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Advantages/Importance

• Retinal image analysis is an important tool for 

diagnosis and treatment of many eye diseases. 

– age-related macular degeneration, 

– diabetic retinopathy, 

– glaucoma are the leading disabling  diseases and the 

causes of preventable blindness in the world. 

• 2D and 3D fundus imaging provides a basis for 

quantitative methods to identify clinically relevant 

structures such as blood vessels, optical nerve 

head, and retinal lesions. 

• Automated methods for retinal image analysis are 

important for mass screening of the population.

• Retinal atlases are important for the research 

community for quantitative evaluation and 

comparison of retinal image analysis methods.

2016.07.08. 

8:27
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Advantages/Importance

• Processing of retinal images is a standard clinical 

practice

• Changes in the nerve fiber layer is associated with

glaucoma

• Earliest sign of macular degeneration are the

appearance of yellowish spots (drusens) on the 

retina

• The vascular system is observable in a non-invasive

way

– hypertonia can be detected (tortured vessels)

• Diabetes can be detected/monitored via finding

corresponding lesions

2016.07.08. 
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Main Topics

• image quality quantification,

• segmentation of anatomical structures on the

retina (vessels, fovea, optic disc),

• segmentation of pathological structures on the

retina (microaneurysms, exudates, haemorrhages, 

neovascularization, cottonwool spots, drusens, 

etc.),

• quantitative assessment of algorithm performance,

• evaluation of automatic screening systems,

• other modalities,

• retinal image databases and atlases.

2016.07.08. 

8:27

5



Diabethic Retinopathy

One of the most important

challenges in retinal image 

analysis is to create

automatic screening systems.

2016.07.08. 
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Diabetic Rethinopathy

• Long-term diabetes affects the eyes, resulting 

in a disease called diabetic retinopathy (DR).

• If DR remains undiagnosed or is treated 

inappropriately, it can lead to loss of vision.
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Global statistics of DR*

*International Diabetes Federation, “IDF Diabetes Atlas, 6th edn.” International Diabetes Federation, Brussel, Belgium, 2013. 



DR screening programmes

• After 10 years of diabetes 80% DR

• Sysmptoms can be reversed/stabilized in

90%

• Large burden on medical doctors

• In Hungary frequent controll

• Digital screening programmes:

• English National Screening Programme for 

Diabetic Retinopathy (UK)

• Vanderbilt Ophthalmic Imaging Center (USA)
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Anatomical structure of the

human eye

10/41
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Fundus cameras
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Mobile fundus cameras
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Glaucoma

• Glaucoma is characterized by the
progressive degeneration of optic
nerve fibers, which leads to structural
changes of the OD and the nerve fiber
layer.

• Glaucoma is called the „silent thief of
sight”.

• It cannot be cured but its progression
can be slowed down by treatment,
therefore early diagnosis of this
disease is very important.



Glaucoma

• Measureable parameters:

– OD diameter, vertical cup to disc ratio (CDR),

ISNT rule

• The most common measurement to detect

glaucoma is CDR, which is calculated as the

ratio of the vertical cup diameter to vertical

disc diameter.



Age-related macular 

degeneration (AMD)

• AMD causes vision loss at the central region

and blur and distortion at the peripheral

region.

• Detection: drusen (dry AMD),

neovascularization, exudates (wet AMD)



Pathological myopia (PM)

• PM is a type of severe and progressive

nearsightedness characterized by changes in the

retina.

• Detection: peripapillary atrophy (PPA)

– PPA is the thinning of retinal layers around the

optic nerve and is characterized by a pigmented

ring-like structure around the OD.



Retinal vascular abnormalities 

as biomarkers

• Retinal vascular changes can occur in some chronic

diseases years before other signs become apparent.

• For example, there are early indicators of

– stroke

– hypertension

– coronary heart disease

• Blood vessels of the retina are also thought to predict

neurovascular disease because they are part of the

brain’s vascular system.

• Furthermore, neurodegenerative diseases may have

retinal manifestations as well.



Retinal vascular abnormalities 

as biomarkers

• The retinal vascular network develops in a way that

is optimized for efficient flow.

