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Retinal images- I

Images provide information on eye and vasculature health
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Retinal images- II

Aquisition may be be done using �uorescence , or
colored/monochromatic photography

Fluorescein angiography Red-free
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Retinal images- III

Original Red

Green Normalized blue
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Retinal images- IV
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Moti vation - I

Diabetic retinopathy screening

2,8% of world population was diabetic in 2000,
projected to 4,4% in 2030
After 20 years of diabetes, retinopathy occurs in
99% of type 1 patients and in 60% of type 2
patients
Diabetics require regular inspections
Analysis is laborious and requires knowledge
Provides objective measures
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Moti vation - II

Symptoms of diabetic retinopathy include
microaneurisms and changes in vasculature

General indicators of disease can be obtained during
initial screening

Other uses:

Registration between images for change detection,
mosaic construction, and surgery assistance

Biometric identi�cation
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Objectives

Vessel segmentation:

Precise enough for posterior calculation of
measures
Independent of user interaction
Robust to image variations, such as aquisition
conditions, pathology and noise
Quick enough for a diagnose assisting tool

Evaluation

Implementation of prototype
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Models - I

Vessel cross-sections:
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Models - II

Vasculature characteristics:

Gaussian cross-section

Well-de�ned opposite borders (usually)

Vessels approximately peicewise linear and connected
as a tree

Continuity in vessel position, width, and direction

Width decreases with distance to optic disc
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General framework

1. Pre-processing: normalization of illumination and
inter-image variations and elimination of artifacts and
noise

2. Local detection: thresholding, matched �lters , nonlinear
�lters (including mathematical morphology), curvature
evaluation, border evaluation and supervised
classi�cation

3. Global detection: tracking, region growing, deformable
models, tree inference, (and scanning)
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Local detection- I

Threshold probing [Jiang and Mojon, 03]

PSfrag replacements
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Local detection- II

1D and 2D matched �lters are used in tracking and
detection

2D matched �lters
Gaussian [Chaudhuri et al., 89]

2nd derivative of Gaussian [Chutatape et al., 98]
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Local detection- III

Nonlinear �lters
Mathematical morphology (sum of line-shaped
top-hats) [Zana and Klein, 01]

Ssum =
12X

i=1

(S0 � 
 L i (S0))

L 1

L 2

L 3

Difference between parallel structuring elements
[Lowell et al., 04]
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Local detection- IV

Martínez-Pérez et al. [99] approach

1. Measures taken in different scales

Edge strength
�

jr I j =
q

I 2
x + I 2

y

�

Ridge strength (maximum principal curvature)

2. Take maximum of each measure normalized by scale

3. Region growing guided by measures
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Supervisedclassi�cation - I

Pixel
features

Pre-processing,
featuregeneration
andnormalization

Test
image

Pixel
features

Automatic
segmentation

PSfrag replacements
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Supervisedclassi�cation - II

Related works:

A window of values was used, along with neural
networks [Nekovei and Sun, 95], as well as edge
strength [Sinthanayothin et al., 99]

Characteristics from a ridge-based representation plus
feature selection [Staal et al., 04]
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Approachadopted

2D continuous wavelet transform:

Adequate representation for enhancing blood
vessels (decomposition in position, scale e angle)

Supervised pixel classi�cation

Depends on manual segmentations for training

Conceptually simple, avoiding rules and parameter
adjustment
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Wavelet features

Inverted green channel
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The Gabor wavelet
Gabor (or Morlet) analyzing wavelet:

Directional;

Well localized in space and spatial frequencies

Tunes in to a speci�c frequency (ignoring noise in
higher ones and background variations in lower ones)

 (x) = exp(ik0 � x) exp
�

�
1
2

x � Ax
�
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The continuouswavelet transform - I

T (b; a; � ) = h b;a;� jf i ;

=
Z

 �
b;a;� (x)f (x) d2x

= a
Z

expik  ̂ �
b;a;�

f - image being analysed
 - prototpye wavelet (or mother or analysing wavelet)
� - complex conjugate
b - translation vector
a - scale (dilatation)
r � � - rotation by � �
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The continuouswavelet transform - II
Group: translation, dilation, and rotation (preserves shape).

