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Abstract

A nuclear cataract is an eye disease affecting a large amount of the planet’s popu-

lation at an advanced age. An exhaustive eye examination through a slit lamp by

an ophthalmologist detects the presence and the extent of a cataract. In the last

decade, some methods using computational intelligence have been developed to solve

the automatic cataract classification problem. Image processing techniques do the

job of extracting certain features from the image. Subsequently, the classification is

done using classical methods of computational intelligence, fed with the previously

extracted characteristics, such as multilayer perceptron (MLP) or support vector ma-

chines (SVM). The traditional machine learning approach is still prevalent, and many

commercial medical image systems rely on this basis. Still, it requires manual or

handcrafted feature extraction by an expert. Moreover, the use of high-accuracy and

complex ANN-structures, like deep learning, lead to an automatic definition of high-

level features. To solve classification problems, systems designed entirely by humans

have evolved into systems that automatically learns features for the problem at hand.

With the improvement of data processing technology, computing power and deep

architectures, the levels of accuracy have been increased due to the possibility of ex-

tract high-order features. In this thesis, a novel and specialized framework based on

a deep architecture is proposed, from which we can reach high classification accu-

racy. Also, we compare the proposed deep network with some famous deep network

architectures, like AlexNet, GoogLeNet and also with traditional classifiers, such as

ANN and SVM. The research framework includes a structural analysis of our pro-

posed network performing the principal component analysis to minimize the number

of layers and parameters. The experimental results of this system based on a con-

volutional neural network provide promising and competitive results to the existing
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investigations for this classification problem. Besides, this framework shows us that

systems based on deep architectures have a great potential to deal with the problem

of classification of medical images.
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gio, Jesús, Harold, Santiago, Balaam, Efráın, Nayeli, Vı́ctor, Alejandro, Israel, Oscar

and Rafael. My infinite thanks to all my family.

[iii]



iv

Electronics Department Instituto Nacional de Astrof́ısica, Óptica y Electrónica
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Chapter 1

Introduction

Cataract is a medical condition that has the characteristic of causing an opacity in

the region of the ocular nucleus, due to various factors of each person. These factors

include (in order of importance): age, diabetes, congenital formation, or eye trauma

(Kirkpatrick, 1922). A fibrosis process occurs in the ocular nucleus, which causes

hardening of the lens due to any of the factors mentioned above (Ramlee et al., 2015).

When the cataract is forming (except for ocular trauma or congenital formation),

this condition can be stopped and even reversed with the application of an eye wash

by the doctor. When the affectation is significant, and the ocular opalescence is

severe, an intraocular lens replacement surgery is required (Zhou et al., 2014b). In

an early stage of this condition, the patient is not able to detect the opacity that

is forming in the ocular nucleus, since visual acuity remains equal; It is until the

condition presents severous opacity in nucleus area that the patient becomes aware of

decreased visual acuity and constant glare from various light sources. At this point,

the surgical procedure to regain vision is imminent. (Lopez et al., 2016). Surgical

procedures to replace the intraocular lens include extracapsular extraction and

phacoemulsification, the latter being the most common to restore vision (Davison &

Chylack Jr, 2003). Due to the invasive nature of surgical procedures, these techniques

cause inflammatory effects that can affect or worsen some existing eye conditions, or

even create new ones (Falcão et al., 2014).

The World Health Organization (WHO) estimates that in 2020 there are at least

2200 million people with visual impairment or blindness. Of this number, 1000

million people have a moderate or severe deficiency that could have been prevented

or has not yet been treated; and approximately 65.2 million people in the world suffer

[1]



2 1. Introduction

from cataracts due to senile degeneration (WHO, 2019). There are many factors,

especially in developing countries, that cause this disease to develop at an earlier

age. These factors include a lack of ophthalmologists, specialized medical facilities,

and a lack of adequate medical equipment (Supriyanti et al., 2009).

In order to prevent vision loss due to age-related factors or a medical condition that

causes eye disease, eye exams should be performed regularly. The most common ex-

amination within an ophthalmologic office is the slit lamp examination, which allows

the ophthalmologist to have accurate information within the ocular lens to detect

retinopathy, glaucoma, or cataracts (Supriyanti et al., 2009). When the cataract is

in advanced stage and the ocular lens is to be surgically replaced, an ultrasound

examination is performed to determine the characteristics of the intraocular lens

to be replaced and to be able to offer better characteristics to restore the patient’s

vision (KachewaR & KulKaRni, 2014). In the case of an early detection of cataract,

the patient must carry out certain habits to slow down its progress, improve the

quality of life and reduce the cost of medical treatment (Gao et al., 2015).

There is currently no method of prevention for this disease (Trokielewicz et al.,

2014). In a standardized way by ophthalmologists, cataracts are classified according

to their characteristics and location. They are also graded by comparing them with

standard images during the biomicroscopy or slit lamp examination, giving a clinical

grading using a medical protocol (Klein et al., 1990). According to the location of the

opacity, a senile cataract can be classified as nuclear, posterior subcapsular (PSC)

and cortical, the former being the most common (Foster & Johnson, 1990).

A fundamental tool in clinical diagnosis are medical images. The images do not

have textual or quantitative information by themselves, but they facilitate medical

diagnosis as long as there is adequate training to interpret them by an expert. There

are certain conditions that can cause an erroneous or unreliable analysis; the most

common is the subjectivity of the examination by the expert, since there is low

reliability between different expert observers (the agreement between observers is

about 65%, and the agreement between graders is arround 70% and 80%(Klein et al.,

1990)). Expert doctors, like any human being, are susceptible to fatigue; When a

job is repetitive and runs for long periods, inconsistencies may occur to assign the

clinical grade (Hall et al., 1997). Another factor to take into account is the time

required for the observer to execute a quantitative analysis; Depending on the type
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Figure 1.1: Zones of the eye lens

of analysis and the type of image, this time can be exhaustive (Huang et al., 2009).

With the advances in computer-assisted diagnostic techniques and improvements

in the objectivity and reproducibility of algorithms, these techniques can facilitate

the study of disease and clinical diagnosis (Li et al., 2010b). The largest efforts

worldwide to deal with the problem of cataract detection and classification have been

in China and India, being the first to show the most promising advances. This type

of tool is not only useful for diagnosing a disease, but it is also useful for assisting

with treatment and monitoring the progress or reduction of the disease (Khan et al.,

2015). To reduce subjectivity and analysis time by the expert, computer-aided

diagnosis promises to be a very useful and powerful tool (Huang et al., 2011).

Frequently, in some cataracts and mainly in the seniles, it can be seen lighter and

darker areas from front to back (that is, from the capsule to the nucleus), as can be

seen in Fig. 1.1. These zones are transitional parts between different layers or zones

of the cortex. A normal image of an eye viewed through a slit lamp is sufficient for

analysis to identify nuclear cataract (Datiles et al., 1995).

The quality and significance of the characteristics extracted from a medical image

is critical for an accurate automatic classification. Filter-based features are the

most frequently used feature extraction techniques in medical imaging (Song et al.,

Detection and Classification of the Nuclear Cataract with computational intelligence methods



4 1. Introduction

2013; Zhang et al., 2013), also the local binary patterns (Song et al., 2013; Zhang

et al., 2013) and the scale-invariant feature transform (SIFT) (Zhang et al., 2013).

Once these methods are applied to extract features, it is usual to train a traditional

machine learning classification model. It is common to use some artificial neural

network (ANN) or a support vector machine (SVM) (Depeursinge et al., 2012; Zhao

et al., 2014; Zhou et al., 2014a) to obtain the image label.

One significant advantage of the Artificial Neural Networks (ANNs) is that for

different kinds of problems, the algorithm can be generalized using similar designs.

In this context, deep architectures namely Convolutional Neural Networks (CNN’s)

have proven much higher accuracy to perform complex classification tasks. For

certain classification tasks, deep architectures have improved classification accuracy

relative to human expertise (Sermanet & LeCun, 2011). However, achieving accurate

classification can be a challenge as a result of a high similarity between images of

the same class and a high variation between images of the same class.

1.1 The aim of this Thesis

Initially, the clinical methodology of diagnosis begins with the observation of the

evidence, clinical data that by itself, does not define or establish a disease, being

able to hardly suggest it or indicate a path to be followed. Normally, a diagnostic

procedure is suggested in the presence of abnormal elements or symptoms for certain

situations according to the parameters commonly accepted as natural. The diagnosis

can be applied to ratify or rectify the presence of a disease, as well as to know its

evolution in the case of confirming it. The medical diagnosis can result from different

types of analysis, some simpler and superficial, but also more complex and deeper.

In most cases, in order to complete an appropriate and accurate diagnosis, extra

material must be available, both small instruments and complex and sophisticated

medical equipment.

For the detection of cataracts it is important to use the ophthalmoscope and the slit

lamp in order to find abnormalities characteristic of this condition. Since this is a

subjective examination, which depends on the perception of the doctor, it is possible
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1.2 General objective and specific objectives 5

that in certain cases this condition may be overlooked in its initial stage, or to ignore

the examination at an intermediate stage since, in certain cases, visual acuity (AV)

improves before getting worse. Even when the medical examination indicates the

presence of cataract, its graduation is given by the doctor based on a classification

system consisting of a series of standard images. The lens opacity classification system

(LOCS III) defines 6 graduations for the nuclear cataract based on 6 different images

with a different severity level. This classification system makes the evaluation even

more subjective.

This research work, it is not only intended to design a computer-assisted system that,

through computational intelligence algorithms, serves as a support tool for clinical

diagnosis for nuclear cataract classification and grading; it is also intended to be an

efficient tool for both early and late detection of this condition. Likewise, this work

seeks to have its own extensive database, that is suitable for the Mexican population

and that serves as a reference for the LOCSIII classification system for classifying

nuclear cataract. The implementation of the algorithm in an embedded system is also

one of the principal purposes of this research work, with the aim that in the future

a compact system can be obtained that can be taken to remote rural communities in

order to carry out a clinical pre-diagnosis and thus bring health services closer to the

country’s marginalized population.

1.2 General objective and specific objectives

Design a system based on computational intelligence methods that performs an aux-

iliary slit lamp image diagnosis for the detection and classification of nuclear cataract

with the following specific objectives:

• Feature extraction from the nuclear cataract using computational intelligence

methods.

• Implementation of a deep architecture for the detection and graduation of nu-

clear cataract.

• Improvement in classification and graduation accuracy compared to existing

methods.

Detection and Classification of the Nuclear Cataract with computational intelligence methods



6 1. Introduction

• Deployment on embedded systems using Raspberry PI.

• Obtaining an extensive database suitable for the Mexican population.

1.3 Definition of the research problem

How to detect, classify and grade a nuclear cataract by means of an ocular image

captured by a slit lamp in an efficient and accurate way?

1.4 Hypothesis formulation

The problem of classification and detection of nuclear cataract by traditional meth-

ods is a complex task due to the lack of specialists in rural and marginalized areas.

Among the most important problems in this classification are specialist fatigue, lack

of adequate equipment and possible human errors. Computational intelligence by in-

corporating medical knowledge and experience in the design of classifiers will improve

the accuracy of nuclear cataract detection and classification, providing clinicians with

better diagnostic tools.

1.5 Methodology

The research methodology is the set of procedures to be followed to achieve the

proposed objectives, i.e. the systematic structure for the collection, ordering and

analysis of the information, which allows the interpretation of the results obtained.

1.5.1 Design of the research

Since the main objective of this research work is to classify and grade nuclear cataract

in an appropriate and accurate way, the experience and knowledge of specialists in

area must be incorporated. First, the factors that cause the disease and the char-

acteristics that define each of the phases of the disease must be studied. The above

must be done incorporating the knowledge of ophthalmologists, and thus being able
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1.6 Structure of the Thesis 7

to define the study population and the type of test that best helps us detect and

graduate this special condition.

1.5.2 The research approach

The approach of this research work will be completely quantitative, since this type of

approach is adapted to the characteristics raised in the general and specific objectives.

This approach will allow us to answer the definition of the research problem and test

the hypothesis raised at the beginning. The use of sensitivity, specificity and area

under the curve (AUC) as performance measures are crucial to decide if the proposed

classifier is adequate or not; also to make a comparison between the existing methods

carried out by another research teams.

1.5.3 The population

The study population will be made up of patients from the anterior segment depart-

ment of the ”Conde de Valenciana” ophthalmology institute, in the period from June

2019 to March 2020. All test subjects will be selected by the department’s ophthalmol-

ogists anterior segment suffering from senile nuclear cataract. These ophthalmologists

will also be responsible for labeling patients according to the LOCS III classification

protocol. The type of sampling will be non-probabilistic, because the data set will be

collected from all the patients available in the aforementioned period, and who present

said disease. In later sections, we will talk about data collection and processing. All

this referring to the research methodology.

1.6 Structure of the Thesis

• All the related work is presented in chapter 2. The characteristics of each

classification method is summarized in this chapter.

• The theoretical considerations for this work is summarized in chapter 3.

• The database, the medical protocol for image collecting and the data augmen-

tation for training the classifiers is presented in chapter 4.

Detection and Classification of the Nuclear Cataract with computational intelligence methods



8 1. Introduction

• The main results and the physical implementation of the algorithm is discussed

in chapter 5.

• In chapter 6 are presented the conclusions of this work and are discussed briefly

possible future directions.

• Some auxiliary considerations, like the clinical cataract grading systems and

the technical specifications for the slit-lamp equipment are presented in ap-

pendixes A, B, C and D

Finally, the published articles are presented in the appendix E.

Published papers.

• Cataract Detection and Classification Systems Using Computational Intelli-

gence: A Survey

• SOM-Like Neural Network and Differential Evolution for Multi-level Image Seg-

mentation and Classification in Slit-Lamp Images

• Multi-Level Image Segmentation in Slit-Lamp Images: A Comparison Between

two Machine Learning Techniques
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Chapter 2

State of the art

In this chapter, we will discus the main contributions for cataract grading and classifi-

cation. These systems can use different types of images. However, the images obtained

during the biomicroscopy examination are the most frequently used for detection and

graduation of cataracts. In medical imaging, three main processes for classification

systems can be distinguished: image pre-processing, feature extraction and classifi-

cation (Morales-Lopez et al., 2020). In the following sections, the leading researches

to improve the automatic detection and classification of this disease are summarized,

dividing them into two sections: pre-processing and automatic feature extraction; and

automatic classification.

2.1 Clinical Grading

Cataracts are classified depending on the area of involvement and graded by com-

paring the image obtained in the biomicroscopy exam with a collection of standard

images, labeled with the progression degree of the disease (Chylack et al., 1989). Two

types of well-standarized classification systems are commonly used: The Oxford Clin-

ical Cataract Classification and Grading System (OCCCGS) (Sparrow et al., 1986)

(Shown in Appendix A) and Lens Opacities Classification System III (LOCS III)

(Chylack et al., 1993) (Shown in Appendix B).

A classification and grading system for any type of disease must be well standardized

(Sparrow et al., 1986). In order to assign the percentage or degree of progress of any

disease through images, it must be visually compared with the set of standard im-

ages. For nuclear cataract disease, the agreement between observers is arround 65%,

[9]
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using the same standard images and the same classification system (Huang et al.,

2011). With the improvement of data processing technology and computing power, it

is possible to improve the diagnosis of this condition and facilitate its study.

2.2 Pre-processing and Feature Extraction

The first step is the pre-processing of the image; this step removes all unnecessary

information from the image and prepares it for further steps. Pre-processing opera-

tions can range from very simple (like a resize) to something more complex (like a

spatial filter). The most important contributions in cataract image pre-processing can

be observed in Gao et al. (2012); Marin et al. (2015); Li et al. (2011, 2007). The next

step is the extraction of discriminant features from the image. This step is crucial

and highly dependent on the first. Depending on the characteristics extracted in this

step and the correlation that exists between each characteristic and its corresponding

label, a good classification can be achieved. The extraction must be done for each

of the images to be classified, obtaining different values for each characteristic and

each label (Li et al., 2010b). For these two steps, different classic image processing

techniques and machine learning algorithms are used.

Li et al. (2009a) show us this feature extraction approach, where the region of interest

(ROI) is obtained using an elliptical lens estimate with both vertical and horizontal

profile clustering as well as thresholding. The contour of the lens was obtained with an

active shape model (ASM), using 24 contour points. This approach also uses Princi-

pal Component Analysis (PCA) to obtain the mathematical expression of the contour

and use it in new images.

Salla & Kadam (2010) uses a fuzzy inference system to perform an image pre-

processing operation. Trapezoidal membership functions were used to separate the

region of interest (ROI) in the pre-processing operation and four fuzzy rules were

created to differentiate nuclear from cortical cataract.

Acharya et al. (2010) implement processing tecniques and fuzzy K-means cluster-

ing algorithm to optical images in order to detect significant features specific to the

three classes, namely cataract, non-cataract and post-cataract. For the image pre-

processing, an histogram equalization was applied to each image. The aim of using
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histogram equalization is to increase the image range and assign new values to the

input image pixels, all these aimed to obtain a flat and uniform distribution of the

image histogram. The fuzzy k-means algorithm was implemented to obtain the lens

centroid.

Yang et al. (2013) presents its main contribution in image pre-processing and the im-

ages used were fundus images. These images were converted to the green channel of

the RGB color space since in this channel the best contrast between the background

and the blood vessels is obtained. To accentuate this contrast, a top-bottom hat trans-

formation and a tri-lateral filter was applied. Then, from a gray level co-occurrence

matrix (GLCM), 24 features were extracted. All of the features were extracted from

4 different angles of 0, 45, 90 and 135 degrees.

Nayak (2013) extracts the main features of the images from three different classes

called normal, cataract and post-cataract. Using various image processing techniques

such as grayscale conversion and edge detection, features are extracted. The features

extracted include Big Ring Area (BRA), Small Ring Area (SRA), Edge Pixel Count

(EPC) and Object Perimeter. The features were statistically analyzed and found to

be significant for the automatic classification. All images were pre-processed carrying

out color transformation from RGB to HSI space color and intensity normalization.

Yang et al. (2013) enhances and increases the contrast of the image between the

background and the object by means of an improved top-bottom transformation; the

image noise is subsequently reduced by means of a tri-lateral filter. After this pre-

processing, luminance and texture are extracted as classification features.

Caixinha et al. (2014) extracts 97 features of porcine lenses with in-vitro induced

opacities. The classification groups used for this test were incipient and advanced

cataracts, which were obtained by modifying the immersion time of the lenses in a

fibrosis induction solution. For this study, A-scan ultrasound signals were obtained

and B-mode images were reconstructed from these signals. The spectral and acoustic

features were extracted from the central region of the lens and the texture features

from the B-scan images. After having obtained the features, a selection is done by

performing the principal component analysis (PCA)

Gao et al. (2015) introduces an automated system for learning slit lamp imaging

characteristics and grading nuclear cataract. Using patches and images, local filters

are obtained for each class. These filters are introduced into a convolutional network,
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and subsequently into a set of recurring networks with the purpose of extracting high-

order features. All features are learned for each section, independently. The strategy

of utilizing label information for supervised learning of the local filters is adopted in

this work. The label information is the grading category of each training image, and

this information is used to learn local filters specific to a particular grading category.

Guo et al. (2015) performs image pre-procesing and extracts characteristics from fun-

dus images. In fundus images without a cataract, structures such as vessels, blood,

and the optic disc are clearly visible, whereas in cataract images, they are not. For this

reason, the author uses the discrete wavelet transform (DWT) and the discrete cosine

transform (DCT) to extract localized features related to high-frequency components.

With high frequency component analysis, the author isolates the major components

for each condition.

Xiong et al. (2017) propose a method to evaluate blurriness for cataract diagnosis in

retinal images with vitreous opacity. In this work, image segmentation is used as a

pre-processing step. Using a morphological technique, lesions that can modify retinal

structures are detected and removed from the image. This avoids erroneous detection

of vitreous opacity. There are three types of features extracted: the number of pix-

els of the visible structures, the average contrast between the blood vessels and the

background, and the local standard deviation.

Xu et al. (2019) present the use of deep convolutional architecture to extract and

learn discriminant features from the input image. Another important contribution of

the author is the use of a deconvolution network (DN) to be able to observe how the

convolutional network characterizes the cataract in each of its layers.

The studies mentioned above summarize the efforts over a decade to be able to ex-

tract the discriminating features that define a nuclear cataract in its various stages.

However, each one of them extracts different feautures depending on the type of image

used for its study and it is worth mentioning that the databases are different between

each of them. Similarly, the technical characteristics for capturing the images are not

specified in order to recreate the experiments. The number of classes used for clas-

sification is also an important issue, as it varies between different research groups.

The closest efforts to what was obtained with this research work are found with the

groups formed by Gao et al. (2015) and Xu et al. (2019). In these works, discriminant

features are extracted directly from the convolutional networks and in the last one,
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the principal component analysis is used to select the most representative features.

2.3 Classifiers

This is the final step for every automatic grading and classification system. The clas-

sification is done according to the power features extracted previously. In many classi-

fication systems, it is customary to use various computational intelligence techniques,

but in some research it can be observed that it is not always necessary (Bhadra et al.,

2016; Pathak & Kumar, 2016; Jagadale & Jadhav, 2016; Pamplona et al., 2011).

Li et al. (2009a) investigate two approaches for classification of the senile cataract

disease, both for nuclear cataract and for cortical cataract. Graduation is only done

for cortical cataract, while for nuclear cataract detection of the condition is made.

The cortical cataract is graded on backlight images, and an SVM regression calculates

the degree of involvement for this condition. This graduation is made after calculating

the total area of cortical opacities and the lens area. It also uses a post-processing

operation to remove noise using spatial filters.

Huang et al. (2009) propose a nuclear cataract diagnosis system via ranking. This ap-

proximation uses a direct optimization algorithm to learn all ranking functions. After

the process is complete, the list of slit lamp images is obtained using the learned rank-

ing functions. A new ranking evaluation measure is proposed in this work for learning

the optimal ranking function via direct optimization. In order to obtain the gradua-

tion of the nuclear cataract, each numerical degree of progression for each image is

interpolated with the help of the neighboring images in the list previously obtained.

