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ABSTRACT  
   

  

Thisisubmittedireportidrawsiaicomparisonibetweeni2iseparateimodelsi,toidetectitheihand 
iwrittenitextiwhileimakingiuseiof:- 
i“MNIST“EMNIST”idatasets.iTheiupshotiwillibeiaisystem-structureiwhichialmosti 
accuratelyiinformiabouti:  

  

i) Givenidigit/s ii) 

iGivenialphabet/s  

Thei“2imodels”iiniwhichiweimakeicomparision:  
  

*”ArtificialiNeurali NetworkiModel”  
  

*i“RandomForestiModel”  
  

  
  

Alsoidoneiplanningitoiadditionallyiexperimentiwithisomeidifferentihyperparametersiiniorderi 
toimax.itheitest_accuraciesi&ialsoiloweri“overfittingness”iasiattainable.  

  

“EMNIST”/”MNIST”iareitheimosticommonidatasetsiavailableionitheiinternetiwhichicani 
beusediforihandiwritingianalysisi&idetection.TheiMNISTidatasetsicontainsiabouti“60000 
training-imgsi&i10000itestiimages”.iTheiEMNISTidatasetsihaveiabouti“124800itrainingi 
imagesi&20800itestiimages”. 
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1  

  

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii“CHAPTER-1”  
   

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii“INTRO-DUCTION”  
  

  

#1.1”IntroductionitoiHandwritingiDetection”  

  

  

“Handwritingidetection”itechniquesicanibeiidentifiediasitheicapabilityiofiaicomputer/sitoitakeiinputiandico 

mputingitheihandwrittenitextifromitheisourcesisuchiasitouchscreens,iphoto‟si,ipapersheet/s,iandiotherisimilar

idevicei.iTheiOPTICALiCHARACTERiRECOGNITION( 

OCR)iprinciplesicanibeiputiintoiuseiwhileisensingitheiimageiofihandwrittenitextifromitheipaperiasi„offline‟.i

Otherwise,iforiinstance,itakeiaipen/pencilibasedi“comp.iscreenisurface”iisiperfectiexampleiofimotion 

siofipen-tipiwhichicanibeisensedioverias 

„online‟.iItiisiusuallyieasieriworkitoidoiasithereiareimoreicluesiforius.  

  
Theifacilityitoistoreitheihand-

writtenicontentidigitally,iandialsoiconvertingitheidigitalizedsignaturesiwhichicomputericanieasilyiinterp

ret,ietc.iareiamongstitheiusesiofiiti.  

  
Hereionlyitheiworkitoiclassifyitheitextiutilizingi“artificialineuralinetworks”iisidone.iTheilargeidatabasesio 

fihandwritingidigit/numbersisuchiasi“MNIST”iareiusediforitheitask.iHandlingiofitheitaskisuchiasitoiform 

at,segmentiititoicharactersiisialsoidoneihere.iTheiperfectlyisuitediwordiisisearched.  

  

   

  
Fig.#1.1”iImage_of_ihandwriting-idetection” 



2  

  

#1.1.1”Examplesiofihandwrittenitext”  

  

  

 Belowigivenisomei“handwrittenitexts”isamples.iSurely,iexistsiainumberiofiapplications/service 

igrowniusingimentioneditech.  

  

  

 
(#a)iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii(#b)  

  

  

  
  

  

(#c)iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii(#d)  

  

  

  



3  

Fig#1.1.1”Handwritten-textiimg”i(#a)iImg-1i(#b)iImg-2i(#c)iImg-3i(#d)iImg-4 #1..1.2”Use-

casei:*handwriting-detectioniIniPostal-Service”  

  

  

Thei“PostaliServiceiDept.”iofitheiUSAiintroducediaisoftwareisys.inamedi“Handiwritteniaddress 

iinterpretation”iwhichisortsiIiandialliaboutininty-fiveipercentiwritten  

(handwritten)imailsiautomatically.iMentionediUse_caseiexplainsitech-working.  

  

  
  

  

Fig..#1.1.2”Use-casei:Handwriting-detectionipostal—serv.” #1..1.3”Detectingitheihand-

writingiini“AUTHORiIDENTIFICATION-SYSTEM”UseiCase”  

  

  

Weicanieasilyirecognizeitheiwriteriofitheiwrittentexts(i.e.iauthor)ibyijustiexaminingithe 

ipresentedihandwritten-texts.  

iTheiaboveialsoigoesibyitheinamei“handwrittenibiometricirecognition”.  



