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Abstract:TherearemanymountainousareasinChina,withcomplexterrain,weakplanesandgeological
structuresandwidedistributionofgeohazards.Landslidesareoneofthemostcatastrophicnaturalhazards
occurringinmountainousareas,leadingtoeconomiclossandcasualties.Landslidesusceptibilitymodelsare
capableofquantifyingthepossibilityofwherelandslidesarepronetooccur,whichplaysasignificantrole
informulatingdisasterpreventionmeasuresandmitigatingfuturepotentialrisk.Sinceexpert-basedmodels
aredifficulttoquantifyandgenerallydependonthesubjectivejudgments,theaccuracyandprecisionof
landslidesusceptibilitymodelsarenowevolvingfromexpertmodelsandstatisticallearningtowardthe
promisinguseofmachinelearningmethods.Thisstudypresentedcriticalreviewsoncurrentmachine
learningmodelsforlandslidesusceptibilityinvestigation,anextensiveanalysisandcomparisonbetween
differentmachinelearningtechniques(MLTs)fromcasestudiesintheThreeGorgesReservoirareawas
presented.Incombinationwithfieldsurveyinformationaswellashistoricaldata,machinelearningmodels
wereusedtomaplandslidesusceptibilityandhelpformulatelandslidemitigationstrategies.Theadvantages
andlimitationsofseveralfrequentlyemployedalgorithmswereevaluatedbasedontheaccuracyand
efficiencyoflandslidesusceptibilityforecastingmodels.Astheresultshows,thetree-basedensemble
algorithms modelsachieved bettercompared with othercommonly methodsofpappinglandslide
susceptibility.Furthermore,theeffectofdatabasequalityandquantityissignificant,andmoreapplications
ofsomeadvancedmethods(i.e.,deeplearningalgorithms)areyettobefurtherexploredinfurther
researches.
Keywords:landslide;machinelearning;landslidesusceptibility;theThreeGorgesReservoir;deeplearning

机器学习方法在滑坡易发性评价中的应用
马彦彬a,李红蕊a,王林a,b,仉文岗a,b,朱正伟a,b,杨海清a,b,王鲁琦a,b,袁兴中c

(重庆大学a.土木工程学院;b.库区环境地质灾害防治国家地方联合工程研究中心;c.建筑城规学院,重庆400045)

摘 要:中国山区多、地形复杂,构造发育、地质灾害隐患分布广泛。滑坡作为山区最具灾难性的地

质灾害之一,严重威胁着人民群众的生命及财产安全。构建滑坡易发性模型能够量化滑坡发生的



可能性,对制定防灾措施、减少潜在风险具有重要作用。由于经验驱动模型难以量化,且往往依赖

主观判断,近年来,滑坡易发性模型的精度与准确度在从经验驱动和统计理论模型向新兴机器学习

方向发展的过程中得到提升。对目前滑坡易发性评价常用的机器学习模型进行综合评述,并针对

三峡库区的案例研究,对不同的机器学习技术进行广泛分析和比较。机器学习模型通过结合实地

调查资料和历史数据,可绘制滑坡易发性地图,辅助制定滑坡减缓策略。根据滑坡易发性预测模型

的准确性和效率,评价几种常用算法的优势和局限性。结果表明,与一些常用的滑坡易发性制图方

法相比,基于树结构的集成算法模型性能更好。此外,高质量的数据库十分重要,深度学习算法的

更多应用还有待进一步研究探索。
关键词:滑坡;机器学习;滑坡易发性;三峡库区;深度学习
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1 Introduction
Landslideisaprocessinwhichthesoilorrock

onaslopefalls,dumps,slides,spreadsorflows
duetotheinfluenceofvariousfactors[1].Inrecent
years,landslidehazardshavecausedseriouslossof
humanlife and property,therefore,severely
constrainedeconomicandsocialdevelopmentona
worldwidescale[2-5].Accordingtothestatisticsof
ChinasMinistryofNaturalResources(Fig.1),

landslidesarethe mostthreatening geological
hazards,causing incalculable damage[6-10]. To
effectivelyreducethedamagecausedbylandslides,

thestatusoflandslidesusceptibilityidentification
usingscientificandtechnical meansbased on
existinglandslidecasesisthefocusofcurrent
research.