Acharya et al. (2010) presents an automatic classification system. It label the optical

eye images into Normal, Cataract and Post-Cataract. Features are extracted using

Fuzzy K-means algorithm. These characteristics include centroid values of the three

RGB channels using each of the six clusters. A backpropagated neural network is

used for classification. The proposed network consists of an input layer with 18 char-

acteristics, two hidden layers with 15 neurons each and an output layer with three

neurons. The weights are randomly assigned and the training method is the descend-

ing gradient.

Li et al. (2010b) presents an algorithm for automatic diagnosis of nuclear cataract.

Detection and Classification of the Nuclear Cataract with computational intelligence methods
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The images used are slit-lamp images. The cataract is graded according to the LOCS

III medical graduation protocol. To achieve this, the region of interest is detected and

segmented using an active shape model (ASM) using anatomical landmark points.

Once the region of interest has been obtained, the local characteristics are extracted

and the classification is made using a support vector machine regression.

Salla & Kadam (2010) investigate a Fuzzy Inference System to solve the cataract

detection and classification problem with minimum human interaction. Grading of

cataract is done only for Cortical type of cataract by applying a fuzzy inference sys-

tem. The system uses trapezoidal membership functions with four parameters, and

fuzzy rules formulated from thresholds in the RGB image.

Huang et al. (2011) proposes a ranking method for the computer-aided diagnosis of

nuclear cataracts. This method emulates the conventional clinical decision-making

process. For nuclear cataract grading, a ranking evaluation measure must be chosen.

This approximation uses a direct optimization algorithm to learn all ranking func-

tions. After the learning process is complete, the list of slit lamp images is obtained

using the learned ranking functions. In order to obtain the graduation of the nuclear

cataract, each image is interpolated with the help of neighboring images in the list

previously obtained.

Yang et al. (2013) classifies cataracts in retinal images automatically using an ar-

tificial neural network. There are four cataract classification classes used: normal,

mild, moderate, or severe. The classification of the training set is made according

to the clarity of the retinal image obtained. The characteristics that are extracted

from the pre-processed image are luminescence and texture, and these are fed to a

back-propagated neural network with two hidden layers.

Guo et al. (2015) presents a fundus image analysis with a computer-aided system

for automatic classification of cataracts. The system is composed by the three steps

described at the beginning of this chapter. In fundus images without a cataract, struc-

tures such as vessels, blood, and the optic disc are clearly visible, whereas in cataract

images, they are not. For this reason, the author uses the discrete wavelet transform

(DWT) and the discrete cosine transform (DCT) to extract localized features related

to high-frequency components. With high frequency component analysis, the author

isolates the major components for each condition. For the classification task, a multi-

class discriminant analysis algorithm is used.
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Xiong et al. (2017) present a method to evaluate blurriness for cataract diagnosis

in retinal images with vitreous opacity removal. Using a morphological technique,

lesions that can modify retinal structures are detected and removed from the image.

This avoids erroneous detection of vitreous opacity, which will interfere the accuracy

of the grading because the boundaries of vitreous opacity. To classify the blurriness

of the retinal images, a decision tree is constructed and trained with five grades.

Zhang et al. (2019) propose a six-level cataract grading method focused on the multi-

feature fusion based on stacking. There are extracted two kinds of features that can

effectively distinguish different levels of cataracts. The high-level features are ex-

tracted from the residual network (ResNet18). In the framework, two support vector

machine (SVM) classifiers are used as base-learners to obtain the probability out-

puts of each fundus image. Also, a fully connected neural network (FCNN) is used

as a meta-learner to output the final classification result, which consists of two fully-

connected layers.

Jun et al. (2019) present a ranking CNN to solve the ordinal dataset problem with

non-linearity patterns between the label and features like the cataract dataset. How-

ever, when applied to cataract dataset, it showed terrible performance on classifying

severe and normal cases due to the imbalance of data. To complement drawbacks of

ranking CNN due to un-balanced dataset, the author propose tournament structure

instead of simply aggregating binary result.

All the works mentioned in this section show the main characteristics of these in-

vestigations, showing the efforts made over the last decade to be able to classify and

adequately grade this ocular disease. However, as in the previous section, experiments

are difficult to recreate due to technical differences in databases and classes for label-

ing results. The number of classes used for classification is also an important issue, as

it varies between different research groups. The closest efforts to what was obtained

with this research work are found with the groups formed by Li et al. (2010b) and

Zhang et al. (2019), the latter being the closest due to automatic feature extrac-

tion and multiclass classification. The main contributions for classification of nuclear

cataract are summarized in Table 2.1.
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Table 2.1: Description of Nuclear Cataract Classification Systems
Features Number of Type of

Author / Year Extracted Classifier Samples Image Size Image Precission

Li et al. (2008a) 0 Area Calculation 607 640× 480 RGB 98.2%
Li et al. (2008c) 0 Region Growing 611 640× 480 RGB 98.2%
Li et al. (2008b) 6 SVM 1000 1536× 2048 RGB N/R
Li et al. (2009b) 21 SVM 5820 1536× 2048 RGB N/R
Li et al. (2009a) 6 SVM 3000 1536× 2048 RGB 89.3%
Huang et al. (2009) 6 Ranking 1000 2048× 1536 RGB N/R
Acharya et al. (2010) 18 Neural Network 140 128× 128 RGB 90%

Simple Rule
Li et al. (2010a) 5 Based Approach 441 640× 400 Grayscale N/R
Li et al. (2010b) 21 SVM 5850 1536× 2048 RGB 95%

Fuzzy Inference
Salla & Kadam (2010) 3 System 175× 175 RGB 76%
Huang et al. (2011) 6 Ranking 1000 2048× 1536 RGB N/R

Linear
Discriminant

Gao et al. (2011) Analysis 4545 Grayscale 84.8%
Gao et al. (2015) 18 Deep Learning 5378 3048× 2432 RGB N/R

Bayesian Network
Song et al. (2016) 83 and Decision Tree 5378 3048× 2432 RGB N/R
Morales-Lopez et al. (2018b) 6 MLP and SVM 40 1028× 640 RGB 80%
Zhang et al. (2019) N/R SVM and FCNN 1352 N/R RGB 94%
Jun et al. (2019) N/R Ranking CNN 294 N/R RGB 95%
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Chapter 3

Theoretical considerations

This chapter is aimed to explain the theoretical considerations for the development

of this work in all stages.

3.1 Multi-level image segmentation

In medical imaging, the segmentation of regions of interest (ROI) is of great impor-

tance to be able to remove much of the unnecessary information in an image (Gacsádi

& Szolgay, 2010). Image segmentation consists of dividing the image into parts or re-

gions according to specific properties. In order to define the division levels or the

number of objects to be separated, you must first analyze the problem to be solved

and verify if the segmentation can be carried out by traditional methods. A segmenta-

tion is carried out when it is possible to separate the objects or regions to study in an

image (Rafael Gonzalez & Woods, 2002). This process is usually one of the first steps

in automatic classification and recognition systems. Once the objects or regions of

interest have been separated, the extraction of discriminant characteristics is carried

out in order to subsequently carry out a classification (Dougherty, 2009). Many of

the existing algorithms for segmentation are binary, separating only background and

object in an image. In many cases, these operations are not sufficient, since for many

applications it is necessary to separate a greater number of objects or define more

regions of interest. (Boskovitz & Guterman, 2002). Segmentation techniques can be

divided into contextual and non-contextual. Contextual techniques group elements in

an image with certain characteristics in common, while non-contextual techniques ig-

nore these relationships between characteristics and only group pixels in certain areas

[17]
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Figure 3.1: Histogram based fuzzification

(Morales-Lopez et al., 2018a). In many images, especially those of a medical nature,

segmentation plays an important role in separating regions that can be labeled as

healthy tissue and tissue affected by some disease or medical condition.

3.2 Histogram-Based Image Fuzzification and Er-

ror function definition

An image I of size M x N with L gray levels may be seen as an arrangement of

instances that belong to a fuzzy set that have a certain membership value to some

characteristic of the image (Boskovitz & Guterman, 2002). So, an image can be seen as

a set of fuzzy partitions as shown in Fig. 3.1 using the fuzzy C-means algorithm(Ghosh

et al., 1993). According to the theory of fuzzy sets, the fuzzy measures of the par-

titions can be used as a validation measure of the clustering solution (Boskovitz &

Guterman, 2002). According to (De Luca & Termini, 1972), the fuzziness measure of

fuzzy partition should satisfy the following properties:

• F (A) = 0 (or other unique minimum) if µA(xi) = 0 or 1, ∀i (if A is crisp);

• F (A) = a single max if µA(xi) = 0.5, ∀i;
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• F (A) ≥ F (A∗) where A∗ is a sharper version of A, i.e.,

(
µ∗A(xi) ≤ µA(xi) for µA(xi) ≤ 0.5

µ∗A(xi) ≥ µA(xi) for µA(xi) ≥ 0.5

)
;

• F (A) = F (AC), where AC is the complement of A.

where
F (A) fuzziness measure of fuzzy set A;

µ membership function in the fuzzy set;

xi supporting points of the fuzzy set A.

The error function that is defined must satisfy the properties mentioned above, as

well as the logarithmic entropy (De Luca & Termini, 1972):

H(A) = − 1

n ln (2)

∑

i

[
µA (xi) lnµA (xi) + (1− µA (xi)) (1− lnµA (xi))

]
(3.2.1)

where

n the number of fuzzy sets.

3.3 Self-Organizing Multilayer Neural Network

Due to the very nature of the multilayer perceptron (MLP) and its characteristics,

it cannot be used for the segmentation of a single image, as it requires several input

data to carry out the learning process (Ghosh et al., 1993). If a single image needs to

be divided or segmented into multiple regions, a self-supervised technique is required,

of most interest being those who are auto-adaptive (or self-organizing) (Boskovitz &

Guterman, 2002).

A self-organizing network is made up of an input layer, a hidden layer, and an output

layer (Fig. 3.2). Each layer contains M x N neurons, each neuron is associated with

a pixel in the image. Neurons in each layer are connected to the associated neuron in

the previous layer and to neurons with an associated neighborhood of d-th order. A

d-th order neighbor Nd
ij, given a m×n lattice (l) of any element (i, j) can be described
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Figure 3.2: Typical architecture for a SOM-like neural network

as:

Nd
ij = {(i, j) ∈ l} (3.3.1)

such that

• (i, j) /∈ Nd
ij

• if (m,n) ∈ Nd
ij, then (i, j) ∈ Nd

mn

If (i, j) is the fixed pixel, (m,n) is the location of its neighboring pixels . By mean,

N2 = {N2
ij} consists of the eight pixels neighboring (i, j) (Ghosh et al., 1993). An

initial condition for this type of network is that the weights cannot be randomly

initialized, since they can completely alter the input image (Boskovitz & Guterman,

2002). If random initial weights are assigned, these can act as noise and the bound-

aries of the regions to be extracted can be lost (Ghosh, 1995).

For each neuron, a multi-level sigmoid-like activation function is used, described in Eq.

(3.3.2). This activation function is very important in the network, since the segmen-

tation levels in the output depend on the levels associated to the activation function.

The activation function is the superposition of k = C − 1 shifted sigmoid functions
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(being C the number of fuzzification classes).

f(x) =
∑

k

(
yk − yk−1

1 + e
−x−θkd

θ0

)
×
[
u
(
x− yk−1 × d2

)
− u

(
x− yk × d2

)]
(3.3.2)

where
θk thresholds;

yk target level;

θ0 steepness parameter;

d neighborhood size;

u step function.

In this last equation, the objective levels of each superimposed function are obtained

from the maximum and minimum levels of the fuzzy clustering (Boskovitz & Guter-

man, 2002).

3.4 Differential Evolution (DE)

Differential evolution is a global optimization algorithm based on a population (Sarkar

et al., 2014). The set of optimization parameters are located in a D-dimensional

vector, where the i− th element of the population at a generation t is :

~Zi(t) = [Zi,1(t), Zi,2(t), . . . , Zi,D(t)] (3.4.1)

~Yi(t) is a donor vector for each i − th member, created in every generation. Zr1,j,

Zr2,j and Zr3,j are parameter vectors chosen randomly from the current population,

creating a donor vector multiplying any two of the three parameter vectors by a scalar

number F . This process is exemplified for the j − th element of the i− th vector by:

~Yi,j(t) = Zr1,j(t) + F (Zr2,j(t)− Zr3,j(t)) (3.4.2)

To increase the diversity of population, a crossover operation must be performed. The

crossover probability (Cr) is randomly chosen between 0 and 1, and is performed on

each of the D variables (Paul & Bandyopadhyay, 2014). A trial vector ~Ri(t), for each

Detection and Classification of the Nuclear Cataract with computational intelligence methods



22 3. Theoretical considerations

target vector ~Zi(t), is created as:

Ri,j(t) =

{
Yi,j(t) if randj(0, 1) ≤ Cr or j = rn(i)

Zi,j(t) otherwise
(3.4.3)

where

j = 1, 2, . . . , D

randj(0, 1) ∈ [0, 1] the j-th evaluation of a generator of uniform random numbers;

rn(i) ∈ [1, 2, . . . , D] random index that ensures that ~RI(t) contains at least a

component from ~ZI(t).

The selection operation for the next generation t = t + 1 is performed in order to

determine which vector will survive among the trial and target vectors:

~ZI =





~RI(t) f
(
~RI(t)

)
> f

(
~ZI(t)

)

~ZI(t) f
(
~RI(t)

)
≤ f

(
~ZI(t)

) (3.4.4)

where

f the function to be maximized.

3.5 Multi-Level Fuzzy Entropy

In all data sets, there is always some uncertainty due to inaccurate measurements, in-

adequate descriptions, or some error when reporting the data. This is called fuzziness

measure and is part of fuzzy set theory. (Paul & Bandyopadhyay, 2014). In informa-

tion theory, probabilistic entropy is a measure of the information, the fuzzy entropy

is a dispersion measure of a data set (Boskovitz & Guterman, 2002). For the partic-

ular case of multilevel segmentation, with an initial approximation using the Fuzzy

C-means algorithm, the error measure used is entropy; this measure tells us how dis-

persed the elements are in each cluster and also measures the amount of information

extracted by the clustering (Yin et al., 2014). According to the fuzzy theory, A data

set can be generalized as fuzzy, partially belonging to a set A, and this set is defined
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as:

A = {(x, µA(x)) |x ∈ X} (3.5.1)

where

µA(x) the membership function.

The membership function defines the closeness of x to A. For each segment, the fuzzy

entropy is:

Hn(t) = −
L−1∑

i=0

pi × µn(i)

Pn
ln
pi × µn(i)

Pn
(3.5.2)

where

Pn =
L−1∑

i=0

pi × µn(i) (3.5.3)

3.6 Artificial Neural Networks

Artificial neural networks (ANN) are computer learning systems that process informa-

tion and ”learn” from the data set with which they are trained. They have character-

istics very similar to biological neural networks (Fausett et al., 1994). Mathematical

models of the human learning process and neuronal biology have been generalized in

order to develop artificial neural networks. Some assumptions of these models are:

1.- Neurons are simple elements where information is processed.

2.- Neurons have connection links, through which information flows.

3.- A weight is associated with each connection, which multiplies the input signal

to each neuron in the network.

4.- An activation function is applied to the sum of each input weighed signal, to

produce a single output signal.

There are several types of artificial neural networks; One of these types is the mul-

tilayer perceptron (MLP). Each type or network architecture has unique learning

characteristics, just as the learning process is different. For the multilayer perceptron,

the most common training algorithm is backpropagation. This training algorithm is
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based on the delta learning rule with the gradient of the error function, which itera-

tively minimizes the mean square error between the current output and the desired

output. The steps of the training process are:

1.- The feed-forward step, without modifications to the network’s parameters. A

feature vector is defined as ~X = [x1, x2, ..., xN , ] by the ANN-input, it is pon-

dered by a vector ~W of weights between neurons

2.- The induced local field of the ANN; this is the result of summing up the products

of the previous step: v =
∑ ~W ~X.

3.- The ANN’s output: y = φ(v), where φ is the activation function of the neuron.

The error function is ε = 1
N

∑n
k=1 e(k)2 where e(k) = d(k)−y(k), and N is the number

of samples. The aforementioned error function is minimized, by modifying ~W , in such

a way that the weight’s update follows a gradient descend learning rule:

w(k + 1) = w(k)− η ∂E
∂W

(3.6.1)

where

η the learning rate.

To improve the convergence in the learning process, some other methods as the

Levenverg-Maquardt algorithm have been proposed. The study of neural networks

is an extremely interdisciplinary field, both in its development and its application

(Fausett et al., 1994).

3.7 Support Vector Machines

SVM is an automated learning algorithm introduced in 1992. Support Vector clas-

sification aims to compute optimized clustering hyperplanes in a multi-dimensional

feature space. SVM controls the separation of the hyperplanes to prevent over-fitting.

The SVM’s are a particular machine learning algorithms, which use kernels as pri-

mary characteristic. Other SVM’s characteristics include: the absence of local minima,
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the sparsness of the solution, and the control capacity (Cristianini & Shawe-Taylor,

2000). SVM is a fully-supervised learning algorithm (Li et al., 2008b), mapping to a

high-dimensional space, the input vectors, where is constructed a separating hyper-

plane. These vectors do not represent some physical measure or variable. The uses

of SVM are in classification and regression problems. Support Vector Machines, pro-

duces a optimum clustering hyperplane between two classes. In the following example

(xi, yi)
N
i=1, where xi is the input, and yi = ±1 is the target output; the decision

hyperplane can be defined as:

f(x) = wTx + b = 0 (3.7.1)

where
w the associated weight vector;

b the corresponding bias.

The optimal separating hyperplane is the result of obtaining w and b, minimizing

‖w‖ such that for all points (xi, yi)
N
i=1,

yif(xi) ≥ 1 (3.7.2)

The support vectors are the xi on the boundary which yif(xi) = 1. There are cases

where there are data that are not linearly separable. In these cases, SVM’s allow

creating multidimensional spaces using transformation kernels through the dot prod-

uct with these nuclei. These kernels allow creating different learning machines that

produce different decision surfaces: Gaussian, polynomial, sigmoidal, etc. SVM’s im-

prove their efficiency with the selection of the appropriate kernel, or by linearizing the

characteristics to a multi-dimensional space and matching them with linear kernels.

3.8 Deep Learning

Deep learning is a computational learning scheme used for classification, in which

is ’learned’ directly from pictures, text or sound. This learning scheme uses typical

artificial neural network architectures, but unlike traditional networks - which contain

2 or 3 layers - deep networks can contain hundreds of layers. The nested layers of deep
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neural networks can extract hundreds of features, and depending on the depth of the

layer, these features are increasingly abstract (Goodfellow et al., 2016).

In deep neural networks, there are no quantitative data associated with the hidden

layers; Instead, the architecture’s own model determines the relationships between

the data and the concepts that explain those relationships. In this sense, some part

of the information contained in the activation of the layer encodes variation factors

that explain part of the input data (Goodfellow et al., 2016).

A deep network gets its name because it contains several layers. Two types of deep

networks are popular: convolutional neural networks (CNN’s) and recurrent neural

networks (RNNs) (Gao et al., 2015). Transfer learning is a technique normally used

for medical imaging.There are two essential strategies for transfer learning:

1.- Extract features from a pre-trained network.

2.- Fine tune a pre-trained network.

Tajbakhsh et al. (2016) demonstrates that, for medical imaging, a deeply fine-tuned

CNN performs as well as a fully trained CNN, and when there are limited training

even outperform a fully trained network. Deep learning models have many layers of

processing, learning representations of data with different levels of abstraction and

complex structures for very large data sets. Convolutional neural networks are a type

of deep architecture that adequately process videos and images in real time, once the

network has been properly trained.

The convolutional layers of a deep network carry out the detection of local features of

the input image. The channels of the input image are spatially connected, via nodes,

to a small set of neurons. Some of these neurons share weights between nodes (called

kernels), which look for similar local features in the input channels of the image. Each

convolutional layer has n kernels to detect n different features, which result in the n

feature map. The next layer is a pooling layer, which has the purpose of reducing the

complexity and computational load; as well as prioritize the set of features obtained.

Convolutional networks contain several pairs of these two layers, as well as fully con-

nected layers and a softmax layer at the end, which generates the output labels.

Convolutional networks minimize the cost function of unknown weights using the

backpropagation algorithm. This function is the average of the logarithmic represen-

tation of the probability of each label, with which the classification of each image
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occurs, through the function:

L = − 1

|X|

|X|∑

i

ln
(
p
(
yi | X i

))
(3.8.1)

where

|X| the number of training images;

X i the ith training image with the corresponding label yi;

p (yi | X i) the probability value, indicating the correct classification of X i.

The process of updating the weights follows the next formulations (Tajbakhsh et al.,

2016):

γt = γb tN|X|c (3.8.2)

V t+1
l = µV t

l − γtαl
∂L̂

∂Wl

(3.8.3)

W t+1
l = W t

l + V t+1
l (3.8.4)

where

W t
l the weights in the l − th convolutional layer at iteration t;

L̂ the cost over a mini-batch of size N ;

αl the learning rate of the l − th layer;

µ the momentum indicating the contribution of the previous weight update in

the current iteration;

γ the scheduling rate that decreases the learning rate α at the end of each epoch.

3.8.1 Convolutional Layers

Convolutional layers are the main components of a deep convolutional network.

When images with more than one channel are classified, multiple 2D matrices are

defined (each matrix represents each channel of the input image), and in the same

way 2D matrices are generated that represent the output. This number does not nec-

essarily have to be the same. To calculate the output of a single matrix, the process is:
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Aj = f(
N∑

i=1

Ii ×Ki,j +Bj) (3.8.5)

A convolution operation is applied to each input matrix Ii with the associated kernel

matrix Ki,j. A bias value Bj is added to each element of the calculated matrix as the

sum of the convoluted matrices and a non-linear activation function f is applied to

each element of the previous matrix to produce a new output matrix Aj. A local fea-

ture extractor is represented by each set of kernel matrices that extracts local features

from the input matrices. All this learning procedure has the objective of finding the

set of kernel matrices that extract the most significant features for image classifica-

tion. To optimize the network connection weights, the backpropagation algorithm is

applied to train the biases and kernel matrices, as shared connection weights between

neurons.

