(3.1) SUB(3.2) SUB(3.3)

Figure 3.4. An image divided into 16 pieces.

The characteristic is obtained by generating the histogram of the edges for each sub-
image, which represent vertical, horizontal, 45-degree diagonal, 135-degree diagonal
and non-directional edges as in Figure 3.5.

¢)45-degree edge d)135-degree edge ¢) non-directional edge

Figure 3.5. Five types of direction.

A histogram has generated from each sub-image see Figure 3.6 that histogram is

contained five bines, each bin corresponding one of the five form of the edge.

Figure 3.6. Five types of edge bins for each sub-image.
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The image is divided into 16 blocks as mentioned above and each block generates
five bins concequently, it result a one-dimensional array of 80 bins see Figure 3.7
started from sub-image (0, 0) to (3, 3) sub-image.

T

Bincount0 Bincountl Bin count 79

Figure 3.7. The one-dimension array of 80 bins of EHD

These 80 bins are passed in two phases, first one is normalization, it is done by
dividing the number of replicates for each type of edge bin over the total number of
image—block in sub-image Figure 3.8. The second phase is quantization, due to
normalization the values are in small range; therefore, it should be decode bits for

each edge type.

Figure 3.8. Image-block.

3.1.3.2 Color layout descriptor (CLD)

A color image has a very significant aspect that can be used to get a good
representation for that image, this factor, is the color, which is clarified the pixels
distribution within the image and represent the resolution invariant as well as spatial
scattering. The CLD is a suitable descriptor for extracting such characteristics which
are utilized in many applications (i.e pattern recognition, computer vision, object

detection, and image processing) applications (Kasutani, E., and Yamada, A., 2001).
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The procedure for conducting this descriptor is summarized into four phases see
Figure 3.9, the first phase is represented by image partitions, that the image divided
into 8x8 sub-image, in the second phase is segnified by representive color selection
for each individual sub-block, it can use any method to dominate a single color for
each block (e.g. pixels average), third stage is construct a three matrices coefficient
from handling each sub-block by discrete cosine transform (DCT) after convert it to
YCbCr color space, the last and fourth phase is non-linear quantization of the zigzag
scanned DCT coefficients (Y, Cb, and Cr), in this phase, the zigzag scanning is used
to extract the low frequency from the DCT coefficients, that resulting vector of
numbers that consist of 64 numbers that are represent color layout descriptor output
as shown in Figure 3.9; (Manjunath, B. Israeli et al., 2001).

. 8% 8 Blocks Dominant color
Input Image —— Partitioning > Selection

Bmary Zigzag Scanning and
Descreptor Weighting ¢ DCT

Figure 3.9. Color layout descriptor.

3.1.3.3 Descriptor matching

The matching could be achieved by calculating the distance between two color
layout descriptors from different images in order to evaluate whether the two images

are similar or not.

D= JEK{Y} W1,(Y; —YH? + \/ZK[CD] W2;(Cb; — Cb})* + JZK(C}‘] W3,(Cr; —crf?  (3.1)

The matching process is achieved by setting a certain threshold, that's led to
identifying whether the images are similar color or not (Manjunath, B. Israeli et al.,
2002).
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3.1.3.4 Naive Bayes classifier

Recently, the Naive Bayes classifier becomes very popular due to its simplisity since
features are independent given class, Recently, the Naive Bayes classifier becomes
very popular due to its simplicity, where the features are processed independently, as
well as it achieves a high-quality performance in classifying the data (Friedman, N et
al., 1997; Rish, 1., 2001).

Due to the independence of the features, the feature trained separately that make this
classifier has low computation, especially when it deals with a large amount of data,
such a classifier try to make a specific instance belonging to a specific class, that it
conducted by calculating the probability of how much this case strongly belonging to
a particular class, for a given class, naive Bayes assume that the feature is
conditionally independent. Indeed, Naive Bayes performance is very well repeatedly,
that it always presents an excellent accuracy, due to the richness of implementation

and it is a small template.

Given an example X, described by its feature vector (Xy, ..., X;), we are looking for a

class C that maximizes the likelihood.

P(X1C) = P(x1,..,xn|C) (3.2)

The Naive Bayes assumption of conditional independence among the features, given
the class, allows us to express this conditional probability P(X/C) as a product of

simpler probabilities (Yousef, M. et al., 2006).

PXIC)=]In;=1P(xi | C)P(X 1 C) =[]i = InP(x; | C) (3.3)

As mentioned before the naive Bayes classifier has proper performance, but there are

several factors affect negatively on its performance , these factors summarized into
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three points; firs is training data noise, which appears when the method of training
data be selected in a non-proficient manner, so, it is possible to reduce the training
data noise by selecting a suitable method for data training, the other is the bias, this
type of errors occurs when the data is crowded because of the magnitude, the lastly is
variance, which happens when the data is so small groups. (Mukherjee, S., and
Sharma, N., 2012).

The unbalanced (different number of positive and negative example) data is big
defiance in training this classifier, that may led to flimsy achievement in its duty
(Yousef, M. et al., 2006).

3.1.3.5 Decision tree classifier

Decision tree classifier is one of the machine learning technique; very popular

algorithm, which used as multistage search rule (Haralick, R. M., 1976)

According to the DT learning algorithm see Figure 3.10, the root is constructed, then
it separates recursively till the end of the algorithm, consequently, a complete
decision tree is built (Perner, P., 2014).

helght = 3

[132] |312] [231

Figure 3.10. Decision Tree.

The objective of the DT classifier is to classify the given dataset correctly, not only
can classify the present sample but, beyond could classify the unseen data, easy to
the user to make update and have many choices for training the data, finally, try to
make the structure simple, therefore the classifier often ready to select appropriate
tree structure, and feature subsets should be used at each internal node; (Kurzynski,

M. W., 1983).
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The DT has many methods for tree structure design such as minimum error rate, min-
max path length, the minimum number of nodes in the tree, minimum expected path
length, and maximum average mutual information gain etc.; (Quinlan, J. R., and
Rivest, R. L., 1989).

The prevalent algorithm of DT is C4.5, which it uses for classification (Li, Y. et al.,
2015). This method done by calculating the information of each property for every
node in the tree, and then select the most information gain ratio in each node, which
is assessed using the rule of entropy; (Safavian, S. R., and Landgrebe, D., 1991). Let
us assume that D is a dataset and that Ai is one of the datasets. And there are a set of

classes, C1,C12, ...... , Cm. The information gain calculated as following.

