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Abstract

Thinsast eri st hversiitst en on behdéél 9f wiSkh t whaeid @ oppéand U c an
fosecti ohseubmnbungiktshachi ne alppaomichhg sdkait arsceut emai nt a
by hSewi ss Al SARendClsuvbi s(st opo was sampled with addi
sectmank&edudishomn he data if the tour piagsitpambair Eaelar
a$ oot t heasbdwtravell ed without skis. Onfoloe one
sections on ndwmtiomaéemaroowigesaphi c authorities
mar ki hgeoebedOmntshe ot hermaldeauwtsiecrh e o maniSMdtaltea curr
calme hal Ifeairhedmsi st ency. The dat a, t he @iotdreuband

reposintdorcyan be ubsprdi biyrddiegrles dedsti e d | i cence.
Machine | e artreri anignend deednd eval uated using the SAC ¢
The 1 o®wmssl ogi stic regression models and general

and relatively easy t oBlaacrkmubnoixc amadetl @esm sstuackne das d
gradientarbcoa$s niedg whereby these are to be unde
consiadseree dd i ntathee mBdet her moset, drhei ftoeusi ve hyper g
but rradmeextensive featswmrmre i engioude rwintgh, twhei chhel p
analysis and dbemadom&ainowkesgbtedgea | iterature re
tourlinnggaddi ti @am t ot tehianide w ieskiyteaohn stihbel e f orc |ltolhsee sSAC

gaps in the |ista@lraablre amfdopmatvi @dr on the SAC da
| i slescri bed i n t he i nterview that t he SAC dat a
classification is not based on strict rul es, bui

Thiesdicateaoipessinblide data. ¢auwieecndlone maeret odn e
in branches, whichol sage ¢ h@iepnodsmtenat kleeel tcd msgener o
the visual data amnglaydiisc,ul ahiy ehvVasdsrctaadt © t he
Accordingl vy, dad au tpioweimstisb |lea, b ea |l tehdo udgshr miheers/is aairne. |
Theocecaurso dat arlpodanttesd tihmtd aameort o U sa btadirt Seiarmiral sbru t

anomalraceso vi sfiddeec tfioamn ¢t lheu g h atplpamaacida slse snso i psreo n 0 L
for this tAmrndéatervarnifdblcasl ty i s the fact that the
i n t h(ei mbaatlaanTlee e&axapladr at srhyotwtbat at aealt@esédwd s & e s
(crevasse zghes(ibsklgl aatnidt abhi agrhe taemre at me i mas t
promi sing fcamut méaome!l Itihregf oodebét n @ rtoehrirsainmrfeeat ur
crevableed evfad i eimfik(f @l ds and e d)gBeesc aiuns et hoef ttehrer acil na
the tar g,etal vaiteempll iesd t o tchaeutaoodnebat t ngf fbeatur e
whi ch di educkass noi se t o 5a Pce3rFtoai n hdéeogudalen-inlesileneg co
f i bitaeprpl i ed for t hehas@mMRT Pas potsise Bierett ser resul:
cautamnmddo-mo de lThmenag psyc riigprti f otebne mo deild i mwc tpaa tway t
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https://github.com/skitourenguru/RoutesProperties/tree/main
https://github.com/skitourenguru/RoutesProperties/tree/main
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py

could be used ¢ @auvtaimdlmdetDiifnfge rbeontth f eature engi ne.
oversampling, undefislame#f i hgedhpdBeripleteusd(bie ada
experi mentat ipamr amEtile reiawhabéeed both as a filter
mo d e Iclaiutg whi c h fiislvtadbmyeercehes enopr efudé é ychaploer 5. 2.
promi si rcp uftnaaaret lhieihreg r un Wwhertert hoatsh éea pipmidaaltdaan c e d
and points on stredtoamodel Eiiskhgec | ruudne dwh eFroer tthhee p o
were excluded fromlinheddmbaloandted that asoantmon met

(accuracy, tphecmeothding i(esheces tcohrlbep ¢ edbefdinm3e)d by t he c

The first recsaadg dhtheepoe@atcitomn. oFor the eval ua
iagreed with the client that the modapt hmuesh dled b
wher enutmbefralosfe posi ti vensunthoefrakosfpomeégabdi ¥t The
mo d e | i s a GAMewed hainfshikd dveahuaesmoot her dpplied
achieves a conThues ioovne rsaclolr emoodfe 11 4p2e.r f or mance i s pt
oD. D&tthe madeaelpgeleipakrildi ct t he cl ass of. Idhtpemest v
threshold is adjusted, the pre¢sseonohdperemefielgr
is then no | onger bal-ahteduswhbehwesgiwdg uvhewtt
knowl.ledgmore false positives are accepted (incre
could mark a conséowatitvenpyrewh!| ebht t 6dprenopheeretdss t

The consistencyuddr thiret ymaa & € dn@iptr o axcthc h a

The second reskaut ht e esxtti emt t o whic ah tsielacet icounrsr e
in theatsdAlCl d be chall engéedni Theaothgssnhwiosger diu
mar k b h gsahwetsiexr, i ovfiseahbs poor er model performance.
t he varrieavihldsssa ntdfkwi t h a d)hoasshnh erc cd@m &8 yniahrfet i oned

pt hr esholsdt,r udgugt! reasll S cabl e prewi th BheorekpdBpoaf of nt
as weptecision can only be-woiffibeenssd!| byngmsteni o:g
308everthdl ammdd,elt Reamfgiedensf i ndi ngs from the | itet
and exci tciang bit msdnrglietxsh yiphei @ eaediiemegnsi onal | ogi st
mo d e | t ot thbed lemran@injgees t heuwsvdadi alhleesvi nndr trhaedevlar i
Crevias sger eat ear rpratesdauudls B50,r t hd_yv atstkkeptbd mta uit $§ on

i f it halsd Oarr9v & iFgtafierod m a v aWiuteh dtfchuddsoeard ard expert

knowl, ecdagnes ir s1-b @ saendd t r amag [kd rnggrata fsiecied ons coul d be

Even i f theyepbedeflesc tdmoer mrogtcicsie at e model s coul d &
noi se reduction techniques (e.g. DBSCAN) i n c¢oml
sections (insteadmefotpmoiontt sjiud ¢ ti Ihdatvtee mphtesea dy del
promi sing results. Nelveb bl dhedresised noutsecarafucltli v

experts niont oirndterrodtooet hgbmbsdelri ng.the ground tru
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1l ntroducti on

1.1 Background

I n Switzerl and, morebeihmg uored pemndlicdarOayp gmboen ar e
occupationalThecefdenatsaccidents are a challenge
antdhpeai n for those affected, t hese actchiadseanss an c 0 st
acci dbobhedprevented as f a6 af pdeashbher Nowhddegs
spoadtsi.Miaki@ag i njuries simpwhka sc arps had sB3edsabsfrdea u s e

( BFUn )iTrheer eif okye,sports such as ski t Ownr iarvege rmget,
17 deadly ski touring acci(dBddgnlt s amdedunre hea vse ryye ayre a rh
maj or i ncidents suchBlaandthe, awlkerde ni htbeao d thiei TS5 d |
beimgséBNdZ, .Ambiaefhes claim three out of five |
them the most ¢ oimmosnk i¢Veituaskerteprbcge @ 2 @3 h

