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ABSTRACT

Autismspectrumdisorderandcerebralpalsyarecalleddevelopmentaldisordersthataffectthebrain
development,communication,andbehaviourofachildoranadult.IndividualswithCerebralpalsycan
alsodisplaysymptomsofautism.Bothconditionshavevaryingdegreesofseverity,whichcanmake
itdifficulttoformacleardiagnosis.Thisresearchpaperproposesthemodel-freegreenenvironment
forthepredictionoftheabove-mentioneddisordersbydoinggaitanalysisonlywiththecamera.
ThenewintelligentalgorithmCAGLearner(cognitiveanalysisforgait)worksonthestandardsof
graphicalextrememachines.CAGLearneruses thenewpowerfulalgorithmcalledbatoptimized
ELMforclassification,whichisthenrelatedwiththeprevailingmachinelearningalgorithmssuchas
artificialneuralnetworks(ANN),supportvectormachines(SVM),andrandomforest(RF)algorithms
inwhichtheaccuracy,sensitivity,andresponsetimewereanalyzed.Intermsofpredictiontimeand
precision,themodelprovidedinthispaperalsoyieldsmorebenefits.
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INTROdUCTION

ASDisseenprimarystageandtherearesomedeficienciesanditisnotpossibletoidentifybehavioural
patternsassymptomsunlessitaffectsinfantinsignificantlife.ForthediagnosisofASD,thereare
severaltoolsanddifferentmethodstakenbythetherapistwithdifferentdiagnostictools.FortheASD
predictions,manymachinelearninganddataminingtechniqueswereproposedbuttheprediction
andaccuracy failwhen thepopulationget increases. Inexistingprojects,many researchersused
brainsignalsfortheASDpredictions,butthemaindrawbackismoresensorsandhighsignalswill
beusedtotakethesignals.soitwillbemorecomplexandexpansiveapartfromthatitwillcreate
additionalhealthissuestothepatients.Toovercomeallthisproblemourresearchworkconcentrating
onModel-freegreenenvironmenttopredicttheautismspectrumdisorderonlybyimplantingthe
cameratotakethevariousactivitiesofachildoraperson.
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Generally,Gaitisrepresentedasthepresentationofaperson’swalkingappearance.Thiswalking
style or appearance finds important in the biomedical fields to learn about the behavior of the
individual.Accordingtothepersonswalkingstylemanyotherphysicalstudiescanbedoneandalso
helpfulinsurveillanceapplications.Theparameterstobeobservedforthegaitcaneitherbegathered
fromusingsensorsorbyusingimageprocessingtools(Pushpaetal,2010)and(PaulineLuc,2016).

Gait,ingeneral,canbedefinedashowapersonwalks.Anindividual’sgaitisconsideredtobevery
importantinthebiomedicalfieldasitprovidesvaluableinformationregardingtheindividualnormal
andabnormalpatterns,whichcanbeusedfurtherinphysicalpathologyandhumansurveillance.

Therearetwoapproachestoextractthequantitativeparameters-eitherbytheuseofsensors,orby
thehelpofImageProcessing(AtiqurRahmanAhad,2013).Theparametersinmotionarecollectively
consideredastemporalfeatures.Thetemporalfeaturessuchasjointanglescanbeobservedusing
certainsensorwhichinturniscosteffective.Thusinsteadoflearningusingsensors,ifthefeatures
aregatheredfromarecordedvideoofimagesequencefindshelpfultoextracttemporalinformation.
Alsorealtimevideoprocessingisalsoappreciatedforgaitanalysis.

Themovementofthepersonisidentifiedandobservedfromthevideoframesandthefeatures
areclassifiedusingvarioustrackingschemes.Therecognitionofmotionrelatedfeaturesarestamped
asmarkerbasedandno-markerapproach.

