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ABSTRACT:- Hybrid icomposites imade ifrom iblending iof inatural iand isynthetic ifibers iin ia ipolymer 
imatrixishow isynergistic ieffect ion iproperties iwhich icanno itibe iachieved ifrom inormal icomposites. iHybrid 
icomposite imaterials iare iused iin imany iengineering iapplications ifor itheir iversatileiproperties ili 
ikeilightweight, istrength ito iweight iratio, ilow icost, iease iofistructure idevelopment iand ihigh istrength. 
iAutomobile iindustry iutilizes icomposites iand ihybrid icomposites iin imany iof ithe iinterior iand iexterior 
iapplications. iA ilotiofitests ihas ito ibe iconducted ifor iobtaining isatisfactory imechani ical iproperties ifor ithe 
idesired iapplication. iIn ithis iwork, ithe iultimate itensile istrength iofihybrid ishortifiber icomposites imade 
iofiglass ifiber, icarb ion ifiber, iand iepoxy iresin iis ipredicted iusing iartificial ineural inetwork itechniques. 
iTheidata ifor ithe istudy ihas ibeen iobtained ifrom itensileitest ire isults ioficertain ivolume ifraction 
icombinations iofithe iconstituents. iThis iapproach ileverages itheistrengths iofiboth iexperimental 
iprocedureian id itheimathematical imodelling iofineural inetworks ifor ithe iprediction iof iunknown ivalues 

Keywords : iHybrid iComposites, iArtificial ineural inetworki(ANN), iVolume iFraction, iUltimate iTensile 
iStrength, iRegression. 

DOI Number: 10.14704/nq.2022.20.7.NQ33064  Neuro Quantology 2022; 20(7):496-500 

INTRODUCTION 

A icombination iofitwo iorimore itypes iof ifibers iin 
ia isingle ipolymeric imatrixi(also iknown ias ithe 
ihybrid icomposite) ican iproduce igreater istiffness 
iand istrength iin icomparison iwith ithe iindividual 
icorresponding ireinforced ipolymer icomposites. 
iDifferentifibers ihave idifferentiproperties iand 
icharacteristics. iThus, iifithese idifferent iproperties 
iare iknown, idifferent ifibers ican ibe iemployed iin 
ia iway ithatithey ican isuperpose itheir ipropert iies 
itowards ireaching ian ioptimum ibehavior iwhen 
isubjected ito ia icertain imechanical iloading ias ia 
iwhole. iCommonly, isome itypes iofifibers iin ih 
iybrid icomposites ihave ilow imodulus iand/or 
ilower icost, isuch ias iglass iand iKevlar ifibers, 
iwhilstithe iother itypes ihaveihigh imodulus iand/or 
ihig ih icost isuch ias iboron iand icarbon ifibers. iLow 
imodulus iand iinexpensive ifibers imake ihybrid 
icomposites imore itolerant itoidamage iand ireduce 
itheioverall icost, iwhile ithe imoreiexpensive ifibers 
iwith ihigh imodulus iimprove iload ibearing 
icapabilities iand icomposite istiffness. iHence, 
ihybri idization ioficomposites ican iprovide ihigh 
istiffness iand istrength, iimprove ithe iimpactiand 

ifatigue iresistance, iprovide ihigh ifracture 

itoughness 

and isimultaneously icut ithe itotal iweightiand icost 
i[1]. i Chensong iDong iet.al i[2] iinvestigated ithe 
ieffectiofihybridization ion ithe iflexural istrength 
iofiS-Glassi-Carbon-Epoxy icomposites. iItiwas 
ifound ithat ithe iflexural istrength iis imore ithan 
ithatiofipure iglass- 

epoxy icomposites ibutiless ithan ipure icarbon i– 

epoxy icomposites. iBelingardi iet.al i[3] istudied ithe 
ibending ifatigue istrength iofihybrid iinterply 
ibiaxial iglass– 

carbon ifiber ireinforced iepoxy imatrix icomposite. 
iItiwas iobserved ithatithe imechanical istrength 
iand ielasticimodulus idepend ion ithe ilevel iofilo 
iading. iGupta iet.al i[4] ireviewed ithe iwork idone 
ion ithe istudy iofimechanical iproperties iofihybrid 
ifibers ireinforced ipolymer icomposites. 

