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ABSTRACT

Diabetic Retinopathy is an end-stage complicatibDiabetes where the retina is damaged as a rebtilids
leaking out of blood vessels into the retina. Impgecessing, analysis and computer vision techisigue employed to
detect different lesions associated with Retinopalthe presence of microaneurysms in the retirthdsearliest sign of
diabetic retinopathy. Early automated microaneurydstection can help detect the onset of DiabetitinBgathy.
The number of microaneurysms is used to indicatesdwverity of the disease. In this paper, we revidassify and
compare the algorithms and techniques used ford#tection of microaneurysms from Diabetic Retinbpatetinal

images.
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I. INTRODUCTION

Diabetic Retinopathy (DR) is a chronic progressppatentially sight threatening, retinal complicatiassociated
with diabetes [1]. The prevalence of DR is risirsgaaconsequence of the epidemic of diabetesphedicted that by 2030
diabetes may afflict up to 79.4 million individuaisIndia [2]. A recent pooled analysis from 35 ptgiion based studies

estimated that the number of people with DR withgrto 191.0 million by 2030 [3].

A healthy retina consists of blood vessels, opiisc and macula as its main components. DR is a
progressive disease and its severity is deterntiyetie number and the types of retinal lesions.i®&8assified according
to the presence or absence of abnormal new blosdelse as Non-Proliferative Diabetic Retinopathy DRy and
Proliferative Diabetic Retinopathy (PDR). NPDR caises the early stages of the disease and is ¢berad by structural
damage to small retinal blood vessels causing tteerdilate and leak fluids. Microaneurysm (MA) isvascular out
pouching saccular enlargement of the retinal capillin digital photographs, the MAs appear as kmalind shaped, red
dots with less than 125 pum of diameter and withrshmargins. MAs may open and leak blood into thinaé tissue
surrounding it thus forming hemmorhages which appsaed spots with irregular margins in digitdinal images. MAs
and hemmorhages are red lesions while exudatesatwh wool spots are bright lesions. The chief ponent of exudates
is proteins and lipids that have leaked from tlembIstream into the retina through damaged blosdels. Exudates exhibit
as yellow regions with varying sizes and shapestoBavool spots are white fluffy patches causeaitgriolar occlusion in
that area of the retinal image. Depending uporptiesence and extent of lesions, NPDR is classifisimild, moderate
and severe. PDR is the advanced stage of DR. drsthge, the retina is deprived of oxygen andttlygers the growth of

new blood vessels. These newly grown vessels agédrand eventually leak blood leading to sevés®n loss.
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Figure 1: An Example of a Fundus Image Showing Diffrent Types of Lesions [21]

The severity of DR generally parallels the duratadrdiabetes in diabetic patients [4]. Therefone,edfective
treatment for DR requires early diagnosis and owoatis monitoring of diabetic patients. Manual irdjws of patient’s
retina for DR is rather slow, too laborious, ansoerce demanding. The delay between the patiengliiaged and result
of the reading can be days. Eye care experts iia b insufficient to support the growing diabgt@apulation. A system
that automatically detects DR can be a helpful laryi tool for the experts. This kind of automatggstem can provide
faster detection and reduce the costs associatadhé eye exams, thus improving the productivitg afficiency of the
experts. Other benefits include improved repeatgldhd immunity from fatigue. Furthermore, the @uated system can
be used for grading the images based on the sgVevitls of DR. DR screening conducted over a lapgpulation can
become efficient if the automated system can sépa@mal and abnormal cases, instead of the maxaahination of

large voluminous image data.

MAs are the first clinically observable lesiomglicating DR. Therefore MAs play a very importaalterin the
early detection of DR. The objective of this pajseto review the relevant literature in the fiefIMA detection, and to

provide researchers with a detailed resource ofddtection algorithms.

