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ABSTRACT 

 
A rule based classifier is widely applied in breast cancer diagnosis. The classifier with a 

goodperformance of disease classification have been developed and highly required over the 

pastdecades.Thegoodclassifierequipswithhighaccurateclassificationrulesobtainingfromhistorical

diagnosis.Sinceeachdiagnosisconsistsofalargeamountofdatafeatures,itchallenges to build 

minimal high accurate classification rules from such historical data. Sinceclassification rules are 

derived from previous diagnosiswith alarge amount offeatures,itchallenges to build a minimal 

number of rules with high performance while retaining all diagnosisinformation. Therefore, this 

paper aims at finding the best performance classifier giving minimalclassification rules. Based on 

experiment result on Breast Cancer data set, the J48 decision treeclassifier is found to be the 

best among the three classifiers: J48 decision tree, Reduced ErrorPruningTree, 

andRandomTree. 
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CHAPTER

 1I

NTRODUCTION 

1.1OVERVIEWOFTHE PROJECT 

 
Diabeticretinopathy(DR)isacommoncomplicationofdiabetesassociatedwithretinalvasculardamag
e caused by long standing diabetes. Furthermore, the diagnosis of DR mostly dependson the 
observation and evaluation to fundus photographs of which procedure can be time-consuming 
even for experienced experts. Therefore computer aided automated diagnosisapproaches 
have great potential in clinical to accurately detect DR in a short time which canfurther help to 
improve the screening rate of DR and reduce the number of blindness. For adeep learning 
model, the most important parts that should be focused on are data set, networkarchitecture 
and training method. Before being used to train our model, fundus images data setobtained 
from public resources is pre processed and augmented. The model accepts twofundus images 
corresponding to the left eye and right eye as inputs and then transmits themintothe 
Siameselikeblocks.Theinformationfromtwoeyesisgatheredintothe 
fullyconnectedlayerandfinallythemodelwilloutputthediagnosisresultofeacheyerespectively.  

 
 
EXISTINGMETHOD 

 
Besides a binocular model for the five class DR detection task is also trained and evaluated 
tofurther prove the effectiveness of the binocular design. The result shows that, on a 
10%validationset,thebinocularmodelachievesakappascoreof0.829whichishigherthanthatof 
existing non ensemble model. Finally the comparison between confusion matrices 
obtainedthrough models with paired and unpaired inputs is performed and it demonstrates that 
thebinoculararchitecturedoesimprovetheclassificationperformance. 

 
 
 

 
The Healthcare trade usually clinical diagnosis is ended typically by doctor’s knowledge 
andpractice. Computer Aided Decision Support System plays a major task in medical field. 
Datamining provides the methodology and technology to alter these mounds of data into 
usefulinformation for decision making. By using data mining techniques it takes less time for 
thepredictionofthediseasewithmoreaccuracy.Amongtheincreasingresearchonheartdisease 
predicting system, it has happened to significant to categories the research outcomesand 
gives readers with an outline of the existing heart disease prediction techniques in 
eachcategory. 



2  

PROPOSEDMEHOD 

 

 
For a deep learning model, the most important parts that should be focused on are data set, 
networkarchitectureandtrainingmethod.Beforebeingusedtotrainourmodel,fundusimages 
datasetobtained from public resources is pre processed andaugmented. The model accepts two 
fundusimages corresponding to the left eye and right eye as inputs and then transmits them into the 
Siamese-like blocks. The information from two eyes is gathered into the fully-connected layer and 
finally themodelwilloutputthe diagnosisresultofeach eyerespectively. 
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CHAPTER2LITER

ATURESURVEY 

The overall image processing techniques include image segmentation, feature extraction 

andclassification. For image segmentation, wide research has been carried out based on 
Regiongrowing method which is a model based approach. The proposed CAD system in the 
thesisperforms segmentation using Kirsch’s template which is based on neighboring pixels. 
TheproposedCADsystemusesMorphologicalmethodforfeatureextraction.Morphologicalfeaturesl
ikeArea,No.ofregions,Eccentricity,Extent,Orientation,Convexareaofthepolygon,Solidityhas 
beenextracted.Classifiers and neural networkapproachhasbeenfrequentlyused for image 
classification. In the proposed CAD system classification has been done 
usingSVMclassifierwhichisaneuralnetworkapproach.Henceadetailedliteraturesurvey 
hasbeencarriedoutfocusingonalltheabovethreetopics. 

MorphologicalProcessing 

 
The most frequently usedmethod for finding of hemorrhages is an image morphology method. It is aset 
of operators that transform images into size, shape, connectivity, etc. The basic 
morphologicaloperatorsareerosion,dilation,openingandclosing.Shivarametal[22]haveutilizedimagemath
ematicalmorphologymethodsforidentificationofthehemorrhagesandsubduingthebloodvessels. The 
outcomes of their method were compared at the pixel level with ophthalmologist’s hand-drawn(‘ground 
truth’)images. 

 
Drawback:Themethodproposedtodirectlyextractthemorphologicalfeaturesofthehemorrhages,di

d not envisage the performanceof blood vessel detection asfalse. positiveand false negative 
components. The results obtained by means of sensitivity were less whichneeds to be 
improved.Karnowski et al [23] have proposed a morphology based reconstructiontechnique for 
segmentation of retinal lesion. The segmentation procedure was implemented atdifferent 
scalesusing‘groundtruth’ datato segmentoutnuisance blobsfrom theactuallesions. In their 
research, they created a synthetic feature vector (lesion population) from 
eachandeveryimagetodistinguishnormalandabnormalclasses. 

 
 

 
Data mining tools can answer trade questions that conventionally in use much time 
overridingto decide. In this paper we study different papers in which one or more algorithms of 
datamining used for the prediction of heart disease. As of the study it is observed that 
FuzzyIntelligent Techniques increase the accuracy of the heart disease prediction 
system.ThegenerallyusedtechniquesforHeartDiseasePredictionandtheircomplexitiesaresumma
rized in this paper. A popular saying goes that we are living in an “information age”.Terabytes 
of data are produced every day. Data mining is the process which turns a collectionof data into 
knowledge. The health care industry generates a huge amount of data daily.However, most of 
it is not effectively used. Efficient tools to extract knowledge from 
thesedatabasesforclinicaldetectionofdiseasesorotherpurposesarenotmuchprevalent.Theaim of 
this paper is to summarize some of the current research on predicting heart 
diseasesusingdataminingtechniques,analysethevariouscombinationsofminingalgorithmsuseda
ndconcludewhichtechnique(s)areeffectiveandefficient. 
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Drawback:Oversegmentationoftheimageryoccurswhichaffectsthetruepositivecomponents (true 

lesions). Post processing needs to be done for the ground truth image 
toremovethenuisanceblobfromthetruelesions. 
Similarly, Kande et al [24] – [25] proposed a detection technique of hemorrhage and Micro-
aneurysms by utilizing mathematical morphology and pixel classification. The candidates 
withred lesion were identified using the morphological top-hat transformation method and 
matchedfilter. Finally, the Support Vector Machine (SVM) was applied to classify the non-red 
lesionareas and red lesion areas with 89 retinal fundus images selected randomly from 3 
databasesDIARETDBI[26],DIARETDBOandSTARE [27]. 

Similarly, a few other groups (Matei et al [29] and Langroudi and Sadjedi [30]) have 
alsoutilized morphologicaloperations and thresholdingtechnique to identify hemorrhages 
andblood vessels. In [31], they propose MML-TH (maximum of multiple linear top hats) method 
byutilizing multi-scale procedures to identify the hemorrhages and regions growing around 
them.Then,localvesseldetectionwasperformedusingthresholdingbasedsegmentationandskeleto
nizing the segments. Finally, the blot hemorrhages were classified using the SVMclassifier. 