Fig.1 SummaryofthegeologicalhazardsinChina
 

Landslidesusceptibilityisconsideredasthe
potentialforslidestooccurinanareaunderthe

influence of local topography and ambient
factors[11]suchasrainfall,earthquake,reservoir
water level fluctuation, human engineering
activity,etc.Landslidesusceptibilityassessments
are generally divided into qualitative and
quantitativemethods.Qualitativeapproachesare
basedontheexistinglandslideinventoriesandthe
knowledgeandexperienceofexperts,defining
landslidesusceptibilitythroughdescriptiveterms.
Quantitative methods based on databases or
physical models,predictlandslide occurrences
according to model calculation results. By
comparison, quantitative methods reduce the
subjectivityofqualitativemethods[12].Withrecent
technicaladvances,usingGeographyInformation
Systems(GIS),RemoteSensing (RS),Global
PositioningSystems(GPS)assourcesoflandslide
database,combinedwithotherdataintegrationand
analysistechniquesisthemostprevalentmeasure
forlandslide prediction and assessment.This
requiresconsiderationsofarangeofenvironmental
factors,aswellastheimpactofthelandslidesthat
haveoccurred ontheterrain,andis heavily
dependentonthedistributionandscaleofthe
datasets[13].However,thedevelopmentofsoft
computingmethodsprovidesadvancedalternative
quantitative methods, which possesses the
characteristicsoflowcostandhighrobustnessby
toleratinguncertainty,imprecisionandincomplete
truevalues.

As the most promising soft computing
method, machine learning (ML) has been
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developedsincethe1950s,andhasexperiencedtwo
periods of declining popularity as artificial
intelligencehasaffectedthegeneralpublic.In
recentyears,however,advancesin computer
technologyandtherapidexpansionofdataand
informationhavebroughtmachinelearningback
intofavorwithscholars,mainlyduetoitsabilityto
"learn"fromlargeamountsofdatabycombining
appliedmathematicsandcomputationalintelligence
toperformclassificationorregressiontaskson
unknown data.In the case oflandslidesin
particular,machinelearningmethodsareableto
detectrobustdatastructuresthathelp model
landslide susceptibility and predict landslide
occurrences,despitemissingvaluesinmonitoring
information[14-16].Generally,MLmethodsaremore
suitableextensivepredictivemodelingoflandslide
events,aswellasclassificationtasks,considering
thattheyareabletolearnfrom complexand
irregular data,establish relationships between
data,andbuildalgorithmicmodelswithouthuman
intervention and prior assumptions. As an
emergingtechniqueinthefastdevelopmentofthe
informationage,MListheproductofstatistical
mathematicswithartificialintelligenceandother
disciplines,anditis dividedinto supervised
learning, semi-supervised learning and
unsupervisedlearning.Tothebestoftheauthors
knowledge,themostcommonincurrentresearch
contentsistheuseofsupervisedlearningmethods
for landslide susceptibility modeling,solving
classification or regression problems, and
predictingthepotentialthatlandslidesarelikelyto
occurinthefuture[17-22].
Inthispaper,commonMLclassificationand

regression methods are reviewed, and the
performanceofartificialneuralnetwork(ANN),

decisiontrees (DT),supportvector machine
(SVM),multivariateadaptiveregressionsplines
(MARS),random forest (RF)and extreme
gradientboosting(XGBoost)modelsarecompared
basedontheresearchesonlandslidesusceptibility

mapping(LSM)intheThreeGorgesReservoir
area.Abriefsummarysubsequentlyreviewsthe
application of ML in landslide susceptibility
predictionoverthepasttwodecadestoillustrate
thestateofartandprovidebasicguidancefor
futureresearchinthisarea.

