
1

NeuralNetworkModelforAutomated PredictionofAvalanche

DangerLevel

VipasanaSharma
1,SushilKumar

2,RamaSushil3

1StudentIntern,BirlaInstituteofTechnology&Sciences,Pilani,HyderabadCampus,India
2Ex-Scientist,WadiaInstituteofHimalayanGeology,Uttarakhand,India
3ProfessorofComputing,DITUniversity, Uttarakhand,India

Correspondence:VipasanaSharma(vipasanasharma78@gmail.com)

AbstractSnow avalanchescausedangertohumanlivesandpropertyworldwideinhigh-altitudemountainous

regions.Mathematicalmodelsbasedonpastdatarecordscanpredictthedangerlevel.Inthispaper,weare

proposinganeuralnetworkmodelforpredictingavalanches.Themodelistrainedwithaquality-controlledsub-

datasetofSwissAlps.Trainingaccuracyof79.75% andvalidationaccuracyof76.54% havebeenachieved.

Comparativeanalysisofneuralnetworkandrandom forestmodelsconcerningmetricslikeprecision,recall,and

F1hasalsobeencarriedout.

1.Introduction

Accurate prediction ofsnow avalanchescan help ensure people'ssafetyin snow-covered regions.Many

countriesstilldependonhumanexpertstoanalysemeteorologicaldatatoforecastavalanchewarnings. 

Themajorhurdleindevelopingmachinelearningmodelsisthelackofsufficientandreliabledata.Thisissuehas

beenresolvedtoagreatextentbytheWSLInstituteofSnowandAvalancheResearch,Switzerland,bycollecting

20yearsofdatainavalancheforecasting.Thisdatasethasbeenfurtherrefinedwithqualitycontrolbyexperts.

Thedatasetcombinesdifferentfeaturesetswithmeteorologicalvariables.

Thisuniquedatasethasenabledexperimentationwithmachinelearningmodelslikeneuralnetworksand

compareditsperformancewiththerandom forestmachinelearningtechnique.

Thispaperisorganizedasfollows.RelatedliteratureisbrieflyoverviewedinSectionII.Thedatasetusedforthe

trainingofneuralnetworksisdescribedinSectionIII.Afterthat,inSectionIV,weexplaintheneuralnetwork

model,tuningofhyper-parameters,andevaluationmetrics.Random Forestmachinelearningmethoddetails

appliedtothesamedatasetaredescribedinSectionV.Resultsfrom bothmethodsarecomparedandanalysed

inSectionVI.ThepaperisconcludedinSectionVII.
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2.RelatedWork

Manycountriesfacesnow avalanchehazardswith snow-clad mountains.Itaffectspeople,facilities,and

properties.Theimpactofsnowavalanchesonliving,work,andrecreationinCanadaiswelldocumented(Sethem

et.al.,2003).Everycountrygenerallyfollowsitsownavalancheclassificationsystem.However,inthiswork,we

willfollowtheEuropeanAvalancheDangerScale(EAWS,2018).

A comprehensivedatasetwith themeteorologicalvariables(resampled 24-houraverages)and theprofile

variablesextractedfrom thesimulatedprofileshasbeencreated(Pérez-Guillénetal.,2022).Weatherstation

dataoftheIMISnetworkinSwitzerlandfordry-snowconditionsarefurtherqualitycontrolledforcreating29,296

records.Eachrecordhas30variables.

ThebenefitsandchallengesofusingmachinelearningandAIforavalancheforecastinginNorwayandCanada

havebeendiscussedindetail(HortonS.etal.,2020).Also,machinelearningalgorithmsliketherandom forest

hasbeensuccessfullyusedforthepredictionofsnowavalanchesintheregionoftheSwissalps(Pérez-Guillén

etal.,2022).Therandom foresttechniquehasalsobeenusedforforecastingsnowavalanchesintheHimalayan

region(Chawla.M.etal.,2021).Numericalmodellingtechniques(Singh.A.et.al.,2005)andartificialneural

network(Singh.A.et.al.,2008)havebeenusedforpredictionofsnow avalanchesinIndianHimalayas.Deep

learningmethodologyhasbeenalsorecentlyexploredforpredictingsnow avalanchesinIran(Chen,Y.et.al.,

2022)andKazakhstan(Blagovechshenskiy,V.et.al.,2023).

