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Abstract:Invariousareasofcivilengineering,theartificialneuralnetwork(ANN)modelisusedtosolve
complexproblems.Inthisstudy,ANNmodelswereusedtopredicttheshearbearingcapacityofRCshear
walls.Basedontheresultsof160experiments,adatabasewasconstructedthatincludedtheperformance
ofRCshearwallsundercyclicloading.OnehundredandfortysampleswerechosentotraintheANN
models,and20wereusedforvalidation.Therewerefourteeninputsparameters:concretecompressive
strength,aspectratio,axialcompressionratio,verticalbaryieldstrength,horizontalbaryieldstrength,
web verticalreinforcementratio, web horizontalreinforcementratio,boundary region vertical
reinforcementratio,boundaryregionhorizontalreinforcementratio,sectionalarearatio,sectionalheight
thicknessratio,totalsectionarea,wallheight,andsectionshape.ANN1andANN2werenormalizedin
intervalsof[0,1]and[0.1,0.9],respectively.TheshearforceoftheRCshearwallswastheoutputdata
forbothmodels.ThepredictionsbytheANNmodelsandthecodemethodsfromGB50011andACI318
werecompared.Theresultsrevealthatthedevelopedmodelsexhibitbetterpredictionandgeneralization
capacityforRCshearwallsthanthecodemethods.
Keywords:artificial neural network;shear wall;reinforced concrete; model prediction;shear
bearingcapacity

基于神经网络的钢筋混凝土剪力墙抗剪承载力研究
郭文烨,张健新

(河北工业大学 土木与交通学院;河北省土木工程技术研究中心,天津300401)

摘 要:神经网络(ANN)模型作为土木工程领域中一种有效的方法能够用于解决复杂的问题。基

于试验数据采用神经网络对钢筋混凝土剪力墙的抗剪承载力进行预测,收集160个钢筋混凝土剪

力墙在低周往复荷载下的试验数据,建立数据库,选取140个试验样本对ANN模型进行训练,20
个试验样本进行测试验证。ANN1和ANN2有14个输入参数:混凝土抗压强度、剪跨比、轴压比、
竖向钢筋强度、横向钢筋强度、墙体竖向分布钢筋配筋率、墙体水平分布钢筋配筋率、边缘构件纵向

钢筋配筋率、边缘构件横向钢筋配筋率、边缘构件与截面面积比、截面高厚比、总截面面积、墙高和

截面形状,输入数据分别被归一化到区间[0,1]和[0.1,0.9]。两个模型的输出数据均为剪力。对

比分析ANN模型预测的钢筋混凝土剪力墙抗剪承载力与采用规范GB50011和ACI318-14公式



计算的抗剪承载力,结果表明,神经网络模型能够精确地预测钢筋混凝土剪力墙的抗剪承载力,具
有较好的预测和泛化能力。
关键词:神经网络;剪力墙;钢筋混凝土;模型预测;抗剪承载力
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1 Introduction
Reinforcedconcrete(RC)shearwallsareoften

usedinbuildingstructuresduetotheircapacityto
resistlateralloadsunderseismicaction[1].The
concretestrength,aspectratio,axialcompression
ratio,verticalorhorizontalwebreinforcement
ratio,andverticalorhorizontalboundaryregion
reinforcementratioarecriticaldesignparameters
thatgovernthelateralloadresistancecapacityof
RCshearwalls[2-3].Theformulausedindomestic
andforeigncodestocalculatetheshearbearing
capacityisanempiricalformuladeterminedby
statisticalanalysis,thatreflectsthemainphysical
andgeometricparametersandconsidersthefactors
thatinfluencethereliability.Differencesinthe
calculation model and calculation method are
incorporatedincurrentcodes,suchasGB50011,

ACI318,andEC2.Furthermore,thestrengthof
theconcreteusedintheformulaforcalculatingthe
shearbearingcapacityisalsodifferent.Generally,

mostexisting methodsofcalculatingtheshear
bearingcapacityofRCshearwallsarebasedon
modelswithlimitedexperimentaldata,suchas
shear walls using high-strength steel bars.
Therefore,furtherresearchonmorereliableand
effcientstructuralassessementisneeded.