2 Statisticalanalysis
2.1 Numberofpublications
In the period 2000-2020,publications on

landslidesusceptibilityusing"landslide","machine
learning",and "landslide susceptibility" as
keywordsfrom WebofSciencewerecollected.A
totalof614papersindifferentpublishingyears
werecompiled,asshowninFig.2,itcanbeseen
thattherewerelessthantenstudiesperyearabout
MLuseinlandslidesusceptibilitypredictionduring
thefirstdecade.Afterthat,therewasasignificant
increaseinthenumberofpublishedarticles,most
notablyafter2016whenasharpincreaseoccurs,

dependingontheadvancementofdataacquisition
technology and the continuous upgrading of
computerhardwareperformance.

Fig.2 Totalnumberofpublicationsinthelast20years
 

2.2 Keywords
Thekeywordsof451studiesintheScience

CitationIndexExpanded(SCI-E)databaseoutof
614retrievedliteraturearticles wereanalyzed.
Statistically,atotalof521ofthesekeywordswere
used.Theobviousisthatthenumberofkeywords
hasincreasedsubstantiallyinthelastthreeyears,

consistentwiththetrendinthetotalnumberof
publications, as shown in Fig.3. Machine
learning, GIS and landslides are the most
commonly used keywords,andtermssuchas
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landslidesusceptibilityandremotesensinghave
significantlyreceivedmoreattentioninrecentyears
duetotherapiddevelopmentofdatainformation
andcomputertechnology.Inaddition,machine
learningmethodssuchasrandomforest,support
vectormachineanddeeplearninghavebeenusedin
recentyearsasdataacquisition methodshave
diversifiedanddatasizeshaveincreased.

Fig.3 Keywordtrendsinpublications
 

2.3 Author
With1162authorspublishingintheareaof

machine learning methods for landslide
susceptibility prediction, the author impact
analysiswasalsoestablishedintheSCI-Edatabase
fortheperiod2000-2020.Thetop15authorswith
themostpublishedarticlesarelistedinTable2,of
which10authorshavepublishedmorethan20
articleswithatotalof1861citations,contributing
significantly tothefield of machinelearning
techniques(MLTs)forLSMresearches.Among
thepublicationsbytheseauthors,mostfocuson
usinglogisticregression(LR)[23-24],decisiontrees
(DT)[25-26],random forest (RF)[27-29],neural
network(NNT)[30-31],andsupportvectormachine
(SVM )[32-33] methods. And from the
methodologicaltrendsofthesestudies,itcanbe
seenthatscholarsare moreinclinedtoshare
researchrelatedtobaggingandboostingalgorithms
which are representative machine learning
methods.
Todate,thereisnoconsensusonwhichML

modelsareoptimalforLSMduetotheinfluenceof
landslideinducingfactors,databasequality,and
theunderlyingassumptionsoftheMLalgorithms.
Thus,thenextsectionfocusesondiscussingthe

conditions of applicability, advantages and
limitationsofseveralrepresentativeMLmodelsfor
criticalcomparison.