As withsamyn sapdiritet @rircs®spimgedotuni ng. Erpeskedtou
toisks that prokalsimaiploiteesnt@wde rgyaser i ous conseque

| arge uncertainties. The platform www. skitoureng
there. Skitourengusto BbBesugasdaval askhet ous& in t
for low risk, orange for incregsadaonéi s kcomputer f

a digital terrain npodtedavtadaboaheultetre aa nmafEaoh
situation reports are issued, the 7risk i ndicat
automatically. Skitourenguru is thepledomnichegeofy
tour s. Bué spdcdresishelllfity and assessment in the mc
t hemsmé & eSSknigt our engur uorhatshino Imantftsauremacat v wher el

Skitour ecnagrutrrui bcuatne t o a (b®dahneudlrdcshk, nmamlaigreane.nt

Asapart of the extSASaAneell yetchte svnea smioedrublse cur ri cul u
mast erc atntee saicsr oss the tool Skitourenghouwduokbn@ort
t SeAS I nstskKiutteaurAiamgl meginhnmém sports enthusiast,,
Skitourengureaxp|Hoen e dypdraetffoorrem and conttldentuedl eG¢ tf e
Skitourschmgurre)gatrtdemg the possibility of writing
much htaplmes sed until G¢gnter Schmudlach and the aut
o023 and were abl et hHios smdas ttlhoer tfthrlmisnsesvoeraks ofno,r t he

very interested in the topic and excited about t



1.2 Problem statement

Skitour emlgautrtfuoaitne caan be ousstkhiei nhoptannwhgre an att
at ofoor estimating the difficultytofjeahski wiobrsw
provwai ddeat aset with a | arge numbet hdb&t sskat ,t otuhre nrg:
routes araodimad uwsidddv-®9 € 0ot i ons . The subdiamasglieon of
and there are no uthhSdAcCr m WE t iht & rhiea hdodtfie Ismedtd t dhlelsee
to selectwhbeertpgby sphotuld take obfffodthegctis@anyp. a
Or in which parts of the rowdlletsieccareyoshoubBHi beump
the other hand c¢amt hessee tsteectii mfner mantdi oinncd ude t h
di fficulty of the ski tour Thre ¢iraoghdl weiyms it hde a ts e tg me

f ooamaelspeci adlgiecthéeons in Switzerl angdedraer intoar idae,l
are dmdrieedr | ésys téirebimoruanrtialiyn gui des ofntbhemeorrtr
count rfiomsctthens are very imprecise or not markec

13Research questions

Thmaster thesis i s dediccaautte didu-snée ¢ thieo ma e(dti ecrt g eotn W
new, unseeMhesekpurpas essafai nlee maodédalhet oSwhes sa pmpeloi e
everywhere in thetaAlddpwécwhemes tahe not yet defi n
be pr eFdincatl ddy-mo d éhld ec almgreadt | on al cartpgwhptheatt Aat h
sections can | at eirntbm ktoifd b aroéthibey r omiMetgeipd/ & ¢t e
sub question arises a-sub®savhedhtehEBAIChshtesw ki emt | vy
sections in Switamolabhdskzaln whe hdit hwao ahietmpamf t he
This |l eads to the following research questions:

T Mai n r egsueeasrtditho m hedi ct $cvaen bnboed eelr ainmled wusing ge
dat Aeas(urnegpsut tv@ar ¢ Gibd ®ctpiroonvsi 8 6SHA b y

T Sub researdh whasterhent schml preadiec tt ihtheleecrond e |
humdnamwar kbw dpRA Gt hcea u tsieacrtiinonSswi t zer | and?



l14Thematic | imitations

Theevel opmdirmhp lasmme n tcaotnicbrmeda e war ks e(l eacd .o-9@Ice i ons
by algoritdim,t vaskkyl aex poéinoins, ¢ omnfsfisd)eriast inmoont ode alrt
papern .feoclutshret i r el y on atnhde tdoeévietlilomgimeantber | i mit at
the focus on generalized |l inear mod)el sTHiGL M)s afna
simpl e r eatsomd tthat tdh di hedassai perret and ¢ dNnoshu mbelcaart le t o

bomodeaslus ir aamgl o m ofgorraedsitesn tarikemoist d ey i ro ntstpe vwo raks tau
benchmark for theBéddaved tGhdM tamndi GAMof hyperpara
gradient boosting on | arge datasets i s camputat|

few dihfyfpp@ameaaxmet er s was tr aiTrheuds fdouwobiengh ¢ hmo dneIdleil h
| imsch more on extensive feature engineering and

domain knowledge rather than extensive hyperpar a

15Publicity of the results

't i s fopfhertcdntent tdhhatadmedtkimantvél@ dgean be used a
devel opheed choymmuni ty i namuauerdtiecld eshoFselkirthosrirergson,
thesis and the fitiadEintolied nodudise lstéorrpyp @ieit &k d d

i n atphpee nchidaey eat i vél commbbsesws creators to share tl

certain rights and control over how the werk can

by ase perThies s e anpceandaebrématit eect |l y from the GitHub

1.Structure of the thesis

The foll owing master thesilsn ichappitteed®dsi ot @anolweé e
touring ands&eal ewetlbe basi sanofi nltiebrevecibhetiwhteew a 8 d
traidaenagd i ts sampelxipnlgai pareaclegsasdd i 1 nmarhe pd et ai4l, .
met hodol ogy for trainihmgchewneal baadpigpg ahhddostkebre c ¢
5, featur ei sengjii mewgamdy ti me dedataali s i andlhy sehde.halpn e
model s aamd teavaadlnweadt ed, where finally a cwaiuntnieorn mo
anfdowit! | bd ndefhienddist chawt eni n gahreso ddeibssctuhsssreadg d r d

to the resaar wkllgiumistt atbiesns of t he wor k.

'lhttps://creativecommons. org
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https://github.com/skitourenguru/RoutesProperties/tree/main
https://creativecommons.org/

2Theoretical framewor k
I n this chaptept atarestcd letkme nivti cekligeek ei o f gleivi teavierdi n g

The review addressesdimaocoagséegf uacrirslas nitn eskiantdo

f ocouns avalPonemdedsalpr e dieddmap Isfosara ciinm @) ec la b €a ndfdo-o0 t

sections. The features are mainly to be found

Literature on the analyticalsi medahosgint@ahi ts® mdileys
help Iin fiindtmgpmant abbes. Neverthel ess, it prov
where weaknesses in the snowpacikotaenret inmla ef dabtkuerle
derilvnedaddi ti on to the I|literature, aniindt i diuaw
responsi ble for the touring portal of the SAC, w

particul ar ltyhdeait ah guadatyg tod t hoea thtissddos ¢ ctail omd as
by hSeAC

2.1 Literature review

2.Mealing with uncertainties

On a s&n dtohulret e is ajewanydeciosho bet didtabvi miycer t ai |
randomness and complafiety. pRayosmakkegnnodebiebaor
ri sk sdepandohsgbigni ti ve, emotional and soci al 1
conscious people caobhavtaof swpmp oastehd Je btehii mlyseenunder
Addi tional knowl ¢ thgpa ed o me openmr icompreundgm eatdebyrt alk
Muntern,ln2®2ahaviour al psychol ogwo audiiasnt it hotuigdn
System 1 works automatically and qui ck(liynt uliatrigveel
thinkiBgystem 2 focusgememtdlentrconyviotni es and <co
(del i ber atWhveen tdheian kiinngg )wi t h unc et wsyi snttesness mpbet agt
(Kahneman,n 20M13) coneprkbdudihfei | arnea dd wmreddrsitome
condimuidniea s k n o wlDaucegehden hea B d © mr v a rni ahbuiolai sthydkei n g