ANNshavebeenusedforsimulatingengineering
problems[4-6].Topredicttheaxialbearingcapacity,Du
etal.[7]suggestedtwoANN modelsofrectangular
concrete-filledsteeltubularcolumns.Kotsovouet
al.[8]establishedanANNmodeltopredicttheload
bearingcapacityofbeam-columnjoints.However,

the ANN models and experimental data are
limited.Inthisstudy,shearbearingcapacity
predictionsofRCshearwallsweredevelopedusing
artificialneuralnetworks.Thedeveloped ANN

model provides a reference for prefabricated
concreteshearwalls,theseismicperformanceof
whichareequivalenttocast-in-placeRCwalls[9-12].

2 Datacollection
AsshowninFig.1,testresultsfor160RC

shearwallswithrectangularorbarbellsectionswas
foundintheliterature [2-3,13-29].Thetest
informationincludedallparametersthatmayhave
animpactonthebehavioroftheRCshearwalls.
Thetest samples exhibited good deformation
ability.The parametersforallsamples were
consistent.

Thesizeparametersofthewall(b,h,and
H ), the yield strength of the horizontal
reinforcements fy, the concrete compressive
strength fc,the aspect ratio λ,the axial
compressionratioμ,andtheshearforceV are
includedtotrain andtestthe ANN models.
Finally,160testsampleswereobtainedandare
summarizedinTable1.

Fig.1 Typicaltestsetupundercyclicloading
andsectionforRCshearwalls

 

3 Artificialneuralnetworks
3.1 Backgroundinformation

ANNisanoperationalmodelthatmimicsthe
neuralnetwork ofthehuman brainfrom the
perspectiveofinformationprocessing.ANNisan
artificialintelligencetechnologythatcansolve
complexproblemsbasedoninputparameters.The
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Table1 TestdataofRCshearwalls

Number b/mm h/mm H/mm fy/MPa fc/MPa λ μ Source

11 102-152 1905 4572 429-464 21.8-51.8 2.4 0-0.134 Oesterleetal.[13]

20 70 750 825 470 23.8-42.3 1.1-2.1 0-0.171 Lefasetal.[14]

06 60 600 1200 540 31.8-45.8 2 0 Pilakoutasetal.[15]

11 100 1200 1200-1800 585 21.6-27.5 1-1.5 0-0.07 Salonikiosetal.[16]

10 150 1200-1300 2500 422-540 28-40 1.9-2.1 0-0.083 Rivaetal.[17]

26 80-120 1000-1700 525-1000 314-471 15.7-24.2 0.4-1 0 Hidalgoetal.[18]

06 150 2000 4520-4560 547-601 38.3-45.6 2.3 0.05-0.13 Dazioetal.[19]

08 76 1016 2540 420-448 38.9-130.8 2.5 0.03-0.09 Liuetal.[20]

05 152 1219 1829-2438 472-477 47.1-57.5 1.5-2 0.02-0.08 Tranetal.[21]

03 100 700 1750 469 27.4 2.5 0.15-0.35 Alarconetal.[22]

06 75-100 700 1330-1750 446-469 27.4 1.9-2.5 0.15 Hubeetal.[23]

06 51 254 1067 552 30.3-36.5 4.2 0 Wangetal.[24]

08 200 1500 1750 617-653 46.1-70.3 1.2 0.07 Parketal.[2]

05 203 2032 2032 450-770 38-44 1 0 Minetal.[3]

07 100 1000 1200-2200 630 93.5-110.7 1.1-1.2 0.05 Tengetal.[25]

04 100 1000 2350 341-640 41.6 2.25 0.3 Guoetal.[26]

09 85-100 1600 1750 446-632 28.9 1.1 0 Hubeetal.[27]

05 100 1200 1000-1600 479-638 38.7-53.9 1-1.5 0.13-0.2 Chenetal.[28]

04 200 1000 2000 472-641 34.9 2 0.1 Liuetal.[29]

effectsofthese parametersare notexplicitly
illustratedorquantified.ANNshavetheabilityto
learn,summarize,classify,andpredict,andit
havebeenachievedremarkableresultsin many
practicalapplicationsoverthepastyears.Inthis
study,ANNsareusedtopredicttheshearbearing
capacityofRCshearwalls.

Thisstudyusesaback-propagation (BP)

algorithm,asshowninFig.2.Atypicalartificial
neuronisshownin Fig.3.Threelayersare
includedintheANNs:inputlayer,hiddenlayer,

andoutputlayer.Eachlayercompriseskneurons,

threeneurons,andtwoneurons,respectively.

