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ABSTRACT

WiththerapiddevelopmentoftheWoT,acquisitionrequirementstothedatagrowwitheachpassing
day.However,theexistingdataacquisitionsystemsusuallyusetheuploadmode.Uploadingdatanot
onlytakesalotoftime,butalsorequiresstafftocontinuouslymonitoronduty.Aimingattheproblem
ofenterprisemanagementdataacquisition,aWoT-basedenterprisemanagementdataacquisition
andanalysissystemisconstructed.Thesystemobtainsmultiplemonitoringdatathroughthedata
acquisitionmoduleandintegratesthesedatathroughtheprocessingmodule,whichcansolvethe
problemsoftraditionaldataacquisitionsystems.Inordertoeffectivelyfusedata,basedoncanonical
correlationanalysis(CCA),themultipleorderstatisticscorrelationdiscriminationanalysisalgorithm
isproposedasafusionstrategy.ExperimentalresultsshowthatthefusionstrategybasedonCCA
caneffectivelyintegratemonitoringdataandaccuratelyidentifydifferentcharacters.

KEyWoRDS
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1. INTRoDUCTIoN

TheWebofThings(WoT)referstoreal-timeacquisitionofanyobjectsorprocessesthatneedtobe
monitored,connected,andinteractedthroughvariousinformationsensors.Specifically,itcollects
variousrequiredinformationsuchassound,light,heat,electricity,mechanics,chemistry,biology,
location,etc.,andrealizestheubiquitousconnectionbetweenthingsandthings,thingsandpeople,
andrealizestheintelligentperception,recognitionandmanagementofthingsandprocesses.TheWoT
isaninformationcarrierbasedontheinternetandtraditionaltelecommunicationsnetworks,which
allowsallordinaryphysicalobjectsthatcanbeindependentlyaddressedtoformaninterconnected
network(Liu2011).In1999,theMassachusettsInstituteofTechnologyestablishedthe“Automatic
IdentificationCenter”andproposedthat“everythingcanbeconnectedthroughthenetwork”,which
clarifiedthebasicmeaningofWoT(Liu2012).Comparedwiththetraditionalinternet,WoThas
itsowndistinctivefeatures.Firstofall,itisawideapplicationofvariousperceptiontechnologies.
AlargenumberofsensorsofvarioustypesaredeployedontheWoT,eachsensorisaninformation
source,anddifferenttypesofsensorscaptureinformationindifferentformats.Thedataobtained
bythesensorisofreal-timenature,collectingenvironmentalinformationperiodicallyatacertain
frequencyandcontinuouslyupdatingthedata.Secondly,theWoTnotonlyprovidestheconnection
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ofsensors,italsohastheabilityofintelligentprocessing,whichcanimplementintelligentcontrolof
objects.TheWoTcombinessensorsandintelligentprocessing,andusesvariousintelligenttechnologies
suchascloudcomputingandpatternrecognition toexpandapplicationareas.WoTanalyzesand
processesmeaningfuldatafromthemassiveinformationobtainedfromsensorstoadapttodifferent
needsanddiscovernewapplicationfieldsandapplicationmodes.IntheworldofWoT,allsensing
devicesareconnectedtoformamulti-tactilesensingnetwork.Thisrequiresoursensingdevicesnot
onlyto“feel”butalsoto“recognize”and“analyze”,andtransmittheinformationafteridentification
andanalysistotheback,theendusesthecentertopreparefordecision-making.Andvideodatahas
becomethekeytargetofintelligentrecognitionduetoitsuniqueanalyticalandimageprocessing
technologyaccumulation.