pr ogcienscsonsi saeat ar egukbvteme nismdnievardel ab si ng exposecd
identicah. i@dop avbéard etdo srywsltemst hber g. i al ghournbatnh om& ) n
judgemadetref ore, i n bmamdhwyartasap asroaildy coonulcd ear rul es
ensure consistency and objecbiagdedy ,r epeopaetcalall ¢ yd
(Kahneman eTthieaip.h,aedt®2=l )i. mportance of edgsa&lriimgswi t
pl anning of a s&hreetlcewranwi ttho utt hheesnef ioalfnoadteil oi nb earnadt i v
Ar ubasceldassi ficati @ uda mdoeaecchcidomrsma he t hemopkannin
objeandveitghbet i ghtal sexth @tn ss l@ifcectanopued el pewdr ttioc wlea r |

careful abthbeasrtdpbenaware to not only rely on S

10



Th

—_ o~
- > O

n 4 o ~+ c a o
® o < < o T T 5 £ o

- 9 @ o T =

-

t
b
90

n
h
a
re
h
e

—

e greatest and deadliest risk(Hargsky edbaalng ¢

preavaktanches claim three outWionfkelfeiraBdmhBYy es i
e context of avaWarnmcehre Mu rstke rm ainisnege e imp r,aevsael natn c
el @t urher ®VWesl, uthi oni sed the perspective on ris
e | noeptehdo d , whi ¢ ht hbeo cékxlpa vaiiinéesd 3 xn3 i smebhed st emat
ntitat-baeedndfpgirmhdeacahs sess ment amfilodhevall iamg hwi trt
e r t a iwrhitimnclehe rfeonrt cl gylsti oaur er to use Kahnemands Sys
ugthhhifrukWinigh) .hi s new pr obavballanscthec raiptpknb@<c he sts
Il enged t he wiedeysipnrge apdruipnjaarcitliye eanpdildgteimealt met

i ntuitiveecalses o meoatra dne rsticati Ka hefixetrgamsrc r i pt i on

w o 9 O o 29 <

temtui(tive thinking) withmakbirmgsponding noi se

Nt eutbasseed hodafpacadi gm shift with al rsbhgipskfi can

stat emsadieh asn avaems Ir &@sfgoan stihbel evast maj ority of a

cltalreess| ope gradi entsianscneaw S Iimplms teabh WDenger gg
adi emtndo fs.t ke eal so draws attention to the ver)
al yses, as t hebecaormpnogs icta poanc iatnyd olfoasdnowpacks on
ose on the sl opes. Il hslsopepiméeseamblide anpat ch
ndomly composed of strong and weak | ayers ove

iiambltehe vast majority of cMwretserduvea st owitdieel yl accr
e scientidi ontgmmeciei yeadnrecognition when his
ef (Munttiewlel n2c2ohcrete-tfiggeeed Bomansl|l abs are
% of avalWinnckbleerdéat h2a0oe3) .

212R stkaknagemerstki tour s

Th
re
s k

ca

An

co
st
da

un

e advantbagesd aofi srka bmermmaigeme ntr om t,h ee o escvii alulsy c¢
gard to human-m&isang .Pobckegsdeettihgoidesn f or ri sk m
i tours ar e exiami wfeidc ditn frneoarteu r deestt dhpelrs stalhgee sp rwd d i
utciamn al r eady @bhee sdee rmevtehdo d s

i mportant part of risk managemefheodasger tloayv
to 4 ar e hsekeil etvoaunrterfsor( | evel 5 is very rare). T
ver prtoljpeeal yés caf avalanche science such as sn

ability wefakeduagmrecy )ofand the maxi mum size of t |
nger increases exponentiall.y Tred weenedéaset iind ]

cer tasi nthieese can be dehartveyvynst walt hj n2@23)gi on
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To dfeetebaf ngpossi bhes d,anigteuisss wor t h fsa kriendgu cat iloono kmea
(sEeiegl)fTdhe met hod is based on the fact that tradi

waasubject to major uncertainties. Il nstead, Munt
devel op a method in which a tourer dodsakrest imnawe
accduwrmtogrtagrhpi iassmet er s such as sl ope, aspect and

at the snowpack can be wortyheishi t e butretrshidl a¢dédimat
nd Munt erAna2@2 Zayccielent analysis over thehperiod
effectipreokalsi loif amhie® ®fbe toli o chsy al anche accidents ¢

(Fl ei schmann et al ., 2021)
Low 1
Moderate 2
Considerable 4 f s s o QWE QNA 0 Q¢
0 WWQN RN QL R———
Major 8 & Y @Y
Danger potential
1 2 3 4 5 6 8 12
First-class factor
1 Steepest slope 35-39° RF 2
2 Steepest slope 35° RF 3
3 Steepest slope 30-34° RF 4
Second-class factor (invalid for wet snow)
4 No sector north (NW-N-NE) RF 2
5 No northern half (WNW-N-ESE) RF 3
6 No tours of unfavourable slopes and altitudes mentioned in the avalanche report RF 4
7 Constantly travelled slopes RF 2
Third-class factor (relief distances at least 10m in ascent, otherwise even more)
8 Large group with relief distances RF 2
9 Small group (2-4 persons) RF 2
10 Small group with relief intervals RF 3

FigreEl ementary redMaobien, np2 0RI8d6 )( ERM) (

Muntuesres the method to target his key variabl es
(steepest point), slope exposure Asdaampelsd fpori ntt
reduction method ( Aval éamondesjorrgpvited retbrya t uwiod artd osr ks

(1 x RF2, 1 x RF3) were taken. p&blile rceasludulsatiinon

us how -prceanaetnhe sel ected thmelrii datnitesn iins tdemparsd
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2.1.3 Risk predictors

Based on atntad yabsvef t hfer ane dMuordi efmu rmentphoosdé i bkee at
f eatfuorredsa hger s 0 U mir ® gdneofwameld di s c uslisredpadrmnt bdeeakaa rl,. t
Lawinen. Ver st erhiesni,k dobeausritderytl EBleamrr tusacgh e iRctheynhan and ¢
i mportamsti nseutde ecaempdmeedelhpswtnietdut e for Snow a
Rese@a6BLtihn Davos.