Inverted green channel a = 2; � = 0�

a = 5; � = 0� a = 5; � = 90�
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The continuouswavelet transform - III

Wavelets and applications:

Non-stationary signal analysis (local)

Concept of scale (and rotation in 2D)

Multi-resolution: high spacial frequency in high
frequencies, adequate for singularity detection

Codi�cation (discrete version)

Analysis of shapes, fractals, biomedical data, etc.
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An aside(not usedin work)

For symmetry detection, calculate scale-angle measure of
signal:

� T (a; � ) =
Z

jT (b; a; � )j2d2b

= (2� a)2
Z

j ̂ (ar� � (k)) j2jf̂ (k)j2d2k

� T (a; � ) is the energy around (a; � )
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Wavelet features- II

Inverted green channel a = 2; � = 0�

a = 5; � = 0� a = 5; � = 90�
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Wavelet features- III

Inverted green channel

Maximum modulus for a = 2 Maximum modulus for a = 5
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Training

Pixel features:

Maximum modulus of transform over orientations taken
at different scales

Gray level or original green channel

(Red and blue channels, gradient, mean �lters)

Forming the training set

Manual segmentations from one or more other images

Selected labeled region of pixels from same image
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Classi�ers - I

Bayesian Gaussian mixture model (MMG) classi�er
Likelihoods modeled as linear combination of
Gaussian functions
Expectation-Maximization (EM) for parameter
estimation. Finds local maxima of training data's
likelihood
Classi�cation time depends on number of
Gaussians, independent of training set size
Fitting increases with number of Gaussians
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Classi�ers - II

k nearest neighbor (kNN)
Simple, uses no model of data (nonparametric)
Estimation improve with k and number of training
samples
Trivial implementation is demanding if using many
training samples

Linear minimum squared error (LMSE) classi�er
Quick training, consisted of minimizing squared
error on training set (not the expected)
Limited, since our data is not linear
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Examplesof results- I

Original Posterior probabilities
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Examplesof results- II

Segmentation Skeleton
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Examplesof results- III

Original Posterior probabilities
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Examplesof results- IV

Segmentation Skeleton
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Evaluation - I

Visual!

Performance in speci�c applications

Comparison with manual segmentations

ROC (receiveroperatingcharacteristic) analysis: true
positive rates versus false possitive rates for
varying parameters:

Skeleton

Segmentation pixels
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Evaluation - II

Posterior probabilities Manual (ground-truth)
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Evaluation - II

High threshold Intersection with manual
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Evaluation - II

Low threshold Intersection with manual
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Evaluation - III
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Evaluation - III
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Evaluation - III
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Evaluation - III
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Evaluation - IV

Two public image databases:

Images (with and without pathology) and two sets of
corresponding manual segmentations

DRIVE [Staal et al., 04] (Utrecht University): separate
training and test set

STARE [Hoover et al., 00] (UCSD and Clemson
University): cross-validation (leave-one-out)

A manual set of segmentations is used as ground
truth, while the other is tested against �rst to give an
idea of variations in manual segmentations
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Results- I
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Results- II
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Results- III

Database Classifying

Classi�er DRIVE STARE time

Az Accuracy Az Accuracy (N = 105)

LMSE 0.9532 0.9284 0.9602 0.9365 � 0.4s

kNN, k = 1 0.8220 0.9201 0.8166 0.9273 � 4h

kNN, k = 64 0.9568 0.9475 0.9612 0.9482 � 4h

kNN, k = 512 0.9609 0.9476 0.9658 0.9472 � 4h

GMM, c = 1 0.9287 0.9227 0.9409 0.9244 � 1s

GMM, c = 20 0.9600 0.9468 0.9666 0.9478 � 10s

GMM, c = 40 0.9610 0.9473 0.9665 0.9479 � 20s
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Results- IV

