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Abstract 

Screening for disease has been a widely accepted practice in healthcare since the twentieth 
century. Nowadays, in most developed countries we can find organized screening programs 
in different types of cancer (breast, cervical and colorectal are the most common) and for 
antenatal and newborns. Two clinical fields where the potential benefits of screening are very 
promising and have received worldwide attention are eye diseases, like diabetic retinopathy 
or glaucoma, and skin diseases, like melanoma and non-melanoma skin cancer.  

Screening programs have adopted a broad range of technological facilities. In this work 
we get an extensive insight in the role of image processing, telemedicine and Computer-
Aided-Detection (CAD) systems and the benefits that can provide to aid in the fulfillment of 
the good practices and protocols established for a successful service. The use of medical 
images has become an indispensable diagnostic tool in many current screening programs. 
The great advance of medical imaging and image processing, their intensive use in the 
majority of the specialties to aid in the detection and follow-up of most conditions and their 
availability in health provider centers, have driven to be one of the tests typically performed 
in a screening campaign. Among all imaging modalities present in current screenings, we 
will focus on image processing methods for Color Fundus (CF) and Optical Coherence 
Tomography (OCT) images. While CF is basically used in retinal imaging, OCT can be used 
in retinal and skin imaging among many other fields.  

Telemedicine and e-health technology have played a significant role assisting in the 
provision of screening services. Associated to the most established screening 
implementations there have been remarkable telemedicine initiatives. The intensive use of 
imaging for the diagnosis and monitoring of eye diseases make telemedicine ideal for tele-
screening, but it is still an open research field in pathologies like glaucoma that demands 
further developments to demonstrate its potential benefits. Glaucoma is one of the leading 
causes of global irreversible vision loss and it is estimated that affects 70 million people 
worldwide. This pathology represents a promising opportunity for screening due to the 
relevant percentage, up to 50% of population suffering the disease that is not aware of it and 
the benefits that an early diagnosis and treatment can represent to the patient. In this context, 
we have designed and implemented a new tele-screening tool with a multi-specialty and 
multi-disease approach to support some of the challenges identified in current screening 
services. Besides, the tool was tested with good results, on more than 1000 patients in an 
ophthalmology screening campaign specially focused on glaucoma.  

This Thesis has also studied CAD systems which have demonstrated in many medical 
applications that can assist physicians in the interpretation of images for the detection and 
diagnosis of multiple pathologies. From all the steps involved in a typical CAD system we 
paid special attention to two of them: the pre-processing for image enhancement and the 
automatic classification of a specific disease. In the pre-processing we present 
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a new imaging enhancement method for OCT images that can serve as the first step in a CAD 
system for skin imaging as well as to improve emerging portable prototypes to be used in 
screening programs. We have tested the method successfully in several skin datasets, 
including an innovative qualitative assessment methodology to evaluate the clinical value of 
this type of image processing. Finally, for the automatic classification part, we present an 
extensive study of the application of deep convolutional neural networks to the challenging 
task of detecting glaucoma in color fundus images, which could serve as a valuable tool to 
be incorporated in CAD systems for large glaucoma screening campaigns. 

In this thesis we have examined, implemented and tested new advanced methods in several 
relevant technological components present in many screening services. The results reveal 
new promising lines of work that we hope to continue exploring in the future.  
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Resumen 

El cribado de enfermedades es una práctica muy extendida en los servicios de salud desde el 
siglo XX. En nuestros días, en la mayoría de los países desarrollados podemos encontrar 
programas de cribado en fetos y recién nacidos y diferentes tipos de cáncer, siendo los más 
extendidos el de mama, de cérvix y colorrectal. Dos especialidades médicas donde los 
potenciales beneficios del cribado son muy prometedores y han recibido gran repercusión en 
los últimos tiempos, son la oftalmología, en patologías como la retinopatía diabética o el 
glaucoma, y en dermatología, en enfermedades como el cáncer de piel melanoma y no 
melanoma. 

Los programas de cribado han adoptado una gran variedad de soluciones tecnológicas 
para cumplir sus exigentes requerimientos. En este trabajo profundizaremos sobre todo en el 
papel del procesamiento de imágenes biomédicas, la telemedicina y los sistemas de ayuda al 
diagnóstico, y los beneficios que pueden proporcionar en el cumplimiento de los protocolos 
y buenas prácticas reconocidas para ofrecer un servicio de cribado de calidad. El uso de 
imágenes médicas se ha convertido en una herramienta indispensable en muchos programas 
de cribado. Los avances en nuevos dispositivos de imagen y procesamiento, su utilización 
intensiva en la mayoría de las especialidades para ayudar en la detección y seguimiento de 
múltiples patologías y su disponibilidad en los centros de salud han facilitado y potenciado 
su uso como una de las pruebas más habituales en una campaña de cribado. En este trabajo 
nos centraremos en imágenes de fondo de ojo en color y en imágenes de tomografía de 
coherencia óptica. Mientras que las primeras se utilizan fundamentalmente para visualizar la  
retina, la segunda tiene aplicaciones en innumerables especialidades, entre ellas para el 
estudio de enfermedades de la retina o de la piel. 

La telemedicina ha jugado un rol muy relevante en la provisión y soporte de servicios de 
cribado. Podemos encontrar numerosas iniciativas basadas en telemedicina vinculadas a 
programas de cribado ampliamente implantados. El uso intensivo de imágenes en el 
diagnóstico y seguimiento de enfermedades oculares hace que la telemedicina sea 
especialmente adecuada en este campo. Pero aún hoy es un campo abierto a la investigación 
en patologías como el glaucoma, donde se demandan nuevos desarrollos e implementaciones 
que ayuden a demostrar sus potenciales beneficios. El glaucoma es una de las causas más 
habituales de pérdida de visión y se estima que la sufren en el mundo 70 millones de personas. 
Es una patología que representa una prometedora oportunidad para el cribado debido a que 
se estima que hasta el 50% de las personas afectadas lo desconocen  y que la detección 
temprana y el tratamiento en las primeras etapas de la enfermedad pueden ser muy 
beneficiosos para el paciente. En este contexto, presentamos el diseño e implementación de 
una nueva herramienta de tele-cribado con un enfoque multi-especialidad y multi-
enfermedad para solucionar algunos de los retos identificados actuales y futuros de los 
servicios de cribado. Adicionalmente, la herramienta ha sido probada 
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intensivamente en el contexto de un ambicioso programa de detección de enfermedades 
oftalmológicas con gran relevancia en el glaucoma y que ha atendido a más de 1000 
pacientes.  

Esta Tesis ha estudiado también los sistemas de ayuda a la detección que han demostrado 
en múltiples aplicaciones médicas que pueden asistir a especialistas médicos en la 
interpretación de imágenes para la detección y diagnóstico de innumerables enfermedades. 
De todos los elementos que forman parte de estos sistemas nos centramos en dos: el 
procesamiento para la mejora de imagen y la clasificación automática de una patología 
concreta, el glaucoma. Proponemos un nuevo método de mejora de imágenes de tomografía 
de coherencia óptica que puede servir como primer paso en sistemas de ayuda a la detección 
de imágenes de piel y  para mejorar los nuevos dispositivos compactos y portables que se 
empiezan a probar en servicios de cribado. Hemos probado de forma exitosa el método 
propuesto en varios conjuntos de datos de imagen, incluyendo una nueva metodología de 
evaluación cualitativa que ayude a conocer el valor clínico de este tipo de procesamientos. 
Finalmente, para la parte de clasificación automática, describimos un extenso estudio de la 
aplicación de redes neuronales profundas para la compleja tarea de detectar glaucoma en 
imágenes de fondo de ojo, que puede servir de valiosa herramienta en campañas de cribado 
de glaucoma a gran escala. 

En este trabajo hemos examinado, implementado y probado nuevos métodos y 
herramientas en varios componentes tecnológicos relevantes presentes en muchos servicios 
de cribado actuales. Los resultados muestran nuevas prometedoras líneas de trabajo que 
esperamos seguir explorando en el futuro. 
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Chapter 1 

State of art  

1.1 Medical context: Screening for disease 

1.1.1 Historical background and current situation 

Screening for disease has been a widely accepted practice in healthcare since the twentieth 
century. In 1917 the Division of Psychology within the Medical Department of United States 
of America (USA) Army during World War I accomplished one of the oldest screening 
programs recorded. The purpose was to screen potential soldiers for psychiatric disorders 
before allowing them to join the US Army (Wells 1920). Later on, in 1944 the US Army also 
developed a theory for the conception and interpretation of screening tests. They proposed 
for the first time a quantitative index that allowed to assess the accuracy or performance of a 
screening program TP/(TP+FN+FP) where TP=true positive, FN=false negative and 
FP=false positive (Morabia and Zhang 2004). Another remarkable program in that period 
was the diabetes screening done in New England (USA) in 1946-47 (Morabia and Zhang 
2004; Wilkerson and Krall 1947) where 70.6% of the inhabitants in Oxford performed a urine 
and blood glucose test, resulting in a 1.7% prevalence of diabetes. In the USA in the late 50s 
a major concern with chronic disease  

In the 1950s and early 1960s, the benefits of screening were demonstrated by the use of 
mass miniature radiography (MMR) for the identification of individuals with tuberculosis. 
In many western countries, especially in the USA and the United Kingdom (UK), the use of 
this technology became widespread after the introduction of effectives treatments for this 
disease. For example in Liverpool (England) from 1953 to 1974, the Medical Office of Health 
set up a MMR campaign during which more than 80% of the population were screened 
(Holland and Stewart 2005). In 1957 an ambitious pulmonary tuberculosis campaign in 
Glasgow (Scotland) screened 76% of the adults, over 700,000 in total, where 2,200 were 
found active cases and provided treatment of more than 1,000 in hospital (Ian Levitt 2003). 
The mass screening of breast cancer are linked with the availability of mammography in the 
1960s. After preliminary studies in December 1963, the Health Insurance Plan (HIP) of 
Greater New York launched a randomized clinical trial which lasted for almost 25 years and 
ended in 1986 including 62 000 women aged 40 to 64 years. The HIP study found out a 30% 
reduction in mortality from breast cancer during the first 10 years and follow up (Morabia 
and Zhang 2004). However, the benefits of breast cancer screening even today are 
controversial due to the overdiagnosis and the effect on the rate of death presented in several 
studies (Bleyer and Welch 2012; Marmot et al. 2013). 
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The Table 1.1 contains a summary of relevant historic screening programs in USA and 
UK.  

Table 1.1. Review of relevant screening programs during the twentieth century in USA and UK. 

Disease  Location Years Goal/Description (references) 
Psychiatric 
disorders 

USA 1917-18 Performed to exclude subjects with psychological 
disorders from young men eligible to join the 
United States army.((Wells 1920; Morabia and 
Zhang 2004)) 

Cervical cancer New York City 
(USA) 

Late 1940s Some preliminary programs in late 1930s. After 
Papanicolaou and Traut first reported the 
usefulness of Papanicolaou (‘‘Pap’’) smear for 
detecting neoplastic cervical cells in 1943 it was 
widely used as the screening tool. (Morabia and 
Zhang 2004) 

Diabetes Oxford 
(Massachusetts, 

USA) 

1946-47 Implemented to determine the prevalence of 
diabetes in a typical American community, 
evaluate methods for mass large screen diagnosis, 
inculcate the need of the periodic examinations for 
diabetes and start treatment by the family 
physician. ((Wilkerson and Krall 1947; Morabia 
and Zhang 2004)) 

Tuberculosis Liverpool 
(England), 
Glasgow 

(Scotland) 

1950s-60s Special campaigns of mass radiography. Large 
reduction of cases thanks to the campaigns. 
(Holland and Stewart 2005)  

Newborn 
diseases 

USA 1960s Executed to identify the presence of 
Phenylketonuria, a generic metabolic disorder. 
(Stiffler and Dever 2015) 

Breast cancer Greater New 
York (USA) 

1963-1986 Health Insurance Plan (HIP) randomized clinical 
trail The screening examination consisted of a film 
mammography and an independently conducted 
physical examination of the breasts done by a 
physician. (Morabia and Zhang 2004) 
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In 1968 the Minister of Health in the UK created the Joint Standing Sub-Committee of 
Screening in Medical Care. Although with mainly advisor competences, the committee 
started to review the evidences of any screening program and make recommendations of the 
procedures to comply before a program could be introduced in the National Health Service. 
The sub-committee developed its activities until 1980. In 1996 and to identify areas of future 
development, the National Screening Committee (NSC) was founded. The NSC1 represents 
a referent center for all considerations of screening in the UK and is responsible for 
introducing proven screening programs and for evaluating them. Nowadays the NSC has 
recommendations of 109 conditions which are reviewed every three years based on published 
evidence, consultation and stakeholder responses and the consideration of the committee 
members. There are currently 11 managed NHS (National Health Service) population 
screening programs in England. Only two other countries have similar organizations 
worldwide, the Netherlands and New Zeeland. The Center for Population Screening2 (CvB) 
in the Netherlands manages and coordinates the eight national population screening 
programs, and the National Screening Unit33 (NSU) in New Zeeland has currently six 
screening programs and one quality improvement program. The Table 1.2 details the current 
programs by location. 

Table 1.2. Current Screening programs of countries with a National Reference Centre. 

Location Center Screening Programs  

England NSC 
Antenatal and newborn: sickle cell and thalassaemia, fetal anomaly, infectious diseases in 
pregnancy, newborn and infant physical examination, newborn blood spot and newborn 
hearing.  

Adult screening: diabetic eye, abdominal aortic aneurysm, breast cancer, cervical cancer 
and bowel cancer. 

The 
Netherlands 

CvB Antenatal and newborn: Down´s syndrome screening, the 20-week ultrasound, the heel 
prick program, hearing screening and pregnancy blood screen.  

Adults screening: cervical cancer, breast cancer, bowel cancer. 

New Zeeland NSU Antenatal and newborn: blood screen, Down’s syndrome (optional), metabolic disorders 
(heel prick) and hearing. 

Adults: breast cancer, cervical cancer and bowel cancer. 

                                                 
1https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/649986/Screening_in_the_UK_making_effective_rec
ommendations_2016_to_2017.pdf 
2The Dutch Centre for Population Screening Website. 
https://www.rivm.nl/en/About_RIVM/Organisation/Centres/Centre_for_Population_Screening. 
3 New Zeeland National Screening Unit Website. https://www.nsu.govt.nz 

https://www.nsu.govt.nz/
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 The World Health Organization on behalf of the European Observatory on Health Systems 
and Policies published in 2006 a review of the screening practice in 28 countries (Holland, 
Stewart, and Masseria 2006). The report highlight that few countries have a single national 
organization to supervise screening practice and policy (like UK or the Netherlands) and that 
the screening practice can vary widely as a result of the regional or local health service 
provision in many countries of the EU. Regarding cancer screening, the Council of the EU 
issued recommendations setting out principles of best practice in the early detection of 
cancer1. The Council recommendation called on all EU countries to take common action to 
implement national, population-based screening programs for breast, cervical and colorectal 
cancer. The last report supported by the European Commission2 describes the status of the 
implementation of the screening programs (Table 1.3).  

Table 1.3. Situation of screening programs that are ongoing, piloted or planned for breast, cervical 
and colorectal cancer in the EU in 2017 (International Agency for Research on Cancer, CPO Piemonte 
and University Hospital “Città della Salute e della Scienza,” and Mass Screening Registry/ Finnish 
Cancer Registry 2017). 

Cancer # EU members Gender Age group  % population in age group covered 

Breast 25 Women 50-69 95 

Cervical 22 Women 30-59 72 

Colorectal 23 Men/Women 50-74 72 

In Spain the 177 Commission of Public Health3 established in 2010 the basic criteria and 
requirements that could serve as a guide to the implementation of a screening program in all 
health services provided by the different Autonomous Communities of the country. Specific 
guides have also been established for screening in neonatal programs4 and cancer programs5.  

1.1.2 Definitions and general principles of screening 

Over the years, since its introduction, the concept of screening has been defined in different 
ways trying to focus on diverse aspects. One of the most accepted definitions was created by 
the United States (Commission on Chronic Illness 1957) that defined screening as “The 
presumptive identification of unrecognized disease or defect by the application of tests, 
examinations, or other procedures which can be applied rapidly. Screening tests sort out 
apparently well persons who probably have a disease from those who probably do not. A 
screening test is not intended to be diagnostic. Persons with positive or suspicious findings 
must be referred to their physicians for diagnosis and necessary treatment.” This statement 

                                                 
1 http://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32003H0878&from=EN 
2 “Cancer Screening in the European Union (2017).”  European Union Public Health Programme.  
3 https://www.msssi.gob.es/profesionales/saludPublica/prevPromocion/docs/Cribado_poblacional.pdf 
4 https://www.msssi.gob.es/profesionales/saludPublica/prevPromocion/cribadoNeonatal.htm 
5 https://www.msssi.gob.es/profesionales/saludPublica/prevPromocion/cribadoCancer.htm 

http://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32003H0878&from=EN


1. State of art 
 

  5  
 

was also formally adopted by the WHO Regional Committee for Europe (Wilson and Jungner 
1968). Other relevant definition was proposed by the UK NSC in its First Report1 in 1998, 
“Screening is the systematic application of test or inquiry to identify individuals at sufficient 
risk of a specific disorder to warrant further investigation or direct preventive action among 
persons who have not sought medical attention on account of symptoms of that disorder”. In 
2000, in the Second Report2, the UK NSC changed some aspects of the definition, “Screening 
is a public health service in which members of a defined population, who do not necessarily 
perceive that they are at risk of, or are already affected by, a disease or its complications, are 
asked a question or offered a test to identify those individuals who are more likely to be 
helped than harmed by further tests or treatment to reduce the risk of disease or its 
complications”. We can see how the NSC puts the focus on the reduction of the risk of the 
disease and in the view of the screening as public health service. Apart from the definitions, 
another useful way to approach the different roles of screening is through the different types 
of screening (Table 1.4) that Wilson and Jungner described (Wilson and Jungner 1968).  

Table 1.4. Types of screening (Wilson and Jungner 1968) 
Type Description 

Selective  Screening of selective high-risk groups in the population. 

Mass public  Large-scale screening of whole population groups. 

Multiple (or multiphasic) Application of two or more screening tests in combination to large groups of 
people. 

Surveillance Long-term process where screening examinations are repeated at intervals of 
time. 

Case-finding The main object is to detect and bring patients to treatment in contrast to 
epidemiological surveys where although screening tests can be made the aim 
is to find the prevalence or incidence of a disease. 

 

Thanks to the experience of all previous programs and studies in the 1960s the first 
reviews with principles and procedures of screening were issued. In 1961 Thorner and 
Remein of the US Public Health Service published the first comprehensive review (Thorner 
and Remein 1961). Subsequently, in a report commissioned by the World Health 
Organization (WHO) J.M.G. Wilson and G. Jungner (Wilson and Jungner 1968) attempted 
to establish the screening criteria to guide the selection of  principles (Table 1.5) that would 
be suitable for screening. The stage of the screening in relation with the condition of the 
development of the disease was also highlighted in the report. For instance, screening for the 
early diagnosis of malaria presents different problems with respect to the screening of a 
chronic disease like diabetes. 

                                                 
1 “First Report of the National Screening Committee.” Health Departments of the United Kingdom.  
http://aogm.org.mo/assets/Uploads/aogm/Guidelines/NHS/National-Screening-Committee-UK-1998.pdf 
2 “Second Report of the UK National Screening Committee.” Health Departments of the United Kingdom. 
http://aogm.org.mo/assets/Uploads/aogm/Guidelines/RCOG---UK/Second-report-of-UK-NSC.pdf 

http://aogm.org.mo/assets/Uploads/aogm/Guidelines/NHS/National-Screening-Committee-UK-1998.pdf
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Table 1.5. Wilson and Jungner classic principles of early diagnosis criteria. Based on (Wilson and 
Jungner 1968) 

The condition sought should be an important health problem. 

There should be an accepted treatment for patients with recognized disease. 

Facilities for diagnosis and treatment should be available. 

There should be a recognizable latent or early symptomatic stage. 

There should be a suitable test or examination. 

The test should be acceptable to the population. 

The natural history of the condition, including development from latent to declared disease, should be 
adequately understood. 

There should be an agreed policy on whom to treat as patients. 

The cost of case-finding (including diagnosis and treatment of patients diagnosed) should be economically 
balanced in relation to possible expenditure on medical care as a whole. 

Case-finding should be a continuing process and not a “once and for all” project. 

Four decades later several authors (Andermann et al. 2008) revisited this public health 
guide to incorporate a synthesize view of the new criteria proposed since then (Table 1.6).  

 Table 1.6. Synthesis of screening for disease emerging criteria proposed by (Andermann et al. 2008) 

The screening program should respond to a recognized need. 

The objectives of screening should be defined at the outset. 

There should be a defined target population. 

There should be scientific evidence of screening program effectiveness. 

The program should integrate education, testing, clinical services and program management. 

There should be quality assurance, with mechanisms to minimize potential risks of screening. 

The program should ensure informed choice, confidentiality and respect for autonomy. 

The program should promote equity and access to screening for the entire target population 

Program evaluation should be planned from the outset. 

The overall benefits of screening should outweigh the harm. 

The UK NSC in its Appendix C of the Second Report published the criteria “for appraising 
the viability, effectiveness and appropriateness of a screening program”. The criteria were 
based on the criteria proposed by WHO in 1968, taking into account also “the more rigorous 
standards of evidence required to improve effectiveness and greater concern about the 
adverse effect of healthcare”. In the following table we can see a summary of all the 19 
criteria that should be met before screening for a condition according to the UK NSC. 
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Table 1.7. UK NSC criteria for appraising the viability, effectiveness and appropriateness of a 
screening program. (Health Departments of the United Kingdom 2000) 

Area Description 

 The condition It should be an important health problem with an epidemiology adequately 
understood, with a disease marker and an early symptomatic stage. Besides, 
all cost-effective primary prevention should have been implemented as far 
as practicable. 

The test There should be simple, safe, precise, acceptable by population, with 
suitable cut-off level defined and validated. There should be an agreed 
policy for the further steps for positive test results.  

The treatment There should be an effective treatment and evidence of the better outcomes 
of its early application. Also agreed evidence based policies covering the 
individuals that should receive treatment and the clinical management of the 
condition and patient outcomes should optimized before the screening 
programme.  

The screening 
programme 

There should evidence of its effectiveness reducing mortality and morbidity, 
the outcome must be of value and well understood by the screened persons, 
the complete programme should be clinically, socially and ethically 
acceptable by all actors. In relation with the costs, the program should 
balance the opportunity cost in relation with the expenditure on medical care 
as a whole. The programme should be manage and monitor considering 
quality standards and should include all the staffing and facilities needed. 

1.1.3 Benefits and disadvantages of screening 

Screening has become more present in the health systems in recent years. The demand of 
these services are increasing sometimes due to political, public or commercial pressure. But 
not always this pressure is supported by scientific evidences and it is not proven the efficacy 
of the output of the screening in all the conditions. The Council of Europe in a 
recommendation to governments of member states on screening as a tool of preventive 
medicine highlights some of the disadvantages and adverse effects of screening (Table 1.8) 
and differentiates various types of problems concerned with ethical and legal issues, selection 
of diseases suitable for screening, economic aspects, quality assurance, organization of a 
screening program and scientific research. 

