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Abstract

This paper proposes a dynamic sign language recognition approach through the use of
Depth Motion Volumes (DMV). Different from the previous research by stacking the
difference of the motion energy of depth images, a novel strategy is applied for
forming DMV. The selected key frames of the entire video sequences are stacked in
chronological order and then projected into three orthogonal planes. Distinctive
features are calculated by Histograms of Oriented Gradients (HOG) and then input to
LIBSVM for recognition. The experiments are executed on Microsoft Research
Gesture3D dataset and the results indicate that the proposed approach is efficient and
performs better than the compared approaches
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1.Introduction

Signlanguage(SL)isthemajorcommunicationapproac
husingbetweenthedeafanddumbpeople.ltiscompletel
ynaturalandintuitivelanguage,useshandgesturesandfa
cialexpressionstoexpressmeanings. Theobjectiveofaut
omaticsignlanguagerecognition(SLR)are:removetheh
ugecommunicationobstaclebetweendeafandhearingp
eople,andbringafreelyandnaturallyexperienceofhuma
n-computerinteraction.Inrecentyears,SLRbasedonco
mputervisionhasbecomeacross-disciplinaryresearchh
otspotinthenewhuman-computerinteraction.Theresea
rchofsignlanguagerecognitionbeganintheearly1990s.
Inthepastthreedecades,manysignlanguagerecognition
approacheshavebeenproposedtoimprovetherecogniti
onrateandspeed. Lotsofexistentsurveyswerepresented
toshowtheimprovementsinthisareal* %"

Initially,signlanguagerecognitionmainlyusesthedirect
detectionofmachineequipmenttoobtainthespatialinfor
mationofhumanhandsandjoints,suchashand’sposition
,angle,andthelocationofthefingertips. Thiskindofappr
oachesarecalledsensor-basedapproachandthetypicalr
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epresentativedevicesaredatagloves.Butdataglovesarel
imitedbythenaturalness,complicatedandexpensive,an
dweresoonreplacedbyopticalmarking. Theopticalmar
kingapproachescanalsoprovidegoodresults,butitstilln
eedsmorecomplexdevices.Comparedwithwearablede
vicerecognitionsystem,vision-basedsignlanguagerec
ognitionsystemcanenablesignerstointeractwitheachot
herfreelyandnaturally.Becauseofitscharacteristic,the
widelyusedvisualsignlanguagerecognitionhasbecome
ahotresearchtopicincomputervisionatpresentandinthe
future.

InSLsystem,hand(s)movement,bodyposturesandface

expressionareusedtoexpresslinguisticmeanings.Ingen
erallyspeaking,signlanguagegesturesincludestwopart
s,staticgestureanddynamicgesture.Staticgesturesarere
presentedbyanindividualhandorfingershape,whiledyn
amicgesturesarerepresentedinasequenceofhandmove

menttrajectories. Thedifficultiesmentionedbelowallm
akethetaskofsignlanguagerecognitionverychallengin

g.ThemajorchallengesofSLRIiein:

(1) Thevisualsimilarityinglobaltrajectoryofsomesigns
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(2) Theinvisibilityofthefinger(s)thatoccursinsigning.

(3)Thelargevocabularyofsignsinthesignlanguagedicti
onary.

(4)Thelargeamountofvariationbydifferentsigners(sig
nerdependentvariations).

(5)Thecomplexbackgroundenvironment.

Inthelastfewyears,depthcamerahasbeenmoreandmore
popularinthefieldofsignlanguagerecognition.Basedon
structuredlightilluminationtechnology,depthcameras

provideanopportunityforsignlanguagerecognitionbas

edondepthimages.Asoneofthefavoritesomatosensory

peripheral,MicrosoftKinect wasextensivelyapplied

asvisualinputdevice.Basedonstructuredlightilluminat
iontechnology,colouranddepthinformationathighreso

lutioncanbeobtainedbyKinectsensors. Themultiplecha
nnelinformationareprovedtoachievehigherrecognitio

nrate.Duetotheadvantageofinsensitivetothechangeofl

ightillumination,moreandmoreresearchonaction&ges
turerecognitionsystemareimplementedbyusingdepthi

nformation.

