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ABSTRACT

Babysignlanguageisusedbyhearingparentstohearinginfantsasapreverbalcommunication,which
reducesfrustrationofparentsandacceleratedlearninginbabies,increasesparent-childbonding,and
letsbabiescommunicatevitalinformation,suchasiftheyarehurtorhungry.Inthecurrentresearch
work,astudyofvariousexistingsignlanguageshasbeencarriedoutasliterature,andthen,after
realizingthatthereisnodatasetavailableforbabysignlanguage,theauthorscreatedastaticdataset
for311babysigns,whichwereclassifiedusingaMobileNetV1,pretrainedconvolutionneuralnetwork
(CNN).Thefocusofthepaperistoanalyzetheeffectofgradientdescent-basedoptimizers,Adam
anditsvariants,Rmspropoptimizers,onfine-tunedpretrainedCNNmodelMobileNetV1thathas
beentrainedusingcustomizeddataset.TheoptimizersareusedtotrainandtestonMobileNetfor100
epochsonthedatasetcreatedfor311babysigns.These10optimizers,Adadelta,Adam,Adamax,
SGD,Adagrad,RMSProp,werecomparedbasedontheirprocessingtime.

KeywoRDS
Baby Sign Language, Convolutional Neural Network (CNN), Deep Learning, Gesture Recognition, MobileNet, 
Optimizer, Sign Language Recognition

INTRoDUCTIoN

Communicationhelpsindividualstoconveytheirthoughtsandsentimentssimultaneously,encouraging
ustogetfeelingsandthoughtsofothers.Therearetwomethodsweuseforcommunicationnamely
verbalandnon-verbalcommunication.InverbalcommunicationwespeakwithotherswhileNon-
verbalcommunicationincludesFacialexpressions,gesture,posture,handmovements.SignLanguage
ismajorlyusedbydeafanddumbcommunitytoexpresstheiremotions,thoughts,ideaswithothers.
DifferentcountriesareusingdifferentSignlanguagesimilartovernacularlanguagethereforethere
isnouniversalSignLanguageinexistence.AmericanSignLanguageisthemostwidelyusedsign
languageintheworld.NotonlyDeafandDumbcommunitybutalsochildrenwithdisorderslike
Autism,ApraxiaofSpeechDownSyndromealsogetsbenefited.Gesture,posture,eyegaze,facial
expressionplaysaroleinconversationusingSignLanguage.Staticgesturesordynamicgesturesare
usedforcommunication.Staticgesturesusehandposturesmadebythesignerwhicharehelpfulto
thesignertoexpresshisideasandcommunicatewithanormalperson(Figure1).
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Signlanguageusedbyhearingparentsofhearingchildren(agingbetween6monthsto6-8years)
toenhancecommunicationisknownasBabySignLanguage.Asweknowinfantsstartinteracting
throughfacialexpressionswiththeircaregiversatanearlyage,gazesandvocalizationssuchascooing,
cryingistheprimarymodeofcommunicationforinfants.Cryingiseffectiveatevokingavarietyof
caregivingresponses,butalimitationofthisformofcommunicationisthatcaregiversmustoftenrely
oncontextualcuestodeterminetheappropriateresponse()().Thesignsforbabiesaredifferentthan
typeofSignLanguageusedbydeaforhearinghitchcommunity.Babysignlanguageisagesture-based
communicationpreliminarytoverbalcommunication,whichreallyestablishesconnectionamongst
parentsandinfants.Thisearlycommunicationsetstheestablishmentforacceleratedlearning,reduced
frustration,andacloserconnectionbetweenparentandchild.MellisaJ.CesafskydefinesBabySign
Languageasatechniqueinwhichyouandyourinfant(ortoddler)usespecifichandshapes,gestures
andmotionstoconveyphrasesandmeaningswitheachotherquicklyandeasily.Typicalhearing
parentsandinfantsemploybabySignLanguage.Incomparisonwithsignlanguageusedbydeaf,
Babysignincludeskeywordsanddoesnotcontainlinguisticcomplexitiesastheyaretobeusedwith
Infants().TheresearchwasrecentlyconductedbyStirlingUniversity’spsychologistDr.Gwyneth
Doherty-Sneddon,UKonbabysigningandconfirmsthatsigningenhancesthechild’svocabulary
andmentalgrowth,decreasestantrumsandimprovesrelationshipswithparents,ascommunication
isfundamentalforchild’sdevelopment().

