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ABSTRACT

Adesktoppartnerbotwhochatswithyouwhenyouarebored.Thebotisbuiltwith

anMachineLearningalgorithm.Itchatswithyouasarealpersonwithamusing

replieswhichdoesn’tmaketheuserknowheisreallytalkingtoabot.Thebotisbuilt

withalimiteddictionarybutusesagreatalgorithm toimitatearealperson.Thebot

canbeusedtofindyouanamusingpartnerandhelpyouinbadtimes.Thedesktop

partnercomeswithareallifepersonimitation(RLPI)System designedin2013for

puttingforwardarealtimeintelligentchattingsessionforusers.Thealgorithm used

herehasaintelligentlybuiltinlogicandisdesignedtobetterchatwithIndianssince

it’sdictionaryisbetterconfiguredasperIndianmentality.

Emotion recognition plays veryimportantrole in recentdays to improve both

opennessandeffectivenessofHuman-computerinteraction.Emotionsincludethe

interpretation,perceptionandresponseofthefeelingsrelatedtotheexperienceof

anyparticularsituation.Emotionrecognitionisthetaskofrecognizingaperson’s

emotionalstatesuchasanger,sad,happy,etc.Emotionrecognitionconsistofthe

classificationofemotionfrom differentapproachessuchasfaceandbodyposeof

person.Theapplicationsofemotionrecognitionaremonitoring,law,entertainment,

e-learning,medicineandmanyothers.Inthispaper,wepresentanewapproachfor

buildingdesktopapplicationforchatbotusinggestures.Forexample,iftheuseris

feelingsad,thensystem willautomaticallyfetchajokefrom databaseandsenditto

theuseronthewindowterminal.System isabletosendsomelinks,webpagesor

informationbyrecognizingresponsefrom user.Forthiswholesystem,weareusing



technologieslikeML,ImageProcessing,Datamining,Pyhton,CNNetc.
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1.INTRODUCTION

1.1 OverallDescription:

Moodofpersondescribestheinherentemotionalmeaning.Detectionofmood

playasignificantroleinhumandialogue.TheChatbotisbuiltusinganartificial

intelligencealgorithm.Thebotchatswithyouasarealperson,withentertaining

replieswhich doesn’tmaketheuserknow heisreallytalking to abot.In

proposedsystem,wearepresentinganewapproachforbuildingapplicationfor

chatbotusinggestures.Myapplicationrecognizesthemoodofauserthrough

camera.Forexample,iftheuserisfeelingsad,thensystem willautomatically



fetchasadsongsandfrom databaseandsendittotheuseronthewindow

terminal.Thesystem isabletomakeaconversationthroughchattingapplication.

System isabletosendsomelinks,webpagesorinformationbyrecognizing

responsefrom user.Thehumanbodyispremeditatedtoknow-how stressand

reactstoit.Itchatswithyouasarealpersonwithamusingreplieswhichdoesn’t

maketheuserknow heisreallytalkingtoabot.Thebotisbuiltwithalimited

dictionarybutusesagreatalgorithm toimitatearealperson.Thebotcanbe

usedtofindyouanamusingpartnerandhelpyouinbadtimes.TheAIdesktop

partnercomeswithareallifepersonimitation(RLPI)System designedin2013

forputtingforwardarealtimeintelligentchattingsessionforusers.

1.2 Backgrounds:

Oneofthecurrenttopapplicationsofartificialintelligenceusingneuralnetworksis

the recognitionoffacesinphotosandvideos.Mosttechniquesprocessvisual

dataandsearchforgeneralpatternspresentinhumanfaces.Facerecognitioncan

beusedforsurveillancepurposesbylawenforcersaswellasincrowdmanagement.

Otherpresent-day applications involve automatic blurring offaces on Google

StreetviewfootageandautomaticrecognitionofFacebookfriendsinphotos.

Anevenmoreadvanceddevelopmentinthisfieldisemotionrecognition.Inadditionto

onlyidentifyingfaces,thecomputerusesthearrangementandshapeofe.g.eyebrows

andlipstodeterminethefacialexpressionandhencetheemotionofaperson.One

possibleapplicationforthisliesintheareaofsurveillanceandbehaviouralanalysisby

law enforcement.Furthermore such techniques are used in digitalcameras to

automaticallytake pictures when the usersmiles.However,the mostpromising



applicationsinvolvethehumanizationofartificialintelligentsystems.Ifcomputersare

abletokeeptrackofthementalstateoftheuser,robotscanreactuponthisand

behave appropriately.Emotion recognition therefore plays a key-role in improving

humanmachineinteraction.