ThedataacquisitionsystemisanimportantpartofWoT,whichcanprovidereal-timedatafor
managementandcontrol,andprovideanimportantbasisforequipmentmonitoringandperformance
analysisforoperators.Inordertoshortenthesystemdevelopmentcycleandavoidtherepeateddesign
of thesystem, thedesignandresearchof thedataacquisitionsystemisofgreatsignificance.At
present,thedatathatneedstobecollectedmainlycomesfromvarioussensors,whicharecharacterized
bywidespatialdistributionandlargeamountofdata.Insomehigh-riskandhigh-intensityspecial
environments, it is impossibletoobtaindatamanually.At this time, it isnecessarytoobtainthe
temperature,humidity,pressureandotherdataoftheworksitethroughthesensor,andtoremotely
transmit and process the collected data through the wireless network. The research on the data
acquisitionsystemfirststartedintheUnitedStates.In1956,theUnitedStatesstudiedasetofmilitary
testsystems,aimstotesttherelevanceofthesystemfiles.Andthetesttaskswerecompletedbythe
automaticcontroloftheequipment.Becausethiskindofacquisitionsystemhasfastdataprocessing
speed,highflexibility,andcanmeetdataacquisitiontasksthatcannotbecompletedbytraditional
methods, it hasbeen initially recognized. In the1960s, a complete setof acquisitionequipment
withcompletefunctionswasintroducedintotheforeignmarket,andmostoftheseequipmentwere
dedicated systems. In the 1970s, the combination of computer technology and data acquisition
equipmentgavebirthtoanewgenerationofdataacquisitionsystems.Andthistypeofsystemhas
achievedrapiddevelopmentbyvirtueofitsexcellentperformance.Inthe1980s,withthepromotion
andpopularizationofcomputers,general-purposeacquisitionsystemsandautomatictestsystems
cameintobeing,whichfurtherpromotedthedevelopmentofdataacquisitionsystems.Sincethe
1990s,incountrieswithadvancedtechnologyintheworld,thedataacquisitiontechnologyhasbeen
widelyusedinmilitary,avionicsandaerospacetechnology,industryandotherfields(Chen2012).

TheWoTrequiresthedeploymentofalargenumberofsensornodestoobtainenvironmental
information,suchthatthesensordatausuallyhavingthecharacteristicsofmassiveness,heterogeneity,
uncertaintyandrelevance(Li2011,Li2009).Becausethesensornodesusebroadcastforwireless
communication,alargeamountofdataistransmittedinthenetwork,whichinevitablybringsabout
networkcongestion,datalossanddelayproblems.Takethesurveillancevideosystemasanexample,
thetraditionalsurveillancesystemcollectssurveillancevideoimagesthroughfront-endcameras,and
thenuploadsthemtotheback-endserverforstorageandprocessing,andobtainsusefulinformation
insurveillancevideoimagesthroughhumaninspectionorsomerelatedalgorithms.Thistraditional
monitoringsystemhastwoshortcomings.Oneisthatitrequiresalotofstoragespace.Theotheris
thatthemonitoringsystemissensitivetotime.Itrequiressensornodestotransmitthecollecteddata
tothecentralprocessingnodeinrealtime,andoutdatedinformationisnotonlyuselesstothesystem,
butmayalsobringcatastrophicconsequences.Inaddition,thetransmissionofalargeamountof
redundantinformationacceleratesthelossofbatteryenergyofthesensornode,andseriouslyaffects
theservicelifeofthenetwork.Therefore,thecleaningandfusionprocessingofthecollecteddata
beforestorageisindispensable.Specifically,itisnecessarynotonlytoensurethereal-timeprocessing
ofthesechangeableandunknowndata,butalsotointegratethedatafrommultiplecollectionnodes,
tofuseandconvergetothecentralprocessingnodeaccordingtoaspecificalgorithm,soastomeet
thehigh-levelapplicationsystem’sdemandforreliableandefficientdatacollection.
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Accordingtotheaboveproblems,thispaperisorientedtotheenterprisemanagementdataacquisition
system,takingthevideofacerecognitiontechnologyinthesurveillancesystemastheentrypoint,and
constructingaWoT-basedenterprisemanagementdataacquisitionandanalysissystem.Thissystem
obtainsmultiplemonitoringdatathroughthedataacquisitionmodule,andconductsfusionanalysis
onthedatathroughtheprocessingmodule,whichsolvestheproblemsoftraditionaldataacquisition
systemssuchasinabilitytorespondinrealtime,occupiedstorageandexcessivedatatransmission.The
followingpartofthispaperisorganizedasfollows:thearchitectureofWoT-basedenterprisemanagement
dataacquisitionandanalysissystemisproposedinSection2;themultipleorderstatisticscorrelation
discriminationanalysisalgorithmisusedasthefusionstrategyforsurveillancevideodatainSection
3;theexperimentsareprovidedinSection4;Section5istheconclusionanddiscussion.