  



1. State of art 
 

  8  
 

Table 1.8. Adverse effects of screening 1 

Stigmatization and/or discrimination of (non) participants 

Social pressure to participate in the screening and undergo the intended treatment/intervention; 

Psychological distress where there is no cure for the disease or where the treatment and/or intervention  
is morally unacceptable to the individual concern 
Exposure to physical and psychological risks with limited health gains 

Creation of expectations which probably cannot be fulfilled 

Individuals who are positively screened might experience difficulties such as access to insurance, 
employment, etc.; 
Severe side effects of invasive clinical diagnosis of false positives 

Delay in diagnosing false negative 

Unfavorable cost-benefit relationship of a screening program. 

The ethical issues are specially challenging in the increasing implantation of genetic 
screening. The psychological, behavior and perceived risk perspectives of these programs 
were reviewed in (Heshka et al. 2008), pointing out that genetic testing does not seem to lead 
to adverse consequences for carriers and non-carriers of the conditions studied (hereditary 
nonpolyposis colorectal carcinoma, hereditary breast and ovarian cancer, and Alzheimer 
disease). Other studies explore the ethical implications of introducing non-invasive prenatal 
diagnostic tests (de Jong et al. 2010) and its implications in selective abortion and the debate 
of the ‘right not to know’ of the future child. 

The health professionals are becoming more sensitive to the possible risks of screening 
based on the experience of many years of programs and reviews. The situation could become 
problematic when the pressure comes from the screening industry and the media, like in the 
case of the whole body screening with computed tomography (CT) that was the focus of a 
major advertising campaign in recent years in the United States. (Swensen 2003) presented 
the example of “700 ancillary findings including four renal cell carcinomas, three breast 
cancers, two lymphomas, two gastric tumors, one pheochromocytoma, and 114 abdominal 
aortic aneurysms” using whole body screening with CT that at the end were most of them 
false positives. The need of randomized trials with cost-effectiveness outcomes by condition 
is at the end the only way to produce an answer about the merit of each screening. For 
example, in the case of lung cancer screening using low dose computed tomography, a 
systematic review of the evidence regarding the benefits and harms (Bach et al. 2012) 
concludes that may benefit individuals at an elevated risk for lung cancer (“smokers and 
former smokers who are age 55 to 74 and who have smoked for 30 pack years or more and 
either continue to smoke or have quit within the past 15 year”), but uncertainty exists about 

                                                 
1 “Council of Europe (1994) Recommendation No R(94)”  
https://wcd.coe.int/com.instranet.InstraServlet?command=com.instranet.CmdBlobGet&InstranetImage=534532&Sec
Mode=1&DocId=514336&Usage=2 
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potential harms and the generalizability of results. Similarly, (Raffle et al. 2003) showed that 
for the cervical screening program in Bristol around 1000 women needed to be screened for 
35 years to prevent one death. 
1.1.4 Screening in ophthalmology.  

Screening for retinal diseases, in particular diabetic retinopathy (DR) and age-related macular 
degeneration (AMD), is one of the most common and successful application of early 
diagnosis of eye diseases until now. DR is an eye disorder that affects the retinal vasculature 
and gradually develops in patients with diabetes. Visual problems derived from DR provoke 
dark spots in the vision associated with the areas of the retina affected. Globally, the number 
of people with DR will grow from 126.6 million in 2010 to 191.0 million in 2030 (Zheng, 
He, and Congdon 2012). DR is the leading cause of vision loss in middle-aged and elderly 
people globally (Ting, Cheung, and Wong 2016). According to WHO it is estimated that 
4.8% of the number of cases of blindness worldwide are caused by DR (Resnikoff et al. 
2004). Among the people affected by diabetes the cumulative incidence of DR increase with 
time; for the population with 25 years suffering Type 1 diabetes the rate reach 97% (Klein et 
al. 2008). Due to the increasing number of people with diabetes worldwide (estimated in 415 
million in 2015 and in 642 million in 2040 (Ogurtsova et al. 2017)) the prevalence rate of 
DR is estimated to increase rapidly in the near future (Saaddine et al. 2008). AMD accounts 
for 8.7% of all blindness worldwide and is the most common cause of blindness in developed 
countries especially in people older than 60 years old (W. L. Wong et al. 2014). AMD affects 
the central vision preventing patients to perform detailed activities. The project number of 
people with AMD in 2020 is 196 million increasing to 288 million in 2040 (W. L. Wong et 
al. 2014). 

DR or AMD are generally asymptomatic at early stages and as the disease advanced 
irreversible damage to the retina occurred (Ciulla, Amador, and Zinman 2003; H. R. Coleman 
et al. 2008). Early detection of DR in individuals with diabetes is considered critical in 
preventing visual loss. Several studies have confirmed that the clinical outcome is better if 
patients with diabetes are screened and treated early, saving years of vision and reducing 
societal costs (Ciulla, Amador, and Zinman 2003; Mohamed, Gillies, and Wong 2007). AMD 
screening programs are receiving great interest in the last years with the first implementations  
showing its effectiveness in reducing the number of patients with blindness although 
presenting discrepancies in the cost-effectiveness of these methods (Bats et al. 2014; Chan et 
al. 2015; Tamura et al. 2015).  

Other promising condition for screening is glaucoma. Glaucoma is a group of optic 
neuropathies characterized by progressive degeneration of retinal ganglion cells (Weinreb, 
Aung, and Medeiros 2014). Glaucoma is the leading cause of global irreversible vision loss 
with a prevalence for population aged 40-80 estimated in 3-4% (Tham et al. 2014; Burr et al. 
2007). The number of people with glaucoma worldwide was estimated in 64.3 million in 
2013, increasing to 76.0 million in 2020 and 111.8 million in 2040 (Tham et al. 2014). 
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Because glaucoma is an asymptomatic condition until a relatively late stage the diagnosis is 
frequently delayed. Population-level surveys suggest that only 10-50% of people with 
glaucoma are aware they suffer the disease (Weinreb, Aung, and Medeiros 2014). As early 
diagnosis of the condition and treatment can prevent vision loss, glaucoma screening has 
been tested in numerous studies worldwide (Burr et al. 2007; Tielsch et al. 1991; C. Fleming 
et al. 2005; Maul and Jampel 2010; D. Zhao et al. 2017). Current studies show that glaucoma 
screening can be cost-effective in risk population (family history, black ethnicity, age) and 
can be improved using a test with initial automated classification followed by the assessment 
of a specialist (Burr et al. 2007). The next figure presents a representation of a scene viewed 
by a person with some of these conditions. 

Figure 1.1. A scene as it might be viewed by a person with (a) normal vision (b) diabetic retinopathy 
(c) Age-related macular degeneration and (d) glaucoma. Source: images courtesy of NIH, National 
Eye Institute. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

An example of the method followed in a real glaucoma screening program could be the 
Salzburg-Moorfields Collaborative Glaucoma study that was developed over a period of 
eight years (Hitzl et al. 2006). 

- 4864 individuals were screened.  
- The inclusion criteria were age ≥ 40, best spectacle correction visual acuity >6/9, 

refraction from -6.00 to +4.00 diopters and difference in refraction between both eyes 
<3.00 diopters. 

- Exclusion criteria considered several eye conditions like pseudophakia, glaucoma 
therapy among others. 

- The examinations included a complete eye examination including refraction, best-
corrected visual acuity, applanation tonometry, biomicroscopy of the anterior segment, 
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fundus examinations with assessment of the optic nerve head and the subjective cup-to-
disc ratio, history of existing eye diseases and current topical treatment. Furthermore the 
visual Field Test Analyzer. 

- They used the diagnostic criteria suggested by European Glaucoma Society. 

Other conditions that have been included in screening studies are retinopathy of 
prematurity (J. Chen et al. 2011; Haines et al. 2005), Alzheimer’s disease using retinal 
photographic analysis (Frost et al. 2013) or visual and ocular disorders in school children 
(Baltussen, Naus, and Limburg 2009; Kvarnström, Jakobsson, and Lennerstrand 2001; He et 
al. 2007). 

1.1.5 Screening in skin cancer 

Malignant Melanoma (MM) and non-melanoma (Bowen’s disease, squamous cell carcinoma 
and basal cell carcinoma) skin cancer (NMSC) are the most common types of cancer in the 
Caucasian populations (Diepgen and Mahler 2002; Apalla et al. 2017). The incidence of MM 
is increasing in most European countries in generations born up to the end of the 1940s, with 
a stabilization or decline in other countries like Australia, New Zealand, USA, Canada and 
Norway (Erdmann et al. 2013). WHO1 estimates currently between 2 and 3 million NMSC 
and 132,000 MM, which means that one in every three cancers diagnosed is skin cancer. In 
the last years several campaigns studied the benefits of early detection of skin cancer (De 
Rooij et al. 1996; Wolff 2009). Like in other conditions current analyses are not conclusive 
about the reduction of skin cancer mortality rate or to assess the balance of benefits and harms 
of  the skin cancer screening (Stang and Jöckel 2016; Bibbins-Domingo et al. 2016). It is 
important to highlight that biopsy, and the correspondent histopathology result, is considered 
the reference standard to diagnose skin cancer, but when the lesion is considered benign the 
clinical diagnosis of the dermatologist, without biopsy, is accepted.  

As an example of a skin cancer screening we can review the skin cancer screening in 
Northern Germany from July 2003 to June 2004 (Waldmann et al. 2012): 

- 12 month skin cancer screening intervention. 
- The study consisted  on a whole-body examination conducted by either general 

practitioners and/or dermatologists  
- Eligible persons were residents older than 20 years and policyholders of statutory health 

insurance and not receiving skin cancer care. 
- If a non-dermatologist found a suspicious skin lesion, the patient was referended to a 

dermatologist to receive a second whole-body examinations. 
- Participation was voluntary and the participants gave written informed consent for data 

storage and analysis. 

 

                                                 
1 http://www.who.int/uv/faq/skincancer/en/ 
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1.1.6 Image modalities for screening 

Many current screening programs use medical images as an indispensable diagnostic tool. 
The great advance of medical imaging and image processing, their intensive use in the 
majority of the specialties to aid in the detection and follow-up of most conditions and their 
availability in the health provider centers have driven medical imaging to be one of the tests 
typically performed in a screening campaign. In the next table we can see a review of image 
modalities used in different types of screening programs. 

Table 1.9. Image modalities used in screening. CT, computed tomography. US, ultrasound. MRI, 
Magnetic resonance imaging. CF, Color fundus photography. HFUS, High Frequency Ultrasound. 
OCT, Optical Coherence Tomography. RCM, Reflectance Confocal Microscopy. 

Screening Image modalities 

Breast cancer Mammography radiography, US, MRI (Smith et al. 2015; Berg et al. 
2012) 

Colorectal cancer  Computed Tomography colonography (Smith et al. 2015) 

Lung cancer Low-dose helical CT, Chest radiography (Smith et al. 2015; “The 
National Lung Screening Trial: Overview and Study Design” 2011) 

Fetal anomaly  US (Salomon et al. 2011) 

Diabetic Retinopathy, AMD CF (Garg and Davis 2009; Bats et al. 2014) 

Melanoma Dermoscopy (Carli et al. 2004; Iyatomi et al. 2008) 

NMSC  HFUS, OCT, RCM (Ulrich et al. 2007) 

Among all previous modalities, in this PhD thesis proposal, we will focus on image 
processing methods for Color Fundus (CF) and Optical Coherence Tomography (OCT) 
images. While CF is basically used in retinal imaging, OCT can be used in retinal and skin 
imaging (among many other fields).  

In CF photography, a color image of the interior surface of the eye is acquired and 
recorded using a fundus camera. A CF camera encapsulates a set of special lenses attached 
to a flash digital camera. The optics of a fundus camera are similar to those of an indirect 
ophthalmoscope. A CF camera is usually described by the angle of view, the optical angle 
accepted by the lens. The angle of view could vary from 20o or less in narrow angle fundus 
camera, to 45o until 140o in wide angle fundus cameras. CF allows a detailed view of retina, 
the retina vasculature, and the optic disc that can help to detect eye diseases even in 
asymptomatic early stages. CF is the most widely used technique to image the retina and has 
been often used in combination of image processing algorithms to aid in the detection and 
grading of eye diseases (M. Niemeijer et al. 2010; Bock et al. 2010; Burlina et al. 2017). The 
next figure shows a typical fundus photograph and a non-mydriatic Topcon retinal camera. 
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Figure 1.2. (a) Fundus photograph of a healthy right eye of a 25-year old male (By Mikael Häggström, 
used with permission, Source: DOI:10.15347/wjm/2014.008) (b) A non-mydriatic Topcon retinal 
camera (By Jason Ruck, Source: http:// https://commons.wikimedia.org/wiki/File:Retinal_camera.jpg) 

 
(a) 

 
(b) 

Optical coherence tomography (OCT) (D. Huang et al. 1991) is an optical imaging 
technique that allows cross-sectional views of highly scattering biological in vivo tissue in 
real time with micrometer resolution and depth up to several millimeters. OCT was created 
with the goal to enable noninvasive optical biopsy, allowing the in situ imaging of tissue 
microstructure with a resolution similar to histology and without the need for tissue excision 
and processing (Drexler et al. 2014; Fujimoto et al. 1995). OCT systems are based on the 
Michelson Interferometer. The light from a light source is split by a beam splitter into the 
sample and the reference arm, the interference of the backreflected light from the two beams 
is captured by a detector and processed. In the figure 1.3 we can see the two modalities of 
OCT developed until now, Time Domain (TD) OCT and Fourier Domain (FD) OCT. TD 
OCT was the first implementation of the technique (D. Huang et al. 1991). In this modality 
a low coherence broad-band light source is used to allow the creation of a detectable 
interference signal when the optical path length of the sample and the reference arm is 
matched to the narrow coherence length. The interference signal at different depths and 
recorded at different time delays is demodulated to produce a reflectivity depth profile (A-
scan). The next step in  this technology was FD OCT that uses a broad-bandwidth light source 
and detects the interference spectrum from the interferometer, using a spectrometer and a line 
scan camera (Fercher et al. 1995; Drexler and Fujimoto 2008). Finally the swept source FD 
OCT uses an interferometer with narrow band-width light source, which is frequency swept 
in time. The variation in frequency with time essentially labels different time delays in the 
light beam, which can be detected by interference and Fourier transforming (Chinn, Swanson, 
and Fujimoto 1997; Drexler and Fujimoto 2008).  
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Figure 1.3. Different OCT modalities. OCT can be classified in Time Domain (TD) and Fourier 
Domain (FD) systems. OCT FD can be spectrometer based or swept source based. Scheme from 
(Drexler et al. 2014) 

 

 OCT is broadly used in multiple biomedical and clinical fields, such as cardiology as a 
catheter-based imaging system for the guiding in coronary interventions (Bezerra et al. 2009), 
to monitor the growth and development of biological tissues over time (Boppart et al. 1996; 
Men et al. 2016), to detect dysplasia and occult malignancy in Barrett’s esophagus (X. D. Li 
et al. 2000; Cobb et al. 2010), to aid in the diagnosis and treatment of multiple of laryngeal 
disorders (Burns 2012; Armstrong et al. 2006), as an adjunct to bronchoscopy in the diagnosis 
of lung cancer (Michel et al. 2010), among others.  

In ophthalmology OCT has become a clinical standard because the eye is easily imaged 
and there is no other noninvasive image system with this resolution. OCT can aid in the 
identification of disease in early stages before physical symptoms and irreversible vision loss 
occurs. Besides, repeated imaging can be performed to allow the evaluation of the disease 
progression or monitor the effectiveness of therapy. The first in vivo retinal imaging were 
obtained in 1993 (Swanson et al. 1993; Fercher et al. 1993). The layers of the retina and other 
architectural features can be visualized with higher resolution than even before. OCT has 
been applied to monitor a great variety of eye conditions of macular diseases (Puliafito et al. 
1995; Srinivasan et al. 2006) including macular edema (Diabetic Retinopathy Clinical 
Research Network et al. 2007), macular hole (Hee et al. 1995; Philippakis et al. 2018) or age-
related macular degeneration (Manjunath et al. 2011). The retinal nerve fiber layer thickness 
is an indicator of glaucoma that can be assessed and quantified in normal and glaucomatous 
eyes with OCT and correlated with conventional measurements of the optic nerve structure 
and function (Schuman et al. 1995; Medeiros et al. 2005; Leung et al. 2010).  
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In dermatology OCT is a useful tool that has been used to study a variety of dermatological 
disorders like systemic lupus erythematosus (T Gambichler et al. 2007), bullous diseases  
(Mogensen et al. 2008), psoriasis and contact dermatitis (Morsy et al. 2010; Welzel, Bruhns, 
and Wolff 2003), wound healing(Greaves et al. 2014) or vascular skin lesions (Salvini et al. 
2008). One of the most prominent application of OCT in dermatology is the assessment of 
non-melanocytic epithelial tumors: actinic keratosis (AK) (Mogensen et al. 2009; Jennifer K. 
Barton et al. 2003), basal cell carcinoma (BCC) (Mogensen et al. 2009; Gambichler, Orlikov, 
et al. 2007; Hussain, Themstrup, and Jemec 2015; Olmedo et al. 2006) and squamous cell 
carcinoma (SCC) (Hatta et al. 2010).  

One of the most active research field in OCT technology nowadays is the optical 
coherence tomography angiography (OCTA), a new non-invasive imaging technique that 
allows the generation of angiographic volumetric images in few seconds. This new technique 
is showing potential applications in retinal vascular diseases (de Carlo et al. 2015). Another 
relevant area, that links with this project, is related with several recent promising studies that 
show the potential role that low-cost handheld OCT systems could have in the screening of 
diseases in early stages (Shelton et al. 2014; Jung et al. 2011).  

1.2 The role of telemedicine in screening 

The advances in information and communication technology (ICT) in the last century created 
new opportunities to deliver health care services remotely. Since the introduction of the term 
in the 1970s there have been many attempts to define telemedicine. WHO adopted the 
following description: “The delivery of health care services, where distance is a critical 
factor, by all health care professional using information and communication technologies for 
the exchange of valid information for diagnosis, treatment and prevention of disease and 
injuries, research and evaluation, and for the continuing education of health care providers, 
all in the interests of advancing the health of individuals and their communities” (WHO 
2010). WHO also identifies four key elements when we refer to telemedicine: (1) Its purpose 
is to provide clinical support. (2) It is intended to overcome geographical barriers, connecting 
users who are not in the same physical location. (3) It involves the use of various types of 
ICT. (4) Its goal is to improve health outcome. According to the last survey of WHO globally 
the telemedicine services more established are teleradiology, telepathology, teledermatology 
and telepsychiatry. There are other health fields with also relevant initiatives in telemedicine 
but with less development: cardiology, ultrasonography, mammography, surgery, 
ophthalmology or diabetes among others. Telemedicine is usually divided in two basic types, 
store-and-forward and real time telemedicine. Store-and-forward telemedicine implies that 
the data related with the health service is stored previously to their future use by the expert 
or the health professional involved in the exchange. Real time telemedicine assumes that the 
participants of the health service are present at the same time, like in a videoconference 
teleconsultation. Most of the studies related with screening use store-and-forward 
telemedicine.  
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The telemedicine and e-health technology have played a significant role assisting in the 
provision of screening services. In all the most established screening services like in breast 
cancer (Lou et al. 1997; Pruthi et al. 2013), cervical cancer (Quinley et al. 2011) or lung 
cancer screening (Takizawa et al. 2001) there have been remarkable telemedicine initiatives. 

The intensive use of imaging for the diagnosis and monitoring of eye diseases make 
ophthalmology an ideal field for telemedicine. Since its introduction in 1987 as part of a 
project to monitor retinal vessels during a space flight of the Space Shuttle Columbia (Hunter 
1994) the teleophthalmology has been expanding in different areas like allowing the access 
to eye specialist in remote areas (Kumar et al. 2006; Bai et al. 2007), research and clinical 
trials (B. Li et al. 2015), distant learning projects (Stahl et al. 2009; Goldschmidt and 
Goodrich 2004) and, related with this project, in eye disease screening. The most common 
application until now has been in diabetic retinopathy screening (Liesenfeld et al. 2000; 
Neubauer et al. 2003; Raman et al. 2007; Kanagasingam Yogesan et al. 2000). According to 
(Das et al. 2015) DR is an ideal ophthalmic disease for telescreening and decision-making 
because it fits to Wilson and Jungner’s criteria of screening for chronic diseases and the 
American Telehealth Association’s screening categories. The programs normally start as part 
of a regular diabetic follow-up examination with the acquisition of fundus images obtained 
with a nonmydriatic digital retinal camera. The digital retinal images are sent securely 
through Internet to a specialist who performs remotely a report with the diagnostic of the 
status of the retinopathy. The report is finally sent to the patient through its primary care 
center o similar health center. The American Telemedicine Association (ATA) in its guide 
“Telehealth Practice Recommendations for Diabetic Retinography” (H. K. Li et al. 2011) 
created a series of recommendations for the design and implementation of teleophthalmology 
diabetic retinopathy programs. The previous guide divided a telescreening DR program in 
four broad elements to be care of: image acquisition, image review and evaluation, patient 
care supervision and image and data storage. Glaucoma is another eye condition that shows 
a promising potential for telescreening. A recent review of the subject (Thomas et al. 2014) 
including 45 studies which evaluate the use of telemedicine in screening concludes that 
teleglaucoma detects more cases of glaucoma than in-person examination and that it is an 
effective screening tool for glaucoma specially for remote communities. In the next figure 
there is list of all the different components usually present in teleglaucoma screening. We 
can find also telescreening studies in retinopathy of prematurity (Lorenz et al. 2009; Quinn 
et al. 2014; Richter et al. 2009) and in age-related macular degeneration (Bats et al. 2014; 
Duchin et al. 2015).  
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Figure 1.4. Standardized teleglaucoma equipment (Source: (Thomas et al. 2014) 
https://doi.org/10.1371/journal.pone.0113779.t001) 

 

Teledermatology is one of the most developed fields in telemedicine. As in 
ophthalmology, imaging has a major role in the skin examination, which partly explains its 
broad adoption. A throughout review of the use of teledermatology and teledermatoscopy 
(Warshaw et al. 2011) concludes that the diagnostic accuracy of clinic dermatology is still  
better than teledermatology, but that dermatoscopy-trained teledermatologist may be 
beneficial for isolated skin lesions.  The skin conditions that the studies reported include 
rashes and circumscribed lesions (Edison et al. 2008; Bowns et al. 2006), pigmented skin 
lesions and nonpigmented skin lesion (Warshaw et al. 2009). Recently, the improvement in 
the capabilities in the mobile technology and the massive adoption of smartphones worldwide 
has expanded the adoption of these solutions for dermatology care. (Brewer et al. 2013) 
identified 229 dermatology-related apps in the most important app stores. The main 
categories were general dermatology references, self-surveillance/diagnosis, disease guide, 
educational aid and others.  

One of the most prominent uses of teledermatology is in the early detection of skin cancer. 
One recent review that evaluated 21 studies (Finnane et al. 2017) stated that although robust 
implementation are needed, teledermatology services reduced waiting times to assessment 
and diagnosis and that patient satisfaction was high. The assessment of the recent studies 
shows that the accuracy of face to face dermatology consultations is still in general higher 
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than teledermatology, although the study remarks the methodological limitations of the 
studies, which make difficult to conclude if the differences in the diagnosis are due to the use 
of the technology itself or the expertise or training of the specialist involved in the studies. 
In screening, numerous studies have explored the use of this technology (Baumeister et al. 
2009; Mahendran, Goodfield, and Sheehan-Dare 2005; Lowitt et al. 1998) . As in 
teledermatology in the last years the use of mobile phones has been extensively proposed for 
skin cancer screening studies (Lamel et al. 2012). A recent survey of 39 apps for melanoma 
skin cancer detection showed that only four of them provided tools to assess a skin lesion for 
likelihood of melanoma (Kassianos et al. 2015). The next step, as we will discuss later, seems 
to overcome these limitations and comes with the adoption of Deep Learning technology that 
in the future, outfitted in smartphones, could provide dermatologist–level classification of 
skin cancer detection  (Esteva et al. 2017).  