Table1 ThemostproductiveauthorsinMLTsforLSM

Author
Total

publications

Total

citations

Averagecitations

perpubs

Publications

asfirstauthor

BuiDT 59 1125 19.07 7

PhamBT 48 922 19.21 22

ShahabiH 34 736 21.65 2

ChenW 33 521 15.79 12

ShirzadiA 29 613 21.14 3

PrakashI 27 574 21.26 0

PourghasemiHR 27 309 11.44 9

PradhanB 24 455 18.96 0

LeeS 20 177 8.85 2

BinAhmadB 20 316 15.8 0

HongHY 19 246 12.95 1

TangHM 19 164 8.63 0

YinKL 15 168 11.2 0

RahmatiO 13 151 11.62 8

3 ComparisonofMLTsforLSM
TheThreeGorgesReservoirareareferstothe

areathatwassubmergedorhadmigrationtasks
duetothe Three GorgesDam projectonthe
YangtzeRiver,locatedintheSichuanBasinand
themiddleandlowerreachesoftheYangtzeRiver
plain.Theexcavationoftheconstructionsitesand
thewaterstorageprocessinthereservoirareahas
caused serious damage to the geological
environment[34-38].Accordingtostatistics,there
wereabout4200landslidesinthewholeThree
GorgesReservoirarea,causingalargenumberof
casualtiesandeconomiclosses[39].Fourexamples
oflandslidesintheThreeGorgesReservoirarea
whichareidentifiedbasedontheinterpretationof
1∶10000-scalecoloraerialphotographsareshown
in Fig.4.Severalpublished papers described
landslidesintheThreeGorgesReservoirareato
studygeologicalfailuremodesandincreaseslope
stability by combining historical data, site
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investigations,satelliteimages,andLSMhasbeen
commonlyusedtoidentifyand map historical
landslidesandpredictfuturelandslideoccurrences.
Fig.5showsthe methodologyforLSM using
MLTs.Inthissection,severalmethodssuchas
artificialneuralnetwork (ANN),decisiontrees
(DT), support vector machine (SVM ),

multivariateadaptiveregressionsplines(MARS),

randomforest(RF)andextremegradientboosting
(XGBoost)andtheirapplicationsin LSM are
brieflydescribed.

Fig.4 Landslidesaerialphotographs(Pengetal.[40])
 

Fig.5 FlowchartofLSMusingMLTs
 

3.1 Artificialneuralnetwork
ANNisanalgorithmicmodelof “artificial

neurons”inspiredbythegenerationmechanismof
restingandactionpointsofnaturalneuronsinthe
humanbrain,andisoneofthefastestgrowing
researchfieldsinrecentyears.Thismethodhasa

strongnonlinearadaptivecapability[41-45].Notonly
cantheinformationitselfchangesinmanyways,

butthenonlineardynamicsystemisalsoconstantly
updatingitselfwhenprocessinginformation,which
cansimulatetheintelligenceofthehumanbrainto
activelyadapttotheenvironmentforlearning.In
general,it is suitable for building general
mathematicalmodelsfordatasetswithnospecific
rules.However,sincethedependenceofthe
outputvariablesontheinputvariablesisnon-
linear,itisnotpossibletovisualizetheeffectof
eachinputvariableontheoutputvalue,soinfact,

ANNisablackboxmodel.
Depending on its advantage of handling

variablerelationshipswithoutrelyingonexternal
rules,ANNalgorithmbecomesaneffectivetoolfor
assessing landslide probability and predicting
landslideoccurrences[46-48].Inaddition,Moayediet
al.[49]presentedtheoptimization-artificialneural
network (PSO-ANN)modeltoachieve model
optimizationtohelpestablishtheestimationof
LSM.Ingeneral,thestrongparallelprocessing
andlearningcapabilitiesallow ANNtohandlea
large number of data samples,but precisely
becauseofthis,itsmodelperformanceisvery
dependentonthequalityofthelandslidedatabase
andisrelativelytime-consuming.
3.2 Decisiontrees

DTisatypicalsupervisedlearningmethodand
apredictive modelthatrepresentsa mapping
betweenobjectpropertiesandobjectvalues.Ituses
atree modelto makedecisionsbasedonthe
propertiesofthedata.Therelationshipbetween
inputvariablesandtargetvariablescanbelinearor
nonlinear,which allowsforclearandconcise
explanationsofvariable associations or better
visualization[50],unlikeANN,itisnotablackbox
model.DTcanprocessdatameasuredatdifferent
scales without making assumptions about
frequencies or weights based on non-linear
relationshipbetweenthedata,thisapproachhelps
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explaincomplexrelationshipbetweenvariablesand
makepredictionsfromthedata[51-53].
The algorithm is actually a process of

recursively selecting the optimalfeature and
partitioningthetrainingdataaccordingtothat
feature,sothateachsub-datasethasthebest
possibleclassification[54-56].Forthequantitative
assessmentoflandslidesusceptibility,thereare
numerousalgorithmsthatcanbeusedforDT
method,suchasiterativedichotomiser3(ID3),

C4.5[57-58],theclassificationandregressiontree
algorithm (CART)[59].Asasingledecisiontree
model,theDTmodeliscomputationallysimpleand
capable of handling both data-based and
conventionalattributes. And unlike black-box
models,thecorrespondinglogicalexpressionsare
easilyintroducedbasedontheresultingdecision
treesofagivenmodel.Tree-basedmodelssuchas
RF,XGBoostarebasedonDTalgorithm.
3.3 Supportvectormachine

