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Abstract—Early idiagnosis iand itreatment iof idiabetic iretinopa- 

ithy iare imade ipossible ithrough iretinal iscreening.To ifacilitate ithe 

iscreening i process, i we i are i i ideveloping i i ia i i ideep i i ilearning 

isystem ito idetect iand iclassify idiabetic iretinopathy.If iit i is 

iuntreated iit imay ilead ito iother iserious i eye i condition i like 

imacular iedema iand iglaucoma iultimately icausing ivision iloss.In 

icontrast ito imanually icreated ifeatures, iwe iemployed ithe 

iconvolutional ineural inetworks i(CNN) imodel ii.e iLenet-5 

iarchitecture ito iautomatically iextract ifeatures.Techniques ilike 

iedge idetection,thresholding iand i data iaugmentation iare iapplied 

ito i the imodel iduring i preprocessing.The iefficiency iof ithe 

i system iis iassessed iusing istatistical imetrics ilike isensitivity i (SE), 

ispecificity i( iSP i), iF-measure i, iand iclassification iaccuracy 

i(ACC).The imodel iachieved ian iaverage i accuracy i of 

i 97%,recall iof i22% iand if1-score iof i65%. 

Index iTerms—Keywords:Diabetic iretinopathy,Dataset,CNN 

 
I. INTRODUCTION 

Diabetes i mellitus i ( iDM i) i i iis i a i global i chronic i disease 

iand ihas ibeen iidentified ias ithe ifourth ileading icause iof ideath. 

iExperts ipredict ithat ithere iare inearly iabout i336 imillion ipeople 

iacross ithe iglobe i with i DM, i and i this i number i may 

i increase ito i7.7% iby ithe iyear i2030.According ito ithe 

iInternational iorganization ifor ithe idiabetes iresearch iand 

ieducation. iBlood iglucose ilevels irise ias ia i result i of i abnormal 

i metabolism, iwhich iis ithe icauseof idiabetes imellitus i(DM)[9]. 

iOne iof ithe icritical isymptoms iof idiabetes imellitus, idiabetic 

iretinopathy i(DR), iis ia imajor ifactor iin ivision iloss i and 

i blindness. iAccording ito iresearch, iDR iwill ieventually idevelop 

iin i97% iof itype i1 idiabetics iand i80% iof itype i2 idiabetics i with 

i a iprevalence i of i more i than i 15 i years. 

In iorder ito iminimize ithe i considerable i rate i and 

iprevalenceof iDM iand iDR iin iIndia, iit i is inecessary i to idevelop 

ia iefficient iand icross-sectoral iapproach. iEarly idetection iof 

ipeople i with i diabetes, i i ifrequent i i i iDR i i i iscreenings i i i i ifor 

ithem, i i i iand i i i i iaccessto itreatment ifacilities iare iall inecessary. 

iOn iretinal iscans, inumerous ilesions ican ibe iseen ithat iindicate 
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DR.Microaneurysms i(MA), i hemorrhages i (HM), i and i soft 

iand ihard iexudates i(EX) iare isome iof ithe ilesions. iA 

imicroaneurysm i(MA), iwhich iis ia iprecursor iof iDR, imanifests 

ias ia itiny ired idot ion ithe iretina ias ia iresult iof ithe iblood ivessel 

iwall’s ithinning.Sharp imargins iand ia idimension iof iless ithan 

i125 i m i are i present[10]. 

Clinical i observations i i iof i i ianomalies i i iin i i ithe i i iblood 

ivessels iof ithe iretina iserve ias ithe i basis i i i ifor i i i i ithe i i idiagnosis 

iof idia- ibetic iretinopathy i(DR). iNon-proliferative idiabetic 

iretinopathy i(NPDR) iand iproliferative idiabetic iretinopathy iare 

ithe itwo iclinical iphases iof iDR. i(PDR). iIncreased ivascular 

ipermeability iand icapillary iblockage iin ithe iretinal i blood 

ivessels icharacterise iNPDR, ithe iearly istage iof iDR i.At ithis 

istage, iretinal iabnormali- ities isuch ias imicroaneurysms, 

ihemorrhages, iand ihard iexudates ican ibe iidentified ithrough 

ifundus iphotography, ieven iif ithe ipatients ido inot iexhibit iany 

inoticeable isymptoms. iAdditionally, ibased ion ithe iseverity iof 

ithe icondition, iNPDR ipatients ican ibe iclassified iinto imild, 

imoderate, ior isevere icategories ias ishown iin i the i figure. 