4  

  

#1..2Steps:“handwriting-detection”  

  

  

*1).”Line--Segmentation”  

  

  

*2).”Character--Segmentation”  

  

  

*3).“Pre-processitheiimageiin-orderitoipullioutinoise”  

  

  

*4).”TryifittingimethodologyitoienactiHandwriting_detection”  

  

  

#1.2..1”Line--segmentation”  

  

  

  
  

  

(#a)iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii(#b)  

  

  

  Img#1..2.1)Line_Segmentationi(#a))iOrg.-Imagei(#b))Resultiline_segmentationiimg. 

Theiprocessiofiseparationiofilinesiinitheigivenitext,iisi“line- 

segmentation”.iLetsiassumeitheigivenilinesiareiteniinitheihandwrittentext.iForemostistepiisithe,i 

labellingi 

everyiobtainediline.iTheiaboveistepiisiofigreatiimportanceiasicharactersiinihandiwritingitextsi  
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 ibeidifferentiatediprioriuse-ofithei“recognitionitechniques”.  

  

   

Asidistictipersoniownsidistinctiways/styleiofihand-

writing.iSomeipossesiangledwritingiofiwordsiandigapiinbetweenitheiline/siisiunequal,icreatingidiff

icultiesiinilinesegmentation.  

  

  

“EdgeiDetectioniTechniques”iisiutilizedihere.iEveryi“edgeidetectionitechnique”icanibeichange 

ditoidoi“lineisegmentation”iasiperineed.  

  

#1.2.2)”CharacterSegmentation”  

  

   

  
  

  

Fig#(1.2..2)”Character-Segmentation”  
   

Nowiasithe“linesegmentation”iicompletesiwe‟lliplanitoispliticharacterifromicharacteriinithisiline.i

Theiattemptitoi 

disintegrateitheiimageicontainingistringsioficharacteritoismalleripartsiisi“characterisegmentation”.  

  

 Sizeiofitextsidifferifromilargeitoismall,iwithicharacterispacingiveryimuchitoiless.iAllibasedion 

personsihandwriting”.iTemplateiMatching”ihelpsiiniobtainingiuniqueipropertyioficharacterimage. 
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Theiresultiofithisiprojectiwillibeiasisuppose,iweipossessiaicharacterianditheniweiunderstand,itheniwei

gainiknowledgeiofiitianditheniweifindiwhaticharacteriitiisi&iwhichiletteripossessiit.iThatsii 

oneiofitheisegmentiini“handwriting-detection”.  

  

#1..2.2)”Theipreprocessingitechnique/s”iiniorderitoiremoveinoise  

  

  

Nowiletsigetitoi“pre-processingitech.”iwhichiwe‟lliperformionihnd writingitext.  

Firstlyiwe‟lliremoveitheinoiseiusingi‟noiseiremovalitech.‟  

.  

Noiseioccuriinivariousiformsi,asiviewableiiniwhite-

blackidottediformioniimages,knowniasisaltipepperinoises.  

Itioccursibecauseioficlickinginoise,particlesiofidust,etc 

.  

  

  

 
  

  

(#b))iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii(#a)  

  

  

Fig.#1..2.3)Medianifilteringi(#a)Result-Image(#b)Original-Image  

  

  

Iniorderitoicontroliandilessenitheseisortiofinoises,i“medianifiltering”iisiused 

.  

  

Itsiworkingiisidoneibyiselectingiaisetino.iofi“pixels”,ifurtheriallotingiit‟sival.itoitheinearbyipi 

xel/s.  

  

  

Sayiinstancei: -  
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Letsisetiaino.iofipixelsiiniaigroupi“y” 

  
  

  

#1.2..3.1)“TheiMorphologicaliioperation”  

  

  

Nextiactioniwhichicoulditakeiexecution,i“morphologicalioperation”iiniorderiicancelinoises.iC 

larifyi&ismootheningibyiexcludingitinyi“protusians”iinitheicharacteriisidone.  

Itihelpsiinidistinctlyiidentifyicharacterifromitheiothericharacter.  