3.Dataset

Inthispaper,thepublicdatasetprovidedbyEnvidat,aSwissorganization,isused.Thisdataisverifiedand

supportedbytheSwissDataScienceCentre(Grant/Award:grantC18-05"DEEPsnow").Morethan20yearsof

dataforavalancheforecastingintheSwissAlpsisprovided.DatacoverstheSwisswintersfrom 1997-2017.The

dataiscollectedfrom 182snowstationsandisusedbytheSwissavalanchewarningservice.

Thedatasetincludesthemeteorologicalvariables(resampled24-houraverages)andtheprofilevariables

extractedfrom thesimulatedprofiles.ThedatasetcontainsthedangerratingspublishedintheofficialSwiss

avalanchebulletinusingSNOWPACKsimulations.TheSNOWPACKsimulationsprovidetwodifferentoutputfiles

foreachstation:(i)timeseriesofmeteorologicalvariablesand(ii)simulatedsnowcoverprofiles. 

Thisstudyusesmeasured,extracted,profiled,andmodelledvariables.Entiredatasetispre-processedtoremove
missingandduplicatevalues.Further,datasetisnormalisedbyusingscalarfunction.Also,categoricalvariables
usedfor“dangerlevels”arereplacedwithnumericalrepresentationforcompatibilitywithneuralnetworktraining
software.Inaddition,someoftheirrelevantcolumnswithinformationofdate,sectorID,nameofthesector
region,elevation_width,elevaton_stationandwarningareremovedfrom thedataset.The30variablesusedfor
trainingofneuralnetworkmodelforpredictingsnowavalanchesareshowninTable1.
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 4.ProposedNeuralNetwork:NNM-1

Neuralnetworkmodelsallow themodellingofcomplexnonlinearrelationshipsbetweenthemultipleinputand

outputvariables.Itisanetworkofinput,output,andintermediatelayers(Figure1).).Theoutputsareobtainedby

alinearcombinationoftheweightswithinputs.Theweightsareselectedusinga"learningalgorithm"that

minimizesa"costfunction."

Thisstudyusesmultilayerfeed-forwardnetworks,whereeachlayerofnodesreceivesinputsfrom theprevious

layers.Theoutputsofthenodesinonelayerareinputstothenextlayer.Forexample,theinputsintothehidden

neuroninFigure1arecombinedlinearlytogivethefollowingoutput.

= + . (1)z
j

b
j

∑w
ij

x
j

where denotesthehypothesisofparameterswandb, denotesthefeaturesinthetrainingset.z
j

x
j

Anonlinearfunctionmodifiestheaboveoutputsofnodesbeforebeingusedasinputsbythenextlayer.The

parameters and arelearnedfrom data.Thenumberofhiddenlayersandnodesineachhiddenlayerareb
j

w
ij

specifiedinadvance.

Trainingofartificialneuralnetworks,alsoknownassupervisedlearning,involvesadjustingweightsuntilthe

modelisproperlyfittedwithLabelsindicatingtheavalanchedangeraccordingtoEuropeannorms.Atotalof30

inputvariablesareusedfortrainingthenetwork.Theavalanchethreatiscategorizedintofivezonesasfollows:

●1–Low 

●2–Moderate

●3–Considerate 

●4–High

●5–VeryHigh
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Themodel'sperformanceacrossthetrainingdatasetisdescribedbyaLossfunctionwhichcomputesthe

differencebetweenthetrainedmodel'spredictionsandtheactualincidentinstances.Thelossfunctionwould

beveryhighifthegapbetweenexpectedandactualresultsistoolarge.Thelossfunctiongraduallylearnsto

lowerthepredictionerrorwithoptimizationfunction(Bottou,1991).Amulti-classclassificationcostfunction

isusedforavalanchepredictionforeachdangerlevel.Theaveragedifferencebetweentheprobability

distributionsthatwereanticipatedandthatoccurrediscalculated.

Table1Meteorologicalthirtyvariablesinfourcategories(Measured,Extracted,Profiled,Modelled)

(Pérez-Guillénetal.,2022)usedtodeveloptheneuralnetworkmodel.