2. ARCHITECTURE oF WoT-BASED ENTERPRISE MANAGEMENT 
DATA ACQUISITIoN AND ANALySIS SySTEM

Inorder tosolvetheproblemsof traditionaldataacquisitionsystemsthatcannotrespondinreal
time,occupystorageanddatatransmissionvolumeistoolarge,etc.,anarchitecturebasedonWoT
isproposedforenterprisemanagementdataacquisitionsystem,whichisshowninFigure1.

InFigure1,accordingtothefunction,thesystemcanbedividedintothreeparts,namelythe
perceptionlayer,thetransmissionlayer,andtheapplicationlayer.Theperceptionlayeriscomposed
ofadataacquisitionmodule(webcamera)andaprocessingmodule.Thecameracollectstheimage
andtransmitsittothemiddlewareserverthroughthenetworkafterthepreliminaryprocessing(data
fusion)oftheprocessingmodule.Theserverperformsoperationssuchasdatastorage,identification,
andearlywarning.Thetransmissionlayerobtainsthemiddlewareserverdatathroughprogramsand
displaystheprocessingresultsontheapplicationlayer.

Letussupposethatthedataacquisitionmodulehascollectedtwosurveillancevideosequences
ofsomeone:S s s

n1 1
1 1

1
= …{ }, , andS s s

n2 1
2 2

2
= …{ }, , ,wheres

j
i denotesthe j th frameinsequence

i ,n
1

andn
2
denotesthenumberofframesineachvideo.Thedataprocessingmoduleperforms

Figure 1. The illustration of the architecture for WoT-based enterprise management data acquisition and analysis system. 
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datafusiononthevideosequences S
1
and S

2
.Specifically,wefirstusethefirst-orderstatistical

featuresandsecond-orderstatisticalfeaturestomodelS
1
andS

2
respectively.

First-order statistics:Computingthemeanvectorm
1
ofvideosequenceS

1
,itshowstheaverage

positionofthevideointheEuclideanspace:
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Second-order statistics:Thesecond-orderstatisticsfeature,i.e.,covariancematrixC
2
ofvideo

sequenceS
2
iscomputedasfollows,whichrepresentthecorrelationoftwoindividualfeaturesof

eachpairofsamplesinthevideo:
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wherem
2

isthemeanvectorofvideoS
2
.

Then,inordertoovercometheheterogeneitybetweenmodelingrepresentationsm
1
andC

2
,

differentkernelfunctionsareusedtomapthemtohigh-dimensionalEuclideanspace.Finally,inthe
high-dimensionalspace,low-dimensionalembeddingsW

m
andW

C
areusedtomapthemtothe

low-dimensionalsharedsubspacefordatafusion.

3. MULTIPLE oRDER STATISTICS CoRRELATIoN DISCRIMINATIoN ANALySIS

Inthissection,basedoncanonicalcorrelationanalysis(CCA),themultipleorderstatisticscorrelation
discriminationanalysis(MOSCDA)algorithmisdevelopedtofusesurveillancevideodata.Suppose
thatwehavetwovideomonitors,andhavecollected 2N videosequences: 1

1
1

2
1 1= { }S S S

N
, , ,� 

and2
1
2

2
2 2= { }S S S

N
, , ,� ,thatiseachpersonhastwovideosateachtime.Inthispaper,weusethe

first-orderstatisticstorepresentthefirstvideoandusethesecond-orderstatisticsfeaturestorepresent
thesecondvideo.

