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ABSTRACT: For a particularly long time, 

automatic diagnosis of diabetic retinopathy from 

digital fundus images has been an active research 

topic in the medical image processing community. 

The research interest is justified by the excessive 

potential for new products in the medical industry 

and possible reductions in healthcare costs. 

However, the maturity of state-of-the-art algorithms 

cannot be judged due to the lack of commonly 

accepted and representative image database with a 

verified ground truth and strict evaluation protocol. 

In this study, problems and issues related to the 

database are discussed from medical, image 

processing, and security perspectives. Based on the 

discussion, an evaluation methodology is proposed 

and a prototype image database with the ground 

truth is described. The database is made publicly 

available for benchmarking diagnosis algorithms. 

By utilizing the proposed database, it is now 

possible compare different algorithms, and 

correspondingly, analyze their maturity for 

technology transfer from the research laboratories 

to the medical practice. 

 

I. INTRODUCTION 
Diabetes has become one of the rapidly 

increasing health threats worldwide [19]. Only in 

Finland there are 30 000 people diagnosed to the 

type 1 maturity onset diabetes in the young, and 

200 000 people diagnosed to the type 2 latent 

autoimmune diabetes in adults [1]. In addition, the 

current estimate predicts that there are 200 000 

undiagnosed patients [1]. Proper and early 

treatment of diabetes is cost effective since 

implications of poor or late treatment are very 

expensive. In Finland, only 10% of the total health 

care costs of diabetes arise from 70% of early 

diagnosed patients while the remaining 90% arise 

from the patients having poor treatment (30%) [2]. 

This fact promotes the study of automatic diagnosis 

methods for screening over larger populations. 

Fundus imaging has an important role in diabetes 

monitoring since occurrences of retinal 

abnormalities are common and consequences 

serious. However, since the eye fundus seems to be 

sensitive to vascular diseases, fundus imaging is 

considered as a candidate for non-invasive 

screening of diabetes. The success rate of screening 

depends on accurate fundus image capturing and 

especially on accurate and reliable image 

processing algorithms for detecting the 

abnormalities. Various algorithms have been 

proposed by many research groups for this purpose. 

However, it is impossible to judge the accuracy and 

reliability of the approaches because of the lack of 

commonly accepted and representative fundus 

image database and evaluation protocol. The 

commonly accepted protocol could evaluate the 

maturity of state-of-the-art methods, i.e., produce 

the achieved sensitivity and selectivity rates. This 

would finally allow the technology transfer from 

research laboratories to practice. 

The main contribution of this work is a 

framework for evaluating methods for an automatic 

diabetic retinopathy diagnosis. A prototype 

database with the ground truth and evaluation 

protocol are proposed. Experimental results for a 

method from the literature are reported. This study 

provides the means for the trustable evaluation of 

automatic diabetic retinopathy. The idea for this 

approach originates from the strict regulations for 

the valuation of biometric authentication method, 

e.g., the FERET protocol for face recognition 

methods [13]. 

 

A. Diabetic retinopathy 

In the type 1 diabetes, the insulin 

production is permanently damaged, whereas in the 

type 2 diabetes, the person is suffering from 

increased resistance to insulin. The type 2 diabetes 

is a familial disease, but also related to limited 

physical activity and lifestyle [19]. The diabetes 

may cause abnormalities in the retina (diabetic 

retinopathy), kidneys (diabetic nephropathy), and 

nervous system (diabetic neuropathy) [11]. The 

diabetes is also a major risk factor in cardiovascular 
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diseases [11]. The diabetic retinopathy is a 

complication of diabetes, causing abnormalities in 

the retina, and in the worst case, blindness. 

Typically, there are no salient symptoms in the 

early stages of diabetes, but the number and 

severity predominantly increase during the time. 

The diabetic retinopathy typically begins as small 

changes in the retinal capillary. The first detectable 

abnormalities are microaneurysms (Fig. 1(a)) 

which are local distensions of the retinal capillary 

and which cause intra-retinal haemorrhage (Fig. 