Theno-markerschemesarenon-accurateandapproximationschemesoffeatureanalysisfrom
acquireddata sequence.Fewno-markerapproaches relyon the real timecameradataand their
3Dstructures.Thedatacapturedfromonlyoneviewangledonotholdallrequiredmotiondetails
becauseofthesagittalview(DeepjoyDas,AlokChakrabarty,2015),(RolandZügner,2018),(Ahmed
MahmoudHamad,2011),(MandeepSingh,2013)and(MinhuaZhang,2018).Suchsagittalview-based
informationarestudiedusingeithermodelbasedormodelfreeapproach.Themodel-basedschemes
usevariousmodelstofitandextractthefeatureinformation(ChandraPrakash,2016),(AnaPatrícia
Rocha,2014)and(DaeheeKim,2009).Thismodelbasedschemesalwaysrelyonhighresolutiondata
whichisnotalwayspossible.Themajoradvantageofsuchmodelsaretheyarelesspronetonoises
andotherexternalartifactssuchasclothingandotheraccessories.

Themodelfreeschemesextractsthesilhouettesoftheindividualandstudyitsmotion.Fromthis
thefeaturesareextracted,andthisworkswellinlowqualityvideos(OmerAKGUN,2018).These
techniquesareavailableforGaitanalysiscanbeappliedfortheinvestigationofdifferentneuro-physio
disorders suchas theParkinsondiseases,AmyotrophicLateralSclerosis (ALS), andHuntington
Disease(HD).Buttheintelligentclassificationofgaitremainsinthedarkersideeventhoughthe
severalAIbasedalgorithmssuchastheArtificialNeuralNetworks,Supportvectormachinesand
Randomforestetc.

Thepaperproposesthenewintelligent,markerlessclassifierforgaitsCAGLearnerwhichisthen
usedtoidentifythepeoplewithcerebralpalsy.Thepaperdetailsabouttheextractionofthedifferent
featuresusedfortheclassificationandpresentsthenovelBAToptimizedExtremelearningmachines
toachievethehighaccuracyforabnormalgaits(cerebralpalsy)andnormalgaits.

Theorganizationofthepaperisasfollows.
Section-1 deals with the recent surveys on the papers, Section-II details about the working

mechanism of the proposed architecture CAGLeaner. Section -III details the experimental
methodologiesoftheproposedarchitecture.Thefeaturesofthedifferentsubjects,resultinginthe
analysiswerediscussedinSection-IVandtheconclusionisdiscussedinSection-V.

BACKGROUNd

M.PushpaRaniproposedasimilaritybasedgaitidentificationapproachfortheanalysisofhuman
movement.TheyusedanadaptiveIndependentComponentAnalysisschemeforrecognition.The
foregroundestimationisperformedtoextractthedetailsofhumaninthescenetodifferentiatefrom
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the background. The motion based extracted foreground are segmented and the skeleton based
silhouettesofthehumanisextracted.TheIndependentcomponentanalysis-basedapproachgenerates
eigenvectorsforthefeaturesextractedandareusedtotrainthemodeltotrackthesimilarsilhouettes
present insubsequent frames.This is thus termedasaself-similarityapproachand themodel is
deployedforperformancecomparison.

Paulineetaldevelopedatrainingbasedsegmentationapproachforadversialnetwork.Themodel
checksfornon-consistentfeaturesinthedataandgeneratesegmentationmapsonthemtotrainthe
model.Thegeneratedmapiscomparedwiththegroundtruthfeaturetolistitdownasdetectedobject.
ThemodelistestedforitsefficiencyusingPASCALVOCR012datasetandStanforddatasets.

Atiguretal introducedgaitbasedrecognitionmodelbasedonopticalflowestimation.They
consideredthefourdirectionofmotionofsubjecttodeterminethetemporalfeatures.Themethod
istrainedandtestedwithvaryingenvironmentalconditions.Themodelcanbeadaptedtorealtime
recognitionapplications.

Deepet aldevelopeda silhouettebasedgendermodel.From thehumanposturedatasetsof
(CASIA) Centre for Biometrics and security research, the method uses intelligent segmentation
andfeatureclassificationtodifferentiatebetweenmaleandfemale.ThemodelusesSupportVector
Machine(SVM).Themodelattainsanaccuracyofaround76%in100differentsubjectdata.

Rolandetalstudiedthehipmotionbehaviorinpatientswitharthritistogroupthemandcategorize
thembasedontheirmovements.Athresholdofangle˂7.70issetforhealthycases,˂11.1forpatients
withnominalprogressionand12.20asmostpronouncedcases.Theexperimentiscontinuedforup
to2yearstolearntheirimprovementaftermedication.