1.3 Objective:

Inthisresearchwemainlyfocusonneuralnetworkbasedartificiallyintelligentsystems

capableofderivingtheemotionofapersonthroughpicturesofhisorherface.

Differentapproachesfrom existingliteraturewillbeexperimentedwithandtheresults

ofvariouschoicesinthedesignprocesswillbeevaluated.Themainresearchquestion

therefore reads as follows:How can an artificialneuralnetwork be used for

interpretingthefacialexpressionofahuman?

Theremainderofthisarticledescribestheseveralstepstakentoanswerthemain

researchquestion,i.e.thesub-questions.Insection2,aliteraturesurveywillclarify

whattheroleoffacialexpressionsisinemotionrecognitionandwhattypesofnetworks

aresuitableforautomatedimageclassification.Thethirdsectionexplainshow the

neuralnetworksunderconsiderationarestructuredandhowthenetworksaretrained.

Section4describeshowthefinalmodelperformsafterwhichaconclusionandsome

recommendationsfollowinthelastsection.Itmaybenotedthattheaim ofourworkis

nottodesignanemotionrecognizerfrom scratchbutrathertoreviewdesignchoices

andenhanceexistingtechniqueswithsomenewideas.





2.EXISTINGSYSTEM

Forthedevelopmentofasystem thatisabletorecognizeemotionsthroughfacial

expressions,previousresearchonthewayhumansrevealemotionsaswellasthe

theoryofautomaticimagecategorizationisreviewed.Inthefirstpartofthissection,

theroleofinterpretingfacialexpressionsinemotionrecognitionwillbediscussed.The

latterpartsurveyspreviousstudiesonautomaticimageclassification.

2.1Humanemotions:

Akeyfeatureinhumaninteractionistheuniversalityoffacialexpressionsandbody

language.Alreadyinthenineteenthcentury,CharlesDarwinpublisheduponglobally

sharedfacialexpressionsthatplayanimportantroleinnon-verbalcommunication[3].

In1971,Ekman&Friesendeclaredthatfacialbehaviorsareuniversallyassociatedwith

particularemotions[5].Apparentlyhumans,butalsoanimals,developsimilarmuscular

movementsbelongingtoacertainmentalstate,despitetheirplaceofbirth,race,

education,etcetera.Hence,ifproperly modelled,this universality can be a very

convenientfeatureinhumanmachineinteraction:awelltrainedsystem canunderstand

emotions,independentofwhothesubjectis.

One should keep in mind thatfacialexpressions are notnecessarily directly

translatableintoemotions,norviceversa.Facialexpressionisadditionallyafunctionof

e.g.mentalstate,whileemotionsarealsoexpressedviabodylanguageandvoice[6].

Moreelaborateemotionrecognitionsystemsshouldthereforealsoincludetheselatter

twocontributions.However,thisisoutofthescopeofthisresearchandwillremaina

recommendation for future work.Readers interested in research on emotion



classificationviaspeechrecognitionarereferredtoNicholsonetal.[14].Asafinalpoint

ofattention,emotionsshouldnotbeconfusedwithmood,sincemoodisconsideredto

bealong-term mentalstate.Accordingly,moodrecognitionofteninvolveslongstanding

analysisofsomeone’sbehaviourandexpressions,andwillthereforebeomittedinthis

work.

2.2Imageclassificationtechniques:

Thegrowthofavailablecomputationalpoweronconsumercomputersinthebeginning

ofthetwenty-firstcenturygaveaboosttothedevelopmentofalgorithmsusedfor

interpretingpictures.Inthefieldofimageclassification,twostartingpointscanbe

distinguished.Ontheonehandpre-programmedfeatureextractorscanbeusedto

analyticallybreakdownseveralelementsinthepictureinordertocategorizetheobject

shown.Directlyopposedtothisapproach,self-learningneuralnetworksprovideaform

of’blackbox’identificationtechnique.Inthelatterconcept,thesystem itselfdevelops

rulesforobjectclassificationbytraininguponlabelledsampledata.

Anextensiveoverviewofanalyticalfeatureextractorsandneuralnetworkapproaches

forfacialexpressionrecognitionisgivenbyFaselandLuettin[6].Itcanbeconcluded

thatbythetimeofwriting,atthebeginningofthetwenty-firstcentury,bothapproaches

workapproximatelyequallywell.However,giventhecurrentavailabilityoftrainingdata

andcomputationalpoweritistheexpectationthattheperformanceofneuralnetwork

basedmodelscanbesignificantlyimprovedbynow.Somerecentachievementswillbe

listedbelow.