Teledermatology can be applied using clinical information and images or in combination 
with dermatoscopy digital images. Dermatoscopy (also known as dermoscopy or 
epiluminescence microscopy) is an imaging technique which allows physicians to visualize 
morphologic features that are not visible by naked-eye examination (Zalaudek et al. 2006). 
It is a noninvasive and non-expensive image modality that provides high reliability compared 
to face-to-face examinations has been used remotely either for melanocytic and non-
melanocytic skin lesions (Şenel, Baba, and Durdu 2013; Piccolo et al. 2000). OCT is an 
image modality expanding in dermatology, as we described before, it is a valuable aid in the 
detection and monitoring of skin lesions but its high prize compared to dermoscopy, limits 
their use in screening and early detection. The use of portable handheld low-cost probes can 
improve the adoption of this technology and increase their use in primary care as has been 
already presented in recent studies (Shelton et al. 2014; Pande et al. 2017). 

1.3 Computer-aided detection and diagnosis in screening 

The term Computer-Aided detection (CAD or CADe) and diagnosis (CAD or CADx) refers 
to the technology that assists physicians in the interpretation of medical images for the 
detection and diagnosis of different pathologies. Although the first studies that reported 
quantitative analysis of medical images in the 1960s (Meyers et al. 1964; Lodwick et al. 
1963) were not successful it was generally accepted that computers could improve the 
performance of specialists identifying abnormalities in images. The high expectations of this 
technology were not fulfilled at that time, but in the 1980s a new approach emerged. 
Computers could provide useful information to the physicians to aid in the diagnosis, but not 
to replace them. This new idea named computer-aid diagnosis was rapidly and widely 
accepted. The output of the CAD systems could provide even lower performance than 
physicians and still be useful if it offers complementary information that assists them in a 
better diagnosis. Nowadays CAD systems are a major research area and have been 
successfully used in screening programs of many different fields like breast cancer (Freer 
and Ulissey 2001; Rangayyan, Ayres, and Leo Desautels 2007; Nishikawa 2007), lung cancer 
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(Murphy et al. 2009; Y. Zhao et al. 2012; El-Baz et al. 2013), tuberculosis (Melendez et al. 
2016; Muyoyeta et al. 2014), diabetic retinopathy (Mookiah, Acharya, Chua, Lim, et al. 
2013; Sánchez et al. 2011) or skin lesions (W.-Y. Chang et al. 2013; Iyatomi et al. 2008; 
Masood and Ali Al-Jumaily 2013). 

The main components of a CAD systems are: (1) preprocessing and image enhancement 
to improve the quality of the images to be processed (2) segmentation of relevant structures 
to limit the classification and focus on the region of interest of the condition to be assessed 
(3) feature identification to abstract findings in the images than can correlate with the 
presence or absence of a condition (4) and classification of the images through the features 
extracted. In the next sub-sections we will explore in more detail each component. The next 
figure shows an example of the different steps in a typical CAD system of DR diagnosis. 

Figure 1.5. CAD system for DR diagnosis. The off-line system is performed only once and trains the 
system with features extracted from previously pre-processed and segmented images. For the training 
a manually classification of images (gold truth) is needed. The on-line system uses new images to 
evaluate and use the previous training parameters to classify them as normal or pathological. (Source: 
Mookiah et.al. (Mookiah, Acharya, Chua, Lim, et al. 2013)) 
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1.3.1 Preprocessing and image enhancement 

The first step in a CAD system is usually a preprocessing step where the images are prepared 
to improve the efficiency of the next stages and to reduce the variability between different 
data sources. During the acquisition of images it is common to use different devices at 
different locations and sometimes even different settings that can affect to the field of view, 
the resolution or the quality of the images. CAD systems are based on the training of massive 
datasets of images to learn the features that lately will detect in new images, images with 
poor quality can negatively affect in the training and in the posterior classification. Also, in 
early detection screenings based on the manually assessment of images by specialists the 
enhancement of the quality of the images represents a relevant step that can aid in the 
evaluation and diagnosis of the study.  

In CAD systems with fundus retinal imaging techniques like histogram equalization 
(Sopharak et al. 2008), color remapping (Marrugo and Millán 2011) or contrast enhancement 
(Rasta et al. 2015) have been used to pre-process the images. But when the quality is too low 
sometimes is better strategy to discard the image because, even with the application of 
enhancement techniques, an accurate classification is not possible. There are several 
automatic image quality assessment implementations described in (Alan D. Fleming et al. 
2006; Paulus et al. 2010). 

One major research area in image enhancement in OCT is speckle noise reduction. Due 
to the use of spatially coherent illumination OCT images are affected by speckle phenomena 
that has a dual role as source of noise and carrier of information (Schmitt, Xiang, and Yung 
1999; Bashkansky and Reintjes 2000). The speckle carrying signal information is the result 
of the back scattering of the incident photons while the speckle noise is caused by the random 
interference between multiple reflected photons coming from multiple directions. Speckle 
noise creates a grainy appearance in the OCT images that degrades the signal-to-noise (SNR) 
and limits its interpretation. Their properties are affected by the scale representation, the 
optical setting and the scattering properties of the biological tissue (P. Lee, Gao, and Zhang 
2011). As source of information the speckle pattern statistics have been used to detect blood 
flow (Mariampillai et al. 2008; Srinivasan et al. 2010), differentiate living and non-living 
tissue (Gossage et al. 2006) or in optical elastography (Kirkpatrick, Wang, and Duncan 
2006). 

Speckle denoising is an active research field broadly developed during the last years. The 
different methods can be divided in those that modify the image configuration, where the 
optical setting or the scanning protocol can be adjusted, and those based on post-processing 
digital algorithms. In the first group we can find different forms of compounding techniques 
using the frequency (Pircher et al. 2003a), the angle of the incident light source (Iftimia, 
Bouma, and Tearney 2003; Desjardins et al. 2006) or multiple A-lines collected in a 
controlled way (Szkulmowski et al. 2012). Recent studies propose methods that combine 
image processing and modifications in the optical configuration to increase SNR even further 



1. State of art 
 

  21  
 

(Duan et al. 2014; W. Cheng et al. 2017). To compensate the effect of possible shifts in case 
of in vivo imaging weighted average of individual A-scans (Sander et al. 2005) or a 
combination of high-speed CMOS line scan camera and a cross correlation of different B-
scans to a fixed reference one (Götzinger et al. 2011) has been proposed. One of the latest 
works suggests that the SNR improvement of pure angular compounding techniques are 
limited by optical aberrations (Winetraub et al. 2017).  

In this work we developed a new technique for speckle reduction in OCT to improve the 
visualization of OCT skin images and their posterior interpretation for early detection of skin 
lesions.  

1.3.2 Segmentation 

The next step in a CAD system is the segmentation of relevant structures or regions necessary 
for the posterior extraction of features. In this study we focused on fundus images for the 
detection of eye conditions. We can divide the segmentation methods in (1) the localization 
and segmentation of retinal structures like optic disk, very useful in the detection of glaucoma 
(Joshi, Sivaswamy, and Krishnadas 2011; Sanchez et al. 2004) the fovea or the vasculature 
(Soares et al. 2006; Meindert Niemeijer, Abràmoff, and Ginneken 2009; Tan et al. 2017); (2) 
segmentation of retinal abnormalities like microaneurysms (earliest visible sign of retinal 
damage), hemorrhages (due to leakage of weak capillaries) (A. D. Fleming et al. 2006; 
Quellec et al. 2008), exudates, drusen among others (Abramoff, Garvin, and Sonka 2010; 
Meindert Niemeijer et al. 2007). In the next figure we present some examples of color fundus 
images of healthy and DR cases. 

Figure 1.6. Typical healthy and different stages of DR fundus images: (a) Normal; (b) Mild Non-
Proliferative DR (c) Moderate Non-Proliferative DR; (d) Severe Non-Proliferative DR; (e) Prolific 
DR; (f) Macular edema. (Source (Mookiah, Acharya, Chua, Lim, et al. 2013)) 
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1.3.3 Feature extraction and classification 

The feature extraction and their posterior use in the training of a statistical classifier are other 
very common components in current CAD systems. Features extracted from training 
examples images should be provided in order to construct the classifier. The classification 
can be divided in supervised classification, where a reference label is provided for its 
features, or unsupervised where there is not such a reference and the system must infer them 
in the training phase. Features can encode information at different levels of abstraction from 
pixel to patient level. In the case of pixel feature classification, it is usually performed using 
a supervised approach. During the implementation of a pixel feature classifier we need two 
different phases: (1) training phase where the classifier learns from labeled or well-known 
previous classifications; (2) testing or classification phase where the system classifies new 
unknown images (Abramoff, Garvin, and Sonka 2010). To detect lesions one approach used 
after a pixel classification, is performing a clustering of pixels into highly probable lesion 
regions and used different features to differentiate clusters (such surface area, length of major 
axis, standard deviation …) (Meindert Niemeijer et al. 2007).  

Automatic identification and quantification of retinal lesions algorithms based on previous 
approaches can be found in the main findings present in AMD, DR or glaucoma. In AMD, 
drusen is the most remarkable lesion and has been studied in several works (Mark J. J. P. van 
Grinsven et al. 2013; Liang et al. 2010). For DR the detection of red lesions (miroaneyrysms 
and hemorrhages) and bright lesions (exudates and cotton wool spots) have been extensively 
developed in numerous studies (Sopharak et al. 2008; Zhang et al. 2009; Larsen et al. 2003; 
Mane, Kawadiwale, and Jadhav 2015; García et al. 2010). In glaucoma the hallmark is 
cupping of the optic nerve head. The ratio of the optic disc cup and neuroretinal rim surface 
areas in fundus color images, called cup-to-disc ratio, is an important structural indicator for 
assessing the presence and progression of glaucoma (Abramoff, Garvin, and Sonka 2010). 
The assessment of the Optic Nerve Head (ONH) has been implemented by several groups 
(M. D. Abràmoff et al. 2007; D. W. K. Wong et al. 2008). 

The final output of CAD systems is a score of the likelihood of the presence of a disease 
based on the detection of previous lesions or the analysis of the complete image. In most 
developed systems a severity grading is also provided. Different solutions have been 
developed and tested in DR. In (Philip et al. 2007) a CAD system was tested with 6722 
patients grading “disease/no disease” with 90.5% of sensitivity (86,5% in manual grading) 
and 67.4% specificity (95.3% in manual grading). (Alan D. Fleming et al. 2010) presented 
the evaluation of an automated grading software for DR with 33535 patients, detecting 100% 
of patients with proliferative retinopathy (180) and observable background retinopathy (324), 
97.4% (1099/1130) with referable maculopathy and 99.2 % (1824/1827) with observable 
maculopathy. AMD automatic detection systems are in a more incipient state. (Liang et al. 
2010; Agurto et al. 2011; Mookiah et al. 2014) described different implementations but with 
a small number of patients. In glaucoma the situation is similar. (Bock et al. 2010; Nayak et 
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al. 2009) created automatic systems for detecting glaucoma but were tested with small 
datasets.  
1.3.4 Convolutional neural networks 

Convolutional networks, commonly known as one of the most popular deep learning 
algorithms for image analysis, have become very rapidly a very successful alternative for 
analyzing medical images. These methods could be considered as the evolution of the 
supervised techniques, mentioned before, started at the end of the 1990s, where a training 
data sets of previously classified images are used to develop the system. Before deep learning 
revolutionized computer aid diagnosis systems the standard approach was based on feature 
extraction of relevant characteristics manually identified in the images and the 
implementation of a statistical classifier trained in a supervised way. The new deep learning 
paradigm implies that the computers can perform the feature learning and classification 
simultaneously. We can find usually in a deep learning algorithm a network (model) formed 
by many layers that transform an input data (images normally) to outputs (e.g. pathology 
present/absent). The most successful type of models for medical image analysis is a sub-class 
of neural networks called convolutional neural networks (CNN) that was introduced in the 
1980s (Fukushima and Miyake 1982). The first relevant real-world application was in hand-
written digit recognition with the network LeNet (Lecun et al. 1998). The recent 
advancements in core computing systems caused the exponential growth of the use of this 
technology first in computer vision where AlexNet (Krizhevsky, Sutskever, and Hinton 
2012), the proposed CNN that won the challenge ImageNet in 2012, is considered the key 
breakthrough in this field. It is also relevant to highlight the role in the widespread use of 
deep learning of the availability of GPUs (Graphics processing unit), GPU-computing 
libraries (like CUDA or OpenCL) and several open source packages, like Caffe (Jia et al. 
2014), Tensorflow (Abadi et al. 2016) or Theano (Bastien et al. 2012) that provide efficient 
implementations of very common CNN operations. 

(Litjens et al. 2017) provided a thorough review of the current use of these techniques in 
medical analysis. The study mentions state-of-art applications of deep learning technology 
in the main topics of biomedical image processing: classification, object detection, 
segmentation or registration among others. The CAD systems and the screening programs 
have also progressively adopted the new approach. Several studies outperform state-of-art 
CAD systems on the mediastinal lymph node detection and interstitial lung classification 
(Shin et al. 2016),  mammographic lesions (Kooi et al. 2017), lung nodules (J.-Z. Cheng et 
al. 2016) or skin lesions (Esteva et al. 2017).  

CNN have been successfully applied to color fundus images achieving state-of-art 
performance or outperforming previous implementations. We can find since 2015 numerous 
studies applying CNN in retinal vessel segmentation (Huazhu Fu et al. 2016), image quality 
assessment (Mahapatra et al. 2016), segmentation of the optic disc and the optic disc cup 
(Zilly, Buhmann, and Mahapatra 2017), glaucoma detection (X. Chen et al. 2015), diabetic 
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retinopathy detection (Michael David Abràmoff et al. 2016), age-macular degeneration 
detection (Burlina et al. 2017) or  hemorrhage detection  (M. J. J. P. van Grinsven et al. 2016) 
among others.  
1.3.5 Performance of CAD systems  

To validate the CAD systems, measure its performance and compare it with human 
specialists several ratios have been proposed. The data set where the output ratios of the CAD 
systems are calculated must be kept separated from the data set used during the training of 
the algorithm.  

The receiver operating characteristics (ROC) graph is a technique for visualizing, 
organizing and selecting classifiers based on their performance (Fawcett 2006). In a simple 
classification problem with two classes we can consider a class with score 0 as normal or 
negative and with score 1 as being abnormal or positive. In CAD systems the output is usually 
a score with the likelihood for each group detectable. To get a final prediction the score is 
thresholded and cases below the threshold are assigned a value of 0 and above the threshold 
to 1. Given a reference classification and output with a thresholded score we have four 
possible situations: (1) if the output and the reference are 1 we have a true positive (TP); (2) 
if the output and the reference are 0 we have a true negative (TN); (3) if the output is 1 and 
the reference is 0 we have a false positive (FP) and (4) if the output is 0 and the reference is 
1 we have a false negative (FN). The performance is usually calculated considering these 
metrics (figure 1.7). We can define sensitivity (or TP rate) as the number of TPs divided by 
the sum of the number of TPs and FNs. The sensitivity shows the percentage of abnormal 
cases correctly identified by the classifier. The specificity is defined as the number of TNs 
divided by the sum of the number of TNs and FPs. It is a ratio that shows the percentage of 
normal cases correctly identified. Another metric related with specificity and that we use in 
ROC graphs is the FP rate defined as the number of FPs divided by the sum of TNs and FPs. 
Both metrics are directly related as Specificity = 1 – FP Rate. 

Figure 1.7. Confusion matrix and common performance metrics. The hypothesized class will be the 
threshold score of the CAD system and the True class the reference labeled classes. (Fawcett 2006) 
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A ROC graph is a two dimensional representation with the TP rate in the Y axis and the 
FP rate plotted on the X axes. A ROC graph represents visually the trade-off in real classifiers 
between benefits (TPs) and costs (FPs). In ROC analysis a great variety of thresholds are 
calculated in order to get the pair sensitivity/specificity of each threshold. The representation 
of these pairs create the ROC curve. The closer the figure gets to the upper left corner 
(sensitivity of 1 and specificity of 1) the better the performance of the CAD system is.  

Another global relevant ratios to determine the ability of a test to discriminate between 
healthy and unhealthy cases are the precision, the recall, the accuracy and the F-measure. 
Figure 1.7 contains the definition of this metrics. When dealing with highly skewed datasets, 
When dealing with highly skewed datasets, Precision-Recall (PR) curves gives an alternative 
to ROC curves (Davis and Goadrich 2006). In the PR curves, the x-axis represents the Recall 
and Precision on the y-axis. F-measure or F-score represents the balance of both previous 
metrics, precision and recall. The diagnostic accuracy or effectiveness of a test is defined as 
the proportion of correctly classified cases (TP+TN) among all cases (P+N). 

 Finally we should mention as a relevant performance ratio to evaluate machine learning 
classifiers, the Area under the ROC (AUC). This ratio represents the probability that a 
randomly chosen positive example is correctly rated with greater suspicion that a randomly 
chosen negative example (Bradley 1997). According to some studies it should be used AUC 
instead of accuracy to optimize and compare learning algorithms (J. Huang and Ling 2005). 
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Chapter 2 

Objectives  

As we have described in the previous chapter screening for disease represents a powerful tool 
in medical care. The design and implementation of a successful and cost-effective screening 
program must follow the guidelines and procedures mentioned. The adoption of new 
screening programs in diseases like NMSC and glaucoma are still in progress. We have 
reviewed studies that show its potential with promising outcomes in terms of accuracy in the 
diagnosis and cost-effectiveness, but they are still out of national screening programs. 
Telemedicine and image processing methods included in CAD systems are becoming a 
cornerstone in current screening programs. Tele-screening allows the access to early 
diagnosis and monitoring of multiple conditions to patients in remote locations reducing the 
cost of the final solution without compromising the quality of the service. CAD systems, on 
the other hand, represent a valuable tool in multiple relevant tasks (segmentation, detection, 
quantification of structures or findings, among others) used by the specialists to achieve an 
improved final diagnosis.  

This PhD Thesis proposes a translational research that aims to outperform the 
technological tools included in screening programs in fields like NMSC and glaucoma. The 
research hypothesis that we intend to validate is that screening in NMSC and glaucoma can 
be improved with the creation and application of new advanced tools and image processing 
methods. In order to confirm this hypothesis we define as the main objective of the present 
PhD Thesis the design, implementation and validation of new tools and image 
processing algorithms to be applied in screening programs of NMSC and glaucoma. 
Although we focused on these conditions, all the tools, methodologies and algorithms 
implemented will eventually be applicable to other screening scenarios. In order to cover 
most of the technological components present in screening campaigns, we restrict the scope 
of the PhD works following the criteria included in the following table: 

Table 2.1. Criteria scope definition for all the developments of the work. 
Component Criteria 

Tele-screening Multi-specialty covering at least NMSC and 
glaucoma 

CAD – enhancement OCT for NMSC 

CAD – detection Color fundus images and glaucoma 
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The two technological assets identified in screening services part of the research activities 
of the project are a telemedicine tool specialized in screening and specific algorithms to be 
included in CAD systems and specialized in certain tasks. A tele-screening application 
represents a basic component in order to facilitate the access to information needed in the 
remaining works, so it will be covered first. The implementation of tools to be part of CAD 
systems are considered in two different scenarios. We focus on skin OCT imaging for the 
enhancement tasks and in glaucoma with color fundus images for the detection tasks. 
Following this main objective and the restrictions mentioned we can divide the project in 
three specific sub-objectives: 

1. Design, implementation and evaluation of a tele-screening tool.  
2. Design, implementation and evaluation of an OCT enhancement algorithm for skin 

images. 
3. Design, implementation and evaluation of a CAD system for glaucoma based on CNNs. 

2.1 Tele-screening tool 

As we have seen, the implementation of state-of-the-art screening programs take advantage 
of the facilities of store-and-forward telemedicine applications. In the context of this PhD 
thesis a tele-screening tool offers several advantages: (1) Provision of ICT services needed 
in the execution of a real screening program. (2) Help in the evaluation of the output of the 
different works performed during the project. (3) Structure of all the information collected 
during a campaign in order to create a labeled dataset (4) Integration with the CAD system 
that could provide a global solution to fulfil most of the technological needs of a successful 
screening service.  

The following requirements were identified as targets of the tele-screening tool: 

- Multi-specialty, multi-disease, multi-role and multi-center, in order to allow the use for 
different screening services and health conditions, but also for different types of centers 
(hospital, primary care centers, management centers…) and users (image technicians, 
physicians, clinical specialists, administrative personnel…). 

- Coverage of all the main steps in a screening service: patient recruitment, patient 
examination and test collection and diagnostic. 

- Secured web-based application, to enable the safe use of the system and to facilitate a 
global access from different devices and locations with minimum requirements.   

The tool was deployed and extensively tested in a real screening program for eye diseases 
in collaboration with Hospital de la Esperanza of Barcelona (Spain). Although it is out of the 
scope of a generic solution, the deployment of the tool in a real scenario required the custom 
integration with the image acquisition devices and the ICT systems of the health centers 
where the tool was deployed.  
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2.2 OCT enhancement algorithm for skin images. 

OCT has been extensively used in many clinical fields as we described in chapter 2.1.5. The 
new advances in hand held probes and the reduction in the cost of the new devices will allow 
the use of this technology in primary care settings and screening services for early diagnosis 
of diseases like eye pathologies or skin cancer. As we mentioned one of the first components 
in any CAD system is the pre-processing step. The enhancement of the image to be processed 
can aid the specialists for a better identification of structures and findings relevant for the 
diagnosis and also for automatic systems that must process the image to perform an 
equivalent task without human supervision. Speckle noise reduction in OCT is a very active 
research field that allows quantitative and qualitative improvements in the images.  

To accomplish this objective we have identified the following targets: 

- Revision of state-of-the-art speckle noise reduction algorithms in OCT. 

- Design and implementation of a new speckle noise reduction method for OCT skin 
images.  

- Acquisition of 3D OCT datasets to apply the different speckle noise reduction 
implementations. 

- Quantitative evaluation of the output of the enhancement methods (including the new 
one) using typical performance ratios.  

- Qualitative assessment of the output of the enhancement methods using ratios relevant 
for the early diagnosis of NMSC using a telemedicine framework. 

These works were performed in collaboration with the Drexler Lab in the Center for 
Medical Physics and Biomedical Engineering of the Medical University of Vienna (Austria) 
that assisted in the acquisition of OCT datasets and in the clinical expert evaluation of the 
speckle noise reduction filters.  

2.3 CAD system for glaucoma based on CNN. 

The application of Convolutional Neural Networks, as in many other fields of computer 
vision and medical image processing, is a landmark in the field of CAD systems in recent 
years. The use of CNNs technology is especially attractive in the framework of a screening 
program due to the intensive use of images and their application in thousands of studies. We 
can consider a basic requirement to create a robust CAD system based on CNN, the 
acquisition of a relevant number of images labeled by specialists. The tele-screening tool and 
its application in a clinical screening program for eye disease provided enough data to cover 
this need.  