 
 

Drawback: The accuracy of this method is inconsiderable for Blot Hemorrhages (BH) 

greaterthanorequalto1.Whenthelesionsizevaries onacontinuous 
scale,difficultyarisesindistinguishingBHfromsmallerdarklesions.Acharyaetal[32]have 
proposedthemorphologicalmethod with “Ball” shaped structuring elements for detecting 
hemorrhages by removing theblood vesselfromhemorrhage candidates.Anotherresearch 
groupproposedmathematicmorphological and fuzzy clustering methods for blood vessel 
extraction from retinal fundusimages [33].Themicro-
aneurysmandhemorrhagesweredetectedsuccessfullybysuppressingfoveaaswellasbloodvessels
. 

 
 

We are in a period of “Information Age” where the traditional industry can pressure the rapid shift to 
theindustrialrevolution forindustrialization, based on economy ofinformation technology Terabytes 
ofdata are produced and stored day-to day life because of fast growth in „Information 
Technology‟.Terabytes of data are produced and stored day-to day life because of fast growth in 
„InformationTechnology‟.Thedatawhichiscollectedisconvertedintoknowledgeby dataanalysis 
byusingvarious combinations of algorithms. For example: the huge amount of the data regarding the 
patients isgenerated by the hospitals such as x-ray results , lungs results ,paining results, chest pain 
results ,personal health records(PHRs) ., etc. There is no effective use of the data which is generated 
from thehospitals. Some certain tools are usedto extract theinformation from the database for the 
detectionand other functions is not accepted. The main theme of the paper is the prediction of heart 
diseasesusingmachinelearningtechniquesby summarizingthefewcurrent researches. Inthis paper 
thelogisticregression algorithmsis used and the health care datawhich classifiesthe patients 
whethertheyarehavingheartdiseasesornot accordingtotheinformationintherecord. 

 

Peoplewithdiabeteshaveanincreasedriskofdevelopinganumberofserioushealthproblems. 
Consistently high blood glucose levelscanleadtoserious   diseases   affectingthe heartand 
bloodvessels, eyes,kidneys,nervesandteeth. In addition, people with 
diabetesalsohaveahigherriskofdevelopinginfections.Inalmostallhigh-
incomecountries,diabetesisaleadingcauseofcardiovasculardisease,blindness,kidneyfailure,andlow
erlimbaccumulation. 

 
Maintaining blood glucose levels, blood pressure, and cholesterol at or close to normal 
canhelp delay or prevent diabetes complications. Therefore people with diabetes need 
regularmonitoring. 
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Drawback:Extractionofbloodvesselswasnotperformed.Similarly,theperformanceanalysis to find 

the sensitivity and specificity were not carried out.Niemeijer et al [34] haveproposed a hybrid 
approach for the detection of red lesions present in the retinal fundusimages. The red ones 
were extracted by mathematical morphology method and the k-NearestNeighbor (kNN) 
classifier was used for the classification of red lesion and non-red lesioncandidates. 
Drawback: The larger red lesions were not completely segmented. A fewer number of 

imagefeatures wereconsideredforclassification,whichproducedcomparativelylesseraccuracy. 

NeuralNetworkApproaches 
Neural networks are similar to biological neurons, which consist of a set of adaptive 
weightsand are capable of approximating nonlinear functions of their inputs. Supervised 
learning,unsupervisedlearningandreinforcementlearningarethethreetypesusedin 
NeuralNetworks.Gardner et al [35] proposed an approach for detection of diabetic features 
from digital fundusimages using a back propagation neural network. The input images were 
divided into sub-images of 30 x 30 and 20 x 20 pixels used as training data and test data for 
the network. Thefeaturesextractedfromeachsub-images 
wereusedtoclassifytheminto(i)normal,(ii)vessel, 
(iii) exudate and (iv) hemorrhage. The study outcome revealed that the detection rate for 
thehemorrhagewas73%. 

 
 

Drawback: The outcome rate reported for the detection of hemorrhage was of 

comparativelysmall compared to acceptable levels.Yet another study by Usher et al [36] 
employed a neuralnetwork fordetection ofdiabetic features. The micro-aneurysms and 
hemorrhages weresuccessfully spotted using iterative region growing and adaptive 
thresholdingin combinationwitha"moatoperator"aswellasedgeenhancementoperators. 

 
 

Drawback: The specificity obtained by the system was very small, which is below 50%. 

Whenthesystemattemptsincreaseinthespecificitythesensitivitygetsreduced.In[37],theresearch 
group has proposed a color and shape based feature extraction technique usingmorphological 
operations and region growing method with logistic regression for selection. Inthe neural 
network classification, a multilayer perceptron with radial basis function was 
utilizedandmajorityvotingwasusedtodetectredlesions. 

 
Diabetes can cause damage to the nerves throughout the body when blood glucose and 
bloodpressurearetoohigh.Thiscanleadtoproblemswithdigestion,erectiledysfunction,andmanyot
herfunctions.Amongthemostcommonlyaffectedareasaretheextremities,inparticular the feet. 
Nerve damage in these areas is called peripheral neuropathy, and can 
leadtopain,tingling,andlossoffeeling. 

 

Loss of feeling is particularly important because it can allow injuries to go unnoticed, leading 
toserious infections and possible amputations. People with diabetes carry a risk of 
amputationthat may be more than 25 times greater than that of people without diabetes. 
However, withcomprehensive management, a large proportion of amputations related to 
diabetes can beprevented. 
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Drawback: 

The specificity value obtained is very small just 52%.Garcia et al [38] have utilized a 
multilayerperceptron neural network in order to spot the red lesions within the retinal fundus 
images. Theapproach was validated on 50 retinal fundus images with a set of 29 
features.which describesaboutparameterssuchasthecolorandshapeofimageregions. 
Drawback:Thespecificityvalueachievedissmalljust60%. 

 
 

Classifiers 

Image classifiers classify the data into categories based on the numerical properties of 
variousimage features.Trainingandtestingarethetwoprocessesdoneby classificationalgorithm. 

 
Drawback: The proposed system could not detect any Hemorrhages, not even the 

bloodvessels.In[41],theresearchgrouphasproposedagraylevelgroupingbasedcontrastenhance
ment technique in order to improve the contrast of the green channel. Then, thecandidate’s red 
lesions were spotted by applying automatic seed detection. The Gaussianmixturemodelsandk-
NearestNeighbor(kNN)classifierswerejoinedandcalledHybridclassifier.Itwasutilizedtodistinguis
hthenon-redlesionsfromtheactualredlesions. 
Drawback:Smallredlesionswerenotproperlydetected.Tangetal[42]introducedthewatershed 
algorithm for segmenting splat regions which are a group of pixels with related 
colorandspatialposition.Theconnectedvascularstructureswereremovedbyutilizinganautomated 
vessels extraction technique. Then, the kNN classifier was applied along with 42image 
features in training and further reduced to 7 image features by forward feature 
selectionproceduresinthetestingstate.Further,asetof20retinalfundusimagesfromDRIVEdatabas
e[43]wereutilizedfortrainingtheclassifierand1200imagesfrom 
MESSIDORdatabase[44]wereutilizedintestingtheclassifier. 

 
 
Mostpeoplewithdiabeteswilldevelopsomeform ofeyedisease(retinopathy)causingreducedvision 
orblindness.Consistently highlevelsofblood glucose,togetherwithhighblood pressure and high 
cholesterol, are the main causes of retinopathy. It can be 
managedthroughregulareyechecksandkeepingglucoseandlipidlevelsatorclosetonormal.Women 
with any type of diabetes during pregnancy risk a number of complications if they donot 
carefully monitor and manage their condition. To prevent possible organ damage to thefetus, 
women with type 1 diabetes or type 2 diabetes should achieve target glucose levelsbefore 
conception. All women with diabetes during pregnancy, type 1, type 2 or 
gestationalshouldstrivefortargetbloodglucoselevelsthroughouttominimizecomplications. 
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Drawback: 

 
The performance of overall approach was slower than that of any advanced classifier such 
asSVM,asithasinherentfeaturesreductioncapabilities.ZhangandChutatape[45]haveproposedthe 
top-downapproachfor dark lesion detectionandthebottom-upapproachinorderto detect bright 
lesions within the retinalfundus images. Inthe hemorrhage detection,the hemorrhages are 
situated in the Region ofInterest (ROI) primarily by computing theevidential value of each and 
every pixel using SVM with a kernel and principal 
componentanalysis(PCA).ThePCAswereusedfor reducingthefeatures. 
Drawback: Vesseldetection andOptic Diskdetectionhavenotbeen done. 

