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Introduction (0)

 Diabetic Retinopathy (DR) is the leading pathological 
blindness cause among working-age people in developed
countries (not curable)

 Early stage: capillary dilations (microaneurysms) 

 Laser photocoagulation can prevent major vision loss if 
given in time: patients take annual eye-fundus examination

 ( http://www.allaboutvision.com/conditions/diabetic.htm )
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Introduction (1)

 Preventive action is a great management and economic 
challenge due to the huge (growing) number of patients

 Digital images for diagnosis could be exploited:

 preliminarily finding not-affected patients would reduce 
workload: improved effectiveness of protocols, economic 
benefits
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Proposed Method (overview):

 7-D feature vector out of preprocessed eye-fundus images 

 Features as input to a neural network

 Classification results thresholding (vessel/non-vessel)

 Post-processing (pixel gaps filling and false positive removal)
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DRIVE database
http://www.isi.uu.nl/Research/Databases/DRIVE/

 40 eye-fundus image +

 40 (actually more) manually labeled image for mask reference

 Green channel offers best vessel-background contrast
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1) Preprocessing:

Input: Green Channel 𝐼𝐺

1. 𝑰𝒈𝒂𝒎𝒎𝒂: vessel central light reflex removal

 3x3 morphological opening with a 3 pixels diameter disc  Igamma

2. 𝑰𝑩: background homogenization

 69x69 medianBlur applied to 𝐼𝐺 → 𝐼𝐵

 𝐼𝑆𝐶 = 𝐼𝑔𝑎𝑚𝑚𝑎 − 𝐼𝐵 (then rescaled to [0,255])

 𝐼𝐻 obtained from 𝐼𝑆𝐶 displacing the histogram towards middle gray-scale

𝐼𝐻 𝑥, 𝑦 =  

0 𝑖𝑓 𝑔 < 0
255 𝑖𝑓 𝑔 > 255
𝑔 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, 𝑔 = 𝐼𝑆𝐶 𝑥, 𝑦 + 128 − {most present gray level in 𝐼𝑆𝐶}

3. 𝑰𝑽𝑬: vessel enhancement :𝐼𝑉𝐸 = 𝐼𝐻
𝐶 − γ(𝐼𝐻

𝐶)

 γ: morphological opening using a disc of 8 pixels in radius

 C : complementary image (negative)

 features extraction: 5 from 𝐼𝐻 + 2 from 𝐼𝑉𝐸
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2.1) Features extraction: H

 Blood vessels are darker then their surroundings: a good choice 

is to observe local gray-level variations

 𝑺𝒙,𝒚
𝟗 : 9x9 squared window centered on pixel (x,y)

 5 features out of image H (for each pixel of it): H

𝑆𝑥,𝑦
9
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2.2) Features extraction: Hu moments

 Original paper: http://www.sci.utah.edu/~gerig/CS7960-S2010/handouts/Hu.pdf

 Group of 7 nonlinear centralized moment expressions, derived from algebraic invariants

applied to the moment generating function under a rotation transformation. The result is a

set of absolute orthogonal moment invariants, used for scale, position, and rotation

invariant pattern identification

 Moments were used in a simple pattern recognition experiment to successfully identify various

typed characters

 They simply (appear to) have no physical meaning
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2.2) Features extraction: VE (1)

 Moment invariants (Hu) are included in the feature vector:

 𝒇𝟔 𝒙, 𝒚 , 𝒇𝟕 𝒙, 𝒚 extracted from this new sub-image: 

𝑰𝑽𝑬
𝑺𝒙,𝒚
𝟏𝟕

𝒙, 𝒚 𝒙 𝑮
𝟎,𝟏.𝟕𝟐
𝟏𝟕 (𝒙, 𝒚)

 𝐼𝑉𝐸
𝑆𝑥,𝑦
17

𝑥, 𝑦 : 17 squared neighbourhood around pixel (x,y), each pixel of 𝐼𝑉𝐸

 𝐺0,1.72
17 (𝑥, 𝑦) : 0 mean-1.7 std gaussian-values 17 squared neighbourhood

around pixel (x,y):

 the product ‘moves’ about 97% of energy in a 9x9 neighbourhood. This 

leads Hu invariants to take reasonably distant values for vessels and 

non-vessels allowing proper classification (greater values for vessels,

lower for non-vessels)
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2.2) Features extraction: VE (2)

