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AnalyzingHandActiOnRecognitionusmgSpatialTbmporalGraph
ConvolutionalNetwolks(STLGCN)
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*WasedaUniversity

Abst"ct lnthispapel;wecreatedhandkeypointsdatasetfbl､handactiollvideosusingposeestimatiolland

analyzedhandactionusingSpatial-TbmporalGraphConvolutionalNetwork(ST･GCN).

The center ofgravity is taken lo be themean

coordinateofalljointsoftheskeletoninoneframe.For

temporalshowninFiglc,bluedotsdenotethebodyjoints

First, thejointswithinonefi･ameareconnectedwithedges

accordingtotlleconnectivityofhumanbodyStructure.

Then｡eachjointwillbeconnectedtothesamejoint intlle

consecutivefi･ame.Aflerobtainingthesespatial-tempol.al

dimensions on this way, 10 ST･GCNiayerS apPly

collvollltionsonthenl

l. IntrOductiOn

NowndayS, Skeleton infbrmation iswidely used in

actionrecognitionsincetherearerobustposeestimation

methodstodetectskeletondala.Moreover, theseskeletons

al･erepresentedasagraphbasedontheirmovementsand

trained it in convolutional network to classify action

recognition.

2.OverviewofSTLGCN

Asmentioned above, to represent the

skeletons, it isnecessarytwostepssuchas

partitionstrategiesshowninFiglaandFig

configuration

graph using

samplingand

lbfOrspatial

3．CreatingHandKeyPointsDataSet

BefbretraininghandactionusingST-GCN,weneedto

createhandkeypointsdataset byusingpoSeestimlltion

methodwhich is our previouswork fbr hand joints

detection[2]usingbaselineOpenPoSe. InthiSexperimeni,

wedownloadegocentrichandactionvideoS [3] and the

144videosareused toestimatehandposeS. Thereare

threestepstopreprocessthedatabelbretraininginmodel.
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3.1．SegmentingtheVideOS

Togenerateavideosampleft)1.eachaction, theoriginal

videoispreproCessedaimost9Sec()11dS(111mOst240f"mes、

640x480pixels)pervi(leosincetllerearedi"rent lengthg

offi.ameS.

3.2.EstimatingtheskeletonjOints

Inthis step, the llandjointSdetection [2] isUSedtO

obtain thecoordinatesorthe individualg' jOintS ibrall

framessinceitcandetect21handjointsshowninFigZa

for egocentric videoswithout even bodyor elbOw.
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Fig.l.Spatial-Temporallnformation,

(a)Sampling(b)Pal･titionStrategyand, (c)Temporal

Collfiguration[11

To sampleon2D image, tlle samplingareaof lhe

convolutional filtercanberepresentedbydelimitingthe

neighborlloodaroundacentralpoint intherectanglegrid.

Ongraph, it considers theneighborhoodofthe center

pointaspointsthataredirectlyconnectedbyavertex. In

Partitionstrategy, it isbasedonthelocationofthejoints

andtllecharacteristicsofthemovementofthesejoints.

Thepoints in the samplingregion arepartitioned into

threesubsets;

The l･ootnode(ccnterpoint)whicharemal･kedwitll●

greendots,

The centripetal group (blue dots)which are the●

neighborhoodnodesthat areclosest tothecenteroi

gravityoftheskeleton(blackcross),and

Thecentrifilgal group(yellowdots),whichare the●

nodesfartherfromthecenterofthegravity.
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Fig. 2. (a)HandJoints[21,and(b)Examplex,y

coordinatesanditsconfidences
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Theprovidedskeleto11 ibrmshowninFig2b is CChand

pose''& x,ycoordinatesand"score'': confidenceorthat

coOrdinntes.
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《3.3.Filteringtheskeletonjoints

Totraintheskeletonsequences, thex,ycoordinatesare

normalizedinto[0, 1] fbrmbydividingwidthandheiglll

valueoffi､ame．
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Fig.4.AccuracyonHandActionRecognitionusingnew

edge infOl･mation

InFig3and4, theblueandredlinesarerepresented

top-land top-5accuracy,respectively ft)rhandaction

recognition.Wecanobserveinfimlepoch that thetop-I

accuracy is79.17%and70.83%withbaselineandnew

edgeinfbrmation, respectively.Basedonanlllysisresults,

themodel is infiuencedbychangingedgeinfOrmationon

thegraph.

4.EXperiment

Inthisexperiment, thehandjointsof l20videosare

usedfbrtrainingand24videosareusedfbrtestingand

classify8actionSsuchasblue,clicking,double･clicking,

green,j-Sign,scissors,swiping,andyellow.

4.1．Modificationthemodelarchitecture

AlthoughthegraphrepresentationapproachbyST-GCN

isveryflexible, themodel istrainedbyaddingsomeedge

linksandadjllcentneighborhoodlinktoknowwhetheror

not influencingedgeilllbrmation.TherefOre,weanalyzed

bytrainingSTLGCNwithnewedgeinfOrmationTheedge

inibrmationisinspiredfrom[4]anddefinedasfbllows

Ifoneoftwojointsisendsite,onejoint iStwo●

stepsawayfromotherjointForexample, ifJOisend

site, J2is twostepsawayfi･omJO.Therefore, theedge

links are [0,2],[0,61,[0,10],[0,141,[0,18],[2,4],[6,81,

[10,12],and[14,161.

● Ifbothjoints are end site, these .ioints are

connected.Therefbre, theedgelinksare[0,41,[0,8], [0,

12], [0, 161, [0,20], [4,8], [4, 12], [4, 16], [4,20], [8,

12], [8,161, [8,20], [12, 16], [12,20],and[16,201.

1n thebaselineedge infOrmationofST-GCNfOrhand

movements, self-linksanda(Liacent linksare21 and20

respectively. lnthisway, thetotaledgelinksare41 1inks

ibrbaselineedgeinfbrmationand661inksfornewedge

infbrmation.

5．Conclusions

Weanillyzed skeletoll-bllsedhandactiOn recognition

usingST-GCNin thispaper.We introducednewedge

infbrmationbyaddingtobaselineedge inlbrmation fbr

constructinggraph.AlthoughnewedgeinfOrmationcauses

theaccuracytobe(iecrease,wewill considergeometric

featuresusingtheseedge linksfbrnext investigationon

handactionrecognition.
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Fig.3AccuracyonHandActionRecognitionusing

baselineedgeinformation