To accomplish this objective we have identified the following targets: 

- Revision of state-of-the-art CNN algorithms and available implementations. 
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- Collection and pre-processing of the labeled datasets used as gold-standard. 

- Design, implementation and testing of a CNN algorithm to detect glaucoma using 
segmented color fundus images and examination data from the screened patients. 

- Assessment of the new glaucoma CAD system using performance ratios and comparison 
with the performance of the evaluation of specialists. 

These activities were performed in collaboration with the Diagnostic Image Analysis 
Group (DIAG) of the Radboud UMC of Nijmegen (The Netherlands) that has great 
experience in the field of Deep Learning and its application in CAD systems, and with 
Hospital de la Esperanza of Barcelona (Spain) to provide labeled datasets and clinical 
expertise. 

2.4 Context 

In this section we briefly describe the context of the research projects that supported the 
majority of the developments accomplished to better understand the objectives of the present 
work. Although the goals and motivations of these projects exceeded the scope of the present 
work, they could reveal important factors and requirements that influenced some decisions 
during the realization of the work. 

The first one is the European Union FP7 project BiopsyPen1. As we mentioned in chapter 
1.1.5, the current gold standard practice for morphological evaluation of skin is the biopsy 
and the histopathological examination, an invasive method, expensive and complicated for 
the monitoring of dermatological lesions.  In this sense, a non-invasive, high resolution and 
in-vivo imaging for early diagnosis of skin diseases like non-melanoma skin cancer (NMSC) 
could represent a great advance. Within this context, the main goal of the project was “to 
develop a broadly available, cost-effective reliable and compact optical biopsy tool which 
radically transform the capability of biophotonic technology for dermatology and point-of-
care diagnosis”. The final device developed by the project included a pen-like Optical 
Coherence Tomography probe and an associate console to visualize and assess the images 
acquired by the system. A hand-held non-invasive system like the Biopyspen OCT device 
could provide great advantages in early diagnosis of NMSC for point-of-care and screening 
services.  

The “Universidad Politécnica de Madrid” (UPM) was responsible of one the work 
packages of the project related with the design and development of signal and image 
processing technologies to enable the reconstruction of 2D and 3D OCT images with enough 
quality to allow a reliable diagnostic at point-of-care. One the most valuable contributions of 
our participation in the project were the image processing algorithms assessed for OCT image 
enhancement. The results and continuation of these works are aligned with the previously 
described objective 2.2 that will be developed in detail in chapter 4.  

                                                 
1 http://www.biopsypen.eu/ 
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The second project related with the present work was supported by the Spanish “Instituto 
de Salud Carlos III Fondo de Investigaciones Sanitarias” (Health Institute Carlos III, Health 
Research Fund1) and was titled “Assessment of diagnostic precision, costs and utility of 
glaucoma screening based on image based detection, automated image analysis and 
telemedicine” (FIS PI15/00412). The motivation of the project in this case, was the high 
prevalence of glaucoma and the existence of effective methods for the treatment of the 
disease in early stages that could limit their advance and reduce the visual impairments that 
it produces. UPM was responsible of the deployment of a tele-screening tool to assist in the 
screening campaign and the design and implementation of image processing methods to aid 
in the automatic detection of glaucoma. As we can see, the objective 2.1 and 2.3 previously 
mentioned, are linked with the tasks performed in this project and will be described in 
chapters 3 and 5.  

  

                                                 
1 http://www.isciii.es/ISCIII/es/contenidos/fd-investigacion/fd-financiacion/convocatorias-ayudas-accion-
estrategica-salud.shtml 
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Chapter 3 

Tele-screening tool  

The telemedicine and e-health technology have been extensively used in screening programs 
all over the world in the last decades. The potential benefits of telemedicine: remote provision 
of care, improved access to information, services and care delivery or reduction of health-
care costs, motivated the adoption of this technology in screening services of multiples fields 
like breast cancer, cervical cancer, diabetic retinopathy or skin diseases. In this thesis we will 
focus on the use of telemedicine for screening in pathologies with high prevalence of two 
medical specialties: ophthalmology and dermatology. 

In the context of the project of the Health Institute Carlos III described previously in 2.4, 
the creation of a new tele-screening tool is proposed. The tele-screening tool has been 
successfully tested in two real scenarios. First, we accomplished a proof of concept through 
a quality assessment of OCT skin images. This implementation is described in chapter 4 in 
the qualitative evaluation section. Second, we deployed the tool in a screening campaign with 
more than 1000 patients for the detection of multiple eye pathologies. The application also 
served as basis for the provision of labeled data and clinical feedback for the implementation 
of the glaucoma detection method proposed in chapter 5. In this chapter we will describe the 
main requirements of the tool, the design principles, the technologies involved in the creation 
of the application and the main results obtained in the ophthalmology screening campaign. 
Although the campaign considered multiple pathologies we will pay special attention to 
glaucoma. We will revise also the basic concepts regarding the diagnosis of this pathology 
in order to understand the challenges and issues that we had to face in order to design the 
screening project and implement the tool. This description will also serve as a reference for 
the automatic classification of glaucoma, covered in chapter 5.  
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3.1 Introduction 

Teleophthalmology is the branch of telemedicine that is responsible for providing diagnostic 
services and monitoring of ocular pathologies through the use of digital medical equipment 
and telecommunications technologies. Its benefits in costs and improvement in sensitivity 
and specificity have been highlighted in numerous projects for several year (Kanagasingam 
Yogesan et al. 2006). This field of the telemedicine has received an increasing interest in the 
last years due to the prevalence and significance of eye diseases and the lack of specialists in 
remote areas. Most of the studies that we can find in research are focused on one or two 
particular diseases at the same time and are centered in a broad range of issues like analysis 
of the clinical effectiveness, the cost effectiveness or the patient satisfaction.  

In a comprehensive literature review (Bahaadinbeigy and Yogesan 2012) identified that 
the majority of the studies in teleophthalmology were focused on diabetic retinopathy, 
general ophthalmology, retinopathy of premature and glaucoma. The studies centered in 
general eye problems were targeted at confirming the benefits of teleophthalmology to assist 
practitioners. Other conclusions of the review were that the majority of the projects, more 
than 80%, were store-and-forward, where the data related with the screening is stored 
previously to their future use by an expert professional for their diagnostic evaluation. In this 
chapter we will focus only in the use of telemedicine to support screening of a particular 
disease or group of diseases and not in the use telemedicine to provide other type of services. 

With the rising incidence and prevalence of diabetes and diabetic retinopathy (DR) the 
screening of this pathology is the most frequent among all the eye diseases (Ting, Cheung, 
and Wong 2016). Early detection and prompt treatment allow prevention of up to 98% of 
diabetes-related visual impairment (Ferris 1993). The tele-screening has reported to be cost-
effective in DR screening in various countries (Kumar et al. 2005; Neubauer et al. 2003; 
Cuadros and Bresnick 2009). In other pathologies like Age-Macular-Degeneration or 
glaucoma the screening studies are in a preliminary state in comparison with DR. Some 
recent studies are showing the potential benefit of AMD screening applied in combination 
with DR screenings (Chan et al. 2015) and other publications present tele-glaucoma as an 
effective screening tool for glaucoma for remote under-services communities (Thomas et al. 
2014) and in urban settings (Hark et al. 2017). But it is still an open research field where 
efficient telemedicine tools and CAD system can play a positive and significant role.  
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3.2 Glaucoma diagnosis 

Before we start with the description of the design and implementation of the tele-screening 
tool we will describe briefly the basic concepts related with the diagnosis of glaucoma to 
better understand the challenges and issues of this complex disease.  

As we mentioned in the introduction (section 1.1.4) glaucoma is a worldwide leading 
cause of irreversible vision loss that affects more than 70 million people (Quigley and 
Broman 2006). The glaucoma is a group of progressive neuropathies characterized by 
degeneration of retinal ganglion cells and resulting changes in the optic nerve head. The 
biological basis of glaucoma is not well understood and the factors that affect its progressions 
have not been fully characterized (Weinreb, Aung, and Medeiros 2014; Nickells et al. 2012). 
Glaucoma can be classified in two broad categories: open-angle glaucoma and angle-closure 
glaucoma. Although open-angle glaucoma is responsible of 74% of glaucoma cases (Quigley 
and Broman 2006), angle-closure glaucoma is more severe and produce the same number of 
irreversible visual loss (Day et al. 2012). The following tests are recommended to a proper 
diagnostic of glaucoma (“European Glaucoma Society Terminology and Guidelines for 
Glaucoma, 4th Edition - Part 1Supported by the EGS Foundation” 2017): 

 Intraocular pressure (IOP) and tonometry. The IOP is the pressure created by the 
continual renewal of fluids inside the eye. The IOP could be estimated with a tonometer, 
a device which measures the pressure inside the eye in millimeters of mercury (mmHg). 
The mean IOP in adult population is estimated at 14-16 mmHg, with a standard deviation 
of 3.0 mmHg (Hoehn et al. 2013; Foster et al. 2011).  Elevated IOP is considered a very 
consistent risk factor for the presence of glaucoma, although several studies found IOP 
lower that 22 mmHg in 25% to 50% of individual suffering glaucoma (Mitchell et al. 
1996). So it is not an effective method as unique test for screening and should be 
complemented with other information. It has been demonstrated than the corneal 
thickness affects the measurement of the intraocular pressure (Bhan et al. 2002; Recep et 
al. 2001). We can include in the glaucoma evaluation a pachimetry test for measuring the 
corneal thickness and calculate the IOP with more precision.  

 Gonioscopy. The purpose of this test is to analyze the angle configuration and assess the 
presence of angle closure. It is based on the recognition of angle landmarks and uses a 
simple handheld mirrored instrument placed on the patient´s eye followed by examination 
of the angle using a slit-lamp biomicroscope. This test is considered highly subjective, 
with poor reproducibility (Weinreb, Aung, and Medeiros 2014). Anterior segment optical 
coherence tomography and High-Definition optical coherence tomography represent 
other valuables alternative tests for imaging the anterior chamber angle and an aid in the 
diagnostic of angle-closure glaucoma (H.-T. Wong et al. 2009; Narayanaswamy et al. 
2010).  

 Optic nerve head and retinal nerve fibre layer. Glaucoma changes the appearance of the 
optic nerve head (ONH) and the retinal nerve fibre layer (RNFL) in a characteristic way. 
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In figure 3.1 we can distinguish the main retinal elements present in a color fundus image. 
For the clinical examination of the ONH and RNFL the features included in the following 
table should be assessed. All this features described in table 3.1 can be assessed using 
color fundus images although other imaging modality could be consider. RNFL layer 
defects can be assessed using Scanning Laser Polarimetry and OCT (Lim, 
Chattopadhyay, and Acharya 2012). The figure 3.1 present some typical structures 
present in color fundus images. In figure 3.2 we show example of the features of the ONH 
and the RNFL considered in a glaucoma examination.  

Figure 3.1. Typical structures present in a color fundus image: optic disc, optic cup, neuroretinal rim 
and vessels (Haleem et al. 2013). 
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Table 3.1. Features of the optic nerve head (ONH) and the retinal nerve fibre layer (RNFL) to 
consider in a glaucoma examination. (Jonas, Budde, and Panda-Jonas 1999; Fingeret et al. 2005; 
“European Glaucoma Society Terminology and Guidelines for Glaucoma, 4th Edition - Part 
1Supported by the EGS Foundation” 2017). Examples in figure 3.2. 

Feature Description 

Neuroretinal rim 
Glaucoma is characterized by progressive narrowing of the neuroretinal rim 
following different patterns.   

Retinal nerve fibre 
layer 

It is the earliest sign of glaucoma. RNFL appears as a bright bundle of striations 
unevenly distributed in normal eyes. The defects can consists on wedge-shaped 
dark areas with its tip touching the optic disc border or with diffuse RNFL defects 
that reduce the appearance of RNFL. 

Optic disc 
haemorrhages 

Indicate glaucoma progression and can be located on the retina, be just off the disc, 
in the margin of the retina and the optic disc or near to blood vessels. They are more 
common in normal tension glaucoma.  

Parapapillary atrophy 

Refers to the thinning and degradation of the chorioretinal tissue just outside the 
optic disc which is an indicator of progression of glaucoma.  There are two types 
depending on the zone where they are present, alpha and beta types. The beta type 
is more important for glaucoma because is caused by atrophy of the retinal pigment 
epithelium It could be present also in normal eyes. 

The ISNT rule 

The rim width is the distance between the border of the optic disc and the position 
of blood vessels bending. In normal eyes the inferior area is usually wider than the 
superior followed by the nasal and the temporal the narrowest. The term ISNT helps 
to remember the anatomic rule. If the rim does not obey the ISNT rule glaucoma 
must be suspected. 

Rim width and 
Cup/Disc Ratio 

The width of the rim and the size of the cup vary with the overall size of the disc 
which is very different in the population. The vertical diameter of the cup and the 
disc is used to calculate the cup/disc ratio (CDR).  A large CDR has been identified 
as a sign of glaucoma damage. However large CDR could be interpreted 
erroneously pathological in large discs and a small CDR in a small disc could be 
misclassified as normal. Another factor to analyze is that the cupping in normal 
eyes used to me symmetric, vertical CDR is less than 0.2 in 96% of the normal eyes.  
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Figure 3.2.Examples of features to be considered in the glaucoma examination of the ONH. Extracted from 
(“European Glaucoma Society Terminology and Guidelines for Glaucoma, 4th Edition - Part 1Supported by the EGS 
Foundation” 2017)1. (a) Progression of glaucomatous damage of the optic disc: Early localized loss (A1), advancing 
to localize plus diffuse rim loss (A2). Early localized rim loss, polar notches (B1); more advanced polar notches 
(B2).Diffuse or concentric rim loss, early (C1); advanced (C2). Diffuse rim loss (D1), followed by localized rim loss 
(notch) (D2). (b) Optic disc haemorrhage. (c) ONH with parapalliary atrophy. The Alpha zone is located peripheral 
to beta zone and is characterized by irregular hypo- and hyprpigmentation. The Beta zone of atrophy is adjacent to 
the optic disc. (d) The ISNT rule. (e) Optic nerve heads with different disc areas but with the same rim area, and the 
same number of retinal nerve fibres; small size disc (disc areas less than 2 mm2 and C/D=0.3), mid size disc (disc 
area between 2 and 3 mm2, C/D=0.5) and large large disc (disc area greater than 3 mm2 and C/D=0.8). C/D=CDR. 

 

                                                 
1 Pages of the images in the document of the European Glaucoma Society. (a) 49 (b) 50 (c) 51 (d) 52 (e) 54 
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The quantitative imaging of the optic nerve and the RNFL are commonly used to assist 
in the diagnosis of glaucoma and the monitoring of the progression of the disease. The 
majority of the imaging devices have software that provides measurement parameters and 
a clinical diagnosis based on the statistical result of comparing the output measurements 
of the patient with a normative database of healthy eyes. The quality of the image, image 
artefacts or software errors are possible, so the clinicians should be careful interpreting 
this information and consider all the data and tests of the patient to perform a final 
diagnosis. Heildeberg Retina Tomography (HRT), Scanning laser polarimetry (GDx-
ECC) and Optical Coherence Tomography (OCT) (Medeiros et al. 2004; Burgansky-
Eliash et al. 2007; Weinreb et al. 1998; Jaffe and Caprioli 2004) have demonstrated to be 
valuables imaging technologies to assist in the detection and follow up of glaucoma.  

 Perimetry. Visual fields tests are relevant for the diagnosis of glaucoma and even more 
important in the follow-up and management of the pathology. It is a subjective evaluation 
of central and peripheral vision and usually consists on light spots presented to the patient 
in different areas of the peripheral vision. Over the time the test has become more 
standardized and now it is usually named Standard Automated Perimetry (SAP) that 
refers to static computerized threshold perimetry of the central visual field. This tests are 
time consuming and required various repetitions in patient without experience (Kamdeu 
Fansi, Li, and Harasymowycz 2011) and have been reported in several studies that present 
a high rate of false positives (Pierre-Filho et al. 2006; Mowatt et al. 2008). 

Although there are several comparative diagnostic studies, there is no evidence or 
agreement about the tests or combination of tests that should be performed in order to 
improve the benefits to the patient at a sustainable cost (Tuulonen 2011; Burr et al. 2007). 
The lack of a perfect reference standard and the great variability of technologies for 
establishing the diagnosis of glaucoma make early diagnosis and screening challenging and 
complex. In an extensive review (Ervin et al. 2012) conclude6s that there is no studies yet 
that reported evidence for direct or indirect kinks between glaucoma screening and visual 
fields loss, visual impairment, optic nerve damage, intraocular pressure, or patient-reported 
outcomes. As we can see, early diagnosis and glaucoma screening are an open and very active 
research field that requires further studies and new strategies to overcome current limitations. 
Some of the solutions proposed in the present work seek to advance in that direction.  
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3.3 Methods 

The purpose of this section is the description of the process followed for the creation of a 
store-and-forward tele-screening tool that offered technological support for the 
implementation of multi-disease screening campaigns of multiple medical specialties. The 
following table summarize the main requirements identified in the design of the tele-
screening tool. 

Table 3.2. Global requirements of the tele-screening tool 

ID Description 
REQ1  The application will cover all the steps in a screening campaign: recruitment of the 

patients, examination, remote evaluations of the study, integration with the medical 
record of the hospital and monitoring with posterior exams in the hospital or in 
future campaigns.  

REQ2 Multi-center. The application will allow the use of different medical centers 
simultaneously related in a screening campaign. 

REQ3 Multi-role. The application will allow the use of different roles associated with the 
process of the screening campaign: assistant, exam technician, evaluator, manager 
and administrator 

REQ4 Multi-device. The application will be web-based allowing its use by different 
devices through an internet browser.  

REQ5 Security. The platform will warrant the security in terms of authentication, 
confidentiality, integrity and in particular will apply the procedures established in 
the Spanish LOPD for the protection of the personal data of the users and patients 
of the platform. 

REQ6 Cloud storage. The application will allow the secure storage of images, tests and 
reports involved in the campaign in a remote environment. 

The architecture of the tele-screening tool followed the Model/Controller/View (MVC) 
design pattern, very common in interactive software systems and in web development (Leff 
and Rayfield 2001). In a MVC application the View displays the information to the end user, 
the Controller processes the user’s interaction using the information store and organized in 
the Model.  

The first step in the design of a MVC application is usually the creation of the Model. In 
our case this step supposed the design of a SQL relational database (Maier 1983) that includes 
all the information that could be processed by the tele-screening tool. We put special effort 
defining all the database tables and fields that must cover all the multiple options defined in 
the requirements of the tool, in particular the multi-specialty, multi-disease, multi-center and 
multi-role requirements. The following figure shows some tables defined in the database of 
the tool. We can divide the model in four modules responsible for different types of 
information. 
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 Personal information module, includes all the tables and fields related with the users 
of the tool, some personal data, the addresses, the roles, … 

 Medical participants module, includes all the tables for the patients, the health 
professionals the medical centers, the specialties, subspecialties, … 

 Study-Evaluation module, includes all the tables with the examinations fields, the 
tests, the diagnosis fields, … 

 Administration module, with all the tables and fields regarding the agenda, the logs, 
the task assignment, … 

Figure 3.3. Diagram of the modules of the database model of the tele-screening tool. 

 

As we mentioned in the requirements, the tool is multi-role (REQ3 in table 3.2). One of 
the tables in the model stores all the roles considered which are described in the next table: 

Table 3.3. Roles of the tele-screening tool. 

ID Description  

admin  Access to all the functionalities of the application and the management of the users, 
the centers and the import/export facilities. 

assistant Management of the agenda and the patients of the campaign. 

requester Responsible for the creation of the study that includes clinical data, tests and 
reports performed during the examination of the patient.  

evaluator Responsible for the assessment and diagnosis of the studies based on the 
identification of pathological findings from the analysis of all the information 
upload by the requester in the examination.  

manager Access to the information of the schedule, the results of the examinations and the 
evaluation and the statistics of the campaign. 
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Next we defined the Controller where we identified the different functionalities that must 
be processed by the tool. Although the tool was not designed as a service oriented architecture 
(Erl 2005) we tried to include some of the ideas and concepts of this powerful software 
paradigm in terms of abstraction of logic and reusability. Additionally we design the logic of 
the application with the vision of the process followed in a typical screening campaign 
represented in the figure 3.4. Briefly, we can divide the screening process in different 
activities included in three main groups: (1) the agenda sub-process that involves the contact 
with the patient and the schedule of the examination in the system, (2) the examination sub-
process that covers all the activities related with the realization of the study to the patient and 
the inclusion of all the data in the system. Finally (3) the evaluation sub-process that accounts 
for all the tasks related with the diagnostic evaluation and the integration of the information 
with the Electronic Medical Record (EMR) system of the hospital.  

Figure 3.4. Screening process supported by the tele-screening tool. 
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The next figure present the main functionalities and the modules of the tele-screening tool. 
We describe briefly the main modules present in the figure that cover the core functionalities 
accomplished by the tool: 

 The agenda module includes all the functionalities related with the management 
of the examination scheduled for every date. 

 In the exam module all the issues related with the incorporation of data of the 
medical history, results of tests, reports or images needed for the posterior 
evaluation were implemented. 

 The allocator module deals with the assignation of studies to the different 
evaluators included in the screening campaign. It also allows re-assignation in case 
of double evaluation, especially interesting in research projects. 

 The evaluations module includes all the functionality regarding the assessment of 
the studies previously included. The evaluators must indicate all the findings 
related with the different diseases of the screening campaign. The tool provides a 
reference diagnosis according to the selection of findings of the evaluator that 
could be changed at the end of the process.  

 The report diagnosis module is responsible of generating the report with all the 
information of the study, including all the examinations, images, the clinical 
diagnosis of the evaluator and the next steps if any. This report could be 
incorporated to the EMR system of the hospital if needed. 

Figure 3.5. Functional modules of the tele-screening tool. The integration with the Electronic 
Medical Record (EMR) of the Hospital although included in the global design of the platform required 
ad-hoc developments in each deployment due to the variability of the IT systems in hospitals.  
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Finally, for the View we identified and prototyped all the different windows that should 
be present in the application to comply with all the requirements described before. In the next 
figures we present all the basic views created for the tele-screening tools and two examples 
of the final views implemented for the ophthalmology campaign. It is important to highlight 
that the views were defined for a specific application of the tool in an ophthalmology 
screening campaign but the approach and design of the tool allows the creation of similar 
views for different implementations in campaigns of other medical specialties and focused 
in other diseases.  

Figure 3.6. Example of views included in the tele-screening tool for the roles admin, study requester, 
evaluator and manager. As we can see some of the views are repeated but could be not exactly the 
same because the visible information for each role could be different. Also it is important to mention 
that in most of the cases each view in the figure could include several windows for the final user. For 
example the study creation involves 3 windows. 

 

The implementation of the tele-screening tool used typical web-based open software 
technologies. The most relevant are presented in the following table. 

Table 3.4. Software packages used in the implementation of the tele-screening tool. 