Sl ope

Aval anche acci ddeennto nfdithgadrt easo sctl eamcdiydent s can be
(around 95%Mofreadaverdenthelye i asnawasledmost al ways

humans. Other types of avalanches such as wet sn
aval anches are also a potenti al danger to ski t
generally 9sbitercaunGeMt wfy addhied erdtos )enu sat tbetnipdgaod t
sl adbl awches. These can only be triggered if the
45A. It i's important to note that snaow 2023%)s. c

Aval anche accidents occur mos40A retqaemt( §clmudlea
This observation i & alude Udpgdrutmbd bwh eMwenttenre mo s
to tour above 39A smope.rwhidnsitheanabngrer | eved!| d s
34A steepmaejsosrt amdboat 30aAd Hden hdwe lriudiker ds of f at
accidentd hpwev§gMuenatder),, 202X an be derived from t
i sniamportardtorf eattcear @ilihoine@ mamé so be | fmepwméctaindnsf,or

sindeis hardly tourable above a certain steepne:

Aspect

Munter refers in his book to his analysis of sno
were found in the -weunul(aNW)v,e nsoeectthbotr(IsthinEsaratdic nioo n h
met hoaspebe of itsheasles os etcatkieenn 6 meeu accooamt(lyea Fi g
I n the southern half (S), on the other hand, onl
correlates very wel/ Mubhen)he200t23bse ralosfo aakcncoi wdne n
aval anche refaairopb shapesoath more susceptible t
hardens | etstbeawé&!| ofdsendt o ght. Weak | ayers are the
Il n adtda ttihoanti st dsvnaorms p(ort ed by wind) and surface
on nfoadihng sl opes (THiaer Wé iy eeta eaxlp.®,s sahlvIE)nt hdte nort

more dangerous than in the south, tfrclmauttiloins char

13



El evati on

Muntenphasi zes in hihatbobdlk awalbechaecti tuation r
area into favourable and G 0featvaorugiatbu dee swiotphe se x pSd
northwest to north tMueaet), alléh2iadd tdeigvfimnsnithearsy bar b€
t hat t He vablitrdstsundoew cover through dddrfiemgngr € eimpiet
when it rains below and snows abo®®detletrtsha&n sime® wo
temperatur es dlny tlhew Afl ors laavied ¢ fae micesdild ygd nsdnii anlel, y

f or mMgefsise queentdBWitlet e Aches v | iqdiii fAypeorsi ti ve effect o
stabiAbBithe opposheeshowphak@B@dletbobidadkEsevdalh ahe 1
makes the psrlompeewembr Eayers and therefor eflhmore d:
altitude can be roughly divided into the foll owi
therefore di&f éwoe n(tdreigpnepnlidis égnagt ioonn t hkiledetiwv@Bed® ,1 t he
and O2@et)er s

1 Below the tree line In wooded terrain, the snow cover is often variable and the wind has little influend
open fields and sparse forests, the snow cover is evenly distributed. Air temperat
at this altitude often fluctuate around 0 degrees Celsius, which has a positive effe
the build-up of snow cover. Conditions are critical, especially at very low temperg
Risk of sliding snow at warmer temperatures.

2 Large, homogeneous slopes between tl At this altitude, the terrain is often not very rough. There is also little wind erosion
tree line and around 100 metres in the snowpack characteristics are often similar across the board. If the structure g
altitude below the crests or passes old snowpack is unfavourable, large avalanches are triggered, especially at this g

3 Summit, ridge or pass locations and up Pronounced terrain irregularities and predominantly strong winds repeatedly lead
to 100 metres in altitude below wind-eroded snow surfaces, but also to drift snow. The snow cover can erode in
confined space or over a large area. Even small avalanches can lead to dangerg

at this altitude. Drift snow or fresh snow is often the main problem. Large avaland

are particularly likely after heavy snowfall.

Tablt eAltitude categori es94Harvey et al ., 2023, p. 193

The analysis of the btaesrér atime cthiaatd)cH izire cta&@ade rolni n
generally highe®0®0 i&Oficecaleowei ahouvaeasullts from | owe

frequent wind | oads but also a higher risk of fa
Ri sk of falling

I'n high alpine terrachaftfifthesendtotnaoddnopritodde
it dsrtrbad nl nrtatpi s case, triggering a snow sl ab r
a potential fall with Aftat awnapaaniebegtHabukly atc

are the second most common cause bDbodestds onh daba
canadbveitghealdl a(ic h keeteatasl ., RO 3f)hedhysattaches par
t oertihsk oFofat hengl agssiufté afdors ¢ocnt i oosn st, nat yhuet f boerre

beerwmwportant
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Terrain fold

The shape @©é¢. d.hecadegalkya nbe an i mp oarvtaa natn cphree daicccti o
occur on sl opes close to ridges, whicéuljectpedn:e
Val l eys reaguwtiham moirrddee s e d vessl lodys are Wankieuwl ar

eta.l 2 0AH3)i.t jeopnparldays himmigt can | ead al ong af oootdge t

which makes the tfeaatairne fold a promising

Sl ope size

The size of dtebe aslbapld eirg adlns d r mipgtg lme tshlgorpedat etrhae 1
the aval anche can be¢ ocames earnidd wshehiumoirdglb bk o k2 gb o ft e
t he ski route i s ftoiret eno mireiisnkg ooffitl @mmreiyadet oal ., 20
Forest

Munt beicirgi ti cal of thefpresectegspetunttiyonnofess

to have a protective fsoskeciingn, si i osoglsabrigeee ipmerttyse ¢

the sky fcmombtehesefemr est, it temdaitnestprnovigde rliintgt
(Munt er),HoavE23E r , i potadniialohy t®er ving as protecti
forest also poses a danger, as mentioned | ater i
Traffic

The |literature from analyticalskidvdadd pens heesadi temcle

sinchee snow cover has already beemparéestetiaskbyerc
onditions wi tBbhwan wietwh sinmow eased danger, a fregqg
afe if the tracks have not béMamtemowed ad s®r caqa
eaviklisddopes are more stabl e than sl opreesl yats ktiheed
Ma er , HOOMX3I)e.r , since traffic is not a static fe
h e rfginr gsttohsit ssvtaird abl e i sc awtpireerdi cabbe Ddra tour s

(@)

ould be measured to a certaiappéxtakiconasajpg mode

Further features

Il mhaenal yti cal aval anche science, there are of <co
auti Bramplwsminawh dglreoup si ze, (datoevippiodsedithéeb inlgi t
nowpamrcdé so However, as analyticaf oawsad ashicthea o 0]
ssessment , these f eat wrigisheay earme tn atel stvaatnitc farmrd

xtractedTheomfarmapthe terfraarimi ngs ftahcet oornltyh aatv ad
ver Wiinmdte(ral . , 2023) .

o o 92 nO O
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2. 12nt erview findings

Th
an
c a
ch

Ge
ch
f a
kK n

mo
de

an

L a
Si
pr
of
cCo
cCo
be
(Wi

e results of the interview with Andreas Eisen
al ysed pbreilnbasrcyu §hies on his (fveiaedluaoefss vami ¢ mf d mietnen
utdmfdo-oécti Arddi ti onal l vy, the data qual(igege fron
apter 3.5)

2.1 Risk predictors
nerally speaking, Andreas Eisenhut confirms t1I

aptém nik. opinion, t he molis hogaiuniproarnt wache | dleap ir e

| ainnlg crevasse zones of -3plOBor erntshe( If rotl d rowii mwyg, cC
owl edge xd ®inlddcabeli ti on to the |iterature.

acier

a |l arge paratleaf tt wethi aenbtbuckde science, gl ac
the |IliteodtherentEheireswlere able to close thi
at glaciers represent a potenti al danger, but
aciers inroemapseThesmss(because ¢ autsie@en s @whns $ 6 (
stly shown i noft htehec rdelhaacsicercuonmesonthbeetoeeast
nes. He crewabédusetiafyer samplingotnderse cr elvatsiswee

atic and do not chRwnwgre whegmidlizaneldly meletr, tti me
ve with Tthreey @lrecineari.nly static because they do
pend on t he unNaerrrloywsn,g rstddogpeegst ehpehry .t errain form
d crevassehéoowmat i(plhnntge rgvliiacev®,&)Yr ow 226

k e

milar to the crevasse zones, |l akes have not be
ovides insightful information here, whereby | a
autiAdndreas Eisenhut distinguishes between r e:c
nsider this subdivision necessa2§4Nher | moeelal iu
nfirms that accidents in | akes tend tonlby rare
crossed when there is a thick | awemonuaofl t bese
nkelteral . , 2023) .
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Forest