(i) Abreakthroughpublicationonautomaticimageclassificationingeneralisgivenby



KrizhevskyandHinton[9].Thisworkshowsadeepneuralnetworkthatresembles

the functionalityofthe human visualcortex.Using a self-developed labelled

collectionof60000imagesover10classes,calledtheCIFAR-10dataset,amodel

tocategorizeobjectsfrom picturesisobtained.Anotherimportantoutcomeofthe

researchisthevisualizationofthefiltersinthenetwork,suchthatitcanbe

assessedhowthemodelbreaksdownthepictures.

(ii) InanotherworkwhichadoptstheCIFAR-10dataset[2],averywideanddeep

networkarchitectureisdeveloped,combinedwithGPUsupporttodecreasetraining

time.On populardatasets,such as the MNIST handwritten digits,Chinese

characters,andtheCIFAR-10images,near-humanperformanceisachieved.The

extremelylowerrorratesbeatpriorstate-of-theartresultssignificantly.Howeverit

hastobementionedthatthenetworkusedfortheCIFAR10datasetconsistsof4

convolutionallayers with 300 maps each,3 max pooling layers,and 3 fully

connectedoutputlayers.Asaresult,althoughaGPUwasused,thetrainingtime

wasseveraldays.

(iii)In2010,theintroductionoftheyearlyImagenetchallenge[4]boostedtheresearch

onimageclassificationandthebelonginggiganticsetoflabelleddataisoftenused

inpublicationseversince.InalaterworkofKrizhevskyetal.[10],anetworkwith5

convolutional,3maxpooling,and3fullyconnectedlayersistrainedwith1.2million

high resolution images from the ImageNet LSVRC-2010 contest. After

implementingtechniquestoreduceoverfitting,theresultsarepromisingcompared

to previous state-of-theare models.Furthermore,experiments are done with



loweringthenetworksize,statingthatthenumberoflayerscanbesignificantly

reducedwhiletheperformancedropsonlyalittle.

(iv)Withrespecttofacialexpressionrecognitioninparticular,Lvetal.[13]presenta

deep beliefnetwork specifically foruse with the Japanese Female Facial

Expression (JAFFE)and extended Cohn-Kanade (CK+)databases.The most

notablefeatureofthenetworkisthehierarchicalfaceparsingconcept,i.e.the

image is passed through the network severaltimes to firstdetectthe face,

thereaftertheeyes,nose,andmouth,andfinallythebelongingemotion.Theresults

are comparable with the accuracyobtained byothermethods on the same

database,such as Support Vector Machine (SVM) and Learning Vector

Quantization(LVQ).

(v) AnotherworkontheCohn-Kanadedatabase[1]makesuseofGaborfilteringfor

imageprocessingandSupportVectorMachine(SVM)forclassification.AGabor

filterisparticularlysuitableforpatternrecognitioninimagesandisclaimedto

mimic the function ofthe human visualsystem.The emotion recognition

accuraciesarehigh,varyingfrom 88% onangerto 100% onsurprised.A big

disadvantageoftheapproachhoweveristhatveryprecisepre-processingofthe

dataisrequired,suchthateveryimagecompliestoastrictformatbeforefeedingit

intotheclassifier.

(vi)Oneofthemostrecentstudiesonemotionrecognitiondescribesaneuralnetwork

abletorecognizerace,age,gender,andemotionfrom picturesoffaces[7].The

datasetused forthelattercategoryisoriginating from theFacialExpression



RecognitionChallenge(FERC-2013).Aclearlyorganizeddeepnetworkconsistingof

3convolutionallayers,1fullyconnectedlayer,andsomesmalllayersinbetween

obtainedanaverageaccuracyof67%onemotionclassification,whichisequalto

previousstate-of-the-artpublicationsonthesamedataset.Furthermorethisthesis

laysdownavaluableanalysisoftheeffectofadjustingthenetworksize,pooling,

anddropout.Underlinedbysomeotherliterature,themostpromisingconceptfor

facialexpression analysis is the use ofdeep convolutionalneuralnetworks.

However,thenetworkfrom [2](ii)isconsideredtobetooheavyforourlimited

amountofavailableprocessingresources.Theoriginalnetworkfrom [10](iii)is

largeaswell,butsmallerversionsareclaimedtobeequallysuitable.Furthermore,

dueto theirsomewhatanalyticaland unconventionalapproaches,wewillnot

evaluate[13](iv)and[1](v).Hence,inthenextsection,threedeeparchitecturesin

totalwillbesubjectedtoanemotionclassificationproblem.Thesearchitectures

arederivedfrom,butnotnecessarilyequalto,thenetworksdescribedatitemsi,iii,

and vi.