Theiamount iofithe iconstituents ipresent iin ithe 
ihybrid icomposite idecide ithe iproperties iand 
iperformance iofithe icomposite. iTo istudy ithe 
ieffect iofivolumeifraction ion ithe icomposite 
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iproperties, ione ihas ito iprepare ithe ilaminates 
iand itest ithem ias iperithe istandards. iThis 
iprocedure ineed it io ibe ifollowed ifor iall ithe 
ipossible icombination iofifibers iand imatrix. iBut 
ithe imechanical icharacterization 
iofitheicompositeilaminates iis ia itedio ius itask 
iand ihighly isensitive ito ivarious iexternal ifactors 
ilike imanufacturing imethod, ipersonnel iefficiency, 
ienvironmental ieffects ietc. iIn igener ial 
itheiexperiments iare icombined iwith ithe 
ianalytical itechniques ilike iregression ianalysis, 
iArtificial iNeural iNetworks i(ANN), iand 
ioptimization it iools ito ireduceithe iuncertainty. 

ANN iis ia imachine ilearning itechnique iinspired iby 
ihuman ibrain. iItiisiused iwidely iacross idifferent 
iengineering ito isolve idifferentiengineering ip 
iroblems. iIt iis ialso iused iin ithe ioperation 
iofidriverless iand iautonomous icars. iIt ibasically 
icomprises iofineurons iand ihas ihidden ilayers. iThe 
id iata iis iprocessed iby ihidden ilayers, iwhich ihave 
icertain iweights iassigned ito ieach ineuron iin ithe 
ihidden ilayer. iAnd ithe ifinal ioutputiis igener iated 
iat ithe ioutput ineuron ilayeri[5]. 

 

1. MATERIALS iAND iEXPERIMENTATION 

In ithe ipresent istudy, ihybrid icomposites iare 
ifabricated iusing ithe itraditional ihand 
ilayupitechnique. iGlass ifiber iin ithe iform 
iofichopped istrand im iat, icarbon ifiber i(T700 i-
12K) ichopped ishortifibers iare iused ias ithe 
ireinforcement. iEpoxy i(L-12), iHardener i(K-6) iand 
idiluent, imixed iin ithe iratio iofi10:1:1 iparts iby 
ivolume, iare iused ias imatrix. iThe ivolume ifraction 
iofithe ichopped icarbon ifibers iis ivaried ifro im i0 
i% ito i50 i%, iand ithat iofiglass ifiber iis ivaried ifrom 
i50% ito i0%, ias ithe imaximum ieffective ifiber 
ivolume ifraction ithatican ibe iachieved iby ihand 
ilayupimethod iis i50% i[7]. iTestispecimen 
iofidimensions i250mm ixi25mm ix i2.5mm iare 
ifabricated ias iper ithe iASTM istandard ifor 
ichopped istran ided imat icomposites iand iare 
icured iat iroom itemperature ifori48 ihours. iThree 
ispecimen ifor ieach ivolume ifraction iwas 
ifabricated iand ithe itensile itestiwas iperformed ion 
ian iuniversal itesting imachine.The 
iaverageiofitheithree ivalues ifor ieach ivolume 
ifraction iwas icalculated iand igiven ias iinput ifor 
iboth iANN iand iregression ianalysis ias ishown iin 
iabove iFig i2 i(a-b)[8]. 

 

Fig. i2 i(a): iTensile itestispecimen idimensions ifor 
ishort ifiber icomposites ias iper iASTMD3039 

 

 

Fig. i2 i(b): iComposite ispecimen ifabricated ias 
iper iASTMD3039 iTheitensileistrength iof ithe 
icomposite ican ibe icalculated itheoretically iusing 
irule iofimixtures iequation i[9] igiven ibelow 

σ ic i= iVif iσ ifi+ iV im iσ im i(1) 

 

whereiσc i– iTensile istrength iof icomposite, iVf i– 
iVolume ifraction iofifiber, iVm i– iVolume ifraction 
iofimatrix, iσfi–iTensile istrength iofifiber, iσm i– 
iTensile istrength iofimatrix. iTheiabove iequation 
iassumes ithe icomposite iis ihomogeneous iand 
icontinuous imass iwithoutiany idefects iand ialsoi 
idoesinotitake iinto iconsideration ithe ieffect 
iofimanufacturing ivariables. iIn ipractice, ithe 
ilaminate imade iwith idifferent imanufacturing 
imethods ia ind iunder idifferent imanufacturing 
iconditions iexhibitidifferent iproperties. iSo, itaking 
ithis iaspectiinto iconsideration, iin ithis iwork, iit iis 
iproposed ito iuseiprediction itechniques ifor 
iobtaining ithe ivalues iofitensile istrength ifor 
idifferent icomposition iofifibers. iTo itrain iand 
itestithe ineural inetwork, if iew isamples iof 
iexperimental idata ishown iin itable i1, iis itaken ias 
iinput. iANN iuses ithe idata iand icreates ia itrend 
iwhich ican ibeiused ifor ipredicting iunknown 
ivalues iof ithe itensile istrength. iAibackipropagation 
ialgorithm iwas iused ito icalculate ithe ioptimal 
iweights irequired ito igenerate ithe ioutp iutivector 
iwhile iminimizing ithe ierror ifunction. 
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Table i1: iData iset iused ifor itraining iand iobtaining 
iweighted imatrixiin iANN 

