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Abstract

This projectwas assigned to seventh semesterstudents fora better

understandingofhowtoworkonprojectsgivenbythedepartmentofcomputer



scienceandengineering,GU.Computervisiontechnologiesincombinationwith

camerastoachieveimagerecognitionhavehelpedthemachinetoperceive,

understandandinteractwithrealworldobjects.Themainobjectiveofthis

projectistodesignandbuildasystemwhichautomaticallyidentifiesanimage

byimplementingmachinelearningmodelsandimageprocessingtechniques.

SomeofthemachinelearningmodelsusedareGoogleLens,Instagramclone.

Imageclassificationisanimportanttoolforextractinginformationfrom digital

images.Imageclassificationisacomplexprocessthatmaybeaffectedbymany

factors.Thispaperexaminescurrentpractices,problems,andprospectsof

imageclassification.Theemphasisisplacedonthesummarizationofmajor

advancedclassificationapproachesandthetechniquesusedforimproving

classification accuracy. In addition, some important issues affecting

classificationperformancearediscussed.Themainroleofimageclassification

istodetect,recognizeandclassifythefeaturesofanobjectinanimage

dependingonthetypeofclass.Forthefactthatmanypeoplemaynotbevery

goodatrecognizingaparticularobjectanditsspecification,ourapplicationwill

presenta setofoptionsforcorrectlyverifying the selected Object.On

completionofthisproject,wehadabetterunderstandingofmachinelearning,

imageprocessingwhichisourprimaryfocusofthisproject.
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CHAPTER-1

Introduction

1.1.1IntroductionofProject:

LillsandandKieferdefinedimageprocessingasinvolvingmanipulationof

digitalimageswiththeuseofcomputers.Itisabroadsubjectandinvolves

processesthataremathematicallycomplex[1].Imageprocessinginvolves

some basic operations namely image restoration/rectification, image

enhancement,imageclassification,imagesfusionetc.Imageclassification

formsan importantpartofimage processing.The objective ofimage

classificationistheautomaticallocationofimagestothematicclasses[1].Two

types ofclassification are supervised classification and unsupervised

classification.Theprocessofimageclassificationinvolvestwosteps,training

ofthesystem followedbytesting.Thetrainingprocessmeanstotakethe

characteristicpropertiesoftheimages(form aclass)andform aunique

descriptionforaparticularclass.Theprocessisdoneforallclassesdepending

onthetypeofclassificationproblem;binaryclassificationormulti-class

classification.Thetestingstepmeanstocategorizethetestimagesunder

variousclassesforwhichsystemwastrained.Thisassigningofclassisdone

basedonthepartitioningbetweenclassesbasedonthetrainingfeatures.

ArtificialIntelligence(AI)isnowattheheartofinnovationeconomyandthusthe

baseforthisprojectisalsothesame.IntherecentpastafieldofAInamely

DeepLearninghasturnedalotofheadsduetoitsimpressiveresultsinterms

ofaccuracywhen compared to the alreadyexisting Machine learning

algorithms.Thetaskofbeingabletogenerateameaningfulsentencefroman

imageisadifficulttaskbutcanhavegreatimpact,forinstancehelpingthe

visuallyimpairedtohaveabetterunderstandingofimages.Thetaskofimage

captioningissignificantlyharderthanthatofimageclassification,whichhas



beenthemainfocusinthecomputervisioncommunity.Adescriptionforan

imagemustcapturetherelationshipbetweentheobjectsintheimage.In

additiontothevisualunderstanding oftheimage,theabovesemantic

knowledgehastobeexpressedinanaturallanguagelikeEnglish,which

meansthatalanguagemodelisneeded.Theattemptsmadeinthepasthave

allbeentostitchthetwomodelstogether.Captiongenerationisaninteresting

artificialintelligenceproblemwhereadescriptivesentenceisgeneratedfora

given image.Itinvolvesthe dualtechniquesfrom computervision to

understandthecontentoftheimageandalanguagemodelfromthefieldof

naturallanguageprocessingtoturntheunderstandingoftheimageintowords

in the rightorder.Image captioning hasvariousapplicationssuch as

recommendationsineditingapplications,usageinvirtualassistants,forimage

indexing,forvisuallyimpairedpersons,forsocialmedia,andseveralother

naturallanguage processing applications.Since 2006,deep structured

learning,ormorecommonlycalleddeeplearningorhierarchicallearning,has

emergedasanewareaofmachinelearningresearch[2].Severaldefinitions

areavailableforDeepLearning;coatingoneofthemanydefinitionsfrom[2]