 
RegionGrowing 

 
Region Growing is a simple image segmentation method in which classification is done 
onregion based and pixel based methods. This method of segmentation examines 
neighboringpixelsanddetermineswhetherthispixelshouldbeaddedtotheregionofinterest.Sinthana
yothin et al [17], [46] have investigated an adaptive thresholding and a ''moatoperator" for 
increasing the contrast levels of the lesions by enhancing the edge regions. Thered lesions 
were successfully segmented by using an iterative region-growing technique andthen a neural 
network was utilized for segmenting out the blood vessels from hemorrhageswithin the retinal 
region. They have utilized the matched filter based on 3 major properties 
inordertosegmentoutthebloodvesselsandthenutilizedtrackingalgorithmtoidentifyhemorrhages. 

 
 

Drawback:Theproposedapproachisnotdirectlyapplicableforanyclinicalsituation,because,thesen

sitivityandspecificitydata’saredetectedforindividuallesionsoftheimage.Bae et al [47] have 
proposed a hybrid method for detection of hemorrhages from 
retinalfundusimages.Thehemorrhagecandidatessuccessfullyextractedbyutilizingacircularshape
dtemplatematchingwith normalized crosscorrelationtechnique. Thehemorrhageswere than 
segmented out by 2 methods of region growing: (i) region growing segmentationusing the local 
thresholding and (ii) adaptive seed region growing segmentation. The 
systemachievedahighsensitivityof85%. 

 
 

Peoplewith diabetes havean increasedriskofinflammationofthegums(periodontitis)ifblood 
glucose is not properly managed. Periodontitis is a major cause of tooth loss and isassociated 
with an increased risk of cardiovascular disease (CVD). Regular oral check-upsshould be 
established to ensure early diagnosis, particularly among people with 
previouslyundiagnoseddiabetesandpromptmanagementofanyoralcomplications inpeople 
withdiabetes.Annualvisitsarerecommendedforsymptomsofgumdiseasesuchas bleeding. 



 

Drawback: Specificity has not been calculated. Detection of exudates and blood vessels 

hasnotbeendone.TheredlesionsdetectiontechniquehasbeenproposedbyMarinoetal[48]had 
three stages. First, the red lesions candidates were obtained by utilizing a correlation filterset. 
This was followed by region growing technique and feature based filtering technique 
wereappliedinorder toremovethefalsepositivecases. 

 
 

Drawback: The sensitivity obtained from the proposed method is just 0.79%. Validation 

hasnotbeendonewithabiggerdatasetofimages. 
 
Conclusion 

Literaturesurveyhasbeendonebasedonimagesegmentation,featureextractionandclassification. 
In most of the papers accuracy is poor, sensitivity is less. In some of the paperssensitivity and 
specificity calculation has not been carried out. They could not achieve 
highperformanceforbothsensitivityandspecificity. 

 
The classic symptoms of untreated diabetes are unintended weight loss, polyuria 
(increasedurination), polydipsia (increased thirst), and polyphagia (increased hunger). 
Symptoms maydevelop rapidly (weeks or months) in type 1 diabetes, while they usually 
develop much moreslowlyandmaybesubtleorabsentintype2diabetes. 

 
Several other signs and symptoms can mark the onset of diabetes although they are 
notspecific to thedisease.Inadditiontotheknownones   above,   they   include blurredvision, 
headache, fatigue, slow healing of cuts, and itchy skin. Prolonged high blood glucosecan 
cause glucose absorption in the lens of the eye, which leads to changes in its 
shape,resultinginvisionchanges.Long-
termvisionlosscanalsobecausedbydiabeticretinopathy.Anumberofskinrashesthatcanoccurindia
betesarecollectivelyknownasdiabeticdermadromes. 

 
 

People (usually with type 1 diabetes) may also experience episodes of diabetic ketoacidosis (DKA), 
ametabolic disturbance characterized by nausea, vomiting and abdominal pain, the smell of acetone 

onthe breath, deep breathing known as Kussmaul breathing, and in severe cases a decreased level 
ofconsciousness. A rare but equally severe possibility ishyperosmolar hyperglycemic state (HHS), 
whichis more common in type 2 diabetes and is mainly the result of dehydration. Treatment-related low 

bloodsugar(hypoglycemia) is common in people with type 1 and also type2 diabetes depending on 
themedication being used. Most cases are mild and are not considered medical emergencies. Effects 
canrange from feelings ofunease,sweating, trembling, andincreased appetiteinmild cases to 
seffectssuchasconfusion,changesinbehaviorsuchasaggressiveness,seizures,unconsciousness,and(rarely
)permanentbraindamageordeathinseverecases.Rapidbreathing,sweating,andcold,paleskin are 
characteristic of low blood sugar but not definitive. Mild to moderate cases are self-treated byeating or 
drinking something high in sugar. Severe cases can lead to unconsciousness and must 
betreatedwithintravenousglucose. 
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CHAPTER3 
 

 

AIM OFTHE PROJECT 

 
Diabeticretinopathy(DR)isacommoncomplicationofdiabetes associatedwithretinalvasculardamage 
caused by longstanding diabetes mellitus . According to the research in, DR has become oneof the 
important causes of blindness and vision impairment worldwide, since 0.4 millioncases ofblindness and 
2.6 million cases of severe vision impairment globally can be attributed to it in 2015. Infact, the 
impairment of DR to vision can be controlled or averted if it is detected and treated in time.However, 
many patients miss the best time for treatment since there are few signs or symptoms at theearlystage 
ofDR. 

 
SYSTEMREQUIREMENTS 

 
HARDWAREAND SOFTWARESPECIFICATION 

 
HARDWAREREQUIREMENTS 

 HardDisk: 500GBandAbove 

 RAM : 4GB and Above 

 Processor: I3and Above 

 
 
 
SOFTWAREREQUIREMENTS 

 
OperatingSystem : Windows7,8, 10 
(64bit)Software : Python3.7 
Tools : Anaconda (Jupyter Note Book 

IDE)Diabeticretinopathy 

In the type 1 diabetes, the insulin production is permanently damaged, whereas in the type 
2diabetes, the person is suffering from increased resistance to insulin. The type 2 diabetes is 
afamilial disease, but also related to limited physical activity and lifestyle . The diabetes 
maycause abnormalities in the retina (diabetic retinopathy), kidneys (diabetic nefropathy), 
andnervoussystem(diabeticneuropathy). 
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The diabetic retinopathy is a complication of diabetes, causing abnormalities in the retina, 
andin the worst case, blindness. Typically there are no salient symptoms in the early stages 
ofdiabetes, but the number and severity predominantly increase during the time. The 
diabeticretinopathy typically beginsas smallchanges intheretinalcapillary. Thefirst 
detectableabnormalities are mircroaneyrysms which are local distensions of the retinal 
capillary andwhich cause intra-retinal haemorrhage when ruptured . In time, the retinal edema 
and hardexudates are followed by the increased permeability of the capillary walls . The hard 
exudatesarelipidformationsleakingfromtheseweakenedbloodvessels.Thisstateoftheretinopathyi
s called non-proliferative diabetic retinopathy. However, if the above- mentioned 
abnormalitiesappearinthecentralvisionarea(macula),itiscalleddiabeticmaculopathy.Astheretino
pathy advances, the blood vessels become obstructed which causes microinfarcts in theretina. 
These microinfarcts are called soft exudate When a significant number of soft exudates(> 6), 
or intraretinal mi- crovascular abnormalities are encountered, the state of the 
retinopathyisdefinedaspreproliferativediabeticretinopathy. 
The preproliferative diabetic retinopathy can quickly turn into proliferative diabetic 
retinopathywhenextensivelackofoxygencausesthedevelopmentofnewfragilevessels.Thisiscalle
das neovascularization which is a serious state threatening eye sight. The field of eye sight 
canbeobstructedbyahaemorrhagetothevitreousbodywhichisacommoncauseofblindnessfor the 
type 1 diabetes. The neovascularization can tear retina, and when it is located near thecenter 
of macula, it can cause the loss of eye sight . Due to the progressive nature of theretinopathy, 
regular monitoring is needed after diagnosis. However, broad screenings cannotbe performed 
due to the fact that the fundus image examination requires attention of 
medicalexperts.Forthescreening,automaticimageprocessingmethodsmustbedeveloped. 