The paper is organized as follows. Section | garedntroduction to DR and automatic detection of. BBction Il
describes the general process of automated MA titated¢n Section Il several different preprocegsmethods of digital
retinal images have been discussed. Different nastfar the segmentation and removal of optic distlzood vessels are
included in this section. Section IV presents thethnds for detection of microaneurysms. Section istubses the

comparison results of described methods discussselction 1V. Finally section V contains the corsodun.
Il. AUTOMATED MA DETECTION SYSTEM

Figure 2 shows the general process of automated ddt&ction. Digital retinal images are processedinin

algorithm sequence with output of one stage fornmipgt to the next.

Fundus photography is the creation of a digitaltpb@aph of the interior layers of the eye, incliglthe retina,
optic disc, macula and posterior pole. For largdesscreening, fundus cameras are more reliabladguiring the fundus

images.
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Figure 2: The general Process of Automated MA Detéon

PREPROCESSING AND ELIMINATION OF RETINAL LANDMARKS
A. Preprocessing
The input image from the fundus image databaseeigrpcessed to enhance the contrast of the imag®artect

for image non-uniformity, to normalize colour, atedreduce noise.

The varying contrast and non-uniform shade acrbss retinal images can make the detection of MAs a
challenging task as feature extraction algorithnwkwaccurately on images with good contrast andbaokground
variations. Dark lesions like MAs are very simil@r the background in fundus images. Therefore pigssing for
contrast enhancement is essential to intensifictiirast between the areas of interest and thegbawhd. Many fundus
images suffer from non-uniform illumination sindeetincident light has to be flashed in throughpheil as the image is

acquired and the spherical geometry of the eydesesgnificant inter reflection and shading artefa].

Colour normalization is necessary to reduce thmiimhage and inter image variability in the colofithe retina
in different patients. Sometimes the presence @&enm a fundus image can be confused for a true Mdltering is

necessary to reduce the image noise.

Retinal images typically have a limited field ofew (FOV) mainly due to the curvedness of the retina
To maximize the FOV of retinal image, it is firgsized while maintaining the same aspect ratiothad its redundant

lines and rows are trimmed.

Retinal images are always saturated in the redneiaand have very low contrast in the blue chanBeéen
plane of the colour fundus image is considered amyrrelated papers since the contrast between Mdgetinal area is
the highest in green plane. In inverted green chlafumdus image, MAs, hemmorhages and the vascelatill appear as

bright structures.

Jorge Oliveira et al. [6] used the green channelgien The image was resized to a width of 768 piaats its
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redundant lines and rows were trimmed using a naskaximize the field of view (FOV). A shade cottien was applied
to the inverted green plane image to remove thabiity in lighting and slow varying structuresh& shade corrected
image was normalized which allowed comparing therisities among regions from the same image. Askiuid value of

0.68 was used to binarize the normalized image.

Tsuyoshi Inoue et al. [7] and Atsushi Mizutani &t [48] used brightness correction, gamma correcand
contrast enhancement techniques for reducing ffereiices in brightness and contrast in the unpmsexzk retinal images.
For reducing the noise, a low pass filter basedrast Fourier Transform was applied to the greemmélacomponent of

the colour image.

M. UsmanAkram [8] used morphological opening forosthing of bright lesions and optic disc. Contrast
enhancement technique was applied to the greemr gihthe image in order to enhance the contragesibns for easy
detection. Gabor filter banks were then used fah&r enhancement of regions with possible MAs. Géedidate regions

for MAs and Hemmorhages were extracted from Gaitter butput by applying a low threshold value.

Istvan Lazar et al. [9] used the inverted greempbbof the fundus image because MAs, Hemmorhageghe
vascular tree appear as bright structures in a@riegt image. Input images with an ROI (region ¢ériest) of 540 pixels
were considered. To suppress noise and to preseivdlAs, image smoothing was performed on the tinmage using
convolution with a Gaussian mask of variance 1. M#e local intensity maximum structures. Local maxin regions
(LMRs) of the preprocessed image were considerettheapossible MA candidate regions. This reducednthmber of

pixels to be processed.