iClinical iobservations iof ianomalies iin ithe iblood ivessels iof ithe 

iretina iserve ias ithe ibasis ifor ithe idiagnosis iof idiabetic 

iretinopathy i(DR). iNon-proliferative idiabetic iretinopa- ithy 

i(NPDR) iand iproliferative idiabetic iretinopathy iare ithe itwo 

iclinical iphases iof iDR. i(PDR). i Increased i vascular 

ipermeability iand icapillary iblockage iin ithe iretinal i blood 

ivessels icharacterise iNPDR, ithe iearly istage iof iDR i.At ithis 

istage, iretinal iabnormali- ities isuch ias imicroaneurysms, 

ihemorrhages, iand ihard iexudates ican ibe iidentified ithrough 

ifundus iphotography, ieven iif ithe ipatients ido inot iexhibit iany 

inoticeable isymptoms. iAdditionally, ibased ion ithe iseverity iof 

ithe icondition, iNPDR ipatients ican ibe iclassified iinto imild, 

imoderate, i or i severe i categories i as i shown iin i the i figure. 
This istudy ifocuses ion iidentifying iall istages iof iDR, iusing iend- 

to-end ideep i learning i networks i .Results i indicate i i i ithat 
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Fig. i 1. i Stages i of i Dibetic i Retinopathy 

 

 

the iproposed iapproach iis ieffective ithan iexisting imethods iin 

idetecting i DR i at i all i stages[11]. 
 

II. LITERATURE i  i REVIEW 

In ithis ipaper, ithe i DR i severity i is i automatically i esti- 

imated. i The iINDIAN i DIABETIC i RETINOPATHY 

IMAGE iDATASET iwas iused.This imethodology itakes iinto 

iaccount ia imodified iCNN iarchitecture iwith ian iADAM 

i(Adaptive iMomentEstimation) ioptimizer. iIn iorder ito iprevent 

ithe iissues ithat iarise iduring ithe iextraction iof iconvolution 

ifeatures, imodified iconvolution ineural inetworks iare iused.The 

itechnique isuggested iis ipre-trained ion i103 itotal iimages. iAs 

ineural inetworks isuffer igreatly ifrom ioverfitting, ithe ibulk iof ithe 

idataset’s iimages iare isimply igrouped iinto ione iclass ieven 

ithough ithey ido inot iexhibitany i indicators i of i retinopathy[1]. 

A i Hybrid i Ensemble i Deep i Learning i system i was 

iproposed iby ithis isystem ifor ithe iearly idiagnosis iof idiabetic 

iretinopathy iand iglaucoma. iTo iprepare ithem ifor ifurther 

iprocessing, ieye iim-ages imust ifirst iundergo ipreprocessing. iThe 

isystem icategorises iincoming iinput iimages ias inormal ieye, 

iglaucoma iaffected ieye, ior idiabetic iretinopathy iaffected ieye 

ibased ion ithe ifeatures iobtained iduring itraining. iIn ithis istudy, 

ithree iCNN imodels iLenet5,Alexnet iand iMixed iNeural iNetwork 

iare itrained iusing ithe ipreprocessed iinput idata.Afterwards, ithe 

iensemble ivoting iclassifier imade ithe ifinal iprediction iafter 

iclassifying ithe itest idata iusing ithe ithree itraining imodels. iAs 

icompared ito ithe iprevious isystem, ithis ione idelivers ithe 

iaccuracy i of i 95%[2]. 

Imran iQureshi iet ial iintroduced ian iactive ideep ilearning 

iapproach ithat iemploys ia iconvolutional ineural inetwork imodel 

ito iextract ieye ifundus ifeatures iinstead iof irelying ion ihandcrafted 

ifeatures.The iADL isystem iproduces ivaluable iprediction imasks 

ithat ispecialists ican iuse ifor iannotating i necessary i eye i sam- 

iples iand iidentifying iregions- iof-interest iin i the i retinal 

iimagefor icategorizing idiabetic iretinopathy iinto ifive iseverity- 

ilevels. iHowever, ithe iCNN iarchitectures ideveloped iwere 

iunsuccessful iin ilearning i complex i structures i of i DR 

ilesions[3]. 

