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Abstract:Thelandslide,theevolutionofwhichusuallyoccursundercomplexgeologicalconditions,and
whichbringsaboutgreatdamagetohumanlifeandproperty,isacommongeologicaldisaster.
Understandingthedevelopmentoflandslidesisimportantforthepreventionandcontrolofthesedisasters.
Usingfieldtimeseriesdataoncumulativelandslidedisplacement,alandslidedisplacementprediction
methodbasedontheGeneticSimulatedAnnealingalgorithm wasproposed.TheGeneticSimulated
AnnealingalgorithmoptimizedBPneuralnetworkwasusedtoanalyzeobservationpointZ118intheBaishui
Riverlandslidewarningarea.Thecumulativedisplacementdataofthefirst3monthswasappliedtopredict
theaccumulateddisplacementofthe4month.TheresultsoftheBPneuralnetworkmodelandtheElman
neuralnetworkmodelwerecompared.Atthesametime,thepredictionresultsoftheGeneticSimulated
AnnealingalgorithmandtheSupportVectorMachinemodelwerecompared.Theresultsshowedthatthe
landslidedisplacementprediction modelestablishedinthisarticlecanimprovetheaccuracyofthe
prediction,andprovideareferenceforlandslidedisplacementpredictioninengineeringconstruction.
Keywords:landslide;displacementprediction;GeneticSimulatedAnnealingalgorithm;neuralnetwork;
SupportVectorMachine

基于遗传模拟退火算法的滑坡位移预测方法
乔世范,王超

(中南大学 土木工程学院,长沙410075)

摘 要:滑坡是一种常见的地质灾害,通常在复杂的地质条件下演化和发生,给社会和人类的生命

财产安全造成了极大的危害。了解滑坡的发展规律,对灾害防治具有重要意义。在现有滑坡累积

位移时间序列的基础上,提出了一种基于遗传模拟退火算法的滑坡位移预测方法。采用遗传模拟

退火算法 BP神经网络对白水河滑坡预警区Z118观测点进行分析,利用前3个月的累积位移来预

测第4个月的累积位移。分别与BP神经网络模型和Elman神经网络模型进行比较,并将遗传模

拟退火算法的预测结果与支持向量机的预测结果进行比较。研究结果表明,建立的滑坡位移预测

模型能有效地提高预测精度。
关键词:滑坡;位移预测;遗传模拟退火算法;神经网络;支持向量机
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1 Introduction
Thelandslideisanaturalphenomenonin

whichtherockorsoilintheslopeslidesor
collapsesasawholeduetotheinfluenceoffactors
such as gravity, groundwater, rainfall,

earthquake,humanactivitiesand others.The
occurrenceofalandslideisalwaysaccompaniedby
ashearfailuresurface.Landslideanalysisstudies
theevolution,theprobabilityofoccurrenceandthe
mechanismofthelandslideonthebasisoffully
understandingthegeologicalbody.Thereareboth
qualitativeandquantitativemethodsoflandslide
analysis.Quantitativeanalysismethodsarefurther
dividedintodeterministicanalysisanduncertainty
analysis.

The constitutive modelis based on the
viscoelasticassumptionoftheslidingbodyandthe
slidingsurface[1].Theconceptofviscousforceis
introducedintothedynamicequationoflandslide
displacement.Undertheassumptionoftheinfinite
slope,thesolutionofthedynamicequationandthe
practicalsignificanceofthesolutionarediscussed.
Onthisbasis,thelandslidedisplacementprediction
equationisestablished withthetimeandthe
tangentialstressratioasvariables[2].In2004,