. D;
Gain(D,A;) = Entropy(D) — Eieuaiue(ﬂ,i)|D_|Entropy(Di) (3.4)

Where,

freq(G;.D)

|D| frEQ(Ci'D) (35)

1D

Entropy(D) = —Y", log,

Where freq(Ci, D) denoted the number of examples in the dataset D belongs to class

Ci and Di divided by attribute A is value?. Then Splitinfo(4A;) is defined as the

information content of the attribute A, itself.

|D;]|

. D;
Splitinfo(D, 4;) = — icvatue(ay = logy 24

2p

(3.6)

The gain ratio is the information gain calibrated by splitInfo.
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Gain(D,4;)

Gain Ratio (D,Al) = m

(3.7)

3.1.3.6 Hidden Markov model (HMM)

A statistical model that is gives power to the system for observing the series of Hid-
den (unobservable) states see Figure 3.11. HMM can consider as a simplest dynamic
Bayesian network (Krogh, A. et al., 2001).

Figure 3.11. Hidden Markov Model.

The system is starting to transfer from state to another state Where in the Figure 3.11.
above illustrate the hidden state that is labeled as Hj, Hy, Hs...H, and the observed
state is labeled as O, O, Os,.....O,. Each state has a specific probability over the
possible output event. Therefore, HMM generates a series of events that help to give
details of the sequence of states, the hidden states indicate to the transition of the
model (Tabari, H. et al., 2015). An HMM is generally a Markov chain observed in
noise, which is an essential concept in HMM Chain, The next state of the chain de-
pends on the current state, the transition of the model is probabilities which are re-
lated to state changing from state to another state (Nguyen, K. A. et al., 2013). An
HMM is formally by the following; (Eddy, S. R., 1996).

A hidden state set S ={S;, S5, - -, Sy }.

A transition matrix A ={a;;}, which is state transition probability (probability to go

from state S; to states;).

a; = Plgt+1 = s; gt = si] 1<=4ij =N, a; = 0, E?‘rzlai}- =1 (3.8)
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An observation events is set of V. = {v,,v,,- - -, vy} is called emission matrix, the

probability of emission of v is B = {b; (k)}

b; (k) = P[vk at timet |qt = sj] 1 =j =N, 1=k = (3.9
b; (k) > 0and Y3 by (k) =1 (3.10)

The initial state m = {m;} is
m; = P[QL = Si]l =1= N, T; = 0, ?F:lﬂ'i =1 (311)

HMM is A= (A, B, m)

The emission with continuous observation is.

P(OU) = bj (O) = f:z:l C}mM[Or“jm:Ejm] (312)

0 is observation vector, C;,,,is the mixture coefficient (Panuccio, A. et al., 2002).

Maximum Likelihood State Assignment (The Viterbi Algorithm) uses for analyzing
the sequence of states within the Markov chain that has the very high probability of
sequence states, which has the capability to deal with such chain, the sequence of
hidden state is known as 'Viterbi path' (Nguyen, K. A., 2013). Viterbi is most com-
mon algorithm in HMM; the essence of action of this algorithm is to ask what is the
most likelihood of the state z vector that belongs to a specific set. We seek about
(Juang, B. H. et al., 1986).

P(x,z,A,B)

argrnang(ﬂf,A, B) = argmax; S r(izaD

= argmax;P(x,z; A,B) (3.13)
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We may try to get the most probable that assigns in the model, so it needs to calcu-

late the set of probabilities.
3.2 Methods

In order to discover a new information about a specific subject or understanding it
better, it should be there a particular way to studying by set of specific techniques for
selecting cases, measuring and observing aspects, gathering and refining data, and
analysing data then reporting on result (Johnson, R. B., and Onwuegbuzie, A. J.,
2004), Accordingly, in order to satisfy the objectives of this work, a quantitative
research was held, which involves data in the form of numbers and statistics (Taylor,

S. etal., 2015), and use precise measurement to predict hypotheses.
3.2.1 Experiment 1: Naive Bayes and decision tree classifiers

First of all, the dataset partitioning into two separate parts, normal vaults and non-
normal vaults, the normal set are images that contain the segment of the cornea with
suitable vault, that the vault has value between 250 p and 750 p (Kojima T and
Kugelberg M, 2010), whereas the non-normal set is images of a segment of the
cornea with unsuitable vault. Then a complete system has been built, which is consist
of two main phases, the first phase is featuring extraction where the features have
extracted from the input dataset for training the system, second phase is
classification, where one classifier has been used to conduct the classification

process, that predict to which class the test image belong.

There are several algorithms has been built to achieve the aim of the system, firstly,
Edge histogram descriptor has employed to extract the characteristics of training
dataset, vectors of features was generated, that stored in excel file to be used as an
aspect tool for matching and retrieve the content of the test image. After composed
the feature vector, the classifier could be used as a tool for classifying the test image
see Figure 3.12, in this experiment Naive Bayes has been used, which is it has the

ability to classifying the content of images easily (Lewis, D. D., 1998).
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Start

/ Load training /

\4

Feature extraction (EHD)

l

Save Feature Vector

Naive Bayes classifier

Return the result

y

End

Figure 3.12. Flowchart of EHD with Naive Bayes classifier algorithm.

Secondly, EHD had used for extract the characteristics of training dataset, and
decision tree classifier is employed in the classification phase where the feature had
been extracted from the test image and then matched with the feature vectors of the
training image that has saved, after all the decision has made for content of the test

image either normal or non-normal vault the complete system see Figure 3.13.
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Start

!

/ Load training images /

A 4

Feature extraction using EHD

Save the feature vector

Decision tree classifier

A 4

Return the result

y
End

Figure 3.13. Flowchart For EHD With Decision Tree Algorithm.

Thirdly, CLD is used here for extract the feature of the training dataset images for
using it in the next phase for matching with the input test image, Naive Bayes

classifier is used to classify the content of the test image as shown Figure 3.14.

Start

!

/ Load training images /

v

Feature extraction using CLD

|

Save the feature vector

\4

Naive Bayes classifier

A 4

Return the result

End

Figure 3.14. Flowchart for CLD with Naive Bayes classifier algorithm.
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Finally, the decision tree classifier had used for classifying the content of the test
image, and the descriptor was CLD where it had employed for sets the specific
feature from the training images to excel file which is used for matching purpose see
Figure 3.15.