SAJID iSHAH iet ial. ideveloped ia icnn imodel iwhich iis ian 

iensemble iof ifive icnn iarchitectures iResnet50, iInceptionv3, 

iXception, iDense121, iand iDense169 ito iidentify irich ifeatures 

iand iimprove ithe iclassification iof ithe i five i stages i of i DR. 

iThey iachieved ian iaccuracy iof i80.8%, irecall iof i51.5%, ispeci- 

ificity iof i86.72%, ithe iprecision iof i63.85%, iand iF1-score iof 

i53.74%.Also, ithe itraining iwas idone ifor iboth ibalanced iand 

iimbalanced idata iwhich iconcluded ithat iimbalanced idata iled ito 

iclassification i biases[4]. 

In i thisi i paper i it i suggests i a i i inovel i i imethod i i ifor  

identifying idiabetic iretinopathy. iTo iassess i the i effectiveness 

iof i their i suggested i strategy,i the i authors i employed i the 

DIARETDB0 iand iDIARETDB1 idatabases, iwhich iare 

iaccessible ito ithe igeneral ipublic. iThere iis ione iof ithe ipossible 

idrawbacks ito i this i article i that i need i to i be i taken i into 

iaccount i.The iproposed i method iis i i ihighly i i i idependent i i i ion 

ithe ichoice iof iacceptable i parametersand i thresholds, i which 

ican ibe idifficult iand itime-consuming ito iidentify[5]. 

In ithis ipaper iinitially ihave iextracted ithe icharacteristics ifrom 

ithe iphotos iusing ia ipre-trained iconvolutional ineural inetwork 

i(CNN) inamed iInception-V3, iand ithen ithey itrain ia isupport 

ivector imachine i(SVM) iclassifier ion itop iof ithese ifeatures ito 

idetermine ithe iDR iseverity ilevel.This istrategy idoes ihave ia ifew 

idisadvantages, ithough. iA ihigh-quality iretinal iimage, iwhich 

imay i not i always i be i available i in i i iclinical i i isettings, 

iespecially iin iplaces iwith ilimited iresources, iis ianother 

iconstraint iof ithe imodel. iThe imodel’s iinterpretability iand 

iclinical iusefulnessmay ibe ilimited ias ia iresult iof ithe iabsence iof 

iinformation iregard-ing ithe iprecise ifeatures ithat iare ibeing iused 

ifor icategorization. iFinally, ithe iuse iof ia ipre-trained iCNN imay 

irestrict ithe imodel’s iflexibility ito ibe imodified ifor iunique 

iclinical irequirements ior i to i include i additional i data 

isources[6]. 

In iparticular, ifor ibinary iand imulti-class iclassification iin ithe 

iprocess iof iDR idiagnosis, ia isignificant iamount iof iwork ihas 

ibeen idone iusing ia ivariety iof i deep i learning i methods. i In 

iorder ito iclassify i1000 iretinal iimages ifor iretinopathy, iDutta, 

iSuvajit, iet ial. iused iback ipropagation ineural inetworks, ideep 

ineural inetworks, iand iconvolutional ineural inetworks 

i(VGGnet). i Theyobtained i 62.7%, i 89.6%, i76.4% i training 

accuracy iand i42%, i86.3%, i78.3% itesting iaccuracy, 

irespectively.Recent iincreases iin ithe inumber iof idiabetic 

ipatients ihave imade ithe ineed ifor itrustworthy idiabetic 

iretinopathy iscreening isystems iessential. iThe iissue iof ichoosing 

itrustworthy ifeatures ifor iML iis isolved ibyusing iDL iin iDR 

idetection iand i categorization, i but i it i requiresa ilarge iamount 

iof itraining idata. iTo iincrease ithe iquantity iof iimages i and 

icombat ioverfitting iduring ithe itraining istage, i most i studies 

iused i data i augmentation[7]. 