Ferlisi[3]consideredtheinfluenceofthechangein
the groundwaterlevel on thelandslide,and
established a mechanical model of landslide
displacementtopredictthetimealandslidewould
occurbasedontheviscoplasticityofthesliding
surface.In2005,basedonthestudyofAngeliand
Casparto,SpanishscholarsCorominasetal.[4]

furtheranalyzedthecharacteristicsoftheVallcebre
landslidebythestepsystem,andpointedoutthe
importanceofviscousforceintheprocessof
landslidesliding.Themethodandconclusionof
calculatingtheviscousforcewithdifferentideas
wereintroducedintolandslideprediction,andthe
deformation velocity of the landslide was
successfully predicted. In 2006, Maugeri[5]

proposedcoupling elasticity and plasticity.A

mathematicalmodeloftheviscousconstitutive
relationshipcouldbeusedtopredicttheviscous
deformationofthelandslideandtheslopeof
variousslipmodes.

Due to the complex and unpredictable
evolutioncharacteristicsofthelandslidesystem,it
isdifficulttoaccuratelypredictthedisplacementof
the large complex landslide using traditional
methodsofanalysis.In orderto solve this
problem,scholarshavedonemuchresearch.Zhang
etal[6]carriedoutlaboratorytestsandfieldmacro
deformationanalysis,anddividedtheevolutionof
thelandslideintothreestages:initialcreep,

constantcreepandacceleratedcreep.Thecreep
rate and sliding time ofthe landslide were
analyzed,basedonthis,andtheempiricalformula
for predicting landslide displacement was
established[6-8]. Fukuzono[9] and Voight[10]

introduceda methodtopredictthetimeofa
volcaniceruptioninto the study oflandslide
prediction,andestablishedanempiricalformulafor
calculatingthevelocityandaccelerationofthe
landslidedisplacement.Theyconcludedthatthe
twovariableshadanexponentialrelationshipbased
onpreviousstudies,Federicoetal.[11]proposeda
generalexpressionofthecreepmodelconsidering
displacement,velocityandacceleration.Inspired
bythegrowthmodeloforganisms,Verhulst,a
Germanbiologist,proposedalandslideprediction
modelbasedoncreeptheory,namedtheVerhulst
model[12].OnthebasisofVerhulstsresearch[12],

ShuandXiao[13]improvedtheVerhulstmodelby
combiningthegeologicalcharacteristicsoflandslide
evolution withthe quadraticregressionfitting
method and grey theory to characterize the
deformationofthelandslide.Smith etal.[14]

proposed a mathematical modelfor landslide
predictionbasedoncatastrophetheorytopredict
thetimeslopeinstabilitywouldoccur.Aseriesof
nonlinearprediction modelssuchasthefractal
prediction model[15],theloadingandunloading
responseratiopredictionmodel[16]andtheslope
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instability prediction model based on creep
theory[17-20]werealsoproposed.Althoughthese
nonlinear models achieved good results in
predictingthetimealandslidewouldoccur,they
arestillinthedevelopmentstage.Itisnecessaryto
furtheranalyzethenonlinearcharacteristicsofthe
landslide.Therefore,according to the actual
situationofthelandslide,thenonlineartheoryis
introducedformodelingandanalysis.Basedon
this,the Support Vector Machine methodis
appliedinthisarticletoestablishthelandslide
stability evaluation model, which avoids the
limitationsoftraditionalmethodsandimprovesthe
accuracyoftheevaluation.Atthesametime,the
neural network is applied to the landslide
displacementprediction.Basedonthetimeseries
ofthecumulativedisplacementofthelandslide,the
GeneticSimulatedAnnealing(GSA)algorithmis
appliedtothe modelling and analysis ofthe
landslidedisplacement.Consideringtheinfluence
ofrainfallonlandslidedisplacement,thedynamic
neuralnetwork(Elmannetwork)isused,andthe
GeneticAlgorithmisusedtooptimizetheinitial
weightofthenetworktopredictthecumulative
displacement of the landslide under rainfall
conditions.Thesimulationresultsshowthatthe
methodcanimprovetheaccuracyoftheprediction
and provide a new ideaforthe design and
constructionofgeotechnicalengineering.