Marwan D. Saleh et al. [10] used green channelaetitn because green channel provides maximum local
contrast among the image pixel values. Morpholddiop and bottom hat transforms were used to perftre contrast
enhancement. Image background was removed by stibgdhe contrast enhanced image from the mediznefd image.

Contrast stretching was then performed on the rdiffee image to cover the full dynamic range.

Victor Murray et al. [11] used intensity normalizat for all the images so that they have the samamintensity

values.

L. Giancardo et al. [12] used the green channelgamand resized it using bilinear interpolation.oimer to
maximize the FOV, the image was cropped based endtiundant rows and columns of the mask. The Ibagkd is
estimated by a median filter applied to the invéreeen channel image. The background image is ghbtracted from
the inverted green channel image and is normaluéu p = 0.5 ands = 0.2. From the normalized image, pixel values
with different pigmentation, contrast and illumiizait can be compared. The normalized image wasetividto 5 x 5 valid
windows where each valid window contained at lese candidate pixel. Each valid window was centredhe pixel
with maximum intensity in its 5x5 neighbourhood.tkVthis, the probability of the suspected MA in tinéddle of the

window is higher.

Keerthi Ram et al. [14] performed preprocessingtangreen colour plane of the colour fundus imagerder to
minimize the effect of intensity variation in thmage background. To normalize the background, émate of the
background obtained by median filtering was sultdé@drom the green plane image. Dark and small ias with a low

intensity value in a normalized image were thera@cbkd by morphological bottom hat enhancement.

Akara Sopharak et al. [15] used a median filteripgeration on the green plane image to attenuatendise.
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Contrast limited adaptive histogram equalizatiors ve@plied to highlight the lesion visibility. Tomeve backgroun

variation due to nommniform illumination, a shade correction algoritvas applied to the green plane imi

Abhir Bhalerao et al. [19] applied median filter to rera®alt and pepper noise. For eliminating regiorih e
contrast, the median filtered output was multiplieg a local mean filtered image. A contrast noraedi image wa

obtained from the shading bias.
B. Elimination of Retinal Landmarks

MAs cannot occur on vessels but they appear asmtigcted from the vesseSmaller hemorrhages and M.,
are often similar in color, geometry and texturéh® thin blood vesselshe crossings of thin blood vessmay result in
round spots similar to MAs both in size and shatence, blood vessel pixels need to be removed ptfddetection for
reducing he number of false positiveThe fovea is mostly detected as a red lesion straygpears with similar featLs as
red lesions. Some dark small spots could appedateirise optic diswhich may be incorrectly detected as MAs. Hel

optic disc removal helps to remove those confudigx spots

Tsuyoshi Inoue et al. [7] used a combination ofleuing filter znd black hat transform to delete the blc

vessels from the candidate regions of |

M. UsmanAkram et al. [8] used 2D Gabor wavelet lom inverted green channel for blood vessel enhagat
especially the thin and less visible vessels. Nayleéredthresholding and adaptive thresholding techniqueewapplied t
create a binary mask for blood vessel segmentaitmnd vessels were then marked by assigning oradl those pixel:

which belonged to blood vessels and zero to nogelgexels

(a) (b)
Figure 3: (a) Original Image b) Blood Vessels Detectg@6]

(a) ®)
Figure 4: (a) Original Image (b) Image with Exudates in Black Colour andOptic Disc Maskedout [17]

Akara Sopharak et al. [15] obtained the vessel idatel areas by taking the difference of two imagd® first
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image was generated by using a closing operatdrefirainated the vessels from the preprocessed emagflat disc
shaped structuring element of radius 10 was useskcind image was obtained by using a filling ojg@mahat removed

small red objects with diameters less than theai2@A. The candidate vessels were then binarizethtesholding.

Saiprasad Ravishankar et al. [17] performed closjppeyations on the green channel image using telostiaped
structuring elements of different sizes S1 and\8h this vessels which are the thin dark segmesmstie closed. S2 was
fixed at a high value of 6 pixels and S1 was fiatd pixels less than S2. The difference imageainimty the entire blood
vessel network was obtained by taking the diffeeesicthe two closed images. The difference image tivan thresholded
and median filtered to obtain the binary imagelaf blood vessels. Morphological thinning was therfggmed on the
binary image to obtain the skeleton of the bloosket network.