 

 

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

 
(e) 

 
Figure 1: Abnormal findings in the eye fundus caused by the diabetic retinopathy: 
(a)microaneyryms(markedwithanarrow), 
haemorrhages, (c) hard exudates, (d) soft exudate (marked with an arrow), and 
(e)neovascularization. 

 
 
 

Automaticmethods 
 
As mentioned previously, the diagnosis of diabetic retinopathy can be divided into 
thefollowing twocategories: 

 
Screening of the diabetic 
retinopathyMonitoringofthediabeticre
tinopathy 

 
 
Mostautomaticsystemsapproachthedetectiondirectlyusingshape,color,anddomainknowledge of 
diabetic retinopathy findings, but the abnormalities can also be found in- directlyby detecting 
changes between two fundus images taken from the same eye in different 
timemoment.Thedirectapproachcontributestoscreeningofthedisease,whereindirectapproachco
ntributestobothscreeningandmonitoringofthediabeticretinopathy.Bothapproaches use roughly 
the following stages for finding ab- normalities in fundus images: 
1)imageenhancement2)candidatediabeticretinopathyfindingdetection. 
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Some of the main features distinguishing between the different findings and normal 
funduspartsarethecolorandbrightness.Thesamefeatureshavebeenverifiedalsobyophthalmologi
sts.Unsurprisinglythesefeaturesdominateintheautomaticmethods,andtherefore will be shortly 
reviewed in our brief surveys for different type of findings . Most of theautomatic methods also 
detect normal fundus parts, such as optic disk, blood vessels, 
andmacula.Theautomaticmethodseitherusethevitaldomain informationprovidedbythenormal 
fundus parts or remove them due to their similar color and shape appearance 
withabnormalfundusfindings. Thedetection of normalfunduspartsisnotconsideredin thisstudy. 

 

Microaneurysmsandhemorrhages 

 
Image enhancement methods: Niemeijer et al. estimated non- uniform background intensity 
offundus image by applying median filtering to the green channel of the fundus image. 
Shadecorrectionwasgeneratedbysubtractingtheresultfromtheoriginalgreenchannel. 

 
Fleming et al. had similar approach for microaneurysms, but the green channel of the 
originalfundusimagewasdividedwiththebackgroundintensityimage.Inaddition,theshadecorrecte
dimagewasnormalizedforglobalimagecontrastbydividingwithitsstandarddeviation. Multiple 
localcontrast enhancement methods were tested to improve detectionaccuracy. 

 
 

In hemorrhage detection, Zhang and Chutape used histogram specification applied to 
eachindividualRGBcolorcomponenttonormalizethecolorsbetween differentfundusimages. 

Sinthayothinet al.used localcontrastenhancementtoequalize the intensityvariation infundus 
images. The fundus images were transformed from RGB color model to IHS colormodel and 
the local contrast enhancement was applied to the intensity component of theimage. 

 
 

The primary complications of diabetes due to damage in small blood vessels include damage to 
theeyes, kidneys, and nerves. Damage to the eyes, known as diabetic retinopathy, is caused by damage 
tothe blood vessels in the retina of the eye, and can result in gradual vision loss and eventual 
blindness.Diabetesalsoincreasestheriskofhavingglaucoma,cataracts,andothereyeproblems.Itisrecommen
ded that peoplewith diabetes visit aneye doctoroncea year.Damage to the kidneys,known as diabetic 

nephropathy, can lead to tissue scarring, urine protein loss, and eventually chronickidney disease, 
sometimes requiringdialysisor kidney transplantation. Damage to the nerves of thebody,knownasdiabetic 

neuropathy,isthemostcommoncomplicationofdiabetes. 

https://en.wikipedia.org/wiki/Diabetic_retinopathy
https://en.wikipedia.org/wiki/Retina
https://en.wikipedia.org/wiki/Vision_loss
https://en.wikipedia.org/wiki/Visual_impairment
https://en.wikipedia.org/wiki/Glaucoma
https://en.wikipedia.org/wiki/Cataract
https://en.wikipedia.org/wiki/Ophthalmologist
https://en.wikipedia.org/wiki/Diabetic_nephropathy
https://en.wikipedia.org/wiki/Diabetic_nephropathy
https://en.wikipedia.org/wiki/Glomerulosclerosis
https://en.wikipedia.org/wiki/Proteinuria
https://en.wikipedia.org/wiki/Chronic_kidney_disease
https://en.wikipedia.org/wiki/Chronic_kidney_disease
https://en.wikipedia.org/wiki/Dialysis
https://en.wikipedia.org/wiki/Kidney_transplantation
https://en.wikipedia.org/wiki/Diabetic_neuropathy
https://en.wikipedia.org/wiki/Diabetic_neuropathy
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Detection and classification methods: Niemeijer et al. extracted the candidate finding areas 
byassigning posterior probability of being red finding for every pixel using Gaussian filter and 
itsderivates as features for k-nearest neighbor clustering. Shape and intensity properties of 
thecandidate areas were used for more accurate abnormal red finding and normal red 
findingclassification. 

 
Fleminget al.segmentedcandidate microaneurysm areasby applying regiongrowingtoimage 
enhanced with morphological top-hat operation and thresholding. The result 
candidateareaswereclassifiedwithk-
nearestneighborclusteringusingtheshapeandintensityinformation. 

 
Zhang and Chutape used hemorrhage areas restricted by finite window in training images 
asinput for support vector machine. To detect different sized hemorrhages a pyramid of 
imageswas generated by changing the resolution of fundus image. The local minima of the 
supportvector machine provided evidence map were selected as hemorrhage locations. The 
principalcomponentanalysiswasusedtoreducethecomplexityoffeaturespace. 

 

Sinthanayothin et al. sharpened the edges of red finding regions by applying moat operator 
togreen channel of the contrast enhanced image. From the result image, red findings 
wereextractedwithrecursiveregiongrowingandthresholding. 

 
Hardandsoftexudates 

 
Image enhancement methods: Narasimhaiyeretal.used normal retinal findings 
(vasculature,optic disk, fovea, and abnormal findings) to estimate the illumination component 
using iterativerobusthomographicsurfacefittingtocompensatethenon-uniform illumination 
infundusimages. 

 
In detection of bright diabetic retinopathy areas from fundus images, Zhang and 
Chutapeappliedadaptivelocalcontrastenhancementtosub-imageareasusingthelocal mean 
andstandarddeviationofintensities.ThesameapproachwasusedbyOsarehetal.aftercolornormaliz
ationbetweenfundusimagesusinghistogramspecification. 

 
 
 

Type 1 diabetes is characterized by loss of the insulin-producing beta cells of the 
pancreaticislets, leadingtoinsulin deficiency. Thistypecanbefurtherclassifiedasimmune-
mediated or idiopathic. The majority of type 1 diabetes is of the immune-mediated nature, 
inwhich a T cell-mediated autoimmune attack leads to the loss of beta cells and thus insulin. 
Itcauses approximately 10% of diabetes mellitus cases in North America and Europe. 
Mostaffected people are otherwise healthy and of a healthy weight when onset occurs. 
Sensitivityandresponsivenesstoinsulinareusuallynormal,especiallyintheearlystages.Althoughith
as been called "juvenile diabetes" due to the frequent onset in children, the majority 
ofindividuals. . 

https://en.wikipedia.org/wiki/Beta_cell
https://en.wikipedia.org/wiki/Pancreatic_islets
https://en.wikipedia.org/wiki/Pancreatic_islets
https://en.wikipedia.org/wiki/Immune-mediated
https://en.wikipedia.org/wiki/Immune-mediated
https://en.wikipedia.org/wiki/Immune-mediated
https://en.wikipedia.org/wiki/Idiopathic_disease
https://en.wikipedia.org/wiki/T_cell
https://en.wikipedia.org/wiki/Autoimmunity
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transformfunction similar togammacorrection. 