2 Landslidedisplacementprediction
modelbasedontheneuralnetwork
optimizedbytheGSAalgorithm

  Theartificialneuralnetwork (ANN)has
developedrapidlyinrecentyears.Asageneral
nonlinearapproximator,ithasbeenwidelyusedin
patternrecognition,classificationandidentification
of nonlinear systems. Compared with other
statisticalmethods,theartificialneuralnetwork
hasmanyadvantagesandisaneffectivemethodof
predictingcomplexnonlineardynamicsystems.It
is also suitable for landslide prediction. At

present,theBPneuralnetwork,whichcanreveal
thenonlinearrelationshipindatasamples,isthe
mostwidelyusedartificialneuralnetwork.Alarge
numberofprocessingunitsconstituteanonlinear
adaptive dynamic system, which has good
adaptability,self-organizationandstronglearning,

association,faulttoleranceandanti-interference
ability.The BP neural network model was
proposedbyRumelhartin1986[21].Becauseofits
simplestructure,adjustable parameters,many
trainingalgorithmsandgoodoperability,itis
widelywelcomedbyscholars.However,theBP
neuralnetworkmodelhassomeshortcomings.For
example,iftheconvergencespeedistooslowin
thelatestageoflearning,iteasilyfallsintolocal
minima,which makesithardtodeterminethe
networkstructure.Inaddition,theinitialweights
cannotaccuratelygettheinitialweightsofthe
network.Inview ofthesecharacteristics,this
articlecombinestheGeneticAlgorithm (GA)and
SimulatedAnnealing(SA)tooptimizetheweights
oftheneuralnetwork.Alandslidedisplacement
prediction modelbasedonthe GSA algorithm
optimized BP neuralnetworkisproposedand
appliedtothe displacement prediction ofthe
BaishuiRiverlandslide.TheweightsoftheBP
neuralnetworkbeforeandafteroptimizationare
compared,andthepredictioneffectbeforeand
afteroptimizationiscomparedusingtheSupport
VectorMachinemethod.Itisverifiedthatthe
landslidedisplacementpredictionmodeloptimized
bytheBPneuralnetworkbasedonthe GSA
algorithmhashighpredictionaccuracyforthetime
seriesofcumulativelandslidedisplacement,which
canmeettheneedsofengineeringconstruction.
2.1 BPneuralnetwork

TheBPneuralnetworkisessentiallyafeed-
forwardneuralnetwork.Its mainfeaturesare
forward signaltransmission and reverse error
transmission.Iftheoutputlayerdoesnotreceive
theexpectedresult,thesignalwillbesentback
andthecalculationwillrestartbyadjustingthe
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weightandthresholdofthenetworkaccordingto
the error. The above algorithm allows the
continuousupdateoftheBPneuralnetworksothat
theoutputresultsgraduallyapproachtheexpected
results.Thetopologicalstructureofthesingle
hiddenlayerBPneuralnetworkisshowninFig.1.

Fig.1 BPneuralnetwork
 

AssumethattheBPneuralnetworkinFig.1
hasnneuronsintheinputlayer,pneuronsinthe
hiddenlayerandmneuronsintheoutputlayer,

whicharedefinedasfollows.Themeaningsof
parametersarelistedinTable1.
Inputvector:x=(x1,x2,…,xn)'
Hiddenlayerinputvector:hi= (hi1,hi2,…,

hip)'
Hiddenlayeroutputvector:ho = (ho1,ho2,

…,hop)'
Outputlayerinputvector:yi= (yi1,yi2,…,

yim)'
Outputlayeroutputvector:yo = (yo1,yo2,

…,yom)'
Expectedoutputvector:d=(d1,d2,…,dm)'

Table1 Parametersdefinition

Parameters Meaning

n,m numberofnodes

w connectionweight

d expectedoutput

e(k) actualandexpectedoutputvalueerror

Accordingtoreferences[22-24],thebasicsteps
oftheBPneuralnetworkmodelareasfollows.