  

  

 
  

  

(#b)iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii(#a)  

  

  

#Fig.1.2..3.1)”Morphological-Operation”(#a)iResult-Imgi(#b)Actual-Img 

#1..3)”AniIntroitoitheiNeural-network”  

  

  

Interconnectingigroupiofinodesicanibeireferencediasi“neuralinetworks”.  

Similaritoitheiconnected-networkiofineuronsiwithinicentralinervousisystem.  

  

Letiartificialineuroniwithinitheinervousisystemibeirepresentedibyidistinctiovalnodei&itoiconnectifromio

neio/pineuronitoii/piletsiassumeiarrows.  

  

“Thei2ibasicipartsiisiincorporatedibyiNNs”ioficentralinervousisysteminets:  
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(i)TheinodesiiniNNibeiNeuronsiinicentralinervousisystem.  

(ii)TheiweighsiiniNNibei„Synapses‟iinicentralinervousisystem.  

  

  
  

#Fig.1..3)”Neural-networks” 
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#1.3..1)”BasiciNeurali--  Networks”  
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#
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.  

  

    

  

#1.3..2)”Neural-network:i„AiClassifier-systems‟”  
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Artificialineuralinetworksiareiveryieffectiveiclassifiers.iForiexample,iweicanitrainianiANNito 

iclassifyicatsiversusidogs.iInithisiexample,icatsiandidogsiareiouri2iclasses.iItiwouldibeiaibina 

ryiclassificationiproblem.  

  

  
  

#Fig.)1.3..2”Neural-networks:classifier-system”  

  

  

#1.3..3)”WhyideployitheiNeural-Networks?”  

  

  

Neuralinetworkiwithiitsiabilityicanibeiuseditoideriveioridetermineitheiveryimeaningioficomplicat 

edidataithaticanibeiuseitoidetectitrendiandialsoicanibeiuseditoiextractipatternithatiareitooidifficul 

tiforihumanitoibeinoticeiorisomeiothericomputeritechniques.iAitrainedineuralinetworkicanibeith 

oughtiofiasianigeniusioriasianiexpertiinitheicategoryiofiinformationiitihasibeenigivenitoianalyze. 

iThisitrainedineuralinetworkicanibeiuseditoiprovideiprojectionsigiveninewisituationsiofiinterestia 

ndiansweriwhatiifiquestions.iOtheriAdvantagesiInclude:  

  

  

1.iAdaptiveiiLearningii:iiItiisiiianiabilityitoilearnihowitoidoiitasksibasedioniitheidataigiveniforiexperie

nceiinibeginnin gioritrainingi. 
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#1..3.5)”2-phaseicharacter/sirecogn.”  
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#Fig.1..3.5)‟2-phaseicharacter/s-recogn.‟  

  

  

 

    

balancing,ihowimanyinodesiyouineediforitheihiddenilayers.iiiii  
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#1.3..6)‟Multi-layerediPerceptrons[M.L.P]iclasifier‟  

  

  

TheiinextiitechniqueiiweiiuseiihereiiforiicharacteriirecognitioniiisiiMLPiiclassifier.iiThisiiisiiaiis 

ortiioficlassifieriiithatiiimayiiibeiiiusediiialternativeiiitoiiiaiiineuraliiinetwork.iiiNeuraliiinetwork 

iiimightiiigeticomputationallyiintensiveibasedionikindioficalculationiandialsoitheicomplexityiofit 

heiproblemineeditoiincreaseitheiquantityiofihiddenilayersisimplyitoiattainihigheriaccuracy.iTher 

efore,iiniorderitoidoithatiweigoioniincreasingitheihiddenilayersioritheiquantityiofihiddeninodes.i 

Theseiareinumberiofihiddeninodesiinifigure.iweimightiwantitoihaveianotherilayerilikeithis,iweim 

ightihavei3- 

4ihiddenilayeribasedionicomplexityiofitheiprogram.iComplexityiisitoidoiaicharacterirecognitioni 

forialliEnglishiialphabets.iiWe'veiitwenty-

sixiidifferentiialphabetsiiandiitoiidoiithisiitwentysixiidifferentialphabets,ineuralinetworkihasigotitoibei

complex.iWeihavei26idifferentialphabetsia 

nditoidoithisi26idifferentiialphabets,iineuraliinetworkiihasiitoiibeiicomplex.iiWeiicaniihaveiivari 