ZhangandTianetal“proposedanovelandeffectivedesc
riptor,theHistogramof3DFacets(H3DF),toencodethe3
Dshapeinformationfromdepthmaps.Andthencombini
ngtheH3DFwithanN-grammodelanddynamicprogra

mming.Theproposeddescriptorisextensivelyevaluate

dontwopublic3Dstatichandgesturedatasets,onedynam
ichandgesturedataset,andonepopular3Dactionrecogni
tiondataset. Yangetal™ proposedafastalgorithmforcom
putingthelikelihoodofHiddenMarkovmodel(HMM)to
calculatethesimilaritybetweenthesignmodelandtestin
gsequence.ExperimentswereconductedonaKinectdat

asetofChinesesignlanguagecontaining100sentencesc
omposedof5signseach.PlouffeandCretu®adoptedabl

ocksearchschemeandk-curvaturealgorithmtolocateth

ehandposition,andrecognizegesturesbyusingtheDyna
micTimeWarping(DTW)algorithm.Experimentswere
obtainedonninestaticgestures,theASL(AmericanSign
Language)alphabetandafewdynamicgestures.Leelpr
oposedaKinect-basedrecognitionsystem.Handpositio
ns,handsigningdirection,andhandshapesareextractedf
romthesigninggestures.ASupportVectorMachine(SV
M)classifieristrainedfor Taiwanesesignlanguagerecog

Published by: The Mattingley Publishing Co., Inc.

July-August 2020
ISSN: 0193-4120 Page No. 3672 - 3680

nition.Kumaretal™proposedanovelmulti-sensorfusio
nframeworkusingCoupledHiddenMarkovModel(CH
MM)forsignlanguagerecognition. Theexperimentsdat
asetconsistsof25dynamicsignwordsofindianSignLan
guage.Huangetal® proposedanovelsequence-to-seque
ncelearningmethodbasedonKeyframeCentredClips(K
CCs).Theempiricalresultswereobtainedonadatasetco
ntaining310Chinesesignlanguagewords.

Thepresentedworkconcentratesonrecognizingdynami
csignlanguage.Anewrepresentationofdynamicsigns,
DepthMotionVolumes,isproposedfortheperspectiveof
computationalefficiency. Theselectedkeyframesofthe
entirevideosequencesarestackedinchronologicalorder
andthenprojectedintothreeorthogonalplanes.Distincti
vefeaturesarecalculatedbyprojectDMVintothreeortho
gonalplanes(x-y,y-zandz-x).Combiningwiththefeature
sextractedoyHOGdescriptorfromkeyframes,therecog
nitionstageisperformedbyLIBSVMinthiswork.Theres
tofthepaperisorganizedasfollows.InSection2,thework
sofrelatedliteraturearepresentedanddiscussed. Thedet
ailsofgeneratingDMVandkeyframeselectionarepresen
tedinSection-3.Thepreprocessingstep,featureextracti
onandLIBSVMsetuparepresentedinSection-4.Results
arepresentedinSection5.Finally,theconclusionandfutu
reworkarepresentedinSection6.

2.RelatedLiterature

2.1DepthMotionMaps

Inthelastfewyears,theemergenceofRGB-Dcameraspr
ovidesanopportunityforaction&gesturerecognitionba
sedondepthinformation.Basedonstructuredlightillumi
nationtechnology,3Dinformationcanbecapturedforrec
ognition.Duetotheadvantageofinsensitivetothechange
oflightillumination,moreandmoreresearchonaction&
gesturerecognitionsystemareimplementedbyusingde
pthinformation.

Asoneofthespatio-temporalfeatures,DepthMotionMa
ps(DMMs)arewidelyusedasdescriptivefeaturesforhu

manactionrecognition. TheDMMscanbeformedintwo
steps.Firstly,pileupthemotionenergyofforegroundregi
onsofdepthimages,thestackedmotionmapsindicatethe
movementandvariationoftheactions.Secondly,castthe
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motionmapsonto3rectangularplanestogenerateaDM

Ms.TheparticularvisualaspectofeachDMMscanbeuse
dasdescriptivefeaturesforrecognition.DMMfromavid
eosequencewith N framesisobtainedasfollowequation.

DMM = ¥n_, limgy —imgp ™| (1)

where:nistheframenumber; img, isthemapofnthfram
eimagefromprojectionview-front,side,ortop.

Yangetal“®!proposedanefficientandeffectivemethodf

orhumanactionrecognitionbasedonDMMs.Thedepthi
magesinvideosequencewerecastedontothreeprojectiv
eviews(front,topandsideview)togenerateaDMMs.The
divergencebetweenadjacentimageswerecomputedand
thresholded,andthenasthemotionenergyofeveryprojec
tedmap.HistogramsofOrientedGradients(HOG)areco
mputedfromDMMsasdescriptivefeatures. Therecogni

tionresultsonMicrosoftResearch(MSR)Action3Ddata
setshowsignificantlyoutperformsoftheapproach.