Babieswhoaretaughttocommunicateusinggesturesarebelievedtoenhancepsychological
benefits,suchasincreasedcertaintyandconfidence,forexample:feelingsoffrustrationmaynot
occurasoftenbecauseofaninabilitytocommunicate.Whenachildistooanxioustospeakclearly,
beingabletousesignsmightbeasupportsystem.Teachingsignlanguagealongwithspeechhas
demonstrated development of spoken communication abilities. Infants use gesture plus speech
combinations toformasign.Sign languagedoesnotslowababy’sverbaldevelopmentrather it
boostshis/herenthusiasmtolearnmultiplecommunicationtechniques,includingtalking(Figure2).

ThepaperisasSection2brieflysummarizestherelatedresearchworkcarriedoutinthisdomain.
TheproposedmethodologyandarchitectureofBabySignLanguagehasbeendescribedinsection3.
Section4describestheexperimentalresultsandfinallysection5concludesthepaper.

Figure 1. A small set of images depicting American Sign Language for words (courtesy: https://www.istockphoto.com/)
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Related work
Asthereisnouniversalsignlanguage,basedondifferentSignlanguagesintheworld,researcherstry
torecognizedifferentsignlanguageseitherusingavailabledatasetsordeveloptheirowndatabase.
Thedatasettheyuseisstaticordynamicorinsomecasesboth.

Agapitoetal.,(2014)andproposeanItalianSignlanguagerecognitionsystemrecognizes20
Italiangestures.TheyusedtheCLAP14datasetwhichismadeupofMicrosoftKinect.Thesystem
usestheMicrosoftKinect,convolutionalneuralnetworks(CNNs)andGPUaccelerationthatgives
91.7%accuracy.

Chillarigeetal.,(2019)andproposedIndianSignLanguagerecognitionsystemfor26alphabets
usingaconvolutionalneuralnetwork(CNN).TheytestedCNNmodelsontwodifferentdatasetswhich
theyhavecreatedandgivesaccuracy99.40whenthebackgroundisstaticandonlyhandgestures
areinputtedtothesystem.

DhruvimplementedASLrecognitionsystemformobileplatformwhichrecognizes24alphabets
fromMNISTusingTransferLearningprovidesanaccuracyof95.03%ofaccuracy

implemented the i3d inception model to Sign Language Recognition with transfer learning
method.100%trainingaccuracyachievedwith10wordsand10signerswith100classesbutthe
validationaccuracyisrelativelylow.Theyhaveexperimentedthedatasetformorethanonesigner
astheyincreasedthenumberofsigneraccuracydecreasesitbecame0for4signersand40words
duetooverfittingofthemodel.

presents a real-time American Sign Language (ASL) hand gesture recognizer which uses a
GoogLeNetandAlexNet,pretrainedConvolutionalNeuralNetwork(CNN)totrainadatasetgives
accuracyof95:52%withGoogLeNet,and99:39%withAlexNetafterfine-tuningthemodel.

NeelKamalproposedarealtimeIndianSignlanguageforalphabetsandnumbersinwhichthe
handgesturebaseddatasetiscapturedbytheMicrosoftKinectRGB-Dcamera.Theyemployed3D
constructionandaffinetransformationofcomputervisiontechniques.ConvolutionalNeuralNetworks
(CNNs)modeltrainedthese36staticgesturesandachievedanaccuracyof98.81%ontrainingusing
45,000RGBanddepthimages.

developedanalgorithmbasedonvision that isused to interpret thesign fromvideo to text
thatusesdeeplearningtoclassify100oddsignsdynamicASLperformedunderdifferentlighting
conditions.CNNacceptsspatialfeaturesinthevideoandLSTMRNNdealswithtemporalfeatures
ofvideo.Thesystemoffers99%accuracyforthe600-sampledataset.