• Abnormal or suboptimal geometric parameters

measured on fundus images occur in disease

processes. Such parameters are:

– arteriolar and venular diameter and diameter 

ratio

– vascular tortuosity

– vessel bifurcation geometry

– global complexity of the vascular network





Cardiovascular disease

• Retinal indicators of hypertension:

– Arteriolar narrowing is an important

marker of systemic hypertension and in

normotensives it is an early indicator of

increased risk of developing hypertension.

– Arteriovenous nicking (when the venule is

compressed by the arteriole at their

crossing point) is a persistent marker of

hypertension.

– Reduced arteriolar bifurcation angles

– Increased arteriolar tortuosity



Cardiovascular disease

• There is evidence that retinal vascular
changes may provide markers of
coronary heart disease:

– Narrowing of retinal arterioles is strongly
associated with reduced myocardial
perfusion and a decline in function.

– Retinopathy signs (e.g. microaneurysms)
are associated with coronary artery
calcification (a subclinical marker of
coronary artery disease), with more
severe lesions associated with worse
coronary artery disease.



Stroke

• Stroke:

– Retinal venular dilation (rather than

arteriolar narrowing) has been revealed as a

strong predictor of clinical stroke.

– The presence of retinopathy (e.g.

microaneurysm, haemorrhage and soft

exudate) is associated with a larger stroke

risk.

– Analysis of the retinal vascular network

showed that lacunar stroke and increasing

age are associated with a loss of branching

complexity.



Alzheimer’s disease (AD)

• The following retinal differences in patients

with AD and healthy controls were found

recently:

– reduced vessel diameters (venular and

arteriolar)

– reduced complexity of the branching pattern

– reduced optimality of the branching geometry

– less tortuous venules

• Detecting retinal changes might facilitate

more accurate pre-clinical detection or

monitoring of AD and response to

intervention.



Vasculature measurements

• Artery and vein classification

• Vessel diameter/caliber measurement

• Arteriovenous ratio (AVR)

– AVR is usually calculated using the widths

of the six largest arteries and veins near

the OD; however, global calculation is

also possible, depending on the A/V

classification and diameter

measurements.



Vasculature measurements

• Vascular tortuosity
– Tortuosity can be defined as the non-smooth

appearance of the vessel course.

– The degree of tortuosity of a vessel could be

summarized as the ratio between the distances a

vessel travels from A to B, and the shortest

distance between points A and B drawn by a

straight line.

A

B



Vasculature measurements

• Vessel bifurcation geometry

– The angle of two daughter vessels at a 

vascular junction.

• Global complexity of the vasculature

– Retinal vasculature is self-similar and has 

a fractal-like architecture (branching 

patterns).

– The global complexity of the retinal 

vasculature can be quantified using 

fractal analysis.



Simple screening decision, DR

2016.07.08. 
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Healthy DR, macular oedema, hard

exudates, haemorrhages, 

aneurysms



Steps of a screening approach

• Prefiltering

• Preprocessing

• Detecting anatomical parts

– Vascular system

– Temporal arcade

– Optic disc

– Macula/fovea

• Detecting lesions

– Aneurysms/haemorrhages

– Exudates

• Decision, diagnostics

2016.07.08. 
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Prefiltering

Main motivation is to immediately classify images without detailed

processing as:

• Healthy

• Non-healthy



Classifying images

• Non-retinal images (outliers)

• Bad quality – ungradable

2016.07.08. 
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Classifying images

• Abnormal retina
2016.07.08. 
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Classifying images

• Optic disc/macula centered retina
2016.07.08. 
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Classifying images

• To be processed further
2016.07.08. 
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Prefiltering approach I

• Very low computational complexity

• Only low quality images have to fail at 

this stage

• Lower the load of the system (severe 

lesions)

2016.07.08. 
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Prefiltering approach I

• Feature extraction

– Inhomogenity

– Variance

2016.07.08. 
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Prefiltering approach I

• Classification

– Machine learning

– SVM, kNN, Naive Bayes

2016.07.08. 
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2016.07.08. 
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• Multiscale AM-FM Method

• It can be used for discriminating between

normal and pathological retinal images

without the need of detecting lesions.

• The method applies Amplitude Modulation-

Frequency Modulation (AM-FM) for feature

extraction, and support vector machines

(SVM) for classification.

• The result is a yes/no decision based on one

feature vector for each input image.