Name Version Reference 

Laravel Framework 4.2 PHP open source Framework (https://laravel.com/) 

Bootstrap  3.3.2 HTML, JS, CSS open source toolkit (https://getbootstrap.com/) 

MySQL  5.6 Open-source relational database management system 
(https://www.mysql.com) 

Imagick  3.1.2 PHP Imaging Processing Library 
(http://php.net/manual/en/book.imagick.php) 

Chart JS  1.0.2 Javascript charting library (https://www.chartjs.org/) 

One benefit of the web-based strategy with cloud storage of the images is that it simplifies 
the requirements for the installation of the tool in a real environment. The inclusion of the 
agenda of the studies to be performed and the integration of the final report with all the 
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diagnostics with the Electronic Medical Record of the hospital are the unique custom 
developments that need to be implemented. In the next section we will detail the solution 
included in the ophthalmology screening study for this purpose. 

3.4 Results and discussion 

For the evaluation of the tool we completed its implementation in a real ophthalmology 
screening campaign performed in the Hospital Esperanza and the Primary Care Centers of 
Vila Olimpica and Barceloneta in Barcelona (Spain). As we have mentioned before, the tele-
screening tool allows the study of multiple diseases at same the same time. In this case we 
included eye diseases described in the next table. In the rest of the descriptions we will focus 
mainly on glaucoma which is our target disease in this part of the work. 

Table 3.5. Eye pathologies included in the tool for the screening campaign performed in the Hospital 
Esperanza in Barcelona (Spain) 

Pathology Types included  

Diabetic Retinopathy (DR) DR non proliferative (mild/moderate/severe) (with macular edema 
mild/moderate/severe) or DR proliferative (with macular edema 
mild/moderate/severe) 

AMD (mild/intermediate/severe) 

Age Physiological changes  

Glaucoma  Suspect of glaucoma 

High intraocular pressure 

Others Vitreoretinal interface changes (vitreomacular adhesion / vitreomacular 
traction/macular hole/ epiretinal membrane) 

Vascular obstructive disease  

Retinal Photocoagulation 

Next we describe the process followed during the campaign and the support provided by 
the tele-screening tool. The next figure summarizes all the steps and the number and role of 
the users of the tool involved: 

Table 3.6. Process followed during the screening campaign. In each step the number of the users and 
the role are indicated (#users/role). 

 

 First, the recruitment and scheduling of patients was performed. The staff of the Primary 
Care Center called and scheduled the visits of the people that agreed voluntarily to be 
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included in the study. From an initial random selection of 4000 patients of age older than 
55 years old 1644 accepted to be included in the study and were scheduled in the agenda. 
To aid in this process the tool included a module specially implemented for this campaign 
that allowed the automatic import of all the patients scheduled. Besides the personal 
information of the patient, some data from the clinical history were also provided 
(diabetes, hypertension, hyperlipidemia, cerebral ischemia, smoking habits as well as 
levels of glomerular filtration and glycosylated hemoglobin). In the next table we present 
the age and gender distribution of the patients that finally accepted to participate in the 
study.  

Table 3.7. Age and gender distribution of patients included in the study. In brackets the percentage 
respect to the TOTAL number of patients (1006) is included. The median of the age of the participants 
was 64 years old and the standard deviation 8 years.  

Age Number (%) Gender Number (%) 
≤ 65 423 (42.05) Female 523 (51.99) 

≤ 75 370 (36.78) Male 483 (48.01) 

≤ 85 198 (19.68)   

> 85 15 (1.49)   

 The next step was the examination of the patients. Seven health professionals (nurses and 
optometrists) were responsible of performing medical tests and uploading the results in 
the telemedicine tool. The tests performed and the data collected and uploaded to the tool 
are listed in the following table. Once the study is completed, the tool automatically sent 
the study to a pool of eight ophthalmologists 

Table 3.8. Data and tests included in the examination of the patients and uploaded to the tele-
screening tool. AMD, age-related macular degeneration. 

Data/Test Description 

General      
Clinical Data 

Diabetes, Diabetes treatment, HbA1c, Glomerular filtration rate, Hypertension, 
Hypertension Control, Cerebral Ischemia, Ischemic heart diseases, Smoker habits 

Ophthalmological 
Clinical Data 

Diabetic Retinopathy/Glaucoma/AMD/ Family History 

Glaucoma/Ocular Hypertension/Glaucoma Layer Therapy/Diabetic 
Retinopathy/AMD/Retina Laser therapy/Retina Therapy/ Cataract Surgery/Refractive 
Surgery Personal History 

Visual Acuity With pin hole or with correction. 

Tonometry For measuring the IntraOcular Pressure (IOP) using a portable tonometer Icare. 

Fundus Color 
Images 

One for each eye with a field of view of 45 degrees, centered on the macula and 
including the optic disc using a Non-Mydriatic Retinal Camera Topcon 

OCT Three reports, one of the papilla of both eyes and others from the macula of each eye 
using the iVue 100 by Optovue, Inc Fremont, CA, USA. 
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In the tool the uploading of all this information was divided in three sections, the first one 
for the general clinical data, the second for the ophthalmological clinical data and the last 
one for the tests. In the next figure we can see an example of the last view that the user had 
to complete to finish the study. 

Figure 3.7. Example of view of the last step in the study creation. In the top part of the image the 
user can enter the results of the tests for the visual acuity and the tonometry. Next, the user can upload 
the image tests acquired. In this case we can see two color fundus images. The user in any moment 
can save the study, go back to the previous step (the ophthalmological clinical data) or finish the study 
and allow the tool to send it to one evaluator.  

 

 Next, the specialists evaluated the study using all the information previously uploaded. 
The assessment consisted in labeling all the findings identified through the data of the 
study. Figure 3.8 shows an example for the glaucoma examination.  Once the evaluator 
completed the labeling, the tool automatically classified the pathology according to a 
protocol adapted from the recommendations of the European Glaucoma Society 
(“European Glaucoma Society Terminology and Guidelines for Glaucoma, 4th Edition - 
Part 1Supported by the EGS Foundation” 2017) and presented in figure 3.9. The 
ophthalmologist can modify the final classification before concluding the diagnosis. This 
stage ends with the creation of a PDF report (figure 3.10) that was sent to the Health 
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Center for its later delivery to the patient and with the scheduling in the Hospital's agenda 
if it is identified that the patient has a positive diagnosis.  

Figure 3.8.  Example of the evaluation view in the assessment of glaucoma. In the image we can see 
a zoom of the optic disc of one of the color fundus images and the fields that the evaluator has to 
label: rim thinning, defect nerve fiber layer, rule ISNT, peripapillary atrophy beta type, papillary 
haemorrhage and the vertical index papilla excavation (similar to the CDR that we described). We 
can contrast that these fields cover all the features identified in table 3.1 which are recommended to 
assess the ONH and the RNFL.   
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Figure 3.9.  Protocol followed in the tele-screening tool to identify the glaucoma suspects based on 
the features labeled by the evaluator in the view of the figure 3.8. CDR is the cup/disc ratio or vertical 
index papilla excavation as indicated in the view. The ∆CDRRLE is the difference of the values selected 
by the evaluator in the Right and Left Eye (RLE). 

 
Figure 3.10.  Example of report created by the tele-screening tool. The report contains information 
of the study, the tests performed, the assessment of all the pathologies and of each test and the next 
steps.  In the figure we can see the page with diagnostic for all the pathologies considered in the study 
and the page with the evaluation of each test and the recommendations. 
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 Finally, the last step in the screening process has been the hospital complete examination 
of all the patients with a positive diagnosis and part of the negatives following the criteria 
of two negatives for each positive (with the same age and sex). In the case of glaucoma 
the hospital evaluation includes a detailed exploration of the anterior and posterior 
segment, a gonioscopy test, a pachymetry test and a perimetry test. 22 users, 11 requester 
and 11 evalautors are introducing the data of this tests in the tele-screening tool. During 
the writing of this document this last step has not been finished yet. 

The average time of performing the tests and loading in the telemedicine tool has been 
determined between 12 and 15 minutes. The evaluation of the data and images of each patient 
and the preparation of the report requires between 1 and 3 minutes for the specialist and no 
significant difficulties have been detected in the evaluation process. 

In table 3.9 we present the total number of cases with one of the main diseases considered 
in the campaign: DR, AMD and glaucoma. The following numbers show a comparatively 
low number of positives cases of DR compared with AMD and glaucoma. One possible 
explanation to this difference is that the diabetic patients perform regular controls and were 
not very relevant in the study. The figures in the case of AMD and Glaucoma, two pathologies 
with high prevalence, show an important number of suspects that must be confirmed in the 
final evaluation in the hospital The final number of pathological cases are expected to 
decrease because the prevalence of these diseases are lower than these figures. The 
prevalence of early AMD, for example in Europe, depending on the age ranged from 3.5% 
in those aged 55-59, to 17.6% in those aged >84 (Colijn et al. 2017). In the case of glaucoma 
the prevalence for population aged 40-80 is estimated in 3-4% (Tham et al. 2014). 

Table 3.9 Age-related Macular Degeneration (AMD), glaucoma and Diabetic retinopathy total 
diagnosis. In brackets we present the percentage respect to the total number of studies: 1006. 

Diagnostic  Number of patients (%) 

Age-related macular degeneration 154 (15.31) 

Glaucoma 179 (17.79) 

Diabetic Retinopathy 31 (3.08) 

If we focus on glaucoma, in the next tables we present the features that were labeled in 
the glaucoma evaluation by the ophthalmologist. The majority of the cases were related with 
the identification of the features that we described previously (table 3.1). Tables 3.10 and 
3.11 show in more detail which of these findings were more relevant. The violation of the 
ISNT rule with 80 cases was the most labeled feature followed by the rim thinning with 63. 
In 36 cases both features were identified together. It is also remarkable that only for 6 patients 
the only motivation to classify the study with a glaucoma diagnosis was due to a high IOP, 
that besides has to be confirmed in the hospital review. In the rest 173 cases other findings 
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were identified. In our study the relevance of this test could be considered limited. A similar 
recent study performed in Philadelphia (Hark et al. 2017) found a higher percentage of ocular 
hypertension, 6.1% and of suspicious optic nerve appearance 28.5%. The comparison has 
some limitations because in this study 61% of the participants were african-american which 
considered a glaucoma risk factor. Another important difference is that they did not used 
OCT in the first examination.  

Table 3.10 Glaucoma diagnosis and detail of the evaluation labeling. The pathological findings in 
the ONH considered are: rim thinning, defect nerve fiber layer, rule ISNT violation, peripapillary 
atrophy beta type or papillary haemorrhage. The CDR is the cup/disc ratio and ∆CDRRLE  is the 
difference of the CDR in both eyes. In brackets we present the percentage respect to the total number 
of studies: 1006.   

Diagnostic  Number of patients (%) 

Total Glaucoma 179 (17.79) 

IOP ≥ 22mHg 27 (2.68) 

Pathological finding in ONH assessment 147 (14.61) 

CDR ≥ 0.8 25 (2.49) 

∆CDRRLE  ≥ 0.3 19 (1.89) 

Table 3.11 Detail of the evaluation findings in the ONH. Total number of studies 1006. 

Diagnostic  Number of patients 

Total Pathological findings in ONH 147 

Rim thinning 63 

Defect nerve fiber layer 34 

Rule ISNT violation 80 

Papillary haemorrhage 6 

Peripapillary atrophy beta type 52 

Other relevant output of the results is the analysis of the tests used in the campaign. In 
table 3.12 we present the image quality assessment by the evaluators. We can highlight that 
color fundus images had a significant inferior image quality than OCT. The total number of 
color fundus images that were not evaluable or had a bad quality represent 8.58% of the total, 
that compared with other similar studies represent an intermediate percentage between the 
5% reported in (Ahmed et al. 2013) and the 24 % of (Kiage et al. 2013).  
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Table 3.12 Detail of the evaluation of the quality of the images and the percentage related with the 
total number of images. Total number of studies 1006. 

Diagnostic  Total Good (%) Enough (%) Bad (%) Not evaluable (%) 

Color Fundus Images 2049 1432 (68.69) 441 (21.52) 144 (7.03) 32 (1.56) 

OCT macula 1991 1863 (93.57) 96 (4.82) 19 (0.95) 13 (0.65) 

OCT Optic disc 994 920 (92.56) 47 (4.73) 11 (1.11) 16 (1.61) 

Finally we show in table 3.13 the specific classification performed by the evaluators in 
the analysis of each image test provided in the study. The assessment of the ONH in the color 
fundus images and the OCT optic disc report represent the most relevant tests to classify 
glaucoma. The last column shows the number of cases where the glaucoma diagnosis was 
based on the findings in only one test. We can see that color fundus and OCT of the optic 
disc detected an important number of cases individually. Until de confirmation of the final 
numbers of the hospital review of the patients, we can highlight that 44 patients out of the 
179 (24.58%) were diagnosed thanks to the OCT, which represent a remarkable increment 
of suspects of glaucoma.  

Table 3.13 Glaucoma diagnosis by image type. The unique test represents the cases identified only 
with this image test.  

Diagnostic  Glaucoma Glaucoma Suspect Unique test  

Color Fundus Images 38 120 50 

OCT macula 3 12 1 

OCT Optic disc 41 64 43 

Tele-screening for eye diseases like glaucoma is an open research field where studies like 
the one presented in this chapter, could be a valuable asset to a better assessment of the 
benefits of these approaches in terms of patient outcomes at a sustainable cost. One of the 
key issues of this type of projects is the selection of the tests for the examination. One of the 
core elements in our study has been the inclusion of OCT and not the visual fields tests in the 
examination. The inclusion of an OCT in the examination as a complementary test and the 
long time required to obtained the visual fields tests motivated this selection .The use of OCT 
in glaucoma tele-screening is limited (Kassam et al. 2013; Arora, Rudnisky, and Damji 2014) 
and has been tested in conventional screening without yet conclusive benefits (Bussel, 
Wollstein, and Schuman 2014). The possible limitations in terms of sensitivity in screening 
using OCT could be overcome with the inclusion of the color fundus image assessment. As 
we have seen in the previous data (table 3.15) both tests were determinant in detecting 
suspicious cases independently. As we have mentioned the qualitative assessment of the 
ONH in color fundus images is a challenging task. This is one of the motivations of the 
numerous automatic detection algorithms that have been proposed and we will discuss in 
detail in chapter 5.  
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3.5  Conclusions 

In this chapter we have presented the design, full implementation and evaluation of a store-
and-forward web-based tele-screening tool. The design was based on the MVC design pattern 
and the implementation used web-based open software packages. The main output of the 
proposed tool is the technological transfer and application in an extensive study 
accomplished through an ophthalmology screening campaign performed in Hospital 
Esperanza in Barcelona that included 1006 subjects. The tool supported successfully all the 
requirements of the study and showed the relevance of this type of campaigns in highly 
prevalent pathologies like AMD and glaucoma where the number of cases with a pathological 
evaluation was high compared with other pathologies like diabetic retinopathy were the 
monitoring of the diabetic patients showed inferior positives cases. As we will see in chapter 
5 the development of CAD systems that help in the diagnosis could facilitate the deployment 
of new screening programs for pathologies like AMD or glaucoma.  
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Chapter 4 

Enhancement for OCT skin imaging  

We present a new speckle noise reduction method for OCT volumes. The algorithm exploits 
the advantages of the adaptive noise wavelet thresholding proposing an improved 
compounding method of several frames at the same position. The proposed method is 
compared quantitatively with different state-of-art alternatives through its application to four 
different clinical OCT volumes of 256 acquisitions using a SS OCT specially designed for 
skin imaging. We additionally present a novel scheme for qualitative assessment of the 
results of the different techniques compared, that was performed by one specialist in the 
evaluation of skin OCT images. Both quantitatively and qualitatively the proposed method 
demonstrated the best performance, showing its possible application in the reduction of noise 
for a better diagnosis in OCT skin imaging or in preprocessing steps for posterior 
segmentation or quantification algorithms included in CAD systems for screening 
campaigns. 

As we mention in section 2.4 this development was part of the activities preformed in the 
project BIOPSYPEN were we collaborated with the Center of Medical Physics and 
Biomedical Engineering of the Medical University of Vienna with the supervision of 
Professor Wolfgang Drexler director of the Center. Zhe Chen and Elisabet Rank, researchers 
of the Center, helped us in the acquisition of datasets and the dermatologist Christoph Sinz 
performed the qualitative assessment. We sincerely thank all of them for their help and 
assistance during the realization of this study.  
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4.1 Introduction 

Optical coherence tomography (OCT)  (D. Huang et al. 1991) is an optical imaging technique 
that allows cross-sectional views of highly scattering biological in vivo tissue in real time 
with micrometer resolution and depth up to several millimeters. OCT is broadly used in 
multiple biomedical and clinical fields, such as in ophthalmology as a routine noninvasive 
tool for the diagnosis and monitoring of disease progression [2] or in cardiology as a catheter-
based imaging system for the guiding in coronary interventions (Bezerra et al. 2009). In 
dermatology OCT is a useful non-invasive tool that has been used to study a variety of 
dermatological disorders like systemic lupus erythematosus (Gambichler, Hyun, et al. 2007), 
bullous diseases (Mogensen et al. 2008), psoriasis and contact dermatitis(Morsy et al. 2010; 
Welzel, Bruhns, and Wolff 2003), wound healing (Greaves et al. 2014) or vascular skin 
lesions (Salvini et al. 2008). One of the most prominent application of OCT in dermatology 
is the assessment of non-melanocytic epithelial tumors: actinic keratosis (AK) (Mogensen et 
al. 2009; Jennifer K. Barton et al. 2003), basal cell carcinoma (BCC) (Mogensen et al. 2009; 
Gambichler, Orlikov, et al. 2007; Hussain, Themstrup, and Jemec 2015; Olmedo et al. 2006) 
and squamous cell carcinoma (SCC) (Hatta et al. 2010). 

Due to the use of spatially coherent illumination OCT images are affected by speckle 
phenomena that has a dual role as source of noise and carrier of information (Schmitt, Xiang, 
and Yung 1999; Bashkansky and Reintjes 2000). The speckle carrying signal information is 
the result of the back scattering of the incident photons while the speckle noise is caused by 
the random interference between multiple reflected photons coming from multiple directions. 
Speckle noise creates a grainy appearance in the OCT images that degrades the signal-to-
noise (SNR) and limits its interpretation. Their properties are affected by the scale 
representation, the optical setting and the scattering properties of the biological tissue(P. Lee, 
Gao, and Zhang 2011). As a source of information the speckle pattern statistics have been 
used to detect blood flow (Mariampillai et al. 2008; Srinivasan et al. 2010), differentiate 
living and non-living tissue (Gossage et al. 2006) or to perform optical elastography 
(Kirkpatrick, Wang, and Duncan 2006). 

Speckle denoising is an active research field broadly developed during the last years. The 
different methods can be divided in those that modify the image configuration, where the 
optical setting or the scanning protocol can be adjusted, and those based in post-processing 
the images using digital algorithms. In the first group we can find different forms of 
compounding techniques using the frequency (Pircher et al. 2003a), the angle of the incident 
light source (Iftimia, Bouma, and Tearney 2003; Desjardins et al. 2006) or multiple A-lines 
collected in a controlled way (Szkulmowski et al. 2012). Recent studies propose methods 
that combine image processing and modifications in the optical configuration to increase 
SNR even further (Duan et al. 2014; W. Cheng et al. 2017). To compensate the effect of 
possible shifts in case of in vivo imaging two strategies have been proposed, either using a 
weighted average of individual A-scans (Sander et al. 2005) or a combination of high-speed 
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CMOS line scan camera and a cross correlation of different B-scans to a fixed reference one 
(Götzinger et al. 2011) .One of the latest works suggests that the SNR improvement of pure 
angular compounding techniques are limited by optical aberrations (Winetraub et al. 2017).  

The post-processing digital speckle reduction techniques have as a main advantage that 
they can be applied to almost all 2D and 3D images acquired by an OCT device without 
changing the acquisition setup. The drawback is that they usually need higher computation 
requirements and can affect the resolution of the image. We can include in this group multiple 
methods like local averaging over neighboring A-scans of each tomogram (Pircher et al. 
2003b), averaging multiple B-scans (Sander et al. 2005), applying rotation kernel 
transformations to each tomogram (Rogowska and Brezinski 2000), image regularization 
(Marks, Ralston, and Boppart 2005) or complex diffusion filtering (Fernández, Salinas, and 
Puliafito 2005). Algorithms based on filtering in the wavelet domain have shown excellent 
performance for speckle noise removal. The basic approach of these methods is to filter the 
wavelet coefficients on multiple resolutions in order to minimize the noise. The calculation 
of this threshold and its application can be performed  using spatially adaptive soft-
thresholding with an estimation of the noise in one sub-band (Adler, Ko, and Fujimoto 2004; 
Chitchian, Fiddy, and Fried 2009). However, a recent study shows that speckle noise has 
different magnitudes at different wavelet sub-bands and that an estimation of the noise 
variance in individual scales can improve the characterization of the threshold and 
outperform the speckle noise removal  (Zaki et al. 2017). Another reported successful 
strategy is the compounding of several frames in combination with digital filtering (Ozcan et 
al. 2007) and more specifically with frames previously filtered  using wavelet denoising 
(Mayer et al. 2012). 

We present a new method for speckle reduction of multiple OCT frames previously 
processed with a multi-scale noise adaptive wavelet filter before compounding. Similarly to 
(Zaki et al. 2017) we estimate the noise variance wavelet representation in a homogeneous 
scattering sample and use it to filter the noise in all the frames. To take advantage of 
complementary information brought from several acquisitions as a second step we used the 
compounding approach of (Mayer et al. 2012) applying a weight to select the detail 
coefficients of each sub-band before compounding all the filtered frames. We take advantage 
of the fact that the wavelet representation of the speckle statistics calculated from a 
homogenous sample can be used in other OCT images. These reference statistics are a 
valuable asset to differentiate information from speckle noise. Additionally the use of several 
frames and the wavelet weighted compounding allow us to get an improvement in the speckle 
removal and enhance the structure details showing better performance with respect to other 
methods. 

The rest of the chapter is structured in several sections. In section 4.2 we describe in detail 
the proposed method, the OCT imaging system used, the data set, and the performance 
metrics used in the assessment. In section 4.3 we report the result of the quantitative and 
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qualitative evaluation of the algorithm. Finally, section 4.4 contains the summary of the study 
with the main conclusions. 

4.2 Method 

4.2.1 Wavelet Compounding Adaptive Noise Filter (WCAN) 

Figure 4.1 shows a complete overview of the proposed method named WCAN. The input of 
the algorithm is a set of several noisy OCT frames (OF1, OF2 …OFN) and a set of reference 
OCT frames of a homogeneous scattering sample (RF1, RF2 …RFM). All the input frames 
are in logarithmic scale to allow the assumption of an additive noise model and normalized 
to 1 as maximum value. The output of the method is a single OCT denoised image. The 
minimum number of frames of each set are N=2 and M=1. The terms “frame” and “image” 
are used indistinctly in all the text, like the terms “sub-band” and “sub-scale” when we 
describe the wavelet decomposition. In the next paragraphs we explain in detail each step of 
the method.  