Figure 2. A small set of images depicting Sign Language for words (courtesy: https://www.babysignlanguage.com/)
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proposesapre-trainedCNNSqueezeNetmodeltorecognizeAmericanSignLanguagealphabets
fromRGBimages.Imagesfromdatasetwereresizedandpre-processedbeforetrainingthemwith
DeepNeuralNetworkmodel.Themodeliscapableofrunningonmobiledevices,whichgives87.47%
trainingaccuracyand83.29%validationaccuracy.

proposedamachinelearningbasedclassificationinwhichtexturebasedfeatureswereextracted
usingGrayLevelCo-occurrencematrix(GLCM)andclassifiedtheprepareddatasetof60babysigns
usingKNNandRandomForestalgorithm.Theaccuracyofthesystemis73%ontheprepareddataset.

employsaKinectsensor,whichintegratestheskeletondata,colordata,anddepthdatatodetect
the palm using the Otsu thresholding method and morphology operators. The numerals and 20
alphabetsintheEnglishusedinthesignlanguagearepredictedbySVMwitharecognitionaccuracy
rateof70.59%

proposesBhutaneseSignLanguagedigitsrecognitionsystemusingtheConvolutionalNeural
Network(CNN)andadatasetthathas20,000signimagesof10staticdigitscollectedfromdifferent
signers.Theproposedsystemhasachieved97.62%trainingaccuracy.

Thedevelopedconvolutionalnetwork()torecognize24fingerspellingrecognitionforAmerican
SignLanguagealphabetswhichtakeimageintensityanddepthdataasaninput.Withtheproposed
architecture,thefirstblockhastwoseparateparts:OneextractstheedgesofRGBimages;theother
extractstheedgesofthedepth.Thefeaturesarethencombinedinthesecondblock.Thedeveloped
convolutionalnetworkoutperformspriorfindings,withprecisionof82%andrecallof80%,according
totheevaluation.

proposesareal-timemodelforISLgesturerecognition,basedontheincomingimagedatafrom
theKinect,ConvolutionalNeuralNetworks(CNNs)wereutilizedfortraining36staticgesturesof
IndianSignLanguage(ISL)alphabetsandnumbers.Themodelachievedanaccuracyof98.81%on
trainingusing45,000RGBdepthimages.

Methodology

Data
Standarddataset isnotavailable for researchpurposessowehave tocreateourown.Babysign
languageconsistsofkeywords,whichwillbeusedbybabies/infantstoconveytheirfeelings,need.
Soitdoesnotcontainthesignsforalphabetornumbersameasothersignlanguage.Babysignis
fewercomplexesasitdoesnotfollowlinguisticstructureasbabiesuseit.Signsaremadeupofoneor
morethanonegesturesowhilecreatingthedatasetforresearchwehavetoacquirethestaticgesture
independentlythenmergetheminordertoformasinglegestureforaparticularkeyword.Toacquire
theimageforkeywordswehaveuseda20MPdigitalcamera.Twosignersperformeachsign.The
acquisitionprocessiscompletedinacontrolledenvironment.RGBimagesofsigners,whichrepresent
somesignsusinghands,face,andhead,arecaptured.Thecapturedimageshavearesolutionof4608
X3456pixels.Indifferentilluminationconditions,twosignersperformagestureofeachsignten
times.Forthepointofconsistency,thebackgroundsinalltheimagesarethesameandtheduration
ofthisprocessisalmost30days.SamplesignsfromthedatasetareshowninFigure3.Asshownin
Figure3asignmayrequireoneormoregestures.