1)Initializethenetwork.Assignarandom
numberintheinterval(-1,1)toeachconnection
weight,settheerrorfunctione,anddeterminethe
calculationaccuracyandthemaximumnumberof
learningM.

2)Selecttheinputsamplekrandomlyx(k)=
(x1(k),x2(k),…,xn(k))',andthecorresponding
expectedoutputd(k)=(d1(k),d2(k),…,dm(k))'.

3)Calculatetheinputandoutputresultsof
eachneuroninthehiddenlayerandtheoutput
layer.

hih(k)=∑
n

i=1
wihxi(k)-bh,  h=1,2,…,p

(1)

hoh(k)=f(hih(k)), h=1,2,…,p (2)

yio(k)=∑
p

h=1
whohoh(k)-bo, o=1,2,…,m

(3)

yoh(k)=g(yio(k)), o=1,2,…,m (4)

  4)Calculatethepartialderivativeδo(k)ofthe
errorfunctiontoeachneuronintheoutputlayerby
usingtheexpectedoutputandactualoutputofthe
network.

∂e(k)
∂who

= ∂e(k)
∂yio(k)

∂yio(k)
∂who

(5)

∂yio(k)
∂who

=
∂(∑whohoh(k)-bo)

∂who
=hoh(k)(6)

∂e(k)
∂yio(k)=

∂ 12∑
m

o=1
do(k)-yoo(k))2  
∂yio(k) =

-(do(k)-yoo(k))'o(k)=
-(do(k)-yoo(k))g'(yio(k))=δo(k) (7)

  5)Calculatethepartialderivativeδh(k)ofthe
errorfunctionofeachneuroninthehiddenlayer
basedontheconnectionweightfromthehidden
layertotheoutputlayer,thepartialderivative
δo(k)ofeachneuronintheoutputlayerandthe
outputresultsofthehiddenlayeris
∂e(k)
∂who

= ∂e(k)
∂yio(k)

∂yio(k)
∂who

=-δo(k)hoh(k)(8)

∂e(k)
∂wih

= ∂e(k)
∂hih(k)

∂hih(k)
∂wih

(9)

∂hih(k)
∂wih

=xi(k) (10)

∂e(k)
∂hih(k)=- ∑

m

o=1
δo(k)who  f'(hih(k))=-δh(k)

(11)

  6)Usetheδo(k)ofeachneuronoftheoutput
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layerandtheoutputresultsofeachneuronofthe
hiddenlayertocorrecttheconnectionweightwho.

Δwho(k)=η∂e
(k)
∂who

=ηδo(k)hoh(k) (12)

  7)Usetheδh(k)ofeachneuronofthehidden
layerandtheoutputofeachneuronoftheinput
layertocorrecttheconnectionweightwih.

Δwih(k)=η∂e
(k)
∂wih

=ηδh(k)xi(k) (13)

  8)Calculatethetotalerror

E= 1
2N∑

N

k=1
∑
m

o=1
(do(k)-yo(k))2 (14)

  9)Determinewhetherthenetworkerrormeets
therequirements.Whentheerrorreachesthe
presetaccuracyorthenumberoflearningtimesis
greaterthanthesetmaximumnumberoftimes,

thealgorithmstopsrunning.Otherwise,selectthe
next learning sample and the corresponding
expectedoutput,returntostep(3),andenterthe
nextroundoflearning.