Database

Segmentation method DRIVE STARE

Az Accuracy Az Accuracy

GMM 0.9614 0.9466 0.9671 0.9480

Crossed test, MMG 0.9522 0.9404 0.9601 0.9328

M  (b; 4) 0.9312 0.9351

[Chaudhuri et al., 89] 0.9103 0.8987

[Jiang e Mojon, 03] 0.9327 0.8911 0.9298 0.9009

[Staal et al., 04] 0.9520 0.9441 0.9614 0.9516

Second observer 0.9473 0.9349
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Discussion- I

Wavelet transform with Gabor wavelet provides a
representation in directions and scales that makes
vessels more explicit

Classi�cation can combine different features, which
allowed detection of vessels of different width

Conceptually simple approach that has potential to be
independent of rules or parameters

Crossed test reveals dependency on training set

May be implemented ef�ciently
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Discussion- II

Dif�culties:

Thinner vessels are not detected

Images with intense illumination variation may have
poor results

Textures and strong edges may appear as false
positives

Quantitative analysis is limited

Only local detection was performed
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Conclusion

Contributions:

Review on retinal vessel segmentation methods

Combining Gabor wavelet detection with supervised
classi�cation

Experiments and evaluation

Open source package of Matlab scripts
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Softwaredemo
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Futur ework

Robustness to contrast variations, discrimination
between edges and vessels, interactive segmentation

Global detection, using cues from structures and
shapes

Evolution of software

Sparation of veins and arteries, detection of
microaneurysms, exudates, cotton wool spots, optic
disc, fovea, etc.

New forms of evaluation
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A Brazilian songfor LPAC
Disparada (a sprint; also the spreading sprint of the cattle)

Lyrics by Geraldo Vandré and Théo de Barros

Interpreted by Jair Rodrigues in Brazilian music festival of 1966

Brazil was in a military dictatorship since 1964 (censorship,
persecution, torture, elimination, exile, etc), tied to anti-communism
(and strongly supported and fomented by the US).

Today, public Universities in Brazil are organized as to maintain
autonomy, by managing their own budget and police force:
intellectual freedom cannot bow to authority; student occupation of
rectory; personal lessons for us

The song contests authority and has references to the dictatorship's
cruelty. Set in the context of social inequality in the north-east
outbacks (great land-owners and work exploitation), it conclaims for
awakening of society, by a man who tell's his life story
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Disparada - I
Prepare your heart for the things that I will tell you
I come from the outback, I come from the outback
I come from the outback and I might not please you
I learned how to say “no”, and how to see death without crying
And death, fate, everything, death, fate, everything
was out of place, and now I live to �x it

In the herd I have been cattle, but one day I mounted
Not for a reason of mine or of anyone that was with me
that might have some wanting, but by need
of the owner of a herd, whose cowboy had died

Cowboy for a long time, �r m rope and strong arm
Many cattle, many people, through life I have held
I carried on like in a dream, and as cowboy I was a king
But the world kept spinning under the legs of my horse
And in the dreams that I went dreaming, the visions went clearing
The visions went clearing, until one day I awoke
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Disparada - II

Then I could not follow strong in the post of tenant
nor owner of cattle and people, because cattle we mark
herd, brand, fatten and kill, but with people it's different
If you do not agree I cannot apologize
I'm not singing to fool anyone, I'll just grab my guitar
I'll leave you aside, and go sing somewhere else

In the herd I have been cattle, and of cattle I have been king
Not for me nor anybody that was with me
that wanted or could, by anything of theirs,
by anything of theirs, want to go further than I

But the world kept spinning under the legs of my horse
and since one day I mounted, today I am a knight
�r m rope and strong arm, in a kingdom that has no king
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Segmentac¸ãodevasossang̈u�́neosemimagensderetinausandowaveletseclassi�cadoresestat́�sticos– p.52/52