 

2. Results iand iDiscussion 

In iANN itopology ishown iin iFig. i1, ithe 
iinputivariable iused iis ithe ivolume ifraction 
ioficarbon ishort ifibers iobtained iexperimentally 
iand isixineurons iare iused iin ithe ihidden ilayer ito 
iobtain ithe ioutputiofithe isystem iwhich iis ithe 
iultimate itensile istrength iofithe iglass-carbon 
ishortifiber ireinforced ihybrid icomposite. iThe 
iANN itoolbox iin iMATLAB iwas iinitially iused ito 
igenerate ithe ibest ifit. iOut iofieight idata isets, 
ifour iareigiven ias iinput ivariables ifor itraining ithe 
inetwork, itwo iare iused ifor ivalidation iand itwo 
iwere iused ifor itesting. iFig. i4 ishows itheiregressio 
in iplotigenerated iby ithe iANN, iconsisting iofifour 
iindividual igraphs irepresenting itraining idata, 
ivalidation, itestiand ioverall idata. iThe ix-axis 
iindicates ithe ivalue iofitarget idata igiven ifrom ithe 
iexperimental iUTS ivalues iand iy-axis irepresents 
ithe ivalue iofiUTS ipredicted iby iANN iafter 
itraining. iThe idotted iline irepresents ithe 
ibesticorrelation ithatican ibe igenerated iand it ihe 
ithickicontinuous ilines irepresentithe iactual 
icorrelation ibetween ithe itarget ivalues iand 
ioutput ivalues. iItican ibe iseen ithatithe 
icorrelation icoef ificient iR ivalueifor itraining iset iis 
i0.5603 iand ioverall iR ivalue iis i0.466. iThe iR ivalue 
ifor itheioverall idata ihas itoibeitaken ifor 
ievaluating itheigoodn iess iof ithe ifitigenerated iby 
iANN. iIt ican ibe ideduced ithat ithe idifference iin 
iboth iR ivalues ican ibe idueito ithe iunavailability 
iofisufficient idata ipoints ias ishown iin ibelow iFig 
i3. 

  

Fig. i3. iRegression iplot iofiANN ifor ieightidata isets 

 

i  

Fig. i4. iPerformance iplot iofiANN ifor i8 idatasets 

 

Theiback ipropagation ialgorithm iadjusts ithe 
iweights itill iit igenerates ithe isuitable imean 
isquared ierror. iThe ierror iofithe isystem iis ithe 
idifference ibetween ioutput igenerated iby ithe 
isystem iand ithe itarget ivalue igiven ito ithe 
isystem. iThe ivalue iat iwhich ithe imean isquared 
ierror iofithe itraining, ivalidation iand itest idata 
iconverges iis icalled ithe ibest ivalidation 
iperformance iofithe inetwork. iThe inumber iof 
iEpochs irepresent ithe inumber iofi itimes ithe 
ierror iis iback ipropagated ito iachieve ia iminimum 
iconvergent ivalue. iBecause iof ithe iinsufficient 
inumber iofidata isets, ithe ibest ivalidation 
iperformanceiofithe inetwork iwith ieight idata isets 
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iis iobtained ias i11.8719 iati1 iepochs iwhere iin ithe 
inetwork ihas irun ifor i6 iepochs iwhich iis ishown 
iin itheiFig.4. 