3.8.2 ReLU Layer

In artificial neural networks it is customary to use non-linear functions in neurons,

such as activation functions. Some of the most commonly used are the sigmoid func-

tion f(x) = 1/(1 + e−x) and hyperbolic tangent function f(x) = tanh(x). In these

functions, the output gradient decays near zero, while the output increases. The ReLU

(rectifying linear unit) function f(x) = max(0, x) improves classification accuracy and

training speed. In convolutional networks, the ReLU function is applied posterior to

the convolution layer and it has been demonstrated that the network converges much

faster and improves the classification accuracy by 2.5%.

3.8.3 Fully connected layer and output classsifier

This layer provides a measure of how close the parameters are to each of the labels

in training and validation. This softmax function is defined as:

fj(z) =
ezj∑
k e

zk
(3.8.6)
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where
fj the j-th element of the vector of class scores f ;

z a vector of arbitrary real-valued between zero and one.

For the loss function, a small loss is equivalent to having a good prediction during

training. The last fully connected layer works as a common neural network, having

connections for all activations in the previous layer and the softmax layer to give the

predicted label result.

3.8.4 Back Propagation Training

There are different techniques to train a neural network, but one of the most effi-

cient is the backpropagation technique. In order to stabilize and accelerate a deep

convolutional network, batch learning, weight decay and momentum techniques are

applied. In backpropagation training, the output obtained is measured and compared

with the desired output to obtain the total error. Using the batch learning technique,

instead of updating the weights after each iteration, the network processes several

samples at the same time and performs the update for the entire batch. To further

accelerate the learning process, weight decay techniques are applied with momentum

weigt updating. The weight ∆ωi is updated with:

∆ωi(t+ 1) = ωi(t)− η
δE

δωi
+ α∆ωi(t)− ληωi (3.8.7)

where

ωi(t)− η δEδωi the standard backpropagation term;

ωi(t) the current weight vector;
δE
δωi

the error gradient with respect to the weight vector;

η the learning rate;

α∆ωi(t) the momentum part;

α the momentum rate;

−ληωi the weight decay part;

λ the weight delay rate.
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3.9 Principal Component Analysis

Principal Component Analysis (PCA) is a multivariate technique, in which several

related variables are transformed into a smaller set of uncorrelated variables (Jackson,

2005). The method dates back to Karl Pearson in 1901, although the general proce-

dure, as we know it today, had to wait for Harold Hotelling in 1933. The method

of principal components is primarily a data-analytic technique that obtains linear

transformations of a group of correlated variables, such that certain optimal condi-

tions are achieved. The most important condition is that the transformed variables

are uncorrelated. The principal component analysis is based on the fact that neigh-

boring filters in deep networks of image classification are highly correlated and often

convey almost the same information about the object (Rodarmel & Shan, 2002). This

technique is used to perform a transformation of the original data and to be able to

remove the correlation between the filters. In this process a linear combination of the

filters is obtained in which the variations of each pixel are taken into account. The

principal component analysis examine band dependency or correlation between bands

of an image. The linear transformation produced with this technique is based on the

eigenvalue decomposition of the covariance matrix of the image bands mathematical

principle.

In the next example, an image pixel vector is calculated by:

xi = [x1, x2, ..., xN ]Ti (3.9.1)

the resulting pixel values x1, x2, ..., xN corresponds to one of the pixel in the input

image. The dimension of the resulting image vector is equal to the number of bands of

the input image. For an image with m rows and n columns, there will be M = m×n
vectors, i = 1, ...,M . The mean vector of all resulting image vectors is:

m =
1

M

M∑

i=1

[
x1 x2 ... xN

]T
i

(3.9.2)

and he covariance matrix of x is:

Cov(x) = E{(x− E(x))(x− E(x))T} (3.9.3)
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where
E the expectation operator;

T the transpose operation;

Cov the covariance matrix.

The covariance matrix is computed as:

Cx =
1

M

M∑

i=1

(xi −m)(xi −m)T (3.9.4)

The eigenvalue decomposition of the covariance matrix can be calculated as:

Cx = ADAT (3.9.5)

where:

D = diag(λ1, λ2, ..., λN) (3.9.6)

The eigenvalues λ1, λ2, ..., λN are contained into the diagonal matrix Cx, and A is

computed as the orthonormal matrix with 3 dimension eigenvectors ak(k = 1, 2, ..., N)

of Cx, as follows:

A = (a1, a2, ..., aN) (3.9.7)

The linear transformation:

yi = ATxi (i = 1...,M) (3.9.8)

is the PCA pixel vector, and all these pixel vectors form the linear transformed bands

of the original images.

The eigenvalues and eigenvectors can be arranged in descending order so that λ1 ≥
λ2 ≥, ...,≥ λ3, thus the first K (K ≤ N , usually K << N) rows of the matrix

AT, namely the first K eigenvectors aTj (j = 1, 2, ..., K), can be used to calculate an
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approximation of the original images in the following way:

zi =




z1

z2
...

zK



i

=




a11 a12 · · · a1K · · · a1N

a21 a22 · · · a2K · · · a2N
...

...
. . .

...
. . .

...

aK1 aK2 · · · aKK · · · aKN



·




x1

x2
...

xk
...

xN



i

(i = 1, 2, ...,M) (3.9.9)

where pixel vector zi will form the first K bands of the PCA images. The first PCA

bands often contain the majority of the information residing in the original images.

3.10 Performance measures

There are many terms that are commonly used along with the description of accuracy,

sensitivity and specificity. They are:

• True Negative (TN).

• False Negative (FN).

• True Positive (TP).

• False Positive (FP).

When a disease is present in a patient and proven by a diagnostic test, the result

is considered a true positive (TP). On the other hand, if the presence of the disease

is ruled out, and the diagnostic test also shows that the disease is not present, it is

considered a true negative (TN). These two results show that the diagnostic test and

the patient’s current condition are consistent (also called standard of truth). However,

medical tests are not perfect and the opposite results can occur, that is, when there

is a medical condition in the patient and the diagnostic test indicates the absence of

it (FN) or vice versa (FP). Both false positive and false negative indicate that the

test results are opposite to the actual condition. A summary for this terms are shown

in Table 3.1. Specificity, sensitivity and accuracy are described in terms of FP, FN,
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Table 3.1: Terms to define sensitivity, specificity and accuracy

Outcome of the
diagnosis test

Condition as determined by the standard of truth

Positive Negative Row Total
Positive TP FP TP + FP
Negative FN TN $FN+TN

Column Total TP + FN FP + TN N = TP + TN + FP + FN

TP and TN (Zhu et al., 2010).

Specificity and Sensitivity are considered reliable evaluation metrics for classifier

completeness in medical imaging (Goyal et al., 2018).

Sensitivity =
TP

TP + FN
(3.10.1)

Specificity =
TN

FP + TN
(3.10.2)

Accuracy =
TP + FN

TP + TN + FP + FN
(3.10.3)

Specificity is defined as the proportion of true negatives identified by the diagnostic

test, while sensitivity is the proportion of true positives identified by the clinical

diagnostic test. These two proportions tell us how good a clinical test is at identifying

the absence or presence of a disease. Accuracy is the ratio of true results, both true

positives and true negatives. This last indicator measures the veracity of the clinical

test with respect to a certain disease.

The numerical values of sensitivity represents the probability of a diagnostic test

identifies patients who do in fact have the disease. The higher the numerical value

of sensitivity, the less likely diagnostic test returns false-positive results. Sensitivity

and specificity are equally important values, because a test can be sensitive without

being specific, or vice versa. A good clinical test must be both sensitive and specific.

The accuracy represents the proportion of true negative and true positive in a given

population. The accuracy is also determined by how common the disease is in the

selected population. A diagnosis for rare conditions in the population of interest may

result in high sensitivity and specificity, but low accuracy. Accuracy needs to be

interpreted cautiously.
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3.10.1 Reciever operating characteristics (ROC) analysis

For a given diagnostic test, the true positive rate (TPR) against false positive rate

(FPR) can be measured, where:

TPR =
TP

TP + FN
(3.10.4)

and

FPR =
FP

FP + TN
(3.10.5)

TPR is equivalent to sensitivity and FPR is equivalent to (1 − specificity). The

possible combinations of TPR and FPR result in the ROC space. Given a value of

TPR, there is a corresponding value of FPR; this combination generates a point in

ROC space. This point shows us the relationship between sensitivity and specificity;

i.e. the increase in sensitivity corresponds to a decrease in specificity and vice versa.

In an ideal situation, a point determined by both TPR and FPF yields a coordinates

(0, 1), or we can say that this point falls on the upper left corner of the ROC space.

This idea point indicates the diagnostic test has a sensitivity of 100% and specificity

of 100%. It is also called perfect classification. Diagnostic test with 50% sensitivity

and 50% specificity can be visualized on the diagonal determined by coordinate (0, 0)

and coordinates (1, 0). Theoretically, a random guess would give a point along this

diagonal. A point predicted by a diagnostic test fall into the area above the diagonal

represents a good diagnostic classification, otherwise a bad prediction. A graphic

presentation of what described above is shown in Fig. 3.3 were the shadow area

represents better diagnosis. FPR is represented by x-axis and TPR is represented by

y-axis. Thus, ROC curve is a plot of a test’s sensitivity vs. (1-specificity) as well. The

area under ROC curve (AUC) provides a way to measure the accuracy of a diagnostic

test. The larger area, the more accurate the diagnostic test is. AUC of ROC curve

can be measured by the following equation:

AUC =

∫ 1

0

ROC(t)dt (3.10.6)

where t = (1–specificity) and ROC(t) is sensitivity. Commonly used classification

using AUC for a diagnostic test is summarized in Table 3.2.
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Figure 3.3: ROC space

Table 3.2: Accuracy classification by AUC for diagnostic test

AUC Range Classification

1.0 > AUC > 0.9 Excellent
0.9 > AUC > 0.8 Good
0.8 > AUC > 0.7 Worthless

0.7 > AUC Not Good
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Chapter 4

Database and medical protocol

One of the most important steps in automatic medical image classification is the

dataset for training and testing; also the protocol to gather this data. On the next

sections we will discuss the slit-lamp dataset and the protocol to gather the images.

4.1 The slit-lamp

The slit lamp is indispensable for the detailed examination of virtually all tissues of

the eye. It is used as a basic tool in any examination of the anterior segment, which

includes the anterior vitreous and those structures that are anterior to it. Most tissues

that are located in the anterior segment (except the anterior chamber angle and the

posterior surface of the iris) can be observed with the slit-lamp without the need for

any other type of instrument or accessory. A typical slit-lamp is illustrated in Fig.

4.1. The slit-lamp biomicroscope consists of three main parts:

• The viewing arm.

• The illumination arm.

• The patient-positioning frame.

All these parts are interconnected, and these in turn are connected to a base. This base

contains a joystick that allows to move the viewing and illumination arms. The entire

unit is wired to a transformer power source on a supporting platform. The specific

parts of the instrument are detailed below; numbers correspond to the numbers in

Fig. 4.1.

[37]
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Figure 4.1: Parts of the slit lamp

4.1.1 The viewing arm

1.- Oculars.

2.- The viewing arm.

3.- Instrument’s magnification elements.

4.- Knob for adjusting magnification.

4.1.2 The illumination arm

5.- The illumination arm.

6.- Lamp housing.

7.- Window expose calibration disk.

8.- Lever for light beam brightness and filters.
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9.- Knurled knob for light beam control of height and position.

10.- Knob to decenter the illuminating arm.

11.- Knurled dual knobs to change the width of the light beam.

4.1.3 The patient-positioning frame

12.- The patient-positioning frame.

13.- Forehead strap.

14.- Patient chin rest.

15.- Knob for adjusting the chin rest height.

16.- Fixation light.

4.1.4 The base

17.- The slit lamp’s joystick control.

18.- Locking knob.

19.- Slit lamp’s power transformer.

4.1.5 Principles of slit-lamp illuminaoton

The slit lamp is used to diagnose different eye conditions, depending on the lighting

technique used for each particular case. The examiner must be familiar with the

lighting techniques that the device can provide:

1.- Diffuse illumination.

2.- Direct focal illumination.

3.- Specular reflection.

4.- Retroillumination.
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5.- Indirect lateral ilumination.

6.- Sclerotic scatter.

Apart from the aforementioned techniques, the examiner must be familiar with the

slit lamp controls that allow observing certain tissues or conditions that are only

visible at certain inclinations of the light beam. Some devices have a static or video

camera attached to it, which allows obtaining clinical photographs.

4.1.6 Diffuse illumination

This type of illumination is the most used to observe a general panorama of the

ocular surface, and to observe intraocular structures, such as the lens, iris, nucleus

and posterior capsule. This type of lighting can be used with white light or with the

cobalt-blue or red-free filters. If used in white light, a full-height beam of light is

required that is directed towards the surface of the eye. For this it is necessary to

reduce the level of illumination so that it is not too annoying for the patient.

The cobalt-blue filter produces blue light in which fluorescein dye fluoresces with

a yellow-green color. Diffuse illumination with blue light is used for evaluating

f1uorescein staining of ocular surface tissues or the tear film and to discern the fluo-

rescein pattern during Goldmann applanation tonometry. The red-free filter produces

light-green light, facilitating the evaluation of rose-bengal staining.

4.2 The medical protocol

To begin the test, the examiner should instruct the patient to place their face firmly

between the chin rest and the forehead strap. Before starting the test, it is important

to clean the chin rest and the forehead strap with a disinfectant solution and discard

the tissue with which it is cleaned.

Once the patient’s chin and forehead are in position, the chin rest height is adjusted

using the corresponding knob. The patient’s eye must be at the level of the mark

on one of the support rods and below the forehead strap. The examiner must ensure

that the chin is resting completely on the chin rest and the forehead is pressing the

forehead strap. Some patients tend to lean towards their back, so sometimes the help
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Figure 4.2: Layers of the lens cortex

of the examiner or an assistant to lean forward is necessary.

The examiner must ensure that the device settings and that the parameters are cor-

rect. It should also be ensured that the patient is comfortable and that the computer

interface is operating normally. Similarly, the examiner should ensure that he is in a

comfortable position to start the test and that the slit lamp eyepieces are adjusted

for the proper distance..

Frequently, in some cataracts and mainly in senile ones, lighter and darker areas can

be seen from front to back (that is, from the capsule to the nucleus). These areas are

portions of transition between different layers or zones of the cortex, as can be sen

in Fig. 4.2. The nucleus begins where the ovoid shape of the nucleus can be appreci-

ated and where it ends. Generally from this point on, it has the same density within

the nucleus, but other transition zones can be observed between the last zone of the

anterior cortex and the posterior nucleus, as well as transitions within the nucleus

through the layers that form the embryonic and fetal nucleus, as can be seen in Fig.

4.2. Using this approach, the photograph should be taken when the examiner can
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Figure 4.3: Nucleus area delimitation (Left: Original image; Right: Lens nucleus from
the original images)

distinguish the nucleus area from the rest of the image, as can be seen in Fig. 4.3.

4.3 The Dataset

One of the first steps is to collect a dataset of standardized slit-lamp images and

to define the methodology to take the pictures. The first dataset collected for image

segmentation consists of 40 labeled images as cataract and non-cataract. The images

were obtained from a digital slit-lamp camera. The images obtained are 1028 × 640

RGB images; there were focused with a Topcon SL-D2 slit-lamp, a slit angle of 30◦, a

0.5 mm aperture, maximum luminous intensity and captured by Topcon DC-1 digital

camera.

The dataset collected for multi-class classification consists of 1437 labeled images.

Some of these images are shown in Fig. 4.4. The images were obtained from a digital

Topcon DC-3 slit-lamp camera. The resolution of the images is of 3264× 2448 RGB;
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4.3 The Dataset 43

Figure 4.4: Slit-lamp dataset samples

they were focused with a Topcon SL-D7 slit-lamp, a slit angle of 45◦ and 135◦ for

each eye, a 6 mm × 0.5 mm aperture and maximum luminous intensity.

4.3.1 Data Augmentation

In order to build deep architectures with a high degree of efficiency, the training error

and the validation error must decrease at the same time during network training.

This can be achieved with a larger training set, but sometimes it is not possible to

get this set directly. For this purpose there is data augmentation; the augmented data

will represent a more comprehensive set of possible data points, by minimizing the

distance between the training and validation set, as well as any future testing sets.

Through data augmentation, it is possible to get closer to the root of overfiting, which

is the training data set. This is done under the assumption that more information
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Figure 4.5: Patches from slit-lamp images

can be extracted from the data set, through increases.

The larger the training sets, the better the results using deep learning models. How-

ever, when it comes to medical imaging, this task is quite complicated due to the lim-

itations of the existing training sets and the complexity of obtaining the databases.

The effectiveness of data augmentation has been proven in many cases through sim-

ple transformations; either by transforming color spaces, cropping, flipping, etc. These

simple transformations can encode many of the variations present in pattern recog-

nition tasks.

Cropping images is a common practice in data augmentation, as it provides effects

similar to image translation, but with certain differences: cropping reduces the size

of the input image, while translation preserves spatial information. However, clipping

the image can cause the label information to be lost, but significantly reduces network

training time, due to the reduction in image dimensions.

For each image, we extracted 10 patches from the ROI, as can be seen in Fig. 4.5. The

size of the patches were 224 × 224 pixels, obtaining a total of 14370 labeled images,

i.e. a database augmented 10 times.
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Chapter 5

Results and Raspberry PI

implementation

5.1 Multi-level image segmentation and classifica-

tion

For both multi-level segmentation techniques, the maximum number of iterations

were set to 1000, achieving a good stabilization for both methods (DE and SOM-

like). The number of thresholds were set in 2, 3 and 4 in order to test the multi-level

segmentation and classification. The effectiveness of the segmentation techniques was

measured in fuzzy entropy terms.

For the differential evolution segmentation the optimization parameters where set

to D = NThresholds × 2, the population size NP = 10 × D, the weighting factor

F = 0.5 and the crossover probability Cr = 0.9. For the SOM NN segmentation, the

back-propagation algorithm was implemented to train the network and one hidden

layer was set. Learning rate was set to η = 0.1 and the neighborhood of the neural

network was set to 3.

For classification of the segmented images, a multilayer perceptron was implemented

and 6 characteristics were extracted from the resulting images as input data: normal-

ized mean intensity in red, green, blue channels and in a converted grayscale image

(Fig. 5.1), normalized pixel count of the segmented region (Fig. 5.2) and the fuzzy

entropy of the segmented image (Fig. 5.3). Several tests were made and the best

results were obtained with a 3-level segmentation, 4 neurons in the hidden layer of
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a) b)

Figure 5.1: Normalized mean intensity resulting from the 3-level segmentation using
a)DE b)SOM-like NN

the MLP with sigmoid activation function. The training algorithm implemented was

scaled conjugated gradient.

a) b)

Figure 5.2: Normalized pixel count resulting from the 3-level segmentation using a)DE
b)SOM-like NN
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a) b)

Figure 5.3: Fuzzy entropy of the 3-level segmented image using a)DE b)SOM-like NN

The simulations were performed with MATLAB R© R2017b in a workstation with

Intel R© CoreTM i7 1.8 GHz processor. Segmented images fs(x, y) were formed as gray

scale images. The dataset consisted of 40 labeled images as cataract and non-cataract.

For classification, 60% of the data set was used for training, 15% for validation and

the resulting for testing. The performance of the MLP was measured by cross entropy,

and the results are shown in Fig. 5.4 for both segmentation methods.

5.2 NCC-net network for binary classification

Convolutional deep architectures have the characteristic of extracting high-level fea-

tures from low-level features. In a convolutional network, the first layers extract low-

level features, while the last layers extract high-level features. For this reason, the

information contained in the last ReLU layer is used to extract discriminant features.

In our experiment, we propose a novel network namely NCC-net (NCC for Nuclear

Cataract Classification); the number of extracted characteristics in the last ReLU

layer is 64. To reduce the number of discriminant features in the last ReLU layer,

we use principal component analysis to reduce the number of high-level features. Our

algorithm follows the following process: (1) to generate patches from the slit-lamp

images, extracted from the Region of interest (ROI); (2) to generate accurate feature

representations using images/patches; (3) to select discriminant features by the use
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a) b)

c) d)

Figure 5.4: Results of the training: a)Error using DE, b)Error using SOM, c)Confusion
matrix using DE, d)Confusion matrix using SOM
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Figure 5.5: The flow diagram for the binary classification algorithms.

of principal component analysis (PCA), (4) to classify images into binary classes by

using fully supervised classifiers, and (5) to obtain the image classification.

All the images were cropped by ten times to produce the training patches. Feature

learning is implemented by supervised deep learning. Fig. 5.5 is the flow diagram of

the scheme. The overall framework design of the NCC-net is detailed in Table 5.1. The

input of the network is normalized with unit variance and zero mean. In our scheme,

the ReLU layer is implemented after batch normalization layer. As said in section

3.8.2, ReLU function improves classification accuracy and training speed instead us-

ing nonlinear functions like sigmoid or hyperbolic tangent function. In convolutional

networks, the ReLU function is applied posterior to the convolution layer and it has

been demonstrated that the network converges much faster and improves the classi-

fication accuracy by 2.5%. The activations of the last ReLU Layer are shown in Fig.

5.6. An example of one of these activation is shown in Fig. 5.7. The final layer is the

softmax output of class probabilities. It is a measure of how close the parameters are

concerning the ground truth labels of the training and validation data. The 2-class

outputs of the proposed CNN are cataract and non-cataract. It is formed from an

average pooling layer followed by a fully connected (FC) layer with two outputs.