Chenetal*proposedaDMMsbasedapproachforhuma
nactionrecognition.Thedifferencebetweenthepropose
dapproachand!“%isthecomputationalwayofthemotion

energy. Theabsolutedivergencebetweenadjacentimage
swerecomputedwithoutthresholdingandaccumulatedt
oformaDMMs.TherecognitionresultsonMSRAction3
Ddatasetshowsuperiorperformanceoftheproposedapp
roach.

2.2KeyFrames

Videosequencesfordynamicsignlanguagerecognitions
ystemsusuallylastseveralsecondsandthuscontainsdoz
ensconsecutiveframes.Intraditionalrecognitionsyste
ms,alltheframesofthesequencesareprocessedandappli
edforrecognition.Butrecentresearchesshowthefacttha
tonlyfewessentialanddistinguishingframescalledkeyf
ramesarerepresentativeandotherframesareunnecessar
yforprocessing.ltwillcausemoreambiguitiesandlowef
ficiencyifconsideringalltheframesofvideosequences.
Therefore,thekeyframesextractionmethodiswidelyus
edindynamicactionandgesturerecognitionsystems.Th
eadvantagesofusingkeyframesliein:notonlyspeedupth
ecomputation,butalsoreduceuselessinformation.

Tripathietal*?proposedakeyframeextractionapproac
hfromvideosequencesbymeasuringtransformationinh
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andshapeorpositionofthesigns.Gradient-basedalgorit

hmwasadoptedforselectingkeyframesfromdepthvideo
sequences.Theframewasfirstsegmentedandthenimage
gradientwascalculated. Adjacentframeswithconstantg
radientrepresenttheendorthebeginningofgestures.Rok
adeetal™identifykeyframesasthemiddleframesoftwo
consecutiveframesofthemaximumhandmovement.Th
econceptisbasedonthefactthatmaximumhandmoveme
ntonlyoccursattheendofonesignandthebeginningofan

othersign.Consideravideosequencewith T frames,the
movement(difference)wascalculatedasfollows.

diff; = X (frame;,, — frame;)  (2)

where: i istheframenumber; frame; isthepixel-wiseim
ageofthevideosequence.

ZareandZahiril*“considerkeyframesaregenerallyoccu
rredinsmallvariationstates.Consideravideosequencew
ith T frames,thesubtractions Sub; betweenRBGframes
werecalculatedasfollows.

Sub; = ¥i7 |limg; 41 — img;| 3)
where:iistheframenumber;img; isthepixel-wiseimage
ofthevideosequence. Theminimumsubtractionamongs
everalsubtractionsisfirstpickedoutandthencompared
withapre-definedthreshold. Theframeisconsideredast

hekeyframeonlyifthesubtractionissmallerthanthethres
hold.

3.ProposedFeatureExtractionMethod

Theproposedrecognitionapproachiscomposedofthree

stages.Figurelshowsthemainframework.Firstly,depth
imageofeachframesareconvertedtobinaryimagesandt

heforegroundsignregionsareseparated. Andthen,akeyf
rameselectionmethodisadoptedtoreducethecomputati

onalcomplexity. Thesegmentedsignregionsoftheselect
edframesarestackedinchronologicalordertoformaDM

V.Discriminativefeaturesareextractedbyusinghistogra
moforientedgradient.Inthelaststage,LIBSVMisapplie
dforrecognitionandtheexperimentresultsonMSRGest

ure3Ddatasetarecomparedtothelatestapproaches.

Thecomputationdetailsoftheproposedfeaturerepresen
tation,DepthMotionVolumes,isdemonstratedinthissec
tion.Differentfromthepreviousresearchbystackingthe
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differenceofthemotionenergyofdepthimages,anovelst
rategyisappliedforformingDMV.Theuniqueshapepatt
ernsandpropertiesofthe3Dobjectsurfacesexposeplenti
fuldistinctiveinformationforcharacterizingcategory. T
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hecompactrepresentationextractedfromDMVprovest
heproposedapproachissufficienttoachieveaccurateres
ults.