The interview also prowinfderde satn d ennt seirteys.t i Inrg tplee s
forestation, especially dendsaen-gfedruecetaggtuiren, Htoevred
Andr eas pEiosvandewtfpfoe rnegineéoM fr om a hol i stpied sperced p &
ondangetenti al (not only aval anclensias®eppepddense
because various r it &b(sdeiasroe i @nd @dii oatne ddewietvler on het
suspects thawi sdtavtheetusdaneer hasutl @akelendd ng ¢
the author who maldret drhwei 88 &43red vii iNRdlSfmormess tofdensi t
cautiinon he dataset i s s$hachef ared avtaeroynshu s tmagn anbolt

swi ssgtao @o

Road

Andr eas Ei Bieth hwmas fiethportant to mention that in m
devel oped pauhi éile nhkheeefore suggested that this
i ncorporated into themmdidikéeé . eiiisr sudagtess étono wae,
dataset with the pathless touring terrain (witho

ri ght appereavals not famili dmt evidx hh®@&aehi ne | ear ni i
Rockfalll

I n the interview, it was al so wmagsmtcireraed ntgh gt i fnece
i nt o« atuhseeacrt(ibounts not yet in the swisstopo dataset)
roughly marked (manually) and the corresponding

notc dres ifdoerr etdhe t hesi s, as t hdrna eirsvind8,&)anpd €t8e |

2.Cnclusion of the theoretical frameworKk
Both the theory and the interview acautginbtmrtlhe
i nt ertvhiee w,i s ka nodf cfreelvlaisnsge zones waryd enidmypsdr maastf u
predifoftroamdaut i Omer al | | there are marnyientver\Viapw
resuvkegandiengval.anCrhiet erriisak such @sdeaesmiktctlakead twenr
further menti oned. Additionall vy, whet her the ro
reliabl e cparudadnfomtoa Th & ofrol | owi ng chapter describes
for furtheramoéarddoleiercg i tomes .
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3 Dat a

During -dafhfe rheetking in June 2023, G¢nter Schmudl
col |l eataip@ah agder swhirwhuttehepgéehher with the wiwilsstop
beseampl ed and.Tlhaet err ensceche | Ekcehdadpit rasrtht ef dntagishgsbadsavi s st op
dat aset containing the SAC sKkAf treouhae sd(si, s)tsdaemslrii
procaddescr dbe®isiaimprhaepd dat fade $ beirbed, which cont
f eatfurrest he prediction (input variables). To inc
of t heseaellsaoy esrhsown . Fi niadil 3¢ UFg doteeil i.dsg t pao aquut ad 1d il tebyse

d enatoeudblryac k ge.aer.ilabl e

3.1 Map dat a

I n GGI& map is deposwitegudpoal yapeovi S8esceaps wi
of detail (especial liyadend adspimaesd elrayaerm.) ,Fdrhet re
variabl es, open s tarse edehlmiaappa t (aQ/eM ) rmosssd u soefd t he f e
i dentitfhieegrievi@muiusa ahagmtrari ng whet hgirnal nodung cre:
zoners )a d addesoi WMetstelmWg be .s aFwopriteudnat el y, the interwvi
was abl e at d apreov ifda tThhee cgrleavcaisesre édrmdh etsleenpl alle d
directly from swisstepotdrd tlagrrco mFiome @ aw it tahb | t$

selection, it is important that these can be sar
the case for &¢;mnar AAdhmad! &€&csenhut 6s | ayers. Ol
the work, the generalisation to unseen terrain d

32 Initisalataki rout

SAC opaertavters portal for snow mount a?(nEPRPXG:i2v0i56i)es
whichi stapeojected to LV0O3 (EPSG:21781), SAC pro
cooperasiwbeswbpbusedibes espond to tHewewarl ,e toHe 1t:
data is now gradually ®B&ilmg yu psdhaotwe dt hteo ag ps mali ena
tours. To further analyse this romwudbte dcdatbdect bd
resampling, where the routes are divideHi gwrtede po
2ankKi g3rda !l lustrate the concept of resampling, wh
Consequently, these points keep theThd tre Damglsi, n
is performed wimuht@Q@Elast( ft wn g)i inagnhde paa rseod i embgtred ep o i
Schmudl ach call edL iMapResamplri fd Toal i on

2Quantum Geographic Information System (QGIS), softwa
SLandesvermessung 1995, geodetic reference system use
cartography

18



A osection
represented by

B)c autsieocnt i on
represented by (

Chhnor malut e

represented by

FigreMap with ski routes (line) and different sections

| Fi gr e he ascent afterfobecBfidime g®idrhilhedds Thee
traverse across dawetsigecmmiidashBdatdsneyennd the des

anorwmalctiteoonf( Cnuous | ine).

Resampl ed pdientr
on the |l eft map
example. Based

the poinfomasttHh
value 0 andaututhid
has the value 1|
extended with of

5\, &t 70
) z L
Ay
"’742
i information in g
7l then lendb.del

el

11088 714081
11081 111081

FigB&reMap with resampled ski routes (points)
As¢can beFisg&meaifn er resampling, the sections can
the information is stildl stored in the attribute

have the val werO{afopatn d htehdiwalryeadi{d6bbukt be binar
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s ki The route is a ski tour|1/0 (Truel/ Fal se)
snowshoe|The route is a snow sho{ql1l/0 (True/ Fal se)
caution Speci ficaptirewrnii ®na 1/0 (Truel/ Fal se)
foot Specifitopacti om. a 1/0 (Truel/ Fal se)
Tab2t eVariables from SAC ski touring portal dat a
| Tabd et he variawiestkipadmatabree | i sted with their
charactOaliystihe{ctaatdrmdobdtasreel evant f opartthvedi mdrdelelr iv
as twamgiedablle addiatri ashkliesddoWwsdmoenl y used, fas f il
snowomdeurs are not included in the modelling.
3.3 Additional data for resampled ski rout es
Once the ski touring rfoeeves yarn® mesampgl ed hientr @ s
sampl ed wtidgrhr dfueathastiensy ( QGhs8amphe r 3.Bteerausal wad vy
one feature | ayer céfsn dhpkcolbdmptadsapanatéemeayeéer eh
for each feature. I n QGIS, the fé¢adunceibagersi wa
by | ocdhtei ¢ @ oitthber ef ore contains the ski trewmunaisnpo
f e a ti uliraeb8t e
aspect Orient atsilompeaf the Deci mal (0 to 360)
(later transformed into
country I ndication whether a daf{lnteger (1 to 2)
Liechtenstein or abroad]NA: Abroad
1: Switzerl and
2: Liechtenstein
crevasse|l froaute runs over a gl acDecimal (1 to 7)
extent of the crevasse NA No crevasse zone, sSi
1Littl e rtewpnsoseel
2:
3:
4 :
5:
6 :
7: Very typical crevass,|
el e El evation according to Deci mal mM to 56000
f d Forest dewisdahryedqdlnut¥%)on |Deci mal (0 to 1)
fd_maxv Maxi mal wvelocity on a d(Decimalm(86)to 80
fold Sl ope diiosrcnoarit i nuity rast/Deci #a8l0 (to 180A)
folds (edges) in the te
with 10 m resolution. N
concavity (u), positive