5.2.1 Principal Component Analysis for Feature Selection

The principal component analysis technique is used to perform a transformation of

the original data. This transformation removes redundancy between the filters. In

this process a linear combination of the filters is obtained in which the variations of

each pixel are taken into account. The principal component analysis examine band
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Table 5.1: Complete Description of the NCC-net Architecture for binary classification

Layer Layer type Stride Padding Activations Learnables

input Resize - - 224×224×3 -

conv 1 Convolution 1×1 - 224×224×64
Weights: 7×7×3×64
Bias: 1×1×64

BN 1 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 1 ReLU - - 224×224×64 -

conv 2 Convolution 1×1 - 224×224×64
Weights: 5×5×64×64
Bias: 1×1×64

BN 2 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 2 ReLU - - 224×224×64 -

conv 3 Convolution 1×1 - 224×224×64
Weights: 3×3×64×64
Bias: 1×1×64

BN 3 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 3 ReLU - - 224×224×64 -
avpool Average pooling 2×2 0×0×0×0 112×112×64 -
relu 4 ReLU - - 112×112×64 -

fc Fully Connected - - 1×1×2
Weights: 2×802816
Bias: 2×1

softmax Softmax - - 1×1×2 -
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Figure 5.6: Activations of the last ReLU Layer in NCC-net

Figure 5.7: Sample of an activation of NCC-net compared with the original image
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Figure 5.8: Activations of the last ReLU in NCC-net Layer after PCA

dependency or correlation between bands of an image. In the last ReLU layer, PCA

is performed to condense the number of activation filters, while preserving spatial

information. PCA is used to retain only the first principal components. The result

of applying PCA to the last ReLU layer of CNN is shown in Fig. 5.8. The image

shows that only a few amounts of activations in the layer provide significant and

non-correlated data.

The simulations were performed with MATLAB R© R2019a in a workstation with

Intel R© CoreTM i7 1.8 GHz processor and NVIDIA GeFORCE GTX 750M GPU. The

training options for the CNN where Backpropagation training with a minibatch size

of 12, the initial learning rate of 0.001 and a maximum of 100 training epochs. The

dataset consists of 191 labeled images; 141 labeled as cataract and 50 labeled as non-
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Figure 5.9: ROC Curve for all the classification methods

cataract.

The experiments include the following parts: (1) applying NCC-net for feature

extraction and using these features directly with SVM and ANN (NCC+ANN,

and NCC+SVM), (2) applying PCA for feature selection before obtaining the fea-

ture vector used for classification with SVM and ANN (NCC+PCA+ANN, and

NCC+PCA+SVM), (3) using the pre-trained networks AlexNet and GoogLeNet in

transfer learning mode, training only the fully-connected layer with our images, and

(5) using only our proposed NCC-net for feature extraction and classification. The

ROC for each method can be observed in Fig. 5.9. Some of the classification results

within NCC-net are shown in Fig. 5.10. The dataset was split into the 70% training,

15% validation, and 15% testing sets, and the cross-validation technique was adopted.

For each classification task, the same split was used. No data augmentation operation

was used for this work, except for patch extraction. The database was increased from

191 to 1910 images. In Table 5.2, sensitivity, specificity, accuracy and area under the

curve of ROC (AUC) are reported as evaluation metrics.
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Cataract Cataract Cataract Cataract NonCataract

Cataract Cataract Cataract NonCataract Cataract

Cataract Cataract Cataract Cataract Cataract

Cataract Cataract Cataract Cataract Cataract

Cataract Cataract Cataract Cataract Cataract

Figure 5.10: Few examples of accurate and inaccurate classified cases for both classes
with the proposed NCC-net

Table 5.2: Performance Measures of Binary Classification by both Traditional Machine
Learning and CNNs including the Proposed NCC-net

Accuracy Error Sensitivity Specificity AUC

NCC-net 0.9267±0.0453 0.0733±0.0063 0.9205±0.0457 0.9500±0.0316 0.9659±0.0479
NCC+ANN 0.8639±0.0482 0.1361±0.0079 0.8940±0.0485 0.7500±0.0479 0.9363±0.0400
NCC+SVM 0.8848±0.0458 0.1152±0.0071 0.9073±0.0396 0.8000±0.0480 0.9489±0.0328
AlexNet 0.8691±0.0425 0.1309±0.0018 0.8808±0.0467 0.8250±0.0339 0.8918±0.0379
GoogLeNET 0.8901±0.0328 0.1099±0.0086 0.9073±0.0353 0.8250±0.0412 0.9518±0.0347
NCC+PCA+ANN 0.8377±0.0475 0.1623±0.0093 0.8543±0.0383 0.7750±0.0398 0.8782±0.0245
NCC+PCA+SVM 0.8482±0.0480 0.1518±0.0017 0.8609±0.0377 0.8000±0.0355 0.8873±0.0323
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Table 5.3: Epoch comparison loss/accuracy value
Epoch loss/accuracy
5 0.48069/0.7880
10 0.6139/0.7749
50 1.3546/0.8396
100 1.8961/0.8937

5.3 Raspberry PI Implementation of NCC-net

This section will analyze the implementation of the proposed deep architecture (called

NCC-net) in a single board computer (SBC); in this case a Raspberry Pi model B

+. First, the implementation is expected to be able to classify a large number of

images, tagged into two categories: cataract and non-cataract. Second, the algorithm

and architecture must be adapted in such a way that, once the model has been trained

on a workstation, it can be implemented without ending the board’s resources.

In this process, employs an opencv library with 224×224 pixels pre-processed images.

The dataset consists of 191 labeled images; 141 labeled as cataract and 50 labeled

as non-cataract. For each image, we extracted 10 patches; this is 500 patches from

healthy lenses and 1410 patches from cataractous lenses.

Model was made using MATLAB R© R2019a in a workstation with Intel R© CoreTM i7

1.8 GHz processor and NVIDIA GeFORCE GTX 750M GPU, and then exported to

a Python model.

The NCC-net model has 3 main layers, an input layer, a hidden layer and an output

layer. The characteristics for each layer are described in Table 5.1. The model was

trained using gradient descent with learning rate 0.001 and the network was trained

from 5 to 100 epoch. The results for the training can be seen in Table 5.3.

To test the effectiveness of the implementation of the architecture on the Raspberry

board, the 140 images that make up the database were tested. Of these 140 images,

125 were tagged in the correct class, while the remaining 15 were tagged in the wrong

way. Each image processed on the Raspberry had a different execution time The

specifications for the Raspberry and the training workstation are shown in Table 5.4

Run test is shown in Table 5.5, and we only get time for the NCC model. Other

processes are not included in time run result. Raspberry Pi B+ is capable to run 3-
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Table 5.4: Specifications for the Raspberry and the training workstation
Raspberry PI B+ PC

CPU ARM i7-4500U Quadcore @1.8 GHz
RAM 512 MB 8 GB
Disk 64 GB High Speed Micro SD 256 GB SATA SSD
GPU N/A NVIDIA GeForce 750M

Python 3.5 3.5
OS Raspbian Windows 10 x64

Table 5.5: Run test for NCC-net
Device i7-4500U Raspberry Pi B+ GT 750M
Best run (ms) 4729 123221 9854
Worst run (ms) 12681 183460 31447
Average run (ms) 7747 155423 20245
Processor ussage (%) 25 100 11
Ussage/total RAM (MB) 300/8192 260/512 3800/4096

Layer CNN. the image input is resized to 224×224 RGB image. All the resources of the

Raspberry card were used during the simulations. For real-time application,greater

computational power is needed to achieve classification

5.4 NCC-net network for LOCSIII classification

As mentioned previously on section 5.2, our algorithm follows the following process:

(1) to generate patches from the slit-lamp images, extracted from the Region of in-

terest (ROI); (2) to generate accurate feature representations using images/patches;

(3) to select discriminant features by the use of principal component analysis (PCA),

(4) to classify images into LOCSIII classification system by using classifiers that are

trained fully supervised, and (5) to obtain the image classification.

All the images were cropped by ten times to produce the training patches. Feature

learning is implemented by supervised deep learning. Fig. 5.11 is the flow diagram.

The overall framework design of the NCC-net is detailed in Table 5.6. The input of

the network is normalized with unit variance and zero mean. The final layer is the

softmax output of class probabilities. It is a measure of how close the parameters

are concerning the ground truth labels of the training and validation data. The 6-
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Table 5.6: Complete Description of the NCC-net Architecture for binary classification

Layer Layer type Stride Padding Activations Learnables

input Resize - - 224×224×3 -

conv 1 Convolution 1×1 - 224×224×64
Weights: 13×13×3×64
Bias: 1×1×64

BN 1 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 1 ReLU - - 224×224×64 -

conv 2 Convolution 1×1 - 224×224×64
Weights: 11×11×64×64
Bias: 1×1×64

BN 2 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 2 ReLU - - 224×224×64 -

conv 3 Convolution 1×1 - 224×224×64
Weights: 9×9×64×64
Bias: 1×1×64

BN 3 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 3 ReLU - - 224×224×64 -

conv 4 Convolution 1×1 - 224×224×64
Weights: 7×7×64×64
Bias: 1×1×64

BN 4 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 4 ReLU - - 224×224×64 -

conv 5 Convolution 1×1 - 224×224×64
Weights: 5×5×64×64
Bias: 1×1×64

BN 5 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 5 ReLU - - 224×224×64 -

conv 6 Convolution 1×1 - 224×224×64
Weights: 3×3×64×64
Bias: 1×1×64

BN 6 Batch Normalization - - 224×224×64
Offset 1×1×64
Scale 1×1×64

relu 6 ReLU - - 224×224×64 -
avpool Average pooling 2×2 0×0×0×0 112×112×64 -
relu 7 ReLU - - 112×112×64 -

fc Fully Connected - - 1×1×6
Weights: 6×802816
Bias: 6×1

softmax Softmax - - 1×1×6 -
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Figure 5.11: The flow diagram for the LOCSIII classification algorithms.

class outputs of the CNN are labeled with the LOCSIII classification system. It is

formed from an average pooling layer followed by a fully connected (FC) layer with six

outputs. The simulations were performed with MATLAB R© R2020a in a workstation

with Intel R© CoreTM i7 1.8 GHz processor and NVIDIA GeFORCE GTX 750M GPU.

The training options for the CNN where Backpropagation training with a minibatch

size of 12, the initial learning rate of 0.001 and a maximum of 100 training epochs.

The dataset consists of 1437 labeled images; 55 labeled as NO1/NC1, 123 labeled

as NO2/NC2, 112 labeled as NO3/NC3, 242 labeled as NO4/NC4, 318 labeled as

NO5/NC5 and 587 labeled as NO6/NC6

The experiments include the following parts: (1) applying NCC-net for feature

extraction and using these features directly with SVM and ANN (NCC+ANN,

and NCC+SVM), (2) applying PCA for feature selection before obtaining the fea-

ture vector used for classification with SVM and ANN (NCC+PCA+ANN, and

NCC+PCA+SVM), (3) using the pre-trained networks AlexNet and GoogLeNet in

transfer learning mode, training only the fully-connected layer with our images, and

(5) using only our proposed NCC-net for feature extraction and classification. The

ROC for each method can be observed in Fig. 5.12. The dataset was split into the 70%

training, 15% validation, and 15% testing sets, and the cross-validation technique was

adopted. For each classification task, the same split was used. No data augmentation

operation was used for this work, except for patch extraction. The database was in-

creased from 1437 to 14370 images.

In Table 5.7, sensitivity, specificity, accuracy and area under the curve of ROC (AUC)
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Figure 5.12: ROC Curve for all the classification methods using the LOCSIII classi-
fication system

are reported as evaluation metrics.
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Table 5.7: Performance Measures of LOCSII Classification by both Traditional Ma-
chine Learning and CNNs including the Proposed NCC-net

Accuracy Error Sensitivity Specificity AUC

NCC-net 0.8843±0.0343 0.1157±0.0072 0.9007±0.0663 0.9326±0.0421 0.8875±0.0519
NCC+ANN 0.8331±0.0453 0.1669±0.0081 0.8743±0.0442 0.7125±0.0396 0.8321±0.0439
NCC+SVM 0.8375±0.0394 0.1625±0.0053 0.8563±0.0512 0.8412±0.0477 0.8213±0.0401
AlexNet 0.8236±0.0433 0.1764±0.0021 0.8365±0.0379 0.8021±0.0379 0.7921±0.0416
GoogLeNET 0.8301±0.0445 0.1699±0.0079 0.8563±0.0324 0.7652±0.0396 0.7833±0.0416
NCC+PCA+ANN 0.7923±0.0486 0.2077±0.0088 0.8432±0.0293 0.7750±0.0503 0.7826±0.0351
NCC+PCA+SVM 0.8024±0.0532 0.1566±0.0009 0.8609±0.0381 0.8032±0.0355 0.7963±0.0448
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Chapter 6

Conclusions and future work

In this research work we have proposed a deep convolutional neural network called

NCC-net. The work done can be divided into three different parts. The first part was

obtaining the database and standardizing the medical protocol for slit-lamp image

capture. An essential part of the development of the automated classification system

was the obtaining of an extensive database based on the LOCSIII cataract classifi-

cation system. Thanks to the work team at the Conde de Valenciana ophthalmology

institute, it was possible to standardize a protocol for obtaining the database using

professional medical equipment, making the slit-lamp images obtained a reference for

the detection of this disease in the Mexican population. Slit-lamp images have always

been an essential basis for grading cataracts. Due to the fact that the number of

images was not the same for each label in the six degrees of disease affectation and

that the number of images in the database was relatively small, it was decided to

use patches of the slit-lamp images obtained for data augmentation. With this it was

achieved that the number of images used for training was increased by 10 times.

The second part was the binary database classification and its implementation in a

single board computer. To initially test the proposed deep network architecture, tests

were done for a binary classification called cataract and non-cataract. For the binary

classification using the NCC-net architecture, the accuracy obtained was 93%, the

sensitivity 92% and the specificity 95%. These values of the performance measures

were higher than those obtained with the proposed experiments and fine-tuning of

known deep architectures; which belong to the GoogLeNET network with 89% in the

accuracy obtained for the binary class. In the same way, an implementation for this

network was carried out in an embedded system called Raspberry Pi B+ showing very

[61]



62 6. Conclusions and future work

competitive results. The accuracy achieved after 50 training epochs was 84%, while

for 100 epochs, the accuracy raised to 89% The simulation time for the Raspberry

Pi B + also shows promising results. While for a workstation, the worst simulation

time was 12 seconds, for the Raspberry, the simulation time was approximately 3.5

minutes. we have to take into account that the specifications of the SBC are much

lower than those of the workstation; even with this limitation, the current processing

time for an initial diagnosis in an SBC is below the average time that a person takes

in an ophthalmology office

Finally, the network architecture was modified in order to achieve the LOCSIII clas-

sification for our database, and some convolutional layers were added. For multi-class

classification, and the enlarged of the database, we were able to demonstrate that

our system has performance indicators for a reliable pre-diagnosis based on medical

expertise. The accuracy obtained was 88%, the sensitivity 90% and the specificity

93%. These values of the performance measures were higher than those obtained with

the proposed experiments and fine-tuning of known deep architectures; which belong

to the NCC+ANN framework with 83% in the accuracy obtained for the multi-class.

The patients may have other diseases interfering the cataract features contained in

slit-lamp images, and we cannot distinguish these diseases from cataracts; therefore,

further research needs to be done to improve this. This method cannot replace the

medical expertise to make the clinical diagnosis. Still, this algorithm can help to carry

out the first examination step.

With high-order features extracted for cataract classification, the proposed CNN al-

lows an automated pre-diagnosis of nuclear cataract in slit-lamp images. Future work

includes increasing the database for network training and increasing system perfor-

mance indicators. The final part of future work is to implement the proposed NCC

network for LOCSIII classification in an embedded system.
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Appendix

The Oxford Clinical Cataract

Classification and Grading System

(OCCCGS)

It is a composite slit-lamp based system for the clinical classification and grading of

cataract. It is accessible for a specialist with a slit lamp. The crystalline lens is divided,

based on light scattering properties, into some discrete concentric shells (Goldmann

& Niesel, 1964). The graded features include: Anterior sub-capsular opacity, posterior

sub-capsular opacity, cortical spoke opacity, water-clefts, vacuoles, retro-dots, focal

dots and anterior clear zone thickness, (cortical features); nuclear brunescence and

white nuclear scatter, (nuclear features). Each feature is graded on a 1-5 scale for each

eye, and the grade is entered on a grading chart (Fig.A.1) according to feature (rows)

and zone opacity (columns). In some patients, not all the zones are visible, and the

reliance is based on the prior knowledge that a certain feature occurs in a particular

zone. According to Fig. A.1, most of the features are graded, except for the row “other

features” that are described but not graded. The observer uses his visual system as

a comparator, making judgments at the slit-lamp regarding a mounted set of stan-

dard diagrams and color samples, which provide readily available reference criteria for

quantification of the cataract features. For this test, pupillary dilatation is necessary

to observe the entire lens area. Most patients dilate a pupil diameter of 8 mm or

more, although occasionally the full grading of a patient is not possible as a result

of poor pupillary dilatation. Some diseases as miosis and neuropathy may accentuate

the problem (Sparrow et al., 1986). After dilatation, the patients are examined at
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Figure A.1: Recording chart for the Oxford Clinical Cataract Classification and Grad-
ing System (Sparrow et al., 1986)
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Table A.1: Grades and Munsell notation for nuclear brunescense
Color Munsell notation
Grade 0: No yellow detectable (5GY 6/1)
Grade 1: Yellow just detectable (5Y 7/4)
Grade 2: Definite yellow (2.5Y 7/8)
Grade 3: Orange yellow (7.5YR 6/8)
Grade 4: Reddish brown (5YR 4/6)
Grade 5: Blackish brown (2.5YR 2.5/2)

the slit-lamp, and the lens features graded and recorded on the recording chart (Fig.

A.1). The pupillary diameter is recorded in mm, using the Haag-Streit 900 slit-beam

height measure. Each feature should be assessed in turn, about the appropriate stan-

dard diagrams. Finally, the predominant features are summarized under the heading

’Cataract type’ and the ’Lens status’ is indicated. Grading is performed by compar-

ison of the extracted cataract features with standard diagrams and color samples

(Newhall et al., 1943). The color samples are standardized Matt pigment samples,

taken from the Munsell color system. (Sparrow et al., 1986) For nuclear brunescence,

the grade is selected according to the closest available match between the nucleus and

the color samples (Table A.1). The color matches are made in the posterior part of

the nucleus, axially anterior to the posterior nuclear shell. The slit beam is adjusted

to enter the lens at 45 degrees of the optic axis, with a beam width of 0.3 mm, and

illumination on full power. For accurate matching, the standard color samples should

be viewed in light with the same spectral characteristics as the slit-lamp light source.

For the white nuclear scatter, the feature being assessed is the amount of white light

being scattered back to the observer by the lens nucleus. Grading is accomplished by

comparison with Munsell neutral density grey scale samples that are representative

examples of each grade, and with the colors, grading is performed by selection of

the best available match (Table A.2). To reduce the confusing effects of coexistent

brunescense on white scatter grading, a pair of spectacles containing a yellow filter

(Wratten No. 12) is employed (Colour, 1991). Grade ’0’ is not recognized. Any other

features present are annotated individually and are not graded. The major cataract

features are now summarized in the section headed ’cataract type,’ and the grading

is completed with a comment on the lens status. (Table A.3) Finally, the examiner

signs the grading chart.
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Table A.2: Grades and Munsell notation for white nuclear scatter
Munsell Notation % Reflectance

Grade 1: N5 (19.8%r)
Grade 2: N6 (30.0%r)
Grade 3: N7 (43.1%r)
Grade 4: N8 (59.1%r)
Grade 5: N9 (78.7%r)

Table A.3: Descriptors of lens status

Clear
Immature
Mature
Hypermature
Morgagnian
Intumescent
Subluxed
Dislocated
Altered shape
Aphakic

The time taken to grade a cataract by an examiner who is familiar with the system,

varies from 2 to 7 minutes, depending on the complexity of the opacities. The average

time required is under 5 minutes (Sparrow et al., 1986).
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Lens Opacities Classification

System III (LOCS III)

The predecessor, LOCS II (Chylack et al., 1989), is a simple classification system

based on a set of standard color photographic transparencies of cortical cataract

(C), nuclear opalescence (NO), posterior sub-capsular cataract (P) and nuclear color

(NC) that can be used as references to classify lens opacities at the slit-lamp or in

standardized lens photographs. It has proven to be valuable, but it does have several

limitations (Chylack et al., 1993):

• The scale for NC is small and coarse.

• The guidelines for color grading to parameters of color.

• The early stages of nuclear cataract are under-represented.

• The scaling intervals on all scales are unequal.

• The scale for P grading under-represents early P change.

• The 95% tolerance limits are large because LOCS II grading employs an integer

scale.

The LOCS III standards are presented in Fig. B.1.

General rules:

1.- All of the standards are boundaries of scale intervals. There are no 0 standards

or grades in LOCS III.
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70 B. Lens Opacities Classification System III (LOCS III)

Figure B.1: Lens Opacities Classification System III (LOCS III) (Chylack et al., 1993).

2.- The grader decides in which interval the unknown image falls; each interval

between adjacent reference standards is divided into 10 equal parts.

3.- A decimal grade, using .1-unit interval, is the assigned to the opacity.

Nuclear opalescence is graded by comparing the colored slit-lamp image to be graded

with the standard nuclear images. The average opalescence of the entire nucleus in the

lens being evaluated is compared with that of the opalescence in each of the standards.