Figure 4.1. Flow diagram of the wavelet compounding adaptive noise algorithm. The m initial OCT 
frames IF1,IF2,…IFN could be previously digital filtered, all the images and the n reference OCT frames 
RF1, RF2,…RFM are wavelet decomposed in L sub-bands. The variance of all the sub-bands of the 
wavelet decomposition of the reference stack is computed. Using the sub-band variances the weights 
of the detail coefficients for each sub-band is calculated and applied to each original OCT frame. Then, 
all denoised frames are compounded in the wavelet domain before the inverse wavelet transform is 
calculated to get the final denoised OCT image. 
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Pre-processing with digital filtering: A first step of pre-preprocessing with digital 
filtering could be included at the beginning to facilitate the posterior compounding. 
Empirically we identified the Sigma filter, also known as Lee Filter (J.-S. Lee 1983), as the 
best option for this step. The Sigma filter is based on the two-sigma probability of Gaussian 
distribution and incorporates the speckle multiplicative noise model. Besides, its simplicity 
it provides a good balance between filtering accuracy and computational complexity. The 
Lee Sigma Filter is based on the idea that 95.5% are distributed within the two-sigma range 
from its mean (J. S. Lee et al. 2009). We implemented a version of this filter considering a 
window size of 3 and the estimation of the sigma value based on the noise standard deviation 
obtained as the median absolute deviation of the diagonal detail coefficients sub-band of the 
single discrete 2-D wavelet decomposition of the input images using wavelet Daubechies 1 
as mentioned in (Pizurica and Philips 2006) 

Wavelet Transform: All the input images are decomposed by a wavelet transformation 
with a maximum decomposition level of L. The result of the transformation is a set of 
approximation coefficients 𝐴𝑖

𝑙  and detail coefficients 𝐷𝑖,𝑂
𝑙  where i is the frame number, l is 

the decomposition level and O is the orientation or direction of the detail coefficient 
(horizontal, vertical and diagonal). The wavelet transformation was computed using the 2-D 
discrete stationary wavelet transform with Haar wavelets.  

Variance Computation: For the calculation of the noise variance (𝜎2) in all the frames 
we consider all the sub-bands of the input and the reference frames. The variance of the 
reference frames is calculated once. For the computation of the variance of the detail 
coefficients of each sub-band all frames (M for the reference stack and N for the original 
stack) are taken into account.  

We compute 𝜎𝑅,𝐷,𝑀
𝑙 2 as the set of variance values, where R refers to the reference OCT 

frames, D refers to the detail coefficients that can be in the horizontal, vertical and diagonal 
direction, l refers to the sub-band level (with l between 1 and L), and M is the total number 
of frames for the references stack.  

Weight Computation: The weights provide an estimation of the noise contribution of 
each sub-band in every initial frame in relation with the reference noise and the rest of the 
frames. The goal is to limit the detail coefficients in each sub-band with higher variance 
compared with the reference values and the rest of the frames, assuming that the noise will 
be the main cause of this higher contribution. For the calculation of the weights we used the 
following expressions: 

𝐺𝑖,𝐷
𝑙 (𝑥) =   

1

𝑁
 ∑ | 𝐷𝑗(𝑥) ∙

𝜎𝑂,𝐷,𝑗
𝑙

𝜎𝑅,𝐷,𝑀
𝑙 |𝑁

𝑗=1    (1) 

𝑇(𝜎𝑖,𝐷
𝑙 ) =  

𝜎𝑅,𝐷,𝑀
𝑙 2

√|𝜎𝑂,𝐷,𝑖 
𝑙 2

−  𝜎𝑅,𝐷,𝑀
𝑙 2

|

     (2) 
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𝑊𝑖,𝐷
𝑙 (𝑥) =  {

1;                        |𝐷𝑖
𝑙(𝑥)| > 𝑘 ∙ 𝑇(𝜎𝑖,𝐷

𝑙 )

1 − 𝐺𝑖,𝐷
𝑙 (𝑥);                        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  (3) 

where 𝐺𝑖,𝐷
𝑙  in (1) is the weighted average of all the detail coefficients 𝐷𝑗(𝑥) using the 

variance of the original frames in the sub-band l, 𝜎𝑂,𝐷,𝑗
𝑙 , with respect to the variance of the 

reference frame  𝜎𝑅,𝐷,𝑀
𝑙 .  𝑇(𝜎𝑖,𝐷

𝑙 ) in (2) is an adaptive variance threshold defined in a similar 
way to standard wavelet thresholding (S. G. Chang, Yu, and Vetterli 2000) but considering 
the variance of the reference frames in each sub-scale 𝜎𝑅,𝐷,𝑀

𝑙 2. The expression (3) will 
produce the final weights 𝑊𝑖,𝐷

𝑙  for each sub-band l, frame i and detail coefficient D, 
comparing the value of the coefficient with the previous threshold value. The parameter k in 
(3) will be used to balance the final amount of noise reduction.   

Wavelet coefficient weighting, compounding and inverse wavelet transform: The new 
detail coefficients of each sub-band �̃�𝑖

𝑙 are computed using the previous weights through the 
following expression: 

�̃�𝑖
𝑙(𝑥) = 𝐷𝑖

𝑙(𝑥) ∙  𝑊𝑖,𝐷
𝑙 (𝑥)      (5) 

The approximation and the detail coefficients of the denoised image are calculated 
averaging the coefficients of the N frames considered during the process:  

𝐷𝑙(𝑥) =  
1

𝑁
 ∑ �̃�𝑖

𝑙(𝑥)𝑁
𝑖=1       (6) 

𝐴 (𝑥) =  
1

𝑁
 ∑ 𝐴𝑖(𝑥)𝑁

𝑖=1      (7) 

The final denoised image is computed applying the inverse wavelet transform over the 
averaged coefficients.  

The implementation of the algorithm was done in Matlab 2016b (Mathworks, Inc., Natick, 
USA) on a personal computer (Intel 3.3 GHz CPU, 32 GB memory). The final parameters 
used in the implementation are presented in the next table. 

Table 4.1. Parameters used in the implementation of the method. 

Parameter Value Description 
M 2048 Number of frames for noise variance estimation (calculated once) 
N 4 Number of initial frames at the same position  
L 4 Maximum wavelet decomposition level  
k 1.5 Adjustment of the thresholding and final noise reduction 

4.2.2 OCT Imaging System 

We used one OCT imaging system to evaluate the method. The tests with a custom state-of-
art device provided a valuable feedback of the technical performance of the method. In 
addition we performed a qualitative assessment made by expert dermatologists, the potential 
and benefits of the use of this type of filters in usual clinic situations.   
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Swept Source OCT: The system used to evaluate the proposed method is a custom Swept 
Source OCT with akinetic source from the Center for Medical Physics and Biomedical 
Engineering of the Medical University of Vienna (MUW). The system employs a 1340 nm 
central wavelength swept source with a maximum bandwidth of 27 nm and a repetition rate 
of 200 kHz. The lateral and axial resolutions were experimentally determined by imaging a 
resolution target and a mirror, to be 45.67 µm and 26.86 µm in air, respectively. The Field of 
View (FOV) of the images were 1cm × 1cm with a pixel size of 19 µm in the air (lateral 
direction) and 4.58 µm in the axial direction. The number of B-scans per position were four. 
The acquisition pattern consisted of acquiring consecutively 512 A-lines per B-scan 
(repeated 4 times) and movement to the next position.  The output volume size of the samples 
were 1100 (pixel per A-line) × 512 (A-line per B-scan) × 2048 (512 B-scans × 4 times). For 
a further description of the setup and the system consult (Z. Chen et al. 2016).  

4.2.3 Data  

First, as a requirement of the method, we acquired a homogeneous scattering phantom made 
with synthetic clay (Blu-Tak ®Bostik, Wauwatosa, Wisconsin). We acquired 2048 B-scans 
in 512 different positions with the SS OCT of MUW with dimensions of 1100 × 512. With 
these images we computed the variance of the detail coefficients of 4 wavelet sub-bands. For 
the quantitative evaluation of the method we used 4 different datasets using the previously 
described OCT imaging systems. In the following table we describe the sample area and a 
description of the pathology or skin structure in each dataset.  

Table 4.2. Datasets used in the assessment 256 OCT images in 64 consecutive positions with 4 B-
scans per position to allow compounding. The initial dimensions of all images were 1100×512. 

dataset / Id  Sample Area Sex Age Description 
1 Hand Female 25 Nevus araneus  
2 Back Male 30 Recovery after surgery of a dysplastic naevus 
3 Thigh Female 27 Normal skin 
4 Arm Male 69 Basal Cell Carcinoma 

For the preparation of the raw datasets we rescaled the volumes considering the axial (4.58 
µm) and lateral resolution (19 µm). Figure 4.2 shows and example of a raw frame of the 
dataset 1 before (a) and after (b) scaling and of a frame of the phantom (c). For the calculation 
of the noise variance we consider the Region of Interest (ROI) marked with a white rectangle.  
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Figure 4.2. Examples of raw frames used in the study. (a) Frame of dataset 1 before rescaling 
considering axial and lateral resolution. (b) Frame after rescaling (c) Frame and ROI of the phantom 
used to calculate the noise variance. 

 

4.2.4 Quantitative Evaluation 

We evaluated the algorithm efficacy with common speckle-reduction performance metrics 
(Ozcan et al. 2007; Adler, Ko, and Fujimoto 2004; Zaki et al. 2017) and compare it with 
different state-of-art methods. We included as quantitative measurement the signal-to-noise 
ratio (SNR), the contrast-to-noise ratio (CNR) and the equivalent number of looks (ENL). 

𝑆𝑁𝑅 = 10𝑙𝑜𝑔10 (
𝜇𝐼

2

𝜎𝐼
2)    (8) 
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1

𝑅
) ∑ (μr

R
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2 + σb
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,𝐼𝑂− 𝜇𝐼𝑂

)

 (11) 

SNR is defined in (8) where 𝜇𝐼 indicates de mean of the OCT image, and 𝜎𝐼
2refers to the 

noise variance.  In the definition of CNR (9) 𝜇𝑏and 𝜎𝑏
2 are the mean and variance in a 

background noise region. 𝜇𝑟, 𝜎𝑟
 2are the mean and variance of all regions of interest (R), 

including the homogeneous and heterogeneous regions of interest. ENL is a measure of the 
smoothness of a homogeneous region of interest. In (10) 𝜇ℎ, 𝜎ℎ

2 are the mean and variance 
of all homogeneous regions of interest (H). The ratio β is used to evaluate the performance 
of the methods to preserve the structural features of the image. In (11) 𝐼𝐷 refers to the 
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denoised images, 𝐼𝑂 refers the original image, 𝜇𝐼𝐷
 is the mean of the denoised image and 𝜇𝐼𝑂

 
is the mean of the original image. The operator 𝛤 por two images I1 and I2 is defined as 
Γ(𝐼1, 𝐼2)  =  ∑ [𝐼1(𝑖, 𝑗)𝐼2(𝑖, 𝑗)]𝑖,𝑗  with i and j refers to pixel position in the image. Except for 
the SNR calculations, all the other parameters were computed from the logarithmic OCT 
images. 

To assess the influence of all the quantitative metrics we consider an additional ratio 
named  figure-of-merit (FOM) (Ozcan et al. 2007) . 

FOM = SNRn + CNRn + ENLn + 𝛽n    (12) 

where n refers to the fact that the metric is normalized, i.e. the filter that performed the best 
in, for example, the SNR criteria, would have an SNRn equal to one. Therefore FOM of 4 
indicates that the filter performed the best in all the image quality ratios (SNR, CNR, ENL 
and β). 

We compared the performance of our new WCAN algorithm with other state-of-art 
methods following two different approaches. First we considered as basic reference the 
average of the 4 frames (MEAN). We also compared with 2D filters that demonstrated good 
performance good performance in speckle reduction such as the Hybrid Median Filter (HMF) 
(T. Huang, Yang, and Tang 1979) and the Bayesian Nonlocal means algorithm (OBNLM) 
(Coupe et al. 2009). Additionally we used another wavelet compounding filter, the Wavelet 
Multi-frame algorithm (WVMF) (Mayer et al. 2012). In the next figure we present the process 
used to evaluate all the methods. All the steps were performed for the 256 frames of every 
dataset in groups of 4 frames. The output denoised OCT frames of all the methods were 
compared using the performance metrics described (SNR, CNR, ENL and β). 
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Figure 4.3. Process used for the evaluation of the methods. The noise variance estimation is 
performed once for the reference stack (RF1, RF2,… RF2048) . The compounding of the 4 initial OCT 
frames was done using WCAN, WVMF and MEAN. An additional digital filtering was performed 
from the averaged MEAN output using HMF and OBNML filters. 

 

4.2.5 Qualitative Assessment  

In addition to the proposition and quantitative evaluation of a new speckle denoising filter 
the other main objective of our study was to perform an initial assessment of the clinical 
value of the new method together with other state-of-the-art techniques. Although the 
quantitative ratio improvement is usually related with a better quality of the image and a 
potential benefit in the clinical evaluation and identification of signs that help in the 
diagnostic procedure, few studies considered a visual assessment with respect to clinical 
structures apart from a raw visual inspection of the denoised images. For this purpose we 
selected several criteria (table 4.3) relevant to the clinical evaluation of OCT skin images. 
Apart from global assessment fields (the image quality and the noise reduction ability) the 
experts had to evaluate the ability of the denoised method to enhance the typical structures 
present in the OCT skin images; the epidermis, the dermis, skin appendages, vasculature and 
pathologic structures. Several studies (Gambichler, Orlikov, et al. 2007; Olmedo et al. 2006; 
Hussain, Themstrup, and Jemec 2015; Mogensen et al. 2009; Gambichler, Pljakic, and 
Schmitz 2015; Forsea et al. 2010; Schmitz et al. 2013) reported the capacity of the OCT to 
visualize altered skin architecture and its correlation with pathologies like BC, AK, SCC, 
wound healing or the bowen disease among others. So the ability of the denoising techniques  
to enhance the study of features like the epidermal thickness, the disruption of layering, 
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dilated vessels, white streaks and dots in the epidermis or dark rounded areas, that could be 
present in the case of nonmelanoma skin cancer (Gambichler, Pljakic, and Schmitz 2015), is 
relevant for the daily application of OCT in dermatological practice. In the next figure we 
can appreciate examples of OCT skin imaging with significant structures marked. The 
stratum corneum (A.1) appears as a thin hyperreflective band at the top of the image 
corresponding to the surface of the skin. The epidermis (A.2) usually appears as a dark and 
homogenous layer with a well-defined border towards the upper dermis. The change in 
contrast seen between the epidermis and dermis is visualized as a fine hyporeflective line 
corresponding with the dermo-epidermal junction (DEJ) evident in histology. Skin 
appendages appear as hyporeflective discontinuations of the epidermal band. The dermis 
(A.3) is visualized as more hyperreflective with signal-poor cavities corresponding to 
appendages and vessels (A.5), and sometimes shadows cast from hairs (A.4) on underlying 
features. BCC lesions in OCT images may include alterations like hyporeflective rounded 
areas (B) in the dermis.  

Figure 4.4. Example of OCT skin images with typical structures. The images were acquired with 
OCT device described in section 4.2.2 (A) Healthy OCT image of a 25 years old female. (1) Stratum 
corneum (2) Epidermis (3) Dermis (4) Hair follicle (5) Blood vessel. (B) BCC OCT image example 
of a 69 years old male. Red arrows indicate a typical pathological finding.  

 
One specialist with more than 3 years of expertise in the use of OCT in skin imaging, assessed 
a pre-selected frame from the different datasets processed using the methods WCAN, 
WVMF, HMF, OBNLM and MEAN. The raw version of the datasets was also provided to 
the specialist to assess improvement. The order of the denoised and raw OCT images were 
randomize for each dataset to ensure a completely blinded procedure. The preselection of the 
frame to be assessed from each dataset was performed by the same specialist considering its 
clinical value and the capacity to evaluate the criteria indicated in table 4.3. The assessment 
was performed using the tele-screening tool described in chapter 3. The tool required the 
implementation of new views with the fields to be considered in the assessment.  
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Table 4.3. Criteria considered in the clinical assessment of the OCT denoised images. All the fields 
were graded from 1 to 4 (being 4 the best grade) in all the images denoised using all filters under 
study.  

Criteria Description 
Epidermis  Identification of the epidermis layer and its borders. 
Dermis  Identification of the dermis layer and its borders. 
Skin adnexa Ability to visualize hair follicle, glands, nails… 
Vasculature Identification of vasculatures and its thickness. 
Noise reduction Global evaluation of the noise reduction efficacy of the technique. 
Image Quality  Global evaluation of the denoised image quality. 

In the next figure we can see an example of the main view used in the evaluation. For each 
criteria used in the evaluation the expert could select from the values (Excellent, Good, 
Enough, Bad, Not evaluable). To be able to quantify the evaluation we give a numerical value 
to each option: 4 (excellent), 3 (good), 2 (enough) and 1(bad). 

Figure 4.5. Example of OCT view of the tele-screening tool used by the evaluator. At the same view 
the expert had access to all the OCT images to evaluate and the fields that had to grade. Additionally 
the evaluator could include a global clinical evaluation of the image, although it was not used for this 
study. 
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4.3 Results and Discussion 

4.3.1 Quantitative evaluation 

Before applying the method to all the datasets and compare to the rest of the filters we 
adjusted the parameters of the method. We used the dataset 1 for that purpose. We tested 
different number of decomposition levels (L), different values of the parameter k, used to 
balance the amount of noise reduction, and the number of B-scans to compound (N). The 
final values L=4, k=1.5 and N=4 were determined as an adequate balanced between 
performance ratio improvements and execution time.  

Next, we present the results of the quantitative evaluation of the datasets described after 
the application of the selected methods for the complete stack of frames (256 frames for each 
dataset). We used the same ROIs for all the frames in the same dataset in order to maintain a 
fixed reference in the evaluation. The initial values of the metrics for all the datasets are 
included in table 4.4. From table 4.5 we can conclude that all the denoising techniques 
improve the image quality metrics (SNR, CNR and ENL). The best results are accomplished 
by the methods using the wavelet compounding strategies, WCAN and WVMF algorithms, 
with respect to the application of a mean compounding plus digital filtering (HMF, OBNLM). 
With this strategy the enhancement metrics increase in all the techniques and reduce the 
speckle noise, improving the possible study of details in the image (figure 4.7). The beta 
parameter determines the degree of alteration of the image in relation with the original image, 
as expected, the methods with more reduction of noise (WCAN and WVMF) presented a 
lower value of the beta parameter. The proposed method presents the best performance in 
CNR and ENL and the second in SNR (with WVMF being the first). The potential limitation 
in the edge preservation because of the lower value of the beta parameter with respect to the 
rest algorithms did not compromise the edge preservation according with the results of the 
qualitative evaluation that we will present in section 4.3.2.  

Table 4.4. Median and standard deviation of the initial metrics value (raw data) for all the datasets 
included in the study. 

dataset SNR (dB) CNR ENL 
1 13.47 ± 0.11  2.26 ± 0.05 25.31 ± 2.31 
2 10.28 ± 0.48 2.32 ± 0.09 22.28 ± 2.08  
3 14.09 ± 0.29 2.01 ± 0.13 74.86 ± 11.06 
4 8.86 ± 0.13 1.69 ± 0.03 12.34 ± 0.95 
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Table 4.5. Quantitative evaluation considering the results of all datasets used in the study (Table 1) 
considering 4 B-scans per position (median ± standard deviation) of the improvement with respect to 
the initial metrics presented in Table 4.4 (raw images), except for the beta parameter that directly 
compares the preservation of structures with respect to the original image). The results are ordered 
by the FOM rate as defined in (12). Values corresponding with the best performance in each metric 
and the FOM are highlighted in bold.  

Filter ∆SNR (dB) ∆CNR ∆ENL Beta FOM 
WCAN 5.86 ± 1.50 0.85 ± 0.25 26.60 ± 29.50 0.842 ± 0.039 3.81 
WVMF 6.52 ± 1.12 0.81 ± 0.23 20.77 ± 22.08 0.868 ± 0.036 3.67 
HMF 4.28 ± 0.94 0.59 ± 0.17 17.42 ± 19.00 0.893 ± 0.030 2.97 
OBNLM 3.49 ± 2.24 0.44 ± 0.14 7.84 ± 14.83 0.917 ± 0.028 2.34 
MEAN 2.39 ± 0.91 0.15 ± 0.06 1.94 ± 3.09 0.925 ± 0.026 1.61 

If we analyze the results of the four datasets separately we found the same order 
of improvement in all the metrics as in the global results. WVMF always shows the 
best SNR enhancement with WCAN second, the proposed WCAN method presents 
the highest improvement results for CNR and ENL and the MEAN is the one with 
the highest beta value. In the next figure we present the value distribution of the 
metrics in the quantitative evaluation. 
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Figure 4.6. Value distribution of the ratios in the quantitative evaluation of all datasets used 
in the study (table 4.2) using 4 B-scans per position. The proposed method correspond with 
the forth column (WCAN) labeled in red. 

 

Finally, we computed the CPU time of the algorithms in order to test the efficiency of the 
implementations used in the study.  As we can see in table 6 the application of the WCAN 
method requires considerably less CPU time than the other wavelet alternative WVMF and 
is only overcome by the MEAN and the HMF filter.  

Table 4.6. CPU Time calculated for the first 4 B-scans of dataset 1. WCAN stands for the proposed 
method without pre-processing. HMF and OBNLM represent the result applying both filters to output 
of the mean of the four B-scans. 

Filter CPU Time (seconds) 
WCAN  2.8906 
WVMF 32.8594 
HMF 0.5781 
OBNLM 3.9375 
MEAN 0.3125 
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In the next figure we can appreciate the difference appearance of the OCT images after applying 
all previous methods. 

Figure 4.7. Comparison of the application of speckle reduction methods in a 512 pixels × 299 pixels 
frame of the dataset of the imaging device of MUW with ID 1 using 4 B-scans at the same position. 
(a) OCT raw image and ROIs used for the calculation of the quality metrics. White rectangular region 
is used for noise estimation, red rectangles represent the homogeneous regions (H=4) and green 
rectangles the non-homogeneous regions. The sum of both are used to calculate the CNR (R=9). (b) 
OCT raw image with the detailed ROI and the scale. The rest of the images represent the filtered OCT 
image after applying the method (c) WCAN proposed method (d) HMF (e) WVMF (f) OBNLM (g) 
MEAN. The vertical white line corresponds to A-Line #130. (h) 
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4.3.2 Qualitative Evaluation 

The quantitative assessment of the methods, based on the comparison of the improvement of 
values of a selection of visual criteria, like the ones presented in this study, offers a standard 
and consistent view of the potential benefit in the quality enhancement of the images and the 
reduction of speckle noise for a better clinical interpretation. To explore the real impact of 
this type of algorithms a specialist in skin OCT imaging interpretation performed an 
assessment of the concepts presented in the table 4.3 in all the denoised images. We 
summarize the main results of this evaluation in table 4.7. As we described in section 4.2.5 
the evaluation values were 4(excellent), 3(good), 2 (enough) and 1(bad). The proposed 
WCAN method presented the best evaluation in all the criteria, except in the case of the 
epidermis identification. One remarkable result is the relatively low rates marked in the 
majority of the processed frames (with values between 2 and 4). In some cases like “skin 
adnexa“, none of the techniques offered an acceptable behavior according to the expert 
feedback. A detailed analysis of each dataset shows that the proposed WCAN method was 
always in the best position in the noise reduction and global quality metrics, but not for the 
epidermis and dermis identification metrics, were the best options was OBNLM. We will use 
this valuable feedback to improve the algorithm. The figure 4.8 shows examples of images 
presented to the evaluator. 

Table 4.7. Qualitative evaluation (mean ± standard deviation) of all datasets used in the study (table 
4.2). The criteria “vessels” and “skin adnexa” were evaluated only in the datasets 1 and 3. All the 
other criteria were evaluated in all the datasets. 

