Dogo Rangsang Research Journal UGC Care Group | Journal
ISSN : 2347-7180 Vol-08 Issue-14 No. 02: 2021

SIGN LANGUAGE RECOGNITION

K.SaiCharitha', A.Maneesha?, Sd.karishma®, J.Ramya*, “***IV B.Tech, Department of Computer Science
and Engineerig, Vignan’s Nirula Institute of Technology & Science for Women, Peda Palakaluru, Guntur-
522009, Andhra Pradesh, India.

Mr.K.V.S.S.RamaKrishna (Asst. Professor), Computer Science and Engineering Department, VNITSW,
Guntur, Andhra Pradesh, India.

ABSTRACT

Sign Language Recognition (SLR) targets on interpreting the sign language into text or speech, so as
tofacilitate the communication between deaf-mute people and ordinary people. This task has broad
socialimpact, but is still very challenging due to the complexity and large variations in hand actions.
Existingmethods for SLR use hand-crafted features to describe sign language motion and build
classification modelsbased on those features. However, it is difficult to design reliable features to adapt to
the large variations ofhand gestures. To approach this problem, we propose a novelconvolutional neural
network (CNN) whichextracts discriminative spatial-temporal features from raw video stream
automatically without any priorknowledge,avoidingdesigningfeatures.Toboosttheperformance,multi-
channelsofvideostreams,including color information, depth clue, and body joint positions, are used as
input to theCNN in order tointegrate color, depth and trajectory information. We validate the proposed
model on a real dataset collectedwith Microsoft Kinect and demonstrate its effectiveness over the
traditional approaches based on hand-craftedfeatures.

INTRODUCTION
Signlanguage,asoneof the mostwidely usedcommunicationmeansforhearing-impairedpeople, is expressed by

variations of hand-shapes,body movement, and even facial expression.
Sinceitisdifficulttocollaborativelyexploittheinformationfromhand-shapesandbodymovement trajectory, sign
language recognition

isstillaverychallengingtask. Thispaperproposesaneffectiverecognitionmodeltotranslatesignlanguage into text
or speech in order to help thehearing impaired communicate with normal peoplethroughsign language.

Technically speaking, the main challenge of signlanguage recognition lies in developing descriptorsto
express hand-shapes and motion trajectory. Inparticular,hand-shapedescriptioninvolvestracking hand regions
in video stream, segmentinghand-shape images from complex background
ineachframeandgesturesrecognitionproblems.Motiontrajectoryisalsorelatedtotrackingofthe key points and
curve matching. Although lots ofresearch works have been conducted on these twoissues for now, it is still
hard to obtain satisfyingresultforSLRduetothevariationandocclusionof hands and body joints. Besides, it is a
nontrivialissuetointegratethehand-

shapefeaturesandtrajectoryfeaturestogether. Toaddressthesedifficulties,wedevelopaCNNstonaturallyintegrate

hand-shapes,trajectoryofactionandfacial expression. Instead of using commonly usedcolor images as input to
networks like [1, 2], wetake color images, depth images and body
skeletonimagessimultaneouslyasinputwhichareallprovided byMicrosoft Kinect.

Kinect is a motion sensor which can provide colorstreamanddepthstream.WiththepublicWindowsSDK, the
body jointlocationscan beobtained in real-time as shown in Fig.1. Therefore,we choose Kinect as capture
device to record signwordsdataset. Thechangeofcoloranddepthin
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pixel level are useful information to discriminatedifferent sign actions. And the variation of
bodyjointsintimedimensioncandepictthetrajectoryofsignactions.Usingmultipletypesofvisualsourcesas  input
leadsCNNs  paying attentiontothe change not only in color, but also in depth
andtrajectory.ltisworthmentioningthatwecanavoid the difficulty of tracking hands, segmentinghands from
background and designing descriptorsforhandsbecauseCNNshavethecapability tolearn features automatically
from raw data withoutanypriorknowledge[3].