The grader then assigns a decimal grade to reflect the position of the unknown within

the appropriate standard interval. Nuclear color is graded by comparing the color of

the lens to be graded with that in NC standards. It requires the grader to focus on two

regions of the nucleus: the entire cross-sectional view of the nucleus and the posterior

subcapsular reflex.
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SPECIFICATIONS AND PERFORMANCE

SPECIFICATIONS AND PERFORMANCE

SL-D7 SL-D8Z

Microscope unit

Type Galileo type

Magnification Drum, 5-step magnification Manual zooming

Magnification steps 6/10/16/25/40 10, 16 and 25 w/clicks

Overall magnification 
(actual vision field)

6.37 (φ35.1mm)/
9.94 (φ22.5mm)/
15.87 (φ14.1mm)/
25.37 (φ8.8mm)/
39.62 (φ5.6mm)/

6.35 - 31.75 (φ35.2 - φ7mm)

Eyepiece lens
Magnification: 12.5x
Diopter adjustment range: -5D - +5D

Binocular tubes PD adjustment: 55 - 78mm

Illumination unit

Illumination field
Slit width: 0-14mm, can be altered gradually(14mm=circle)
Slit length: 14-1mm, can be altered gradually(14mm=circle)
Aperture diameter: φ14, 10, 5, 2, 1, 0.2

Slit direction
Vertical to horizontal, can be altered gradually
Inclination: 5/10/15/20
Side swing

Filter

Blue filter, red-free filter, amber filter, 
UV cut filter (normal use), IR cut filter (normal use), 
ND filter (13% transmission), heat insulation filter, exciter filter for

slit lamp*1, barrier filter for slit lamp*2

Illumination lamp 12V, 30W halogen lamp

Chinrest/forehead rest unit

Forward-backward move-
ment

90mm

Right-left movement 100mm

Vertical movement 30mm

Amount of movement in
all directions

15mm

Amount of vertical move-
ment of chinrest

80mm

Fixation target*3 Fixation target with diopter adjustment
Luminous fixation target

Fixation lamp LED (Red) or bulb (white)

Downloaded from www.Manualslib.com manuals search engine 
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*1), *2) A model without exciter filter for slit lamp/barrier filter for slit lamp is also available.
*3) A model without fixation target is also available.
• The specification and design of the product can be altered for improvements without prior

notice.

SL-D7 SL-D8Z

Dimensions, Weight

Dimensions:
    w/Table 550mm(W)x399mm(D)x760-790mm(H)

    w/ Unit Table 440mm(W)x399mm(D)x760-790mm(H)

    w/o Table 329mm(W)x349mm(D)x652-682mm(H)

    w/o Table and Chinrest 329mm(W)x306mm(D)x652-682mm(H)

Weight: w/Table 19kg 19.5kg

    w/ Unit Table 18kg 18.5kg

    w/o Table 13kg 13.5kg

    w/o Table and Chinrest 11.5kg 12kg

Table size 550mm x 370mm

Unit Table size 440mm x 350mm

Height from the top to 
patient’s eye

375mm

Downloaded from www.Manualslib.com manuals search engine 
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SPECIFICATIONS AND PERFORMANCE

SPECIFICATIONS AND PERFORMANCE

BASIC SPECIFICATION

OPTICAL PERFORMANCE
Picture magnification (SL-D7)

OBSERVATION FIELD AND PHOTOGRAPH FIELD
Observation Field: φ6.03mm
Photograph Field: 7.28×5.46mm

• For product improvements, the specification and design are subject to changes without prior
notice.

ELECTRIC RATING

• Source voltage: 12V DC
• Power input : 12W

System Beam flux division by beam splitter

Beam splitter division ratio Patient side: 50%; Camera side: 50%

Focus distance 45.50mm

Image pickup device 1/1.8 type CCD; Effective pixel number: 8.13 million pixels

Power input DC12V±0.5V 1A

Dimensions 71mm(W)×183mm(D)×302mm(H)

Weight 640g

Displayed magnification Picture magnification Picture field (mm)

6 0.17 31.8×42.3

10 0.27 20.4×27.2

16 0.43 12.7×17.0

25 0.69 7.97×10.6

40 1.07 5.10×6.81

Observation Field

Photograph Field
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SPECIFICATIONS OF PERSONAL COMPUTER (COMMERCIAL
PRODUCT) TO BE CONNECTED

• Platform : DOS/V PC
• CPU : Pentium 4 or higher
• Memory : 2GB or larger
• Hard disk : 40GB or larger
• OS : Windows XP Professional
• Connecting interface : USB 2.0

SYSTEM CLASSIFICATION

• Grade of protection against electric shocks: not applicable.
DC-3 does not have any part against electric shocks.

• Degree of protection against harmful ingress of water: IPx0
DC-3 has no protection against ingress of water. (The degree of protection against harmful
ingress of water defined in IEC 60529 is IPx0)

• Classification according to the methods of sterilization or disinfection recommended by the
manufacturer: not applicable.

DC-3 has no part to be sterilized or be disinfected.
• Methods of sterilization or disinfection recommended by the manufacturer: DC-3 does not

have any part to be sterilized or disinfected.
• Classification according to the degree of safety of application in the presence of a flammable

anaesthetic mixture with air or with oxygen or nitrous oxide: Equipment not suitable for use in
the presence of a flammable anaesthetic mixture with air or with oxygen or nitrous oxide.
DC-3 should be used in environments where no flammable anesthetics and/or flammable
gases are present.

• Classification according to the mode of operation: Continuous operation.
• Continuous operation is the operation under normal load for an unlimited period, without the

specified limits of temperature being exceeded.

PURPOSE OF USE

• This instrument is used for acquiring digital images of the anterior and posterior segments of
the eye.

OPERATION PRINCIPLES

• This instrument is used in combination with a slit lamp and used to take digital pictures and
records of the observed images.

SYMBOL

Symbol IEC Publication Description Description (French)

60417-5265 Off (power: part of equipment)
Mise en service d’une partie 
d’appareil

60417-5264 On (power: part of equipment)
Mise hors service d’une partie 
d’appareil
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Abstract
One of the most powerful tools in image processing solving complex problems is computational intelligence. There are 
several image classification methods but is uncertain which methods are most helpful for analyzing and classify images like 
ophthalmic.Particularly in the area of cataract, as a leading cause of blindness around the globe, only a few comprehensive 
reviews have summarized the ongoing efforts of computational intelligence in cataract detection and grading.By timely 
detection, it is possible to prevent cataract surgery in the initial stage of it. In this work, we compare the main character-
istics of different algorithms in grading and classification, going from the classical medical methods to the actuals based 
on computational intelligence. These methods are explained in a simple manner trying to provide a mean to understand 
the operating principles and summarizing their relevant applications. This review may be considered as a useful guide for 
researchers and medicians in selecting a suitable method for improving cataract detection and grading, and to assist them 
in diagnosing this ophthalmic disease.

1 Introduction

Cataract is a type of eye condition characterized by opacity 
of the lens eye, resulting from various factors such as age, 
diabetes, inheritance or eye lens damage [1].

The formation of cataracts occurs from a process of fibro-
sis of the ocular lens causing a hardening of the lens [2]. 
The initial stage of cataract formation can be mitigated by 
applying ocular lavage by the doctor. However, the disease 
at an advanced stage requires treatment to replace the ocular 
lens [3].

In the early stages of its formation, the cataract is not 
detectable by the patient due to the visual acuity is not 
affected yet; it is only at an advanced stage that the patient 
notices of its presence and have to be removed surgically 
to avoid blindness. Surgical procedures such as extra-cap-
sular extraction and phaco-emulsification are standard to 

eliminate this condition, being the last one the newest and 
most effective surgical process. However, it is necessary for 
the replacement of the lens, by an intra-ocular implant [4]. 
Because of phaco-emulsification is an invasive procedure, its 
inflammatory effects may worsen some conditions or gener-
ate new ones [5].

The World Health Organization (WHO) Report published 
in 2010 estimates that there are about 20 million people with 
bilateral blindness caused by age-related cataracts. That 
number will increase to 40 million by 2020 and during the 
same period, the number of people over 65 years growth 
more than double [6]. In 2018 there are about 34 million 
people with this disease and this growth occur predomi-
nantly in developing areas [7]. In developing countries, the 
lack of ophthalmologists, medical facilities, and specialized 
equipment make this a common condition that extends at an 
early age [8].

The key to preventing vision loss is regular eye exams. 
Currently, ophthalmologists use a slit lamp to obtain pre-
cise information from the inside of the ocular lens to detect 
certain conditions as cataracts or glaucoma [8]. In some 
advanced cases of cataracts in which good fundus visuali-
zation is not possible, an ultrasound examination provides 
a better assessment of the posterior segment of the globe 
[9]. For cataracts detected early, certain habits can be taken 
to slow their progression. To improve the quality of life 
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and reduce health care costs, accurate diagnosis and timely 
treatment is necessary [10]. There is currently no method 
of prevention [11]. Traditionally, the cataract is classified 
and graded by comparing the image observed during the 
bio-microscopy examination with a set of base photographs 
that serve as a standard. This process is known as clinical 
grade [12]. Based on locations of opacity, the categorization 
of the age-related cataracts is nuclear, cortical and posterior 
sub-capsular (PSC) cataracts, among which nuclear cataract 
is the most common type [13].

Medical images are a unique diagnosis media, which, 
even without textual information, facilitate clinical diagno-
sis. Currently, human experts analyze most of the medical 
images, but there are some problems in this analysis. One 
of this is subjectivity by the observer, which translates into 
a low reliability among human classifiers (inter-observer 
agreement is only around 65%, and intra-grader agreement 
is between 70 and 80% [12]); observers are susceptible to 
fatigue, especially after observing numerous images, which 
can cause inconsistencies when assigning the clinical grade 
[14]. Another problem is the time required for quantitative 
analysis by the observer [15], and depending on the type 
of disease this time could be exhaustive. With potential 
advantages of improved objectivity and reproducibility, 
computer-aided diagnosis of cataract can facilitate clinical 
diagnosis and study [16]. Nowadays, automatic, objective 
and quantitative diagnosis of cataract become necessary, 
and it has been investigated by some research groups, most 
of them from India and China. Biomedical images are pro-
gressively utilized within healthcare for patient diagnosis, 
guiding treatment, planning treatment and observing ill-
ness progression [17]. Computer-aided imaging of medical 
images can help to reduce subjectivity and time of analysis 
by the observer [18].

In this paper, we provide a survey for age-related cataract 
diagnosis and grading based on computational intelligence 
techniques. Some efforts can be found in [19, 20]. Rest of the 
paper is organized as follows: Sect. 2 focuses on the clinical 
grading of the disease, explaining the leading methods. Sec-
tion 3 presents the machine learning techniques commonly 
used to grade and classify cataracts. Section 4 explains in 
detail the existing grading and classification systems, and 
Sect. 5 presents the conclusion of the survey.

2  Clinical Grading

Cataracts are traditionally classified and graded by compar-
ing the image observed during the clinical examination with 
a set of standard photographs, which are called the degree 
of clinical progression [21]. These standard images exem-
plify limits at scale intervals. Two types of classification are 
commonly used: The Oxford Clinical Cataract Classification 

and Grading System (OCCCGS) [22] and Lens Opacities 
Classification System III (LOCS III) [23].

A well-standardized system for the classification and 
grading of cataract is essential to any clinical study of cat-
aracts [22]. To quantitatively determine the degree of the 
disease, the image obtained during the examination is com-
pared visually with each of the standard images. In addition 
to this, a decimal rank is assigned to determine the progress 
within limits, for example, a grade of 2.5 means that the 
opacity is in the middle range between standard 2 and 3 
[23]. For nuclear cataract, reconciliation between observers 
is only 65%, using the same image and the same classifica-
tion system [18]. With the potential advantages of improved 
objectivity and reproducibility, computer-assisted diagnosis 
can facilitate the study of this condition and improve clini-
cal diagnosis. Bellow will be mentioned the two primary 
systems for clinical cataract classification and grading sys-
tems, their advantages and disadvantages and the input data 
required to use them in the better possible way.

2.1  The Oxford Clinical Cataract Classification 
and Grading System

It is a composite slit-lamp based system for the clinical clas-
sification and grading of cataract. It is accessible for a spe-
cialist with a slit lamp. The crystalline lens is divided, based 
on light scattering properties, into some discrete concentric 
shells [24]. The best known of this division separates the 
cortex from the nucleus. The cortex may be subdivided into 
anterior and posterior cortical zones C1 to C4 as shown in 
Fig. 1.

Fig. 1  Slit-lamp image showing the zones of the crystalline lens. 
Taken from [22]
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The graded features include: Anterior sub-capsular opac-
ity, posterior sub-capsular opacity, cortical spoke opacity, 
water-clefts, vacuoles, retro-dots, focal dots and anterior 
clear zone thickness, (cortical features); nuclear brunescence 
and white nuclear scatter, (nuclear features). Each feature is 
graded on a 1–5 scale for each eye, and the grade is entered 
on a grading chart (Fig. 2) according to feature (rows) and 
zone opacity (columns).

In some patients, not all the zones are visible, and the 
reliance is based on the prior knowledge that a certain fea-
ture occurs in a particular zone. According to Fig. 2, most 
of the features are graded, except for the row “other fea-
tures” that are described but not graded. The observer uses 
his visual system as a comparator, making judgments at the 
slit-lamp regarding a mounted set of standard diagrams and 
color samples, which provide readily available reference 
criteria for quantification of the cataract features. For this 

test, pupillary dilatation is necessary to observe the entire 
lens area. Most patients dilate a pupil diameter of 8 mm or 
more, although occasionally the full grading of a patient is 
not possible as a result of poor pupillary dilatation. Some 
diseases as miosis and neuropathy may accentuate the prob-
lem [22]. After dilatation, the patients are examined at the 
slit-lamp, and the lens features graded and recorded on the 
recording chart (Fig. 2). The pupillary diameter is recorded 
in mm, using the Haag-Streit 900 slit-beam height measure. 
Each feature should be assessed in turn, about the appropri-
ate standard diagrams. Finally, the predominant features are 
summarized under the heading ’Cataract type’ and the ’Lens 
status’ is indicated. Grading is performed by comparison of 
the extracted cataract features with standard diagrams and 
color samples [25]. The color samples are standardized Matt 
pigment samples, taken from the Munsell color system. [22] 
For nuclear brunescence, the grade is selected according 

Fig. 2  Recording chart for the Oxford clinical cataract classification and grading system [22]
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to the closest available match between the nucleus and the 
color samples (Table 1). The color matches are made in the 
posterior part of the nucleus, axially anterior to the pos-
terior nuclear shell. The slit beam is adjusted to enter the 
lens at 45° of the optic axis, with a beam width of 0.3 mm, 
and illumination on full power. For accurate matching, the 
standard color samples should be viewed in light with the 
same spectral characteristics as the slit-lamp light source.

For the white nuclear scatter, the feature being assessed 
is the amount of white light being scattered back to the 
observer by the lens nucleus. Grading is accomplished by 
comparison with Munsell neutral density grey scale samples 
that are representative examples of each grade, and with 
the colors, grading is performed by selection of the best 
available match (Table 2). To reduce the confusing effects 
of coexistent brunescense on white scatter grading, a pair 
of spectacles containing a yellow filter (Wratten No. 12) is 
employed [26]. Grade ’0’ is not recognized.

Any other features present are annotated individually and 
are not graded. The major cataract features are now summa-
rized in the section headed ’cataract type,’ and the grading 
is completed with a comment on the lens status (Table 3). 
Finally, the examiner signs the grading chart.

The time taken to grade a cataract by an examiner who 
is familiar with the system, varies from 2 to 7 min, depend-
ing on the complexity of the opacities. The average time 
required is under 5 min [22].

2.2  Lens Opacities Classification System III

The predecessor, LOCS II [21], is a simple classification 
system based on a set of standard color photographic trans-
parencies of cortical cataract (C), nuclear opalescence (NO), 
posterior sub-capsular cataract (P) and nuclear color (NC) 
that can be used as references to classify lens opacities at the 
slit-lamp or in standardized lens photographs. It has proven 
to be valuable, but it does have several limitations [23]:

• The scale for NC is small and coarse.
• The guidelines for color grading to parameters of color.
• The early stages of nuclear cataract are under-repre-

sented.
• The scaling intervals on all scales are unequal.
• The scale for P grading under-represents early P change.
• The 95% tolerance limits are large because LOCS II 

grading employs an integer scale.

The LOCS III standards are presented in Fig. 3.
General rules

1 All of the standards are boundaries of scale intervals. 
There are no 0 standards or grades in LOCS III.

2 The grader decides in which interval the unknown image 
falls; each interval between adjacent reference standards 
is divided into 10 equal parts.

3 A decimal grade, using .1-unit interval, is the assigned 
to the opacity.

Nuclear opalescence is graded by comparing the colored slit-
lamp image to be graded with the standard nuclear images. 
The average opalescence of the entire nucleus in the lens 
being evaluated is compared with that of the opalescence 
in each of the standards. The grader then assigns a deci-
mal grade to reflect the position of the unknown within the 
appropriate standard interval. Nuclear color is graded by 
comparing the color of the lens to be graded with that in NC 
standards. It requires the grader to focus on two regions of 
the nucleus: the entire cross-sectional view of the nucleus 
and the posterior subcapsular reflex.

Table 1  Grades and Munsell notation for nuclear brunescense

Color Munsell notation

Grade 0: No yellow detectable (5GY 6/1)
Grade 1: Yellow just detectable (5Y 7/4)
Grade 2: Definite yellow (2.5Y 7/8)
Grade 3: Orange yellow (7.5YR 6/8)
Grade 4: Reddish brown (5YR 4/6)
Grade 5: Blackish brown (2.5YR 2.5/2)

Table 2  Grades and Munsell notation for white nuclear scatter

Munsell notation % Reflectance

Grade 1: N5 (19.8%r)
Grade 2: N6 (30.0%r)
Grade 3: N7 (43.1%r)
Grade 4: N8 (59.1%r)
Grade 5: N9 (78.7%r)

Table 3  Descriptors of lens status

Clear
Immature
Mature
Hypermature
Morgagnian
Intumescent
Subluxed
Dislocated
Altered shape
Aphakic
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3  Machine Learning Methods for Cataract 
Detection and Classification

3.1  Ranking

“Learning to rank” [18] is an emerging approach in machine 
learning in recent years. Generally speaking, “learning to 
rank” is made up of two steps in a sequence: learning and 
ranking.

Learning A set of m image lists d(j) = {d
(j)

1 , d(j)2 ,… , d(j)
m(j)

} 
are provided with their corresponding relevance 
r(j) = {r

(j)

1 , r(j)2 ,… , r(j)
m(j)

} , j = 1,…m ; m(j) denotes the number 
of images within the list d(j) . A ranking function f is learned 
from these training data. Generally speaking, the ranking 
function f is defined in terms of each individual image: 
f

(
d
(j)

i

)
 , i = 1,…m(j) with its output as the score of each 

image (a real number). The learned ranking function will be 
used to sort the image collection in the ranking step.

Ranking For a list of n images d = {d1, d2,… dn} , the 
purpose of ranking is to sort images within the list in a/
an descending/ascending order of relevance measure by the 
score of each image calculated from the learned ranking 
function f [18].

For nuclear cataract grading, a ranking evaluation meas-
ure must be chosen. This approximation is utilized to learn 
ranking functions via a direct optimization algorithm. Once 
ranked, slit-lamp image lists are obtained by learned rank-
ing functions. Finally, the grade of nuclear cataract in each 
slit-lamp image is interpolated with the help of its neighbor-
ing images in the ranked image list. This grading method is 

used by Huang et al. with the algorithm described before in 
[15, 18].

3.2  Support Vector Machines (SVM)

It is a learning approach originally developed by Vapnik, 
Boser and Guyon first introduced in 1992. The aim of Sup-
port Vector classification is to devise a computationally 
efficient way of learning ‘good’ separating hyperplanes in 
a high dimensional feature space, preventing over-fitting by 
controlling the hyperplane margin measures, finding the 
hyperplanes optimizing these measures. The support vector 
machines are a very specific class of algorithms, character-
ized by the use of kernels, the absence of local minima, the 
sparseness of the solution and the capacity control obtained 
by acting on the margin, or on other ‘dimension independ-
ent’ quantities as the number of support vectors [27]. Sup-
port vector machines are a supervised learning scheme [28]. 
It maps input vectors to a higher dimensional space, where a 
maximal separating hyperplane is constructed. These vectors 
do not necessarily represent some physical variable. SVM 
can be applied to classification and regression problem. For 
cataract grading, a multidimensional vector for each image 
is constructed. This vector contains numerical features that 
aids to evaluate the grade of cataract. To any of the features 
of the training set of images, a numerical target grade is 
associated. The SVM is fed with the data extracted for each 
characteristic and this classification and grading method is 
used by Caixinha et al. [29, 30], Yang et al. [31] and by Li. 
et al. [16].

Fig. 3  Lens opacities classifica-
tion system III (LOCS III) [23]
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3.3  Neural Networks (NN)

An artificial neural network is an information-processing 
system that has certain performance characteristics in com-
mon with biological neural networks [32]. Artificial neural 
networks have been developed as generalizations of mathe-
matical models of human cognition or neural biology, based 
on assumptions that: 

1 Information processing occurs at many simple elements 
called neurons.

2 Signals are passed between neurons over connection 
links.

3 Each connection link has an associated weight, which, 
in a typical neural net, multiplies the signal transmitted.

4 Each neuron applies an activation function (typically 
nonlinear) to its net input (sum of weighted input sig-
nals) to determine its output signal.

The study of neural networks is an extremely interdiscipli-
nary field, both in its development and its application [32]. 
Neural networks are used for cataract grading and classifi-
cation once the primary characteristics described in each 
work are extracted. The neural network is feed with the data 
extracted for each characteristic and the resulting classifica-
tion is used by Yang et al. [31, 33] and Harini and Bhanu-
mathi [34].

3.4  Deep Learning

Modern deep learning provides a powerful framework for 
supervised learning. By adding more layers and more units 
within a layer, a deep network can represent functions of 
increasing complexity [35].

Deep learning breaks the complicated mapping of 
an image into a series of nested simple mappings, each 
described by a different layer of the model. A series of hid-
den layers extract increasingly abstract features from the 
image. The values of the hidden layers are not given in the 
data; instead, the model must determine which concepts 
are useful for explaining the relationships in the observed 
data. According to this view, not all the information in a 
layer’s activation necessarily encodes factors of variation 
that explains the input. The representation also stores state 
information that helps to execute a program that can make 
sense of the input [35]. Most deep architectures are based 
on neural networks and can be considered as a generali-
zation of a linear or logistic regression. When a network 
has many layers it is often called ’deep’ or a ’deep neural 
network’ (DNN). Two architectures are currently popular: 
convolutional neural networks (CNN’s) and recurrent neu-
ral networks (RNNs) [10]. The strength of CNN’s lies in 
their weight sharing, exploiting the intuition that similar 

structures occur in different locations in an image. When 
seeing an image as a vectorized image, weights can be 
shared in such a way that it results in a convolution opera-
tion. This drastically reduces the number of parameters 
that need to be learned and renders the network equivariant 
with respect to translations of the input.