ousiidifferentiisizes,idifferentiistylesiiofiihandwriting.ii“A”iisimplyiicouldiibeiiwritteniiiniithous 

andsiiofiistylesiiandiitoiunderstandiallitheseithings,iweiareiworkingitoistoreianditoiseeihowitheip 

atterniisichangingibetweenitheivariousiways.iWeimightiwantitoipossessilotiofithisinetwork.iTher 

eforeithisicannoticanibeidecided.iThisiisitheilimitationiofiNeuraliNetworkiwhereiyourinetworkisi 

zeiasitoiincreasing.iYouicouldibeiguaranteediofigettingigoodiresultsioriyouimayinotibutitheithin 

giis,iifiyouiareiincreasingitheisizeiofinetworkiiyouriicalculationsiiareiiincreasing.iiWheniionceiit 

heiicalculationsiiareiiincreasing,iiyouricomputationalicapacityineeditoibeiincreasedioriyouimight 

inotibeieveniableitoiruniitionihomeiPCitoijustitestihowiitiworks.iiSoithatiisiwhereimultilayeredip 

erceptroniclassifiericomesiin.  

 

    



 

  
  

   

  
  

#Fig.)1..3.6”Multiple-layerediPerceptronsiclasifier”  
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1.4iProblemiStatement  

  

   

  
  

#1..4.1Solution :AniAnswer‟i  

  

  

TheiaboveiproblemicanibeisolvedibyiapplyingiNewifeatureiextractionitechniquesiandibyiusingia 

rtificialineuralinetwork.iByiapplyingiandiusingiaboveitechniquesiweiareiableitoiexpectihundredi 

percentiaccuracyioficharacterirecognitioniandimayisortioutiallikindiofiproblemsithatioccursidueit 

oitheiiOpticaliicharacteriirecognition.iiWeiihaveiidoneicomparediiArtificialiineuraliinetwork,iira 

ndomiforest,iXGBoostitoiseeiwhichitechniquesiperformibetter. 

  

  



 

#1..5)‟Objectives‟  

  

  

1.iToiUnderstandiproblemiofihandwritingidetection.  

  

  

2.iWeiaimitoicovertioldiliteratureiintoidigitizediform.  

  

  

3.iSystemiserveioriactiasiguideiandiworkingiinicharacterirecognitioniareas.  

  

  

4.iToidescribeisolutioniusingiArtificialineuralinetwork,iRandomiforest,iXGBoostiandicompar 

eitheiresultsiamongithemitoiseeiwhichialgorithmiperformsibetter.  

  

5.iApplyingitheisolutionitoiMNISTiandiEMNISTidataset.  

  

  

6.iToidemonstrateivariousitechniquesithatiareiuseditoiperformihandwritingidetection.  

  

  

7.iEmphasizeionitheilimitationiofivariousitechniques. 



 

  

  

CHAPTERi2  
  

 

LITERATURE i SURVEY 
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Chapter-#3  
  

  

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii„SYSTEMS-DEVELOPMENTS‟  
  

  

#3..1)‟MNIST—Dataset‟  

  

  

1.iMNISTiisiaidatabaseiofihandwrittenidigits.  

  

  

2.iItihasitrainingisetiofi60,000iimagesianditestisetiofi10,000iimages.  
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3.iItihasiblackiandiwhiteiimages  

  

  

4.iItihasi28x28ipixeliboundingibox  

   

  

  
   

  
#Fig.)3..1‟MNIST--idataset-img‟ 

  

#3..2)“EMNIST—dataset”  

  

  

1.iEMNISTiisiaidatabaseiofihandwrittenicharacteridigits.  

  

  

2.iItihasitrainingisetiofi1,24,800iimagesianditestisetiofi20,800iimages  

  

  

3.iItihasiblackiandiwhiteiimages  
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4.iItihasi28x28ipixeliboundingibox  
   

  

  
  

  

#Fig.3.2)‟EMNIST:Dataset-img‟ 

#3..3”Activation-Functions”  

  

  

1.iTheiActivationifunctioniintroducesinon-linearipropertiesitoitheiNetwork.  

  

  

2.iTheyiconvertianiinputisignaliofiainodeiiniaiNeuraliNetworkitoianioutputisignal.  