(a)Measuredvariables (b)Extracted variables (c)Profiledvariables

Airtemperature 3 dwinddrift  Mincriticalcutlengthatadeeper

layerofthepenetrationdepth

Windvelocity 7 dwinddrift  Criticalcutlengthatsurfaceweak

layer

Relativehumidity 7 dsum ofdailyheightofnewsnow Naturalstabilityindexatsurfacelayer

Windvelocitydrift Skierpenetrationdepth

(d)Modelledvariable

Sensibleheat Sk38skierstabilityindex  Surfacetemperature 

Groundheatatsoilinterface  Diffuseincomingshortwave Solidprecipitationrate 

Incominglong-waveradiation  DepthofSk38skierstabilityindex  Snowheight 

Netlong-waveradiation Naturalstabilityindex  24 hheightofnewsnow 

Figure1:MultilayerNeuralNetworkmodel
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Incomingshortwaveradiation Depthofnaturalstabilityindex 3 dsum ofdailyheightofnew

snow 

Netshortwaveradiation Structuralstabilityindex  24hwinddrift

Parameterizedalbedo 

CrossEntropyloss= - .  (2)∑5
i=1y

i
log

̂
y

i

Equation(2)computescrossentropylossusingthetargetandpredicteddangerlevels..

Inourscenario,theoutputlayerissetupwithfivenodes(oneforeachdangerlevel)."SoftMax"activation

functionisusedtocomputetheprobabilityforeachdangerclassz
j

Softmax = (3)(z
j)

e
z

i

∑je
z

j

Equation(3)transformstherawoutputsoftheneuralnetworkintoprobabilities(Christopher,2005).                            

Thegradientdescentmethodhasbeenusedtoupdatetheweightsandbiasthroughbackpropagation.The

"Adam"(AdaptivemomentEstimation)optimizerisusedforoptimization.Itperformsthesearchprocessusing

anexponentiallydecreasingmovingaverageofthegradient.

Theperformanceofaneuralnetworkmainlydependsonthenumberofhiddenlayersandthenumberofneurons

intherespectivehiddenlayer.Table2showstherangeofhyperparametersusedfortestingdifferentneural

networks. Theupperlimitonthenumberofneuronshasbeensetaccordingtothenumberofrawvariablesinthe

originaldataset.

 

Table2:Rangeofhyper-parametersusedfortestingneuralnetworks

Hyper-parameter Minimum value Maximum value

Numberofhiddenlayers 1 10

Numberofneuronsinthehiddenlayer 5 68

Afterexhaustivetestingofneuralnetworkswithhyper-parameters(Table2),networksarerankedaccordingto
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trainingaccuracy(Table3).However,afterplottingoftrainingandvalidationcurves(Figure2a,c,e,g),itis

observedthatvalidationaccuracywasreducedthroughtrainingaccuracywasincreased.Thus,indicatingover-

fittingoftheneuralnetworkmodels.Toaddressthisproblem,dropoutlayersareincludedandtestedwith

differentdropouts.Figure2b,d,f,hshowsthatdropoutregularizationsuccessfullyresolvedover-fittingand

significantlyimprovedvalidationaccuracy.Maximum validationaccuracyisobservedforNNM#3withadropout

of0.2,0.1,and0.1onthreehiddenlayers(Figure3).

Table3:Neuralnetworkmodelsrankedaccordingtotrainingaccuracywithalearningrateof0.001for100epochs

andbatchsizeof64

Numberof

hidden

layers

Numberofnodes

inthefirstlayer

Numberofnodes

inremaininglayers

Trainingaccuracy(%) Validationaccuracy(%)

 

NNM#1 3 50 25,16 84.90 72.15

NNM#2 3 48 24,16 79.19 74.11

NNM#3 2 48 24 79.09 73.06

NNM#4 3 36 24,16 78.70 72.64

(a) (b) (c) (d)
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(e) (f) (g) (h)

Figure2EffectofDropoutontrainingandvalidationaccuracy(a)NNM#1withoutDropout(b)NNM#1witha

dropoutof0.2,0.1,and0.1onthreehiddenlayers(c)NNM#2withoutDropout(d)NNM#2withadropoutof0.2,

0.1and0.1onthreehiddenlayers(e)NNM#3withoutDropout(f)NNM#3withadropoutof0.2and0.1ontwo

hiddenlayers(g)NNM#4withoutDropout(h)NNM#4withadropoutof0.1,0.1and0.1onthreehiddenlayers

 TheproposedneuralnetworkarchitecturebasedontheabovestudyisshowninTable4.Ithasthreehidden

layersandhasbeentrainedfor100epochs.ThemodelachievedaTrainingAccuracyof79.75%andaValidation

Accuracyof76.54%.AconfusionmatrixfortheproposedNNM-1isshowninFigure5,predictedaconsiderate

dangerlevel;outof1000cases,806casesoftruepositiveand194casesoffalsepositive.