Forresearch,weconsidered311oddgestures,whichareusedfrequently.Thesignsthatinvolve
agesturesequencearecombinedtoformasignthegestureoftheBabySignnotjustinvolveshands
butalsodifferentpartsofthefacesuchasthechin,neck,ear,eyesetc.

Pre-Processing
Theproposedframeworkutilizesadeeplearningmethodfortherecognitionofthedatautilizedin
thepreparationstage,whichplaysanessentialroleintheentiresystem,sosimplyfeedingtheimages
captured inpreviousphase isnotsufficient.Weneedagoodmixtureof thedata that represents
varyingconditionsandposes,varyingsizes,ifweexpectthenetworkcangeneralizewellduring
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thevalidationphase.Deeplearningonoccasionmayrunintodifficultywheredatahasinadequate
amounts.Togetimprovedgeneralizationofthemodelwerequireadditionaldataandasmuchas
discrepancypossibleinthedata.Thisisachievedusingdataaugmentation.

Dataaugmentationisaprocessforexpandingthesizeofadatasetarbitrarilybycreatingmodified
copiesofthedatainthedataset.DataAugmentationencompassesasuiteoftechniquesthatenhance
thesizeandqualityoftrainingdatasetssuchthatbetterDeepLearningmodelscanbebuiltusing
them().Dataaugmentationmethods,forexample,trimming,rotation,brightness,andevenflipping
aregenerallyusedfordataaugmentation(Figure4).

Figure 3. Glimpse of Baby Sign Language Dataset comprising sign with Single gesture, two gestures, three gestures, four gestures

Figure 4. Data Augmentation

Figure 5. Resizing the image
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Eachsignisaugmentedusingrotation,brightness,flipping,andtransitiontechniquesinorder
toincreasesizeofthedata.Theaugmentationperformedonasingleimagehadgeneratedseven
differentvariationsofimages.

Aswepresenthugedatatothedeeplearningmodelsoweresizetheimageto64x64which
drasticallyreducescomputationtime.Capturedimagesareresizednotonlytoreducecomputational
timebutmemoryconsumptionalso(Figure5).

TheDeepLearningmodelissuppliedtheresizedimagedataset.Thedatasetissplitintotraining
andtestdatasets,withtheformeraccountingfor80%ofthedatasetandthelatterfor20%.

Convolutional Neural Network (CNN)
ConvolutionalNeuralNetwork(ConvNetsorCNN),neuralnetworks,primarilyusedwith image
datasetforimagerecognition,imagesclassifications,Objectsdetections,recognitionfacesetc.()(),
CNNcontainsthreemaintypesoflayers:ConvolutionalLayer,PoolingLayer,andFully-Connected
Layer(Figure6).

Some popular CNN architectures AlexNet, VGGNet, GoogLeNet, ResNet, MobileNet,
SqueezeNet().Inthiswork,wehavechosentheMobileNetV1modeltotrainforSignClassification,
asitislightweight.Insteadofmergingallthreechannelsandflatteningthem,MobileNetusesdepth-
separableconvolutionsthatcarryoutasingleconvolutiononeachcolorchannel;theseresultsinless
computingtimecomparedtoothermodels.

Figure 6. General CNN Architecture

Figure 7. Transfer Learning Process
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Transfer Learning
Convolutional Neural Network is very good at image classification” but training for a model
computationallyheavy(andsometimesnotfeasible).SowepreferTransferLearning,awaytobuild
modelsmoreaccurately,ispre-trainedmodelswhichareusuallytrainedwithImagenetdataset.In
transferLearning thepre-trainedmodelwillbehaveasabasemodelwhoseperformancecanbe
improvedorfittothecurrentproblembyfinetuningthehyperparametersbyaddingsomelayers,
changinglearningrate,etc.Figure7showsgeneralprocessTransferLearningfollows.

TheTransferLearningModelisdevelopedforproblemsandcanbeappliedtosimilarkindsof
applicationbymodifyingthenetworkasperrequirementlikethesizeofinputimage,Numberof
outputclasses,addingmorelayersetc.Transferlearningleadstolowerthetrainingtimeforalearning
modelandcanendresultinlowergeneralizationerror.