  

   

(a)iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii(b)iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii(c)  

  

     

#Fig.3..3)‟activation-func.(#a)step-func.(#b)sigmoid  

  

  

(#c)iRe-Luifunc.‟ 

#3..4)”Designisys.i:iMNIST-dataset”  
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  Dataisetiisidividediintoitwoiparts-trainingisetianditestiset.iTrainingisetihasi60000iimagesiof  

28*28igridisizeianditestisetihasi10000iimagesiofisameisize 

.iFirsti20iimagesi

fromitrainingisetiarei:

--  

  

  

#fig

.3..4)‟i20iimg.itrainin

g-sets:iMNIST-

dataset‟  

  

  

#3.4..1)”Artificial-

NeuraliNetworks”  

  

  

2-layer‟si“neural-

network”  

  

  

1.iInputilayeri:-

iItihasiinputishapei28

*28.  

  

  

2.iHiddenilayeri:iAisingleihiddenilayeriisiusediwithi128inodesiandiReLuiactivationifunctioniisiuse

d. 

3.iOutputilayeri:-iItihasi10inodes.iEachinodeirepresentsiaiclass.iThei10iclassesiareidigitsi(0-9).  
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   #fig.3.4..1)”2-layer:‟neural-networks‟”  

„Optimizer‟  

Adamiioptimizeriiisiiused.iiAdamiiisiianiiabbreviationiiforiiadaptiveiimomentiiestimation.iiAdam 

iOptimizeriisiaivariantiofistochasticigradientidescentialgorithmiithat‟sibeenidesignedispecifically 

iforitrainingideepineuralinetworks.iiItiisitheicurrentiibestichoiceiamongstigradientibasediconvexio 

ptimizationialgorithm.iAniadvantageiofiAdamiOptimiseriisithatitheihyperparametersirequireiless 

ituning.  

  

„Lossfunction‟  

  

  

Logarithmicilossifunctioni(sparse_categorical_crossentropy)iisiused.iTheigoaliofieachitrainingist 

epiisitoiminimizeithisilossifunction.iThisilossifunctioniisiusediinimulticlassiclassificationiwhen 

itheiclassesiweiareipredictingiareimutuallyiexclusive.  

„Metric:Evaluation‟  

  

  

Accuracyimetricsioriclassificationiaccuracyiisiusediforievaluatingiperformanceiofiourimodel 

. 

#3.4..2)”Random-Forest”  

  

  

Beforeiimplementingirandomiforest,ireshapeifunctioniisiused.iReshapeiifunctioniisiuseditoi 

changeidimensionsiiofianiarrayiwithoutichangingiitsidata.iIniouriproject,ireshapeifunctioniisiuse 
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ditoiconvertithreeidimensionaliarrayitoitwoidimensionaliarray.iIniouriproject,i6ihyperparametersi 

areiusediinirandomiforest.  

  

i.in_estimatorsii:-

in_estimatorsidefinesitheino.iofiitreesiinitheiforest.iTheidefaultivalueiofin_estimatorsiis 

i“100”.  

  

ii.imax_depthi:-

iTheimax_depthiisitheimaximumidepthiofitheitree.iTheidefaultivalueiofimax_depth 

iisi“none”.  

  

iii.imax_featuresi:--iTheinumberiofifeaturesitoiconsideriwhenilookingiforitheibestisplit:  

a)iIfi„int‟,itheniconsiderimax_featuresi=ifeaturesiatieachisplit.  

b)iiIfii„float‟,iitheniimax_featuresiiisiiaiifractioniiandiiint(max_featuresii*iin_features)iifeaturesii 

areiconsiderediatieachisplit.  

c)iIfi„auto‟,ithenimax_features=sqrt(n_features).  

  

  

d)iIfi„sqrt‟,ithenimax_features=sqrt(n_features)i(sameiasi“auto”).  

  

  

e)iIfi„log2‟,ithenimax_features=log2(n_features). 

if)iIfi„None‟,ithenimax_features=n_features.  

iv.imax_leaf_nodesi:-

iGrowsiitreesiwithiimax_leaf_nodesiinibestfirstifashion.iBestinodesiareidefinediasirelativeiredu

ctioniiniimpurity.iIfiNoneitheniunlimitedi 

numberiofileafinodes.iTheidefaultivalueiofimax_leaf_nodesiisinone. 

v.in_jobsi:iTheinumberiofijobsirunningiiniparalleliforibothifitiandipredict.iNoneimeansiprogra

miisiusing ionlyi„1‟ijobiandi„-1‟iusingialliprocessors.iTheidefaultivalueiofin_jobsiisi„none‟.  