Table4:Proposedneuralnetworkmodel(NNM-1)architecture

Number

ofinputs

Numberof

hiddenlayers

Numberofnodes

inlayers

Learning

rate

Epoch Batch

size

Dropout Numberof

outputs

30 3 48,24,16 0.001 100 64 0.2,0.1,0.1 5
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Figure3:ImprovementinvalidationaccuracyofneuralnetworkmodelswithDropoutregularization.Maximum

validationaccuracywasachievedwithNNM#2withDropoutof0.2,0.1,and0.1onthreehiddenlayers

4.1EvaluationMatrixforNNM-1:

Table4showsthevariousevaluationmetricslikeAccuracy,Precision,Recall,andF1ScorefortheNeural

Networkmodel.Theproposedneuralnetworkcorrectlypredicted76classificationsforevery100forecastsmade.

Themacroandweightedaveragesofprecision,recall,andF1ScoreareshowninTable4.Macroaverageis

computedwithoutconsideringtheproportionoflabelsindifferentclassesofdangerlevels.Itmaybenotedthat

weightedaveragetakesintoaccountlow numberoflabelsforhighandveryhighdangerlevelclasses.The

proposedneuralnetworkmodelachievedmacroandweightedaverageF1Scoreof0.69and0.75,respectively.
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Figure4:ConfusionmatrixforNNM-1

Table4:ParametricevaluationmetricsfortheproposedNeuralNetworkModel

Class Dangerlevel Precision Recall F1 Support

0 LOW 0.85 0.86 0.86 909

1 MODERATE 0.67 0.69 0.68 885

2 CONSIDERATE 0.76 0.81 0.78 1000

3 HIGH 0.50 0.13 0.21 116

4 VERYHIGH 0.67 0.20 0.31 10

Accuracy=0.76 2920

MACROAVG 0.69 0.54 0.57 2920

WEIGHTEDAVG 0.75 0.76 0.75 2920
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5.Random Forest

Arandom forestisametaestimatorthatemploysaveragingtoincreasepredictiveaccuracyandreduceover-

fittingafterfittingnumerousdecisiontreeclassifierstodifferentdatasetsubsamples.Asubsetofthetraining

dataisrandomlychosenbytheRandom Forestclassifiertoconstructasetofdecisiontrees.Itsimplyconsists

ofacollectionofdecisiontrees(DT)from arandomlychosensubsetofthetrainingset,whichissubsequently

usedtodecidethefinalprediction.TheconfusionmatrixfortheRandom ForestclassifierisshowninTable5.

The data set(2920 records)used forvalidating the NeuralNetworkmodelisapplied to the computing

performancematrix.Severaldecision treesmakeup therandom forestmodel,which istrained with the

ClassificationandRegressionTree(CART)algorithm.Table5showsthevariousevaluationmetricslikeprecision,

Recall,andF1ScorefortheRandom Forestmodel.

Figure5:Confusionmatrixforevaluatingrandom forestclassification.

6.Resultsanddiscussion

Testingoftheproposedmodelhasbeencarriedoutwith2920recordsforwhichgroundtruthlabelsareavailable.

Thedataforthehighandveryhighavalanchethreatsislesscomparedtolow,moderate,andconsideratethreats.
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Thisscenarioinadatasetwheresamplesofdatainoneclassaremuchhighercomparedtothatoftheother

classisaskeweddataset.Inthiscase,thehigherdatasampleclass(Low,moderate,andconsiderateavalanche

threat)becomesthemajorclass.Theclassconsistingofrelativelyfewerdatasamples(highandveryhigh

avalanchethreat)islabelledasaminorclass.Hence,theoverallneuralnetworkperformanceisaffected,thereby

generatinglessaccurateresultsfortheminorclass.

Table5:EvaluationfortheRandom Forestmodel(RF-A)

Class Dangerlevel Precision Recall F1 Support

0 LOW 0.88 0.88 0.88 895

1 MODERATE 0.72 0.73 0.72 933

2 CONSIDERATE 0.74 0.82 0.78 962

3 HIGH 0.44 0.09 0.15 123

4 VERYHIGH 0.33 0.14 0.20 7

Accuracy=0.76 2920

MACROAVG 0.69 0.54 0.57 2920

WEIGHTEDAVG 0.75 0.76 0.75 2920

Wetrainedmultipleneuralnetworkmodelswithavarietyofhyper-parameters.ThemodelNNM-1(Table4)used

forthecomparativeanalysisiswithoutover-fittingandhasmaximum validationaccuracy.AnotherRandom