Prefiltering approach II



Preprocessing



Adaptive histogram equalization
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Adaptive histogram equalization

2016.07.08. 
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Detecting main anatomical

features



Retinal fundus images and main

anatomical features
2016.07.08. 
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Description of algorithms used 

for detecting optic disc and 

macula



Detecting the optic disc
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Optic disc detection by fusing 

the outputs of individual detectors

2016.07.08. 
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Majority voting-based ensemble

Optic disc detection by fusing 

the outputs of individual detectors
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Maximum-weighted clique-based ensemble

Optic disc detection by fusing 

the outputs of individual detectors

2016.07.08. 
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Maximum-weighted clique-based ensemble

Optic disc detection by fusing 

the outputs of individual detectors
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Maximum-weighted clique-based ensemble

Optic disc detection by fusing 

the outputs of individual detectors
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Maximum-weighted clique-based ensemble

Optic disc detection by fusing 

the outputs of individual detectors
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Maximum-weighted clique-based ensemble

Optic disc detection by fusing 

the outputs of individual detectors
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Maximum-weighted clique-based ensemble

Optic disc detection by fusing 

the outputs of individual detectors
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Probability maps-based ensemble

Optic disc detection by fusing 

the outputs of individual detectors

2016.07.08. 
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Probability maps-based ensemble

The 𝑃𝑀𝑖 (i=1,2,…,N) can also be considered as probability 

distribution function, if the following conditions hold:

We can fuse them by applying standard axiomatic approaches or 

more complex aggregation models.

Optic disc detection by fusing 

the outputs of individual detectors

𝑃𝑀𝑖 𝑝 > 0, for all p ∈ 𝐼,

 

𝑝∈𝐼

𝑃𝑀𝑖 𝑝 = 1.

2016.07.08. 
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Probability maps-based ensemble

I. Optic disc detection by fusing the outputs of individual 

detectors

2016.07.08. 
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Probability maps-based ensemble

– Aggregation based on axiomatic approaches:

– Aggregation based on Bayesian models:

Optic disc detection by fusing 

the outputs of individual detectors

𝑃𝐷𝐹𝐿𝐼𝑁𝑂𝑃 = 

𝑖=1

𝑁

𝑤𝑖 𝑃𝐷𝐹𝑖 ,

𝑃𝐷𝐹𝐿𝑂𝐺𝑂𝑃 = 𝑘 

𝑖=1

𝑁

𝑃𝐷𝐹𝑖
𝑤𝑖 ,

𝑃 ℒ 𝑃𝐷𝐹1, … , 𝑃𝐷𝐹𝑁 =
𝑃 𝑃𝐷𝐹1, … , 𝑃𝐷𝐹𝑁 ℒ 𝑃 ℒ

𝑃 𝑃𝐷𝐹1, … , 𝑃𝐷𝐹𝑁
,𝑃 ℒ 𝑃𝐷𝐹1, … , 𝑃𝐷𝐹𝑁 = 𝑃 𝑃𝐷𝐹1, … , 𝑃𝐷𝐹𝑁 ℒ 𝑃 ℒ ,

2016.07.08. 
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Probability maps-based ensemble

– Naïve Bayes combination:

– Augmented Naïve Bayes

creating such an optimal model is an NP-hard problem

– Hidden Naïve Bayes

Optic disc detection by fusing 

the outputs of individual detectors

𝑃 𝑃𝐷𝐹1, … , 𝑃𝐷𝐹𝑁 ℒ =  

𝑖=1

𝑁

𝑃 𝑃𝐷𝐹𝑖 ℒ .

𝑃 𝑃𝐷𝐹1, … , 𝑃𝐷𝐹𝑁 ℒ = 

𝑖=1

𝑁

𝑃 𝑃𝐷𝐹𝑖 𝐻𝐸𝑖 , ℒ ,

 

𝑗=1,𝑗≠𝑖

𝑁

𝑊𝑖𝑗 𝑃 𝑃𝐷𝐹𝑖 𝑃𝐷𝐹𝑗, ℒ

2016.07.08. 
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Probability maps-based ensemble

59/41

Optic disc detection by fusing 

the outputs of individual detectors
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Probability maps-based ensemble