SVM is a supervised learning binomial
classifierbasedontheriskminimizationprincipleof
structuredarchitecture[60],originallydevelopedby
Vapnik[61].Itsbasicmodelisalinearclassifierwith
thelargestspacingdefinedinthefeaturespace,

while the kernel approaches such as linear
function,radialbasisfunction and polynomial
function,allowittohandlenonlinearproblems[62].
Essentially, its approach seeks the best
compromisebetweenthelearningaccuracyofa
particulartraining sample and the ability to
correctlyidentify arbitrary samples based on
limitedsampleinformation,inordertoobtainthe
bestgeneralizationcapability[63-66].

Among the many studies that predict
landslides,SVMhasbeenfoundtoexhibitmany
unique advantagesin handling smalltraining
samples,nonlinearandhigh-dimensionalpattern
recognition,andstrongrobustnesscanbeobtained
withverylittlemodeltuningcomparedwithother
multivariatestatisticalmodels[67-69].Theexcellent

generalizationabilitymakesSVMoneofthemost
commonlyusedandeffectiveclassifiers.Andyet,

SVM does not perform better than other
algorithmsinalllandslidecasestudies.Forlarge-
scaletrainingsamples,itwillwasteasubstantial
amountofmachinestorageandoperationtime.
3.4 Multivariateadaptiveregressionsplines

MARSisadataanalysismethoddevelopedby
the Americanstatistician Friedman[70].Itisa
nonparametricregressiontechniquethatcombines
theadvantagesofsplineregressionandrecursive
partitioning,andcanbeseenasanextensionofthe
linearmodelofinteractionbetweenvariables[71-79].
InMARS,noneedtomakeassumptionsaboutthe
relationshipbetweenindependentanddependent
variables.Itdividesthetrainingsetofdatainto
differentsegmentedlinesegments,whicharecalled
basisfunctions,andtheendpointsofeachsegment
arecallednodes.Ithasbeenprovedby many
researchesonLSMthatMARShasstrongadaptive
capabilityandgeneralizationabilitywhendealing
withhigh-dimensionaldata[80-81].MARScanbe
seenasarefinementoftheeffectofCARTin
regressionproblems,comparedtootherMLTs,it
caneffortlesslyprocurethedisplayexpressionsof
variables whereas model accuracy is not
satisfactory.
3.5 Randomforest
In2001,Breimancombineddecisiontreesinto

randomforestswiththeideaofensemblelearning[82],

soitessentiallybelongstoalargebranchof
machinelearning:ensemblelearningmethod.In
RF,assumingthattheproblemtobesolvedis
classification,soeachdecisiontreeisaclassifier.
Andforaninputsample,RFintegratesthe
differentvotingresultsofnclassifiers,andthe
categorywiththemostvotesisdesignatedasthe
finaloutput,whichisoneofthesimplestbagging
ideas[83-86].

The“forest”iscomposedof“trees”,and
whenconstructingadecisiontree,itisnecessaryto
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payattentiontotherandomsamplingandcomplete
splittingprocess,andtheconstructionmethodhas
thefollowingthreesteps:

(1)Thereisaputbacktoselectnsamples
whichmeansthateachtimeasampleisrandomly
selected and then put back to continue the
selection,withthesensamplestrainingseta
decisiontree.Andthesensetsaretakenasthe
sampleattherootnodesofthedecisiontree;

(2)Supposethatthefeaturedimensionofeach
sampleisM.Whenthenodesofthedecisiontree
needtobedivided,m attributesarerandomly
selected,whichneedtosatisfytheconditionm≪
M.Thenoptimaloneisselectedasthesplitting
attributefromthemattributes.

(3)Spliteachnodeofthedecisiontreetothe
maximumextentpossible,withoutpruning.
Repeatsteps(1)-(3)toconstructalarge

numberofdecisiontrees,sothatarandomforestis
formed.