20



forest Speci fficomoslhitefsb oaanseta Binary 1/0 (True/ Fal se)

gl acier Specific point from ski |Binary 1/0 (True/ Fal se)

id Unique identifier for eylnteger

| ake Specific point from ski |Binat9 (True/ Fal se)

pl anc? The planar curvature calDeci 8&0 3 ®)
resolutNegattOven.values i(vesrey dom outliers3@abowe

positive values indicat(replaced-3Q9i0the3pes¢gvel ]
indicates if a spot is
ahomogeneous sl ope.

sl ope The slope angle derived|Decimal (0 to 90A)
(DEM) with 10 m resolut
street Category tthhdet st adceatesfCategorical
street is defined as a 1: Next street in distal
an agricultural vehicle|2: Next street in distal
3: Nextdisdtrerede iln5. .. 25
0: No street nearby
(later transformed into
ti Terrain indicator indic{Decimal (0 to 1)

is to trigger an avalan
angle for release (MRSA

Tab3t eAdditional variables for resampled ski route data

For a better understanding, a sel &dtgijam tod fterat Ul
{s] dipehownThimay plgeet i cul arl y i mp odretsacnats baasd ptrhoemifse ar
predictor both in the Sliotpersatodr e308\n da nidn atbloes ei mtr
illustration, as a snowdshbabwaebBlismoaliys ba dir miglganr
{t}i which reflects how suitable the terrain is f
angTredg}i{|l ayer i s made by Gg¢ nttheea sSiczhemuadfl atchhe asnldo pae

A)c autsieocnt i on
Dashed | ine indi
maybe becanber ef
aval anche ri sk
steepnesss maxi
hei?ght

100 [~ 200,m

I
FigdreSl ope Layer {fgloonmpe&kitourenguru
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Anot her promising feature from theTheéteriasune pan
l ayer that quanti fi eG¢ nttheer rS ¢sldgsiua efdralehdi pso rgdoiriH® wle ar
cal{fdednd.x ¥ quantaixfiifeddl twbhdewmhiitgbwsreows that the M°n
be c¢climbed by foot. This is probably due to the
and the rDlhghv afed apdd@vs{ t r ard df pr m&kdt he tEfmasisse of

A o-secti on
Dotteflobéati 6n)
represents the
by foot, maybe
maxi mal falP do

FigbreTerrain Max Vel oci {fyd Lnmpayxer from Skitourenguru

The crevasdarankmdd owerthed envi bew as a potentieal |y
cautmoarel | Andreads IEagsemhwdont ains the tnevhesskteabn

{creviisoen Hadeod Tomugthiness wrHddarhet.Herglaami er

A)c au tsieocnt i on

Dashedauc¢siexrt i on
represtmasent e g
crevasse zone Wwi

(very distinct

FigeareCrevasse Zones Laycrreviasoste Andreas Ei senhut
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The vaadmdadtpledite v aetllidoonr (st fHHlenosEby dpt{ffd}lpdanar
cur valpurlac7s{strgepalval anche t dfiwarien nmtdi wiasgwal i{sed
figurlkret are ofi nc auwragd ¢ 4ahiles adeldisieng palrhte ivna rcihaabplt e
councoyht{andl dlladkaer ef only wused for filtering.

3. 8ampl ed dat a

Finally, the vect ofre actmernecsh etdheew ipirhe-vahdadeiwtaiisonnoaw b e
writtaerfithal geo pac.kha ge mdeapt aarbadt seartsdin)iglipek g x por t ed
that dawalbashecan beanidsaeda dfyne &wo utrhe Reynigin ontelee i fnign a |
a certain autocorrelation exists because the va
correlated with the values of the same vdriabl e
spati al amad eardr e€loathiicansed model eval uation and
the rare event probl em ( alsshoo ukindo wine atsrSet ahteeedi twhiatl h
proportioonaoti detotgil{s | ow in relati amayt chetlhpe teon
enstumat there are enough events in the training
the abumhagntl eaalsed o a better predi ¢ Birwue &p0e2t0f)ad ma n

The problems of autocorrelation (pcacihmtptdicgthance)

the transformed and sampled data, 4dihktarembdlei 8¢
bencheamedekv)el oped and trainedheThopmdtd hdijseoagisedl
in more detail in chapter

3.5 Data quality
Accor dihneg ctoonduct edindme & s vEiesve nwh u th, t here are shoc

of the swisstopo dataset. Hi s statements can be

Nearby foreign countries

I n the pasthad hbee erino btye tchaet a ndi vi dual mountain ¢
then plotted centrall yD0Oo0At.t hk aamoalpd afra ts oaf t swcaa lee wx
which meant that the markings could not be made
par trieavlilsyed and pl otted tmmeee gphmheoairs elgy c otulme rd a&tsa
l onger up to dat e. When preparing the dat a, it
counies due to the | ack-18flA)sprweiclils iboen d(elsnctre rbveide w,n
pointat twi{ichwt=¢l}(yi . e. Swirckeares il denrdg d . Tloar epdosde & d i n g

close to the border were dropped.
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Sections ofbrsawmgcshat mae Ki ngs)

Andreas Eisenhut mentioned f urtthert, artdieattu it ehoen asbui
i ef tdermwn in a branching mandqeauttiTehmds tnoe abnes ttohoa tg
For example, the descent f {oauiPiicdbnuTompl si ssasodr e
entire branch of t hepadultcew (Tahfitse rmetahtee rdressacineon tn) ,t
| onger dangerous, this part of {clae tzilduatle htoou gthh e
reality ¢aetmieccerdsedno (| nt8&0O)vhHiesw, i maoow udfOacy i n the
{caultli esmtdo noi se (isno tadealsdsyt mdbtsiee esti mati on of
par amet erasf faenbde avlasloo dati on (comparison ofA the pr

pragmadteiami ng napcpornosauciht ati on wi th Geécnhtagit.&@c hmudl a

The dashed | ine

map represetsiesn i

here presumably
from branch to |

m) i n craeualiiotny
The upper part
correctlycabtbaeoi
B n readauatyi on
The | ower part
still Icahuatlidoetdh eg
junction, altho
part i snomraalalminy
according to An
(6boring terrairm

FigdreSections of-wsisghatures (branch

From the current point of vi eWwp}otthlee rdeaftoar eq uaap p et e
much better than cfawrd.| tbisen tadrepetbtdeateidadbtle ¢fdat a po
overall dat aset i s aloawylsi efvddtfhanveéy wihteh froe § & wd

combinations are possi bl e:

1 poihrasst t r {chawtteis®r} f @amd 0}
1 or phoaesnt r {chawtteisdr} famdO{
T or phaabesht r {chawtteis®dr} f@amd 1§

There ar e tploe ntthsind & koea sten a & o0 tmogred d@htiesp gfiertes | abel | e
wi tchauw{t=0dn even i f they ar ef obonérvreariynau tnoglie hden ch gd a
these apsieadd ;news s e, as t heycaaurtes olng bf eobsuteld}{i wi tthh e{

backgrA usnodl)utthid dsa s tsiosnsouies ei s al so .3hown in chapter
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4Met hodol ogy