60/41

Optic disc detection by fusing 

the outputs of individual detectors

2016.07.08. 
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61/41

Optic disc detection by fusing 

the outputs of individual detectors

DIRAETDB0 DIRAETDB1

𝑃𝑃𝑉 𝐸𝑟𝑟2 𝑃𝑃𝑉 𝐸𝑟𝑟2

ODdecomp 86.92% 26.45 91.01% 27.64

ODedge 90.77% 20.06 91.01% 17.72

ODentropy 87.69% 36.91 85.39% 36.73

ODclassify 85.38% 20.35 80.91% 21.79

ODfuzzy 30.11% 45.80 40.45% 44.23

ODhough 84.62% 42.49 84.27% 47.66

ODcHough 63.08% 39.04 68.54% 37.49

Majority voting 

based ensemble
94.62% 15.68 94.38% 17.40

Finding MWC 

based ensemble
95.38% 9.38 95.51% 9.19

Combining MPs 

by weighted 

LinOP

93.08% 16.76 95.51% 16.14

Combining MPs 

by weighted 

LogOP

91.54% 24.53 93.26% 24.31

Combining MPs 

by Naïve Bayes 

model

96.15% 22.36 96.63% 21.24

Combining MPs 

by HNB model
98.46% 16.86 98.88% 14.49

DRIVE MESSIDOR

𝑃𝑃𝑉 𝐸𝑟𝑟2 𝑃𝑃𝑉 𝐸𝑟𝑟2

80.00% 17.05 93.49% 27.87

92.50% 11.48 93.55% 32.73

85.00% 18.7 91.04% 36.53

70.00% 9.65 64.78% 25.78

82.50% 15.41 39.49% 64.14

72.50% 17.62 90.29% 57.99

92.50% 14.79 64.57% 41.67

100.00% 11.26 95.29% 14.41

100.00% 6.08 96.33% 14.78

100.00% 12.12 97.33% 39.32

100.00% 12.59 97.33% 36.04

100.00% 11.62 97.65% 24.45

100.00% 9.12 98.33% 21.12

Experimental results
2016.07.08. 
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Detecting the macula
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Proposed combination of the

algorithms



Flowchart showing the steps of the 

proposed technique
2016.07.08. 
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R. J. Qureshi, L. Kovacs, B. Harangi, B. Nagy, T. Peto, A. Hajdu: Combining algorithms for automatic detection of

optic disc and macula in fundus images, ELSEVIER Computer Vision and Image Understanding”, Computer

Vision and Image Understanding, vol. 116, no. 1, pp 138-145, 2012, IF. 2.404.



Optic disc - macula

geometry constraints
2016.07.08. 
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Building a weighted graph

2016.07.08. 
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• Each macula and OD output is represented as a node in a

single complete graph.

• All of the nodes and edges are weighted. The weight of a 

node is the sum of the weight of the corresponding edges.

• The weight of an edge depends on which type of nodes

are connected.

• OD – OD / F – F:

The weight is simply computed as Euclidean distance

between the outputs of the detectors.

• OD – F / F – OD:

The weight of the edge is the sum of distance error

(Derr) and angle between the outputs computed with

respect to horizontal axis: 

Derr = | Dexp - Dcmp| 

where Dexp is an expected distance, Dcmp is a 

computed distance.



Cutting the weighted graph and make

a final decision
2016.07.08. 
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While each radius of minimal bounding circle (computed

separately for OD and macula outputs) is too big, and geometry

constraints are not acceptable (or there left a single OD and 

macula), we will delete the biggest weighted node. (In this case

all weights are needed to update.)

Three geometric constraints used in the process are:

• Radius of the minimum bound circle should be less than or 

equal to clinically recommended optic disc radius.

• The angle of the line joining the two centers of the circles 

should be less than or equal to 10º.

• The distance error Derr should be less than 90 pixels.



The graph based system in practice

2016.07.08. 
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Vessel segmentation



Vessel segmentation

• The main objective is to extract the 

vascular system to enhance the accuracy 

and specificity of microaneurysm detection

2016.07.08. 
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The problem

• Only the green channel carries roboust 

intensity information of the vessels.

• The segmentation can be based on the 

intensity, but the distribution of the 

background overlaps with distribution of the 

foreground => preprocessing is required

2016.07.08. 
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Preprocessing

• The slow gradients (slow changes in the 

background intensity should be removed)

• Usual methods:
• Division by an oversmoothed image

• Substraction of an oversmoothed image

2016.07.08. 
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Segmentation

• Expectations:

– Connected result

– Find the thinnest vessels

• Possible approaches

2016.07.08. 
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Method Connected result Thinnest vessels

Statistical 

classification pixel-by-

pixel (KNN, SVM)

fails OK

Active contours 

(snakes)
OK fails

Hidden Markov Fields OK OK



Segmentation
2016.07.08. 
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Feature selection

• The feature selection method can be used to find the most 

appropriate features and feature parametrizations.