1(b)) when ruptured [6]. In time, the retinal edema 

and hard exudates (Fig. 1(c)) are followed by the 

increased permeability of the capillary walls [6]. 

The hard exudates are lipid formations leaking 

from these weakened blood vessels. This state of 

the retinopathy is called non-proliferative diabetic 

retinopathy. However, if the above- mentioned 

abnormalities appear in the central vision area 

(macula), it is called diabetic maculopathy [18]. As 

the retinopathy advances, the blood vessels become 

obstructed which causes microinfarcts in the retina. 

These microinfarcts are called soft exudates 

(Fig. 1(d)). When a significant number of 

soft exudates (> 6), or intraretinal microvascular 

abnormalities are encountered, the state of the 

retinopathy is defined as preproliferative diabetic 

retinopathy. The preproliferative diabetic 

retinopathy can quickly turn into proliferative 

diabetic retinopathy when extensive lack of oxygen 

causes the development of new fragile vessels. This 

is called as neovascularization (Fig. 1(e)) which is a 

serious state threatening eye sight. The field of eye 

sight can be obstructed by a haemorrhage to the 

vitreous body which is a common cause of 

blindness for the type 1 diabetes. The 

neovascularization can tear retina, and when it is 

located near the center of macula, it can cause the 

loss of eye sight [18]. Due to the progressive nature 

of the retinopathy, regular monitoring is needed 

after diagnosis. However, broad screenings cannot 

be performed due to the fact that the fundus image 

examination requires attention of medical experts. 

For the screening, automatic image processing 

methods must be developed. 

 

 
(a)                      (b)                        (c)                         (d)                      (e) 

Figure 1: Abnormal findings in the eye fundus caused by the diabetic retinopathy: (a) microaneurysms 

(marked with an arrow), (b) haemorrhages, (c) hard exudates, (d) soft exudate (marked with an arrow), 

and (e) neovascularization. 

 

B. Automatic methods 

As mentioned previously, the diagnosis of diabetic 

retinopathy can be divided into the following two 

categories: 

1. Screening of the diabetic retinopathy 

2. Monitoring of the diabetic retinopathy 

Most automatic systems approach the 

detection directly using shape, color, and domain 

knowledge of diabetic retinopathy findings, but the 

abnormalities can also be found in- directly by 

detecting changes between two fundus images 

taken from the same eye in different time moment 

[8, 14]. The direct approach contributes to 

screening of the disease, where indirect approach 

contributes to both screening and monitoring of the 

diabetic retinopathy. Both approaches use roughly 

the following stages for finding abnormalities in 

fundus images: 1) image enhancement 2) candidate 

diabetic retinopathy finding detection 3) 

classification to correct diabetic retinopathy 

category (or hypothesis rejection). Some of the 

main features distinguishing between the different 

findings and normal fundus parts are the color and 

brightness. The same features have been verified 

also by ophthalmologists. Unsurprisingly these 

features dominate in the automatic methods, and 

therefore will be shortly reviewed in our brief 

surveys for different type of findings in Section 

2.1.1 and Section 2.1.2. Most of the automatic 

methods also detect normal fundus parts, such as 

optic disk, blood vessels, and macula. The 

automatic methods either use the vital domain 

information provided by the normal fundus parts or 

remove them due to their similar color and shape 

appearance with abnormal fundus findings. The 

detection of normal fundus parts is not considered 

in this study. 

 

II. LITERATURE SURVEY 
A. Image enhancement methods 

Niemeijer et al. [10] estimated non-

uniform background intensity of fundus image by 
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applying median filtering to the green channel of the 

fundus image. Shade correction was generated by 

subtracting the result from the original green 

channel. 

Fleming et al. [3] had similar approach for 

microaneurysms, but the green channel of the 

original fundus image was divided with the 

background intensity image. In addition, the shade 

corrected image was normalized for global image 

contrast by dividing with its standard deviation. 

Multiple local contrast enhancement methods were 

tested to improve detection accuracy. 