  

vi.irandom_statei:irandom_stateiisitheiseedirequiredibyitheirandominumberigenerator.iItiisiuseditoim

akeithei resultsiofitheiexperimenticanibeireproduced. 

#3..5)”Design‟siofisys.:‟iEMNIS-idataset‟”  

  

  

 Dataisetiisidividediintoitwoiparts-trainingisetianditestiset.iTrainingisetihasi124800iimagesiof  

28*28igridisizeianditestisetihasi20800iimagesiofisameisize 
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.iFirsti25iimagesifromitrainingisetiarei:--  

  
   

fig#.3..5:”first-25iimgsitrainingisets:iEMNIST-dataset” 

  

#3..5.1)„TheiArtificialiNeural-Networks‟  

  

  

„3-Layer:neural_network‟  

  

  

1.iInputilayeri:-iItihasiinputishapei28*28.  
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2.iHiddenilayeri:iTwoihiddenilayersiareiusediwithi256inodesiandiReLuiactivationifunctioniisiused.  

  

  

3.iOutputilayeri:iItihasi26inodes.iEachinodeirepresentsiaiclass.iThei10iclassesiareialphabetsi(A-iZ).  

   

  

„Optimizer‟  

  

  

Adamiioptimizeriiisiiused.iiAdamiiisiianiiabbreviationiiforiiadaptiveiimomentiiestimation.iiAda 

miOptimizeriisiaivariantiofistochasticigradientidescentialgorithmiithat‟sibeenidesignedispecifical 

lyiforitrainingideepineuralinetworks.iiItiisitheicurrentiibestichoiceiamongstigradientibasediconve 

xioptimizationialgorithm.iAniadvantageiofiAdamiOptimiseriisithatitheihyperparametersirequireil 

essituning.  

  

„loss-function‟  

  

  

Logarithmicilossifunctioni(sparse_categorical_crossentropy)iisiused.iTheigoaliofieachitrainingist 

epiisitoiminimizeithisilossifunction.iThisilossifunctioniisiusediinimulticlassiclassificationiwhenit 

heiclassesiweiareipredictingiareimutually exclusive.  

  

„Metric:Evaluation‟  

  

  

Accuracyimetricsioriclassificationiaccuracyiisiusediforievaluatingiperformanceiofiourimodel 

.  
   

#3.5.2)Randomforest  

  

 SystemidesigniforirandomiforestiisisameiasidescribediforiMNIST. 
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iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii“CHAPTER#4”  
  

  

“Performance-Analysis”  
  

  

#4..1)”iHyper-parameteritunings:Neural-networksiiniMNIST-dataset”:--  

  

  
  

  

Tab.#4.1)‟HyperparameterituningiofiNeuraliNetworkiforiMNISTidst  

  

  

#4..2)‟Hyper_parameter-tuning:iRandom-forestiiniiMNIST-dataset‟:--  

  

 
Tab.#4.2)”Hyper_parameter-tuningiRandomiForest:MNIST-dataset” #4..3)”Hyper-

parameterituning:Neural-NetworksiiniEMNIST—dataset”:--  
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Tab.)#4..3)”Hyper-parameterituning:ineural-networksiEMNISTidataset”  

  

  

#4..4)”Hyperparameter-tuning:Random-forestiEMNISTidataset”:--  

  

  

  

  
  

#Tab.4.4)”hyper-parameterituneiRandom-forest:EMNIST-dataset” 

#4..5)”Resultsiofi„MNIST‟:neural-network”  

  

  

#4.5.1)‟Training-steps‟  
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60000iimagesiareiusediinitrainingistep.  

  

  

  
  

 fig.#4.5.1)”Train-lossi&itrain-accuracy:MNIST-dataset”  

  

  

Inithisilossiisi0.0101iandiaccuracyiisi0.9975.  

  

     

#4.5..2)”Testing-steps”  

  

  

10000iimagesiareiusediinitestingistep.  

  

  

Inithisilossiisi0.0684iandiaccuracyiisi0.9785. 