• Some of the most common features based on the intensity of a 

local pixel environment:

• For vessel segmentation the line segment filter responses have

the best separation capability.

2016.07.08. 
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Results

• Based on the separation capability, the features 

and parameterizations can be ranked, and based on 

the available computing power, the best separating 

k features are used to set up the HMF model

• Some results without postprocessing:

2016.07.08. 
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Gy. Kovacs, A. Hajdu: Extraction of vascular system in retina images using averaged one-

dependence estimators and orientation estimation in Hidden Markov Random Fields, IEEE 8th 

International Symposium on Biomedical Imaging (ISBI2011), Chicago, USA, 2011, 693-696.



Detecting lesions



Detecting microaneurysms



Microaneurysm Detection

• In order to prevent the damage of the retina, it is very 

important to diagnose diabetic retinopathy and provide 

appropriate treatment to minimize further deterioration as 

early as possible.

• Microaneurysms are the earliest sign of Diabetic

Retinopathy, a frequently observed complication in

both type 1 and type 2 diabetes.

• Our goal is to develop algorithms are able to detect this

lesions.

2016.07.08. 
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Microaneurysm Detection

2016.07.08. 
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Example for a microaneurysm on a fundus image



Microaneurysm Detection

• Processing of color retinal images is usually conducted in its 

green channel since microaneurysms have the highest contrast 

with its background here.

2016.07.08. 
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A microaneurysm in a color

retinal image in green channel

A microaneurysm illustrated with

the corresponding mesh plots



Microaneurysm Detection

2016.07.08. 
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Mean of 3000 microaneurysm A gaussian kernel

As can be seen, microaneurysms exhibit a Gaussian shape.



Microaneurysm Detection

2016.07.08. 
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The correlation coefficient is a good way to measure the 

resemblance between the Gaussian function and microaneurysms.

The range of the coefficient is from 0 to 1.

r = 0.8



Microaneurysm Detection

• The first step in coarse level candidate detection involves applying a sliding 

neighborhood filter with multi-scale Gaussian kernels to the fundus image in 

order to calculate a correlation coefficient for each pixel.

• Based on extensive experimentation, we chose few scales for the kernel to 

represent microaneurysms with different sizes Gaussian functions.

• The maximum coefficients from each of responses were combined to form a 

final response.

• We used two types of gaussian functions:

- Normal gaussian function

- Modified gaussian function with 2 parameters

2016.07.08. 
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Normal gaussian filter

Multi-scale Gaussian kernels

2016.07.08. 

8:28

85

σ= 1.1

kerner size= 17x17

σ= 1.5

kerner size= 25x25

Normal gaussian function :



Modified gaussian filter

Modified gaussian filter with two parameters:

- α is the parameter modeling lesion size

- Β is the parameter modeling lesion sharpness: it is a shape 

factor (the same value is used for each lesion in images of

the same modality)

2016.07.08. 
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α=3, β= 3



Microaneurysm Detection

2016.07.08. 

8:28
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The response of a tested image using

combined gaussian kerners

White spots with high intensity will be marked as

possible microaneursms.



Clustering MAs

• We classified the microaneurysm into

5 classes

• The centroids of the classes represents

the microaneurysms belongs to it

• The elements of the classes correlate

well with the corresponding centroids

2016.07.08. 
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Microaneurysm classes

2016.07.08. 
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Centroids of the classes



Current trend for detecting

microaneurysms



Current trend for MA Detection

2016.07.08. 
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Color Fundus
Image

PreprocessingPreprocessed
Image

MA Candidate
Extraction

MA Candidates
Feature

Extraction

Feature
Vectors

Classifiaction
Training

Set

Final MAs



Own MA candidate extractor

2016.07.08. 
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I. Preprocessing

• Images whose size exceeds the previously fixed dimensions are to be resized.

• Since lesions are the most visible in red free images, the inverted green 

channel of the image is used for the further steps. 

II. Local maxima map generation

• Scanning of the entire image along lines with different directions to obtain one 

dimensional intensity profiles. 