ForestmodelRF-A(Möhleetal.,2014)isalsotestedwiththesamedatasets.Bothmodels(NNM-1andRF-A)

achievedthesameoverallaccuracy(0.76)asRF-1,whichisslightlylessthanRF-2accuracy(0.78).F1 scoresfor

Low,Medium andConsiderateclassesareequalforNNM-1andRF-Amodels(Table 6).However,lowF1value

forHighandVeryHighclassforNNM-1andRF-Aisattributedtoskeweddatadistribution.Weightedaverage

values(Table5)aremoreappropriateascomparedtomacroaverageastheseconsiderlownumberoflabelsfor

class3andclass4.
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7.Conclusion

Aneuralnetworkmodeltopredictavalanchedangerlevelshasbeendeveloped.Themodelisvalidatedbyusing

20yearsofmeteorologicalmeasurementsandextractedandmodelledvariablesoftheSwissAlps.Extensive

testinghasbeencarriedoutfortuninghyperparameters,likethenumberofhiddenlayersandneurons.Thedata

usedfortestingtheneuralnetworkmodelisalsoappliedtotherandom forestmodelfortheevaluationof

performancemetrics.Thedeveloped modelhasachieved atraining accuracyof79.75% and avalidation

accuracyof76.54%whichissameasofRF-1andRF-Abut2.56%lessaccuracythanRF-2.

Table6:VariousparametricvaluesofsomeexistingmodelsandproposedNNM-1,forsnowavalancheprediction.

Model DL Prec. Recall F1 Support Model Prec

.

Recal

l

F1 Support

(a)

NNM-1

Low 0.85 0.86 0.86 909 (b)

RF-A

(Random

ForestModel)

0.88 0.88 0.8

8

895

Medium 0.67 0.69 0.68 885 0.72 0.73 0.7

2

933

Considera

te

0.76 0.81 0.78 1000 0.74 0.82 0.7

8

962

High+

VeryHigh

0.51 0.13 0.21 126 0.42 0.09 0.1

5

130

Accuracy=0.76 2920 Accuracy=0.76 2920

(c)

RF-1

(Pérez-

Guillénet.

al.,2022)

Low 0.93 0.78 0.85 1400 (d)

RF-2

(Pérez-Guillén

et.al.,2022)

0.87 0.90 0.8

8

1400

Medium 0.67 0.70 0.68 1316 0.73 0.67 0.7

0

1316

Considera

te

0.73 0.84 0.78 1223 0.76 0.78 0.7

7

1223

High+

VeryHigh

0.64 0.65 0.64 133 0.56 0.71 0.6

3

133

Accuracy=0.76 4072 Accuracy=0.78 4072
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AppendixA(FormulasfortheEvaluationmetrics):

Performanceindicatorslikeaccuracy,precision,Recall,andF1-scoreareusedforassessingtheeffectivenessof

theavalanchepredictionmodel.Thenotationsusedare

●TP:TruePositive:NumberofPointsthatarepositiveandpredictedtobepositive

●FN:FalseNegative:NumberofPointsthatarepositivebutpredictedtobenegative

●FP:FalsePositive:NumberofPointsthatarenegativebutpredictedtobepositive

●TN:TrueNegative:NumberofPointsthatarenegativeandpredictedtobenegative

 

Accuracyofclassificationistheratioofcorrectpredictionstothetotalnumberofinputsamples.

Accuracy= (1)
Numberofpredicitons

Totalnumberofpredictions

 

Precisionisthetotalnumberofsuccessfullyclassifiedpositiveclassestothetotalnumberofanticipated

positiveclasses.

 Precision= (2)
TP

TP+FP

 

Arecallisthetotalnumberofcorrectlyclassifiedpositiveclassestothetotalnumberofpositiveclasses.

Recall= (3)
TP

TP+FN

TheF1ScoreistheharmonicmeanofprecisionandRecall.Mathematically,itcanbeexpressedas

F1=2* (4)
1

+
1

Precision

1

Recall

Theformulasusedforcalculatingthemacroandweightedaverageareasfollows.

weightedaverage= (5)
∑5

i=1w
i
x

i

∑5
i=1w

i
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Where denotestheweightsofthefiveclassesand denotesthevalue.w
i

x
i

Macroaverage= (6)
∑5

i=1x
i

5

Where denotesthevalue,and5isthenumberofthetargetvariablesx
i
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