Start

/ Load training images /

A 4

Feature extraction using CLD

v

Save the feature vector

v

Load test images

v

Feature extraction using CLD

v

Decision Tree classifier

A

Return the result

End

Figure 3.15. Flowchart For CLD With Decision Tree Classifier Algorithm.

3.2.2 Experiment 2: A 3-states hidden markov model

The system has built in two phases, features are extracted in the first phase from the
input images and these features passed to the 3-state, HMM to be recognized in
which class is belong to. The idea behind this system is to handling the image as its
contents of three blocks. Obviously, the vault image contents the anterior chamber
region, the crystalline lens region, and the ICL lens region as shown in Figure 3.16.
Therefore, it can easily modeled by a 3-state hidden Markov model.
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Figure 3.16. Three regions of vault image.

3.2.2.1 Extraction features from image

The input image is converted into grayscale image, in order to gain more speed for
execution time the image is resized into width equal to 66 and height 26, the se-
quence of blocks is generated by overlapping the blocks with height equal to 5 with
the same width, the block slides from top to bottom, the overlapping size is only one

pixel to down, therefore the total number of blocks is calculated by equation below.

Height—Block hieght

- Block height—overlapping size (314)
In our case here the total number of blocks for each image is equal to 22 blocks,

where.

N=241=22 (3.15)

Now the system has 22 blocks with size 5 x 26 from the input image, from those
blocks the feature must extract, the singular value decomposition (SVD) has em-
ployed to convert the set of blocks to set of features, it is an essential method for ana-
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lyzing the data; (Golub, G. H and Reinsch, C., 1970), it is a suitable tool to obtain a
useful feature from multivariate data; (Tamayo, Palestinian et al., 1999). The de-

composition equation is.

X = UsvT (3.16)

Where, U is an m x n matrix, S is an n x n diagonal matrix, and V7 is also an n x n

matrix, after getting these matrices the single value has taken from each one, there-
fore, U(1, 1), S(1, 1) and V(2, 2) are saved to be used, which they showed the best
performance of the system, the value U(1, 1), S(1, 1) and V(2,2) are quantized into
18, 10, 7 levels, respectively; first value between 0 and 17, second between 0 and 9,
and the third is between 0 and 6, finally one value is produced from these three by
possible combination, the maximum number of the combination is 1260, therefore
each bock has only one value that means for each image generates a vector with size
1x 22 see Figure 3.17.

> Generate Block 5x 22
Input ’ SVD

Image ' )

> Generate Block 5 x 22

‘ 5x22 ‘ ox 22 ‘ 5x22‘

Quantization

1x1
Feature
extraction ) ‘ 5x22 ‘ 5x22 ‘ 2% 22

22x1 — ' _
EI Combination ‘ 5x 22 ‘ 5x22 ‘ 5x 22 ‘
of 3value

[0, 17], [0, 9], [0, 6]

Figure 3.17. Feature extraction.

Finally, the feature vector is produced to be as input to the next phases, which is 3-
state HMM.
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3.2.2.2 A 3-States hidden markov model

The input image contents three regions anterior chamber, ICL lens, and crystalline
lens, that it represents the sequence of events, therefore it is possible to construct the
HMM, if the image scan from up to bottom, states always start with anterior cham-
ber, then will transition into ICL lens, and the final transition is to crystal lens, there-
fore the probability to transition from the anterior chamber to CL lens is 0.5 and
probability to stay in the same state is also 0.5, at the same time the state is always
crystal lens, that means the state will not change, consequently, the transition proba-

bility is equal to 1, from these we can construct the transition matrix as shown below.

The initial state probability of this model is like as following

AC CL ICL
Anterior Chamber(AC) [05 05 0
B=  Crystallens(CL) 0 05 05
ICL lens 0 0 1

Figure 3.18. Transition Matrix.

AC ICL CL
m=[1 o o]

Figure 3.19. Initial Matrix.

Now remaining only the matrix of A, as mentioned above each block will generate a

number between 0 and 1260, therefore the A matrix can simply be as below.
1 2 ... 1260

ACIt 1 - 1
A=ICL |: : :
CLL1 1 - 1

Figure 3.20. Probability Matrix.

41



Having m, A, and B matrices so, it is ready to generate HMM. After finishing the
generating data stage, the implementation starts with training the data, which is ready
to enter this part of the system, that are used to training HMM see Figure 3.21.

Start

/ Load images /

A 4
Feature extraction using SVD

A\ 4

Quantization

A\ 4

Save Feature Vector

Return the result

End

Figure 3.21. Flowchart for SVD with HMM algorithm.
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4. RESULTS AND DISCUSSION

4.1 Results

In this thesis the value of the vault estimation has been proposed by exploit the
machine learning algorithms, in the first experiment the EHD and CLD have utilized
to extract the features of input image individually, the vector of the features could be
passed to DT and Naive Bayes classifiers in order to categorize the image under the
study to a specific class, after all, the accuracy of the classification is calculated
using a leave-one-out strategy, which is summarized by kept one image from the
dataset as a test and leave the others for training and the accuracy is calculated, in
the next phase choose the another different image and leave the rest as training with
calculating the new accuracy, the experiment repeated N times where N is the total
number of images in the dataset, finally, the average of the accuracy of all N time is
calculated as the final result. This experiment has simulated using dot net
programming (C#) software; this software provides suitable tools for applying such
algorithms. A graphics users interface (GUI), it builds to be an interface to the
system and to be easier for a user to interact with the program efficiently,
consequently achieve the objective of the system. (GUI) is the designs with several
buttons see Figure 4.1 that help to select the specific process (method) such as select
the EHD for extract feature from the dataset and Naive Bayes for the classification
task.

ICL Vault Testing @

LoadDataset_EHD LoadGataset CLD
D__T_EHD Bayes_CLD
LoadPicture_ LoadDataset_EHD

Figure 4.1. GUI window.
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The accuracy and efficiency of the proposed algorithms were considered by applying
these algorithms on some datasets to obtain the accuracy desired This was done by
applying the following equations.

.. Total 1mages classified correctly
Precisiong = @

Total images tested *100 (4.1)

First of all, the descriptor button will show the user the open file dialog that gives
the user area to choose the interested dataset for training the system for both
descriptors CLD and EHD, as shown in Figure 4.2, the dataset must be saved in one
folder that contains both normal and non-normal vaults dataset folders which should

be saved in the folder that is content two separate folders.