In hemorrhage detection, Zhang and 

Chutape [22] used histogram specification applied 

to each individual RGB color component to 

normalize the colors between different fundus 

images. 

Sinthayothin et al. [16] used local contrast 

enhancement to equalize the intensity variation in 

fundus images. The fundus images were 

transformed from RGB color model to IHS color 

model and the local contrast enhancement was 

applied to the intensity component of the image. 

Detection and classification methods: 

Niemeijer et al. [10] extracted the candidate finding 

areas by assigning posterior probability of being red 

finding for every pixel us- ing Gaussian filter and its 

derivates as features for k-nearest neighbor 

clustering. Shape and intensity properties of the 

candidate areas were used for more accurate 

abnormal red finding and normal red finding 

classification. 

Fleming et al. [3] segmented candidate 

microaneurysm areas by applying region growing to 

image enhanced with morphological top-hat 

operation and thresholding. The result candidate 

areas were classified with k-nearest neighbor 

clustering using the shape and intensity 

information. 

Zhang and Chutape [22,23] used 

hemorrhage areas restricted by finite window in 

training images as input for support vector machine. 

To detect different sized hemorrhages a pyramid of 

images was generated by changing the resolution of 

fundus image. The local minima of the support 

vector machine provided evidence map were 

selected as hemorrhage locations. The principal 

component analysis was used to reduce the 

complexity of feature space. 

Sinthanayothin et al. [16] sharpened the 

edges of red finding regions by applying moat 

operator to green channel of the contrast enhanced 

image. From the result image, red findings were 

extracted with recursive region growing and 

thresholding. 

 

B. Hard and soft exudates 

Image enhancement methods: Narasimha-

iyer et al. [8] used normal retinal findings 

(vasculature, optic disk, fovea, and abnormal 

findings) to estimate the illumination component 

using iterative robust homographic surface fitting 

to compensate the non- uniform illumination in 

fundus images. 

In detection of bright diabetic retinopathy 

areas from fundus images, Zhang and Chutape [24] 

applied adaptive local contrast enhancement to sub-

image areas using the local mean 

and standard deviation of intensities. The 

same approach was used by Osareh et al. [12] after 

color normalization between fundus images using 

histogram specification. 

Wang et al. [21] adjusted the image 

brightness using brightness transform function 

similar to gamma correction. 

Detection and classification methods: Hsu 

et al. [4] determined abnormal and normal finding 

areas using intensity properties for dynamic 

clustering. From the result abnormal areas, hard 

exudates were separated from soft exudates and 

drusen using intensity contrast information between 

abnormal areas and immediate background. The 

domain knowledge of retinal blood vessels were 

used to remove false artifacts. 

Walter et al. [20] eliminated the vessels by 

applying morphological closing to the luminance 

component of the fundus image. From the result, 

within a sliding window local standard variation 

image was calculated and thresholder into coarse 

exudate areas. More accurate contours were 

acquired by thresholding difference between 

original image and morphologically reconstructed 

image. 

Sa`nchez et al.  [15] used yellowish color 

and sharp edges to distinguish hard exudates from 

the fundus images. The image pixels were 

classified into background and yellowish objects 

using minimum distance discrimination, where the 

count our pixels of extracted optic disk were used as 

background color reference and pixels inside the 

con- tour were used as yellowish object color 

reference. The segmented yellowish areas and 

their edge information extracted with 

Kirsch’s mask were combined to hard exudates 

areas using boolean operator. 

Zhang and Chutape [24] located the bright 

abnormal regions in fundus images by applying 

fuzzy c-means clustering in LUV color space. The 

result areas were classified to hard exudates, soft 

exudates, and normal findings using support vector 

machine. 

Osareh et al. [12] searched the coarse hard 
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exudate areas using fuzzy c-means cluster- ing with 

Gaussian smoothed histograms of each color band 

of the fundus image. The segmented areas were 

classified to exudate and non-exudate regions using 

neural net- works. Color, region size, mean and 

standard deviation of intensity, and edge strength 

were used as features. 