Therefore,asmentionedinCNNwehavechosenMobileNetV1pretrainedmodel.Theoverall
architectureoftheMobileNetV1isasfollows,having30layerswith

a.Convolutionallayerwithstride2
b.Depthwiselayer
c.Pointwiselayerthatdoublesthenumberofchannels
d.Depthwiselayerwithstride2
e.Pointwiselayerthatdoublesthenumberofchannels().

Figure 7a. MobileNet V1 Body Architecture
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InMobileNetV1,computationallyexpensiveconvolution layersare replacedwithasimpler
depthwiseseparableconvolution,whichisa3×3depthwiseconvolutionlayerfollowedbya1×1
convolutionlayer

Thistakesfewerlearnedparametersthanastandardconvolutionlayer.
ModifiedarchitectureofMobileNetV1usedforresearchworkasshowninFigure7bwhere2

fullyconnectedlayersadded,outputclassvalueismodifiedas311,theinputimagesizeis64x64x3
ratherthan224x224x3.

optimizer
Afterbuildingthemodel,weneedtotrainthemodelforthetaskandcomputetheloss,whichis
thedifferencebetweenexpectedoutputandactualoutput().Thisisaccomplishedbyupdatingthe
network’sparametersinresponsetothemodel’serrorsonthetrainingdataset.Theaimofanoptimizer
istoupdatetheparametersoftheneuronsinsuchawaythatthelossfunctionisreduced.TheLoss
functionservesasareferencefortheoptimizer,guidingitintherightdirectionsothattheerroris
constantlydecreaseduntileitheragoodenoughmodelisfoundorthelearningprocessgetsstuck
andstops().Optimizersarealgorithmsthatchangethetrainingparametersofneuralnetworkssuch
asweightsandbiasesinordertoreducethelosses().

Gradient Descent
Thisisthebasicoptimizer,whichminimizeslossbytakingfirstorderderivativeofthelossfunction
andlearningratetoscalebackthelossandachievetheminima.Theparametersareupdatedafter
calculatinggradientforthewholedataset,whichslowsdowntheprocess.Italsorequiresalarge
amountofmemorytostorethistemporarydata,makingitcomputationallyexpensive.Thealgorithm
worksasfollows

Initializetheweightwandbiasbtosomesmallvalue.

Figure 7b. Modified MobileNet Body Architecture
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Setthelearningrateαtosmallvaluelike0.001,0.003etc,thelearningratedetermineshowbig
thestepshouldbeineachiteration.

Ifαisverysmall,itwouldtakealongtimetoconvergeandbecomecomputationallycostly.
Ifαislarge,itmaybeunsuccessfultoconvergeandovershoottheminimum.
On each iteration, take the partial derivative of the cost function J(θ) with respect to each

parameter(gradient)
Updatetheparameter

θ θ α θθ= − ∇ ( )J  (1)

Stochastic Gradient Descent (SGD):
InGradientDescenttheweightisupdatedjustoneoccasionafterconsideringthewholedataset,so
gradientisusuallyoverlargetheta(θ),canmakebiggerjumpssocannotreachtooptimalsolution
.ToovercomethisproblemStochasticGradientDescent(SGD),anextensionofGDwasintroduced
duringwhichparametersareupdatedoneveryiteration.Itmeansaftereverytrainingsample,theloss
functionistestedandthereforethemodelisupdatedbuttheconvergencearegoingtobeveryslow.

θ θ α θθ= − ∇ ( )J sample;  (2)

Mini Batch Gradient Descent
Toreduceoverheadcomputationforeveryiteration,minibatchgradientdescent,avariationofGD
isevolvedwhichupdatestheparametersafterasubsetofminibatchofdataset.Typicallythesizeof
minibatchare32,64,128etc.