DeepLearningisdefinedas:Aclassofmachinelearningtechniquesthat

exploitmanylayersofnonlinearinformationprocessingforsupervisedor

unsupervisedfeatureextractionandtransformationandforpatternanalysis

andclassification.ThisworkaimsattheapplicationofConvolutionalNeural

NetworkorCNNforimageclassification.Theimagedatausedfortestingthe

algorithmincludesremotesensingdataofaerialimagesandscenedatafrom

SUNdatabase.Therestofthepaperisorganizedasfollows.Section2deals

withtheworkingofthenetworkfollowedbysection2.1withtheoretical

background.TheworkingofCNNisdescribedinsection2.2.Section3gives

the experimentalprocedure in detail.Finally,section 4 dealswith the

experimentalresultsobtainedusingCNN.



1.1ProblemDefinition:

Indaytodaylifewehaveseenlotsofimagesoninternetandalmosteverywhere

like news,articles.Sometimesimageshavingsomeshortamountof

descriptionaboutitbutoutofthemsomeimagesarejustimagesandnothing

extraaswearehumanwecanfigureoutwhat’sinit.Sowearetryingtobuilda

modelthatwilltakeinputimagefrom userandthenmachinegivesasuitable

caption.Soduetothisourmodelcananalysethousandsofimagesandthenit

willbeusedfortestpurposestoknowwhatimagessays.Itisveryhelpfulin

ArtificialIntelligencetorecognizeimagesandgivesresponsestorequestsends

comesfromusers.

1.1.1ToolandTechnologyUsed:

Inthereportwefirstconsiderthetaskofimageclassificationseparately.Wetry

toclassifytheimagesofthecifar-10datasetusingvariousclassifiers.Wefirsttry

totrainthemodelusingaK-NearestNeighbourclassifier.Thenwetrytoapply

somelinearclassifiers.Theaccuracywiththesemodelswasmuchlessthan

expectedsinceahighlossfactoratthetimeofclassificationwillamplifytheloss

evenfurtheratthetimeofcaptiongeneration.Wethentrytotrainasimple

ConvolutionalNeuralNetworkandachievedecentresultswithinfewhoursof

training.Thus,bytheendofthissectionweconcludethatCNNareagoodfitto

beusedastheimageencoderforthecaptioningmodel.

Python:

Pythonisaninterpreted,high-level,general-purposeprogramminglanguage.

CreatedbyGuidovanRossum andfirstreleasedin1991,Python'sdesign

philosophyemphasizescodereadabilitywithitsnotableuseofsignificant

whitespace.Itslanguageconstructsandobject-orientedapproachaimtohelp



programmerswriteclear,logicalcodeforsmallandlargescaleprojects

Chapter2.