PROPOSEDSYSTEM

Proposed system uses a algorithms and technologies such as Haarcascade

detection.In thesystem picturesweretaken and according to thatmood get

detected.Inputslikefaceandemotionsaretakenfrom picture,andsystem willbe

providingchatboxtogiveresponse.

Proposed system uses Machine Learning techniques to provide Chabotwhich

provides chatting interface to communicate with user.System presenta new

approachforbuildingdesktopapplicationforchatbotusingtextandgestures.The

system isabletomakeaconversationthroughchattingapplication.System isable

to send some links,web pages orinformation byrecognizing response from

user.OurProposedsystem Detectssmileandstress.Ifsmileisdetectedthanjokes

pop-upswillbeshownonthescreen,ifstressisdetectedthaninspirationalquotes

pop-upswillbeshownonthescreen.Ondetectionofsmilehappysongsareplayed.



Ondetectionofstressinspirationalsongsareplayed.

Thealgorithm usedherehasaperceptivelybuiltinlogicandisdesignedtobetter

chatwithIndianssinceitsdictionaryisbetterconstructedasperIndianapproach.A

desktoppartnerbotwhochatswithyouwhenyouaretired.Thebotisbuiltwithan

artificialintelligenceprocess.Itchatswithyouasanactualpersonwithamusing

answerswhichdoesn‟tmaketheuserknowheisreallytalkingtoabot.

Thisproposedsystem basedonfacialexpressionextractedwillgenerateaplaylist

automaticallytherebyreducingtheeffortandtimeinvolvedinrenderingtheprocess

manually.Thus the proposed system tends to reduce the computationaltime

involvedinobtainingtheresultsandtheoverallcostofthedesignedsystem,thereby

increasingtheoverallaccuracyofthesystem.Facialexpressionsarecapturedusing

aninbuiltcamera.



TECHNOLOGIESTOBEUSED

1.IntroductiontoImageProcessing:

Inordertogetanenhancedimageandtoextractsomeusefulinformationoutofit,the

methodofImageProcessingcanbeused.Itisaveryefficientwaythroughwhichan

image can be converted into its digitalform subsequently performing various

operationsonit.Thisisatechniquesimilartosignalprocessing,inwhichtheinput

givenisa2Dimage,whichisacollectionofnumbersrangingfrom 0to255which

denotesthecorrespondingpixelvalue.

2.IntroductiontoOpenCV:

OpenCVisoneofthemostpopularcomputervisionlibraries.Ifyouwanttostart

yourjourneyinthefieldofcomputervision,thenathoroughunderstandingofthe

conceptsofOpenCVisofparamountimportance.Inthisarticle,Iwilltrytointroduce

themostbasicandimportantconceptsofOpenCVinanintuitivemanner.

OpenCVisacross-platform libraryusingwhichwecandevelopreal-timecomputer

vision applications.Itmainlyfocuseson image processing,video capture and

analysisincludingfeatureslikefacedetectionandobjectdetection.

3. MachineLearning:

Machine learning has solved many problems by choosing one machine learning

algorithm,feedingindata,andgettingtheresult.Wedonotneedtobuildourownneural

network.Wehaveaccesstoatrainedmodel thatcanbeused.Itdoesexactlywhatwe



needittodo— outputsabunchofnumbers(faceencodings)whenwepassinthe

imageofsomeone’sface;comparingfaceencodingsoffacesfrom differentimages

willtellusifsomeone’sfacematcheswithanyonewehaveimagesof.

4.OpenCV-Python:

PythonisageneralpurposeprogramminglanguagestartedbyGuidovanRossum,

whichbecameverypopularinshorttimemainlybecauseofitssimplicityandcode

readability.Itenablestheprogrammertoexpresshisideasinfewerlinesofcode

withoutreducinganyreadability.

ComparedtootherlanguageslikeC/C++,Pythonisslower.Butanotherimportant

featureofPythonisthatitcanbeeasilyextendedwithC/C++.Thisfeaturehelpsus

towritecomputationallyintensivecodesinC/C++andcreateaPythonwrapperforit

so thatwe can use these wrappers as Python modules.This gives us two

advantages:first,ourcodeisasfastasoriginalC/C++code(sinceitistheactual

C++codeworkinginbackground)andsecond,itisveryeasytocodeinPython.This

is how OpenCV-Python works,itis a Python wrapperaround originalC++

implementation.

AndthesupportofNumpymakesthetaskmoreeasier.Numpyisahighlyoptimized

libraryfornumericaloperations.ItgivesaMATLAB-stylesyntax.AlltheOpenCV

arraystructuresareconvertedto-and-from Numpyarrays.Sowhateveroperations

youcandoinNumpy,youcancombineitwithOpenCV,whichincreasesnumberof



weaponsinyourarsenal.Besidesthat,severalotherlibrarieslikeSciPy,Matplotlib

whichsupportsNumpycanbeusedwiththis.