Convolutional layers are typically alternated with pool-
ing layers where pixel values of neighborhoods are aggre-
gated using some permutation invariant function which 
induces a certain amount of translation invariance.

At the end of the convolutional stream of the network, 
fully-connected layers are usually added to act as classifi-
cation layers, where weights are no longer shared. CNN’s 
are typically trained end-to-end in a completely supervised 
way.

RNNs exploit structure in the data, similar to the weight 
sharing in CNN’s but using a sequential structure instead. 
For classification, some fully connected layers are typi-
cally added, followed by a softmax to map the sequence 
to a posterior over the classes. Since the gradient needs to 
be backpropagated from the output through time, RNNs 
are inherently deep, and consequently, suffer from the 
problems of fading or exploding gradients during learning 
[36]. For medical imaging, transfer learning is an essential 
technique. Two transfer learning strategies are identified: 

1 Using a pre-trained network as a feature extractor.
2 Fine tunning a pre-trained network on medical data.

In [37], the analysis demonstrates that deeply fine-tuned 
CNN’s are useful for medical image analysis, performing 
as well as fully trained CNN’s and even outperforming the 
latter when limited training data are available. For cataract 
grading, in [10], the Deep Learning approach learns fea-
tures automatically. Local filters are first acquired through 
clustering of image patches from lenses within the same 
grading class. The learned filters are fed into a convolu-
tional neural network, followed by a set of recursive neural 
networks, to further extract higher-order features. With 
these features, support vector regression (SVR) is applied 
to determine the cataract grade.

3.5  Fuzzy Logic

Fuzzy logic is a form of many-valued logic in which the 
truth values of variables may be any real number between 0 
and 1. It is employed to handle the concept of partial truth, 
where the truth value may range between completely true 
and completely false. By contrast, in Boolean logic, the truth 
values of variables may only be the integer values 0 or 1. It is 
based on the observation that people make decisions based 
on imprecise and non-numerical information, fuzzy models 
or sets are mathematical means of representing vagueness 
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and imprecise information, hence the term fuzzy. These 
models have the capability of recognizing, representing, 
manipulating, interpreting, and utilizing data and informa-
tion that are vague and lack certainty. Fuzzy logic has been 
applied to many fields, including computational intelligence. 
An approach to this method can be seen in [38] where an 
inference fuzzy system is designed to grade cortical cata-
ract with trapezoidal membership functions to separate the 
region of interest and 4 rules to identify the nuclear cata-
ract from the cortical cataract. The grading is predicted via 
defuzzification system.

4  Grading and Classification Systems

Automatic Detection and classification systems use slit 
lamp, retro-illumination, or fundus images. Silt lamp images 
are normally used for the classification Normal, Cataract and 
post Cataract and to grade the Nuclear Cataract. Retro-illu-
mination images are used to grade Cortical and PSC Cata-
ract. Finally, the technology based on fundus images classi-
fies the optical images based on severity into normal, mild, 
medium and severe. Almost all the Cataract detection and 
classification systems have three basic steps: Pre.processing, 
feature extraction and classification. In the next subsections, 
the main works aimed to improve these three basics steps are 
described. These are the three common steps mainly used in 
all the papers of Cataract detection and classification. This 
paper is intended to computational intelligence for cataract 
classification and grading systems; in the following subsec-
tions, the leading systems for this purpose will be described.

4.1  Pre‑processing and Feature Extraction

First, the images are pre-processed: Here all the unwanted 
information is removed and this makes the image suitable 
for further steps; some authors have the most important 
contribution in this field as can be seen in [39–42]. The 
second step is feature extraction: it is the most important 
step in which the features are extracted. Depending upon 
these features the classification is done. The features should 
be extracted from all the images and we will get a differ-
ent result for each class [16]. For these two steps, different 
image processing techniques are used.

4.1.1  Classification of Retinal Image for Automatic Cataract 
Detection

In this work, the author uses an improved top-bottom hat 
transformation to enhance the contrast between the fore-
ground and the object, and a trilateral filter is used to 
decrease the noise of the image. According to the analysis 

of the pre-processed image, the luminance and texture of the 
image are extracted as classification features.

4.1.2  Automated Classification of Normal, Cataract 
and Post Cataract Optical Eye Images Using SVM 
Classifier

In this work, the author uses various image processing tech-
niques to find the features in the different classes of opti-
cal eye images. The pre-processing operations carried out 
are normalization and transformation of RGB color band 
to intensity-hue-saturation. Normalization carried out 
avoids color variation of eye images among each patient. 
In the intensity-hue-saturation representation, the intensity 
is processed without changing the relative color values of 
the pixels. Feature extraction operations like Small Ring 
Area(SRA), Big Ring Area(BRA), Edge pixel count (EPC) 
and Object Perimeter are performed. In SRA, the inner area 
of the cornea is obtained, which is more whitish in Cata-
ract images than in the case of normal and post-Cataract 
images. The outer area of the cornea is obtained from BRA 
which would be brighter in color in Cataract images. Canny 
edge detection is used to find the edges. it will provide clear 
edge detection even in the noise state by using threshold-
ing method EPC counts the number of white pixels in the 
detected edge.

4.1.3  Identification of Cataract and Post‑cataract 
Surgery Optical Images Using Artificial Intelligence 
Techniques

In this work, the pre-processing operation performed is his-
togram equalization. It makes use of a monotonic, non-linear 
mapping where the intensity values of pixels in the input 
image are re-assigned in such a manner that the output image 
has a uniform distribution of intensities. By this process, 
the image has very low contrast can be modified to produce 
details which are previously hidden. Then the fuzzy k-means 
algorithm is applied to extract the centroids which are used 
as the classification features. Fuzzy k-means specifically 
tries to deal with the problem where points are somewhat in 
between centers or otherwise ambiguous by replacing dis-
tance with probability. Fuzzy k-means based on probabilities 
uses weighted centroids. Here the clusters are analyzed as 
probabilistic distributions whereas in other cases they are 
analyzed as a hard assignment of labels.

4.1.4  Computerized Systems for Cataract Grading

The proposed approach for Nuclear Cataract consists of 
extraction of feature and prediction of a grade. Ellipse esti-
mation is done by placing the lens using thresholding, verti-
cal and horizontal profile clustering. The contour of the lens 
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is then obtained by applying the active shape model which 
is mentioned using twenty-four landmark points. Principal 
Component Analysis (PCA) is done on training samples to 
obtain the algebraic explanation of the form and its varia-
tions. Active Shape Model (ASM) scheme used to add the 
shape model into new image thus determine the shape of 
the lens. Using ASM scheme, the feature extracted are mean 
intensity inside the lens, color on posterior reflex, mean 
intensity of eye sulcus and the intensity ratio between ante-
rior lentil to posterior lentil.

4.1.5  Classification of Retinal Image for Automatic Cataract 
Detection

The proposed paper uses fundus images for classification. In 
the pre-processing step, first the personal information like 
name, date, age etc. are removed. Then the fundus images 
are converted into Green channel in RGB color space. Then 
an improved top bottom hat transformation is applied. Thus, 
the contrast between the foreground and the blood vessel 
will increase. Then the trilateral filter is applied for remov-
ing the noise. It takes around 1200 sec to filter an image of 
size 3888x2592 pixels. Then in the feature extraction step, 
40 features are extracted. Luminance counts the number of 
white pixels in the image. Then, from a gray co-occurrence 
matrix (GLCM), 24 features are extracted. The matrix is 
obtained by calculating the features such as Angular Second 
Moment, Correlation, Entropy, Contrast, Inverse Difference 
Moment and Sum of Squares from the 4 different angles of 
0°, 45°, 90°, and 135°. After that from Gray-gradient co-
occurrence matrix (GGCM), the other fifteen features are 
extracted.

4.1.6  Automatic Feature Learning to Grade Nuclear 
Cataracts Based on Deep Learning

In this work, Gao et al. propose a system to automatically 
learn features for grading the severity of nuclear cataracts 
from slit-lamp images. Local filters are first acquired through 
clustering of image patches from lenses within the same 
grading class. The learned filters are fed into a convolutional 
neural network, followed by a set of recursive neural net-
works, to further extract higher-order features.

4.1.7  A Computer‑Aided Healthcare System for Cataract 
Classification and Grading Based on Fundus Image 
Analysis

Guo et al. presents in this paper the wavelet transform and 
the sketch based methods were investigated to extract, from 
fundus image, the features suitable for cataract classification 

and grading. After feature extraction, a multi-class discri-
minant analysis algorithm is used for cataract classification, 
including two-class (cataract or non-cataract) classification 
and cataract grading in mild, moderate, and severe.

4.1.8  An Approach to Evaluate Blurriness in Retinal Images 
with Vitreous Opacity for Cataract Diagnosis

Xiong et al. propose in this paper a method to evaluate blur-
riness for cataract diagnosis in retinal images with vitre-
ous opacity. Three types of features are extracted, which 
include pixel number of visible structures, mean contrast 
between vessels and background, and local standard devia-
tion. To avoid the wrong detection of vitreous opacity as 
retinal structures, a morphological method is proposed to 
detect and remove such lesions from retinal visible structure 
segmentation. Based on the extracted features, a decision 
tree is trained to classify retinal images into five grades of 
blurriness.

4.1.9  New Approach for Objective Cataract Classification 
Based on Ultrasound Techniques Using Multiclass 
SVM Classifiers

Caixinha et al. present work in vitro. Ultrasound A-scan 
signals were acquired from healthy and cataractous por-
cine lenses. B-mode images were reconstructed from the 
collected signals. The parametric Nakagami images were 
subsequently constructed from the B-mode images. Acousti-
cal and spectral parameters were obtained from the central 
region of the lens. Image textural parameters were extracted 
from the B-scan and Nakagami images. Ninety-seven param-
eters were extracted from a total of 75 healthy and 135 
cataractous lenses. Lenses with cataract were split into two 
groups: incipient and advanced cataract, corresponding to 
a 60 and 120 min of immersion time in a cataract induc-
tion solution, respectively. The obtained parameters were 
subjected to feature selection with Principal Component 
Analysis (PCA).

4.1.10  A Fuzzy Inference System Based Approach 
for Detection, Classification, and Grading 
of Cataract

In this work, the image pre-processing is done by a fuzzy 
inference system with trapezoidal membership functions 
to separate the region of interest and 4 rules to identify 
the nuclear cataract from the cortical cataract. A study 
of nuclear and cortical cataract was carried out to know 
the location of the cataract pixels. The study put light on 
the fact that nuclear cataract appears at the nucleus of the 
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lens i.e. center of the lens and may span to some radial 
distance from the center.The cortical cataract lies at the 
periphery of the lens i.e. away from the center.

4.2  Classifiers

The final step is classification. According to the features 
extracted, the classifier classifies the images into different 
classes (Table 4). In the most of cases, different artificial 
intelligence and neural network techniques are used, but 
this is not strictly necessary as can be seen in [52–55].

4.2.1  Classification of Retinal Image for Automatic Cataract 
Detection

In this work, the author uses a neural network classifier 
for automatic cataract detection based on the classifica-
tion of retinal images. According to the analysis of pre-
processed image, the luminance and texture message of 
the image are extracted as classification features. The 
classifier is a back propagation neural network which 
has two layers. Based on the clearness degree of the reti-
nal image, the patient’s cataract is classified into normal, 
mild, medium or severe ones.

4.2.2  Identification of Cataract and Post‑Cataract 
Surgery Optical Images Using Artificial Intelligence 
Techniques

An automatic classification system for optical eye images 
is introduced. It classifies the images into Normal, Cataract 
and Post-Cataract images. Backpropagation (BP) is used 
to classify the images. The BP algorithm is a supervised 
learning algorithm which reduces the overall system error. 
A random assigning of connection weights is carried out in 
the beginning and then it is gradually changed which reduces 
the overall mean square system error. The weight updating 
begins from the output layer and progresses backward. It 
aims at reducing the error rate. BP tends to be considerably 
quicker for training recurrent neural networks than general-
purpose optimization techniques. Then, the best results are 
obtained.

4.2.3  Computerized Systems for Cataract Grading

The proposed paper suggests two automatic classification 
systems for Nuclear Cataract and Cortical Cataract. SVM 
regression trains grading model and it will calculate the 
grade of the image. The automatic classification method for 
Cortical Cataract is proposed on retro- illumination images. 
To obtain cortical opacities, first, the angular opacities 

Table 4  Description of nuclear cataract classification systems

References Features 
extracted

Classifier Number of 
samples

Image size Type of image Precission (%)

Li et al. [43] 0 Area Calculation 607 640 × 480 RGB 98.2
Li et al. [44] 0 Region Growing 611 640 × 480 RGB 98.2
Li et al. [28] 6 SVM 1000 1536 × 2048 RGB N/R
Li et al. [45] 21 SVM 5820 1536 × 2048 RGB N/R
Li et al. [46] 6 SVM 3000 1536 × 2048 RGB 89.3
Huang et al. [15] 6 Ranking 1000 2048 × 1536 RGB N/R
Acharya et al. [47] 18 Neural Network 140 128 × 128 RGB 90
Li et al. [48] 5 Simple Rule Based Approach 441 640 × 400 Grayscale N/R
Li et al. [16] 21 SVM 5850 1536 × 2048 RGB 95
Salla and Kadam [38] 3 Fuzzy Inference System N/R 175 × 175 RGB 76
Huang et al. [18] 6 Ranking 1000 2048 × 1536 RGB N/R
Gao et al. [49] N/R Linear Discriminant Analysis 4545 N/R Grayscale 84.8
Gao et al. [10] 18 Deep Learning 5378 3048 × 2432 RGB N/R
Song et al. [50] 83 Bayesian Network and Decision Tree 5378 3048 × 2432 RGB N/R
Gao et al. [10] 18 Deep Learning 5378 3048 × 2432 RGB N/R
Morales et al. [51] 6 MLP and SVM 40 1028 × 640 RGB 90
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are subtracted from radial opacities and region growing is 
applied. Post preprocessing is done to remove noises using 
spatial and size filters. A grade is assigned after the calcula-
tion of the total area of cortical opacities. If total opacity 
percentage is between the range 0–5%, it represents grade 1. 
If the percentage is between 5 and 25%, the cortical grade is 
2 and grade 3 represents range between 25 and 100%. Grade 
1 is measured as normal whereas grade 2 and 3 are important 
Cortical Cataracts.

4.2.4  A Computer Assisted Method for Nuclear Cataract 
Grading From Slit‑Lamp Images Using Ranking

In this paper, Huang et al. propose a novel computer-aided 
diagnosis method via ranking to facilitate nuclear cataract 
grading following conventional clinical decision-making 
process. The grade of nuclear cataract in a slit-lamp image 
is predicted using its neighboring labeled images in a ranked 
image list, which is achieved using a learned ranking func-
tion. This ranking function is learned via direct optimization 
on a newly proposed approximation to a ranking evaluation 
measure. The proposed method has been evaluated by a large 
dataset composed of 1000 different cases, which are col-
lected from an ongoing clinical population-based study. Both 
experimental results and comparison with several existing 
methods demonstrate the benefit of grading via ranking by 
the proposed method.

4.2.5  A Computer‑Aided Diagnosis System of Nuclear 
Cataract

In this paper, Li et al. investigate an algorithm for auto-
matic diagnosis of nuclear cataract. Nuclear cataract is 
graded according to the severity of opacity using slit lamp 
lens images. The anatomical structure in the lens image is 
detected using a modified active shape model. On the basis 
of the anatomical landmark, local features are extracted 
according to LOCS III clinical grading protocol. Support 
vector machine regression is employed for grade predic-
tion. This was the first time that the nucleus region could be 
detected automatically in slit lamp images. The system was 
validated using clinical images and clinical ground truth on 
around 5000 images. The success rate of structure detection 
was 95% and the average grading difference was 0.36 on a 
5.0 scale.

4.2.6  A Computer‑Aided Healthcare System for Cataract 
Classification and Grading Based on Fundus Image 
Analysis

Guo et al. present in this paper a fundus image analysis 
based computer-aided system for automatic classifica-
tion and grading of cataract. The system is composed of 

fundus image pre-processing, image feature extraction, and 
automatic cataract classification and grading. The wavelet 
transform and the sketch based methods were investigated to 
extract, from fundus image, the features suitable for cataract 
classification and grading. After feature extraction, a multi-
class discriminant analysis algorithm is used for cataract 
classification, including two-class (cataract or non-cataract) 
classification and cataract grading in mild, moderate, and 
severe. A real-world dataset, including fundus image sam-
ples with mild, moderate, and severe cataract, is used for 
training and testing. The preliminary results show that, for 
the wavelet transform based method, the correct classifica-
tion rates of two-class classification and cataract grading 
are 90.9% and 77.1%, respectively. The correct classifica-
tion rates of two-class classification and cataract grading 
are 86.1% and 74.0% for the sketch based method, which is 
comparable to the wavelet transform based method.

4.2.7  A Computer‑Aided Diagnosis System of Nuclear 
Cataract via Ranking

In this paper, Huang et al. propose a novel computer-aided 
diagnosis system of nuclear cataract via ranking. The grade 
of nuclear cataract in a slit-lamp image is predicted based on 
its neighboring labeled images in a ranked images list, which 
is achieved using an optimal ranking function. A new rank-
ing evaluation measure is proposed for learning the optimal 
ranking function via direct optimization. The system was 
tested by a large dataset composed of 1000 slit-lamp images 
from 1000 different cases.

4.2.8  An Approach to Evaluate Blurriness in Retinal Images 
with Vitreous Opacity for Cataract Diagnosis

Xiong et al. propose in this paper a method to evaluate blur-
riness for cataract diagnosis in retinal images with vitreous 
opacity. Based on the extracted features, a decision tree is 
trained to classify retinal images into five grades of blurri-
ness. The proposed approach was tested using 1355 clinical 
retinal images, and the accuracies of two-class classifica-
tion and five-grade grading compared with that of manual 
grading are 92.8% and 81.1%, respectively. The kappa value 
between automatic grading and manual grading is 0.74 in 
five-grade grading, in which both the variance and P value 
are less than 0.001. Experimental results show that the grad-
ing difference between automatic grading and manual grad-
ing is all within 1 grade, which is much improved compared 
with that of other available methods.
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4.2.9  Exploiting Ensemble Learning for Automatic Cataract 
Detection and Grading

In this work, Yang et al. present an ensemble learning based 
approach as a means of improving diagnostic accuracy. Three 
independent feature sets, i.e., wavelet-, sketch-, and texture-
based features, were extracted from each fundus image. For 
each feature set, two base learning models, i.e., Support Vector 
Machine and Back Propagation Neural Network, were built. 
Then, the ensemble methods, majority voting, and stacking are 
investigated to combine the multiple base learning models for 
final fundus image classification. Empirical experiments are 
conducted for cataract detection (two-class task, i.e., cataract 
or non-cataractous) and cataract grading (four-class task, i.e., 
non-cataractous, mild, moderate or severe) tasks. The best 
performance of the ensemble classifier is 93.2% and 84.5% in 
terms of the correct classification rates for cataract detection 
and grading tasks, respectively.

4.2.10  A Fuzzy Inference System Based Approach 
for Detection, Classification and Grading of Cataract

This paper focuses on a Fuzzy Inference System which was 
developed to solve the problem by minimizing human inter-
action. Image preprocessing is done by applying MATLAB 
functions and only the region of interest i.e. pupil and some 
portion of the iris is extracted and the irrelevant region like 
the portion of the face and the background is discarded. It 
uses the Fuzzy Inference System to design Membership 
functions for different types of cataract and rules are framed 
to classify cataracts into one of its two types under study 
namely Nuclear and Cortical. Grading of cataract is done 
only for Cortical type of cataract. Trapezoidal membership 
function was designed that accepts four membership param-
eters. The presence of cataract is detected by the existence 
of pixels with white or light shades of blue, yellow, gray. A 
study of the RGB values of all these colors indicated that 
the values were lying above 100. So, rules were formulated 
to check if the pixel colors were lying above this threshold.

4.2.11  Automatic Cataract Grading Methods Based 
on Deep Learning

The six-level cataract grading method proposed in this paper 
focuses on the multi-feature fusion based on stacking. The 
author extracts two kinds of features which can effectively 
distinguish different levels of cataract. One is high-level fea-
tures extracted from residual network (ResNet18). The other 
is texture features extarcted by gray level co-occurrence 
matrix (GLCM). Then a frame is proposed to automatically 
grade cataract by the extracted features. In the frame, two 
support vector machine (SVM) classifiers are used as base-
learners to obtain the probability outputs of each fundus 

image, and fully connected neural network (FCNN) are used 
as meta-learner to output the final classification result, which 
consists of two fully-connected layers.

4.2.12  A Hybrid Global‑Local Representation CNN Model 
for Automatic Cataract Grading

This paper uses Convolutional Neural Networks (CNN) to 
learn useful features directly from input data, and Deconvo-
lution Network (DN) method is employed to investigate how 
CNN characterizes cataract layer-by-layer. Compared to the 
global feature set, the detail vascular information which is 
lost after multi-layer convolution calculation also plays an 
important role in cataract grading task. The contribution of 
this paper can be summarized into two points: (1) The analy-
sis of which sets of pixels of the input image contribute most 
to the predictions and managed to explain the misclassifica-
tion cases of global features representation model. (2) The 
construction of the variant datasets to combine the global 
and local features.

5  Discussion

In previous sections, we have summarized the computational 
intelligence methods and their applications for cataract 
detection and grading from medical images. The application 
scope is decided, considering that different computational 
intelligence methods have different characteristics. This sec-
tion discusses the selection of a suitable method depending 
on the features extracted and the classification labels.

The black box algorithms define inputs and outputs, how-
ever, they do not need to define or know their internal func-
tioning without giving importance to how it does it, while 
white box algorithms are performed on the internal functions 
of a module.