LiteratureSurvey

Theinternetisnowpackedwithanabundanceofphotosandvideos,fostering

searchprogress.Applicationsandalgorithmsthatcananalyseimageandvideo

semanticanalysis[1]to presenttheuserwithBettercontentsearchand

summarizationofthem.Significantbreakthroughshaveoccurredinimage

marking,targetrecognition,Classificationofscenes[2][3],areasidentifiedby

variousresearchersworldwide.Thisaddstomakeitpossibletoformulate

techniquesfortargetidentificationandsceneclassificationquestions.Since

artificialneuralnetworkshavebeendeveloped,Inthefieldofobjectdetection

and scene classification,especiallyconvolutionaryneuralclassification,a

performancebreakthroughhasbeendemonstrated.Thisthesisfocuseson

finding the rightnetwork forthis reason (CNN)[4][5][6].Extraction of

functionalityisacrucialcomponentofthestepsofthesealgorithms.Feature

extractionfromimagesrequiresextractingfromlow-levelimagepixelvaluesa

minimumnumberoffeaturescontainingahighvolumeofobjectorscenedetail,

thuscapturingthedifferencebetweenthetypesofobjectsconcerned.Scale-

invariantfeature transformation (SIFT)[7],histogram ofdirected gradients

(HOG)[8],Localbinarypatterns(LBP)[10],Content-BasedModelRetrieval

(CBIR)[11],etc.aresomeoftheconventionalfeatureextractionstrategiesused



onphotos.Oncecharacteristicshavebeenextracted,theirclassificationis

dependentonobjectsthatarepresentinanimage.Helpvectormachines(SVM),

LogisticRegression,RandomForest,decisiontreesetc.areafewexamplesof

classifiers.Inordertohelpunderstandthequalityofanimage,CNN has

presented an organisationalclass ofmodels,resulting in betterimage

identification,segmentation,identification,andretrieval.Inmanypatternand

imagerecognitionapplications,CNN'sareusedsuccessfullyandreliably,such

asgesturerecognition[14],facerecognition[12],objectclassification[13],and

scenedescriptiongeneration.Similarly,usingtheMNISThandwrittendigit

database[23],CNNsreacheddetectionrates(CDRs)of99.77percent,97.47

percentforthe3DobjectNORBdataset[24],and97.6percentonabout5600

imagesofmorethan10 objects[25].Theefficientintegrationofallthe

mentionedapplicationsisattributedtodevelopmentsandadvancementindeep

networkconstructionlearningalgorithmsandamoderateopensourcewide

labelleddatasetavailableforexperimentationpurposes,forexample,ImageNet,

CIFAR10,100,MNISTetc.[16]CNNhaswell-knowntrainednetworksthatuse

theseopen-sourcenetworkdatasetsandincreasetheirclassificationefficacy

afterbeingtrainedovermillionsofimagescontainedinCIFAR-100andImage-

Netdatasets.Millionsoftinyimagesarecomposedofthedatasetsused.They

canthussimplifyeasilyandcorrectly,andthereforeeffectivelycategorisethe

out-of-sampleinstancesoftheclasses.Itisimportanttonotethatwhensuch

comparisonsaremadeonabroaddatasetsuchasImage-Net,CIFAR10,100

etc,neuralnetworkclassificationandpredictionaccuracyanderrorratesare

almostcomparabletothatofhumans.Thepurposeofthisworkistoexamine

thecapacityofconvolutionaryneuralnetworkstocategorisethevideosceneon

thebasisofobjectsdefined.IntheCIFAR-100,CIFAR10andImageNetdatasets

forCNNtraining,anumberofimagecategoriesareused.Imagesinmultiple

typesandthemesaretheresearchdatasets.Duetotheroleextraction

capabilitiesofvariousCNNs,thecontradictionbranchesout.TThedeveloping



recognitionofMachinelearningplaysasignificantfunctioninawidescopeof

basic applications,forexample,information mining,common language

preparation,picture recognition,and masterframeworks.Since Machine

learninggivesapotentialarrangementineveryoneofthoseterritories,itis

supposedtobeamainstayoffuturedevelopment.AIcontainsavarietyof

buildingcalculationsthatmakethePCgainfromtheinformationandsettlingon

information-drivenchoicesjustasexpectations.ThefastdevelopmentofAI

fromthepreviousfewyearswelcomesahugeimpactonoureverydaylifewith

suchinstancesofAIforinsolvencyexpectation,precipitationdetermining,

climateestimating,self-drivingframeworksandopticalcharacterrecognition

andsoforth.ByconsolidatingAIapproacheswithcounterfeitknowledgecreates

asuperioroutcome[3].Despitethefactthatmachinelearningshowsan

excellentpresentation,itisn'tproductiveinhumandatahandlingframeworks,for

example,discourseacknowledgmentandPCvision.Thiscanbeoverwhelmed

bythe genuine forefrontofMachine learning isDeep Learning.Image

processing includes some fundamentalactivities to be specific:picture

rebuilding/amendment, picture upgrade, image classification, pictures

combination,andsoforth.Imageclassificationstructuresasignificantpieceof

picturehandling.Thetargetofpicturecharacterizationistheprogrammed

assignmentofthepicturetotopicalclasses[4].

Since2006,deepstructuredlearning,orallthemoreusuallycalleddeep

learningorprogressivelearning,hasrisenasanewregionofAIresearch[5].A

fewdefinitionsareaccessibleforDeepLearning;coveringoneofthenumerous

definitionsfrom [5]DeepLearningischaracterizedas:AclassofAImethods

thatabusenumerouslayersofnonlineardatahandlingformanagedorsolo

highlightextractionand changeand fordesigninvestigationfurthermore,

grouping.Computationalmodelsofneuralnetworkshavebeenaroundforquite

awhile,thefirstmodelproposedwasbyMcCullochandPittsasin[6].Neural

networksarecomposedofvariouslayerswitheachlayerassociatedwith



differentlayersshapingthenetwork.AfeedforwardneuralnetworkorFFNN

canbethoughtofintermsofneuralactivationandthequalityoftheassociations

betweeneachpairofneurons.