RFishighlyefficientandcapableofprocessing
largeamountsofdatawithveryhighaccuracy,and
doesnotrequiredimensionalityreductioninthe
face of input samples with high-dimensional
features,soitisparticularlyapplicabletoexplain
the spatial relationship between landslide
cases[87-89].Inaddition,itcanbeusedtoevaluate
theimportance ofindividualfeatures on the
classificationproblems,whichisverycommonin
LSM[90-91].Inmanycurrentdatasets,RFpossesses
aconsiderableadvantageoverotheralgorithmsand
cananalyzetheimportanceofthefeatures.But
sinceitpresentsadiscontinuousoutput,theRF
model performance in solving landslide
susceptibility regression problems is not as
impressiveasontheclassificationproblems.
3.6 Extremegradientboosting

XGBoostisatreeboostingscalablemachine
learning system, proposed by Chen and
Guestrin[92].Thelearningmethodofthisalgorithm
ismainlytosumtheresultsofK(numberoftrees)

asthefinalpredictedvalue,theforecastoutputof
theensemblemodelcanbeexpressedas

yi
︿
=ф(xi)=∑

K

k=1
fk(xi),  fk∈F (1)

wherefkrepresentstheregressiontree,Kisthe
numberofregressiontrees,fkisthek-thtree
model,xiisthei-thsample,yiindicatesthei-th

categorylabel,yi
︿
isthemodelpredictedvalue,Fis

thespaceofCART.
Infact,XGBoostisknownforitsregularized

boostingtechnique,theobjectivefunctionisdefinedin
ordertolearnthesetoffunctionsusedinthemodel,

andpreventoverfitting.Generally,therearethree
mainparametersnamely,colsample_bytree(subsample
ratioofcolumnswhenconstructingeachtree),

subsample (subsample ratio of the training
instance)andnrounds(maxnumberofboosting
iterations)tobeselectedwhenusingtheXGBoost
modelforlandslidesusceptibilityassessment[93-97].
WhenXGBoosttakesCARTasthebaselearner,

theadditionoftheregulartermcompensatesfor
thedisadvantagethattheDTalgorithmisproneto
overfitting.Thelinearmodelcanalsobeusedas
thebaselearner,whenXGBoostisequivalentto
logisticregression orlinearregression with a
regularterm.Exceptingforthedisadvantageof
beingtime-consuming,theXGBoostmodeliswell
received in landslide susceptibility evaluation
researches.
3.7 ComparativesummaryofMLTs

Thereare four stepsin the process of
constructing a landslide susceptibility model
employingthemachinelearningalgorithms:

(1)Obtainhighqualityspatialdatasuchas
topographyandgeologicalconditionsfromremote
sensingimagesorlandslidesurveymaps,withthe
aimofdeterminingthetriggeringmechanismof
landslides.Itshouldbenotedthatdifferentspatial
resolutionshavedifferenceinfluenceonvarious
modelsadopted.

(2)Thedataanalysisiscarriedouttooptimize
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theselectionofsuitableinputfactors.Todate,

there is still no universal guideline for
determination of factors affecting landslides.
Optimallyselectingtheinputfactors,rankingby
importance,and removing factors with low
contributionisarequisite.Landslideconditioning
factorsarerequiredtobeeasily measuredand
estimated,and have the ability to perform
functionalcalculationsonthem.

(3)Theresamplingmethodisimplementedto
supplythetrainingsetfortrainingthedifferent
MLmodels.Forsomemodels,theperformance
reliesnotonlyonthequalityofdatasetandthe
assumptions of algorithm, but also on the
optimizationofthetuningofdetails.

(4)Evaluatetheperformanceofdifferent
landslide susceptibility models, the fitting
performance,predictionaccuracy,anduncertainty
oftheresultsareallcriteriaforevaluatingthe
model.Inadditiontothemainmeasureaccuracy
(ACC),ReceiverOperatingCharacteristic(ROC)

curveand Cohens kappaIndex (kappa)are
adoptedasmetricstofurtherassesstheoverall
qualityofthemodel.