• Detect local maximas on each intensity profile. Using local maxima indices

and peak heights perform adaptive thresholding.

• Create two dimensional map from resulting foreground indices

István Lázár and András Hajdu: Retinal microaneurysm detection through local 

rotating cross-section profile analysis, IEEE Trans. on Medical Imaging 32(2) 

(February 2013), 400-407, IF=3.643.



Scan line 1, 11.25º Scan line 2, -22.5 º

Intensity profile 1

Inensity profile 2.

II. Local maxima map generation 1.

2016.07.08. 
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An Ensemble-based System

For Detecting Microaneurysms



Preprocessing

Candidate extraction

Classification

The usual steps of MA detection 
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Preprocessing

Candidate extraction

Classification

The usual steps of MA detection 
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Preprocessing
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Preprocessing
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Preprocessing

Candidate extraction

Classification

The usual steps of MA detection 
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Candidate Extraction
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Preprocessing

Candidate extraction

Classification

The usual steps of MA detection 
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Classification
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• We have evaluated the state-of-the-art methods

• There are too many false positives

• And there are too few true positives

• The classification step has little influence in the

whole process

Problems with usual MA detection

2016.07.08. 
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The ratio of the true and false MA detections can be 

improved by applying majority voting among several

MA detectors.

Hypothesis

2016.07.08. 
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(a) Lazar      (b) Walter

(c) Spencer (d) Hough 

Diversity of MA candidate extractors

2016.07.08. 
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Majority Voting

2016.07.08. 
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After Majority Voting
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The ratio of the true and false MA detections is 

improved by the proposed method. However, it still

does not good enough for clinical use.

How can we detect more true MAs?

Results

2016.07.08. 
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Preprocessing Methods

2016.07.08. 

8:28

109



The detectors detect different MAs when different

pre-processing steps are applied. Thus, we can

create more diversity among MA detectors if we use

different preprocessing methods => the sensitivity

of MA detection can be improved this way.  

Hypothesis

2016.07.08. 

8:28

110



Combining preprocessing methods and detectors
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We have tested the proposed approach on different

datasets. The results show that the sensitivity of MA 

detection is raised. 

B. Antal and A. Hajdu, „Improving microaneurysm detection using an optimally 

selected subset of candidate extractors and preprocessing methods,” Pattern 

Recognition, vol. 45, no. 1, pp. 264 – 270, 2012.
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How can we lower the number of false MA detections? 

By generating ”new” MA detectors!

Results
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Results
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Pairs included in the ensemble
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Confidence levels assigned to MA detections
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We have tested our approach to MA detection on 

several public and private databases. Our experimental 

results show that the proposed ensemble-based MA 

detector outperforms the current individual approaches 

in MA detection. Our main results is achieved in the 

Retinopathy Online Challenge, where the presented 

algorithm is currently ranked as first. 

B. Antal, A. Hajdu: An Ensemble-based System for Microaneurysm Detection and 

Diabetic Retinopathy Grading, IEEE Transactions on Biomedical Engineering, 

vol.59, no.6, pp.1720-1726, June 2012.
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Retinopathy Online Challenge
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Exudate detection
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What is an exudate?

• Deposits of cholesterol or other fats 

(proteins) from the blood that have 

leaked into the retina.

• There are tiny yellow patches on the 

retina.



Exudate detection
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Exudate detection

1.  Ensemble-based detection
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B. Nagy, B. Harangi, B. Antal, A. Hajdu: Ensemble-based exudate detection in color fundus images, 7th

International Symposium on Image and Signal Processing and Analysis (ISPA 2011), Dubrovnik, Croatia, 2011,

pp. 700-703.



Exudate detection

1. Ensemble-based detection
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Exudate detection

2.  Pixel-level detection
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B. Harangi, B. Antal, A. Hajdu: Automatic Exudate Detection with Improved Naïve-Bayes

Classifier, 25th IEEE International Symposium on Computer-Based Medical System (CBMS

2012), Rome, Italy, 2012, pp. 1-4.



Exudate detection

2.  Pixel-level detection
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Exudate detection

2.  Pixel-level detection
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Exudate detection

3.  Active contour and region based
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B. Harangi, I. Lazar, A. Hajdu:

Automatic Exudate Detection Using

Active Contour Model and Regionwise

Classification, 34th Annual International

Conference of the Engineering in

Medicine and Biology Society (EMBC

2012), San-Diego, California, USA,

2012, pp. 5951-5954.