This chapter describes the methodol ogi cal appr oce
six steps: Problem i cédxmtliafniad atriyo m at thantma dperveni araa ti
and depl oymehitg8arsePslobWwe mi ndenti fication 6fL) was
the mastThe dheatilgeR ) sachpl i ng met hodol og¥hwere d
feature engineering andiesxplsaratTimyscdiathip camms&lay sic
omodiei pgal uamiode | asg(@4d)dcht it nmgo chealr t , vari ous sup
| earni ng atuesceidn.a ppm@mmar i ses the resu(6p and dr aws

1 Problem 2 Data 3 Data 4 Data modeling 5 Evaluation 6 Deployment
identification preparation exploration
|
1.1 Define research 2.1 Access relevant 3.1 Clean, filter and 4.1 Select appropriate 5.1 Assess model 6.1 Write down
questions data sources and process data machine learning performance using results in master
1.2 Determine scope sample geo data 3.2 Feature and modeling |'clcw';1||[ metrics thesis
and objectives of 2.2 Explore data engineering (e.g. techniques (confusion score, 6.2 Create
project structure, format and transform data) 4.2 Train, test, accuracy. precision, documentation for
1.3 Develop size 3.3 Distribution validation split recall. 1 score model users
preliminary study 2.3 Assess data analysis 4.3 Create and train ROC-AUC etc.) 6.3 Share results with
1.4 Conduct interview quality 3.4 Outlier analysis models on training 5.2 ‘%"“""” Skitourenguru
for deeper 2.4 Understand the 3.5 Correlation data performance of 6.4 Publish on
understanding of the domain context of analysis 4.4 hyperparameter winner model on test GitHub
problem and SAC / the data : tuning gy
swisstopo data 4.5 Document model 3.3 Consider model
architectures and intetpretability

configurations techniques

Fig&reSchema met hodol ogi cal procedur e

4. Model ling met hodol ogy

4. 1Li near model s

A s epbarnaatrey clmod<silf iicatiran ned f o{c aeuatdm{dwfoltt he t a
i s important to note that the tar dgalt)seaatrdijelbl(es ¢
Therefore, the target variabl &s nebhgbshfaveat wonpp
occur , traditional |l i near models with Gaussian |
of thetfh&ctastslhuamtpt i on t hat the target variabl e f
v alaing Ifoonrgebri nary wvariabl es. Il nstead, Bernoul | i
Bernoulli distaipmuabamil tthwtofr et ue npredi cted | ab
(Dei senroth et al ., 2020).

To convert the obtained prcoebratbhairleisthioelsd ihnatso tboi nbae
pt hr es®owadul d i mply that when t{pe=n0délt wiéedi cl =
the instance as beltorngda ndgptedit beppap.pit beamodiet g w
classify the instance afsalbsed Pinmgdinmgg ttoh & hrei ghhetg att |
proper understanding of the probl emtiVhesr €fi mrce,rr

classifying 0 as 1) and false negatives (incorre
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regarfdoméegctai on, falsefoegati o)y mHay sBang severe
false positivebkbodgé mtcioom)ecadwyl d abeyf veatumme derses asrky
The same acpaputsiecsnt t ontf hehere f abstes @oeigiadh ¥ecshdgwme s
serious c Amistedgiusecnicedseadt et hé& . diodel has mbal| deale dwi
dat alsheats. meanar ehamanty &meg e te =\ aBrpi sechsatea rigaern i =alb}l e
caslerls.consul tation wi tgho oG¢pretseachde®S& hmenbi@l |l wathe d t date t
threwheltdletvhhati on bet weFebn o afl asles gFoisE ¢ éatwibvseesy i n g
FP . TN smpltihead t&B8eemodebk in predicting positive
are baHianndciendg. t h e ewiad tultpeerad torrdriast ditesm tmoadhilrse s ko | d

described liatemoriendehias!| chapter

Generalized Linear Models (GLM)

The foll owing equation representsra multiple Iin
Ow | o o 8B 1 w+U0 RDO 1K

EquatioMul tiple Ilinear regression model

Without a | inkhdmudcgiide,oft hteha igdqitati on above wi
means that the output will be a |inear camlgienat.
[ @] . Therefore, a link function must be applied,
model to a | ogistic regression model202Whiich is p
0 W p P

p Q ®

Equafiomgistic regression model

InPyt tcdhrere are two common ways to model l ogi stic
st at s;movdiieidcsipr i mar itlhyet A bicssiedalonanal ysi s, provi di
| i kvealpues and confidence interval s, making it su
t hrmodeArmrsat her apprbaaghstisc Reogimes e | sodH keigty rwhi ¢ h

emphasi zes machine | earninlgng) gmakti mms i and dpraéc
machi ne moedaglvse chigum, Siom¢e nehe pri mary llgiormd arsd p
depl oying a mac#&ct HEkeiétkeoacrunsi nogn nmmoadcehli,ne | earni ng al

mo diemg makes it. the better choice
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4. 1. 2l iNmemar model s

Some machine dearcoomngil ceked slausema deltheir | ack of
compared Wida hGlaM.Gener al( GAdM)i htdwev eMaogdetlthere i s a
somewhere .i ”A IGAtMveatebmab iimeasr pretability of || inear
captudtéenmean relationshi ps-huskeng mmdeftikt -l fhmweacaaibd e
relationships quite wel/l and are theéeéABMfaodemvery

forastdsgr adiaant sbthosttilnyg descri bed in the foll owio

General Additive Models (GAM)

GAM are model s thatianearusettietbsmoiibBkeynertend th
to hanldiirerearonrel ati onshi ps wQthbdthwe threfytareotbbhes m
and the target variable. Altheaghr &AMt cams miop € |

simple to explain, which makes them quite powerf

O T MNMw Qo 8 MQw WX 0Qi € empax aQ
EquaBi oGener al additive model ( GAM)

A link function can also be applied to a GAM to
0 W p -
Equadi ocGener al additive model (GAM) with logistic |Iink func

Unfortunat eblyeiinegdM e ment ed i n stchiiekei d@aivwheoviee |, Rbtr ar y

packmggeewnt ai ns a dgai(gtri dn tecalnlgedd GAM model . Wit
terms can be specified. | f alni negrut svmaadtalb| ef fiesc
variable, a smoother may help togapfpgromulmatien tRi

that the edf (estimated degrees of freedom) and
be estimated by t hgamélenrrct ilofn feosrt ienxaatnepsl et hteh ee d f
vari ableplies that this variabl e Amsalat egtumnatriavtea
mgcpvac k agwo ulnd Roe ptyd Allsber atrhye i n Pyt hon. However,
young and stil/l under devsalrme@pdneinlt nd Wittt Ht hi s reas
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Random forest

A
st
Th
co

decision tree usedsfamaldleadscil faiscatfi cmtproablte e

arting at the root node. Each internal node r €
e inputs can appear in any number of asphi t s
ntaining their input value.