 
 

Detection and classification methods: Hsu et al. determined abnormaland normalfindingareas 
using intensity properties for dynamic clustering. From the result abnormal areas, 
hardexudates were separated from soft exudates and drusen using intensity contrast 
informationbetween abnormal areas and immediate background. The domain knowledge of 
retinal bloodvesselswereusedtoremovefalseartifacts. 

 
 

Walteretal.eliminatedthevesselsbyapplyingmorphologicalclosingtotheluminancecomponentofth
efundus image.From theresult,withinaslidingwindow localstandardvariation image was 
calculated and thresholded into coarse exudate areas. More 
accuratecountourswereacquiredbythresholdingdifferencebetweenoriginalimageandmorphologi
callyreconstructedimage. 

 
Sa`nchez et al. used yellowish color and sharp edges to distinguish hard exudates from 
thefundus images. The image pixels were classified into background and yellowish objects 
usingminimum distance discrimination, where the countour pixels of extracted optic disk were 
usedas background color reference and pixels inside the con- tour were used as yellowish 
objectcolor reference. The segmented yellowish areas and their edge information extracted 
withKirsch’smaskwerecombinedtohardexudateareasusingbooleanoperator. 

Zhang and Chutape located the bright abnormal regions in fundus images by ap- plying 
fuzzyc-means clustering in LUV color space. The result areas were classified to hard 
exudates, softexudates,andnormalfindingsusingsupportvectormachine. 

 
 

Osareh et al. searched the coarse hard exudate areas using fuzzy c-means clustering 
withGaussiansmoothedhistogramsofeachcolorbandof thefundus 
image.Thesegmentedareaswereclassifiedtoexudateandnon-
exudateregionsusingneuralnetworks.Color,regionsize,meanandstandarddeviationofintensity,an
dedgestrengthwereusedasfeatures. 

 
 

Li and Chutape segmented exudates with combination of Canny edge detection and 
regiongrowing in LUV color space. Gradient, mean pixel value, and seed pixel value were 
used ascriteriainregiongrowing. 

 
 

Niemeijer et al. used a similar approach for bright abnormal region detection as they used 
forfinding abnormal red regions in. In addition to the previous work, the prior knowledge of 
opticdiskandvasculararchwereusedtoimprovedetection 
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accuracy. 
Sinthanayothinetal.clusteredsimilar pixels using intensity difference as criteria for 
recursiveregion growing. The region with the most pixels were considered as background and 
definedthethresholdvaluefor hardexudateareas. 

 
Wang et al. used spherical color coordinates as features for the classification of fundus 
imagepixels to background and bright abnormal findings using minimum distance discriminant. 
Theabnormalfindingswereverifiedusinglocal-window-basedmethod. 

 
 

Evaluationdatabase 

 
A necessary tool for the reliable evaluation and comparison of medical image 
processingalgorithms is a database including a selected set of high-quality medical images 
which arerepresentatives of the diabetic retinopathy and have been verified by experts. In 
addition to theimages, also information about the medical findings must be available. This 
information offindings is called the ground truth. An accurate algorithm should take an image 
as input, andoutput a result or description which is consistent with the ground truth. In the 
evaluation, theconsistency is measured and compared between the algorithms. In the 
following, we describeimagesandgroundtruthforDIARETDB0. 

 
Fundusimages 

 
The current database consists of 130 color fundus images of which 20 are normal and 
110contain signs of the diabetic retinopathy. The images were taken in the Kuopio 
universityhospital. The images were dedicatedly selected, but their distribution does not 
correspond toany 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 unknowncamerasettings(flashintensity,shutter). 

 
 
 

"Brittle"diabetes, also known as unstable diabetes or labile diabetes, is a term that 
wastraditionallyusedtodescribethedramaticandrecurrentswingsinglucoselevels,oftenoccurring 
for no apparent reason in insulin-dependent diabetes. This term, however, has 
nobiologicbasisandshouldnotbeused.[42]Still,type1diabetescanbeaccompaniedbyirregularandu
npredictablehighbloodsugarlevels,andthepotentialfordiabeticketoacidosisorseriouslowbloodsug
arlevels.Othercomplicationsincludeanimpairedcounterregulatory response to low blood sugar, 
infection, gastroparesis(which leads to erraticabsorption of dietary carbohydrates), and 
endocrinopathies (e.g., Addison's disease). 
Thesephenomenaarebelievedtooccurnomorefrequentlythanin1%to2%. 

https://en.wikipedia.org/wiki/Glucose
https://en.wikipedia.org/wiki/Diabetes#cite_note-merck1-42
https://en.wikipedia.org/wiki/Diabetic_ketoacidosis
https://en.wikipedia.org/wiki/Diabetic_ketoacidosis
https://en.wikipedia.org/wiki/Gastroparesis
https://en.wikipedia.org/wiki/Endocrinopathies
https://en.wikipedia.org/wiki/Addison%27s_disease
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speed, aperture, gain) . The images contain an unknown amount of imaging noise and 
opticalaberrations (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 
consideredasmaximal.However,Thedatacorrespondtopracticalsituations,andcanbeusedtoevalu
atethegeneralperformanceofdiagnosismethods.Thegeneralperformancecorresponds to the 
situation where no calibration is performed (no correspondence to the realworld 
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 
“calibrationlevel0fundus images”. 

 

 

(a) (b) 

 

Figure 2: Fundus images: (a) normal fundus, (b) abnormal fundus, and (c) abnormal 
fundusaftertreatmentbyphoto-coagulation. 

 
 

Groundtruth 

 

The most important accuracy measures for medical diagnosis methods are sensitivity 
andspecificity.Sensitivityandspecificityaredefinedontheimagebasis– animageeithercontains a 
specific finding or not despite the fact that the diabetic retinopathy findings do havespatial 
locations in the fundus . For the computer vision researchers, it is important to ensurethat the 
automatically extracted diabetic retinopathy findings also spatially correspond thefindings 
marked by experts, that is, they appear at the same location in the image. Thus, 
themoredetailedexpertgroundtruthcontainsalsothedescriptionofvisualappearanceofdiabeticretin
opathyfindings. 
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Foreveryfundusimagethereisacorrespondinggroundtruthfile.Agroundtruthfilecontainsallfindingty
pesfoundinthespecificimagefile. 

 
Markingvisualfindings 

 
The image groundtrtuh is based on expert-selected findings related to the diabetic 
retinopathyand normal fundus structures. A person with a medical ed- ucation (M.D.) and 
specialization toophthalmologyisconsideredasanexpert. 

 

 
 

Figure3:Structuralelementsofanormalfundus. 
 
Aspecialsoftware toolwasprovidedforthe experts to inspect 

blood 
vessel 

(papilla) 
Optic disc 

macula 

fovea 
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thefundus imagesand annotate the findings.Theuser interfaceof the current softwareversion . It 
should be noted that the workstation displays were not calibrated. Therefore, thediabetic 
retinopathy findings were not equally visible on all displays. However, the 
situationcorrespondstothecurrentbestpractices. 
The ground truth tool provided two graphical marking directives at the time of marking and 
theusage was not instructed for the medical experts. This freedom of choice was allowed 
toprevent a biased scheme, and the medical experts were allowed construct their own 
bestpracticestomarkdifferentfindings.Itwaspossibletousedifferentcombinationsofthegraphical 
directives for the same type of findings. Currently, The following graphical directivesare: 

 
 
 
 

 

 

Figure 4: Graphical tool for gathering knowledge from medical 

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

Polygonregion(Fig.5(b)), 
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Circle region (Fig. 
5(c)),Ellipse region(Fig. 
5(c)),and 
Representative point(Fig. 5(e)). 