Differentorderstatisticsinformationcharacterizesthevideofromdifferentperspectives.For
instance, themeanvectorroughlyreflects thepositionof thesampleintheEuclideanspace, the
covariancematrixdenotesthevarianceandthecorrelationoffeaturesinthediagonalelementsand
thenon-diagonalelements,respectively.Hence,thesestatisticsfeaturescanprovidecomplementary
informationtorepresentthesameperson.

Fromabove,weknowthateachperson(has twovideos)canbemodeledbyavariablepair
m C,( ) ,thisisaclassicaltwo-modelvideoclassificationproblem.Italsocanbeviewedasmulti-

viewfeaturesofaninstance.Therefore,thecommonmulti-viewlearningmethodCCAcanbeused
toextractandfusethestatisticsfeatures.

However,thefirst-orderstatisticsfeatureslieontheEuclideanspace,whilethesecond-order
statisticsfeatureslieonRiemannianmanifold(SPDmanifold)++

d .ItisdifficultforCCAtoproject
theminto thecommonsubspacedirectly.Toreduce thedissimilaritybetween theheterogeneous
spaces,wefirstembedtheRiemannianmanifold ++

d intoahighdimensionalEuclideanspaceby
usingtheLogarithmkernel:
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k C C tr log C log C
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 (3)

Aftertheembedding,CCAbasedmethodislearnedfromthehighdimensionalEuclideanspace
andtheoriginalEuclideanspace(oritscorrespondingHilbertspace)tothefinalcommonsubspace.

From above we know that different order statistics features contain different discriminative
information,howtofusethemisanimportantproblem.

Canonicalcorrelationanalysisisafamousmulti-viewlearningmethod,itseeksapairofprojection
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Theproblem(4)canberewrittenas:
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UsingtheLagrangemultipliermethod,thefollowingtwogeneralizedeigenvalueequationsareobtained:
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Then,weusethefollowingtwofeaturefusiontechnologies(Sun2005)tofusethefeatures:
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Finally,1-NNclassifierinthisp -dimensionalcommonsubspaceisconductedbasedonEuclideandistance.
Besides,twonewfeaturefusionmethodsarealsoproposed,termedasfeaturefusionstrategy3

(FFS3)andfeaturefusionstrategy4(FFS4),respectively.
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whereµ ∈ 

0 1, isthefusionweight.DifferentfromFFS1andFFS2,theproposedFFS3andFFS4

methodsdynamicallyfusetwofeatures,whichcanimprovetherecognitionratebyfindingthebest
fusionratio.TheycanbeseenasthegeneralizationofFFS1andFFS2.

4. EXPERIMENTS AND SIMULATIoNS

Thissectionincludesfourparts.Themainobjectiveofthefirstpartistotesttheeffectivenessofour
proposedmethodsinvideorecognitionusingtheHonda/UCSDdatabase.Inthesecondpart,wewill
usethemorechallengingdatabaseYouTubeCelebritiestoverifytheproposedalgorithms.Object
recognitiononETH-80databaseisperformedinthethirdpart.Inthelastpart,wewillcomparethe
realtimeconsumingofdifferentvideoclassificationmethods.Allthedataweusedinthispaperare
normalizeddatabases.AllexperimentsarecarriedoutonaPCwithsystemconfigurationInter(R)
Core(TM)2.60GHzwith8GBRAM.

Inwhat follows, inorder toexamine theeffectivenessofourproposedmethods,a seriesof
comparativeexperimentswithdiscriminantcanonicalcorrelations(DCC)(Kim2007),manifold-
manifolddistance(MMD)(Wang2008),covariancediscriminativelearning(CDL)(Wang2012),
localizedmulti-kernelmetriclearning(LMKML)(Lu2013),Log-Euclideanmetriclearning(LEML)
(Huang2015)andprojectionmetriclearning(PML)(Huang2015)areperformed.