Research ion idetecting idiabetic iretinopathy iin iAfrica iwas 

igiven iby iBellemo, iValentina, iet ial. iVGGNet iand iResNet iwere 

itwo iof ithe iCNN idesigns ithey iemployed. iThey iconducted ian 

iexperiment iusing ithe ipublic idataset iof i 4504 i retina i images 

iand iobtained ian iarea iunder icurve i(AUC) iof i0.973 i with 

i92.25% i sensitivity i and i 89.04% i specificity i i ifor i i i ireferral 

iDR, i99.42% isensitivity ifor ivision-threatening iDR, i and 

i97.19% isensitivity ifor idiabetic imacular ioedema i[24]. iThe iDR 

istages iare i i ibased i i ion i i i ithe i type i of i lesions i that i appear 

ion ithe iretina.This iarticle ihas ireviewed ithe imost irecent 

iautomated isystems iof idiabetic iretinopathy idetection iand 

iclassification ithat iused ideep ilearning itechniques.The iavailable 

itherapies iare ionly iinvasive iprocedures ilike iintraocular 

iinjections iand iphotocoagulation. iAs iit iis ia ivery iserious idisease, 

ia idoctor ishould ibe icontacted iright i away[8]. 

III. IMPLEMENTATION 

A. iAcquistion i Of i Dataset 

The iproposed imodel iis itested ion ithe idataset icollected ifrom 

iKaggle irecognized iby iaptos isymposium.The idataset icontains 

ilarge inumber iof iretinal iimages itaken iusing ifundus iphotography 



 

Type i of 

i DR 
No. i of 

iimages 
class 

No iDR 25810 0 

Mild 2443 1 

Moderate 5292 2 

Severe 873 3 

Proliferative 708 4 
TABLE i I 

NUMBER iOF i IMAGES i iOF i 5 iDIFFERENT i iCLASS i iIN i i THE i 

i DATASET 

 

 
 

under imany iimaging iconditions.It icontains i35126 iimages iwith 

i5 i classes ishown i in i the itable i I. 

A. Preprocessing 

Preprocessing istep iinvolves iresizing ithe iimages ito iresolu- 

ition iof i224*224 ithen icropping ithe iimages iand itransforming 

iinto iarray isince ithe iimages icannot ibe idirectly ifed ito ithe 

imodel.The iRGB iimages iare iconverted ito i grayscale 

iimages.For ibetter iresults idata iaugmentation iwas idone iwith 

ihelp iof iimage igenerator. 

B. Convolutional ineural inetwork i Architecture 

A iConvolutional iNeural iNetwork iarchitecture iis ione iof ithe 

itype iin iDeep iLearning iarchitecture icommonly iused ifor iimage 

iclassification iand irecognization itask.Facial iand ivideo iRecogni- 

ition, iAnalyzing iDocuments i, iEnvironmental iCollections, istudy 

iof iClimate ichanges, iImage iand ivideo iidentification, irecom- 

imended isystems, imedical iimage icategorization iand 

ievaluationare isome iof ithe iapplications. 

Steps i in i CNN 

• Convolution 

• Max i Pooling 

• Flattening 

• Fully i connected 

Convolution i Layer 

The iconvolution ilayer iis ithe icore ibuilding iblock iof ia iConvo- 

ilutional iNeural iNetwork. iThe iparameters iin ithis ilayer iconsists 

iof ia iset iof iK ilearnable ifilters i(i.e., i“kernels”), iwhere i each 

ifilter ihas ia iwidth iand ia iheight, iand iare inearly ialways 

isquare.These ifilters iare ismall ibut iextend ithroughout ithe ifull 

idepth i of i the i volume. iFor i  i inputs i  i to i  i the i CNN, ithe 

i depth iis ithe inumber iof ichannels iin i the i image.At i each 

iconvolutional i layer i in i a i CNN, i there iare i K ikernels 

i applied ito ithe iinput i volume. i Each i of i the iK ikernels iis 

iconvolved iwith ithe iinput ivolume. iEach ikernel iproduces ian i2D 

ioutput, icalled ian iactivation imap.After ieach iconvolution ilayer 

iin ia iCNN, iwe iapply ia inonlinear iactivation ifunction, isuch i as 

iReLU. 