 
In addition to the graphical directives, the image annotation tool provided a gamma 
correctiontool and semi-automatic tool for more accurate definition of the finding areas . The 
semi-automatic tool used the color information provided by the representative point. In 
gathering theexpertknowledge,thesemi-automatictoolwasnotused. 

 
 
 
 
 
 
 

 

(a) (b) (c) (d) (e) 
 
Figure 5: Graphical directives for marking the visual findings: (a) centroid; (b) polygon 
region;and(c)circleregion;d)semi-automatic regioncroppingtoolandrepresentativepoint. 

 
 

Dataformat 

 
Theexpertknowledgegatheredwiththegroundtruthtoolisstoredtoatextfile.Eachlineinthe text file 
corresponds to a visual finding marked with the groundtruth tool. The data 
formatforvisualfindingisdefinedas 

 
CENTROID[POLYGON_REGION][CIRCLE/ELLIPSE_REGION]RP_POINT REGION_TOOL 
... CONFIDENCE_LEVEL FINDING_TYPE 

 
 

Each marking in image is defined by the centroid and one other graphical directive. The 
samegraphical directive should be consistently used for every medical finding type over the 
imageset.ThedirectiveattributesarevisualizedinFig.6anddefinedasfollows: 

Red_small_dots[ 
Hard_exudates[ 

Macula[5] Disc[4] 



 

 

CENTROIDX Y 

POLYGON_REGION [X_1X_2X_3...][Y_1Y_2Y_3...]CIRCLE_REGION
 [RADIUS]
ELLIPSE REGION[RADIUS1][RADIUS2][ANGLE]RP_POINT(X,Y) 
REGION_TOOL [METHOD,VALUE]CONFIDENCE_LEVEL
 HIGH,MEDIUM,LOWFINDING_TYPE
 RED_SMALL_DOTS,HARD_EXUDATES... 

 
 

Verifyingimagequality 

 
Representativequalityofthedatabaseimagesvariesduetotheuncalibratedimagingenvironment. 
The vaguely defined practices in imaging and challenging imaging geometry ofthe fundus 
cause partial over and under exposures in digital images which can still be used forthe 
diagnosis. A method for evaluating the partial image quality was proposed by Kuivalainen .The 
method results a binary mask which represents whether a certain location is   applicablefor the 
analysis or not. DIARETDB0 includes a binary mask for every fundus image. The maskareas 
define where the distortion level caused by the imaging is sufficiently small, and 
onlyacceptableareasareusedintheevaluation. 

 

Security 

 

The patient information from the database imageswere removed by converting the imagesinto 
raw data. The raw data images were converted to lossless portable net- work images 
andmarkedtobelongDIARETDB0byredefiningthecommentfieldto”DIARETDB0imagefilename15
00x1152DirectClassRGB”. 

 
 

Diabetes is primarily due to lifestyle factors and genetics. A number of lifestyle factors 
areknowntobeimportanttothedevelopmentoftype2diabetes,includingobesity(definedbya 
bodymassindex ofgreaterthan    30),    lack    of physical    activity,    poor diet, stress,and 
urbanization. Excess body fat is associated with 30% of cases in people of Chinese 
andJapanese descent, 60–80% of cases in those of European and African descent, and 100% 
ofPima Indians and Pacific Islanders. Even those who are not obese may have a high waist–
hipratio. 
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https://en.wikipedia.org/wiki/Obesity
https://en.wikipedia.org/wiki/Body_mass_index
https://en.wikipedia.org/wiki/Physical_activity
https://en.wikipedia.org/wiki/Diet_(nutrition)
https://en.wikipedia.org/wiki/Stress_(biology)
https://en.wikipedia.org/wiki/Urbanization
https://en.wikipedia.org/wiki/Waist%E2%80%93hip_ratio
https://en.wikipedia.org/wiki/Waist%E2%80%93hip_ratio
https://en.wikipedia.org/wiki/Waist%E2%80%93hip_ratio
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(a) (b) 

 

(c) 
 

Figure 6: Image area with sufficient image quality: (a) orginal image; (b) binary mask; and 
(c)areausedbythealgorithms. 

 
Trainingandtestsets 

 
The set of 130 images was divided into 5 image categories, and a fixed number of 
randomlyselected imageswere taken from each category toform the training set. The rest of 
theimages compose the test set. The image categories were formed to confirm that each 
diabeticretinopathy finding type is included in the both training and test sets. The diabetic 
retinopathyfindingtypesthateachimagegroupcontainsarethefollowing: 

 
RedSmalldots,haemorrhages,hardexudates. 
Red Smalldots,haemorrhages, hardexudates, softexudates. 
Red Small dots, haemorrhages, hard exudates, soft exudates, 
neovascularisation.Redsmalldots,haemorrhages,softexudates,neovascularisation. 
Normal. 
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The categoriesrepresent thetypicalprogressof thediabeticretinopathy[17]. 

 
 
 

Evaluationmethodologyfordiabeticretinopathy 
 
The proposed database and evaluation protocol are publicly available for all research 
groupswho wish to evaluate their automatic diagnosis methods. By using the protocol and 
imagesdefinedinthisdocument, theevaluation results are comparablebetween different studies. 

 
Evaluationprotocol 

 
Methods used for automatic detection of diabetic retinopathy are evaluated by using 
sensitivityand specificity per image basis. Sensitivity is the percentage of abnormal funduses 
classifiedas abnormal by the screening method and specificity is the per- centage of normal 
fundusclassified as normal by the screening method. The higher the sensitivity and specificity 
values,thebetterthemethod.Sensitivityandspecificityvaluesarecalculatedforthreediabeticretinop
athyfindingclasses:exudates(softandhard),haemorrhagesandredsmalldots(microaneurysm). In 
the current database the neovascularisation is not included due to itsrarity. 

 
 

sensitivity =TP + 

FNspecificity=TN+F

P 
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where TP is the number of abnormal fundus images found as abnormal, T N is the number 

ofnormal fundus images found as normal, FP is the number of normal fundus images found 

asabnormal (false positives) and FN is the number of abnormal fundus images found as 
normal(falsenegatives). 
For every image the area is given where the representative image quality is acceptable, 
andonly the findings from those areas should be used. The results should be stored to a text 
fileusing the same structure as was defined for the ground truth files in the text files should 
benamedasfollows: 
imagefilename.res,e.g.,Image001.res 
The provided evaluation script reads the result text files and calculates the sensitivity 
andspecificityvalues overallimages by comparingtheresultstothegroundtruthfiles. 

 
 
 

Exampleonalgorithmevaluation 

 
The method proposed by Kuivalainen was evaluated using the database and the 
evaluationmethodology . It turned out, however, that the method could not be evaluated by the 
proposedevaluation protocol since the method assumed that the optic disk, papilla and blood 
vesselswereperfectlydetectedandthefindingsfrom thoseareasweremanuallyremoved-
anassumptionwhich isverydifficulttoperform inpractice,butwhichof ten appears in thestudies. 
This is an example of “hidden” assumptions which actually prevent the true evaluationbetween 
the methods. Furthermore, it was only possible to evaluate the exudate 
detectionwhichincludeshardandsoftexudates. 

 
Evaluationresultfor the method 
. 

Sensitivity% Spesificity% 

Exudates 79 58 
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FigNo.4.1ArchitectureofAutomaticDiabeticRetinopathyDetection. 
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SequenceDiagram 

A Sequence diagram is a kind of interaction diagram that shows how processes operate 
withoneanotherandinwhatorder.ItisaconstructofMessageSequencediagramsaresometimescall
edeventdiagrams,eventsceneriesandtimingdiagram. 

 

 

 
FigNo.4.2SequenceDiagram. 