Forfaircomparison,theimportantparametersofeachmethodwereempiricallytunedaccording
totherecommendationsintheoriginalreferencesaswellasthesourcecodesprovidedbytheoriginal
authors.InDCCandMMD,PCAwasperformedtolearnthesingleormixtureoflinearsubspaces
bypreserving95%ofdataenergy.InCDL,toavoidthematrixsingularity,regularizationwasapplied
totheoriginalcovariancematrixas:C C I* = +λ ,whereI istheidentitymatrixandλ wassetto
10 3− × ( )trace C ,andc−1 dimensionsdiscriminantfeaturesareused,wherec isthenumberof
classes.InLEML,theparametergammaissearchedfromtherange[0.001,0.01,0.1,1,10,100,1000],
zetaistunedfrom[0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1].InPML,theparameterα issetto0.2.

First, we validate the performance on Honda/UCSD database. The Honda/UCSD database
contains59videosequencesof20differentsubjects.Ineachvideosequence, theheadposeand
facialexpressionofsubjectvarylargely,anditcontainsapproximately300~500frames.Forafair
comparison,werandomlyselect20sequencesfortrainingandtheremainder39sequencesfortesting.
Followingthesimilarsettingsasin(Wang2008),thefamousViolaandJonesfacedetectorisusedto
collectface.Afterthis,thedetectedfacesareresizedto20x20images,andhistogramequalizationis
utilizedtoreducetheilluminationvariations.Thus,eachvideosequencegeneratedavideooffaces.

Theaverageclassificationresultsandsquaredeviationsoftenrandomexperimentsarelistedin
Figure2.Wecanseethatourapproachesperformbetterthantheothercomparedvideoclassification
methods.Especially,allourfourproposedmethodsachieve100%recognitionaccuracy.

Second,weevaluatetheperformanceonYouTubeCelebritiesdatabase.TheYouTubeCelebrities
databaseisalargescalevideodatabasecollectedbyKimetal.forfacetrackingandrecognition,it
contains1910videoclipsof47celebritiesfromYouTubewebsite.Eachclipcontainshundredsof
frames,andtheseframesaremostlylowresolutionandhighlycompressed,hence,therecognition
taskbecomesmuchmorechallenging.ThefaceineachframeisalsodetectedbytheViola-Jones
facedetector,andresizeitto20×20scaleimage.Histogramequalizationisalsousedforeachimage.
Ineachrandomexperiment,onepersonhad3randomlychosenvideosforthegalleryand6forprobes.
TheaverageclassificationresultsandsquaredeviationsoftenrandomexperimentsareshowninFigure3.
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Fromthisfigure,wecanseethatLMKMLachievesthehighestclassificationaccuracy,whileour
methodMOSCDA(FFS4)achievesthesuboptimalrecognitionrate.TheotherthreeMOSCDAmethods
alsoachievebetterclassificationaccuracythanmoststate-of-the-artmethods.Thisindicatesthatour
proposedmethodiseffective.CompareourproposedfeaturefusionmethodsFFS3,FFS4with the
existingFFS1andFFS2methods,ourproposedmethodsperformbetter,thisisbecausethefactthat
ourmethodisageneralizationofFFS1andFFS2,whichcanfindtheoptimalfeaturefusionproportion.

Third,weevaluatetheperformanceonETH-80database.ETH-80isaclassicalobjectcategory
recognitiondatabase,itcontainsvisualobjectimagesofeightdifferentcategoriesincludingapples,
cars,cows,cups,dogs,horses,pearsandtomatoes.Ineachcategory,thereare10objectinstances
(i.e.,10videos)andeachobjectinstanceincludes41differentviewsimages.Thetaskistoclassify
avideoofanobjectinstanceintoaknowncategory.Likepreviousstudies,allobjectimageswere
segmentedfromthesimplebackgroundandthenresizedthemto20x20scaleforclassification.The
averageclassificationresultsandsquaredeviationsoftenrandomexperimentsaretabulatedinFigure4.