T e ! |
1 . L ! ‘
' | Segmentation ﬂ Key frame : Database  labels 1
| 3 T |
i | DMV : train :
I ! 1 I
‘ ! ! ‘
Do | Sy | |

| ! |

Input = Seé’;ue‘gceeo | HOG " LIBSVM —— Output
e L e 1 e j
Pre-processing Feature extraction Classification

Figurel.Theframeworkoftheproposedapproach

3.1DepthMotionVolumesbasedfeatures

Inordertoindicatewherethesignmotionsareoccurred,a
novelstrategyisappliedforformingDMV.Foragivende
pthvideosequences,depthimageofeachframesarefirstc
onvertedtobinaryimages. Theforegroundsignregionsa
resegmentedfromeachframes. Thepixelsofsignregiona
remarkedaslandthebackgroundpixelsaremarkedasO.
Thenthesegmentedsignregionsoftheentirevideoseque
ncesarestackedinchronologicalordertoformaDMV.Fi
gurelshowstheDMVgeneratedfromvideosequenceof
ASLJ.

Figure2(a)showsthediagramofhowtheframesofvideos
equencearestacked. InathreeorthogonalCartesianplan
es,framesarepiledupalongZ-axisinframesequence.Ea

chlayerisoccupiedbyonebinaryframeimage.Inorderto
emphasizethegradationofeachlayer,backgroundofso
meimagesarefulfilledinothercolors.Figure2(b)showst
hepracticalresultsofthestackedframes.Owingtothefact
thatsignregionineachlayerhasthegrayvalueofl,athree-
dimensionalpolyhedroncalledDMVisformedbythemu
Itiplelayerofimages.ltisclearlyobservedthatDMVhass
omestair-steppingvariations,whichindicatethemovem
entvariationofthesignsequences. Theuniqueshapeprop
ertiesoftheDMVsurfacerevealabundantdistinctiveinf
ormationforrecognition.Itshouldbenoticedthatonlyke
yframesoftheimagesequenceareappliedforformingaD
MV.Thekeyframeselectionmethodwillbeanalyzedinth
enextsubsection.

frames

frames

Figure2. TheDMVgeneratedfromvideosequenceofASLJ

ThefeaturesextractedfromDMVarecalculatedasfollow
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steps. TheDMVisfirstprojectedontothreeplanes(x-y,y-

1915



TES'T

Engineering & Management

z,z-X)bycountingthenon-zeropixelsofallframes.HOG
descriptorsarethencalculatedfromtheprojectedimages
Finally,threefeaturevectorsareconcatenatedasthefinal
representationofthesignsequences.

3.2KeyFramesSelection

Tospeedsuptherecognitionsystem,akeyframeselectio
nmethodisadoptedinthispaper. Theselectionmethodisb
asedonthefactsthat

1.Whenameaningfulsignisplayed,therewillbeaslightp
auseofthehand(s).Inthistimeinterval,therelativelystab
lestateswillleadtosomefamiliarframeswithlittlediffere
nce.Sooneoftheframescanbeselectedaskeyframe,ando
therframescanbeconsideredasredundantframes.

2. Thechangingprocessofthedynamicsignswillleadtot
hevariationsinpositionmovementorshapeappearance.
Ifthesignsvariestoomuchbetweenconsecutiveframes,t

Pebe
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heframescanbeconsideredaskeyframes.

Inthiswork,akeyframeselectionmethodisproposedfor
extractingtherepresentativeframes.Givenasignvideos
equences,thedifferencebetweenconsecutiveframesare
firstcalculatedthroughallframes. Thestrategyforcalcul
atingdifferenceD, isrepresentedinEquation4.

D, = M, 3L, (frame™ @ frame™) (4)

wherenrepresentstheframeindex;thesymbol @represe
ntstheXXORoperation; MandNrepresenttheheightandth
ewidthoftheframeimage. Thedifferencevalueisthenco
mparedtoapresettingthreshold.Consideringtheabove
mentionedfacts,theframe n and n+
1 areselectedaskeyframesifthedifferenceisgreaterthan
thethreshold. Thenumberofframesissignificantlydecre
asedafterkeyframeselectionmethod,thusthecomputati
onalcomplexityofthesystemisgreatlyreduced.

Pobb

cobbPPEL

Figure3.ThekeyframeselectionresultofASLJ

Formostofthesigns,about1/3to3/5framesareselectedas
keyframes.Theresultofkeyframeselectionisbasedonth
ecalculationstrategyandthreshold.Figure3showsthefr

amesofvideosequenceofASLJ,selectedkeyframesarea
boutl/3oftotalframesandmarkedwithredcolor.ltisobse
rvedthattherearemanyfamiliarframesatthebeginninga
ndtheendingofthesequence.Thefamiliarframeswithlitt
ledifferenceareredundant,onlycausemorecomputatio

nalcost.Byusingtheproposedkeyframeselectionmetho
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d,therepresentativekeyframesgreatlyreducedthecomp
utationalcomplexityofthesystem.