Exudate detection

3.  Active contour and region based
2016.07.08. 

8:28

128



Exudate detection

4.  Precise contour
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B. Harangi, A. Hajdu: Improving automatic exudate detection based on the fusion of the results of multiple active

contours, 10th IEEE International Symposium on Biomedical Imaging (ISBI 2013), San Francisco, CA, USA, 2013.



Exudate detection

4.  Precise contour
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Exudate detection

4.  Precise contour
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Optimal parameter setting



• In a fusion based system the optimal parameter

setting of the ensemble ma differ from the optimal

individual setting of the members.

• Goal: to find the optimal parameter setting at

ensemble level.

• In case of ensembles this problem is a resource

demanding one, depending on:

• the number of members,

• the number of parameters of members and their

domains,

• the size of database used in the evaluation.

Optimal parameter setting
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• Several stohastic optimization methods can be used

for finding optimal parameter settings.

• We consider simulated annelaing (SA) for this task.

• SA assymptotically converges to the global optimum.

• Convergence depends also on the annealing profile.

Stohastic optimization
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Stochastic hill climbing
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Simulated annealing
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• The general probability term to accept a new state in

simulated annealing:

where δE the change in the energy function,

T is the current temperature

r is a random value between 0 and 1

• To accept a worse state depends on the the energy

change and the temperature
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Stohastic optimization



• Special acceptence criteria:

138

Stohastic optimization



• Problems:

• The search space can be high dimensional → we

need too many iterations at the temperature levels.

• We have to calculate the energy function in each

iteration step.

• Sometimes this step is the most expensive one!

• The evaluation must be done efficiently:

• calculating some intermediate results offline

• applying noisy evaluation

139

Stohastic optimization



S. B. Gelfand és S. K. Mitter: Simulated Annealing with Noisy 

or Imprecise Energy Measurements, Journal of Optimization 

Theory and Applications 62(1), pp. 49–62 (1989)

• SA still converges to the global optimum if the noise decrease

linearly with the temperature:

k: number of iterations

Tk: temperature at the k-th iteration
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Stohastic optimization



Optimal setting for ensemble

• Consider 9 MA detectors with

1 adjustable parameter for each

• Very high computational cost even with

simulated annealing

2016.07.08. 
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• Offline computations:

• We calculate the outputs of each individual MA 

member detector for each possible parameter

setting for each image in the database →

only the voting step should be applied in a search

step for evaluation.

Case study (MA) –

accelerating the search
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• „Noisy” evaluation:

• In every search step we make a uniform sampling of the

database – this approach will involve the images from

the database in a balanced way.

• Our goal is to give a sampling strategy which leads to a

noise proportional to the temperature in the annealing

profile.

• The sampling rate is described by M  {1,...,D}, where

D is the size of the database.

• The size of the database is usually much smaller than

the number of the search steps, so at a temperature

level the whole database could be considered more

times.
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Case study (MA) –

accelerating the search



Brute-force:

Naive SA:

Accelareted SA:

ti execution time of the i-th component

tv execution time of voting (per image)

pi parameter values of the i-th component

D size of database (number of images)

M sampling rate

K SA search steps
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Case study (MA) –

search times



• The energy function used:

• Evaluation on a database of 227 images.

• Sampling rate is 20%.
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Case study (MA) –

search times



• The system level setting is differnt from the individual

ones, the improvement is remarkable (TFPRens = 1,953)

Results
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Optimal setting for ensemble

• The individually best settings differ

from the ensemble-level settings

2016.07.08. 
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Case study (exudates)

148

• Pre-processors

• gray-world normalization (GN), 

• Illumination equalization (IE),

• morphological contrast enhancement (MC), 

• vessel removal with inpainting (VR),

• Candidate extractors

• Sopharak et al. 

• Walter et al. 

• Welfer et al.
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Case study (exudates)



• Energy function for SA (N is the number of images):

• Calculating the true and fals positives (R is the

segmentation result, G is the ground truth):

150

Case study (exudates)



• The noise coming from sampling in the k-th search step

(n is the number of image used in the evaluation):

• Gelfand and Mitter proved that SA converges globally if

the noise is dominated by the the temperature:
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Case study (exudates)



• Since the energy E cannot be calculated without a complete

evaluation, we cannot derive the variance of the noise

explicitely.