Ahmed et al introduced a background subtraction scheme for silhouettes extraction. The
unsupervisedk-meansclusteringalgorithmisused to learn thebehavior.Themodel isbasedon
groupingofsimilarfeaturetotrainandclassifysilhouettes.

Mandeepsinghetaldevelopedamodeltolearnthemovementoffootaloneforgaitanalysis.
Thisismainlytargetedtoanalyzethebehaviorofneurogenesispatients.

MinhuaetalcomparedthepostureofpatientsforgaitanalysistolearntheasymmetryinPD
patients.TheVICONmotionvideoisusedasthedataset.

ChandraPrakashetaldevelopedamulti-nodetechnologyforgaitanalysis.Thesilhouettes
arecollectedfrom10individualsfromtheCASIA-Bdatabase.TheyusedtheLinearDiscriminant
Analysis(LDA)schemeforkernelprediction.

AnaetalmodeledaRGBbasedkineticmapformovementanalysis.Basedontheextracted
skeletondata,thePDpatientsandnon-PDpatientsaredistinguishedwithathresholdnominalvalue
ofp=0.004.ThismodelhelpsinmedicaldiagnosissupportforPDpatients.

Daeheeetalintroducedanideaofgaitrecognitionusinginfra-red(IR)images.Thismodelfits
onlyforsubjectwithproperilluminationconditions.

OmeretalgroupedtheALSpatientbasedontheirreceivedgaitfeatures.Thesensoremployed
ingaitfeatureextractionissensibleenoughtogeneratethemotionparameterswithwalkingstyle.
Theaverageprecisionof92%predictionisachievedusingartificialneuralnetworkmodel.

Qinetalstudiedtherecognitionofgaitusingsmartphoneintegration.Thedeeplearning
method isadapted for featureextractionandclassificationofgaitparameters.Unlikemost
learningschemes,themodelusesrecurrentneuralnetworkwhichlearnsfromthepastbehavior
toanalyzethegaitdata.Themethodissimplewithlesshardwareandachievesanaccuracy
ofabout93.7%.

Ionut et al described a fuzzy based classification model to study the behavioral changes.
Theyadaptedthenature-inspiredcolonyschemetochoosetheavailabilityofprocessorsusedin
adaptionprocess.

AlexandraetaldevelopedanELMbasedmachinelearningmodeltoanalyzethegaitfeatures
basedonage,heightandstrideduration.Thishelpsindiagnosisandrehabilitationoptionsforpatients.
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MAIN FOCUS OF THE CHAPTER

SeeFigure1fortheCAGLearner-ProposedArchitecture.

Extraction Phase
ThefirstphaseoftheproposedCAGLEARNERarchitectureisextraction.Theextractionphaseis
furtherdividedintotwosub-stagessuchasSilhouetteextractionandfeatureextraction.

Silhouette Extraction
Preprocessingisthefirststepbeforethesilhouetteextraction.Thisstepisincludedtofilteroutnoise
levelsintheimage.Thewalkingpostureswererecordedasshowninfig.TheRGBdataformatis
obtainedfromthecameraisconvertedintoagreyscaleimagebeforethebackgroundsubtraction.
SeveraltechniquesforbackgroundsubtractionsuchastheFuzzyModel,GaussianMixturesandPCA
wereusedcommonlyinrecenttimes.Toobtainbetteraccuracyinsilhouetteextraction,proposed
CAGLEARNER uses PRAT (Pre -reference Adaptive thresholding) mechanism. In the PRAT
mechanism,thefirstframewithoutthehumanisconsideredasthebackgroundimage.LetJ[u]be
theInputImageofframeu.Also,theAisconsideredtobeabackgroundimage,thenthepixelvalue
ofthetotalframeisexpressedas:

P F u P A P J u


{ } = 



 −




{ }  (1)

The obtained pixels are needed to convert into a binary format which uses the adaptive
Thresholdingforbetteraccuracy:

P if PIn T= ≥1,  

0,if PIn T <  (2)

Afterconvertingintothebinaries,CAGLEARNERusesthemedianfilterintegratedwiththe
dilationprocessfortheremovalofnoisesfromtheimages.