Erowse For Folder

¢

Bl Desktop

I» [l Libraries

= | & samer

> g Computer

[ G‘j MNetwork

[ @ Control Panel
£ Recycle Bin

B Jy 2016-06-20

EIMAI S

| »

m

[ Make Mew Folder ] [ Ok ] [ Cancel ]

Figure 4.2. Enter dataset window.

After training the dataset and extraction of the features from images in a spatial

domain, the test image could be selected as in Figure 4.3. to be classified using the
Naive Bayes or DT classifier.

oy Bayes = |[2]=

ICL Vault Testing
 seyean

Figure 4.3. Training dataset.
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Finally, the result comes out to demonstrate the class which the test image belongs.

After the process operation finished, the result display to the user as a new window

content message tells the user about the class that the test image belongs to see

Figure 4.4.

Error%= 0 classiID=1 Class =Non-normal z= 1

Figure 4.4. Display result.

Worthy, to mention the results as a vector of features represented as a number on the

Microsoft Excel sheets, which saved in a given direction,

these data, see Figure 4.5.

here we show some of

Figure 4.5. Features in excel file.
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0 1 2 3 4 5 6 7 8
0 0.190988 0.011235 0 0.112346 0 0.212468 0.024996 0.012498
0 0.292099 0.044938 0 0.101111 0 0.292099 0.044938 0.011235
0 0.280864 0.011235 0 0.089877 0.012656 0.240469 0.037969 0.012656
0 0.316406 0.063281 0.012656 0.050625 0.012656 0.278438 0.037969 0.012656
0.022469 0.280864 0.022469 0.033704 0.134815 0.012656 0.354375 0.012656 0.012656
0 0.349947 0.049992 0.037494 0.124981 0.014082 0.39429 0.042245 0.014082
0 0.26963 0.033704 0 0.044938 0 0.280864 0.033704 0.011235
0 0.380208 0.042245 0.014082 0.056327 0 0.422454 0.028164 0
0 0.352045 0.056327 0 0.028164 0 0.39429  0.014082 0
0 0.449931 0.037494 0 0.024996 0 0.408372 0.014082 0
0 0.247686 0.055041 0 0.119256  0.0202  0.3636  0.0202  0.0101
0 01717 0.0303 0 01212 0.0101  0.1717 0 0.0101
0 0.312452 0.024996 0 0.137479 0.014082 0.295718 0.042245 0.014082
0.0101 0303  0.0202 0 0.0909 00202 03434 00404 0.0101
0.087487 0.412437 0.099985 0.074989 0.287456 0.070409 0.408372 0.070409 0.084491
0.061218 0.346903 0.091827 0.081624 0.418325 0.112233 0.397919 0.091827 0.081624
0 0.266033 0.082562 0.036694 0.110083 0.027521 0.302727 0.036694 0.009174
0.063281 0.341719 0.088594 0.10125 0.316406 0.086939 0.362245 0.057959 0
0.06896 0.301702 0.06034 0.05172 0.206881 0.06034 0.284462 0.00862 0.02586
0.063281 0.341719 0.050625 0.075938 0.189844 0.057959 0.333265 0.01449 0
0 0.187471 0.06249 0.012498 0.06249 0 0.337963 0.014082 0
0.112346 0.24716 0.112346 0.101111 0235926 0.049992 0.337449 0.06249 0.024996
0 0.177188 0.037969 0 0.126563 0 0.309799 0.028164 0.014082
0.12358 024716 0.101111 0.112346 0.258395 0.049992 0.337449 0.087487 0.024996
0 0.2727  0.0202 0 0.1111 0 0.303333 0.011235 0.011235
0.011235 0.235926 0.022469 0.011235 0.067407 0 0.292099 0.011235 0
0 02525 00202 00101  0.0808 0 0.314568 0 0
0.040812  0.3367 0.091827 0.020406 0.23467 0.061218 0.326497 0.020406 0.051015
0 0.26963 0.044938 0 0.067407 0.022469 0.314568 0 0
0.033704 0.325802 0.056173 0.044938 0.224691 0.063281 0.354375 0.025313 0.012656
0 0.312452 0.012498 0 0.037494 0 0.337963 0.014082 0.014082
0 0.238512 0.018347 0 0.064215 0 0.255076 0.020406 0.010203
0 0.24716  0.022469 0 0.056173 0 0.30375 0.012656 0.012656
0.087487 0.362445 0.06249 0.06249 0.187471 0.074989 0.32495 0.012498 0.049992
0.081624 0.357106 0.051015 0.030609 0.285685 0.034478 0.367769 0.103435 0.011493
0.034478 0.310305 0.057464 0.057464 0.356276 0.034478 0.390754 0.068957 0.034478
1 0011235 0280864 0022469 O 0044938 0 030375 0025313 Q0




Consequently, after the all N time executions on the dataset, the last accuracy for
each classifier has been calculated, by investigation the proposed system, the result
showed that the Naive Bayes classifier with CLD is producing higher classification
accuracy than the respective of rest components of the system as summarized in
Table 4.1.

Table 4.1. Accuracy percentage (%).

ﬁ Descriptor

| Naive Bayes | 65 85.9 ‘
| Decision Tree 54.6 66.6

The average time required for investigate subsystem on dataset calculated to show

the execution time for each algorithm, the result shows that achieve Naive Bayes
with EHD is to spend less time for both training and classification tasks. This is due
to the capability of the classifier to dealing with huge amount of data via limited time
(Table 4.2.). It also can be concluded that in general, the time for training the naive
Bayes classifier is less than the time spent on training the DT classifier.

Table 4.2. Excecution Time (sec.).

W EHD
Descriptor

M 0.

12
Decision Tree 0.34

A GUI has also been created for implement the second experiment using Matlab
R2014a in order to facilitate the procedure of execution, that it contains many taps
such as generate a database, load database, training, calculating recognition rate and
exit tabs see Figure 4.6. The results of classification for each testing phase and the

total accuracy is displayed on the Matlab command window.

46



Generate Database
Load Database
Train System
Calculate Recognition Rate
Recognize One Person
Exit
Figure 4.6. GUI tabs.