2.2 GA-Elmanneuralnetworkmodel

TheGA-Elmanneuralnetworkmodelisused
topredictthetimeseriesofthelandslide.The
networkiscomposedofthecorrelationlayer,input
layer,hiddenlayerandoutputlayer.Thereisa
correspondingrelationshipbetweentheneuronsin
thecorrelationlayerandtheneuronsinthehidden
layer,andtheoutputvalueofthehiddenlayeris
delayedandfedbacktothecorrelationlayer.In
general,thetwolayersoftheElmancanreflectthe
stateofthenetwork.TheGA-Elmannetwork
containsacorrelationlayer.Thehiddenlayerof
theGA-Elmannetworkisconnectedwiththefull
feedbackofthecorrelationlayer.Itcandescribe
any n-order system which has been proved
theoretically.Inordertoimprovethedynamic
performanceoftheGA-Elmanneuralnetwork,a
self-feedbackconnectionisintroducedintothe
correlationlayeroftheGA-Elmanneuralnetwork.
ThestructureoftheimprovedGA-Elmanneural
networkisshowninFig.2.Inthegraph,the
numberofneuronsinthecorrelationlayerisequal

tothenumberofneuronsinthehiddenlayer.The
numberofexternalinputneuronsisthenumberof
features. The hidden layer nodes are fully
connectedtotheinputlayerandtheoutputlayer.

Fig.2 AdvancedElmanneuralnetwork
 

TheLevenberg-Marquarelt(LM)algorithm,

whichhasafastconvergencespeed,isacommon
algorithminneuralnetworktraining.Inthecaseof
highaccuracyrequirements,theadvantagesofthe
algorithm areparticularly prominent.In most
cases,theLMalgorithmcanobtainsmallermean
squareerrorthananyotheralgorithm.Likethe
Newton algorithm,this algorithm can avoid
computingtheHessianmatrixwhenitiscorrected
atthesecond-ordertrainingrate.

2.3 Establishmentofthe GA-Elman neural
networkmodel

  Inthisstudy,aneuralnetworkmodel(p,h,

1)is established.Since only the landslide
displacementispredicted,theoutputunitofthe
GA-Elmanneuralnetworkhasjustoneneuron.
Themodelisestablishedasfollows.
1)InitializetheweightoftheElmannetwork

asarandomnumberbetweenintervals[0,1],

whichisencodedbytheGA.
2)Generateaninitialpopulation with a

populationsizeofN.
3)Decodeeverypopulationinthegroupwhich

representsanElmannetworkstructure.TheN
sets of weights obtained by this decoding
correspondtoNnetworksofthesamestructure.

4)Foreachnetwork,thenetworkstructureis
adjustedasfollows.
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Fig.3 Flowchart
 

a.Identifytrainingsamplesandtestsamples
forthenetwork.

b.Calculatethenetworkoutputcorresponding
totheinputsamplesetbasedontheLevenberg-
Marquarelt(LM)algorithm.
c.Determinethefitnessfunction asthe

reciprocalofthe networkserror performance
function. Calculate the fitness of each
chromosome,thelargertheerror value,the
smallerthecorrespondingfitness.

d.Selectindividualswithhighfitnessasnew
parentsandeliminateindividualswithsmallfitness.
e.Crossandmutatethenewparent.
f.Repeatstepsc~etoperformanewiteration

ofthenew populationuntilthetrainingtarget
meetstherequirementandasetofoptimization
weightsisobtained.
5)AssigntheoptimizedweighttotheElman

networkformodelingandprediction.
Theerrorevolutioncurveofthe Genetic

AlgorithmisshowninFig.4.

Fig.4 Errorevolutioncurve
 

3 Caseanalysisofthelandslideunder
therainfallcondition

  Landslidedisplacementisusuallyaffectedby
manyfactors,suchasgeotechnical mechanical
properties, geological profile, hydrological
conditionsand so on.However,duetothe
limitationofmanpowerandmaterialresources,itis
impossibletoconductacomprehensivestudyofthe
influenceoftheabovefactors.Sincerainfallplays
animportantroleinthegenerationoflandslides,

thisarticlemainlystudiestheinfluenceofrainfall
onlandslidedisplacement.Inordertoensurethat
theresearchresultsarenotaffectedbyother
factors,beforethecaseanalysis,theotherfactors
remainunchanged.Basedontheserequirements,

the neural network prediction model was
established.Sincetheengineeringgeologyofthe
BaishuiRiverlandslidesatisfiestheconditionsfor
verifying the relationship between landslide
displacement and rainfall,the Baishui River
landslidewasselectedasthestudyobject.