• Instead we give a confidence interval for E (to estimate the

noise) :

• is the average F1-score score of the sample,

• is the confidence value coresponding to the level ,

• The upper and lower limit for the sampling rate n comes from

the length of I which is calculated at 0.95 confidence level.

Esettanulmány –

adatbázis mintavételezése
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Results
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Grading Retinal Images



Clinical Grades
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Components for decision

• Several other features can be 

calculated besides MAs:

– AM/FM

– Prefiltering

– MA detection

– Exudate detection

– Distance of the fovea and the optic disc

– Compacteness of the ROI

– Normalizing factor: diamater of the ROI
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Decision Process
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The results show that compared to the DR grading 

performance of the MA-only early detection 

framework, the improvement using the final decision 

framework is significant: the most accurate result 

achieved by the MA detector achieved 76% 

sensitivity, 88% specificity and 82% accuracy, 

opposed to the 94% sensitivity, 90% specificity and 

90% accuracy of the latter approach. Thus, the more 

resource-demanding final decision approach is also 

more reliable in DR grading. 

Results of the final decision
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More modalities



Automatic ensemble-

based 

microaneurysm

detection

Clinical patient data

Combined feature

selection
(PCA, SVM, ReliefF, CFS, …)

Machine learning 

based decision 

support

system
Finding the optimal parameter 

setting for an ensemble-based 

lesion detector, IEEE 21st 

International Conference on Image 

Processing (ICIP2014), Paris, 

accepted

HbA1c, RR, 

HDL-C, 

triglyceride, …

Tear fluid proteomic

profiles

Fundus images

+ exudate detection

Class and probability
(normal, non-proliferative, proliferative)

Tear fluid proteomics 

multimarkers for diabetic 

retinopathy screening, 

BMC Ophthalmology 

13(1):40 (2013)

Overview of the Classification Process

Annotated training 

set and clinical 

models



Using clinical and tear fluid data

Sensitivity Specificity Precision

N 0.816 0.863 0.76

NP 0.682 0.642 0.56

P 0.207 0.878 0.38

Weighted 

average
0.604 0.779 0.58

Sensitivity   Specificity Precision

N 0.658 0.795 0.625

NP+P 0.795 0.658 0.817

Weighted 

average
0.748 0.705 0.751

Three-class classification

Correctly classified:      60.4 %

Incorrectly classified:   39.6 %

Two classes

Correctly classified:      

74.8 %

Incorrectly classified:   

25.2 %

Combining clinical and tear fluid data with IP

Sensitivity Specificity Precision

N 0.842 0.89 0.8

NP 0.614 0.672 0.55

P 0.31 0.841 0.41

Weighted 

average
0.613 0.791 0.6

Three-class classification

Correctly classified:      61.3%

Incorrectly classified:   38.7%

Sensitivity   Specificity Precision

N 0.711 0.986 0.933

NP+P 0.986 0.711 0.877

Weighted 

average
0.89 0.8 0.9

Two classes

Correctly classified:      

89,2 %

Incorrectly classified:   

10.8 %

Classification Performance of the Decision Support System



Mobile Processing



FIRST



Mobile vs. Clinical
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• Can we replace clinical conditions with

home acqusition?

• Case study: cup-to-disc (CDR) ratio 

(glaucoma, second most common

cause of blindness, 60-80M people

2010-2020)

• Ratio of optic disc 

and optic cup is higher

in diseased cases



Mobile vs. Clinical
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• Database: 30 patients

• Welch Allyn iExaminer System

attached to an Apple iPhone 4S

vs.

Topcon Retinal Camera (TRC-NW7sF)



Optic disc and cup detection
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• Optic disc region is found by the fusion

of three detectors followed by an 

active contour method for precise

boundary detection.

• A K-means algorithm is applied to

classify the OD region pixels as:

– vessel

– OD

– cup



Optic disc and cup detection
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Results
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• Processing results on mobile and clinical images are

compared to manually labelled disc and cup

• mobile images have larger, but moderate error

• the mobile approach can be valid in automatic

screening (improved preprocessing, better

capturing device e.g. iPhone6)

• processing on a cell phone network



Thank you for your attention!