From Figure 4, it can be found that our approach MOSCDA(FFS2), MOSCDA(FFS3) and
MOSCDA(FFS4)performbetterthantheothercomparedvideoclassificationmethods,especially

Figure 2. Average classification results and the square deviations of different methods on the Honda/UCSD database (%).

Figure 3. Average classification results and the square deviations of different methods on the YTC database (%).
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MOSCDA(FFS4), which achieves the highest recognition rate. Even for our worst method
MOSCDA(FFS1),itsperformanceisnotworsethanCDL,thismeanthatourinformationfusion
strategyissuccessful.CompareFFS3andFFS4withFFS1andFFS2methods,weagainfindthat
ourproposedFFS3andFFS4outperformFFS1andFFS2.

Forth,wewillcomparethecomputationalcomplexityofdifferentvideoclassificationmethods
onHonda/UCSD,YouTubeCelebritiesandETH-80.Thecomputingcost(trainingtime+testing
time)foreachmethodistabulatedinTable1.

From this table,wecan see thatourmethodMOSCDAcosts smaller time thanmostvideo
classificationmethodsonalldatabases.Specially,onYouTubeCelebritiesdatabase,ourmethod
consumestheleasttime;onHonda/UCSDandETH-80databases,onlyDCCorMMDcostlesstime
thanourmethod.Atthesametime,wecanfindthatthestatisticsfeaturebasedmethods(CDLand
MOSCDA)aremorestableintheaspectofcomputingtimeondifferentdatabases.Furthermore,
comparewithCDL,thecomputingcostofMOSCDAislessthanit,eventhoughthemeaninformation
ofvideoisaddedtoourmethod.Thisisbecausewhenwecomputethecovariancematrices,the
meanvectorsarealsoneedtobecomputed,thus,inourmethodweonlyneedtostorethem.This
alsoindicatethatthecomputingtimeofKCCAislessthankernelpartialleastsquares(KPLS)and
kernellineardiscriminantanalysis(KLDA).

Figure 4. Average classification results and the square deviations of different methods on the ETH-80 database (%).

Table 1. Computation time (seconds) of different methods on different databases.

Methods Honda/UCSD YouTube Celebrities ETH-80

DCC 5.43 59.95 7.99

MMD 69.00 1584 2.09

CDL 12.03 20.03 10.12

LEML 24.17 439.53 45.38

PML 7.09 83.95 12.52

MOSCDA 5.76 18.89 4.23
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5. CoNCLUSIoN

TheWebofThingshasbecomeasignificantsymboloftheinformationage,andthedataacquisition
isanimportantbasicworkintheWoTsystem.Inordertopromotethedevelopmentofdataacquisition
system,thispaperdesignsaWoT-basedenterprisemanagementdataacquisitionandanalysissystem.
Inordertosolvetheproblemsoftraditionaldataacquisitionsystemsthatcannotrespondinrealtime,
occupystorageanddatatransmissionvolumeistoolarge,basedoncanonicalcorrelationanalysis
(CCA),themultipleorderstatisticscorrelationdiscriminationanalysisalgorithmisproposedasa
fusionstrategy.Inexperiments,wecompareourproposedmethodwithDCC,MMD,CDL,LMEL,
LMKMLandPML.TheexperimentalresultsshowthattheproposedMOSCDAapproachdelivers
theoverallbestperformancewiththehighestrecognitionrateandcomparablecomputingtimein
allthreedatabases.However,asnewvideoclassificationmethods,therearestillsomeaspectsthat
deservestudyinthefuture.Firstly,morevideorepresentationmethodscanbeconsideredtojointly
modelvideos.Secondly,weareinterestedindesigningnewmulti-viewlearningmethod.Lastly,the
internalvarianceofavideocanalsoberesearchedtoimprovetheWoT-basedenterprisemanagement
dataacquisitionandanalysissystem.
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