TheBaishuiRiverlandslideislocatedinShaxi
Town,ZiguiCounty,ontherightbankofthe
YangtzeRiver,56kmawayfromtheThreeGorges
dam. The Baishui River landslide is an
accumulationlandslidewithalengthof600m,a
widthof700mandavolumeof1260×104m3,as
showninFig.5.Themainslidingslopeofthe
landslideis20°andtheelevationoftherearedgeis
400m.Thefrontedgeofthelandslideislocated
belowthewaterleveloftheYangtzeRiver,andthe
elevationofthefrontedgeis120 m[25].The
landslidestructureis understood through site
investigation.Therearedgeofthelandslideis
steep,andthefrontedgeisgentle.Thesliding
massgraduallythickensfromthebackedgetothe
frontedge,andthelandslideshowsflattransition
sliding[25-26].Thesliding massisaquaternary
landslidedeposit,composedmainlyofsiltyclay
andgravelsoil.Theburieddepthofthesliding
surfaceis2-35m.Thesoiloftheslidingzoneis
siltyclay,whichcontains20%-30% gravel[25-27].
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TheslidingbedisJurassicmediumthicklayered
siltstone,andtheoccurrenceoftherockstratumis
15°∠36°,asshowninFig.6.

Fig.5 MonitoringmapofBaishuiRiverlandslide[26]
 

Fig.6 Cross-sectionofBaishuiRiverlandslide[26]
 

The BaishuiRiverlandslideisanancient
landslide.Since 1993,local landslides have
occurredmanytimes.Atpresent,thedisplacement
ismainlyconcentratedinthemiddleandfrontpart
ofthelandslide.Therefore,thelandslidecanbe
dividedintotwoparts:relativelystablearea;

severedeformationarea[25].Sincethelandslide
displacementintherelativelystableareaissmall,

onlythedisplacementintheseveredeformation
area is predicted. The specific displacement
characteristicsareasfollows.

Theexistingdatashowthecharacteristicsofthe
landslidedisplacementoftheBaishuiRiverlandslide
fromJanuary2004toDecember2016.Thecumulative
displacementofthelandslidereaches2948mm.The
landslideischaracterizedbyintermittentactivity,and
thelandslidedisplacementcurveisthesteptype.The
landslidedisplacementacceleratesfromApriltoAugust
everyyear,andslowsdownorstopsintheother
months.Before2006,theannualdisplacementofthe
landslide waslessthan205 mm.Thelandslide
displacementincreasedsuddenlyin2007,andthe

annualdisplacementreached870mm.Thelandslide
displacementduring2008—2016 was30-320 mm.
Sincethelargedeformationofthelandslidein2007,

duetothereleaseofpotentialenergy,thelandslide
displacementdidnotincrease.

Theintensityoftheaccumulatedlandslide
activitydependsontheintensityoftheactionand
thetimeofexternalinducementfactors.Longtime
andstrongfactorscanleadtoanincreasein
landslidedisplacementandevenintheoverall
instability.Manyscholarshaverecognizedthatthe
displacementchangeoftheaccumulationlandslide
istheresultofthejointinfluenceofmultiple
factors.Itis necessarytofully considerthe
influenceofthesedifferentfactors,andestablisha
landslide displacement prediction model with
appropriatemethods[28].Duetothecharacteristics
ofloosestructure,strongpermeabilityandeasy
deformation,theaccumulationlandslideoften
presentsintermittentactivityundertheactionof
seasonalrainfall,whichmakesitdifficulttojudge
the evolution stage and displacement ofthe
landslide.Therefore,theabovepredictionmodelis
usedtocarryoutthedisplacementpredictionofthe
BaishuiRiveraccumulationlandslideunderthe
influenceofrainfall.Accordingtothedisplacement
predictionresults,thelandslidecanbeprevented
andwellprotectedinadvance.