#4..5.3)”Visualizingiofiprediction”  

  

  

Firsti25iimagesifromitestisetialongiwithipredictionsiareishowniasibelowi:-_  
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#fig.4.5.3)”first-25iimg‟si:itest-setiNeural-networks” 

#4..6)”Results:MNISTiUsingiRandom-Forest”  

  

  

#4.6..1)”Training-step”  

  

  

60000iimagesiareiusediinitrainingistep.iInithisiaccuracyiisi1.0  

  

  

#4.6..2)”Testing-Step”  

  

  

10000iimagesiareiusediinitestingistep 

.iInithisiaccuracyiisi0.9721.  

#4.6..3)“Visualisingi:Predictions”  

  

  

25irandomiimagesifromitestisetialongiwithipredictionsiareishowniasibelowi:--  
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#fig.4.6.3)”25irandomiiimg‟sitest-set:irandom-forest” 

#4..7)”Results:EMNISTiusediNeural-Networks”  

  

  

#4.7..1)“Training-step”  

  

  

124800iimagesiareiusediinitrainingistep.  
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 fig.#4.8..1)”Trainlossi&itrain-accuracy:EMNIST-dataset”  

  

  

Inithisilossiisi0.1296iandiaccuracyiisi0.9514.  

  

     

#4.7..2)”Testing-steps”  

  

  

20800iimagesiareiusediinitestingistep.  

  

  

Inithisilossiisi0.3085iandiaccuracyiisi0.9107. 

#4.7..3)”Visualizingithe:ipredictions”  

  

  

Firsti25iimagesifromitestisetialongiwithipredictionsiareishowniasibelowi:-  
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#a 

25irandomiimagesifromitestisetialongiwithipredictionsiareishowniasibelowi:-  
   

  



35  

  

  
  

   

#b  

  

 fig.#4..8.3)”Visualising-predictions:Neural-networks”#a)First-25-imgs:test-set  

  

  

#b)”25random-imgs:test-set” 

#4..8)”Results-EMNIST:usediRandom-Forest”  

  

  

#4.8..1)”Training-steps”  

  

  

124800iimagesiareiusediinitrainingistep.iInithisiaccuracyiisi1.0  
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#4.8..2)”Testing-Steps”  

  

  

20800iimagesiareiusediinitestingistep 

.iInithisiaccuracyiisi0.8858. #4.8..3)”Visualising-predictionss”  

  

  

Firsti25iimagesifromitestisetialongiwithipredictionsiareishowniasibelowi:-  

  

  

  
   

#a 

25irandomiimagesifromitestisetialongiwithipredictionsiareishowniasibelowi:-  
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#b  

  

 fig.#4.9..3)”Visualising-predictionss:Random-forests”#a)‟First-25-imgs:test-set  

  

  

#b)25-random-imgs:test-set 

  

#4..9)”Results-compare”  
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Weiusedi„MNIST‟iandi„EMNIST‟idatasetitoicreateiaihandwritingidetectionisystem.iUsingiMNI 

STidataset,iiticanilearnitoirecognizeinumbersifromi0itoi9.iUsingiEMNISTidataset,iiiticanilearnit 

oirecognizeialphabetsifromiiiAitoiZ.iWeicomparediitwoidifferentimodelsiinamelyiartificialineura 

linetworkii&iirandomiiforestiioniibothii„MNIST‟iiandii„EMNIST‟iidataset.iiWeiiexperimentedii 

withidifferentihyperparametersitoituneitheseimodels.iTheiresultsiareiasifollowsi:-  

 
   

 #Tab.4..9)‟Result-compare‟ 

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

iiiiiiiiiiiiiiiiiiiiCHAPTER-

#5  

  

  

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii“THE_CONCLUSION”  

  

  

#5..1)‟Conclusions‟  

  

  

ForiMNISTidataset,itheiperformanceiofiArtificialiNeuraliNetworkiisi„98.15%.iF 

oriEMNISTidataset,itheiperformanceiofiArtificialiNeuraliNetworkiisi„91.17%‟.  
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GoingifurtheriweicaniuseiArtificialiNeuraliNetworkiforihandwritingidetectionionimor 

eichallengingicases.  

  

#5..2)‟Future-scopes‟  

  

  

ThereiareiseveralinewitechniquesilikeiConvolutionalineuralinetworks,iRecurrentineura 

linetworks,iLong-ShortiTermiMemoryiunitsietc.  

  

Weicanialsoiuseiconvolutionineuralinetworkiforihandwritingidetection.  
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