FeasibilityAnalysis

Thefeasibilityoftheprojectisanalysedinthisphaseandabusinessproposalis

putforthwithageneralplanfortheprojectandsomecostestimate.During

projectanalysisthefeasibilitystudyoftheproposedprojectistobecarriedout.

Thisistoensurethattheproposedprojectisnotaburdentothecompany.

Forfeasibilityanalysis,someunderstandingofthemajorrequirementsforthe

projectisessential.Threekeyconsiderationsinvolvedinthefeasibilityanalysis

are:

•EconomicalFeasibility

•TechnicalFeasibility

•SocialFeasibility

1.EconomicalFeasibility:

ThisstudyiscarriedouttochecktheeconomicimpacttheProjectwillhaveon

theorganization.Theamountoffundsthatthatcompanycanpourintothe

researchanddevelopmentoftheprojectislimited.Theexpendituresmustbe

justified.Thusthedevelopedprojectaswellwithinthebudgetandthiswas

achievedbecausemostofthetechnologiesusedarefreelyavailable.Onlythe

customizedproductshadtobepurchased.

2. TechnicalFeasibility:

Thisstudyiscarriedouttocheckthetechnicalfeasibility,thatis,thetechnical

requirementoftheproject.Anyprojectdevelopedmustnothaveahighdemand

ontheavailabletechnicalresources.Thiswillleadtohighdemandsonthe

availabletechnicalresources.Thiswillleadtohighdemandsbeingplacedonthe



client.Thedevelopedprojectmusthaveamodestrequirement;asonlyminimal

ornullchangesarerequiredforimplementingthissystem.

3. Socialfeasibility:

Theaspectofstudyistocheckthelevelofacceptanceofthesystembytheuser.

Thisincludestheprocessoftrainingtheusertousethesystemefficiently.The

usermustnotfeelthreatenedbythesystem,insteadmustacceptitasa

necessity.Thelevelofacceptancebytheuserssolelydependsonthemethods

thatareemployedtoeducatetheuseraboutthesystem andtomakehim

familiarwithit.Hislevelofconfidencemustberaisedsothatheisalsoableto

makesomeconstructivecriticism,whichiswelcomed,asheisthefinaluserof

thesystem.



Chapter3.

WorkingofProject

CNN:

TheConvolutionaryNeuralNetworks(CNN)areusedinavarietyoftasksand

have outstanding success in numerous applications.One ofthe first

implementationswheretheCNNarchitecturewassuccessfullyappliedwasthe

identificationofhandwrittendigits.WiththedevelopmentofCNN,networkswith

theinventionofnewlayersandtheinterventionofnumerouscomputervision

techniqueshave been constantly improved.In the ImageNetChallenge,

ConvolutionaryNeuralNetworksareoftenusedfordifferentconfigurationsof

sketchdatasets.Few oftheresearchersshowedalinkbetweenthehuman

subjectandtherecognitionabilityofaqualifiednetworkonimagedatasets.The

comparativefindingsshowedthathumanbeingshaveanaccuracyrateof73.1

percentonthedataset,whiletheresultsofaqualifiednetworkhaveanaccuracy

rateof64percent.Similarly,thesamewasextended to Convolutionary

NeuralNetworks as it yielded an accuracy of 74.9 percent,thereby

outperformingthehumanaccuracyrate.Thetechniquesusedoftenmakeuse

oftheorderofthestrokestoachieveamuchhigherdegreeofaccuracy.Studies

areunderwaytoexplainthebehaviouroftheDeepNeuralNetworkindifferent

circumstances.Thesestudiesdemonstratehowtheeffectsofclassificationcan

beseverelychangedbyminorchangesmadetoanimage.Alsointroducedin

theworkarepicturesthataretotallyunrecognisedbyhumanbeingsbutare

identifiedbyprofessionalnetworkswithhighaccuracyrates.Inthefieldof

attributedetectorsanddescriptors,therehasbeenalotofprogressandmany

algorithms and techniques have been developed forobjectand scene

classification.Theresemblancebetweenparticledetectors,texturephiltres,and

philtrebanksisusuallyappealingtous.Thereisanabundanceofstudyin

literatureofobjectidentificationandsceneclassification.Researchersmostly



use the latestup-to-date Felzenszwalb descriptorsand Hoeim meaning

classifiers.Theideaofcreatingdifferentobjectdetectorsforsimpleimage

analysisisanalogoustothemultimediacommunity'sworkinwhichavast

numberof"semanticconcepts"areusedforimageandvideoannotationsand

semanticindexing.Eachsemanticdefinitionislearnedbyusingeithertheimage

orframesofvideosintheliteraturethatappliestoourwork.Therefore,with

manycluttereditemsinthescene,theapproachishardtousetounderstandthe

picture.The previousapproachesconcentrated on the identification and

classificationofsingleobjectsbasedonahuman-definedfeatureset.Ses

suggestedmethodstoinvestigatethelinkageofartefactsinthedescriptionof

scenes.Tomeasureitsusefulness,severalsceneclassificationtechniqueswere

carriedoutontheobjectbank.Severalstylesofresearchhavebeencarriedout

toemphasisetheiremphasisonlow-levelobjectrecognitionandclassification

featureextraction,namelyHistogram ofdirectedgradient(HOG),GIST,philtre

bank,andfeatureabag(BoF)appliedviatermvocabulary.

ImageClassification

Themainaimofourworkistounderstandtheperformanceofthenetworksfor

staticaswellaslivevideofeeds.Thefirststepforthefollowingistoperform

transferlearningonthenetworkswithimagedatasets.Thisisfollowedby

checkingthepredictionrateofthesameobjectonstaticimagesandreal-time

video feeds.Thedifferentaccuracyratesareobservedandnotedand

presentedinthetablesgiveninfurthersections.Thirdimportantcriteriafor

evaluatingtheperformancewastocheckwhetherpredictionaccuracy varies



acrossallCNNschosenforthestudy.Itmustbenotedthatvideosarenotused

asatrainingdataset,theyareusedastestingdatasets.Hencewearelookingfor

thebestimageclassifierwheretheobjectisthemainattributeforclassification

ofscenecategories.Differentlayersoftheconvolutionalneuralnetworkused

are:

•InputLayer:ThefirstlayerofeachCNNusedis‘inputlayer’whichtakesimages,

resizingthemforpassingontofurtherlayersforfeatureextraction.

•ConvolutionLayer:Thenextfewlayersare‘Convolutionlayers’whichactas

filtersforimages,hencefindingoutfeaturesfrom imagesandalsousedfor

calculatingthematchfeaturepointsduringtesting.

•PoolingLayer:Theextractedfeaturesetsarethenpassedto‘poolinglayer’.This

layertakeslargeimagesandshrinksthem downwhilepreservingthemost

importantinformationinthem.Itkeepsthemaximumvaluefromeachwindow,

itpreservesthebestfitsofeachfeaturewithinthewindow.

•RectifiedLinearUnitLayer:Thenext‘RectifiedLinearUnit’orReLUlayerswaps

everynegativenumberofthepoolinglayerwith0.ThishelpstheCNNstay

mathematicallystablebykeepinglearnedvaluesfrom gettingstuckat0or

blowinguptowardinfinity.

•FullyConnectedLayer:Thefinallayeristhefullyconnectedlayerwhichtakes

thehigh-levelfilteredimagesandtranslatesthemintocategorieswithlabels.



Thestepsofproposedmethodareasfollows:

Creatingtrainingandtestingdataset:Thesuperclassesimagesusedfor

trainingareresized[32,32]pixelsandthedatasetisdividedintotwocategories

i.e.trainingandvalidationdatasets.

ModifyingCNNsnetwork:Replacethelastthreelayersofthenetworkwitha

fullyconnectedlayer,asoftmaxlayer,andaclassificationoutputlayer.Setthe

finalfullyconnectedlayertohavethesamesizeasthenumberofclassesinthe

trainingdataset.Increasethelearningratefactorsofthefullyconnectedlayer

totrainthenetworkfaster.

Trainthenetwork:Setthetrainingoptions,includinglearningrate,mini-batch

size,andvalidationdataaccordingtoGPUspecificationofthesystem.Trainthe

networkusingthetrainingdata.