θ θ α θθ= − ∇ ( )J Batch;  (3)

MinibatchStochasticGradientDescentdoesn’tcomputetheexactderivativeoflossfunction.
Instead,itestimateslossonasmallbatchwhichmeansitisnotalwaysgoingintheoptimaldirection,
becausederivativesare‘noisy’?Exponentiallyweighedaveragescanprovideusabetterestimate
whichisclosertotheactualderivatethannoisycalculations.

SGD with Momentum
In order to update the parameters of the network, a new parameter which is called momentum
considered.SGDwithmomentumconsidercurrentgradientaswellasthepreviousgradientswhich
areaccumulated.Theequationsofgradientdescentwithmomentumarerevisedasfollows.

v v J
t t= − + ∇ ( )³ ±

1 θ θ  (4)

θ θ= − v
t

 (5)
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NAG(Nesterov accelerated gradient)
SGDwithmomentumconsiderspreviousmomentumsduewhichtherearechancesofovershooti.e.
willnotfindoptimumsolution.NAGresolvesthisconcernbycomputinglookaheadtermcalled
projectedgradient.Thisvalueisoftenobtainedbygoing‘onestepahead’usingthepreviousvelocity.
ThislookingaheadimprovestheperformanceofGradientDescentalgorithm.

v v J v
t t t
= + ∇ −( )− −³ ± ³

1 1θ θ  (6)

θ θ= − v
t
 (7)

θ γ− −vt 1
isthegradientoflookedahead

Adagrad (Adaptive Gradient Algorithm)
Allgradient-basedoptimizersareincapabletohandlevarietyininputdataduetoconstantlearningrate.

Adagradadaptsthelearningratethatcanadjustaccordingtotheinputprovided,decreasethe
learningratemorerapidlyforparametersthathavelargegradientcomponentsandslowerforones
thathaveasmallergradients.Itchangesthelearningrate‘α’foreachparameterandateverytime
step‘t’.Itisbasedonasecondorderderivativewhichiscomputationallycostly.

g
t i, ,
= ∇ ( )θ θJ t i

 (8)

g
t i,

isthenthepartialderivativeofthelossfunctionwithrespecttotheparameterθiattimestep
t:

θ θ
α

ε
t i t i

t ii

t i
G

g+ = −
+

1, ,

,

,
.� (9)()

RMS Prop(Root Mean Square Propagation)
ThelearningrateisdividedbyanexponentiallydecayingaverageofsquaredgradientsbyRMSprop
().RMSpropdiscardshistory.

E g E g g
t t t

2 2
1

21


 = + −( )−γ γ[ ]  (10)

θ θ
α

ε
t t

t

t
E g

g+ = −
+

1 2[ ]
�  (11)

Whereγ=0.9
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InsteadofcomputingexponentiallydecayingaverageofsquaredgradientAdadeltalimitsthe
windowofaccumulatedpreviousgradientstofixedsizew.

∇ =−









−θ
θ

t
t

t

t

RMS

RMS g
g

∆
1  (12)

θ θ θ
t t t+ = +

1
∆  (13)

Where

RMS E
t t

[ ] [ ]∆ ∆θ θ ε= +
2
���

 (14)

WhereE
t

θ2


 isrunningaverageofsquaredparameterupdates.

E E
t t t

θ γ θ γ θ2 2
1

21


 = + −( )−[ ] ∆  (15)

Adam
AdamisanotheradaptivestrategythatincorporatesthebestaspectsofbothRMSPropandmomentum
optimizers.

Adamholdsanexponentiallydecayingaverageofprevioussquaredgradientsv
t
likeRMSProp

andthereforetheaverageofpreviousgradientsdecaysexponentially m
t
almost likemomentum

optimizers.Theparametersβ1andβ2controlthedecayratesofthesemovingaverages()()().

m m g
t t t= − + −( )�
β β1 1 1

1
 (16)

v v g
t t t
= + −( )−β β

2 1 2
21

�� �
 (17)

Wherem
t
firstmomentofgradients,v

t
issecondmomentofgradients,β β1 2, aredecayrates.