SoOpenCV-Pythonisanappropriatetoolforfastprototypingofcomputervision

problems.

5.FaceDetectionusingHaarCascades:

ObjectDetectionusingHaarfeature-basedcascadeclassifiersisaneffectiveobject

detectionmethodproposedbyPaulViolaandMichaelJonesintheirpaper,“Rapid

ObjectDetectionusingaBoostedCascadeofSimpleFeatures”in2001.Itisa

machinelearningbasedapproachwhereacascadefunctionistrainedfrom alotof

positiveandnegativeimages.Itisthenusedtodetectobjectsinotherimages.

Herewewillworkwithfacedetection.Initially,thealgorithm needsalotofpositive

images(imagesoffaces)andnegativeimages(imageswithoutfaces)totrainthe

classifier.Thenweneedtoextractfeaturesfrom it.Forthis,haarfeaturesshownin

belowimageareused.Theyarejustlikeourconvolutionalkernel.Eachfeatureisa

singlevalueobtainedbysubtractingsum ofpixelsunderwhiterectanglefrom sum

ofpixelsunderblackrectangle.



Now allpossiblesizesandlocationsofeachkernelisusedtocalculateplentyof

features.(Justimaginehow muchcomputationitneeds?Evena24x24window

resultsover160000features).Foreachfeaturecalculation,weneedtofindsum of

pixelsunderwhiteandblackrectangles.Tosolvethis,theyintroducedtheintegral

images.Itsimplifiescalculationofsum ofpixels,howlargemaybethenumberof

pixels,toanoperationinvolvingjustfourpixels.Nice,isn’tit?Itmakesthingssuper-

fast.

6.CNN:

AConvolutionalNeuralNetwork(ConvNet/CNN)isaDeepLearningalgorithm which

cantakeinaninputimage,assignimportance(learnableweightsandbiases)to

variousaspects/objectsintheimageandbeabletodifferentiateonefrom theother.

Thepre-processingrequiredinaConvNetismuchlowerascomparedtoother

classificationalgorithms.Whileinprimitivemethodsfiltersarehand-engineered,

withenoughtraining,ConvNetshavetheabilitytolearnthesefilters/characteristics.



ThearchitectureofaConvNetisanalogoustothatoftheconnectivitypatternof

NeuronsintheHumanBrainandwasinspiredbytheorganizationoftheVisual

Cortex.Individualneuronsrespondtostimulionlyinarestrictedregionofthevisual

fieldknownastheReceptiveField.Acollectionofsuchfieldsoverlaptocoverthe

entirevisualarea.

7.IntroductiontothePythonDeepLearningLibraryTensorFlow:

TensorFlow isanend-to-endopensourceplatform formachinelearning.Ithasa

comprehensive,flexibleecosystem oftools,librariesandcommunityresourcesthatlets

researcherspushthestate-of-the-artinMLanddeveloperseasilybuildanddeployML

poweredapplications.

TensorFlow isaPythonlibraryforfastnumericalcomputingcreatedandreleasedby

Google.

ItisafoundationlibrarythatcanbeusedtocreateDeepLearningmodelsdirectlyorby

usingwrapperlibrariesthatsimplifytheprocessbuiltontopofTensorFlow.

WhatisTensorFlow?

TensorFlowisanopensourcelibraryforfastnumericalcomputing.

ItwascreatedandismaintainedbyGoogleandreleasedundertheApache2.0open

sourcelicense.TheAPIisnominallyforthePythonprogramminglanguage,although

thereisaccesstotheunderlyingC++API.

UnlikeothernumericallibrariesintendedforuseinDeepLearninglikeTheano,



TensorFlow was designed foruse both in research and developmentand in

productionsystems,notleastRankBraininGooglesearchandthefunDeepDream

project.

ItcanrunonsingleCPUsystems,GPUsaswellasmobiledevicesandlargescale

distributedsystemsofhundredsofmachines.

ARCHITECTUREDIAGRAMS



OUTPUT



Fig1.ANGRY

Fig2.SAD



Fig3.NEUTRAL



Fig4.HAPPY

CONCLUSION

Iftheuserisfeelingsad,thensystem willautomaticallyfetchajokefrom database

andsendittotheuseronthe Window terminal.Thesystem isabletomakea

conversationthroughchattingapplication.System isabletosendsomelinks,web

pagesorinformationbyrecognizingresponsefrom user.Itwillhelptodecrease

levelofstressonmind.Alsosupportstressmanagement.
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