 
 
 
 
 
 
UseCaseDiagram 

Unified Modeling Language (UML) is a standardized general-purpose modeling language 
inthe field ofsoftware engineering.Thestandard is managed andwascreated bythe 
ObjectManagement Group. UML includes a set of graphic notation techniques to create 
visualmodels of software intensive systems. This language is used to specify, visualize, 
modify,construct and document theartifacts of anobject orientedsoftwareintensive 
systemunderdevelopment. 

 

USECASEDIAGRAM 
AUsecaseDiagramisusedtopresentagraphicaloverviewofthefunctionalityprovidedbyasystemin terms of 
actors, their goals and any dependencies between those use cases. Use case 
diagramconsistsoftwoparts: 
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Use case: A use case describes a sequence of actions that provided something of measurable 

valuetoan actorand isdrawnasahorizontalellipse. 
Actor: An actor is a person, organization or external system that plays a role in one or more 

interactionwiththesystem. 
 
 
 

 

FigNo.4.3UseCaseDiagram. 
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ActivityDiagram 
Activitydiagramisagraphicalrepresentationofworkflowsofstepwiseactivitiesandactions withsupportfor 
choice,iterationandconcurrency.Anactivitydiagram showstheoverallflowofcontrol. 
Themost importantshapetypes: 

Rounded rectangles represent 
activities.Diamonds representdecisions. 
Bars represent the start or end of concurrent 
activities.Ablackcirclerepresentsthestartoftheworkflow. 
Anencircled circlerepresentsthe endof theworkflow. 

 
 
 
 

 

 
 

FigNo.4.4ActivityDiagram. 
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CollaborationDiagram 
 

UML Collaboration Diagrams illustrate the relationship and interaction between software objects. 
Theyrequire use cases, system operation contracts and domain model to already exist. The 
collaborationdiagramillustratesmessagesbeingsent betweenclassesandobjects. 

 
 
 
 
 
 

 
FigNo.4.5CollaborationDiagram. 

 

MODULES 

MODULESEXPLANATION 

 ImagePre-Processing 

 Inception 

 ConvolutionNeuralnetworkalgorithm 

 MatchingScore 

 

ImagePre-Processing 

 

Datasetisaprimaryandsignificantpartthatneeds tobedealtwithforadeeplearningapplication. 
The fundus photographs in our dataset have large variation, such as discrepantbrightness or 
resolution, since most of them are obtained with different equipment in differentenvironment. 
Basically, the model accepts two fundus images corresponding to the left 
eyeandrighteyeasinputsandthentransmitsthemintotheSiamese-likeblocks 



29  

Inception 

 
TheoutstandingperformanceofInceptionisbenefitedbyseveralnetworkconnectiontechniques, 
such as adopting batch normalization, using MLP conv layers to replace linearconvolution 
layers and factorizing convolutions with large kennel size. With these techniques,the number 
of the network parameters as well as the computational complexity are reducedsignificantly, 
and thus the network can be built much deeper and get stronger non-
linearexpressiveabilitythanthatoftheconventionalCNNmodels. 

 
 
 

ConvolutionNeuralnetworkalgorithm 

 
Transfer learningmethodis a widely used trainingmethod ofconvolution neural network. By loadingthe 
weights of Inception blocks pre-trained on Image Net data set, the model will has a better 
weightsinitializationbeforestartingthegradientoptimization.Moreover,consideringthehugedifferencebetw
een the fundus images data set and Image Net dataset, none of layers in weight-sharing 
Inceptionblocksarefrozen. 

 
 

MatchingScore 
Theconfusionmatricesofpredictionresultsoflefteye,righteye,andbotheyestogether.Theprediction results 
of the left eye and the right eye have very similar distribution patterns, indicating thatthe data partition 
method preserves the original image categories distribution ofleft eyes and righteyes. 
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CHAPTER5RESULTS

ANDDISCUSSION 

 
AutomatedPer-PatientScreening 

 
Intheproposedscreeningscenarioinwhichonlypatientswhohadnotundergonephotocoagulation 
treatment in either eye attended automated photographic screening, 
theautomatedlesiondetectioncorrectlyidentified90.1%ofthe129patientswithuntreateddiabetic 
retinopathy in either eye and 81.3% of the patients with no retinopathy. The overallaccuracy 
was 86.8%. The proportion of false- negative grading (i.e., patients with retinopathywho were 
not identified by the algorithm) was 9.9%, whereas that of false-positive grading 
was18.8%.Allpatientswithfalse-negativegradinghadbeenreference-
gradedashavingquestionableretinopathyorminimalnonproliferativeretinopathywithredlesions 
only. 

 
TheROCdemonstratedtherangeofoptionsavailableinbalancingthesensitivityandspecificityofthea
lgorithm.Theareaundertheper-patientROCcurvewas93.6%. 

 
AutomatedHigh-SensitivityPer-EyeGrading 

When compared with the expert reference grading, the automated analysis of the 260 
colorfundusphotographsofnonphotocoagulatedeyescorrectlyidentified93.1%ofeyeswithretinopa
thy and 71.6% of eyes without retinopathy . The overall accuracy was 83.5%. Thisresult was 
achieved with the use of a lower visibility threshold (i.e., a higher lesion-detectionsensitivity) 
than the default setting of the automated analysis system. The 10 eyes with false-negative 
identification had questionable or minimal nonproliferative retinopathy (eight 
eyes),hardexudateswithoutthepresenceofredlesions(oneeye),andproliferativediabeticretinopath
y(oneeye).Theareaundertheper-eyeROCcurvewas94.1%. 

RoutineVisualPer-EyeGrading 
Whencomparingtheroutinevisualgradingofthe260colorfundusphotographsofnonphotocoagulate
deyeswiththeexpertreferencegrading,theroutinegrading 
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correctly identified 76.4% of eyes with retinopathy and 98.3% of eyes without retinopathy. 
Theoverall accuracy was 86.2%. The proportion of false-negative classifications (i.e., eyes 
withretinopathy not identified by the routine grader) was 23.6%, whereas that offalse-
positiveswas1.7%. 

 
 

AutomatedHigh-SpecificityPer-EyeGrading 

 
When adjusting the visibility threshold to the value that most closely reproduced the 
sensitivityof the routine grader, the algorithm led to the correct identification of 76.4% of the 
eyes withdiabetic retinopathy and 96.6% of the eyes without retinopathy. The overall accuracy 
was85.4%. These results, as well as the proportions of false- positive (3.4%) and false-
negative(23.6%) classifications, were not significantly different from those of the routine 
grader. The 34false-negative eyes had questionable or minimal nonproliferative retinopathy 
(31 eyes), hardexudates without the presence of red lesions (one eye), and proliferative 
diabetic retinopathy(twoeyes). 

 

Fig.5.1:AutomaticDetectionofDiabeticRetinopathy. 

 

Computer-AssistedVisualPer-EyeGrading 

The automated high-sensitivity single-lesion detection was used in a visual regrading 
sessionin whichthesameroutine grader examinedthe 260 fundusphotographs on 
acomputerdisplay with mandatory consideration of the annotated image—that is, the digitized 
fundusimage with overlaid lesion outlines in contrasting color. The grader was allowed to use 
imagezooming and stretching facilities and to toggle lesion outlinesoff and on as needed. 
Thisresultedincorrectidentificationof 
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% of eyes with retinopathy and 95.7% of eyes without retinopathy. The overall accuracy 
was93.1%, a clear improvement over the performance of both routine visual gradingand 
theautomated system alone, with a proportion of false negatives of 9.0% and of false 
positive,4.3%. 