�m
t
,v
t
areinitializedto1.0,sobiasofmomentsinclinedtowards0.Thisbiasisovercomebyfirst

calculatingthebiasedestimatesbeforethencalculatingbias-correctedestimates

m̂
m

t
t
t

=
−1

1
β

 (18)
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v̂
v

t
t
t

=
−1

2
β
� (19)

Adamupdaterule

θ θ
α

t t

t

t
v

m+ = −
+

1
ˆ

ˆ
�

�


 (20)

Adamadaptslearningratebasedonaverageofsecondmomentsofgradients(variance).

Adamax (Adaptive Moment estimation):

Thev
t
factorintheAdamupdaterulescalesthegradientinverselyproportionallytotheℓ2normof

thepreviousgradients(v
t−1

term)andcurrentgradient g
t




2

.

v v g
t t t
= + −( )−β β

2 1 2
21 | | �  (21)

Insteadofthiswecangeneralizetheupdatetothe �
p

norm.

v v g
t

p
t

p
t
p= + −( )−β β

2 1 2
1 | |  (22)

Putp->∞
Adamaxuseu

t
todenotetheinfinitynorm-constrainedv

t
,toavoidanymisunderstandingwith

Adamoptimizer

u v g
t t t
= + −( )−β β∞ ∞ ∞

2 1 2
1 | |  (23)

= −max( . ,|β
2 1
v g
t t

| (24)

Nowsubstituteu
t
 intotheAdamupdateequationforreplacing v

t
+ ε .WeobtaintheAdamax

updaterule:

θ θ
α

t t
t

tu
m+ = −

1
� ˆ  (25)

u
t
reliesonthemaxoperation.Defaultvaluesareα=0.002,β1=0.9andβ2=0.999givesoptimum

results.
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Nadam (Nesterov-accelerated Adaptive Moment estimation):

NadamfusesAdamandNAGoptimizers.InordertocontainNAGintoAdam,itreplaces m̂
t
with

momentumtermm
t
.

Byintegratingtheexponentialdecayofthemovingaveragesforthepastandcurrentgradients,
thelearningprocesscanbeaccelerated.

θ θ
α

t t t
m+ = −

+
1

v̂
�

t�


 (26)

Proposed Architecture
FollowingStepsareusedtoaccomplishtheresult(Figure8)

1. Data collection:Thedataset used for researchwork isourowndata inwhich311different
categoriesofBabySignLanguagesignhavebeencapturedusingNikonDigitalcamerawith
20MPresolution.Asweareawarethatsomesignrequireasinglegestureandsomerequiremore
thanonegesture,theimagesaremergedinordertopresentasasinglesign.Datasetcontains
signsperformedby2signers.ThesampleimagesarepresentedinFigure3.

Figure 8. Block Diagram of Proposed System
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2. Dataaugmentation(Pre-processing):Transformthesizeofallsignimagesfrom(4608X3456x
3)to(64x64x3)toreducecomputationalresources.ToprovideadiversifieddatasettoCNN
modelweaugmentedtheoriginaldataset.

3. Splitdataset(80:20)intoatrainingsetof17418imagesandatestsetof4319imagesbelonging
to311classes.Thetrainingsetisalsodividedthedataintobatches,andperformedshuffling
fortherearrangementoftheimagesrandomly.

4. DefineproposedMobileNetV1modelarchitecturewithmodification
a. 2FullyConnectedlayerswithdropoutatthetopofthebasemodel.
b. Thelastfullyconnectedlayer’sshapeisthenumberofclasses
c. TheactivationfunctionisSoftmax.
d. Retrainsallthelayerabovelayer3ofthemodel
e. L2Regularizerisconnectedtothefirstfullyconnectedlayer.

5. After experimenting number of times with different optimizers like Adam, Adamax, SGD,
Adagrad,RMSProp,Nadam,etc.wegotoptimumresultwhenwetrainalllayerabovelayer3with
trainingoptionsasalldifferentoptimizer,categorical-crossentropylossfunction,L2Regularizer
toreduceoverfittingandinitiallearningrate=0.00001butitdecreaseduringtrainingwhen
Validation_lossbecomesstagnantbyfactorof0.02.