 

It iwas iobserved ithatiwith imore inumber iof idata 
isets, ithe inetworkican igenerate ia ibetter 
icorrelation iand ithere iby igood ifitithatican ibe 
iused ifor ipr iediction iofiunknown ivalues. 
iToiincrease ithe inumber iofidata ipoints, ia inoise 
iofi2000 irandom ivalues iwas iintroduced iintoithe 
isignal iand iit iwas ig iiven ias iinputito ithe iANN. 
iThe ieffect iofimore idata ipoints ican ibe iseen iin 
ithe iFig. i5. iAfterithe iincrease iin ithe inumber 
iofidata ipoints, ithe icorrelati ion icoefficientiR 
iobtained iis ialmost isame ifor iall ithe idata isets 
iwhich iis inearer ito ithe iideal ivalue i1 iand ithe 
ibestiperformance ivalue iwhere itheitra iining, 
ivalidation iand itestidata isets imean isquared ierror 
iconverges iis i32.5957 iatiepoch i18 ioutiofi24 
iepochs irun iby ithe inetworkiwhich ican ibe is ieen 
iin iFig. i6. 

 

Fig. i5. iRegression iplot iofiANN ifor ieight idata isets 

Fig.6. iPerformance iplot iofiANN iafter iincluding 
inoise 

 

A iregression ianalysis iwas icarried iout ion ithe 
iexperimental idata iusing idifferentitypes ioficurves 
ilike ipoly4 i(polynomial icurve iofidegree i4), ipoly i5 
i(polynomial icurve iof idegree i5)iand ismoothing 
ispline. iThese icurves iwere ianalysed ifor 
idifferentivalues iofiR2i(co-efficient ofi 
determination) iand iSSE i(sum isquared ierror) ias 
ishown iin iTable i2. iPoly i5 icurve iwas iconsidered 
ito ibe ithe ibest ifit ibecause iofiits ilow ierror 
ivalues iand ihigh iR2, iadjusted iR2 ivalues. 

 

 

TheiANN igenerated ifitiwas icompared iwith ia i5 
idegree ipolynomial icurve igenerated iusing 
ilineariregression. iThe isteep iincrease iin ithe 
ipolyno imial icurveias ishown iin iFig. i7 iwas idue ito 
ithe ilackiof idata ipoints ibetween i0.3 iand i0.5 
ivolume ifraction. iThese ipoints iare idifficultito 
imanufacture iusing ihand ilayup itechnique. iInspite 
iof imissing ipoints ibetween i0.3 iand i0.5 ivolume 
ifractions, iANN iwas iable ito igenerate ia 
ireasonably igood ic iurve iwhich iis ishown iin iFig. 
i7. iThe ivalues iof iUTS ifor isome iintermediate 
ivolume ifractions iwere ipredicted iby iusing iboth 
itheipoly5 iand iANN icur ives. iThe ivalues iwere 
iplotted iand icompared iin iFig.7. iItican ibe 
iobserved ithat ithe ivalues igenerated iby iANN 
imodel iand ilinear iregression inearl iy icomply iwith 
ieach iother iand ithe ideviation iati0.32 iVF iwas 
idue ito ithe ipaucity iofisufficient idata iin ithe 
irange iofi0.3- 0.5 iVF ias ishowniin ibelow iFig i8 iand 
iFig i9. 

 

Fig.8. iComparison iofiplots iby iANN iand iregression 
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Fig.9. iPredicted ivalues iofiUTS 

 

3. Conclusion 

Theitensileistrength iof ishort ifiber ihybrid 
icomposite imaterials iwas ipredicted iusing iANN 
imodel iwith ithe ivolume ifraction iofishort icarbon 
ifibers ias iinput. iThe idata ipredicted iby iANN 
imodel iwas icompared iwith iregression imodel. iIt 
iwas ifound ithatiANN ican ipredict itheitensile 
istrength ivalu ies imore iaccurately ias icompared 
ito iregression imodel. iThe imain idrawback 
iofiusing iANN imodel iis ito ihave imore idata isets 
iwhich irequireimore iexperiments itoibe 
iconducted iwhich iis icontradicting ithe imain 
iobjective. iButithe idrawbackican ibe iovercome iby 
icreating ithe idatabase ionce ian id iit ican ibe iused 
ifor ipredicting ithe ioptimal ivalue ias iper 
iapplication. iThe ipredicted iintermediate ivalues 
iare imore iaccurate iwhen itheiinput iis ifro im 
iexperimental idata icompared ito itheoretical 
icalculations. iThis itechnique ican ipredict iother 
imechanical iproperties ilike ifatigue, icreep, ietc., 
ian id ialso imore inumber iofiinput ivariables ilike 
ithickness iofithe ilaminate, iorientations, 
imanufacturing ivariables ilike ipressure, 
itemperature ietc., ica in ibe iused. 
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