Filter Epidermis Dermis Skin adnexa Vasculature Noise reduction Global quality 
WCAN 2.25 ± 0.5 2.5 ± 0.58 2 ± 0 2.5 ± 0.71 3 ± 0 3 ± 0 
WVMF 2.5 ± 0.58 2 ± 0.81 1.7 ± 0.71 1.5 ± 0.71 2.5 ± 0.58 2 ± 0.81 
HMF 2.25 ± 0.96 2.25 ± 0.96 1.5 ± 0.71  1.5 ± 0.71 2 ± 0.58 1.5 ± 0.58 
OBNLM 3.25 ± 0.5  2.5 ± 0.58 1.5 ± 0.71 1.5 ±0.71 2.25 ± 0.5 2 ± 0 
MEAN 2.5 ± 0.58 2.25 ± 0.96 1.5 ± 0.71 2 ± 1.41 1.75 ± 0.96 2 ± 0.81 
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Figure 4.8. Example of selected images evaluated by the specialist. (a, c, e) OCT raw images 
from dataset 1, 2 and 4 with detailed ROIs and scale. (b, d, f) OCT image after applying the 
WCAN method over the corresponding images together with the detailed ROI. 

 

Further work and experiments need to be done to confirm these conclusions and determine 
the influence in the evaluation of the implementations used, the OCT setting, the datasets 
selected and the evaluator. The proposed methodology could be a valuable starting point to 
identify the areas of improvement of new proposed algorithms and a relevant indicator of the 
impact of these methods in the clinical field.  

  



4. Enhancement for OCT skin imaging 
 

  70  
 

4.4 Conclusion 

We have described a new method for speckle reduction of skin OCT volumes. The method 
is based in a multi-scale noise adaptive wavelet compounding strategy. The method requires 
the estimation of the noise variance in the wavelet domain of the OCT setting. In this study 
we used for this purpose a homogeneous scattering sample. The noise variance is used to 
compute the weights for the detail coefficients of each sub-band of every frame in the volume 
before compounding all the filtered frames. We applied the new method to four different 
OCT volumes (datasets) with 256 frames each, and we compared its results with state of art 
algorithms. The results of the quantitative evaluation based on four different metrics 
demonstrated, that the proposed method has the best performance and can suppress noise 
preserving structural information. Additionally, we propose a new methodology to perform 
a qualitative evaluation by OCT skin clinical specialist defining significant clinical criteria. 
We applied the previous scheme to several images selected based on their clinical relevance 
using the same methods used in the quantitative evaluation. The qualitative comparison 
confirms the good performance of the proposed method and suggests a promising potential 
application for OCT denoising to improve diagnosis based on visual assessment or as a 
previous step to segmentation or quantification image processing schemes. 
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Chapter 5 

CAD system for glaucoma disease   

Glaucoma detection in color fundus images is a challenging task that requires expertise and 
years of practice. In this study we exploit the application of different Convolutional Neural 
Networks (CNNs) showing the influence in the performance of relevant factors like the 
dataset size, the architecture and the transfer learning with fine tuning. We also compare the 
performance of CNNs with human evaluators and explore the influence of the integration of 
images and data collected from the clinical history of the patients. We achieved with VGG19 
and fine tuning an AUC of 0.94 with sensitivity and specificity ratios similar to the expert 
evaluators of the study. The experimental results using three different datasets with 2313 
images indicate that this solution can be a valuable option for prescreening computer aid 
system for the detection of glaucoma in large-scale screening programs. 

This study was partly implemented with the collaboration of the Diagnostic Image 
Analysis Group of the Radboud University Medical Center in Nijmegen (The Netherlands) 
with the supervision of Professor Clarisa Sanchez and the assistance of the researchers Bart 
Liefers and Freerk Venhuizen. We thank their valuable support in the realization of this 
study.  
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5.1 Introduction 

Glaucoma is a group of optic neuropathies characterized by progressive degeneration of 
retinal ganglion cells (Weinreb, Aung, and Medeiros 2014). Glaucoma is the leading cause 
of global irreversible vision loss with a prevalence for population aged 40-80 estimated in 3-
4% (Tham et al. 2014). The number of people with glaucoma worldwide was estimated in 
64.3 million in 2013, increasing to 76.0 million in 2020 and 111.8 million in 2040 (Tham et 
al. 2014). Because glaucoma is an asymptomatic condition until a relatively late stage the 
diagnosis is frequently delayed. Population-level surveys suggest that only 10-50% of people 
with glaucoma are aware they suffer the disease (Weinreb, Aung, and Medeiros 2014). As 
early diagnosis of the condition and treatment can prevent vision loss, glaucoma screening 
has been tested in numerous studies worldwide (Tielsch et al. 1991; C. Fleming et al. 2005; 
Maul and Jampel 2010; D. Zhao et al. 2017). Current studies show that glaucoma screening 
can be cost-effective in risk population (family history, black ethnicity, age) and can be 
improved using a test with initial automated classification followed by the assessment of a 
specialist (Burr et al. 2007). 

The standard of care of a glaucoma screening consists on routine optometrist visits every 
2-3 years, refereeing to an ophthalmologist in case of suspect of glaucoma to further tests 
and final confirmation of the diagnosis. A glaucoma screening study usually includes detailed 
medical history, slit lamp examination, visual field, fundus photography and a 
tonometry(Einarson et al. 2006; Ervin et al. 2012), other studies have evaluated the used of 
tests like scanning laser tomography (HRT) (Healey et al. 2010), optical coherence 
tomography (OCT) (G. Li et al. 2010) and scanning laser polarimetry with variable corneal 
compensation (GDx-VCC) (Yamada et al. 2000). The use of telemedicine as a glaucoma 
screening tool, commonly referred as teleglaucoma(Kassam et al. 2013), can accurately 
detect positive glaucoma cases, according to some studies, even better than in-person 
examinations (Thomas et al. 2014). Color Fundus images have been broadly used in 
telemedicine campaigns as diabetes retinopathy (Ciulla, Amador, and Zinman 2003) or age 
macular degeneration (AMD) (Bats et al. 2014) and also in glaucoma (K. Yogesan et al. 
1999; Ahmed et al. 2013; Gupta, Sinha, and Dagar 2013).  

Color fundus imaging has been often used in combination of image processing algorithms 
to aid in the detection and grading of eye diseases (Burlina et al. 2017; M. Niemeijer et al. 
2010). The availability of digital fundus cameras in primary care settings and their extensive 
use in eye screening programs explain the interest in the diagnosis of glaucoma using this 
image modality. But the manual detection of glaucoma in color fundus images is a 
challenging task that requires specific expertise and years of practice. To overcome this 
situations great effort has been made on automatic detection of glaucoma at an early stage 
through image processing of color fundus images. We can distinguish four main changes in 
the retinal structures associated with glaucoma: optic nerve head variance, neuroretinal rim 
loss, retinal nerve fibre layer defects and peripapillary atrophy (Haleem et al. 2013). In Fig 
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5.1 some findings typically used to detect glaucoma in color fundus images by the 
ophthalmologist are represented. For a detailed explanation of the process of diagnosis of 
glaucoma review the section 3.2. The diagnosis based on color fundus images combines the 
assessment of both local and regional structural patterns of the optical disc region. 

Figure 5.1. Example of findings use to detect glaucoma in color fundus images (Haleem et al. 2013). 
(a) Quantification of the optic cup to disc ratio (CDR). The reduction of the optic nerve fibres 
(potentially related with glaucoma) could provoke that the optic becomes larger with respect to the 
optic disc (b) The neuroretinal rim usually follows a pattern (ISNT rule) where the inferior region is 
broader than the superior, broader than the nasal, and broader than the temporal region. The alteration 
in this pattern is a sign of suspect of glaucoma.  

 

To aid in the detection of glaucoma numerous image processing algorithms have been 
proposed. We can find works that focus on the localization and segmentation of the optic 
disc (M. D. Abràmoff et al. 2007; Walter and Klein 2001; Mookiah, Acharya, Chua, Min, et 
al. 2013) and numerous detection of glaucoma algorithms based on the extraction of features 
from the image or transformed versions of the image to train different types of classifiers. 
The extracted features could explore relevant information present in the images, and have a 
better representation capacity than clinical measurements. Among others we can mention 
glaucoma detection based on a probabilistic combination of previously compressed features 
extracted from the pixel intensity values, the Fourier Transform (FT) and B-splines 
coefficients (Bock et al. 2010), or using higher order spectra analysis and texture-based 
features extracted from preprocessed images and a Support Vector Machines (SVM) 
classifier (U. R. Acharya et al. 2011), or with a feature extraction based on higher order 
spectra and discrete wavelet transform and a SVM classifier (Krishnan and Faust 2013; 
Mookiah et al. 2012), or using an empirical wavelet transform with a least-squares SVM 
(Maheshwari, Pachori, and Acharya 2017) or with an adaptive histogram equalization 
convolved with several filter banks processed to create local configuration patterns that feed 
a k-nearest neighbor (kNN) classifier (U. Rajendra Acharya et al. 2017).  We can find other 
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implementations in (Dutta et al. 2014; Noronha et al. 2014; Muramatsu et al. 2009; Khan et 
al. 2013). The previous methods apply the approach of identifying features in the image in 
order to train a classifier with all the findings extracted directly from the image or from a 
transformed version of it (using wavelets, FT, high order spectra analysis…). At the end the 
different algorithms explore different aspects and transformations of the ONH to determine 
patterns representative of glaucoma. In Table 5.1 we summarize the datasets and performance 
of some of these methods. In this work we will apply a different approach to the glaucoma 
detection problem through the use of Convolutional Neural Networks (CNNs). 

Convolutional networks, commonly known as one of the most popular deep learning 
algorithms for image analysis, have become very rapidly a very successful alternative for 
analyzing medical images. These methods could be considered as the evolution of the 
supervised techniques started at the end of the 1990s, where training data sets of previously 
classified images are used to develop the system. This strategy supersedes the previous 
approach based on feature extraction and posterior classification mentioned in the previous 
paragraphs. The new deep learning paradigm implies that computers can perform the feature 
learning and classification simultaneously. We can usually find in a deep learning algorithm 
a network (model) formed by many layers that transform an input data (images normally) to 
outputs (e.g. pathology present/absent). The most successful type of models for medical 
image analysis is a sub-class of neural networks called convolutional neural networks (CNN) 
that was introduced in the 1980s (Fukushima and Miyake 1982). 

(Litjens et al. 2017) provided a thorough review of the current use of these techniques in 
medical analysis. The study mentions state-of-art applications of deep learning technology 
in the main topics of biomedical image processing: classification, object detection, 
segmentation or registration among others. (Shin et al. 2016) mentioned three mayor 
strategies that used CNNs to medical image classification problems: training from scratch, 
using off-the shell pre-trained CNN features, and conducting unsupervised CNN pre-training 
with supervised fine-tuning. Another method successfully applied in recent years and that we 
will use in this work is the transfer learning of CNN models pre-trained from natural image 
datasets and fine-tuned to solve medical imaging tasks. 

 The CAD systems and the screening programs have also progressively adopted the new 
approach. Several studies outperform state-of-art CAD systems on the mediastinal lymph 
node detection and interstitial lung classification (Shin et al. 2016), mammographic lesions 
(Kooi et al. 2017), lung nodules (J.-Z. Cheng et al. 2016) or skin lesions (Esteva et al. 2017). 
The image modality that we will use in this work, color fundus imaging, has also been 
successfully analyzed with CNNs achieving state-of-art performance or outperforming 
previous implementations. We can find since 2015 numerous studies applying CNN in retinal 
vessel segmentation (Huazhu Fu et al. 2016), image quality assessment (Mahapatra et al. 
2016), segmentation of the optic disc and the optic disc cup (Zilly, Buhmann, and Mahapatra 
2017; Sevastopolsky 2017), diabetic retinopathy detection (Michael David Abràmoff et al. 
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2016), age-macular degeneration detection (Burlina et al. 2017) or hemorrhage detection (M. 
J. J. P. van Grinsven et al. 2016) among others. The CNN architectures successfully exploit 
both local and global features present in the images, being a proper tool for the detection of 
Glaucoma. Several studies have already tackle this problem in color fundus images using 
CNN. In (X. Chen et al. 2015) applied a six layers architecture to optic disc patches 
previously segmented. (Al-Bander et al. 2017) used CNN to extract features and train a SVM 
classifier to detect glaucoma images. Recently (H. Fu et al. 2018) presented a novel ensemble 
network based the application of different CNNs to the global fundus image and to different 
versions of optic disc region. Finally, in OCT there are also recent studies applying CNNs 
for glaucoma detection (Muhammad et al. 2017) or the segmentation of layers (Gopinath, 
Rangrej, and Sivaswamy 2018; Fang et al. 2017). In the next table we present a summary of 
the datasets used and the results reported. 

Table 5.1. Summary of methods for the detection of glaucoma in color fundus images.  In the datasets 
column we indicate the number of normal cases (-) and glaucoma cases (+). For the performance we 
used the reported metric used in the study: AUC, accuracy (Acc) and specificity (Sp) and sensitivity 
(Sn). 

Authors  Method Datasets Performance 

(Bock et al. 2010) 
Pixel values FFT 
coefficients, B-spline and 
probabilistic SVM 

Private (336 -/239 +) AUC – 87% 
Acc–80% 

(Krishnan and Faust 2013) HOS, TT, DWT with SVM Private                       
(40 training/20 testing) 

Acc – 91.67 % 

(Maheshwari, Pachori, and 
Acharya 2017) 2D EWT and LS-SVM Private (30-/30+)    

RIM-ONE  (255-/250+) Acc – 98.33 % 

(U. Rajendra Acharya et al. 2017) Texton, LCP features and 
KNN  Private (143-/559+) Acc – 95,7% 

(X. Chen et al. 2015) CNN (6 layers) ORIGA (168+/482-) 
SCES (46+/1676-) 

AUC (83.1%-88.7%) 

(Al-Bander et al. 2017) CNN 23 layers and SVM RIM-ONE (200+/255-) 
Acc – 88.2%, Sn - 85% 
and Sp - 89.8% 

(H. Fu et al. 2018) Ensemble of 4 CNNs ORIGA (168+/482-) 
SCES (1636-/46+) 

AUC-91.83%, Sn 
(84.78%), Sp (83.80%) 

 
Our work is aimed at developing a prescreening computer aid system for the detection of 

glaucoma in large-scale screening programs. In this chapter we will exploit and discuss the 
application of different CNN architectures to the classification of glaucoma with fundus color 
images. We will describe the results in the performance of different architectures as well as 
some transfer learning schemes from pre-trained ImageNet CNN models. Finally, we will 
consider the potential benefit of integrating basic clinical data collected in the screening 
studies of the patients in the final classification.  
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 The rest of the chapter is structured in several sections. In section 5.2 we describe the 
data sets, the network architectures, the training process and the performance metrics used in 
the study. In section 5.3 we report the results of the different experiments. Finally, section 
5.4 contains the summary of the study with the main conclusions.  

5.2 Materials and Methods 

5.2.1 Study Datasets 

We used 2313 retinal fundus images in this work coming from three different datasets: two 
publicly available RIM-ONE (Fumero et al. 2011) and DRISHTI-GS (Sivaswamy et al. 
2014)) and one private from a screening campaign performed in Hospital de la Esperanza in 
Barcelona (Spain). We considered two categories, glaucoma positives and normal. Glaucoma 
positives include the images evaluated by a specialist as suspect of glaucoma or with 
glaucoma. 

The Open Retinal Image Database for Optic Nerve Evaluation (RIM-ONE) is an 
ophthalmic image group of databases designed in order to be a reference for the design of 
optic nerve head segmentation algorithms and in development of computer-aided glaucoma 
diagnosis. The database was created with the collaboration of three Spanish hospitals: 
Hospital Universitario de Canarias, Hospital Clínico San Carlos and Hospital Universitario 
Miguel Servet. Our study used the three releases included by the authors until now. The 
image set was designed in collaboration of 4 glaucoma experts. The camera used to capture 
the images was a Nidek AFC-210 background camera with a 21.1-megapixel Canon EOS 5D 
Mark II body. All the images are centered at the optic disc.  

The dataset DRISHTI-GS consist of 101 retinal fundus images for optic disc 
segmentation. All images were collected at Aravind Eye Hospital in Madurai (India). 
Glaucoma patient selection was done by clinical experts based on findings during 
examination. The retinal images come from Indians patients of 40-80 years old. The images 
were taken with the eyes dilated, centered on the optic disk, with a field of view of 30-degrees 
and of dimension 2996x1944 pixels and PNG uncompressed image format.  

Finally the ESPERANZA dataset consisted of 1446 color fundus images with a field of 
view 45 degrees, centered on the macula and including the optic disc from patients with age 
ranging from 55 to 86 years old. The retinal images were provided from the glaucoma 
detection campaign performed at Hospital Esperanza in Barcelona (Spain) to 1006 different 
patients and described in detail in chapter 3. During the examination of the patient, during 
the screening campaign, several data from the clinical history were collected (like age, family 
history of glaucoma, personal record of glaucoma in both eyes and the personal record of 
glaucoma therapy in both eyes among others) and besides the color fundus images, other tests 
(like the measurement of the intraocular pressure (IOP) in both eyes, the visual acuity tests 
and some Optical Coherence Tomography acquisitions) were performed. Special care was 
taken in order to create a reference gold standard dataset. All the images had a double 
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complete glaucoma evaluation performed by six ophthalmologist experts and nine non-expert 
using the tele-screening tool described in chapter 3. The evaluator ophthalmologists with 
more than five years of experience were considered experts in this work. In case of 
disagreement between the two evaluations two glaucoma experts decided the final category 
by consensus. The ophthalmologists evaluated a proportional part of all the images inside its 
category (see figure 5.2). The assessment of the images includes the evaluation of the quality 
of the images in the categories of good, enough, bad or not evaluable and the clinical 
classification in the categories of suspect of glaucoma and glaucoma. The inclusion criteria 
of the images of the campaign to the final dataset used in this work, includes the images that 
were labeled by the evaluators with quality good or enough and in the case of glaucoma 
positive cases, we included the images classified as suspect of glaucoma or glaucoma. In 
figure 5.2 we describe the previous process. 

Figure 5.2. Gold standard ESPERANZA dataset. The total number of images acquired were 2049 
color fundus images from 1006 studies. 176 were excluded by not enough image quality. 427 of the 
rest were excluded because they were classified with other pathology different from the glaucoma or 
because they were classified as normal but the OCT test of the patient were classified with glaucoma. 
All the initial 1006 studies were evaluated two times by six experts and nine non-experts. Each 
evaluator graded a proportional part of the hall dataset, i.e., each expert around 168 studies and each 
non-expert around 112 studies. In case of disagreement between the evaluation of the same study, 
two glaucoma experts decided by consensus. Consult chapter 3 for a detail description of the 
screening campaign.  
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Table 5.2 contains information of the retinal images considered in the study from each 
dataset. The initial size of the images of the RIM-ONE datasets are very different. In the case 
of r1 the image sizes vary from 316x342 to 831x869. In the version r2 the sizes vary from 
290x290 to 1375x1654. Figure 5.3 shows images from the ESPERANZA dataset included in 
the positive and negative category and the findings identified by the clinicians using the tele-
screening tool.  

Table 5.2. Datasets used in the study. The term “glaucoma” includes all retinal images in the datasets 
classified by a specialist as suspect of glaucoma or as suffering the disease in any stage (early, 
moderate or severe glaucoma).  

dataset Initial Size Format Glaucoma Normal 
ESPERANZA 1024x680 JPG 113 1333 
RIM-ONE r1 Not fixed BMP 40 118 
RIM-ONE r2 Not fixed JPG 200 255 
RIM-ONE r3 2144x1424 JPG 71 82 
DRISHTI-GS 2996x1944 PNG 70 31 

TOTAL   494 1819 

Figure 5.3. Examples of color fundus images from the ESPERANZA dataset. All images were labeled 
with good quality by the evaluators. (a1-2) Left eye and optic disc detail of a suspect of glaucoma 
image with the ISNT rule violated (b1-2) Right eye and optic disc detail of a suspect of glaucoma 
image with rim thinning. (c1-2) Left eye and optic disc detail classified as normal.  
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As we mentioned before, the ESPERANZA dataset had a gold standard classification created 
by consensus of the evaluation of two groups of ophthalmologists, the experts and non-
experts. We used this information to create a reference of the performance of human 
evaluators and to compare it with the performance of the proposed Deep Learning 
Architectures. In the next table we present a reference of the specificity and sensitivity of the 
expert and non-expert evaluators with respect to the gold standard. For the calculation of 
these metrics we considered color fundus images with quality good or enough. The gold 
standard set included 1735 color fundus images classified as normal and 160 classified with 
glaucoma or suspect of glaucoma. Consult section 3.4 for more details about the design and 
implementation of the campaign.   

Table 5.3. Specificity and sensitivity (as defined in the performance metrics section 1.3.5) reference 
in the classification of the experts and non-experts evaluators respect to the gold standard in the 
ESPERANZA dataset. The values were calculated considering all the images evaluated by the 
ophthalmologists during the campaign with quality good or enough.  

Class  Experts  Non-experts 
Specificity 0.8914 0.8607 
Sensitivity 0.7662 0.5875 

 
5.2.2 Preprocessing 

In the preprocessing step, we processed the images from the different datasets to a common 
and standard format in order to train the networks in a homogeneous way. No correction of 
illumination or contrast enhancement was applied to the images. 

We decided to use standard patches centered at the optic disk and the same size for all the 
datasets, because of the clinical interest for the classification of this region and also to reduce 
the computational costs in the training step. In the case of the images from the ESPERANZA 
and DRISHTI-GS datasets we had to localize the optic disk to center the image and scaled 
them to 256x256 and 224x224 pixels size in order to adapt them to the different networks we 
used in the study. For the localization of the optic disk we used the same approach previously 
proposed by (Sekhar, Al-Nuaimy, and Nandi 2008) with the application of morphological 
operations of the binary image previously corrected to limit the effect of the blood vessels 
and small exudates on the image. A region of interest was then obtained to crop the image 
with the optic disc in the center. The described method localized correctly the optic disc with 
an accuracy of 84.02% for the images for the ESPERANZA dataset and 95.05% for the 
DRISHTI-GS dataset. The images with the optic disk wrongly identified were manually 
segmented. In the case of the different releases of the RIM-ONE dataset, we only had to 
perform a scaling to the final sizes (256x256 and 224x224 depending of the CNN). Finally 
we subtracted the mean across every channel, to ensure that all data inputs have the same 
centered distribution. 
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5.2.3 CNNs used and Transfer learning 

For the selection of the network we tested three different CNNs methods. The first one 
(STANDARD CNN) used the architecture presented in Figure 5.4. It consists of 15 
convolutional, pooling, fully-connected and softmax layers and was designed following 
standard CNN principles. At the end of the network a softmax layer performs the final binary 
classification (normal and glaucoma positive). The final output of the classifier is a two-
element vector. In the next figure and table we present the details of the design of the network. 

Figure 5.4. Architecture of the STANDARD CNN used in this work. 