Thedisplacementobservation data ofthe
BaishuiRiverlandslideareshowninFig.7.Since
May1,2015,thedatawasrecordedeveryother
month.AsofJune1,2017,47setsofdatawere
recorded.EachtimestepinFig.7representsa
month.Inthiscase,theGA-Elmanneuralnetwork
modelwasused.Sincetheoccurrenceofalandslide
isalong-termcumulativeprocess,thedisplacement
ofalandslidewillaffecttheevolutionofthenext
landslide.Basedonthis,therainfallandthe
accumulateddisplacementineachperiodareusedas
theinputvalue,andtheoutputresultissetasthe
predictedvalueofthecumulativedisplacementat
thenexttime.Theresultsshowthat,inmost
cases,theinfluenceofrainfallonthelandslidehas
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acertainlag.Therefore,inordertopredictthe
cumulativedisplacementofthelandslidein Δt
periodandensuretheaccuracyoftheprediction
resultsbyconsideringtheinfluenceoftheactual
rainfall,theΔtperiodisdividedintot1-t2period,
t2-t3period,t3-t4periodandt4-t5period,and
therainfalloftimet1,timet2,timet3,timet4and
timet5areusedasinputvalues.Thefirst37
groupsofdataareusedforthetrainingnetwork,

andthelast10groupsofdataareusedforthe
prediction.Thecorrespondingcoefficientsareset
inthemodel,andthenumberofneuronsinthe
hiddenlayerisdetermined by experienceand
experiment.Aftermanyexperiments,itcanbe
determinedthatwhenthenumberofneuronsinthe
hiddenlayeris15,themeansquareerrorandthe
fault-tolerantfunctionofthenetworkachievethe
besteffect.

Fig.7 CumulativelandslidedatafromJanuarytoApril
 

Inorderto provethesuperiority ofthis
method,theinitialweightsandthresholdsofthe
Elman network are optimized bythe Genetic
Algorithm,andcomparedwiththeresultsofthe
non-optimized Elman network. The error
performancecurveoftheElmannetwork with
randominitialweightsisshowninFig.8.In
addition,theElmannetworkandtheBPnetwork
arecompared.Theerrorperformancecurveofthe
BPnetworkoptimizedbytheGeneticAlgorithmis
showninFig.9.Throughcomparison,itcanbe
seen that the Elman network has better
performancethan the BP network,and the
predictioneffectoftheoptimizedElmannetworkis
betterthan that ofthe non-optimized Elman
network.
InFig.2,xrepresentstheindependentvariable,

yrepresentsthelearningrate,andzrepresentsthe

Fig.8 ErrorperformancecurveofElmanrandom
initialweight

 

Fig.9 Elmanserrorperformancecurveoftheinitial
weightoftheGeneticAlgorithm

 

algorithm performance.Inordertogetbetter
predictionresults,first,thecollecteddataare
logarithmicallyprocessed,andthennormalized.
ThepredictionresultsusingtheoptimizedElman
networkmodelareshowninTable2andFig.10.

Fig.10 BPserrorperformancecurveoftheinitial
weightoftheGeneticAlgorithm

 

Table2 Comparisonofpredictedandactualvaluesof
cumulativedisplacement

Date Step
Actual

value/mm

Predictive

value/mm

Absolute

error/mm

Relative

error/%

2016-09-01 38 603.9 599.1292 04.7708 0.79

2016-10-01 39 615.4 612.6922 02.7078 0.44

2016-11-01 40 618.0 612.9324 05.0676 0.82

2016-12-01 41 623.1 617.8660 05.2340 0.84

2017-01-01 42 628.7 618.8923 09.8077 1.56

2017-02-01 43 630.8 622.2211 08.5789 1.36
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续表2