Fig.2 AtypicalANN
 

Fig.3 Atypicalartificialneuron
 

Theconnectionsbetweeninterrelated neurons
withasetspecificweightaremultipliedbytheinput
dataproducedbytheneuron.Thevaluesobtainedina
particularlayerarepassedthroughthelinkand
summedupwiththebias(refertoFig.2)[8].A
predefinedactivationis usedtorepresentthe
relationshipbetweentheinputsandtheoutputs,as
showninthefollowing

yi =g(v)=g(∑
k

j=1
wijxj+θi) (1)

whereyiistheoutputoftheANN,wijisthe
weightcoefficientsofthejthneuron,xjistheinput
data,θiisthebiasoftheneuron,andg(·)isthe
activationfunction.Inthisstudy,inputandhidden
layersusedsigmoidactivationfunctions,andthe
output layer used the tan-sigmoid activation
function.
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3.2 Inputandoutputdata
Theinputparameterswereselectedbasedon

thedominanteffectoftheparametersonthe
behavioroftheRCshearwall,andincludedthe
concretecompressivestrength (fc),theaspect
ratio(λ),theaxialcompressionratio(μ),the
verticalreinforcementyieldstrength(fy,vw),the
horizontalreinforcementyieldstrength(fh,vw),the
verticalreinforcement web ratio (ρvw),the
horizontalreinforcement webratio (ρhw),the
verticalreinforcementboundaryregionratio(ρvc),

thehorizontalreinforcementboundaryregionratio
(ρhc),thesectionalarearatiooftheboundary
regiontothetotalcross-sectionarea(Ab/Ag),the
sectionalheightthicknessratio(lw/tw),thetotal
sectionarea(Ag),thewallheight(H),andthe
sectionshape(therectangularsectionis“0”and
thebarbellsectionis“1”).

SincetheperformanceoftheRCshearwalls
specifiedinthecodeisdeterminedbythelimitof
theshearloadcapacity,wetakethemaximum
shear (Vmax)as the target parameter. The
maximumandminimumvaluesoftheinputand
outputdataarelistedinTable2.Table3shows
thecorrelationbetweentheinputparametersused
forthepredictionoftheshearbearingcapacityof

theRCshearwalls.Someparametersareweakly
correlatedwhileothersarestronglycorrelated.For
example,thecorrelationcoefficientbetweenthelw/tw
andAb/Ag was-0.763,whichindicatesastrong
negative relationship. The correlation coefficient
betweentheHandλwas0.449,whichindicatesa
weakpositiverelationship.Thesequenceofthe
correlationfortheinputparametersfromstrongto
weakwereAg,ρvc,ρhc,fc,Ab/Ag,sectionshape,

fy,vw,fh,vw,H,ρhw,λ,ρvw,μ,andlw/tw.

Table2 Maximumandminimumvaluesoftheinput
andoutputdata

Parameters/targets Min.value Max.value Units

fc 15.7 130.8 MPa

λ 0.4 4.2

μ 0 0.35

fy,vw 314 770 MPa

fh,vw 314 806 MPa

ρvw 0 0.025

ρhw 0 0.0245

ρvc 0 0.097

ρhc 0 0.0624

Ab/Ag 0.188 0.77

lw/tw 4.98 21.25

Ag 19355 412902 mm2

H 525 4572 mm

Section 0 1

Vmax 15.35 2579 kN

Table3 Correlationmatrixforinputparameters

Parameters/

targets
fc λ μ fy,vw fh,vw ρvw ρhw ρvc ρhc Ab/Ag lw/tw Ag H

Section

shape
fc 1.000 0.249 0.090 0.312 0.249 0.135 0.463 0.576 0.489 0.603-0.374 0.270 0.268 0.570
λ 0.249 1.000 0.006 0.312 0.284 0.279 0.354 0.227 0.016 0.547-0.731-0.124 0.449 0.487

μ 0.090 0.006 1.000 0.017-0.031-0.055-0.019 0.179-0.054 0.092-0.085 0.045 0.038 -0.101

fy,vw 0.312 0.312 0.017 1.000 0.611 0.155 0.159 0.432 0.422 0.318-0.482 0.156 0.158 0.187

fh,vw 0.249 0.284-0.031 0.611 1.000 0.129 0.068 0.301 0.359 0.211-0.300 0.115 0.151 0.121

ρvw 0.135 0.279-0.055 0.155 0.129 1.000 0.602 0.281 0.116 0.255-0.274-0.383-0.099 -0.002