Optic disc is an important retinal feature and tenused to diagnose other retinal diseases likeioGlaa.
Marwan D. Saleh et al. [10] used median filterindgil up the thin blood vessel region inside opdisc. The contrast of
the resulting image was then enhanced based orhwilogical top hat transform. The low contrastedgmabtained from
top hat operation was then contrast stretchedderoto cover the full dynamic range of the imagke Tesulting image
was converted to a binary image. Morphological apgnd closing operations were utilized to detketrough location
of the optic disc. To detect the accurate locatibthe optic disc and also to discriminate the @gisc from bright lesions
a method based on Centroid Distance Method was used

Saiprasad Ravishankar et al. [17] proposed a nethadeof optic disc detection where they first dedcthe
major blood vessels and used the intersectionastiio find the approximate location of the optszdThe optic disc was

detected by combining the major blood vessel cayereze and high intensity property of disk regiona icost function.

Atsushi Mizutani et al. [18] eliminated the pixalsrresponding to blood vessels using a double fiiteg with

inner and outer diameters of 7 and 21 pixels respty.
METHODS USEDFOR MA DETECTION

Although shown separately in Figure 2, MA candidexéraction and classification are overlapping layure.
Candidate extraction is a process that aims to appiobjects in the preprocessed image showing iMAdharacteristics
by excluding regions which do not have similar elcteristics to MAs. The extracted candidates atgested to
classification to eliminate false positives.

Jorge Oliveira et al. [6] presented Slant stackadprmulation of the Radon transform, to autonzdtycdetect
MAs. The Radon transform of a MA is a linear stanet An interesting characteristic of this formidatis that the shape
in the Radon domain is invariant to the positiorthaf MA in the window. The Radon transform was &gpto an MA
candidate and a set of 21 features from the Radorath was extracted. Iterative segmentation oftaet stacking image
involved binarization with the highest threshold,that a connected object connecting both extremitif the transform
domain is produced. This enabled the extractiomofe convenient features. Features based on ittetisieshold level,
complexity and slope and offset, mean and variatiere extracted and normalized. Principal CompoAerysis (PCA)
was used to reduce the number of features. SVMifilerswith RBF kernel was used. A 5 fold crossidation method
was used to train the classifier. A grid searchhm@étwas used to obtain the hyperparameters for iarettion. The final

result was the mean of all iterations.
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Tsuyoshi Inoue et al. [7] proposed detection of kehdidate regions by using Eigen values basedéesaian
matrix. The Eigen values of the Hessian matrix wesed to classify the shape of the intensity cetugace. When shape
index has a small value, the possibility of MA igth The detected candidate region was differemmnfits actual size.
Hence candidates were modified in the regions Hhmesholding the eigen value in the Hessian mat26 features based
on pixel value, shape and texture analysis wereutstbd for each candidate region. 126 feature® weduced to 25
components by Principal Component Analysis (PCAJ #men fed to ANN classifier. False positive caadid were
removed by a threshold operation based on feanatysis. ANN classifier using back propagation methvas used to

classify the candidate regions as MA or false pasit

(a) (b)
Figure 5 a) Original Image b) MAs Detected [22]

M. UsmanAkram et al. [8] used Gabor filter to extrthe candidate regions of MAs and hemmorhagdsature
vector for each candidate region was formed usiegdroperties like color, area and shape of theomegyray level
intensities inside the region and statisitical mmies like entropy, energy and moments. Supervisecal Fisher
Discriminant Analysis (LFDA) was used to furthethance the feature space formed for each candidgterr. A hybrid
classifier which is a weighted combination of thdassifiers namely Gaussian Mixture Model (GMMypgort Vector
Machine (SVM) and Multimodel mediod (M-mediod) wased to separate MA and non MA regions. Hybrid sifees

gave better accuracies as compared to individaakilers.