 These are the 2 features included in the vector
(choosen 2 out of 7 proposed (*)):  

 In greater detail: 

(*)
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3) Classification (1)

 Each pixel is characterized by a 7D vector in feature space:

 Data linear separability grade is not high enough for a proper 

classification accuracy level: 

 solution: multilayer feedforward Neural Network with 3 hidden layers

Input layer: 7 neurons (# equal to the total n. of features)

Hidden layers: 15 neurons each (optimal configuration)

Output layer: 1 neuron attached to a NL logistic sigmoid

activation function  NN output is thought

as a-posteriori probability value
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3) Classification (2)

 Training step: training set 𝑆𝑇 = 𝐹 𝑛 , 𝐶𝑘
𝑛

|𝑛 = 1, … ,𝑁; 𝑘 ∈ 1,2

 built up with features out of the first 20 DRIVE images: H + VE + manually labelled vessels.

Then the other 20s are predicted

 features fi normalized 0μ-1σ:  𝑓𝑖 =
𝑓𝑖−𝜇𝑖
𝜎𝑖

 back-propagation training algorithm

  NN application to ‘unseen’ eye-fundus image:

 NN output is a number 𝑝 𝐶1 𝐹 𝑥, 𝑦 = 1 − 𝑝 𝐶2 𝐹 𝑥, 𝑦 Є [0,1] (for each pixel)

 Final step  predicted image ICO obtained applying a thresholding scheme: 

𝑰𝑪𝑶 𝒙, 𝒚 =  
𝟐𝟓𝟓 ≡ 𝑪𝟏 , 𝒊𝒇 𝒑(𝑪𝟏|𝑭(𝒙, 𝒚) ≥ 𝑻𝒉

𝟎 ≡ 𝑪𝟐 , 𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆
17



4) Post-processing

 2 steps: 

I. filling vessels gaps:

 pixels with at least 6/8 neighbors classified as vessel points must also be ‘vessel’

II. removing falsely detected isolated vessel pixels

 pixels surrounded by 24 (5x5) classified as non-vessel points must also be ‘non-vessel’
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RESULTS:
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Results(1):

100% accuracy

reference
Predicted (ICO) Post-processed
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Results(2):

 FN (false negative)     
(non detected vessels)

 FP (false positive)
(wrongly detected vessels)
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Performance measures (1)

 The algorithm is evaluated in terms of:

(TP = true positive, TN = true negative)

 Sensitivity

(ratio of well classified vessel pixels)

 Specificity

(ratio of well classified non-vessel pixels)

 Positive predictive value

(vessels that are correctly classified)

 Negative predictive value

(non-vessels that are correctly classified)

 Accuracy
22



Performance measures (2)
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Best case / worst case:

BC

WC

Acc ≈ 95%

Se ≈ 70%

Acc ≈ 87%

Se ≈ 61%

H

H

H

24



Performance measures: Th

 Th = 0.45 is set to provide maximum average accuracy 

(different values tested)

 ..yet Se/Acc slowly vary with Th: not a critical parameter
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Conclusions:
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Problems: Sensitivity

 Results show that Sensitivity is the lowest computed

evaluation parameter: 𝑆𝑒 =
𝑇𝑃

𝑇𝑃+𝐹𝑁

 FN is too high because thin vessels disappears in predicting

(below Th)…

…+ 2 different hand-labelled vessel/non-vessel eye fundus 

image are given in DRIVE database. Look at finest vessels 

details: what is a real vessel?
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01_manual1.tif 01_manual2.tif

28



Problems (2):

 Pupil reflex removal (RED pixels)

 Cross-validation of data (YELLOW pixels (?))

 Post-processing may be applied or not: 

 since the classification is pixel-by-pixel, results often show 

many small disconnected segments. Post-processing methods 

designed to reduce noise by removing small connected 

components will also remove these disconnected segments
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Blood vessel segmentation methodologies in retinal images – A survey (2012)
M.M. Fraza, P. Remagninoa, A. Hoppea, B. Uyyanonvarab, A.R. Rudnickac, C.G. Owenc, S.A. Barmana

(*) each metodology, where 2 rows are present 1° row refers to DRIVE database, 2° to STARE database. 

Otherwise evaluation refers to DRIVE database31

http://www.researchgate.net/publication/224824117_Blood_vessel_segmentation_methodologies_in_retinal_images--a_survey


Thanks for the attention
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