Feature Extraction
FeatureextractionisthenextphaseofCAGLEARNERwhichisconsideredtobeimportantforhuman
gaitanalysis.Inthisphase,thenovelsetof7featureswereextractedfromthesilhouetteimagesand
theseimagesarenormalizedtoreducetheeffectscausedduetothevariabledistancefromthecamera.
Thesubsequentfeatureswereextractedforfurtherclassificationandidentification.

Figure 1. Architectural Diagram for the Proposed CAGLearner mechanism



International Journal of Reliable and Quality E-Healthcare
Volume 11 • Issue 1

5

Frames/Gait Cycle
Thisdefinesthetotalnumberofframespergaitcycles.Thismeasurementgivesthenormalwalking
speedoftheperson.Thismeasurementplaysamajorroleintheclassificationofdifferentpersonsin
termsofphysio-neurodisorders.Theframespergaitcyclearemeasuredasthedifferencebetween
theframeoftheheelstrike(HF)andtheframeoftoe-off(TF).

Swing Ratio
Itisthemeasurementoftheswingofthehandsduringthewalking.Theratioofthemaximumtorsal
widthtotheminimumtorsalwidthgivesanestimationoftheswingratio.Theswingratioisestimated
forallsuchinstancesandthefinalresultareobtainedbytheaveragingthevalues.

Cadence
Itismeasuredintermsofnoofsteps/minute.Thisfeatureiscalculatedbasedonthetotalnumber
offramesnecessaryforonestepanditdependsontheframeratioofthecamera.

Velocity
Thisfeatureismeasuredbasedonthedistanceenclosedbythebodyperunittime.Sinceuser-defined
velocitychanges from time to time, averagevelocity is taken for themeasurement.Theaverage
velocityisthuscalculatedby:

AV SL C. = ×  (3)

wheresteplengthiscalculatedbasedonthedistancebetweenthesuccessivepointsofheelcontact
oftheoppositefeet(SL)C-Cadencewhichiscalculatedinthepreviouscase.

Step Length (S.L)
Thisfeatureismeasuredbythesteplengthofthefeaturefromtoetotoe.Toregularizethevaluestep,
steplengthisfractionedbytheheightofthesubject.Thenormalizedsteplengthiscalculatedby:

SLN Step Length H=  /  (4)

whereHistheheightofthepersonFootLength(F.L):Thisfeatureisameasurementofthefoot
lengthwhichisthencalculatedbythedistancebetweenthetoeandheel.(DF)Againthenormalized
footlengthiscalculatedbydivingbytheperson’sheight:

F L DF H. /=  (5)

Figure 2. Median filter integrated with the dilation process for the removal of noises from the images



International Journal of Reliable and Quality E-Healthcare
Volume 11 • Issue 1

6

whereHistheheightoftheperson.

Cycle Time (Tc)
Thisfeatureisusedtocalculatethetimetocompleteonecyclebyconsideringthenumberofcamera
framesinthegaitcycle.

Mass Location Point (M.L.P)
Itisthemeasurementoftherelativepositionofthebodybythecenter.ThenormalizedMasslocation
iscalculatedbydividingthemasslocationpointbytheheightoftheperson.

After extraction of the features from the silhouette images, the proposed architecture
usesskeletonizationmechanism,whichisthendefinedasthethinlayerofshapethatincludes
pixelswhichareequivalent to themarginsof theImage.Severalmorphological techniques
wereusedsuchthattheerosion,dilationandhybridcannydetectionmechanism.Theproposed
algorithmusesthedilationprocessforskeletonizationduetoitsfollowingfeaturessuchas
highervisualabilityandmorescalability.Themathematicalexpressionfor theadoptionof
thedilationprocessisgivenby:

D B S x x y B= ⊕ = ( )∩ ≠ ∅, ,  (6)

whereB=SkeletonImage,S=StructuredImageElement,x,y-x,ycoordinates.Featureextraction
andskeletonizationhasbeendoneforthedifferentsubjectswhichincludethenormalanddisease-
affectedpersonswhicharethenexplainedintheprecedingsection.