Date Step
Actual

value/mm

Predictive

value/mm

Absolute

error/mm

Relative

error/%

2017-03-01 44 637.0 632.3499 04.6501 0.73

2017-04-01 45 643.1 633.9680 09.1320 1.42

2017-05-01 46 724.8 708.2021 16.5979 2.29

2017-06-01 47 892.3 859.1064 33.1936 3.72

ItcanbeseenfromTable2thatthepredicted
valueofthecumulativelandslidedisplacementis
veryclosetothemeasuredvalue,andtherelative
errorislessthan4%.Intheactualtraining
process,73%ofthedatapassedthetraining.In
thecasewiththesameparametersandwherethe
meansquareerroroftheperformanceindexmeets
therequirements,theconvergenceprocessofthe
ElmanneuralnetworkoptimizedbytheGenetic
Algorithmissmootherandfasterthantheoriginal
algorithm,andtheaccuracyofthepredictionis
enoughtomeettheneedsofthemediumandshort-
termpredictionofthelandslidedisplacement.The
resultsofnumericalsimulationanalysisshowthat
theshorterthepredictiontime,thegreaterthe
predictionaccuracy.Therefore,thesamesamples
areusedtotraintheGA-BPneuralnetworkto
verifythesuperiorityoftheGeneticSimulated
Annealingalgorithm.Thepredictionresultsare
showninFig.11.ItcanbeseenfromFig.12that
theprediction accuracy ofthe GA-BP neural
networkissignificantlylowerthanthatoftheGA-
Elmanneuralnetwork.Therefore,theGA-Elman
neuralnetworkisbetterthantheGA-BPneural
networkinthepredictionoflandslidedisplacement
undertherainfallcondition,sotheGA-Elman
neuralnetworkshouldbeusedfirst.

4 Conclusions
Basedontheexistingtimeseriesofthe

accumulateddisplacementofthelandslide,aBP
neuralnetworkprediction modelbasedonthe
Genetic Simulated Annealing algorithm was
proposed. The weight of the network was
optimizedusingtheGeneticSimulatedAnnealing

Fig.11 PredictionresultsbasedontheGA-Elman
neuralnetworkmodel

 

Fig.12 Comparisonofpredictionaccuracybetween
GA-BPandGA-Elman

 

algorithmtoovercomeshortcomingsoftheBP
neuralnetwork,suchasslowconvergencespeed
andeasytofallintothelocalminimumpoint.The
GSA-BPneuralnetworkwasusedtoanalyzethe
observation point Z118 in the Baishui River
landslide warning area, and the landslide
displacementinthe4thmonthwaspredictedusing
thecumulativelandslidedisplacementofthefirst3
months.Thepredictionresults werecompared
withthoseoftheBPneuralnetworkandtheElman
neuralnetwork,respectively.Atthesametime,

thepredictionresultsoftheGeneticSimulated
Annealing algorithm and the Support Vector
Machinemodelwerecomparedandanalyzed.The
resultsshowedthatthepredictioneffectofthe
GSA-BP neural network was very good.In
addition,thepredictionmodelestablishedinthis
articleperformedwellintheaveragerelativeerror
andthemeansquareerrorofthepredictionresults,

provingtherationalityofthemodel.TheGA-
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Elmanneuralnetworkwasusedtoanalyzethe
landslide,andthegeneralizedpredictivecontrol
fastalgorithmwasusedtorealizethecontrolofthe
landslideprediction.Fromthepointofviewof
dynamics,takingthelandslidethrustasthecontrol
variable,the simulation test provesthatthe
methodcanwellcontrolthepredictionaccuracyof
landslidedisplacement,ensuringtheaccuracyof
thelandslidedisplacementprediction,whichcan
provide reliable data support for landslide
prediction,and ensure the development and
completionoflandslidepreventionandcontrol.
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