Testtheaccuracyofthenetwork:Classifythevalidationimagesusingthefine-



tunednetwork,andcalculatetheclassificationaccuracy.Similarlytestingthe

finetunenetworkonrealtimevideofeedsforaccurateresults.

ActivityTimeSchedule

Phase1(Research):

•Chooseatopic

•Definethetaskandprepareaworkingtheory.

•Brainstormallpossiblesources

•Locateandevaluatesourcesforappropriatenessfortheproject.

•WriteaReport

Phase2(Implementation):

•Researchtheprerequisites

•DataAggregation/Mining/Scraping

•DataPreparation/Pre-processing/Augmentation

•ModelImplementation

•Training



•Evaluation

Design

Figure1.ImageFeatureExtractiononCNN

FlowchartofCNNClassificationModel











Chapter5.ImplementationandDescriptionofProjectModules

1.ImportingtheLibraries

2.LoadingtheCIFAR-100Dataset



Output

3.Superclassandsubclass



4.Visualization

5.DataPre-processing



6.Convertingclassvectorstobinaryclassvectors

7.CustomDataGeneratorClass

7.UsingPre-trainedEfficientNetB0



8.Trainourmodelwith15Epochs

9.Evaluatingthemodel



10.Predictingthemodel

11.ConfusionMatrix



12.VisualizingthePredictions

13.ModelTesting



Chapter4:

ResultsandDiscussion



14.SavingtheModel



Chapter5.

ConclusionandFutureScope:

Conclusion:

Herewedemonstrateamodelwhichcanrecognizeandclassifytheimage.

Lateritcanbeextendedforobjectrecognition,characterrecognition,andreal-

timeobjectrecognition.Imagerecognitionisanimportantsteptothevastfield

ofartificialintelligenceandcomputervision.Asseenfromtheresultsofthe

experiment,CNNprovestobefarbetterthanotherclassifiers.Theresultscan

bemademoreaccuratebyincreasingthenumberofconvolutionlayersand

hiddenneurons.Peoplecanrecognizetheobjectfromblurryimagesbyusing

ourmodel.Imagerecognitionisanexcellentprototypeproblemforlearning

aboutneuralnetworks,anditgivesagreatwaytodevelopmoreadvanced

techniquesofdeeplearning.Inthefuture,weareplanningtodevelopareal-

timeimagerecognitionsystem.

FutureScope:

ConvolutionalNeuralNetworks(CNNs) arethebackboneofimageclassification,

adeeplearningphenomenonthattakesanimageandassignsitaclassanda

labelthatmakesitunique. DIGITALIMAGEPROCESSINGformsasignificant

partofmachinelearningexperiments.TogetherwithusingCNNanditsinduced

capabilities,itisnowwidelyusedforarangeofapplications-rightfrom

FacebookpicturetaggingtoAmazonproductrecommendationsandhealthcare

imagerytoautomaticcars.ThereasonCNNissopopularisthatitrequiresvery

littlepre-processing,meaningthatitcanread2Dimagesbyapplyingfiltersthat

otherconventionalalgorithmscannot





References:

[1]Barboza,Flavio,HerbertKimura,andEdwardAltman."Machine

learningmodelsandbankruptcyprediction."ExpertSystemswith

Applications83(2017):405-417.

[2]Cramer,Sam,etal."Anextensiveevaluationofsevenmachinelearning

methodsforrainfallpredictioninweatherderivatives."ExpertSystems

withApplications85(2017):169-181.

[3]Ling,Zhen-Hua,etal."Deeplearningforacousticmodelingin

parametricspeechgeneration:Asystematicreviewofexisting

techniquesandfuturetrends."IEEESignalProcessingMagazine32.3

(2015):35-52.

[4]Lillesand,T.M.andKiefer,R.W.andChipman,J.W.,in“Remote

SensingandImageInterpretation”5thed.Wiley,2004

[5]LiDengandDongYu“DeepLearning:methodsandapplications”by

Microsoftresearch[Online]availableat:

http://research.microsoft.com/pubs/209355/NOW-Book

RevisedFeb2014-online.pdf

[6]McCulloch,Warren;WalterPitts,"ALogicalCalculusofIdeasImmanent

inNervousActivity”,BulletinofMathematicalBiophysics5(4):

115–133(1943)

[7]An introduction to convolutional neural networks

[Online]available

at:http://white.stanford.edu/teach/index.php/An_Introduction_to_Conv

olutional_Neural_Networks