Classifier and Prediction Model
Inthissection,thepredictionmodelforthedifferentfeatureextractionhasbeendiscussed.wehave
used Adaptive kernel-based Extreme learning machines for the classifier and prediction model.
The preceding section deals with the general motivation of the Extreme learning machines and
implementationoftheadaptivekernel-basedextremelearningmachines.

Extreme Learning Machines - An General Motivation
Afterextractingthedata,theclassifieristestedwiththeinputdata.Theclassifierconsistsofanetwork
constructedby theExtreme learningmachines.Theeye-catching featuresofELMnetworks that
usesasinglehiddenlayer,improvedcomputationaltime,creatingaccuracyinapproximation.TheL
neuronspresentinthehiddenlayerincludesanactivationfunctionlikelytobesigmoidtogeneratea
linearoutput.Thebiasweightsofhiddenneuronsarefixedrandomlytotunethem.Thehiddenlayer
ELM,outputisshownasEqn(7):

f X h X h X
L

i

L

i i( ) = ( ) = ( )
=
∑
1

β β  (7)

wherexϵRdisaninputvector,β=[β1...βL]Tisthehiddenvectorweight,Lbetheneuroncount
inhiddenlayerandh(x)=[hi(x),···,hLx)]betheoutputvector.

TheLneuronoutputhi(x)isgeneratedbytuningtorelatetheapproximationcapabilitytheorems
described(DaeheeKim,2009),(OmerAKGUN,2012):

h X G a b X
i i i( ) = ( ), ,  (8)
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whereGisthefunctionofneuron,aiϵRdtheweightsinhiddenlayerandbiϵRdthebiasparameter.
ThefunctionGwithsigmoidactivationfunctionisgiven:

G a b X
a X b

i i

i i

, ,
exp

( ) =
+ − ⋅ +( )( )

1

1
 (9)

ThetrainingsetincludesNobjectsarrangedas{Xi,tdwhereXiϵRdarethepredictorsandtiϵ
Rmthetargets(iϵ[1,N]).Atthetrainingphase,theweightsofthehiddenlayerneuronsarerandomly
generatedbasedontheapproximationfunctions.ThebasictrainingmodelforELMnetworkexhibits
thecriteriafordeterminingtheleastsolutionas:

H Tβ =  (10)

whereH is output of hidden intermediate layer andTbe the targetmatrixof hidden layer.The
trainingphaseisattainedsuchthat,theHmatrixshouldhavenon-squareparametersandtheneurons
inhiddennodesshouldbelessthanthatoftheneuronsintraininginputnode.Thisisexpressedas
alinearfunctionas:

β = +H T  (11)

whereH+istheMoore-Penrosegeneralizedinverse.
EventhoughtheExtremelearningmachinesverifiestobeeffectiveinbothtrainingandtesting,

themaindrawbackisanon-optimizedvalueofinputweightsandbiases.Inordertofine-tunethe
optimalweights,ELMproceduresmultiplehiddenlayerswhichcanaffecttheprecisionofdetection
inhumangaitrecognition.Tooptimizetheinputbiases,wehaveusednewbio-inspiredBATbased
Extreme learning machines-hybrid Integration of BAT with ELM (HIB-ELM) to achieve better
accuracyandless timecomputation.ThefollowingfeaturesofBATalgorithmwereusedfor the
optimizingtheExtremelearningmachines.

Echolocationistheprincipleofbatsforsearchingthefood,preyanddifferentiatingthebarriers.
BatsarecharacterizedbytherandomflyatthelocationLiwithspeedSi,huntthepreyusing

thewavelengthµ,loudnessLandfrequencyF.FrequencyissetbetweentheFminandFmaxwhich
dependsonthewavelengthµminandµmax.

Usingtheabovefeatures,Batupdatesbythefollowingequations:

F F F F b
i
= + −( )min max min

 (12)

S S L L F
i i

t
i i

= + −( )∗−1  (13)

L L S
i i

t
i
t= +−1  (14)

whereb€(0,1)istherandomvariableLiisthecurrentpositionofthebatsatpresentt.thehidden
neuronsareoptimizedusingthebatalgorithmtoproducethehighaccuracyofdetection.
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Methodology of data Collection
Thissectiondetailsthemethodologyoftheexperimentalsetup,detailsofthesubject’santhropometric
dataandtechnicalspecificationofthecamerausedalongwiththesoftwarespecifications.