CNNshavebeenappliedinvideostreamclassificationrecentlyyears.Apotentialconcernof ~ CNNs  is  time
consuming. It costs several weeksor months to train a CNNs with million-scale inmillion videos.
Fortunately, it is still possible toachievereal-
timeefficiency,withthehelpofCUDATforparallelprocessing.WeproposetoapplyCNNstoextractspatialandtempor
alfeaturesfromvideostreamforSignLanguageRecognition (SLR). Existing methods for SLR usehand-
craftedfeaturestodescribesignlanguagemotionandbuildclassificationmodelbasedonthesefeatures.Incontrast,C
NNscancapturemotioninformationfromrawvideodataautomatically,avoidingdesigningfeatures.Wedevelop a
CNNs taking multiple types of data asinput. This architecture integrates color, depth andtrajectory
information by performing convolutionandsubsamplingonadjacentvideoframes.Experimental  results
demonstrate that 3D CNNscansignificantlyoutperformGaussianmixturemodel with Hidden Markov model
(GMM-HMM)baselinesonsomesignwordsrecordedbyourselves.

LITERATURESURVEY
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oralfeaturesfromvideostreamforSignLanguageRecognition (SLR). Existing methods for SLR usehand-
craftedfeaturestodescribesignlanguagemotionandbuildclassificationmodelbasedonthesefeatures.Incontrast,
CNNscancapture
motioninformationfromrawvideodataautomatically,avoidingdesigningfeatures.Wedevelop a CNNs taking
multiple types of data asinput. This architecture integrates color, depth andtrajectory information by
performing convolutionandsubsamplingonadjacentvideoframes.Experimental results demonstrate that 3D
CNNscansignificantlyoutperformGaussianmixturemodel ~ with  Hidden Markov model (GMM-
HMM)baselinesonsomesignwordsrecordedbyourselves.

PROPOSEDMETHODOLOGY
Toapproachthisproblem,weproposeanovelconvolutionalneuralnetwork(CNN)whichextractsdiscriminativespa
tial-temporalfeaturesfrom raw video stream automatically without anyprior knowledge, avoiding designing
features. Toboosttheperformance,multi-channelsofvideostreams, including color information, depth clue,and
body joint positions, are used as input to theCNNinordertointegratecolor,depthandtrajectory information. We
validate the proposedmodel on a real dataset collected with MicrosoftKinect and demonstrate its
effectiveness over thetraditionalapproachesbasedonhand-craftedfeatures

LIBRARIES USED

Tensorflow

To pursue research, Tensorflow, an interface forexpressing machine learning algorithms, is used

toimplement ML systems into fabrication across avarietyofcomputerscienceareas,includingsentiment

analysis, voice recognition, geographicinformationextraction,computervision,textsummarization,information
retrieval,computational drug discovery, and flaw detection.Tensor flow is used at

the backend of the proposedmodel’sSequential CNNarchitecture(whichconsists of numerous layers). It’s also

used in dataprocessingto restructure thedata(picture).

Keras

Kerasprovideessentialreflectionsandbuildingunits ~ for ~ thedesign  and  transfer ~ of  machine
leaningarrangementsatahighiterationrate. Tensorflow’sscalabilityandcross-platformfeaturesare

fullyutilized.Kerasprimarydatastructuresarelayers and models. Keras is utilized to implementall of the
layers in the CNN model. It aids in thecompilation of the overall model, as well as theconversion of the
class vector to the binary classmatrixin dataprocessing.

Algorithm

Convolutional Neural Network(ConvNet/CNN)isadeeplearningalgorithm which can take in an input
image, assignimportance(learnableweightsandbiases)tovarious aspects/objects in the image and be able
todifferentiateonefromtheother. Thepre-processing required in a ConvNet is much lower ascomparedto
otherclassification algorithms.

ARCHITECTURE
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Fig: flow diagram for sign language recognition.
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Fig: Output for given hand gesture.
CONCLUSION

We developed aCNN model for sign languagerecognition. Our model learns and extracts
bothspatialandtemporalfeaturesby

performing3Dconvolutions. Thedevelopeddeeparchitectureextractsmultipletypesofinformationfromadjacentin
putframesandthenperformsconvolution and subsampling separately. The finalfeature representation
combines information fromallchannels.Weusemultilayerperceptronclassifier to classify these feature
representations.Forcomparison,weevaluatebothCNNandGMM-HMMonthesamedataset. Theexperimental
results demonstrate the effectivenessofthe proposed method.
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