For the black box algorithms, less technical skill is 
required, less time and fewer tools: therefore they require a 
lower cost of analysis.

White-box algorithms require more technical skill (that 
is, knowledge of the expert in the problem to be addressed), 
more analysis time, but in turn in real-time applications it 
provides a faster solution and its implementation within 
embedded systems It is much simpler.

Regarding the detection and classification of cataracts, 
the black box algorithms prove to have obtained a greater 
accuracy for the LOCSIII classification than the white box 
algorithms and in certain cases, it is required to extract more 
complex characteristics. However, it should be noted that the 
works that obtain greater accuracy use an entire numerical 
classification, or their output labels are very few (such as 
cataract, non-cataract and post-cataract classification) and 
those that extract a greater number of Features use a much 
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more complex decimal classification, which results in a 
greater number of output labels.

The database is also an important feature to consider. 
The greater the number of images within the repository and, 
above all, within each class within the international clas-
sification, the algorithms present a greater accuracy in the 
classification. Another important issue to consider is that the 
databases to be used are not freely available, and depending 
on the equipment and the characteristics of the images, the 
algorithms present some discrepancies with respect to the 
classification in the same database.

The most important studies for the detection and classifi-
cation of cataracts have been carried out in Singapore, and 
it must be taken into account that the genetic characteristics 
by geographical region are different, so a study has to be 
done for different geographical regions to corroborate the 
accuracy in the classification with the existing algorithms.

It should also be emphasized that depending on the input 
characteristics, the choice of the classification algorithm 
is important to obtain greater accuracy since each algo-
rithm has different characteristics and each of them must 
be adapted.

The important challenges to overcome in this area is 
the acquisition of new databases for different geographical 
regions and the use of new technologies for the staging of 
the condition including using different equipment such as the 
Pentacam and Scheimpflug equipment, as well as the use of 
different methodologies for obtaining images with cataracts.

Finally, the use of reconfigurable embedded systems is 
another item not explored in this area. The above for the 
design of auxiliary medical equipment in the diagnosis of 
this condition.

6  Concluding Remarks

From all the papers reviewed in this survey, it is evident 
that for cataract classification and grading in eye images, 
the image processing techniques have been evolved from 
the classic techniques to machine learning algorithms. These 
contributions have been evolved in a short period of time, 
in 8 years (from 2008 to 2016) the classification and grad-
ing methods have been tunned in order to achieve better 
performance.

The lack of large training datasets is also a problem in 
some contributions and the use of advanced machine learn-
ing methods is also a limitation for it. Validation and training 
could be improved if a large dataset is available. We iden-
tify two remaining challenges in acquiring training data for 
medical image analysis. One is gaining access to medical 
archives. These archives are mostly located in closed propri-
etary databases in hospitals or research centers and privacy 
regulations may impede distribution and access to the data. 

The other challenge is obtaining annotated image data in a 
systematic fashion. Finally, the accuracy achieved by some 
techniques is limited or can be misunderstood by the number 
of classes given by the expert, and in some cases, the clas-
sification given by the experts is not related to a relevant 
classification system like the LOCS III or the OCCCGS.

As a final item, it can be observed that the trend for the 
detection and classification of this condition has evolved, 
from traditional image processing techniques, machine 
learning methods, to the use of deep learning, where it has 
been proven that its use within medical images is highly 
accurate for detection and classification.
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Instituto Nacional de Astrof́ısica, Óptica y Electrónica, Apartado Postal 51-216,
72840 Puebla, Mexico

hans.israel@inaoep.mx

Abstract. A nuclear cataract is a type of disease of the eye that affects
a considerable part of the human population at an advanced age. Due
to the high demand for clinical services, computer algorithms based on
artificial intelligence have emerged, providing acceptable aided diagnos-
tics to the medical field. However, several challenges are yet to be over-
come. For instance, a well-segmented image of the region of interest could
prove valuable at a previous stage in the automatic classification of this
disease. A great variety of research in image classification uses several
image processing techniques before the classification stage. In this paper,
we explore the automatic segmentation based on two leading techniques,
namely, a Self-Organizing Multilayer (SOM) Neural Network (NN) and
Differential Evolution (DE) methods. Specifically, the fuzzy entropy mea-
sure used here is optimized via a neural process, and by using the evo-
lutive technique, optimal thresholds of the images are obtained. The
experimental part shows significant results in getting a useful automatic
segmentation of the medical images. In this extended version, we have
implemented the use of a Multilayer Perceptron, a classifier that proves
the usefulness of the segmented images.

Keywords: SOM · Neural network · Image segmentation
Differential evolution · Multilayer perceptron · Classification

1 Introduction

The segmentation of images by defining regions of interest has an essential role in
imaging applications [6]. The segmentation process subdivides an image into its
constituent parts or objects according to specific properties. Carrying the level
of subdivision depends on the problem under analysis and the characteristics of
the image itself. In other words, segmentation is achieved when the objects of
interest in an application have been isolated [13]. Segmentation is often the first
c© Springer Nature Switzerland AG 2018
A. D. Orjuela-Cañón et al. (Eds.): ColCACI 2018, CCIS 833, pp. 26–37, 2018.
https://doi.org/10.1007/978-3-030-03023-0_3
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stage in pattern recognition systems. Once the objects of interest are separated
from the rest of the image, specific characterizing measurements are usually
realized (feature extraction). After that, these are used to classify the objects
into particular groups or classes [5].

The majority of the segmentation algorithms based on thresholding produce
a two-level, or “object-background” segmentation. Oftentimes, this is unsatis-
factory for applications where several objects or classes need to be detected [3].
A general classification of segmentation techniques is either contextual or non-
contextual. Non-contextual techniques ignore the relationships between features
in an image; some global attribute simply groups the pixels. On the other hand,
contextual techniques exploit the relationships between image features [5].

In most of the medical applications, image segmentation is vital due to the
interest of subdividing images into several regions that can label tissue affected
by some disease, as opposed to healthy tissue.

In this paper, we propose a comparison of multi-level segmentation using
differential evolution and a SOM-like neural network (SLNN). For the case of
the SLNN, we use labels that are automatically pre-selected by a fuzzy clustering
technique. The images of the eye obtained by both techniques come from a slit-
lamp. The rest of the paper is divided as follows: Sect. 2 describes some related
work concerning the segmentation problem. In Sect. 3 the theory related to the
multi-level segmentation techniques is explained, and a brief description of the
Multilayer Perceptron is presented. Section 4 shows the experimental results.
And finally, the conclusion of this work is presented in Sect. 5.

2 Related Work

There are many related works to image segmentation techniques. Kapur et al.
(1985), Wong and Sahoo (1989), Pal (1996) and Rosin (2001) used entropy-
based global-thresholding for image segmentation. Sarkar et al. (2015) proposed
a multi-level thresholding approach based on fuzzy partition of the image his-
togram and entropy theory [14].

A variety of methods have been developed to solve the problem of image
segmentation, which is an essential stage in an automatic diagnosis system.
Cellular Neural Networks (CNN) proved to be very useful regarding real-time
image processing. For instance, in [17], the Discrete-Time Cellular Neural Net-
works (DTCNN) are applied to image segmentation based on active contour
techniques. Due to the iterative action of the algorithm, parallel processing is
only partially ensured in specific steps. Aizenberg et al. [1] present a particular
kind of cellular neural network based on a multiple-valued threshold logic in the
complex plane. The use of a CNN based on Universal Binary Neurons (UBNs)
makes the computation very efficient since it only requires boolean operations.
Vilariño et al. present a new algorithm for the cellular active contour technique
in [16]. This algorithm has a high efficiency and flexibility concerning the limits
of interest pursued.

A three-level thresholding method for image segmentation is presented in [15].
It is based on probability partition, fuzzy partition, and on the entropy theory.
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The fuzzy entropy, as a measure of error, is defined through probability analy-
sis. Also, the image is divided into three parts, namely, dark, gray and white.
The procedure for finding the optimal combination of all the fuzzy parameters
is implemented by a genetic algorithm with an appropriate coding method to
avoid useless chromosomes. Awad et al. [2] presents a new multicomponent image
segmentation method based on a nonparametric unsupervised artificial neural
network called Kohonen’s self-organizing map (SOM) and on a hybrid genetic
algorithm (HGA). SOM is used to detect the main features in the image. After
that, HGA optimizes the clusters of the image into homogeneous regions with-
out any prior knowledge. An unsupervised parallel segmentation approach that
uses a fuzzy Hopfield neural network (FHNN) is presented in [10]. Its primary
purpose is to embed fuzzy clustering into neural networks, so that online learn-
ing and parallel implementation for medical image segmentation are feasible. A
generation of possible results follows a fuzzy c-means clustering strategy that is
included in the Hopfield neural network to eliminate the need to find weight-
ing factors in the energy function. The formulation is based on a fundamental
concept commonly used in pattern classification, called the “within-class scatter
matrix” principle.

It is notorious in these references that most of the segmentation techniques
are based on unsupervised learning with Shannon Entropy as a measure of error.
The main difference between fuzzy entropy and Shannon entropy is that fuzzy
entropy contains fuzzy (possibilistic) uncertainties, whereas Shannon entropy
contains random uncertainties (probabilistic).

3 Self-organizing Maps, Differential Evolution and
Multilayer Perceptron

This section explains the two main techniques addressed for the segmentation
procedure, namely, the SOM-like neural network (SLNN) and Differential Evolu-
tion (DE). However, we first lay the foundations to represent the image related
to fuzzy concepts, enabling it to be processed by the neural network and the
evolutionary algorithm.

3.1 Histogram Based Image Fuzzification

An image I of size M × N with L gray intensity levels may be seen as an
array of fuzzy singletons whose value of membership denotes the degree to which
they possess some property or feature [3]. Therefore, a gray level image can be
interpreted as a fuzzy C partition, as shown in Fig. 1, using the fuzzy C-means
algorithm [8].

3.2 Error Function Definition

In terms of the fuzzy set theory, the fuzziness measures of fuzzy partitions are
usually used as a validation measure of a clustering solution. They measure the
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Fig. 1. Histogram based fuzzification

fuzziness of a partition of data set [3]. According to [4], the fuzziness measure of
a fuzzy partition should satisfy the following properties:

– F (A) = 0 (or other unique minimum) if μA(xi) = 0 or 1, ∀i (if A is crisp);
– F (A) = a unique maximum if μA(xi) = 0.5, ∀i;
– F (A) ≥ F (A∗) where A∗ is a sharper version of A, i.e.,

(
μ∗
A(xi) ≤ μA(xi) for μA(xi) ≤ 0.5

μ∗
A(xi) ≥ μA(xi) for μA(xi) ≥ 0.5

)
;

– F (A) = F (AC), where AC is the complement of A.

where

F (A) fuzziness measure of fuzzy set A;
μ membership function in the fuzzy set;
xi supporting points of the fuzzy set A.

An error function can be defined, satisfying the previously described properties,
as logarithmic entropy [4]:

H(A) = − 1
n ln (2)

∑
i

[
μA (xi) ln μA (xi) + (1 − μA (xi)) (1 − ln μA (xi))

]
(1)

where n is the number of fuzzy sets.

3.3 Self-organizing Multilayer Neural Network [9]

As it is, the multilayer perceptron (MLP) cannot be used for image segmentation
when only one input image is available because the MLP requires more than one
image for the learning process [8]. For the one-image segmentation problem, it
is desirable to apply a self-supervised learning technique, notably one which is
auto-adaptive (or self-organizing) [3].

The network consists of an input layer, an output layer, and one hidden layer
because of the training process (Fig. 2). Each layer consists of M × N neurons,
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where every neuron corresponds to an image pixel. Each neuron in the current
layer is only connected to the corresponding neuron in the previous layer and
the neurons in its d-th order neighborhood. For a m×n lattice (l), the d-th order
neighbor, Nd

ij of any element (i, j) is defined as

Fig. 2. SOM-like NN architecture

Nd
ij = {(i, j) ∈ l} (2)

such that

– (i, j) /∈ Nd
ij

– if (m,n) ∈ Nd
ij , then (i, j) ∈ Nd

mn

(m,n) denotes the location of the pixels surrounding the (i, j) central pixel. As an
example, N1 = {N1

ij} can be obtained by taking the four nearest-neighbor pixels.
N2 = {N2

ij} consists of the eight pixels neighboring (i, j) [8]. As a condition, the
NN’s weights cannot be randomly set, or they will alter the input image [3].
Random initialization of weights may act as pseudo noise, and the compactness
of the extracted regions may be lost [7].

The activation function of every neuron consists of a sigmoid-like function
with multiple levels, described in Eq. (3). The activation function is a key part in
this NN because the output needs to be set in the levels given by this function.
It is obtained by the superposition of k = C − 1 shifted sigmoid functions (C
being the number of classes obtained by the fuzzification).

f(x) =
∑
k

(
yk − yk−1

1 + e− x−θkd

θ0

)
× [

u
(
x − yk−1 × d2

) − u
(
x − yk × d2

)]
(3)
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where

θk thresholds;
yk target level of each sigmoid;
θ0 steepness parameter;
d size of the neighborhood;
u step function.

The thresholds and the target values are obtained from the error function, as the
gray levels with the maximal and minimal levels of fuzziness, respectively [3].

3.4 Multi-level Fuzzy Entropy

In terms of the fuzzy sets theory, when a data set is given, uncertainty is related
either to vague descriptions or inaccurate measurements, and it is called the
fuzziness measure [12]. The fuzziness of a fuzzy set is a measure of the informa-
tion contained in it, just like probabilistic entropy is in the field of information
theory [3]. Entropy was chosen as a measure of error because of the learning
process: the aim of the network is to reduce the degree of fuzziness of the input
image. Fuzzy entropy, when used for multi-level segmentation, measures the
amount of information extracted [18]. According to the fuzzy theory, a fuzzy set
is a generalization of a classical set, where an element may partially belong to a
set A. Therefore, A can be defined as:

A = {(x, μA(x)) |x ∈ X} (4)

where μA(x) is called the membership function, which defines the closeness of x
to A. The fuzzy entropy for each segment can be defined by:

Hn(t) = −
L−1∑
i=0

pi × μn(i)
Pn

ln
pi × μn(i)

Pn
(5)

where

Pn =
L−1∑
i=0

pi × μn(i) (6)

3.5 Differential Evolution (DE)

It is a population-based global optimization algorithm [14]. The i-th individual
of the population at a generation t is a D-dimensional vector containing a set of
D optimization parameters:

Zi(t) = [Zi,1(t), Zi,2(t), . . . , Zi,D(t)] (7)

In each generation, a donor vector Yi(t) is created. To create a donor vector
for each i-th member, three other parameter vectors Zr1,j , Zr2,j and Zr3,j are
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randomly chosen from the current population. The donor vector is obtained by
multiplying a scalar number F by the difference between any two of the three
parameter vectors. The process for the j-th component of the i-th vector is:

Yi,j (t) = Zr1,j(t) + F (Zr2,j(t) − Zr3,j(t)) (8)

A crossover operation is performed to increase the diversity of population.
It takes place on each of the D variables whenever a randomly picked number
between 0 and 1 is within the Cr value. Thus, for each target vector Zi(t), a
trial vector Ri(t) is created as follows:

Ri,j(t) =
{

Yi,j(t) if randj(0, 1) ≤ Cr or j = rn(i)
Zi,j(t) otherwise (9)

Where j = 1, 2, . . . ,D, randj(0, 1) ∈ [0, 1] is the j-th evaluation of a generator
of uniform random numbers and rn(i) ∈ [1, 2, . . . ,D] is a random index that
ensures that RI (t) contains at least a component from ZI (t). Cr is the crossover
probability [12].

Finally, selection is performed to determine which one vector will survive
among the target and trial vectors in the next generation t = t + 1:

ZI =
{
RI (t) f (RI (t)) > f (ZI (t))
ZI (t) f (RI (t)) ≤ f (ZI (t))

(10)

where f is the function to be maximized.
Finally, Fig. 3 presents the flowcharts for SOM-like multi-level segmentation and
DE multi-level segmentation, respectively.

3.6 Multilayer Perceptron

A multilayer perceptron (MLP) is a class of feed-forward artificial neural net-
work. An MLP consists of at least three layers of nodes. Except for the input
nodes, each node is a neuron that uses a nonlinear activation function. MLP
utilizes a supervised learning technique called error back-propagation for train-
ing. It can distinguish data that is not linearly separable. Since MLPs are fully
connected, each node in one layer connects with a certain weight wij to every
node in the following layer [11]. The two common activation functions are both
sigmoids, and they are described by:

y(xi) = tanh(xi) (11)

and
y(xi) =

1
1 + e−xi

(12)

The first is a hyperbolic tangent that ranges from −1 to 1, whereas the other
one is the logistic function, which is similar in shape, but ranges from 0 to 1.
Here yi is the output of the i-th node (neuron), and xi is the weighted sum of
the input connections.
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Fig. 3. Flowcharts for (a) SOM-like and (b) DE multi-level segmentation

Learning occurs in the perceptron by changing the connection weights after
each piece of data is processed, based on the amount of error in the output
compared to the expected result. This is an example of supervised learning, and
is carried out through error’s back-propagation, a generalization of the least
mean squares algorithm in the linear perceptron.

4 Experimental Results

The dataset consists of 40 images, labeled either as cataract or non-cataract.
The images are obtained from a digital slit-lamp camera. The images shown
are 1028 × 640 RGB images; they were focused with a Topcon SL-D2 slit-lamp,
using a slit angle of 30◦, a 0.5 mm aperture, and a maximum luminous intensity.
They were captured by a Topcon DC-1 digital camera. For both multi-level
segmentation techniques, the maximum number of iterations was set to 1000,
achieving good stabilization for both methods (DE and SLNN). The number of
thresholds was set to 2, 3 and 4 in order to test the multi-level segmentation and
classification. The effectiveness of the segmentation techniques was measured in
fuzzy entropy terms.
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Fig. 4. Normalized mean intensity resulting from the 3-level segmentation using (a)
DE (b) SLNN (Color figure online)

Fig. 5. Normalized pixel count resulting from the 3-level segmentation using (a) DE
(b) SLNN (Color figure online)

Fig. 6. Fuzzy entropy of the 3-level segmented image using (a) DE (b) SLNN (Color
figure online)
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Fig. 7. Results of the training; Error using (a) DE, (b) SLNN; Confusion matrix for
training, validation and testing using: (c) DE, (d) SLNN; ROC for training, validation
and testing using: (e) DE, (f) SLNN
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For the differential evolution segmentation, the optimization parameters
where set to D = NThresholds × 2, the population size NP = 10 × D, the
weighting factor F = 0.5, and the crossover probability Cr = 0.9. For the SOM
NN segmentation, the back-propagation algorithm was implemented to train the
network, and one hidden layer was set. The learning rate was set to η = 0.1, and
the neighborhood of the neural network was set to 3.

For classification of the segmented images, a multilayer perceptron was imple-
mented, and six characteristics were extracted from the resulting images as input
data: normalized mean intensity in red, green, blue channels and in a converted
grayscale image (Fig. 4), normalized pixel count of the segmented region (Fig. 5),
and the fuzzy entropy of the segmented image (Fig. 6). Several tests were made,
and the best results were obtained with a 3-level segmentation, 4 neurons in the
hidden layer of the MLP with sigmoid activation function. The training algo-
rithm implemented was the scaled conjugated gradient. The simulations were
performed with MATLAB® R2017b in a workstation with Intel® CoreTM i7
1.8 GHz processor. Segmented images fs(x, y) were formed as gray scale images.
For classification, 60% of the data set was used for training, 15% for validation,
and the remaining for testing. The performance of the MLP was measured by
cross entropy, and the results are shown in Fig. 7 for both segmentation methods.

As can be observed in the results, the best training was achieved by the input
data obtained by the DE 3-level segmentation in all possible ways. In the error
histogram bars shown in Fig. 7(a) and (b), the error was minimized by the input
data obtained by DE segmentation for the three data sets (training, validation
and test). For the confusion matrices shown in Fig. 7(c) and (d), the best per-
formance was achieved by the DE segmentation, which shows an accuracy of
97.5%, as opposed to 90% accuracy performed by SLNN. The Receiver Oper-
ating Characteristic (ROC) results shown in Fig. 7(e) and (f) also confirm that
the input data obtained by the DE 3-level segmentation contains data clustered
more efficiently to achieve a better classification by the MLP.

5 Conclusion

The comparison of two main techniques for multi-level segmentation of images
has been presented in this work. The results were measured with the performance
of the MLP for classification as cataract and non-cataract. From the previous
tests and results, it can be concluded that differential evolution outperforms the
multi-level segmentation for slit-lamp eye images with the actual dataset. One
main objective of this research is to create a library of digital slit-lamp images of
cataract eyes with several grades of damage, including early-cataract images for
detection at an initial stage. Future work concerns achieving a gradual nuclear
cataract classification of slit-lamp images and using deep networks for the same
purpose.
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Abstract—Many computer algorithms have been developed,
providing an initial aided diagnosis to the medical expertise.
Most important previous stage in the automatic classification to
grading diseases using images is to obtain a well-segmented region
of interest from. Several related research in image classification
uses a great number of image processing techniques previous to
the classification stage. In this paper, we compare the automatic
segmentation based on two leading machine learning techniques:
Differential Evolution (DE) and the Self-Organizing Multilayer
(SOM) Neural Network (NN) methods. The results are also
compared with K-means algorithm for multi-level segmentation
from slit-lamp images. Segmented images were obtained relying
on a thresholding approach based on fuzzy partitions of the image
histogram and a fuzzy entropy measure optimized via a neural
process and by the evolutive technique. The resulting approaches
were also compared with the classical Shannon entropy.