Dataset is by dividing it into two classes, one for normal vault value that has 40
images for training and the second is a class with non-normal vault value that have

also 40 images for training.

Testing stage content 39 images for each class, the recognition process is applied to
these images, The strategy that is followed to training and testing dataset is by multi-
phases validate, which in the first phase, 40 images for both normal and non-normal
dataset for training and 39 images for testing, could be set to the system to measure
the accuracy, the accuracy computed by using equation 2.4, the second phase starts
with another set of training and testing images, where five of the testing images
swapped with five from training images and the accuracy is calculated again, and so

on that produce 49 phases.

Correctly recognized images

Accuracy (4.2)

Total testing images

The accuracies are recorded and the average of accuracies of propose system is

calculated, which was 86.113 % that are summarized in Table 3.4.
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Table 4.3. Accuracies for all testing stages (%).

N?Jtri%eer Accuracies N?Jtr?]%eer Accuracies N?Jtr?m%eer Accuracies
1 93.103 18 79.299 35 81.102
2 87.931 19 82.758 36 87.921
3 87.953 20 87.452 37 86.109
4 89.655 21 72.413 38 81.013
5 82.758 22 84.491 39 91.379
6 84.482 23 91.380 40 96.561
7 94.827 24 89.655 41 79.103
8 93.104 25 79.410 42 83.333
9 86.206 26 79.391 43 80
10 87.911 27 79.333 44 85
11 86.291 28 86.207 45 81.666
12 89.663 29 75.662 46 88.333
13 91.299 30 81.034 47 91.667
14 84.480 31 87.941 48 90
15 93.112 32 93.103 49 85
16 96.551 33 81.010 Total
17 89.665 34 81.034 Acgsgcy 87311

On the other hand, the reason for using Matlab R2014a to simulate the experiment
two, which provides a role for implementing the HMM algorithm and suitable to
dealing with matrices and extract the useful information through applying singular
decomposition value as well as it is robust for dealing with multi-block of sub-
images via less time. The time spent for each stage including training the system and
testing did not exceed 0.4 seconds for all dataset through investigation of all phases

individually as summarized in Table 4.4.
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Table 4.4. Code run time(second).

Function Function

Stage Stage

number number

Training | Testing | System Training | Testing | System

28.775 0.775 | 38.852 26 28.238 0.854 | 38.885

27.547 0.223 | 39.225 27 28.987 0.558 | 38.455

26.356 0.745 | 37.852 28 28.778 0.765 | 38.582

27.963 0.852 | 41.321 29 28.776 0.687 | 38.922

28.542 0.966 | 38.745 30 28.756 0.958 | 38.961

26.744 0.987 | 37.123 31 28.225 0.969 | 38.775

28.124 0.785 | 38.856 32 28.745 0.864 | 38.965

28.889 0.953 | 37.996 33 28.214 0.886 | 38.966

28.951 0.883 | 37.957 34 28.365 0.759 | 38.654

28.125 0.238 | 37.885 35 28.665 0.756 | 38.325

25.115 0.874 | 38.558 36 28.943 0.778 | 38.885

28.214 0.652 | 39.614 37 28.976 0.928 | 38.788

28.885 0.552 | 39.225 38 28.467 0.935 | 38.796

28.337 0.874 | 37.541 39 28.482 0.699 | 38.856

29.741 0.784 | 37.365 40 28.534 0.831 | 38.994

29.552 0.897 | 37.951 41 28.976 0.819 | 38.865

29.423 0.981 | 40.237 42 28.348 0.763 | 38.943

29.365 0.889 | 38.923 43 28.882 0.698 | 38.235

27.748 0.754 | 38.325 44 28.359 0.699 | 38.885

26.658 0.574 | 38.953 45 28.959 0.866 | 38.854

27.632 0.892 | 38.761 46 28.559 0.826 | 38.813

27.123 0.884 | 37.349 47 28.791 0.998 | 38.922

27.356 0.879 | 37.764 48 28.346 0.739 | 38.934

28.855 0.894 | 39.462 49 28.973 0.731 | 38.763

I NI N N T N N N e R e L e L L
AR R[NP |O|lo|lo|w|o|o|dw Nk|lo|@ XN 0o~ Wi

28.966 0.853 | 39.445

4.2 Discussion

The recognition among such images is still a big challenge because of the similarity
between the images that have a normal value of vault and the others with the non-
normal value of vault. In terms of accuracy, the results presented in Tables 4.1., indi-
cates that the performance of Naive Bayes was better than Decision Tree classifier,
because the features of each image that have tested compared with all the features of
the trained image in the Naive Bayes method, whereas, the system has compared less
than half of the trained features in the Decision Tree method. Therefore, the precision
of Naive Bayes annotation was higher. The content of the images that tested using
EHD descriptor was retrieved wrongly; because of the similarity of the image con-

tent in both partitions the normal and non-normal vault, where the differences are
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tiny, that the classifier cannot recognize them clearly. CLD uses the colors feature of
the images; therefore, it is evident that by using this descriptor with the Naive Bayes
classifier gives the result more accurately than using it with the DT classifier. CLD
with Naive Bayes classifier gives the system power to recognize the normal vault
images from another, which makes it gives efficiency satisfactory performance, but it
could not reach 100% accuracy because some images from different classes have a

similarity of subject colors that produce weakness in system performance.

On the other hand, executing time of the system using Naive Bayes classifier was
better in comparison with Decision Tree classifier, because the calculation process
for information gain in C4.5 algorithm involved the computing of log function, and
the time consuming of the log function is causes a problem on total computation

time.

Navigation experiment two did not gives a very high accuracy, the reason behind that
is the low rate of differences between the images that contain the normal vault and
non-normal vault value, This is sufficient evidence that the problem of measuring the
vault remains a major challenge and remaining on the research table. While the mod-
el with the HMM was able to recognize about 87.3% off total images, the give pre-
cise evidence that the system that had built was performing efficiently for recogni-

tion the images.
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5. CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

In this thesis, a system has been proposed to predict the vault posterior by using
different methods such as EHD and CLD for extracting the characteristics of the
images, as well as Naive Bayes and decision tree to classify the input image into

normal or non-normal class.