Max i Pooling 

Another icomponent iof ia iCNN iis ithe ipooling ilayer. iThe ipro- 

iportions iof ifeature imaps iare icompact iby iusing ipooling ilayers. 

iAs ia iresult, ithe iparameter ilength iand iprocessing itime iin ithe 

inetwork iare iboth ireduced. iEach ifeature imap iis i dealt 

iseparately iby ithe ipooling ilayer. iIn ipooling ioperation iMax 

ipooling iis ithe ibest ialternative iin iorder ito iretain ithe 

icharacteristics i.In iMax ipooling, imaximum ielement ifrom ithe 

iregion iof i the i feature i map i enclosed i by i the i filter. iAs ia 

iresult i, i the i output i of i i imax-pooling i i ilayeri i i icontains i i ithe 

imost iprominent ifeatures.iIn ithe iproposed iworki Max ipooling 

with iFully iconnection i4x4 iis ichoosing ito iobtain imaximum 

ivalue i in i the i4x4 i window. 

 

 
Fig. i 2. i Pooling i Layer i with i stride i 1 i and i stride i 2 

 
Flattening 

Flattening iis ia isimple istep iwhich iinvolves itaking ithe ipooled 

ifeature imap ithat iis iobtained ifrom ithe ipooling ilayer iand iconvert 

ithem iinto ia ione idimensional ivector iso ithat iit ican ibe ifed iinto 

ifully iconnected ilayer iin iwhich ifinal iclassification iis igoing ito 

ibe i done. 

 

 
Fig. i 3. i Flattening 

 
Fully i connected 

Fully iconnected ilayers iare iFeed iforward ineural inetwork. iThe 

iterm ifully iconnected imeans ievery inode iin ithe ifirst ilayer iare 

iconnected ito ithe ievery inode iin ithe isecond ilayer. iThe iout ifrom 

ithe ilast ipooling ilayer i is i flattened i and i then i given i to i as 

iinput ito ithe ifully iconnected ilayer. iFully iConnected ilayers 

iclassify idata ibased ion iattributes i acquired i by i preceding 

ilayers. 

 

Fig. i 4. i Fully i connected 

 

 
C. Lenet-5 iArchitecture 

Lenet-5 i is i a5 i classic i convolutional i i ineural i i inetwork 

i(CNN) iarchitecture ithat iwas ioriginally ideveloped ifor idigit 

irecognition. iHowever, iit ihas ialso ibeen iused ifor ivarious iimage 



classificationi itasks, iincluding idiabetic iretinopathy i(DR) 

idetection. iThe iLeNet-5 i architecture i consists i of i the 

ifollowing i layers: 

• . i Input i Layer: 

This ilayer itakes i in i the i retinal i images i as i input. i The 

isize iof ithe iinput iimage ican ivary idepending ion i the 

idataset, ibut i it i is itypically i 32x32 i pixels i or i larger. 

• . i Convolution i Layer1: 

The ifirst iconvolutional i layer iapplies i six ifilters iof isize 

i5x5 ito ithe iinput iimage. iEach ifilter idetects ia ispecific 

ifeature iin ithe iimage, isuch ias iedges ior i corners. i The 

ioutput iof ithis ilayer iis ia iset iof isix ifeature imaps, ieach 

irepresenting ithe ipresence iof ia i specific i feature.The 

ioutput ifrom ithis ilayer ihas ia idimension iof i 28x28x6, 

iwhich iis ismaller iin isize ithanithe i original i image 

• . i Max i Pool i Layer1: 

After ithe ifirst iconvolutional ilayer, iLenet-5 iapplies ian 

iaverage ipooling ior isub-sampling ilayer iwith ia ifilter isize iof 

i2×2 iand ia istride iof itwo. iThis ilayer ireduces ithe idimensions 

iof i the i image i from i 28x28x6 i to i 14x14x6. 

• Convolution i Layer2: 

Thei isecond iconvolutional ilayer iconsists iof i16 ifeature 

imaps ihaving isize i5×5 iand ia istride iof i1. iIn ithis ilayer, ionly 

i10 iout iof i16 ifeature imaps iare iconnected ito i6 ifeature imaps 

iof ithe iprevious ilayer. iThe inumber iof itraining iparameters 

iin ithis ilayers iare i1516 iinstead iof i2400 iand isimilarly, ithe 

inumber i of iconnections i are i 151600 i instead i of 

i 240000. 

• Max i Pool i Layer2: 

The ifourth ilayer iis iagain ian iaverage ipooling ilayer iwith 

ifilter isize i2×2 iand ia istride iof i2. i This i layer i is i the 

isameas ithe isecond ilayer iexcept iit ihas i16 ifeature imaps iso 

ithe ioutput iwill ibe i reduced ito i 5x5x16. 