   

Table 5.4. Detail of the layers and parameters defined in the standard CNN.  The input of the network 
is an image of size 256x256x3 and the output are two scores of the two classes considered. In the 
parameters column K indicates the number of filters of the layer  

Layer  Operation Input size Parameters Layer Operation Input size Parameters 
1 Convolution 256x256 3x3, K=32 9 Max-pooling 57x57 2x2 
2 Convolution 254x254 3x3, K=32 10 Convolution 28x28 3x3, K=32 
3 Max-pooling 252x252 2x2 11 Convolution 26x26 3x3, K=32 
4 Convolution 126x126 3x3, K=32 12 Max-pooling 24x24 2x2 
5 Convolution 124x124 3x3, K=32 13 Convolution 12x12 3x3, K=32 
6 Max-pooling 122x122 2x2 14 Convolution 10x10 3x3, K=32 
7 Convolution 61x61 3x3, K=32 15 Fully-connected 8x8 Dropout, p=0.5 
8 Convolution 59x59 3x3, K=32 16 Soft-Max 128x1 2 classes 

Training a deep CNN from scratch (full training) present relevant limitations. It requires 
large amount of labeled data, which in fields like medical imaging could be extremely 
expensive, especially for images that present pathological findings relevant for the diagnosis. 
Besides, the training of a deep CNN usually requires extensive memory and computational 
resources and it could be a very time consuming task. Finally, the design of a CNN and the 
adjustment of the hyper-parameters of the network could be a challenging process that 
requires dealing with overfitting and other issues that can limit the success of the application 
of this technology. One alternative to overcome these problems is the use of transfer learning 
with fine tuning. Transfer learning is a method successfully used in machine learning and 
data mining for classification, regression and clustering problems. It is generally defined as 
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the capability of the system to utilize the knowledge learned in one domain of interest, to 
another that shares some common characteristics (Pan and Yang 2010). It has been 
successfully tested in several medical image analysis studies (Shin et al. 2016; Karri, 
Chakraborty, and Chatterjee 2017; Huynh, Li, and Giger 2016; Tajbakhsh et al. 2016) the 
use of state-of-art performance CNNs on the ImageNet Large-Scale Visual Recognition 
Challenge (ILSVRC) (Deng et al. 2009; Russakovsky et al. 2015) (with millions of labeled 
images from 1000 different classes). As we will confirm in this work, the use of these 
architectures offers two valuable benefits. First, the design and architectural improvements 
of these CNNs can warrant superior performance ratios even in a training from scratch 
scheme. Second, the use of pre-trained deep CNNs and the subsequent fin-tune of the weights 
of the network applying the new labeled images, could lead to even better performance 
metrics and a potential reduction in training resources in terms of time, memory and 
computational operations. Besides the STANDARD CNN presented in Fig 5.4, we selected 
two additional CNNs (VGG19 and GoogLeNet) and prepared several experiments to analyze 
quantitatively the contribution of the selection of the architecture, the fine-tuning 
(VGG19_TL, GOOGLELENET_TL) versus full training (VGG19, GOOGLELENET), and 
the dataset size.  

VGG19 (Simonyan and Zisserman 2014) is a publicly available CNN model that includes 
five stacks, each stack contains between two and four convolutional layer followed by a max-
pooling layer, and it ends with three fully connected layers (figure 5.5). The main 
contribution of this architecture was the increasing of the depth of the network (in this work 
we applied the version with 19 layers) and the use of very small (3x3) convolutional filters. 
We can find an example of the application of this network for the fixed features extraction in 
CADx for breast cancer detection with different imaging modalities (Antropova, Huynh, and 
Giger 2017).  

Figure 5.5. VGG19 Architecture with filter dimensions and the number of filters per layer. 

 

GoogLeNet proposed in (Szegedy et al. 2015) accomplished as main contribution the 
improved utilization of the computing resources inside the network, increasing the depth and 
width of the network but keeping the computational budget constant. It also proposed a new 
module called “Inception” which concatenates convolution layers with different kernel sizes 
and one pooling layer into a single new filter. The complete architecture (figure 5.6) contains 
22 layers including two convolution layers, three pooling layers and nine inception layers. 
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GoogLeNet was successfully used in the detection of lymph node metastases in women with 
breast cancer (Bejnordi et al. 2017), in the classification of normal and cancerous lung tissues 
from CARS (Coherent anti-Stokes Raman scattering) images (Weng et al. 2017) or retinal 
pathologies using optical coherence tomography (OCT) images (Karri, Chakraborty, and 
Chatterjee 2017). 

Figure 5.6. GoogLeNet Architecture with filter dimensions and illustration of inception layer. 

 
  

The input in VGG19 and GoogleNet networks were the preprocessed color fundus images 
from the datasets of the study with a final size of 224x224x3 and centered at the optic disc. 
The input images in the case of the standard network were 256x256x3. The region of interest 
presented to all the networks were the same. We changed the last layer with the softmax 
classifier in VGG19 and GoogleNet to consider only the two classes of interest in our study 
(glaucoma positives and normal). 
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5.2.4 Performance metrics 

We define sensitivity, or true positive rate, as the number of true positives (number of images 
with glaucoma correctly detected) divided by the sum of the number of true positives and 
false negatives (images incorrectly classified as normal). Therefore, the sensitivity shows the 
percentage of glaucoma cases correctly identified by the algorithm. We define specificity as 
the number of true negatives (number of images normal correctly detected in our case) 
divided by sum of the number of true negatives and the false positives (images incorrectly 
classified as glaucoma). The specificity is ratio that shows the percentage of normal cases 
correctly identified. We will use the receiver operating characteristics (ROC) graph for 
visualizing the performance of the networks (Fawcett 2006). The ROC graph is a two 
dimensional representation with the sensitivity in the Y axis and 1-specificity in the X axes. 
We will compare the performance of the algorithms using the area under the receiver 
operating curve (AUC) generated by ROC curve. For the calculation of the optimum 
threshold we will consider the Youden index, defined as the index where the sum of the 
specificity -1 and sensitivity is maximum (Fluss, Faraggi, and Reiser 2005).  
5.2.5 Training and testing processes 

The complete dataset was randomly split in three different groups: training, validation and 
test set with the distribution of images presented in table 5.5. The validation set was used to 
monitor the hyper-parameters of the training process. The hyper-parameters that presented 
better performance in terms of accuracy in both classes (glaucoma positives and normal) with 
the validation set are presented in the table 5.6. After the selection of the hyper-parameters 
and the cross validation experiments, the rest of the trainings in the study considered in the 
training set also the images validation set (in total 370 glaucoma positives and 1364 normal). 
The test sets were the same during all the experiments (124 glaucoma positives and 455 
normal). 

 Table 5.5. Distribution of images in the groups “glaucoma positives” and “normal”.  

Group  Training Validation Test 
Glaucoma Positives 333 37 124 
Normal 1227 137 455 

The overfitting is a well-known issue in CNNs with limited training data. In order to limit 
this important problem in the training process we applied different strategies commonly used 
for this purpose. First, the selection of the number of epochs to complete the process was 
stopped when the performance on the validation set was reduced. Second, we applied 
dropout, the technique presented by Srivastava et.al.(Srivastava et al. 2014) that consists on 
temporarily removing units along with all its incoming and outgoing connections in a neural 
network. We included dropout with p=0.5 in the standard CNN and in VGG19. Finally, we 
applied data augmentation. This technique consists of training and/or testing on 
systematically transformed images. The transformations used typically have to maintain the 
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classification of the original image. In our study we used data augmentation during training 
in all the networks. In every iteration, every image included in the batch could be transformed 
by a random combination of the operations: random flip, random small rotations between -
10 degrees and +10 degrees and random translation of maximum 40 pixels in the x or y 
direction of the image. 
5.2.6 Implementation 

The preprocessing steps were implemented using Matlab R2016b 64-bits (Mathworks, Inc.) 
on a desktop computer equipped with an Intel Xeon CPU ES31245 and the CNN experiments 
were implemented in Python (version 2.7.12) using the libraries Lasagne (version 0.2) 
(Sander Dieleman et al. 2015) and Theano (version 0.9) (Bastien et al. 2012) in a desktop 
computer with a NVIDIA GeForce GTX Titan Pascal 12GB GPU. 

5.3 Results and discussion 

We defined several experiments to evaluate the best solution in terms of performance and to 
get more insight of the different alternatives tested. 
5.3.1 Hyper-parameter selection 

As described before we used the validation set to select the best hyper-parameters for all the 
networks and types of training (scratch/fine tuning) used during the study. In the next table 
we present the final parameters selected. It is important to mention the relevant difference 
between the fine tuning networks and those with full training.  

Table 5.6. Hyper-parameters selected after the monitoring of the training process using the validation 
set.  

Method  Number of epochs Learning rate Batch Size 

Standard CNN 100 0.005 64 

VGG19  100 0.0001 32 

GoogLeNet  100 0.0001 32 

VGG19 fine tuning 20 0.0001 32 

GoogLeNet fine tuning 40 0.0001 32 

5.3.2 CNN algorithm selection 

After the selection of the hyper-parameters we evaluated all the architectures under study 
(Standard CNN, VGG19 and GoogLeNet) in terms of the performance metrics, using all the 
data included in the training and validation subsets for training, and for testing the full test 
set. In the next figure and table we present the ROC curves and the performance metrics. The 
two first options are VGG19 with fine tuning (VGG19_TL) and GoogLeNet 
(GOOGLENET) with full training although this last option needed 100 epochs with respect 
to 20 epochs in the case of VGG19_TL. These results demonstrate that CNNs can be trained, 
using large data sets and without having to specify lesion-based features, to identify 
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glaucoma in retinal fundus images with high sensitivity and high specificity. Besides the best 
option achieves state-of-art performance ratios with images coming from multiples sources 
and different sizes and formats.   

Figure 5.7. Global performance comparison ROC curves and AUC values of the comparison of the 
networks of the study using the test set described in table 5.5. The two first options in terms of AUC 
are labeled as (1) and (2). 

 

 

Table 5.7. Performance ratios of all the CNNs under study ordered by the AUC value. The sensitivity 
and specificity was calculated using the Youden index previously described. The best option is 
presented in bold. 

Method  AUC Sensitivity (%) Specificity (%) 
STANDARD CNN 0.8742 81.45 83.74 

VGG19  0.9082 81.45 83.74 
GOOGLENET  0.9246 87.90 85.05 

VGG19_TL 0.9436 85.48 91.64 
GOOGLENET_TL 0.8979 88.71 78.68 
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5.3.3 Ten-fold cross validation 

To confirm robustness and stability of the VGG19_TL network, a 10 fold cross validation 
test was performed considering all the data included in the training and validation subsets to 
make the different splits of the cross validation. The results showed an acceptable variability 
in the performance of the network with a standard deviation of AUC of 0.02 in the Mean 
ROC. The next figure shows the corresponding 10-fold ROC curves and the median of all 
the cases. 

Figure 5.8. ROC curves and AUC values for the 10 fold cross validation experiment 
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5.3.4 CNN/human evaluator performance 

We compared the classification of the best network of previous experiments with the 
performance of the experts and non-experts evaluators. Like in (Gulshan et al. 2016) we 
selected two operating points. The first one related with the specificity and the second with 
the sensibility for detecting glaucoma in both groups of evaluators, the ophthalmologist 
experts and the non-experts. The results are presented in the next figure, where we can 
appreciate the good performance of the solution compared with both groups of evaluators. 
According with these results the proposed method can achieve high sensitivity and 
specificity, with ratios comparable to an expert ophthalmologist with more than 5 years of 
experience. Screening populations for a high prevalence disease like glaucoma, require both 
high sensitivity and high specificity to minimize both false-positive and false-negative 
results. 

Figure 5.9. ROC curve of VGG19 with fine tuning (VGG19_TL) over the test set of table 5.5 and 
relevant operating points. (a) High specificity operating point of the ROC curve with sensitivity 
83.95% and specificity 90.32% (b) High sensibility operating point of the ROC curve with sensitivity 
79.34% and specificity 92.74% (c) Reference performance of and an ophthalmologist expert in 
glaucoma considering all the ESPERANZA data set, sensitivity 76.62% and specificity 89.14%. (d) 
Reference performance of an ophthalmologist non expert in glaucoma considering all the 
ESPERANZA data set, sensitivity 58.75% and specificity 86.07 %.   

 
  



5. CAD system for glaucoma disease 
 

  88  
 

In figure 5.10 we show the different behavior of the network with the different datasets. We 
can notice the inferior performance in the ESPERANZA dataset compared to the other 
datasets (DRISHTI-GS and RIM-ONE). There are several reasons that could explain this 
behavior. First, although the ESPERANZA dataset had a double evaluation with consensus 
it is a screening labeled dataset and further tests are needed to confirm the diagnosis, having 
considered for this study the positive cases suspected of glaucoma by assessing the fundus 
images. Second the localization of the optic disc is not the conventional for this type of 
assessment. If we review the section 3.4 we can see that the color fundus images acquired 
were centered in the macula and that the optic disc was at the border of the image. In the 
other datasets all the images are centered at the optic disc. Finally the initial image size of 
the global image in the ESPERANZA dataset (1024x680) suppose a possible limitation 
compared with the images of the other dataset which are already segmented (RIM-ONE) or 
have much more resolution (DRISHTI-GS). Further test should be performed to confirm 
these hypothesis and increase the sensitivity of the ESPERANZA dataset.  

Figure 5.10. Confusion matrixes for the test dataset. (a) All the test dataset of the study. (b) Test set 
from the ESPERANZA database. (c) Test set from DRISHTI-GS database. (d) Test set from RIM-
ONE database. 
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The figure 5.11 shows examples of the classification of the network in the ESPERANZA 
dataset with correct and incorrect classifications. If we focus on the false negative examples 
(e and f), that, as we mentioned before, had inferior performance that the other datasets, it is 
remarkable that for example in the case of (e) the non-expert labeled the image as normal 
and the expert as glaucoma. Finally it was classified as glaucoma because the glaucoma 
experts identified a violation in the ISNT rule. The case of (f) is similar, the non-expert 
classified as normal and the expert as glaucoma, and the glaucoma experts labeled the image 
as being affected by rim thinning and with a ISNT rule violation. This is not the case of the 
false positives (g, h) where the expert and non-expert evaluators labeled the image as 
“normal” but the algorithm identified them as “glaucoma” 

Figure 5.11. Example of the classification of the VGG19_TL network for images from the test set of 
the ESPERANZA database. (a,b) True negative examples, the human evaluators and the algorithm 
identified the images as normal. (c,d) True positives examples, the human evaluators and the 
algorithm identified the images as suspect of glaucoma positives. (e,f) False negatives examples.  The 
human evaluation identified both images as suspect of glaucoma but the algorithm labeled them as 
normal. (g,h) False positives examples. The human evaluators marked the images as normal but the 
algorithm classified them as glaucoma suspects. 
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5.3.5 Datasets performance influence 

We evaluated the improvement in the performance of VGG19_TL associated with the 
inclusion of the different datasets for training. For that purpose we evaluated the network 
trained with one dataset (ESPERANZA), two (ESPERANZA and DRISHTI-GS) and the 
final dataset adding RIM-ONE. To study the performance of each trained model we always 
used the full test set that includes data of the three datasets. The full test dataset was used to 
verify the performance in the three training configurations. In the figure 5.12 we can verify 
that the evolution in the performance is clear starting in 0.8505 with 113 glaucoma positives 
and 1333 normal cases to 0.9436 with the full dataset with 494 glaucoma positives and 1819 
normal cases.  

Figure 5.12. ROC curves and AUC values using always the test set of Table 5.5 and training VGG19 
with fine tuning and 10 epochs. The red line represents the ROC curve using the network trained only 
with the EPSERANZA dataset. The blue line is the result after training with ESPERANZA and 
DRISHTI-GS datasets and the green line is the ROC curve after training using all the datasets of the 
study: ESPERANZA, DRISHTI-GS and RIM-ONE. 
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5.3.6 Integration of medical data and CNN 

The final experiment consisted in the integration of clinical history data collected during 
patient’s screening visit with color fundus images. As we have mentioned, CNNs are 
especially successful analyzing medical images. But the clinical diagnosis usually involves 
the assessment of a variety of exams that includes medical images but also data coming from 
different sources, like the medical history of the patient or from tests where the output could 
be a simple value. From this perspective, considering only one test could limit the final 
diagnosis and represent only a part of the global disease complexity. In order to consider a 
broad view in the diagnosis, some studies have explored the application of CNN integrating 
different imaging modalities (Xu et al. 2016; Liu et al. 2015) but also combining images with 
raw data, like in (Mobadersany et al. 2018) where histological images and genomic data were 
integrated in a single CNN. Following this approach we designed one experiment with the 
ESPERANZA dataset integrating color fundus images with medical history data collected 
from the same patient during the screening campaign. The data selected from the exam were: 
the age, the intraocular pressure (IOP) in both eyes, the family history of glaucoma, the 
personal record of glaucoma in both eyes and the personal record of glaucoma related therapy 
in both eyes. The selection of the data was based on some of the major risk factors of 
glaucoma presented in the literature (Weinreb, Aung, and Medeiros 2014; A. L. Coleman 
and Miglior 2008). In the next tables we present more information of the clinical data used 
in the experiment. This data was collected during the examination of the patients in the 
ophthalmological screening campaign described in chapter 3, review section 3.4 for more 
information.  

Table 5.8. Mean IOP and standard deviation and mean age and standard deviation in the training set 
and test set in the glaucoma and normal classification. 

Table 5.9. Percentage of cases with glaucoma family history, personal record of glaucoma and 
personal related therapy in the training and test set of the glaucoma and normal classification. 

Data  Glaucoma Set  
Mean ± standard deviation 

Normal set 
 Mean ± standard deviation 

IOP training set (mmHg) 13.94 ± 3.16 13.97 ± 2.79 
IOP test set (mmHg) 13.64 ± 2.79 14.20 ± 2.87 

Age training set (years) 70.99 ± 8.56 68.81 ± 7.42 
Age test set (years) 70.81 ± 8.51 68.34 ± 6.94 

Data  Glaucoma Set  Normal set 
Family history of glaucoma training 8.75 % 11.76 % 

Family history of glaucoma test 12.12% 11.83 % 
Personal record of glaucoma training 16.25 % 2.61 % 

Personal record of glaucoma test 12.12 % 2.66 % 
Personal glaucoma related therapy training 0 % 0.80 % 

Personal glaucoma related therapy test 0 % 0.59 % 
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Color fundus images and the examination data were used together during the training by 
including the raw data into the last fully connected layer of the network. All the cases from 
the training and validation subsets from ESPERANZA were used for training (80 glaucoma 
positives and 995 normal) and the ESPERANZA cases from the test dataset were used for 
testing (33 glaucoma positives and 338 normal). For this experiment we only used the 
ESPERANZA dataset, because is the only dataset that contains information of the 
examination of the patients. We trained the network for 100 epochs. We performed two 
different experiments: the first one using all previous data and the second only with the age 
and the personal record of glaucoma because according with table 5.8 and 5.9 are the only 
data which appears different in the “glaucoma” and “normal” groups. As we can see in the 
next table, in the AUC values no significant difference is appreciated by adding the clinical 
history data, but the sensitivity and specificity has higher values which indicate that this 
information could be valuable to improve the classification. Although the results are 
promising, further tests with other integration architectures and other clinical fields should 
be considered.  

Table 5.10. AUC, specificity and sensitivity values corresponding with the result of applying the 
network trained with the ESPERANZA dataset considering only the color fundus images (reference),  
integrating the images with all the data collected from the examination of the patient (fusion all data) 
and integrating only the age and personal record of glaucoma (fusion age/personal record glaucoma) 

Group  AUC Sensitivity (%) Specificity (%) 
Reference 0.8505 81.45 74.51 

Fusion all data 0.8405 81.82 80.18 
Fusion age/personal record glaucoma  0.8443 84.85 78.99 
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5.4 Conclusions 

In this chapter, we exploit and extensively evaluate the application of deep convolutional 
neural networks for glaucoma detection using color fundus images in the context of large 
screening campaigns. We studied the influence of the architecture, the dataset size, the 
training strategy and the integration of data collected from the clinical history and the patient 
examination. We used three different datasets, two publicly available DRISHTI-GS and 
RIM-ONE, and other created from a glaucoma screening campaign to assess the performance 
of the alternatives. The three architectures tested, standard CNN, VGG19 and GoogLeNet 
offered good performance ratios in terms of AUC, sensitivity and specificity. The best option 
for the dataset used was VGG19 with transfer learning and fine tuning, with an AUC of 0.94, 
a sensitivity of 85.48% and a specificity of 91.64%, which showed a similar performance 
with respect to the expert evaluators of the screening campaign. We confirmed the great 
influence of the number of images and datasets using CNNs. The AUC of the VGG19 with 
fine tuning increase from 0.8505 with one dataset to 0.9436 with all the datasets of the study. 
Finally, we evaluated the performance of the integration of the data from the clinical history 
and tonometry tests with the color fundus images. The results show a slight improvement in 
sensitivity and specificity although the AUC was similar. Further tests with more data and 
new architectural approaches needs to be done to confirm this line of work. The good results 
presented demonstrated that CNNs on fundus images are a valuable alternative as a CAD 
system in glaucoma detection campaigns.   
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Chapter 6 

Contributions  

The main contributions of this work are listed below: 

 Creation of a multi-specialty / multi-disease store-and-forward tele-screening tool. The 
tool is a secured web-based application that covers all the tasks needed in a screening 
campaign, from the recruitment of the patients to the inclusions of the examination, the 
remote evaluation of all the studies, the generation of reports, the integration with 
Medical Record System of the hospital and the inclusion of the final revision of the 
patients in the Hospital. The platform offers real-time statistics of the evolution of a 
campaign and exportation facilities of all the data for a posterior analysis or use in CAD 
systems. 
 

 Application of the tele-screening tool in an ophthalmology screening campaign with 1006 
patients. The application was used successfully by more than 30 health professionals in 
a three years project and helped in the detection of 31 cases of diabetic retinopathy, 168 
cases of AMD and 154 of glaucoma among other pathologies. The tool showed the 
relevance of this type of campaigns in high prevalence pathologies like AMD and 
glaucoma where the number of cases with a pathological evaluation was high compared 
with other pathologies like diabetic retinopathy were the monitoring of the diabetic 
patients showed inferior positives cases. 

 
 Design of a new enhancement method for OCT skin images based on wavelet 

compounding of several frames acquired at the same position. The application of the 
method on four datasets accomplished state-of-art performance ratios showing their 
potential application in newly available portable OCT systems that could be used in 
screening campaigns, in CAD systems for improvement in the detection of skin diseases, 
or as pre-processing step in image processing tasks. 

 
 Creation of a methodology for quality assessment of medical images in order to evaluate 

the clinical value of the application of image enhancement algorithms. The method was 
successfully tested with the enhancement method proposed for OCT images, using the 
tele-screening tool. To the best of our knowledge OCT enhancement methods have not 
been compared with a similar methodology before this work. 
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 Demonstration of the application of deep convolutional networks for the automatic 
detection of glaucoma. We studied the influence of the architecture, the dataset size, the 
training strategy and the integration of data collected from the clinical history and the 
examination of the patients.  

 
 Creation of an automatic algorithm for the detection of suspects of glaucoma in screening 

campaigns using fundus image based on the VGG19 network and using transfer learning 
and fine tuning resulting in a performance of an AUC of 0.94, a sensitivity of 85.48% 
and a specificity of 91.64%, which showed a performance similar to the one achieved by 
the expert evaluators of the screening campaign, and clearly superior with respect to the 
non-expert evaluators. The solution could be a valuable tool to be incorporated in CAD 
systems for glaucoma detection campaigns. 
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