Retrieve the content of the image strongly is depend on many factors, such as,
extracting the characteristic of the image efficiently, selecting the suitable descriptor
which is built on the basis of the nature of the image content, the classifier capability
for dealing with the descriptors outputs as well as with dataset, in order to achieve
efficient classification performance, and finally, capability to defeat the challenge
that is caused by the differences between the concept of high level feature
represented by semantic concepts and low level feature of the image which is
represented by color texture, shape and spatial layout. This work summarized that by
building a smart algorithm mainly to dealing with texture and color based features,
are the strengths to improve the precision, lessen annotation executing time, growth
system competence, decrease the dimensions of the feature vector, and increase

training quickness.

5.2 Recommendation

In order to develop the diagnosis of the medical state more accurately and efficiently,
it is vital to adopt a larger database in order to extract the features of images more
efficiently, in addition to relying on other factors in addition to the factors used in
this research such as measuring the basement or white to white in addition to using
other descriptors related to extracting the texture image like Scale-invariant feature
transform descriptor (SIFT) or Speeded-Up Robust Features (SURF), in order to help
the classifier to distinguish between successful and unsuccessful operation more

efficiently and accurately.
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A smart algorithm to predict the post-
operative parameters of Intra — corneal lens
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Abstract— Lens implantation has become easier
than in the past because studies have been conducted to
avoid complications when and after the implantation
process; the most inevitable approach to avoid ICL diffi-
culties is to accomplish the best possible separation be-
tween the back ICL surface and the anterior crystalline
lens pole which is called vault in ophthalmology. Recently,
machine learning technique is broadly employed in re-
search especially in medical images, due to the ability to
analyze a huge amount of data, and also using intelligent
methods in order to make the suitable decision which
assists physicians in the interpretation the images. To
evaluating the postoperative patient eyes status by em-
ploying machine learning algorithms, in this work a
system has been built that has split into feature extraction
and classification parts. edge histogram descriptor (EHD)
and color layout descriptor (CLD) have been used for
extract the features of the images, Naive Bayes and deci-
sion tree classifire have used for classification, where EHD
had employed with classifiers seperetely then the precision
has calculated, likewise the CLD has employed with the
same two classifiers.

Keywords: Machine learning, feature extraction, Naive
Bayes classifier, Decision Tree classifier, Image re-
trieval, ICL.

INTRODUCTION

A lots of surgical correction of high myopia has sub-
stituted by implantable collamer lens (ICL) implantation
due to the successful which has achieved by ICL im-
plantation operations [1, 2], which is made of collamer
and can be implanted inside the human eye where it is a
flexible and hydrophilic material, collamer is made up of
HEMA Hydrogel, water, and porcine collagen [3]. Many
researches have confirmed that despite many benefits
achieved by lenses for patients by implanting it in
his/her eye, but pointed to the postoperative complica-
tions in some cases because of the vault (the distance
between the posterior surface of the ICL and the anterior
surface of the crystalline lens) [4] as shown in Fig. 1,
therefore the vault assessment is an essential manner in
order to make the implantation more safety and success-
ful procedure [5].

There are several ways to evaluate the vault, in the
beginning, vault was measured using traditional tech-
nique like slit-lamp which is called subjective method [6
, 7], then after that the vault has been measured objec-
tively by using more recent techniques for instance
optical coherence tomography [8, 9]. Subsequently,

Dr. Nebras Hussein
Biomedical Engineering department, Al-
Khawarizmi College of Engineering

vault is an aspect key to success the ICL implementa-
tion; therefore, it is required to measure the value of the
vault accurately and swiftly. Therefor in this paper a
smart algorithm has been proposed that used capability
of computer and by employed the computer algorithms,
methods, and techniques i.e. machine learning tech-
niques and image processing technique.

/—

Fig.1 Vault illustration

RELATED WORK

Numerous methods and techniques have been used for
measuring and evaluating the vault, which were cate-
gorized into various kinds depend on the device used.
Researchers in 2009, by using OTC for measuring the
vault [10], and When the vault is very poor (low val-
ue), it causes damage to the crystalline lens. This is
due to contact the implanted lens with front surface of
the crystalline lens, which is lead to cataract formation.
After measuring the vault, the values indicate that
there is a strong and interconnected relationship be-
tween the subjective and objective values [5]. Same
device was employed to measure the value of the
vault, and it was discovered that in some circumstanc-
es the center vault increased in the case of myopia,
because of the motion generated by connect with the
crystalline [11]. In same year, Alfonso and his group
followed up patients and measured the vault after a
week, a month later, after 3 months, and yearly post-
operative, they noticed that there was a significant
decrease in the value of vault after the surgery, espe-
cially in the first six months. These statuses seen heav-
ily in the eyes that have a very high vault [12].
Pentacam has used to determine the extent of change
in the vault after a year of ICL implantation. The val-
ue of the vault began to change after one month of
surgery.
The value of the vault decreased significantly, but after
three months, the decrease was very low. Generally, the
vault tends to decline after the operation [13]. In 2016,
for measure the vault and anterior chamber (AC) angle
width, following V4C ICL implantation, pentacam was
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employed for this purpose, and the result was the ap-
pearance of a relationship between the (AC) angle and
the vault [14].

UBM is a technical tool used for imaging of the ante-
rior segment of the eye, it had employed in 2011 to
measure the vault and showed that in cases of low plOL
vaulting, a care should take specially with the cases
which have vault value under 52 um, and patient age is
over 45 years, that these components increment the
hazard for cataract [15]. The prediction of vault value
after ICL implantation depends on many biometric
factors preoperative, such as (horizontal sulcus-to-sulcus
distance (STS) or WTW). The predictability of the vault
will not accurate if it based solely on horizontal eye
pressure. but the predict should be depends on another
factors, such as compression by the iris, dampening
effect of the ciliary sulcus structure, or innate ICL vault
in order to avoid the incorrect prediction [16]. After all,
a study in 2018 aimed at dividing clinical factors affect-
ing the vault after surgery. Where the relationship be-
tween the vault value postoperative, and a number of
factors such as ACD, WTW, and STS have examined.
Where 236 eyes patients their vault values were between
250 pm and 750 pm has analyzed using different statis-
tical methods. The results show that when the size of the
pupil preoperative is large, greater preoperative ACD,
and longer preoperative axial length, the vault will
inevitably be high [17].