• Fully iconnected ilayer i1: iThe ioutput iof ithe isecond imax 

ipooling ilayer iis iflattened iand ipassed ithrough ia ifully 

iconnected ilayer iwith i120 ineurons. iThis ilayer ilearns ithe 

ihigh-level i features i and i correlations i in i the i i iinput 

iimage i. 

• Fully iconnected ilayer i2: iThe ioutput iof ithe ifirst ifully 

iconnected ilayer iis ipassed ithrough ianother ifully 

iconnected ilayer iwith i84 ineurons. iThis ilayer ifurther ilearns 

ithe icomplex i relationships i between i the i features. 

• Output ilayer: iThe ifinal ilayer iis ia isoftmax ilayer ithat 

iproduces ia iprobability idistribution iover i the ifive iclasses 

iof iDR iseverity. iThe iclass iwith ithe ihighest iprobability iis 

ipredicted ias i the i output. 

 
Configuration iof i hyper-parameters i in i model 

 

 

 

 

 
 

TABLE i II 
COMPARISON i OF i HYPERPARAMETERS i USED i IN iTUNING i THE 

i MODELS 

The icomparison iof ivarious iconfigurations iof ithe iCNN 

iarchitectures iis idone. iAll ithese ipre-train i CNN iarchitectures 

iare iimplemented iin iPython i3.8 iand iKeras ideep ilibrary iwith 

iTen- isorflow ibackend. iThe idetail iof ithe inetwork, ibatch 

isize,epochs, iand ilearning irate iis igiven iin iTable i II, 

irespectively. 

IV. RESULTS i i i iAND i i i i DISCUSSIONS 

The iaccuracy iof ieach iclass ivaries, ias ishown iin ithe ifollowing 

ifigures, iwhere ithe iNo iDR iclass ihas ian iaccuracy iof i97.7%, ithe 

imild iclass ihas ian iaccuracy iof i94%, ithe imoderate iclass ihas ian 

iaccuracy iof i98.4%, ithe isevere iclass ihas i an i accuracy i of 

i97.8%, iand ithe i proliferative i class i has i an i accuracy i of 

i97.4%. 

 

Fig. i 5. i Result i predicted i as i class i No 

iDR 

 

 

Fig. i 6. i Result i predicted i as i class i Mild 

 

 

Fig. i 7. i Result i predicted i as i class 

i Moderate 

 

 

Fig. i 8. i Result i predicted i as i class 

i Severe 

 

 

 

Fig. i9. iResult ipredicted ias iclass 

iProliferative iDR 

 

In iour itesting, iwe iassessed ithe ilosses ifor itraining, ivalidation, 

iand i accuracy i over i the i validation i set. i To i demonstrate i the 

Model Batch 
Size 

Epoch Learning 
Size 

Optimizer 

Lenet-5 32 100 0.001 Adam i optimizer 

Inception i V3 8 50 0.001 Stochastic iGradi- 
ent i Descent 

Ensemble 8 50 0.01 SGD iand i Adam 
optimizer 

 



suggested iLenet-5 imodel’s iapplicability ito iidentify ithe iDR 

iseverity ilevel, icertain istatistical imeasures iincluding 

isensitivity(SE), ispecificity i(SP), if1-score, iand iaccuracy iwere 

ialso iper- iformed. 

The itrue-positive irate i(TPR) iand ifalse-positive irate i(FPR) 

iwere i inferred, i and i the i SE i and i i iSP i i iindices i i iwere 

ifrequently iemployed ito icompare ithe iperformance iof ithe 

itechnique. iFPR iis idefined ias i(1-SP), iwhereas iTPR iis ithe iSE 

imeasure. iTrue- ipositive i(TP) idisplays ithe ipositive i(P) i values 

iof ithe iclassifier iestimation ias iwell ias ithe ireal iinstance. iFalse- 

ipositive i(FP) isignals ithe igenuine icase’s inegative i(N) ivalue. 

iTrue-negative i(TN), ion ithe iother ihand, idisplays ithe iN ivalues 

iof iboth ithe iactual iand ianticipated ilabels ifrom ithe iclassifier. 

iFalse-negative i(FN) iindicates ithat ithe ireal iclass ivalue iis 

ipositive iwhile ithe iclassifier’s iN ivalue iis iindicated. iSE, iSP, iand 

iF-measure imetrics iare icalculated iusing ithe iequations ishown 

ibelow. 