Index Terms—SOM, Neural Network, Image segmentation,
Differential Evolution, K-means

I. INTRODUCCIÓN

La segmentación de regiones de interés (ROI) en imágenes
juega un papel importante en aplicaciones de imagenologı́a
[1]. El proceso de segmentación subdivide una imagen en sus
partes u objetos constituyentes de acuerdo con propiedades
especı́ficas. El nivel de subdivisión depende del problema a
analizar y de las caracterı́sticas propias de la imagen, es decir,
alcanzar la segmentación cuando los objetos de interés para
cierto problema, han sido aislados [2]. En los sistemas de
reconocimiento de patrones, la segmentación es la primera
etapa utilizada correspondiente al procesamiento de la imagen;
una vez que los objetos de interés están separados del resto
de la imagen, se puede realizar mediciones de caracterı́sticas
especı́ficas (extracción de caracterı́sticas), y luego usar esto
para clasificar los objetos en grupos o clases particulares [3].
Casi todos los algoritmos de segmentación basados en umbral-
ización, producen una segmentación de dos niveles también
conocida como segmentación de “objeto y fondo”. En la
mayorı́a de las veces, esto resulta no satisfactorio para aplica-
ciones donde se necesita detectar más de un objeto [4]. Las
técnicas de segmentación se pueden clasificar como contex-
tuales y no contextuales. Las técnicas no contextuales ignoran

las relaciones entre las caracterı́sticas de una imagen, agru-
pando pixeles mediante atributos globales. Adicionalmente,
las técnicas contextuales explotan las relaciones entre las
caracterı́sticas de la imagen [3].
En la mayorı́a de las aplicaciones médicas, la segmentación
de imágenes es vital debido al interés de subdividir la imagen
en varias regiones que pueden diferenciar el tejido afectado
por alguna enfermedad del tejido sano.
En este artı́culo, se propone una comparación de segmentación
multi-nivel utilizando la evolución diferencial (DE) y una
red neuronal tipo SOM con etiquetas preseleccionadas au-
tomáticamente mediante una técnica de agrupamiento difuso
en imágenes oculares con lámpara de hendidura. Los resul-
tados también se comparan con la segmentación multi-nivel
con el algoritmo K-means. El trabajo se divide de la siguiente
manera: la Sección II describe algunos trabajos relacionados
con el problema de la segmentación, la sección III explica
la teorı́a relacionada con las técnicas de segmentación multi-
nivel presentadas y comparadas. La Sección IV muestra los
resultados experimentales, y finalmente la sección V presenta
una breve discusión de los resultados obtenidos y la conclusión
de este trabajo se encuentra en la sección VI.

II. TRABAJO PREVIO

Existen muchos trabajos relacionados con técnicas de seg-
mentación de imágenes; Kapur et al. (1985), Wong y Sahoo
(1989), Pal (1996) y Rosin (2001) reportaron umbrales glob-
ales basados en entropı́a para la segmentación de imágenes.
Sarkar et al. (2015) propuso un enfoque de umbralización
multi-nivel basado en la partición difusa del histograma de
la imagen y teorı́a de entropı́a [5]. Se han desarrollado una
gran variedad de métodos para resolver el problema de la
segmentación de imágenes, que es una etapa esencial en un
sistema de diagnóstico automático
En [6], las Redes Neuronales Celulares de Tiempo Discreto
(DTCNN) se aplican a la segmentación de imágenes basada
en técnicas de contorno activo. Mediante estos algoritmos
iterativos, el procesamiento en paralelo solo está parcialmente
asegurado en pasos especı́ficos.
Aizenberg et al. [7] presenta un tipo particular de redes
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neuronales celulares basadas en una lógica de umbral de
valores múltiples en el plano complejo. Al utilizar CNN
basado en Neuronas Binarias (UBN), hace que el cálculo sea
muy eficiente, ya que solo requiere operaciones booleanas.
Vilarino et al. presenta en [8] un nuevo algoritmo para la
técnica de contorno celular activo, que tiene una alta eficiencia
y flexibilidad con respecto a los lı́mites de interés perseguidos.
En [9] se presenta un método de umbralización de tres niveles
para la segmentación de imágenes, basado en la partición de
probabilidad, la partición difusa y la teorı́a de entropı́a. La
entropı́a difusa, como medida del error, se define a través
del análisis de probabilidad. El procedimiento para encontrar
la combinación óptima de todos los parámetros difusos se
implementa mediante un algoritmo genético con un método
de codificación apropiado para evitar cromosomas inútiles.
Awad et al. [10] presenta un nuevo método de segmentación de
imágenes multi-componente que se desarrolla utilizando una
red neuronal articular no-paramétrica y no supervisada llamada
mapa auto-organizado (SOM) de Kohonen y el algoritmo
genético hı́brido (HGA). El mapa auto-organizado se usa
para detectar las principales caracterı́sticas que están presentes
en la imagen; luego, el algoritmo genético hı́brido se usa
para agrupar la imagen en regiones homogéneas sin ningún
conocimiento previo.
En [11] se describe un enfoque de segmentación paralela
no supervisado que utiliza una red neuronal difusa Hopffield
(FHNN). La generación de posibles resultados sigue una
estrategia de agrupamiento C-means difuso incluido en la red
neuronal Hopffield para eliminar la necesidad de encontrar fac-
tores de ponderación en la función de energı́a. La formulación
se basa en un concepto fundamental comúnmente utilizado en
la clasificación de patrones, llamado principio de “matriz de
dispersión dentro de la clase”.
En todos estos trabajos, se observa que la mayorı́a de las
técnicas de segmentación basadas en el aprendizaje no su-
pervisado usan la Entropı́a de Shannon como una medida
del error. La entropı́a difusa se diferencia de la entropı́a de
Shannon en cuanto que la entropı́a difusa contiene incertidum-
bres difusas (posibilista), mientras que la entropı́a de Shannon
contiene incertidumbres con aleatoriedad (probabilı́stica).

III. MARCO TEÓRICO

Esta sección explica las dos principales técnicas abordadas
en este trabajo, es decir, la red neuronal tipo SOM y la
evolución diferencial. En primer lugar, se establecen las bases
para representar la imagen relacionada con conceptos difusos,
lo que permite que sea procesada por la red neuronal y el
algoritmo evolutivo.

A. Fuzzificación basada en el histograma

Una imagen I de tamaño M×N con L niveles de intensidad
de gris puede verse como una matriz de arreglos simples
difusos cuyo valor de membresı́a denota el grado en que
poseen alguna propiedad o caracterı́stica [4]. Entonces, una
imagen en escala de grises puede interpretarse como una

partición C difusa como se muestra en la Figura 1 [12]. Para
lograrlo se utiliza el algoritmo Fuzzy C-means (FCM).

Figura 1. Fuzzificación basada en el Histograma

B. Definición de la función de error

En cuanto a la teorı́a de conjuntos difusos, las medidas
de dispersión de los conjuntos difusos, se emplean general-
mente como una medida de validación de una solución de
agrupamiento; miden la falta de claridad de una partición del
conjunto de datos [4]. De acuerdo con [13], la medida de
dispersión de la partición difusa A debe cumplir las siguientes
propiedades:

• F (A) = 0 (o cualquier otro mı́nimo único) si µA(xi) = 0
o 1, ∀i (si A presenta rizo);

• F (A) = un máximo único si µA(xi) = 0.5, ∀i;
• F (A) ≥ F (A∗) donde A∗ es una versión más aguda de
A, i.e.,

(
µ∗
A(xi) ≤ µA(xi) para µA(xi) ≤ 0.5
µ∗
A(xi) ≥ µA(xi) para µA(xi) ≥ 0.5

)
;

• F (A) = F (AC), donde AC es el complemento de A.
donde

F (A) medida de dispersión del conjunto difuso A;
µ función de membresı́a en el conjunto difuso;
xi puntos de soporte del conjunto difuso A.

Se puede definir una función de error, que satisfaga
las propiedades descritas anteriormente, como entropı́a
logarı́tmica [13]:

H(A) = − 1

n ln (2)

∑

i

[
µA (xi) lnµA (xi)

+ (1− µA (xi)) (1− lnµA (xi))
]

(1)

donde n es el número de conjuntos difusos.

C. Red Neuronal Multi-capa auto-organizada [14]

La red consta de una capa de entrada, una capa de salida y
al menos una capa oculta (Figura 2). Cada capa consiste en
M x N neuronas, y cada neurona corresponde a un pixel de
la imagen. Cada neurona en la capa actual solo está conectada
a la neurona correspondiente en la capa previa y las neuronas
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Figura 2. Arquitectura tipo SOM

Figura 3. Sistema de vecindad Nd

en su vecindad de orden d-ésima (Figura 3). Para una rejilla
(l) de m x n, el vecino de orden d-ésimo, Nd

ij de cualquier
elemento (i, j) se define como

Nd
ij = {(i, j) ∈ l} (2)

tal que

• (i, j) /∈ Nd
ij

• si (m,n) ∈ Nd
ij , entonces (i, j) ∈ Nd

mn

(m,n) denota la localización de los pixeles circundantes al
pixel central(i, j). Como ejemplo, N1 = {N1

ij} se puede
obtener tomando los cuatro vecinos más cercanos. N2 =
{N2

ij} consiste en los ocho pixeles vecinos (i, j) como se
muestra en la Figura 3 [12]. Como condicionante, los pesos de
la red neuronal no pueden ser inicializados aleatoriamente o al-
terarán la imagen de entrada [4]. La inicialización aleatoria de
los pesos puede actuar como pseudo-ruido y la compactación
de las regiones extraı́das se puede perder [15].
La función de activación de cada neurona consiste en una
función tipo sigmoide con múltiples niveles, descrita en la
Ec. 3 La función de activación es una parte clave de esta
red neuronal, ya que la salida debe establecerse en los niveles
proporcionados por esta función. Se obtiene mediante la super-
posición de k = C − 1 funciones tipo sigmoide desplazadas (

donde C es el número de clases obtenidas por la fuzzificación).

f(x) =
∑

k

(
yk − yk−1

1 + e−
x−θkd
θ0

)

×
[
u
(
x− yk−1 × d2

)
− u

(
x− yk × d2

)]
(3)

donde
θk umbrales;
yk nivel de objetivo de cada sigmoide;
θ0 parámetro de paso;
d tamaño de la vecindad;
u función escalón.
Los umbrales y los niveles de objetivo se obtienen de la
función de error, como los niveles de gris con los valores
máximo y mı́nimo de dispersión, respectivamente. [4].

D. Entropı́a multi-nivel de Shannon

En términos de la teorı́a de conjuntos difusos, la incertidum-
bre, ya sea debido a descripciones imprecisas o mediciones
inexactas, cuando se tiene un conjunto de datos, se denomina
medida de dispersión [16]. La dispersión de un conjunto difuso
es una medida de la información contenida en éste, al igual
que la entropı́a probabilı́stica es en el campo de la teorı́a de
la información [4]. La entropı́a se eligió como una medida de
error debido al proceso de aprendizaje: el objetivo de la red
es reducir el grado de dispersión de la imagen de entrada. La
entropı́a de la imagen total se puede definir como:

H(P ) = −
n∑

i=1

pi log2 pi (4)

P es el histograma normalizado para imágenes con L = 255
niveles de gris y pi es el i-ésimo valor del histograma corre-
spondiente. Los umbrales (t = n − 1) dividen el histograma
normalizado en n clases, por lo que la entropı́a de cada clase
puede ser calculada como:

Hn(t) = −
L−1∑

i=tn−1+1

pi
Pn

ln
pi
Pn

(5)

donde

Pn(t) =
L−1∑

i=tn−1+1

pi (6)

E. Entropı́a multi-nivel difusa

La entropı́a difusa es una medida de la cantidad de in-
formación producida por un proceso aleatorio. Cuando se
usa para la segmentación multi-nivel, mide la cantidad de
información extraı́da [17]. De acuerdo a la teorı́a difusa,
un conjunto difuso es una generalización de un conjunto
clásico, donde un elemento puede pertenecer parcialmente a
un conjunto A. Ası́, A puede ser definido como [4]:

A = {(x, µA(x)) |x ∈ X} (7)

donde µA(x) es llamada función de membresı́a, la cual define
la cercanı́a de x con respecto de A. La entropı́a difusa para

Authorized licensed use limited to: INSTITUTO NAL. ASTROFISICA O. Y ELECT (INAOE). Downloaded on October 21,2020 at 04:39:59 UTC from IEEE Xplore.  Restrictions apply. 



cada segmento correspondiente con su propia función de
membresı́a se puede definir por:

Hn(t) = −
L−1∑

i=0

pi × µn(i)

Pn
ln
pi × µn(i)

Pn
(8)

donde

Pn =
L−1∑

i=0

pi × µn(i) (9)

Ahora que se ha descrito la estructura de la red neuronal tipo
SOM con funciones de membresı́a difusa, se describirá a con-
tinuación el otro método de comparación para la segmentación
multi-nivel.

F. Evolución Diferencial (DE)

La evolución diferencial fue propuesta en principio por
Storn en 1997. Es un algoritmo de optimización global basado
en la población [5]. El i-ésimo individuo de la población en
la generación t es un vector D-dimensional conteniendo un
conjunto de D parámetros de optimización.

~Zi(t) = [Zi,1(t), Zi,2(t), . . . , Zi,D(t)] (10)

En cada generación, un vector donante ~Yi(t) es creado. Para
crear un vector donante para cada i-ésimo miembro, se es-
cogen aleatoriamente otros tres vectores de parámetros de la
población actual Zr1,j , Zr2,j y Zr3,j . El vector donante se
obtiene multiplicando un número escalar F con la diferencia
de cualquier par de los tres vectores. El proceso para el j-
ésimo componente del i-ésimo vector es:

~Yi,j(t) = Zr1,j(t) + F (Zr2,j(t)− Zr3,j(t)) (11)

Se realiza una operación de cruza para incrementar la diversi-
dad de la población. Toma lugar para cada una de las variables
D siempre que un número elegido al azar entre 0 y 1 esté
dentro del valor Cr. Por lo tanto, para cada vector objetivo
~Zi(t), se crea un vector de prueba ~Ri(t) de la siguiente
manera:

Ri,j(t) =

{
Yi,j(t) si randj(0, 1) ≤ Cr o j = rn(i)
Zi,j(t) de otra manera (12)

Donde j = 1, 2, . . . , D y randj(0, 1) ∈ [0, 1] es la j-ésima
evaluación de un generador de números aleatorios uniforme y
rn(i) ∈ [1, 2, . . . , D] es un ı́ndice aleatorio que asegura que
~RI(t) contenga al menos un componente de ~ZI(t). Cr es la

probabilidad de cruza [16].
Finalmente, se realiza una operación de selección para deter-
minar cual vector sobrevivirá entre los vectores de objetivo y
prueba en la siguiente generación t = t+ 1:

~ZI =





~RI(t) f
(
~RI(t)

)
> f

(
~ZI(t)

)

~ZI(t) f
(
~RI(t)

)
≤ f

(
~ZI(t)

) (13)

donde f es la función a ser maximizada.
A manera de comparación, la Figura 4a) y la Figura 4b) son los
diagramas de flujo para la segmentación multi-nivel con una

red neuronal tipo SOM y la segmentación multi-nivel usando
evolución diferencial respectivamente.

Inicio

Imagen de 
entrada

Inicialización de los 
umbrales

Mutación

Cruza

Cálculo de la 
entropía difusa

¿Criterio de 
entropía 

alcanzado?

Imagen 
segmentada

Fin

Si

No

Inicio

Imagen de 
entrada

Cálculo del 
histograma

FCM

Definición de la 
función de error

Umbralización 
adaptiva de la red 

neuronal

Cálculo de la 
entropía difusa

¿Criterio de 
entropía 

alcanzado?

Imagen 
segmentada

Fin

Si

No

a) b)

Figura 4. Diagramas de flujo para la segmentación multi-nivel utilizando a)
DE y b) SOM NN

IV. RESULTADOS

Seis de las imágenes elegidas para realizar la segmentación
multi-nivel se muestran en la Figura 5. Para efectos prácticos
se muestran los resultados obtenidos con estas imágenes. Las
imágenes mostradas son imágenes RGB de 1028×640 pixeles;
fueron enfocadas con una lámpara de hendidura Topcon SL-
D2 con una inclinación de la hendidura de 30°, una apertura de
0.5 mm, intensidad lumı́nica máxima y capturadas mediante
una cámara digital Topcon DC-1. Para ambas técnicas de seg-
mentación multi-nivel, el número de iteraciones se estableció
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a) b)

c) d)

e) f)

Figura 5. Imágenes originales tomadas mediante lámpara de hendidura

en 1000, logrando ası́ una buena estabilización para ambos
métodos (DE y SOM). El número de umbrales se fijó en
2, 3 y 4 para poder lograr la segmentación multi-nivel. La
efectividad de las técnicas de segmentación se midió tanto
con la entropı́a clásica de Shannon como con la entropı́a
difusa. De igual manera, los resultados se compararon con
la segmentación multi-nivel utilizando el algoritmo K-means,
que selecciona los umbrales óptimos con base en los niveles
de gris de la imagen. Para la segmentación por evolución
diferencial, los parámetros de optimización fueron establecidos
como D = NThresholds × 2, el tamaño de la población
NP = 10 ×D, el factor de peso F = 0.5 y la probabilidad
de cruza Cr = 0.9.
Para la segmentación tipo SOM, se implementó el algoritmo
de retro-propagación para entrenar la red y una capa oculta en
la arquitectura de la red. El tamaño del mapa auto-organizado
es de 1028 × 640, que es el mismo número de neuronas
correspondientes al número de pixeles de las imágenes y no
fueron modificadas para evitar la pérdida de información de
pixeles. Debido al tamaño del mapa se eligió una capa oculta
por la carga de trabajo y el tiempo de procesamiento para cada
imagen. El factor de aprendizaje se estableció en η = 0.1. La
entropı́a difusa se eligió como la medida de error, y la vecindad
Nd

i,j se estableció en 3.

Tabla I
VALOR OBJETIVO MEDIO (fm) UTILIZANDO DE

Imagen 4-Niveles 3-Niveles 2-Niveles
SE FE SE FE SE FE

a) 1.5409 1.6080 1.3162 1.1644 0.9393 0.1410
b) 1.1700 1.1676 0.9395 0.9432 0.8594 0.6871
c) 1.2967 0.4301 1.0209 0.2760 0.6424 0.1581
d) 1.1521 1.2665 1.0328 1.2905 0.5339 0.6828
e) 1.4599 0.7259 1.2718 0.6689 1.0470 0.2857
f) 0.8257 1.2327 0.9291 0.8050 0.7205 0.6679

Tabla II
VALOR OBJETIVO MEDIO (fm) UTILIZANDO SOM NN

Imagen 4-Niveles 3-Niveles 2-Niveles
SE FE SE FE SE FE

a) 1.6614 3.2442 1.3928 2.2198 1.1586 1.4442
b) 1.4721 4.9716 1.2971 3.4167 0.8693 2.0222
c) 1.4630 4.9813 1.0014 3.7995 0.9515 2.4895
d) 1.7222 6.4178 1.4527 4.0527 1.1772 2.9538
e) 1.6846 4.8641 1.3878 3.5043 1.0888 2.0432
f) 1.5957 5.1800 1.2819 3.6962 1.1974 3.1087

Tabla III
VALOR OBJETIVO MEDIO (fm) UTILIZANDO K-MEANS

Imagen 4-Niveles 3-Niveles 2-Niveles
SE FE SE FE SE FE

a) 2.3202 3.5427 1.4721 3.1717 1.3121 3.0751
b) 2.1700 5.0010 1.3941 3.5114 0.9875 2.1522
c) 1.9248 6.7121 1.4114 5.8114 0.8441 2.5113
d) 1.8324 5.4281 1.5700 5.9211 2.0001 2.7514
e) 1.9500 5.9211 2.1552 4.7132 1.3429 3.4414
f) 1.7247 6.2112 1.3491 3.7429 1.2500 3.2192

Las simulaciones se realizaron utilizando MATLAB®

R2016a en una estación de trabajo con un procesador Intel®

CoreTM i7 1.8 GHz. las imágenes segmentadas fs(x, y) se
obtuvieron como imágenes en escala de grises. El desempeño
de las técnicas de segmentación multi-nivel se midió en
términos del valor objetivo medio, (fm), que es la entropı́a
final de las imágenes segmentadas después del número
de iteraciones computadas. Las imágenes resultantes de la
segmentación utilizando DE se muestran en la Figura 6, y el
valor objetivo medio se muestra en la Tabla I.
Las imágenes resultantes de la segmentación utilizando la red
neuronal tipo SOM se muestran en la Figura 6, y el valor
objetivo medio se muestra en la Tabla II. Para el algoritmo
K-means, las imágenes se muestran en la Figura 6, y el valor
objetivo medio se muestra en la Tabla III.

V. DISCUSIÓN

Con base en los resultados obtenidos, la segmentación
multi-nivel utilizando evolución diferencial presenta una mejor
segmentación tanto visual, como para el valor objetivo medio
fm utilizando tanto la entropı́a de Shannon como la entropı́a
difusa. Lo anterior puede deberse a que los algoritmos evolu-
tivos como la evolución diferencial buscan encontrar el valor
mı́nimo global en la medida de error sin caer en mı́nimos
locales. Sin embargo, para la segmentación multi-nivel tipo
SOM puede hacerse cambios en la arquitectura de red para
mejorar el desempeño de la misma. Ası́ mismo, la entropı́a
difusa ofrece los mejores resultados con respecto a la entropı́a
de Shannon para todos los niveles de segmentación presenta-
dos. A manera de comparación, el método de agrupamiento
para segmentación multi-nivel con el algoritmo K-means fue
presentado, obteniendo los resultados menos favorables para
el valor objetivo medio.
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Figura 6. Segmentación multi-nivel para imágenes de lámpara de hendidura

VI. CONCLUSIÓN

Se presentó la comparación de dos técnicas de inteligencia
computacional para la segmentación automática multi-nivel de
imágenes. De los resultados presentados se concluye que la
evolución diferencial realiza una mejor segmentación multi-
nivel para el tipo de imágenes mostradas basándose en el
valor objetivo medio y el número de iteraciones descritos
con anterioridad. El histograma de la imagen es importante
para la inicialización de los grupos. El trabajo a futuro está
relacionado a segmentar y clasificar la catarata nuclear con
imágenes de lámpara de hendidura utilizando redes neuronales
profundas y lógica difusa.
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