4.ExperimentalResultsandDiscussion

4.1Dataset

Tovalidatetheeffectivityoftheproposedapproach,aben
chmarkdatasetfordepth-basedgesturesrecognitionsyst
emisadoptedinthiswork. TheMSRGesture3Ddatasetw
ascollectedbyWang™*'andappliedinmanyresearchest™®
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1617 ThedatasetwascapturedbyKinectsensor,andcons
istsoftwelvedynamicASLgesturesignssuchas‘“blue”,*
milk”,“where”,*J” etc.Eachgesturesignisexecutedtwo
orthreetimesbytensigners,formedatotalof336depthvid
eosequences.Foralltheframes,thehandregionhasbeens
egmentedpreviously.ltshouldbenotedthatthevideoseq
uencesofsign*Pig”’performedbytheeighthsignerareall
blank.Thustherearetotal333videosequencesappliedfo
rrecognition.

4.2ExperimentalResults

Toevaluatetheproposedapproachreasonably,theexper
imentsareconductedandcomparedtothestate-of-the-ar
tapproaches. Twoexperimentsareconductedinthiswor
k,thefirstoneisbyusingDMVonlyandthesecondisbyusi
ngDMVpluskeyframes(seeTablel).RadialBasisFunct
ion(RBF)areutilizedinLIBSVM*pyusingtentimescr
ossvalidations.Followedthesamesettingsin(*'"] thel
eave-one-outstrategyisadoptedinthiswork.Foreachex
periment,recordingsof9signersareappliedfortraininga
ndallrecordingsfortesting.ResultslistinTablelistheav
erageaccuracyoftheexperiments.ltcanbeseenfromthet
able,theproposedDMV performsslightlybetterthanzh
ang(2015)andChen(2018).TheperformancebyusingD
MV pluskeyframesachievedahigherrecognitionrateat9
6.1%.Experimentsresultsindicatethattheproposedapp
roachisefficientandperformsbetterthanthecompareda
pproaches.

Tablel.Performanceofdifferencemethod

average

method accuracy (%)

[4] Histogram of 3D Facets 95.0
[15] action graph 88.5
[16] Random Occupancy Patterns 85.8
[17] HON4D 92.4
Depth Motion Volumes 95.4
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Depth Motion Volumes + Key

96.1
frames

Theconfusionmatrixoftheaverageaccuracyperformed

onMSRGesture3DdatasetislistedinTable2.ltcanbeobs
ervedthattheproposedapproachperformswellformostg
esturesigns.Theconfusionoccurredinsomefamiliarges
turesigns.Foursignsarecorrectlytherecognizedwithout
error,whileotherfoursigns(‘J’,‘Past’,*“Hungary’,and*

Milk’)haveonemisclassifiedeach. Theconfusionoccurr
edinsomefamiliargesturesigns,suchas‘Pig’,*Z’,“Store
’and‘Green’.Thevisualsimilaritytheinvisibilityofthefi
nger(s)reducedtheclassificationaccuracysignificantly.

Table2.Theconfusionmatrixoftheexperiments

Gesture Total Correctly ~ Recognition
name sequences classified rate (%)
Z 28 26 92.86
J 28 27 96.43
Where 28 28 100
Store 28 26 92.86

Pig 25* 23* 92.0*
* three blank
sequences are
excluded
Past 28 27 96.43
Hungary 28 27 96.43
Green 28 25 89.29
Finish 28 28 100
Blue 28 28 100
1917
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Bathroom 28 28 100
Milk 28 27 96.43
5.Conclusion

Thispaperproposesadynamicsignlanguagerecognitio
napproachthroughtheuseofDepthMotionVolumes(D
MV).Differentfromthepreviousresearchbystackingth
edifferenceofthemotionenergyofdepthimages,anovels
trategyisappliedforformingDMV.Theunigqueshapepat
ternsandpropertiesofthe3Dobjectsurfacesexposeplent
ifuldistinctiveinformationforcharacterizingcategory.
Tospeedsuptherecognitionsystem,akeyframeselectio
nmethodisadoptedinthispaper. Theselectedkeyframes
oftheentirevideosequencesarestackedinchronological
orderandthenprojectedintothreeorthogonalplanes.Dis
tinctivefeaturesarecalculatedbyHistogramsofOriente
dGradients(HOG)andtheninputtoL IBSVMforrecogni
tion. TheexperimentsareexecutedonMSRGesture3Dd
atasetandtheresultsindicatethattheproposedapproachi
sefficientandperformsbetterthanthecomparedapproac
hes.
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