Li and Chutape [7] segmented exudates 

with combination of Canny edge detection and 

region growing in LUV color space. Gradient, 

mean pixel value, and seed pixel value were used 

as criteria in region growing. 

Niemeijer et al. [9] used a similar 

approach for bright abnormal region detection as 

they used for finding abnormal red regions in [10]. 

In addition to the previous work, the prior 

knowledge of optic disk and vascular arch were 

used to improve detection accuracy. 

Sinthanayothin et al. [16] clustered similar 

pixels using intensity difference as criteria for 

recursive region growing. The region with the most 

pixels were considered as background and defined 

the threshold value for hard exudate areas. 

Wang et al. [21] used spherical color 

coordinates as features for the classification of 

fundus image pixels to background and bright 

abnormal findings using minimum dis- tance 

discriminant. The abnormal findings were verified 

using local-window-based method. 

 

III. EVALUATION DATABASE 
A necessary tool for the reliable evaluation 

and comparison of medical image processing 

algorithms is a database including a selected set of 

high-quality medical images which are 

representatives of the diabetic retinopathy and have 

been verified by experts. In addition to the images, 

also information about the medical findings must 

be avail- able. This information of findings is 

called the ground truth. An accurate algorithm 

should take an image as input, and output a result 

or description which is consistent with the ground 

truth. In the evaluation, the consistency is measured 

and compared between the algorithms. In the 

following, we describe images and ground truth for 

DIARETDB0. 

 

A. Fundus images 

The current database consists of 130 color 

fundus images of which 20 are normal and 110 

contain signs of the diabetic retinopathy. The 

images were taken in the Kuopio university 

hospital. The images were dedicatedly selected, but 

their distribution does not correspond to any typical 

population, i.e., the data is biased – no a priori 

information can be devised from it. Images were 

captured with few 50 degree field- of-view digital 

fundus cameras with unknown camera settings 

(flash intensity, shutter speed, aperture, gain) (Fig. 

2). The images contain an unknown amount of 

imaging noise and optical aberrations (dispersion, 

transverse and lateral chromatic, spherical, field 

curvature, coma, astigmatism, distortion), and 

unknown accuracy of photometric information 

(color or intensity). Variance over the visual 

appearance of different retinopathy findings can, 

thus, be considered as maximal. However, The data 

correspond to practical situations, and can be used 

to evaluate the general performance of diagnosis 

methods. The general performance corresponds to 

the situation where no calibration is performed (no 

correspondence to the real-world measurements), 

but where images correspond to commonly used 

imaging conditions, i.e., the conditions typically 

encountered in hospitals. This data set is referred to 

as “calibration level 0 fundus images”. 

 

 
(a)                                           (b)                                        (c) 

Figure 2: Fundus images: (a) normal fundus, (b) abnormal fundus, and (c) abnormal fundus after 

treatment by photo-coagulation. 

 

B. Ground truth 

The most important accuracy measures for 

medical diagnosis methods are sensitivity and 

specificity. Sensitivity and specificity are defined 

on the image basis – an image either contains a 

specific finding or not despite the fact that the 
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diabetic retinopathy findings do have spatial 

locations in the fundus. For the computer vision 

researchers, it is important to ensure that the 

automatically extracted diabetic retinopathy 

findings also spatially correspond the findings 

marked by experts, that is, they appear at the same 

location in the image. Thus, the more detailed 

expert ground truth contains also the description of 

visual appearance of diabetic retinopathy findings. 

For every fundus image there is a corresponding 

ground truth file. A ground truth file contains all 

finding types found in the specific image file. An 

example ground truth file contains e.g.: red small 

dots hemorrhage hard exudates soft exudates 

neovascularization 

If a certain finding type is not found in the image, it 

is marked as not available (n/a):  

Red small dots hemorrhage hard exudates n/a 

neovascularization 

 

C. Marking visual findings 

The image ground truth is based on 

expert-selected findings related to the diabetic 

retinopathy and normal fundus structures (see Fig. 