Istvan Lazar et al. [9] proposed MA detection basedhe principle of analysing directional crosstem profiles
centred on the local maximum pixels of the prepssed image. A set of cross section intensity @efilere obtained by
recording the intensity values along discrete Begments of different orientations of the centealdidate pixel. On the
obtained cross section profiles, peak detectionpeaormed and several attributes regarding thpeshsize and height of
the peak were calculated. The final feature sesisting of a set of statistical measures was forthatl showed how the
attributes of the peak vary with the orientationtte cross section changes. Naive Baye's classifisrused to exclude the
spurious candidates. Score values to the MA catelidhat were classified as true MAs were assighlede visible MAs
achieved higher score than faint ones. Nonmaximuppiession was then performed which is an operaticelecting a

point with the highest score from every maximumoag

Marwan D. Saleh et al. [10] used h — maxima tramséion and multi level thresholding for segmentaayk
spot lesions namely MAs and HAs. h — maxima tramsé&tion reduced the number of intensity levels bypmessing the
maxima in the image whose values were less thamtaic threshold. Features like object density wedratio of major to
minor axes were calculated for each of the labetibfects in the binary image. With suitable thrédhealues false
positives such as blood vessels and other unwartiggtts were then removed. Geometric based eiteere used to

classify MAs and HAs. Features such as size, shap@@r and minor axes of each object, ratio of bject area to a
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convex area were used for classification. Basethemumber and location of MAs and HAs, the seydeitel was graded

into normal, mild, moderate and severe.

L. Giancardo et al. [12] proposed a new MA segnténiatechnique based on a novel Radon based agproac
The Radon Transform was applied to the normalinegje to obtain the Radon space. The Radon spacanaésed to
separate the MAs from other dark structures suckeasels and noise. A vector containing the meamsadhe rows of
window will have a strong maximum in the middle evEanother dark structure like vessel is presgrihe periphery of
the window along with MA. The Standard deviatiomoss the rows of the window is employed to disanawé between
MAs and vessel bifurcations. Principal Componenalfsis (PCA) and SVM classifier were used to clydsie new set of
features obtained from the Radon space analysis.oFiginal feature vector having 37 dimensions wegected to a
hyperplane of 10 dimensions through Principal Congmb Analysis. Features obtained through PCA waea tlassified
with SVM classifier. The SVM classifier obtainedeore of 0.96 AUC after PCA dimensionality reductiBinally a score

representing the likelihood of containing a MA tch window was assigned.

Li Tang et al. [13] proposed an algorithm for hemhage detection based on splat feature classiitafihe
entire fundus image was partitioned into a numlierom overlapping splats. A set of distinct featureere extracted from
each splat. Hemmorhages share the same appeaesatoee$ with the vasculature. So, the splat bakesifier was
trained with a set of features extracted from blgedsels. The vasculature and the haemorrhagessepagated from the
rest of the retina by the classifier.

Keerthi Ram et al. [14] considered two classes hiere true MAs (Pc) and non MAs (PT) in a giverage.
The probability that a candidate belongs to a Mfeis small compared to that of non-MA class. MAtetgion problem
was formulated as a problem of target detectionezided in a background clutter, where the targetiscwith much
lower probability compared to the clutter. A twage® cascade of rejectors was used to reduce Pe wihiintaining PT.
Culling of clutter by two stages passed the majasittrue MAs. Finally, the true positives that r@med after the final

rejector were assigned a similarity score [0 —adéal on their similarity to true MAs.

Akara Sopharak et al. [15] proposed a method for diéfection from non dilated pupil digital fundusaiges. A
set of optimally adjusted morphological operatosawsed for MA detection. The method detected WAts diameter
and connected pixels. The h-transform was apptidtie preprocessed image to suppress all the mioirdapth less than
or equal to a predefined threshold. The h-mininaagform is a thresholding technique which produgdznary image
where the white pixels represented the regionalmdrin the original image. Regional minima areroected pixels with
the constant intensity value whose external boyngatels all have a higher value. The thresholdigalvas calculated

using Otsu algorithm.