ρhw 0.463 0.354-0.019 0.159 0.068 0.602 1.000 0.387 0.289 0.571-0.475 0.018 0.245 0.402

ρvc 0.576 0.227 0.179 0.432 0.301 0.281 0.387 1.000 0.450 0.514-0.505 0.306 0.183 0.333

ρhc 0.489 0.016-0.054 0.422 0.359 0.116 0.289 0.450 1.000 0.308-0.219 0.367 0.204 0.397

Ab/Ag 0.603 0.547 0.092 0.318 0.211 0.255 0.571 0.514 0.308 1.000-0.763 0.135 0.339 0.492

lw/tw -0.374-0.731-0.085-0.482-0.300-0.274-0.475-0.505-0.219-0.763 1.000-0.104-0.344 -0.468

Ag 0.270-0.124 0.045 0.156 0.115-0.383 0.018 0.306 0.367 0.135-0.104 1.000 0.662 0.197

H 0.268 0.449 0.038 0.158 0.151-0.099 0.245 0.183 0.204 0.339-0.344 0.662 1.000 0.367

Section

shape
0.570 0.487-0.101 0.187 0.121-0.002 0.402 0.333 0.397 0.492-0.468 0.197 0.367 1.000
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  TominimizethedeviationoftheANNandlow
convergencerates,thevaluesoftheinputand
outputdataarenormalizedusingEq.(2).

xi'= xi-xmin
xmax-xmin

,fori=1,2,...,n. (2)

3.3 TrainingandtestingoftheANNs
Inthisstudy,thenetworkwasbuiltusingthe

ANNtoolboxinMATLAB.TheBPnetworkwith
15hiddenlayerswasusedtobuildthemodelofRC
shearwalls.The160experimentalsampleswere
randomlydividedintotwogroups,140samplesfor
training,and20samplesfortesting.Inorderto
verifytheeffectofnormalizationequationonthe
ANNsprediction,thetwocontrolgroupsANN1
andANN2werenormalizedintherange[0,1]and
[0.1,0.9].
Thetrainingprocessoftheneuralnetwork

involvesadjusting the networks weights and
deviations(initiallyrandomlyassigned)tooptimize
thenetworksperformanceintheiterativeprocess.
Theerror performanceindex oftheforward
networkisMSE,whichisthemeansquareerror
betweenthenetworkoutputandthetarget.The
neuralnetworkwouldmodifythenetworknode
weight,accordingtoMSE.Atthesametime,in
ordertoreducetheerrorineachiteration,ANN
usedtheback-errorpropagationalgorithm.After
theerrorwascalculated,theweightsandbiaswere
readjusted.

ThecalibrationprocedureoftheANNmodelis
showninFig.4.Thiswasrepeateduntiloneofthe
followingconditions was met:1)After500
trainingsessions,thealgorithm willstopthe
trainingprocess.2)Theerror-indexreaches10-5.
3)Thevalidationcheckoccurs10times.

TheANN values (ANN-output)andtest
values (targets)areillustratedinFig.5.The
ANNs predicted values were close to the
experimentalvalueswithgooddeformationability,

indicatingthatthe ANN1 and ANN2 models
successfullylearnedtherelationshipbetweeninput
andoutputdata.Inaddition,thepredictedvalues

andtestvaluesthatwereclosertoeachotherin
differentnormalizedranges wereintherange
[0,1]ratherthantherange[0.1,0.9].

Fig.4 CalibrationprocedureoftheANNmodel
 

Fig.5 ANNpredictedvaluesandtestvalues
 

TheratioofoutputtotargetOTR,meanvalue
MV,andstandard deviation SD are usedto
evaluatethebehaviorofthemodel.

OTRi =Oi/Ti (3)

MV =1n∑
n

i=1

Oi

Ti
(4)

SD = 1
n∑

n

i=1
(1-OTRi)2 (5)

WhereOiandTiarethepredictionvaluesofthe
ANN modelsandthe maximum shearofthe
experimentalsamples,respectively.nisthetotal
samplenumber.
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Curves of OTR and sample numberfor
ANN1,ANN2,GB50011,and ACI318are
presentedinFig.6.Twopredictedvaluesinthe
ANN1modelexhibitedtheerrorsof8.1% and
8.7%,whichwereoverestimated.Twopredicted
valuesintheANN2modelexceededtheerrorof
8.0%.Onewasunderestimatedandtheotherwas
overestimated.TheSDwas0.0361inANN1and
0.0412inANN2(refertoTable4).Therefore,

theANN1modelwassuperiortotheANN2model
incalculatingtheshearbearingcapacityofRC
shearwalls.