3). A person with a medical education (M.D.) and 

specialization to ophthalmology is considered as an 

expert. 

 

Figure 3: Structural elements of a normal fundus. 

 

A special software tool was provided for 

the experts to inspect the fundus images and 

annotate the findings. The user interface of the 

current software version is shown in Fig. 4. It 

should be noted that the workstation displays were 

not calibrated. Therefore, the diabetic retinopathy 

findings were not equally visible on all displays. 

However, the situation corresponds to the current 

best practices. The ground truth tool provided two 

graphical marking directives at the time of marking 

and the usage was not instructed for the medical 

experts. This freedom of choice was allowed to 

prevent a biased scheme, and the medical experts 

were allowed construct their own best practices to 

mark different findings. It was possible to use 

different combinations of the graphical directives 

for the same type of findings. Currently, The 

following graphical directives are: 
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Figure 4: Graphical tool for gathering knowledge from medical experts. 

 

1. Centroid (Fig. 5(a)), 

2. Polygon region (Fig. 5(b)), 

3. Circle region (Fig. 5(c)), 

4. Ellipse region (Fig. 5(c)), and 

5. Representative point (Fig. 5(e)). 

 

In addition to the graphical directives, the 

image annotation tool provided a gamma correction 

tool and semi-automatic tool for more accurate 

definition of the finding areas (Fig. 5(e)). The semi-

automatic tool used the color information provided 

by the representative point. In gathering the expert 

knowledge, the semi-automatic tool was not used. 

 

                   
                         (a)                  (b)                 (c)                  (d)                  (e) 

Figure 5: Graphical directives for marking the visual findings: (a) centroid; (b) polygon region; and (c) 

circle region; d) semi-automatic region cropping tool and representative point. 

 

D. Training and test sets 

The set of 130 images was divided into 5 

image categories, and a fixed number of randomly 

selected images were taken from each category to 

form the training set. The rest of the images 

compose the test set. The image categories were 

formed to confirm that each diabetic retinopathy 

finding type is included in the both training and test 

sets. The diabetic retinopathy finding types that 

each image group contains are the following: 

1. Red Small dots, haemorrhages, hard exudates. 

2. Red Small dots, haemorrhages, hard exudates, 

soft exudates. 

3. Red Small dots, haemorrhages, hard exudates, 

soft exudates, neovascularization. 

4. Red small dots, haemorrhages, soft exudates, 

neovascularization. 

5. Normal. 

 

 

 

 

 Red_small_dots[1] Macula[5] Disc[4] Hard_exudates[3] 
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IV. CONCLUSION AND FUTURE 

RESEARCH 
The development of image processing 

methods to a mature level where the results can be 

transferred from the research laboratories to 

practice requires the following: accepted and 

applied protocols for evaluating the methods, 

protocols that are similar to the strict regulations in 

the medical treatment, and medicine research. 

Medical image processing is not different from the 

medical practice in that sense. We proposed the first 

step for a standardized evaluation of methods for 

detecting find- ings of diabetic retinopathy. 

DIARETDB0 is in many ways a difficult database, 

but it corresponds to the situation in practice: the 

images are uncalibrated, expert evaluation is free 

form and the displays used to view the images are 

uncalibrated. In the future, however, we will 

continue to develop the database and evaluation 

methodology. The following development steps 

will be taken: 

1. The fundus camera and optics are calibrated 

due to deficiencies of imaging (as the results, 

optical distortions are known and photometric 

information is the same between images). 

Calibration level 1 achieved. 

2. A predefined set of directives for different 

kinds of findings is provided to the experts. 

The directives prevent the free form 

description, and thus, allow control over 

subjective interpretations. 

3. Findings are classified based on the confidence 

level (high, medium, low) given by the expert. 

All findings are independently verified by 

several experts. 

4. The effect of display calibration for the experts 

will be evaluated. 

5. Sensitivity and specificity measures will be 

improved (sensitivity/specificity function). 

6. Location of normal findings will be added to 

the data and a protocol for evaluating also their 

localization accuracy 
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