Luca Giancardo et al. [16] presented a techniquehfe detection of MA using Radon Transform foredting
single circular Gaussian like structures regardidstheir size and strength. The circular Gaussianctures appear as a
continuous chain of cliffs when observed in the &adpace. Three properties namely location inntimelow, size and
intensity of the circular Gaussian shape were sthidiom the Radon cliffs. The location of the Gaarssshape in the
window was deduced from the shape of the crestsiteefrom the width of the cliffs and the integditom the height of
the cliffs. Two measures, path votes.dd and cumulative peak probability (CPP) were oladimy using a sliding
window centred on each candidate pixel. The canelidas considered for further processing fat.y> 4 and then the

probability of being a MA was calculated.
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Saiprasad Ravishankar et al. [17] proposed a methodutomatically detect MAs in fundus images using
morphological operations. Morphological filling wasrformed on the green channel image. The unfilegbn channel
image was then subtracted from the filled one &nelsholded to get an image with MA patches. Thedhessel network
was first obtained. It was dilated and subtractedfthe thresholded image to remove the noise alixobd vessels. The
fovea was removed since it appears commonly in M Bemmorhage detection. The fovea was detectet) uke
location of the optic disc and curvature of the mialood vessel. The size, count and distributioiMéfs were used to

predict the severity of Diabetic Retinopathy.

Atsushi Mizutani et al. [18] proposed a methoddetecting MA candidate regions by using a doubig filter.
Double ring filter with inner and outer rings ofdmd 13 pixels respectively was used. MAs appeakedahan the
surrounding retinal regions and double ring fikempares the target pixel values with the neighibgupixel values. If
average pixel in the inner circle was found loweart the neighbouring pixels in the outer ring regioen the pixel under
consideration was a candidate MA pixel. To remthe false positives, 12 features were calculateceémh candidate

lesion. Rule based classifier and ANN classifiexduthese features for classifying MAs and falsétjpes.

Abhir Bhalerao et al. [19] presented a model bamgoioach that employed standard linear filterind eigen
image value analysis. The orientation matchedrfikeapplied on the preprocessed image and theubofpthe filter is
thresholded to get a set of potential candidateenkity and shape filters using a circular symimetperator are employed
on an orientation map of the input. An eigen imag®phological analysis of the candidate regiondase to reduce the

false positive rate.

Gary G. Yen et al. [20] proposed a hybrid intelfigsystem (HIS) with multilevel knowledge represgian to
construct a DR sorting system based on ETDRS pobtdde proposed system sorted the images accotdirtheir
severity level. The regions of interest of a giviemdus image were segmented and the features efesit were
automatically extracted. Among the features exédcteature sets were grouped according to the ESTpr&tocol and fed
to HIS. The specific region of fundus image wasgatized into MAs, hemmorhages, hard exudates,esaftiates and

drusen.
V.EVALUATION AND PERFORMANCE MEASURES

Researchers came up with many measures to evahmtperformance of their algorithms. The perforneanc
evaluation is made either at pixel level, lesioveleor image level. In pixel based evaluation, pixg pixel evaluation is
done by comparing the detected MAs with groundhtiotage pixels. In lesion based evaluation, nunaf@dAs is used
for comparison. Image based evaluation is wideBdus which correct classification of images intamal or abnormal
images is used to evaluate the detection algoriffime. most commonly used performance measures austiSity and
Specificity. Sensitivity is a measure of propantiof positives which are correctly detected. Speitjfis a measure of
proportion of negatives which are correctly detdct€he value of Sensitivity and Specificity liestlween 0 and 1.
Accuracy is a measure of total proportion of pussiand negatives which are correctly detectedreTisesome work in
the literature where the average number of falsstipes per image (fppi) is used as one of thegreréince evaluation

values.

o TP
Sensitiviy = —— 1
y TP+ FN @)
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TN

SpeCIfICIy :m (2)

TP+TN @)
TP+FP+FN+TN

Accuracy=

where in a pixel based evaluation
True Positive (TP) is the number of MA pixels cathe detected,

False Positive (FP) is the number of non-MA pixeléch are wrongly detected as MAs,

False Negative (FN) is the number of MA pixels thad not detected,
True Negative (TN) is the number of non-MA pixelkigh are correctly identified as non-MA pixels.