Ophthalmologists are trying to measure vault by using
some devices to conduct their researches, where two
types of lenses were implanted V3 or V4 for the study
of cataract formation, and also for the study of the
causes of the formation, where 75 eyes were followe up
for three months. The results indicated that the for-
mation of cataract increased during the follow-up peri-
od, especially older patients. Therefore, it has recom-
mended making the value of vault higher than 0.15 mm
to ensure that there is no friction between the ICL and
crystalline lens [18].
In a specific study, the value of the vault was measured
over a period of one month, three months, and one year.
The focus was also on the change in the vault and its
relation to refraction. The result appears that the vault is
reduce over time, and the results revealed that the vault
does not affected fraction and vice versa [19].
Alfonso and his team in their study, which also in-
tended to measure the change in the value of the vault
after surgery, revealed that the vault decreased after
the third months of lens implantation. It is worth not-
ing that the experiment has conducted on 964 eyes
during 36 months [12].

MATERIALS AND METHODS

Pentacam

One of the tools that is used to get the data is called
Pentacam, it is a rotation imaging technology,
employed to measure the anterior and posterior
corneal surface as well as segment structures, and
produce number of images for corneal from different
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angles that give chance to select image with suitable
angle to measure ICL vault precisely [1, 20].

pentacam obtain the image by rotating a charge
coupled device camera (CCD) with synchronous pixel
sampling as shown in Fig. 2, the system is consist of
two camera, UV-free blue light; first camera is located
in the center, and the second is positioned on rotation
wheel which give capability to get a comprehensive
image start from anterior surface of cornea ended to
posterior surface the lens [21], which is the interested

area for study.

Fig. 2 Diagrammatic represent rotation camera

Feature extraction

Instead of using the value of pixels of the image
where the image consist of two dimension array, it is
more suitable if extract a set of humber that are able
to represent the characteristics of the image, this set of
useful number is called vector and the method for
extract the characteristic is known as feature extrac-
tion [22].

Edge histogram descriptor (EHD)

The chief function of this descriptor is illus-
trating the edges of an image, where image sym-
bolizing five forms of the edge in each local area,
partitioning image into parts called sub-image for
each, where it alienated into 4x4 non-overlapping
chunks as in Fig. 3.

=

SUB(0,0) Mm\smo,s)

% #”SUB(1,1)
» /
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SUB(1,2)

- A
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SUB(30) = SUB(G3.1) SUB(32) @ SUBG33)

Fig. 3 Image divided into 16 pieces
Histogram of each sub-image has generated
to gain the characteristics of the images, vertical, hor-
izontal, 45-degree diagonal, 135-degree diagonal and
non-directional edges, as shown in Fig. 4 where it is
contained five bines each bin corresponding one form

i
Ik

Fig. 4 Five types of edge bins for each sub-image.
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A one-dimensional array of 80 bins was
composed, by taking the histogram of all 16
blocks as illustrated in Fig. 5 started from sub-
image (0, 0) to (3, 3) sub-image

Bin count @ Bin count 1 B caunt 79

Fig. 5 A 1-D array of 80 bins of EHD

These 80 histogram bin is pass in two phases, first one
is normalization this is, by divided the number
frequency edge for each bin by total number of
image—block in sub-image, Fig. 6 represent the
image—block, which is the simple unit for get the
edge, this unit is has specify whether it has edge or
not and what is the predominate edge, the histogram
value of the corresponding edge bin increases by one,
Otherwise, the image-block without edge. The second
phase is quantization, due to normalization the values
are in small range; therefore, it should be decode bits
for each edge type [23].

Fig. 6 Image-block.

Color layout descriptor (CLD)

Color feature is significant feature in images,
which represents the color resolution-invariant and
spatial distribution representation, so CLD is presume
a good choice to extract this feature, that it is widely
used in image processing applications [24].

Four steps should performed by this de-
scriptor so that it can extract the characteristics of the
image as shown in Fig. 7. Firstly, the image is parti-
tion into 8x8 sub-images, second step is dominant
color selection for each block by use any method to
dominant a single color, third step is handled the
component (Y, Cb and Cr) of color image by discrete
cosine transform (DCT) that is result three group of
coefficients. Lastly, custom the zigzag scanning to
extract the low frequency from the DCT coefficients,
Which in turn produces color layout descriptor, Fig. 8
illustrate the block diagram of CLD extraction [25].
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Fig. 7 The block diagram of the CLD extraction

Matching could be achieve by calculate the
distance between two color layout descriptors through

M

D= JZA:(Y] wl (Y, - Y2+ JZk(Cb] w2;(Chy — Ch})? +

JZI:(CT] W3i(CT1 r- CT{)Z
1)

The retrieval result obtained as a set of retrievals
whose distance is less than a certain threshold d [26].

Naive Bayes classifier

Recently, the Naive Bayes classifier become very
popular due to it is simple since features are inde-
pendent given class, and it performs surprisingly well
[27, 28]. Feature is trained separately making it sim-
ple especially when it large number, because the in-
dependence of features. it is a try to make a specific
instance belonging to a specific class, it is conducted
by calculate the probability of how much this case
strongly belonging to particular class, for a given
class, naive Bayes assume that the feature is condi-
tionally independent.

Given an example X, described by its feature vector
(x1, oo s xn), we are looking for a class C that

maximizes the likelihood that shown in (2).

PX1C) = P(x1, v, xn1C) (2
Naive Bayes assumption of conditional
independence among the features, given the class,
allows us to express this  conditional
probability P(X | C) as a product of simpler
probabilities [29] as illustrated in (3).

P(x|1C)=TIn, = 1P(x; | O)P(X | C) =TI; = 1nP(x; 1 C) (3)

Several factors that make Naive Bayes not
working properly, those factors summarized into three
points, firstly, training data noise; which is appear
when the method of training data be selected in non-
proficient manner, which it could be reduced the
training data noise by choosing appropriate method
for data training. secondly, is bias, this type of error is
happen when the data is crowded because it huge, and
finally, factor is variance, which is appear when the
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data so small groups [30]. The unbalanced (different
number of positive and negative example) data is a
big defiance in training this classifier, that could
causes a bad performance in its task [29].

Decision tree classifier (DT)

Decision tree classifier is one algorithm of the
machine learning technique; it is very popular use as
multistage table look-up rule [31]. According to the
DT learning algorithm, the root is constructed, then it
separate recursively till the end of the algorithm,
consequently[32], a complete decision tree built as
shown in Fig. 8.

root

height

leaf

Fig. 8 Example of Decision Tree algorithm

Most significant feature in this classifier is
that DT has capability to classify the unseen data, easy
to user to update and training the data, finally, it has
skill to simplify the structure, consequently, the
classifier ready to select appropriate tree structure, and
feature subsets should be used at each internal node
[33]. To design the structure of tree DT could select
minimum error rate, min-max path length, minimum
number of nodes in the tree, minimum expected path
length, or maximum average mutual information gain
etc. [34].