 
As in our previous study, 1 false-positive automatically detected lesions were found mainly 
infundusregionswithbrightareasofnervefibersstriationinterspersedwithsmallvesselsegmentsthat
werenotidentifiedasbranches. 
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CHAPTER 

6CONCLUSIONANDFUTUREWORK 

The present study documented that computerized image analysis can achieve 
considerableeffectivenessindistinguishingpatientswithdiabeticretinopathyfrompatientswithoutre
tinopathy. The sensitivity of the algorithm is adjustable, allowing for adaptation to 
specificscreeningprotocols.Atthedefaultsensitivitysetting,73of81patients(90.1%)withretinopathy 
were correctly identified by the algorithm in a population of patients with diabeteswho had 
never undergone photocoagulation treatment. All patients with false-negative gradingin this 
study had questionable retinopathy or minimal nonproliferative retinopathy with redlesions 
only. The potential risk of missing a diagnosis of such levels of retinopathy can beestimated on 
the basis of previous studies of the rate of progression of retinopathy. In theEarly-Treatment 
Diabetic Retinopathy Study (ETDRS) the risk of progression to 
treatmentrequiringretinopathyovera2-yearperiodwasbelow1%. 

 

The United Kingdom Prospective Diabetes Study (UKPDS) identified systemic 
parameterspermittingstratificationof patients with identicallevels ofretinopathy 
intosubgroupswithvariable progression rates. Such information, if accessible in screening 
clinics, may enable arefinedestimationofappropriatefollow-
upintervalsforindividualpatientsinretinopathyscreening. This should minimize the concern that 
lesions in the far periphery, visible only 
bybinocularcontactlensbiomicroscopicexamination,aremissedwhenonlyphotographicmethods 
are used for retinopathy screening. Ultimately, the choice of screening method 
mustbebasedonanoverallassessmentoftheoptionsavailableinagivenhealthcareenvironment. 

 
In the present study, we demonstrated the practicability of using automated digital detection 
ofred lesions in photographic diabetic retinopathy screening. The objective was to sort 
patientswho have not undergone photocoagulation treatment for diabetic retinopathy in two 
groups:those without retinopathy and those with possible or definite retinopathy who must 
have visualgradingoftheirfundusphotographs. 

 
An automated prescreening system that automatically categorizes patients with diabetes 
intothosewhoshouldhavetheirphotographsvisuallygradedandthose 
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whose photographs can reliably be handled automatically should be able to accomplish 
aseries of functions. These include identification of images that are unsuitable for 
automatedlesiondetection(i.e.,low-
qualityimagescausedbyrefractivemediaopacityortechnicalfailuresinthephotographicprocess).Ph
otographswithsuchcharacteristicsshouldbeautomaticallydesignatedtovisualinspection.Indeed,a
preliminaryevaluationofanautomated quality-assessment algorithm developed subsequent to 
the completion of   thisstudy has demonstrated a significant potential for increasing the 
sensitivity of the automatedclassificationbyeliminationofseveralofthefalse-negativegradings 
inthisstudy,one ofwhich had proliferative diabetic retinopathy. Additional enhancement appears 
to be possible 
byincorporatingautomateddetectionofbrightfunduslesions.Thus,oneeyewithafalse-
negativegradehadbrightlesions only. 

 

An ancillary finding was that the quality of high-volume visual routine grading was 
enhancedconsiderably when the attention of the routine grader was directed to potential 
fundus lesionsbytheautomatedlesion-
detectionsystem.Thispartofthestudywasappendedaftercompletionoftheprimarystudies.Theresul
tsshouldbeconsideredindicativeofapotentialfor methodological development, but the tentative 
conclusion should be verified in a largerprospectivestudy. 

 
Clinicalophthalmologyemphasizesthedetailedassessmentofretinopathyatorabovetreatment 
thresholds. The task of making a fine distinction between presence and absence 
ofanyretinopathy is rarelyaddressedoutside 
epidemiologicstudies.Clinicalophthalmologypracticeisnottraditionallysubjectedtovalidationorqu
alitycontrol,anditisthereforedifficulttofindstandards 
againstwhichnewmethodscanbecompared.Evenwhenvalidationisattempted, there is usually no 
quality- assurance system in place to ensure the 
widespreadapplicationofcertifiedstandardsofclinicalophthalmology.Itappearsthattechnologicalp
rogress may enable application of such systems, even in complex clinical fields such 
asophthalmology. 
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APPENDICESA.SOURC

ECODE 

importtensorflowas tf,sys 

 

import tensorflow.compat.v1 as 

tftf.disable_v2_behavior() 

 
importargparsei

mport

 sys

importtime 

 
importnumpyasnpimp

ort tensorflow as 

tfimportcv2 

importos 

 
 

os.listdir(r"E:/Python/Full/AutomatedDiabeticRetinopathyDetectionCNN/testing_images"

) 

 
# Importing Keras libraries and 

packagesfromkeras.modelsimportSeque

ntialfromkeras.layersimportConvolution2

Dfromkeras.layersimportMaxPooling2Dfr

om keras.layersimportFlatten 

fromkeras.layers 

importDensefromkeras.layersim

portDropout 

fromkeras.layers.normalizationimportBatchNormalization 

 
 
 
 

#InitializingtheCNNclas

sifier=Sequential() 

#ConvolutionStep 1 

classifier.add(Convolution2D(96, 11, strides = (4, 4), padding = 'valid', 
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input_shape=(224,224,3),activation ='relu')) 



 

#MaxPoolingStep1 

classifier.add(MaxPooling2D(pool_size = (2, 2), strides = (2, 2), padding = 

'valid'))classifier.add(BatchNormalization()) 

 
# ConvolutionStep 2 

classifier.add(Convolution2D(256, 11, strides = (1, 1), padding='valid', activation 
='relu')) 

 

#MaxPoolingStep2 

classifier.add(MaxPooling2D(pool_size = (2, 2), strides = (2, 2), 

padding='valid'))classifier.add(BatchNormalization()) 

 
# ConvolutionStep 3 

classifier.add(Convolution2D(384,3,strides=(1,1),padding='valid',activation 

='relu'))classifier.add(BatchNormalization()) 

 

# ConvolutionStep 4 

classifier.add(Convolution2D(384,3,strides=(1,1),padding='valid',activation 

='relu'))classifier.add(BatchNormalization()) 

 

# ConvolutionStep 5 

classifier.add(Convolution2D(256,3,strides=(1,1),padding='valid',activation='relu'
)) 

 

#MaxPoolingStep3 

classifier.add(MaxPooling2D(pool_size = (2, 2), strides = (2, 2), padding 

='valid'))classifier.add(BatchNormalization()) 

 
#

 Flatt

eningSte

p 

classifier.add(Flatten()) 

 

#FullConnectionStepclassifier.add(Dense(unit

s=4096,activation='relu'))classifier.add(Dropo

ut(0.4))classifier.add(BatchNormalization()) 

37 
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classifier.add(Dropout(0.4))classifier.add(Batc

hNormalization())classifier.add(Dense(units=1

000,activation='relu'))classifier.add(Dropout(0.

2))classifier.add(BatchNormalization())classifi

er.add(Dense(units = 38, activation 

='softmax'))classifier.summary() 

 
 

#changethisasyouseefit#im

age_path= sys.argv[1] 

image_path='testing_images/728_right.jpeg' 

 

#Readintheimage_data 

image_data=tf.gfile.FastGFile(image_path,'rb').read() 

 

# 

Loadslabelfile,stripsoffcarriagereturnla

bel_lines=[line.rstrip()forline 

intf.gfile.GFile("models/retrained_labels.txt")] 

 

#Unpersistsgraphfromfile 

withtf.gfile.FastGFile("models/retrained_graph.pb",'rb')

asf:graph_def = 

tf.GraphDef()

graph_def.ParseFromString(f.read()) 

_=tf.import_graph_def(graph_def,name='') 

 

withtf.Session()assess: 

#Feedtheimage_dataasinputtothegraphandgetfirstprediction

softmax_tensor=sess.graph.get_tensor_by_name('final_res

ult:0') 

 
predictions=sess.run(softmax_tensor,\ 

{'DecodeJpeg/contents:0':image_data}) 
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#Sorttoshowlabelsoffirstpredictioninorderofconfid

encetop_k=predictions[0].argsort()[-

len(predictions[0]):][::-1] 
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B.SCREENSHOTS 
 
 

 

Imageswhiletesting 
 

 

Testingprocessandvalues 



 

 
 

Aftercompletediagnosis 
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