6. Fitandtrainthedataforminibatch_size=64andepochs=100
7. Verifythesystemonvalidationdata,calculatethetrainingandtestaccuracy,training,andtest

loss.

Result and Discussion
Theexperimentscarriedoutonouroriginaldatasetforalloptimizers.ForMobileNetV1architectures,
NadamandAdamaxgivethebestaccuracyontrainingdata.Ontheotherside,Adadeltagivesthe
worstperformanceduringtrainingasshowninFigure9andFigure10.AccuracyofAdadeltaoptimizer
didnotimprovethroughouttraining.RMSPropbeginstrainingwiththehighestlosswhileAdamax
beginswiththelowest.Therefore,itcanbeconcludedthatAdamaxmakesabetterstartthetraining
byusing thesameparameter initialization.Adamand itsvariantsNadam,Adamaxalmostgives
betterresultsascomparedtootheroptimizers.GradientbasedalgorithmSGDwithNesterovand
momentum=0.9givesbetterresultsthanothervariants.Whiletrainingthemodelthelearningrate
isnotconstant,validationlossismonitoredifthereisnochangeinitthenlearningrateisreduced.
AsshowninFigure11fortheAdagradalgorithmthelearningrateisnotreducedasfrequentlyas
therestoftheoptimizers.

Figure 9. The behaviour of optimizer on user dataset during training for MobileNet
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Figure 10. The behaviour of optimizer on user dataset during Validation for MobileNet

Figure 11. Learning Rate of optimizer
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IntermsoftheperformanceoftheclassificationofBabySignLanguage,Adamax,whichisavariant
ofADAM,isthebestchoicetooptimizethemodels.However,performance,theonlyparameter3+602.
toconsiderdeterminewhetheramodelisgoodcannotbecertain,sothetrainingspeedsofthemodels
arecompared.ItisclearthatthemodelwithSGDoptimizerconvergesfasteratthesamenumberof
iterations.ThisindicatesthatthemodelwithAdamaxoptimizercanachieveasuitablesolutionwith
optimumtime.ComparisonoftheperformanceofthemodelsSGDoptimizationshasthefastesttraining
speed,whileAdadeltahastheslowesttrainingspeed.Thespecifictrainingspeedvaluesofthemodels
areshowninFigure12.Thus,theexperimentalresultsindicatethatAdadeltaisthebestchoicefor
optimization.Itoutperformedwithtrainingandvalidationaccuracyof98.18%and78.60%,respectively,
ontheRGBimagedataset.Theresultshavealsobeenevaluatedbasedonaccuracyandloss.

CoNCLUSIoN

Inthisresearch,wepresentedaneffectivemethodtorecognizealmost311BabySigns,whichconsists
onlywordsmostlyusedindailyroutineandwhichhelpsindevelopingabondamongchildandparents.
TheproposedpretrainedCNNmodelMobileNetV1with2fullyconnectedlayersontopitwithdrop
outof0.5whichincreasespeedandaccuracyofthemodel.

The system results in the highest training and validation accuracy of 98.18% and 78.60%,
respectively,withrespecttochangeinhyperparameterssuchasthenumberofepochs,no.oflayersto
retraininordertodetectthefeature,etc.

Itispossibletoboostthedatasetinthefuturebyobtainingmoresampleswhichconsiderthelighting
conditions,morenumberofsignertogetdiversityinthedatasetanddistanceofthesignerfromthe
camera.Inaddition,thesystemwillbeextendedtoidentifydynamicBabySignsthatinvolvecapturing
andcreatingavideo-baseddatasetwhichcontainsbothtemporalandspatialaspects,areincludedina
varietyofimages,andthesystemwillbetestedbyslicingthevideosintoframesandclassifyingusing
theCNNmodel.

Figure 12. Comparison of the training speed
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