The value of Sensitivity and Specificity should figh for better MA detection results. Many researshhave
been working on improving algorithms for detectmDR with sufficient Sensitivity. Sensitivity is @ne important than
Specificity because the case of sight threatengtigopathy should not be missed out. Sensitivitg safety issue while
Specificity is an efficiency issue. The effectivesef each stage of the automated MA detectionggsmust be high to

ensure that the effectiveness of the overall pmitemaintained at a satisfactory level of Serigjtiand Specificity.

The performance of MA detection results is analygétt ground truth images available in the corresting
datasets. Algorithms are evaluated on publicallilable validated digital image libraries like DRE23], STARE [24]
and DIARETBL1 [25]. DRIVE (Digital Retinal Imagesrfeessel extraction) database consists of 40 cdlmdus images
where each image was captured using 8 bits per giéme at 768x584 pixels. STARE (STructured Analy the
Retina) database consists of 396 colour fundus ésaghere each slide was digitized to produce «B05 pixel image,
24 bits per pixel. DIARETBO and DIARETB1 (Standddihbetic Retinopathy) databases consists of 18088nimages

respectively with a size of 15001152 pixels. Image each datasets are divided into training astnig sets. Other
important datasets are MESSIDOR, REVIEW, HEI-MEM@® and DRIiDB.

Table 1 shows the results of MA detection methogiel® reviewed in section IV. The methods describetthis

paper are not compared on the same database thuggrdirect comparisons between methods very diffic

Table 1: Performance of Algorithms

Authors _ _Performance Meas_qr(_es
Sensitivity Specificity
Jorge Oliveira [6] 89.46% 84.16%
M. UsmanAkram [8] 98.64% 99.69%
Marwan D. Saleh [10] 84.31% 93.63%
Victor Murray [11] 89% 59%
Akara Sopharak [15] 81.61% 99.99%
Saiprasad Ravishankar [17] 95.1% 90.5%
Abhir Bhalerao [19] 82.6% 80.2%
Tsuyoshi Inoue [7] Sensitivity of 0.73 at 8 fppi.
Istvan Lazar [9] Sensitivity of 0.251 at 1/8 fppi.
L. Giancardo [12] Sensitivity of 0.366 at 0.5 fppi.
Keerthi Ram [14] Sensitivity of 0.8846 at 18 fppi.
Luca Giancardo [16] Sensitivity of 0.25 at 1 fppi
Atsushi Mizutani [18] Sensitivity of 0.65 at 27 fipp
Gary G. Yen [20] Sensitivity of 0.9355 with eight images
wrongly sorted.
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Usman Akram et al. [8] could obtain a high Sengitiand Specificity because the proposed systemsied on
improving the accuracy of each stage in order i@®tan overall higher accuracy. Jorge Oliveira ef&lobtained slightly
low Specificity because the candidate extractoeatel more number of non-MAs than MAs. Victor Myret al. [11]
explains that the Sensitivity can be increasedeitds preprocessing methods are used to reduce noismall image

artifacts that mimic small lesions like MAs.

CONCLUSIONS

The early signs of DR can be notified by the presesf MAs in fundus images and hence the needffecteve
MA detection algorithms is inevitable. Evaluatioham automatic DR detection system using existilggr&hms cannot
yet be recommended for clinical practice becausefdtse negative rate is still not acceptable d&edprocessing time is
still slow. Therefore, there is a compelling need improvement in the performance of detection algms. This work
gives the depiction of the various stages involethe diagnosis of DR and reviews existing MA d&ten methods. It
can act as a resource for the future researchieregted in automated MA detection and help thegeta complete view
of this field.
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