Fig.6 OTRs-samplenumberscurvesforANN1,ANN2,

GB50011,andACI318
 

Table4 MVsandSDswithtestingdata

Variables ANN1 ANN2 GB50011 ACI318

MV 1.0109 1.0022 0.9544 0.8256

SD 0.0361 0.0412 0.1897 0.2236

4 ComparativestudiesofANNmodels
anddesigncodes

  ThemethodsproposedbyGB50011andACI
318arepresentedasfollows

Vu= 1
λ-0.5

(0.4ftbh0+0.13NAw

A
)+fyvAshsh0

(6)

Vu=φ(Vc+Vs) (7)

Vc=min0.27 f'chd+Nud
4lw
, 

0.05 f'c+
lw 0.1 f'c+0.2Nu

lwh  
Mu

Vu-
lw
2















 hd







 (8)

Vs=Avfyd
s2

(9)

  TheoutputsoftheRCshearwallsaretheresults
calculatedbytheformulasEqs.(6)to(9).

Fig.6showstheOTRscalculatedbyANN1,

ANN2,GB50011,andACI318.Table4lists
MVsandSDsusingthetestingdataforANN1,

ANN2,GB50011,andACI318.
ResultspredictedbytheANN1andANN2

modelsmatchedthosecalculatedbyGB50011and
ACI318verywell.

TheresultspredictedbytheANN1andANN2
modelsmatchedthosecalculatedbyGB50011and
ACI318verywell.Thereweretwooutputswith
anerrorofover8%forbothANN1andANN2,

buttheydidnotexceed10%.Twooutoftwentyin
ANN1wereoverestimated.Onewasoverestimated
in ANN2,andtheother wasunderestimated.
TheseresultsshowthattheANNmodelexhibited
asignificantimprovementcomparedtothestandard
GB50011 and ACI318.Compared withthe
experimentaldata,fourteenresultspredictedby
GB50011exceed10% differencebasedonthe
OTRs.Thereweresixteenpredictedresultswith
errorsexceeding10%inACI318.TheSDsof
ANN1andANN2were0.0361and0.0412,much
lowerthanthoseofGB50011andACI318(refer
toTable3).ComparedwithGB50011andACI
318,theANNsexhibitedbetterperformanceon
predictingtheshearbearingcapacityofRCshear
walls.

There were thirteen results with errors
exceeding10%inGB50011andthreeinACI318
wereunderestimated.The MVsoftheresults
predictedbyGB50011andACI318were0.9544
and0.8256,respectively.ANNmodelsexhibited
higher MVs than GB 50011 and ACI 318,

indicatingthattheformulaswereconservativein
GB50011andACI318duetotheusageofhigh
strengthmaterials.TheSDofGB50011andACI
318reached0.1897and0.2236,whichwere
largerthantheANNmodels.

TheANN1andANN2modelshadthetwo
largestMVs,whileANN1andANN2exhibited
smallerSDs.Thus,ANN modelscanaccurately
predicttheshearbearingcapacityofRCshear
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walls.Compared withthedesigncodes,ANN
modelsmaybesafer.

5 Conclusions
Two ANN models with fourteen input

parametersweredeveloped,basedonexperimental
data.AnefficientlearningmodelbasedonANNs
wasproposedtoevaluatetheloadbearingcapacity
ofRCshearwalls.Thepredictionresultsshow
thatANNmodelspredicttheloadbearingcapacity
favorablyusingparameterssuchastheaspect
ratio,theaxialcompressionratio,theconcreteand
reinforcementstrength,theboundaryregionand
webreinforcementratio,andthesectionalratioand
size,thusaccuratepredictionscanbeprovided.

TheANN1andANN2modelsexhibitabetter
correlationwiththeexperimentalresultsthanthe
codesGB50011andACI318.TheANNmodels
exhibit better accuracy in prediction and
generalizationcapacity.TheBPalgorithmcanbe
effectivelyadoptedintheshearstrengthprediction
ofRCshearwalls.

Application of developed ANNs can be
extendedbyfurtherexperimentaltestsincluding
othershapedsectionsasinputdata.Morestudies
onRCshearwallsincludinghighstrengthconcrete
andhighstrengthreinforcementsarevaluablefor
thestructuresadoptingRCshearwalls.
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