Fordifferentstudyregions,differentMLTs
exhibitdifferentmodelperformanceaswell.Zhou
etal.[98]classifiedthelandslidesintheLongjuarea
ascolluviallandslidesandrockfalls,usedSVM,

ANNandLRformappinglandslidesusceptibility.
Theyfoundthatthe machinelearning models
outperformedthemultivariatestatisticalmodels,

andtheSVMapproachwasmoreapplicabletothis
casestudy.FortheZiguiarea,Zhangetal.[99]

calculatedthequantitativerelationshipbetweenthe
landslide-conditioning factors and historical
landslidesusingaRFmodelandfoundthattheRF
modelachievedmoreaccuratelyinLSMcompared
withtheDT model;Wuetal.[100]usedobject-
baseddata mining methodstostudylandslide
susceptibilityassessment,andtheresultsshowed
thattheobject-basedSVM modelhasahigher

accuracythantheothers.Songetal.[101],Chenet
al.[102]regardedtheLSMproblemasanimbalanced
learningproblem,builtamoreefficientprediction
model using the weighted gradient boosting
decisiontree(weightedGBDT)methodwhichis
rarelyusedinpreviousresearches.Besides,hybrid
modelswereappliedforLSM tobuilda more
effectivemodelandimprovetheadaptivecapability
ofthemodel,suchastheroughsets-SVM (RS-
SVM)model[40],themodelcombinedroughsets
with back-propagation neural networks
(BPNNs)[103],andthetwostepsself-organizing
mapping-random forest (two steps SOM-RF)

model[104].
Overall,themethodsdescribedaboveapplied

efficientlyforsolvingmanyLSMproblemsinmany
individualcasestudies.Table2summarizesthe
applicableconditions,meritsanddisadvantagesof
theMLTsintroducedinthisstudy.Comparedwith
the traditional ML method, the tree-based
ensemblealgorithmsinputmostofthedatawithout
tediousdatapreprocessingprocess.Considering
thesufficiency and accuracy ofthelandslide
susceptibilitymodels,thelinearmodelsclassifythe
datainasparsemanner.Bycontrast,thetree-
basedmodelcanbettersummarizetheoveralldata
structure and map the relationship between
variables,and its results areless prone to
overfitting problems and better handling of
outliers.AccordingtothestudyabouttheThree
GorgesReservoirarea,theoverallaccuracyofthe
modelwascomparedasacomparativeindex,andit
wasfoundthattheaccuracyoftraditionallinear
modelssuchasLRwasintherangeof80.5%-
88.3%,theaccuracyofSVM modelwas86.4%-
93.6%,whiletheaccuracyofRFalgorithmmodel
basicallyremained around 90.65%,and the
accuracyofGBDTmodelwasashighas97.7%-
99.7%. Therefore, a preliminary conclusion
informedthatfortheThreeGorgesReservoirarea,

thetree-basedalgorithmsachievesuperiorly.
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Table2 Summaryoftheapplicableconditions,meritsanddisadvantagesfortheMLTs

MLT Applicablecondition Merit Disadvantage

ANN Systemswithlargedatasize,complex

structureandunclearinformation

Strongabilityofdistributedstorageandlearning,

highaccuracyofclassification

Thelearningprocesscannotbeobserved

andtheoutputisdifficulttointerpretas

ablackboxmodel
DT Explain the relationship between

complexvariables,makepredictions

onsmalldatasets

Simplecalculation,insensitivetointermediate

missingvalues

Pronetooverfitting

SVM Small and medium datasamples,

nonlinearityandhighdimensionality

classificationproblems

Improvegeneralizationabilityofmodels Sensitivitytomissingdata

MARS Datasystem withlargevolumeand

highdimensionality

Abilitytoexplainnonlinearityandinteraction

betweenvariables

Susceptibletooverfitting,lowaccuracy

forsparsedata

RF Datasystem withlargevolumeand

highdimensionality

Handlesthousandsofinputvariables without

variabledeletion,estimatestheimportanceof

variablesintheclassification

Lessaccurateforlow-dimensionaldata

XGBoostDatasystem withlargevolumeand

highdimensionality

Usesregularizedboostingtechniquetoprevent

overfitting,supportsforcolumnsampling

Susceptibletoadjustingparametersissues

4 Discussionandconclusion
In the IT era,computer technology is

constantlyevolving,artificialintelligenceisgreatly
improved,and machinelearning hasgradually
coveredthe wholesociallife,whichincludes
medical,transportationmachinery,publicsafety,