Methodology for Experimental Setup
The experimental setup has been carried out in two different places for collecting the
normalgaitpatternsandCPaffectedgaitpatterns.ThenormalgaitsareobtainedatABE
SemiconductorDesignsLabusingIntelRealSenseCreativeEdgeCameraswiththeresolution
of720X720with30fps.Figshowstheexperimentalsetupforthegaitanalysismechanism.
Thecameraisplacedatthe2.5mfromthesubjecttorecordthenormalgaits.Thesubject
has been asked to walk from right to left at average speed in which the 1-2 normal gait
cycleswererecorded.

ForCPaffectedgaitsarerecordedatRehabilitationCentreLocatedatTheni/Dindigul,Tamil
Nadu,Indiawiththesameexperimentalsetupwhichismentionedabove.Werecordedfor18subjects
andanthropometric.WehaveusedtheTensorFlowlibrariesforextractionofsilhouetteandprediction
isbeingcomputedbyMATLABr2018version.

RESULTS ANALySIS

Features Extraction
Differentfeaturesextractedfor8subjectslikeFPG,velocity,footlength,swingratio,cadence,step
length,cycletimeandmasslengthwhicharethenusedforbetterclassificationandprediction.

Performance Evaluation
ThissectiondemonstratestheperformanceevaluationoftheproposedELMstructure.Theperformance
oftheproposedschemederivedfromfollowingmetricsasfollows:

Accuracy
DR

TNI
= ×100  (15)

Sensitivity
TP

TP TN
=

+
×100  (16)

Figure 3. Experimental Setup for the CAGLearner Architecture
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Specificity
TN

TP TN
=

+
×100  (17)

whereTPandTNsignifyTruePositiveandTrueNegativevaluesandDR&TNIsignifiesthenumber
ofDetectedResultsandTotalnumberofIterations.Also,wehaveused10cross-validatedmatrices
forvalidatingofthedifferentfeatures.

Case (1)
Incase1evaluation,noofhiddenneuronsfortheBAT-ELMhasbeenselectedforwhichevaluation
metricsincludingaccuracy,sensitivityandspecificityhasbeenevaluated.

Table1clearlyshowstheBAToptimizedExtremelearningmachinehasthehighestaccuracy
ofdetectionwith96%with50neurons,whichareconsideredtobeoptimizedandbalancedhidden
neuronsfortheproposedarchitecture.

Case (2)
Inthiscase,theperformanceoftheproposedarchitecturewiththebatoptimizedExtremelearning
machineshavebeenevaluatedwiththecomparisonwiththeotherclassifieralgorithmsincluding
Artificialneuralnetworks,randomforests,supportvectormachinesandextremelearningmachines.

Fromtheabovecases,itclearlyshowsthattheproposedarchitectureforclassificationofgaits
forthecerebralpalsyandnormalpeoplehasthehighestaccuracydetectionwhencomparedwith
theotherexistingalgorithms.

Table 1. Illustration for characteristics of extreme learning machines using bat algorithms

Sl. No. N of Neurons Accuracy Sensitivity Specificity

01 05 89.34% 89% 88%

02 10 88.45% 88.44% 86%

03 15 78.45% 78.5% 79%

04 20 79% 80% 82%

05 30 80% 82% 84%

06 40 81% 83% 86%

07 50 96.45% 95% 95.45%

08 60 90% 94% 93%

09 70 92% 94% 95%

Figure 4. Comparative Analysis of accuracy for the different classifier with that of proposed BAT-Elm in the proposed architecture
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CONCLUSION

ThispaperdiscussedaboutthepowerfulBAToptimizerbasedExtremelearningmachinesforthe
analysisCerebralpalsyusinghumangaitanalysis.Theextensiveexperimentswereconductedusing
realtimesubjectsinwhichparameterslikeaccuracy,sensitivityandspecifitywerecalculated.Outof
allmachinelearningalgorithmtheproposedalgorithmhasshownthebetterperformanceandproofs
itsplaysinthepredictionofAutismandCerebralpalsy.Stillthealgorithmneedsitsimprovementin
termsofscalability,flexibility,androbustness.
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