C4.5 is one of the DT algorithms; it is popular for
classification purpose [35]. Initiated by calculates the
information of properties at each node, then choose the
highest information gain ratio that evaluated using
entropy law [36]. For instance D is a dataset and that A;
is one of the dataset. And there are a set of classes,
, Cin. Then information gain is as (4) and

(5).

Gain(D,A, ) = Entropy(D)- > Dy Entropy(D, )

ieValue(A;)

4)
Where

m

Entropy(D)=-)"

i=1

freq(C,, D)
D)

freq(C;, D),
‘D‘ 'ng

()

Where freq(C;,D) represent examples numbers in
the dataset D belong to class C; and D; divided by
attribute A; value. Then Splitinfo(4;) is define as

the information content of the attribute A; itself as
illustrated in (6) and (7).

68

H |Og2 H

Splitinfo(D,A;) =- > 5

ieValue(A;) D (6)
The gain ratio is the information gain calibrated
by splitInfo:

Gain Ratio (D, A, ) = M
Splitinfo(A;) ™
METHODS

In order to discover a new information about a spe-
cific subject or understanding it better, it should be
there a particular way to studying by set of specific
techniques for selecting cases, measuring and observ-
ing aspects, gathering and refining data, and analysing
data then reporting on result [37], Accordingly, in
order to satisfy the objectives of this work, a quantita-
tive research was held, which involves data in the
form of numbers and statistics [38], and use precise
measurement to predict hypotheses.
first of all the dataset partitioning into two specific
parts, normal vaults and non-normal vaults, the nor-
mal set are images that content the segment of cornea
with suitable vault, whereas the non-normal set are
images of segment of cornea with unsuitable vault.
Then a complete system has been built, which is con-
sist of two main phases, the first phase is features ex-
traction where the features has extracted from the
input dataset for training the system, second phase is
classification, where one classifier has been used to
conduct the classification process, that predict to
which class the test image belong[37].

There are several algorithms has been built to achieve
the aim of the system, in first experiment, Edge histo-
gram descriptor has employed to extract the character-
istics of training dataset, vectors of features was gen-
erated, that stored in excel file to be used as an aspect
tool for matching and retrieve the content of the test
image. After composed the feature vector, the classi-
fier could be used as a tool for classify the test image,
in the experiment Naive Bayes has been used, which
is it has ability to classifying content of images easily
[39].

In second experiment, EHD had used again for ex-
tract the characteristics of training dataset, decision
tree classifier is employed for classification phase,
after all, the decision has made about content of the
test image either normal or non-normal vault.

Third experiment, CLD descriptor is used here for
extract the features of the training dataset, that gener-
ate vectors which appear the color resolution-invariant
and spatial distribution representation, Naive Bayes
classifier is use to classify the test image by using the
vectors that have generated from CLD descriptor.
Finally, DT classifier has been employed for classify
the test image through using the vectors of features
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that are produced from CLD descriptor that has saved
in excel file.

RESULT AND DISCUSSION

A. Results

The accuracy and efficiency of the proposed algo-
rithms estimated through the proposed system on da-
tasets and calculate the accuracy using (8).

Precision =
Correctly defects detected;

+ 100

Total images tested containing defect;,
(®)

Consequently, apply the proposed algorithms, on
dataset that represent an images included the
background and the cornea with vault. The results
that obtained from analyzing the objects in these
images were it used to detect the content of the
image under investigation. Table | shows the re-
sult of applying the proposed algorithms on da-
tasets that are representing the accuracy that has
calculated using equation 8.

TABLE|.  THE ACCURACY PERCENTAGE (%)
Classifier
] EHD CLD
escriptor
Naive Bayes 65 95.5
Decision Tree 54.6 66.6

It is obvious from the data in the table above
that these algorithms is very applicable for pre-
scribe and identification for any input images of
the system, below table Il illustrate the time re-
quired for applying each algorithm on test image.

TABLE Il.  THE EXECUTION TIME (SECONDS)
Execution time
. EHD CLD
Descriptor
Naive Bayes 0.025 0.23
Decision Tree 0.34 0.54

B. Discussion

In terms of accuracy, the analysis of data present-
ed in Tables 1 indicate that applying of Naive Bayes
were better than those of Decision Tree. Naive Bayes
appears better because the features of each test image
compared with all the features of the trained image in
Naive Bayes method, whereas same feature compared
with less than a half of trained features in DT classifi-
er because of the way this algorithm works. There-
fore, the precision of Naive Bayes annotation was
higher.

On the other hand, content of the images, that its fea-
tures were extracted with EHD algorithm, were re-
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trieval wrongly, because of the similarity of the image
content in both partitions the normal and non-normal
vault, where the differences is unpretentious that clas-
sifier cannot recognized them easily.

CLD uses the colors within images, therefore, ob-
served that by using this descriptor with Naive Bayes
classifier give result more accurately than using it
with DT classifier. CLD with Naive Bayes classifier
enable the system to recognize the normal vault imag-
es from the another, that make it gives satisfy efficient
results, but it cannot reach 100% accuracy because in
some images from different classes, have a similarity
of subject colors that produce weakness in system
performance.

In term of time, executing time of the system, for test
images, that employed the Naive Bayes classifier in
general was better in comparison with DT classifier,
because the calculation process of information gain in
C4.5 algorithm involved the compute of log function,
and the time consuming of the log function is causes a
problem on total computation time.

V1. Conclusion

Retrieve the content of the image successful-
ly is depend on many factors, such as, how to extract
the characteristic of the image efficiently, how to
select the suitable descriptor which is built on the ba-
sis of the nature of the image content, the classifier
capability for dealing with the descriptors outputs in
order to conduct the classification process, and over-
come the challenge that is caused by the difference
between the concept of high level and low level fea-
ture of the image. In this work, a smart algorithm pre-
sented mainly for texture and color based features that
are the strengths to improve the precision of system,
reduce the system execution time, growth the system
efficiency, and increase data training velocity.
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