socialscience,disastermanagementandsoon.
Thisstudyfocusedontheresearchfieldofsolving
landslidesusceptibility problems with machine
learningtechniques,andasystematicreviewofthe
relevantresearch in the past 20 years was
presented.Fromtheresultsofstatisticalanalysis,

itcanbeseenthatasanemergingresearchmethod,

therelevantpublicationsareincreasingyearbyyear
andrisingrapidly,soitisobviousthatthe
applicationofMLTsinLSMiseffective.
Inadditiontothe mentioned ANN,DT,

SVM,MARS,RF,XGBoostmethods,machine
learning also encompasses other types of
algorithms,andasresearch progresses,many
hybridmethodshavebeenproposedbyworldwide
researcherstoimprovethegeneralizationabilityof
themodels.Thesetechniqueshaveverypowerful
self-learningcapabilityandcan handlealarge
amountofdataefficientlyandaccurately.Theyare

mostlyusedforfailureprobabilityanalysisof
landslidesandlandslidedisplacementpredictions,

buildinglandslidesusceptibilitymapstohelpmake
risk mitigation decisions. Whilereviewingthe
relatedresearch,itisimportanttonotethatthis
researcharea mayface manychallengesinthe
futureasdiscussedbelow:

(1)Itisdifficulttoconductsusceptibility
analysisifthestudyareaislarge.Ontheone
hand,datacollectionisa majorproblem,and
obviouslythelackoflandslideinformationcannot
buildagoodperformancemodel.Ontheother
hand,the predicted results oflandslide high
susceptibilityareasmayonlyaccountforasmall
portionofthetotalmap,sothattheaccuracyof
thesusceptibilitymodelcannotbeguaranteed.

(2)Amongthemanycasesusedinliteratures,

therearedifferenttypesoflandslideswithdiverse
geographical information and environmental
conditions,soitisimportanttounderstandthe
typesoflandslidesinthestudyareaandthenbuild
anoptimalmodelbasedontheassumptionsand
theoreticalbasis ofdifferent machinelearning
methods,whichcanenhancethecredibilityofthe
landslideareaclassification.

(3)Theinfluencefactorsconsidered when
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performinglandslidesusceptibilitymodelingusing
machine learning techniques are not
comprehensive.Incurrentstudies,mostofthem
focus on the geotechnical properties,slope,

height,etc.oflandslides.Butinfact,uninvolved
factorsoften havesignificanteffects,such as
climateandenvironmentalchanges,which are
difficulttoobserve,anddestructivetolandslides.
In addition, the role of groundwater and
weatheringerosionareoftenignored.

(4)Fewstudiesconsidertheoccurrenceand
interactionsofmultiplegeologichazardsincomplex
environments,suchasrockfalls,debrisflows,

groundsubsidenceorlandslideeventsthathave
occurred with unpredictable impacts. When
analyzinglandslidesusceptibilityinthestudyarea,

theperformanceofsusceptibility mapscan be
improved if other hazards are modeled and
predictedsimultaneouslyinacross-sectionalstudy.

PreviousresearcheshaveconfirmedthatMLTs
canaccuratelypredictlandslidestoreducedamage
causedbydisasters,andthistechniquehashelped
to make scientific decisions on disaster
management.Moreover,authorsholdtheview
thattheapplicationof MLTsin LSM isstill
evolving as an emerging research direction.
Especiallyin recent years,deep learning,a
derivativeofmachinelearning,hasreceivedmuch
attention,buttheuseofdeeplearningmethodsto
developsuperiorlandslidesusceptibilitymodelshas
notbeenwidelyinvestigatedandreported,itisnot
difficulttoimaginethatsuchapplicationsinthe
futurearepromising.
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