Sensitivity ior iTPR=TP/(TP+FN) 

iSpecificity ior iFPR i=FP/(FP+TN) 

iAccuracy=TP+FP/(TP+FP+TN+FP) 

F1-measure= i 2TP/(2TP+FP+FN) 

 

 

 

 
Fig. i 10. i Training i Accuracy 

 

 

 

 
Fig. i 11. i Training i Loss 

(loss i function) 

Figure i 10 i and i figure i 11 i depicts i i ithe i accuracy i i icurve 

iand iloss icurve irespectively.Accuracy icurve iis iobtained iby 

iplotting iepoch ivs iaccuracy iwhich iindicates ithe ichange iin 

iaccuracy iafter ieach iepoch iand iit ican ibe inoted ithat ithe iaccuracy 

ikept ion iincreasing ias ithe imodel iwas itrained.In ithe ifigure i11 

ithe iloss ikept ion idecreasing ias iwe iincreased ithe inumber iof 

iepochs. 

 
 

Fig. i 12. iClassification i Report i with i different i Evaluation i Metrices 

 
The iclassification ireport iis ishown iin ifig i12 iwhich iincludes 

iprecision,recall,f1-score i and i support i for i each i class. 

On i35,126 idigitised iretinal isamples, ia istatistical ianalysis 

ibased ion iSE, iSP, iF-measure, iand iaccuracy iwas iperformed ito 

idetermine ihow iwell ithe iLenet-5 isystem i performed i in 

iidentify- iing ieach iclass ifor iDR idiagnosis. iTable iIII ishows ia 

isignificant iimprovement iin ithe isuggested isystem’s iaccuracy 

i(97%) if1- iscore i(65%) iand irecall i(22%). iThe iresults ifor ithe 

inormal iclass i (SE: i 97%, i f1-score: i 90%, i and i accuracy: 

i85%), imild idiabetes iclass i(SE: i90%, if1-score: i14%, iand 

iaccuracy: i 95%), i i isevere i diabetes iclass i(SE: i2%, if1-score: 

i5%, iand iaccuracy: i100%), iand iproliferative iDR i(SE: i45%, if1- 

iscore: i60%, iand iaccuracy: i90%) i were i compared. 

 

 
 

 

As idemonstrated iin iTable iIII, ithe isuggested ilenet-5 isystem’s 

iperformance ihas ibeen istatistically ievaluated iand icontrasted 

iwith ipre-train iCNN iarchitectures. iFrom iTable iIII, iit ican ibe 

iinferred ithat ithe imodel’s iachieved iaccuracy iin iDR istage 

iclassification iis ihigher ithan ithat iof ithe iother ipre-train iCNN 

inetworks, iwith ian iaccuracy iof i97%. iThese ifindings ishow ithat 

ilenet i may i be i better i than i known i models i like i the 

i VGG-16, iInception i V3, i ensemble i models, i etc. 



V. CONCLUSION 

Automated iscreening imethods idrastically icut idown ion ithe 

itime ineeded ito imake idiagnoses, isaving i ophthalmologists’ 

itime iand imoney iwhile ialso ienabling ipatients ito ireceive 

itreatment isooner. iAutomated iDR idetection isystems i are 

icrucial ifor ispotting iDR iat ian i i iearly i i istage. i The i stages i i iof 

iDR iare idetermined iby ithe ikind iof ilesions ithat idevelop ion ithe 

iretina. iThis iarticle ihas iexamined ithe imost irecent ideep 

ilearning-based iautomated imethods ifor idetecting iand 

icategorising idiabetic iretinopathy. iWe ihave idetailed ithe 

ipublicly iaccessible icommon ifundus iDR idatasets iand iprovided 

ia iquick iintroduction ito ideep ilearning imethods.Due ito iits 

ieffectiveness, iCNN ihas ibeen iadopted iby ithe imajority iof 

iresearchers ifor ithe idetection iand iclassification i of i DR 

ipictures. iAdditionally, ithe ieffective imethods ithat ican ibe 

iapplied ito iidentify iand icategorise iDR iusing iDL ihave ibeen 

icovered i iini i i i i i ithis i ireview. 
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