FigreConcept of a decision tree

re
me
c |
20

mo

mo

ac

by
Ra
cCa

co

a binary tree iwnttdérnalt emovde irpatsi meglaehi nequ
equality is true and right ot her wi se. The ter
present the predicted target. The liegyveod ywilals
mber ship. The &dhamewiMsch heswaws nan example f
assification (only subset of the xdingdi(tSASI, 7
20)

decision tree, so far, 1is justnda fdiemrglng ttrree.s
del l ed. Because decision trees are somewhat un
re robust. A random forest is the combination
vol ves combinnsi nogf tnmuel tpirpeldei citndoi vi dual model s t
curacy and generalization. Each tree in the fo
aining data and a random subset of the input
dependently predicts a class | abel for a givel
maj ority votinngt h( SASnmas2 @2 0)t.aremsoidse,| | etamaewin hf
ndomFor eswthClcés s isfsipatlrkdiatronb rl ssicelkeiatr i f f erent par

n be trGeddfeasoibmatgemps kh ,ammpd e.sPnleyt ca few para

mbi netrieonsg ived out in the model (i oggduent di enep ¢
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Gradient boosting

Gradient boosting is a machine |l earning techniqu
an ensemble method that builds a predictive mod
model s, typically decigsiadmeintedowosTheagkey itdbeatl
that predict the residuals or errors of the pr
predictive Ther fgoramddarecnd. boosting method can be
Gradi einh @0Cloawhsiicfh eirs spcarrkeiatrorb rltenh gg.r adi ent boostin
constructed sequentially, with each new tree spe
This sequential approach, although challenging t
to thecbocesedon of previous mistakes. I n cont

construction approach for each tree within the
parallelitationnogf ptbheess. Further mor e, trees i
serving to reduce overfitting(B®r cmagtodO Pglrpa.ds iemp
boostom,g foemWwycambi nati onsGrwied daercitea toluea mwighth de

computing power .

4. Eval uadtiloomdonl ogy

I n the model evalhiaavtd otne palrt at edheambdedmpar ed wi
(eagcur apcryercea cimgR @@t o). i mbal anced dataeamd ht h
guestion, the metriclst mustn dte esred wegh efdorc atrlked umad d
data, the predictounaeerdsddtoa.pefhHerbme wavilowm of
can be si muJvaltiedia thiyoicglotssbal ance bet weesi mplteing
e

xplanations of the phenomena have to be found (

Before the , mddael dibhkhddpadty sampl(e@) i at eabhi dtatdi onr
and eas {10 ®RaNdom sampling should further reduce t|
nei ghbour Dogi pginote¥ys validati on, the training

stimating drhet tpar tamaihmeir gpge rsf eotr mance wi | | be ass
20%) first. The final sel ectedDureo dted twhe Ic lbaes sev
roblem of t sethet argaitnivnagr i adtl ei serlsefntp | iemwhb aolnacrec
nder sampl edwtbehewral | dat iaoae vanyismidedfiwhs ewhf It det s

i tuati oAl li nt aelad ictaynn. be carriedtoat nwi(d btrh diaf iad
plISMQOQTHE or oveRaathpmUndHrfoamulndreamS8lamat i WigfgodrKF ol c
r evsad i dfarta nes )-hkeighrarc k a g e .

o u uw < T —~ o

29



The performanceomft hehevdliitdaeanoanfowWett heredbte dasass
of a conf Asi menmaboned. at the beginning of chapte
i s, t hat one must deal with wrong cl asdihfei cati
confumaiteom x provides a peéeditedobsemadewhby of hé hmc
actual <cl asqg sE&@bal®he nmaterail x tdgiarne cbtel hyear Ferad aetdi on d @
by passing the true | abtuluscddndfnutshi ed mpsmead kecatkend | a |
Si ntchee d atheasl eatn ciesdn Idyu ea tfod va r qgees esvidalfisaa{lylee number of
negatives and a relativel f asmwmel negambheresofantdr @i a
expec€Careafludd yi g pt hree s hpgdhrdf carnmance metric i s part
the foll owing, di fferentt lkrer ad airatil® adtna rodfeetdr idcast aasreet

Predicted

Negative Positive

©) @

Negative |True negative (TN) |False positive (FP)
(0) Type | Error

Actual
("Reality")

Positive |False negative (FN) True positive (TP)
1) Type Il Error

FiguhbeConfusion matriXx

Accuracy

Accuiacyefined as the ratio of the number of <cor
ma dlet.an be misl eading when assessing the perfor me
dat aassetnse nt i ofherd exarmpleewotuhéi aecufacp a dataset
one class and only 5% to the other cl ass. I f t he
it would get 95% accuracy, which seems high. Bu-
mi nary (cil.as.sti dif oot 1} Whi c hwaawlttuhad d oyl as Decfpi it et er
its high accuracy, the (Bnordgedrn.,wodid1d8 t herefore be

DOOOT DR e Ao e e = o A

EquabAonuracy

Precision

Precision measures the accuracy of tmaymddeleds |
the number of false positives, which indirectly
a balance between poecitdieompramd ese wsitthi vwihtey .i mb a
seems to bemetmbme soccusatbidgl, swdtfh iicfBamtg ea)n i2t0sl 8o\

01 QO Qéter—r—r e

Equa6:Poeci sion
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Rec®&lelns@tivity

Anot her me(ttrriuce ipso sietcisy).dmetattgyr es t he ability of t
identify the positive instances. A higher sensi
i dentifying positive c@Buageand 2r0eldBuci ng fal se ne

N 4 0O®A OEOEOAOC
WO S ®DA OEORBROVMCADE OAO
Equat7.Renal

F1 score
The F1 score is the harmonic mean of precision
precision and recall and is wuseful when there i s

that the model has bot KBugrogoed).,pr2e0cli si on and good

0 OAAE QRIAIAT |
0 OAAEQRRIAI I

Equa8Fanscor e

@i ©ETQ

ROC AUC

ROC AUC is insensitive to class distribuwtion at
perfor maomecsea.delrts t he entire range of classificati
i s important because differevrtf fishrbedhwelechs taaire mp
(sensitivity) a+sd efcalfs embphdysaintcievde draataes e(tls, opt i mi
may not be effective, as it could |l ead to high

measure of model perfor maHegemagfr»822all possi bl e

Confusion score

Theonf usiio;n s cmeteri ¢ createdpbygviGdaes ea Rebamudéao
confusion there is rledadlitviepe too niwiwasb & rmMd ed ¢ pogahssi rt | v
confusion score typicandtwedalllheatbegbewecopfesi e
tends to | ower Roadre tfhle sgcioween acsl awseslilf.i cati on wi t}

score i s an dpper cpmifaitddedmenserdiocae :

06 QOiI REEQD———————

Equa®Confusion Score

31



4. Blodel sméebkbodohogy

| nc@anvermsathi oGy nt er Schmudl ach, the i ssue of mod
| i es i n rdieghAtniiangbdathween f al se Fproosm tai vpersa catnidc afla | psof
t her er iigslmtnut i bbee sfad rit dideeofi ati on bet ween false posi
The answer to the correct ratio Theseforé¢heaspbad
solution had to Wéd hf awmgdrfdort ot tihse insosdusd . mew alciu at i
reagdms a model sThhoeu | @de rbfeo rbmaal nacnec eads hehef brai aé W
det er mi netdhrwisthholad val ue that | eadpo dioa had edfiafl fseer €
negastMWiwver that, a clear criteriDmi § omeamsnptalmatngt H
ment i on e dpraebcoiveec a(het.pgrcEnlf usioor) are @ahcekabéaéd at
where an equal number of fal se pboysitthe@&hmlmodaald f
performance of itthlkemmpgdredentsimogledt ke defined met
The model that t herafsorfmmw bestt deéermsnpdsasbtade w
critergmtneri sSé&& muanfacdhi on score mmetiiaicces HoweVv gr |
corr el atnedrceointshi detrfeodr aas mwerlel ¢ o mp rGnhceen sai wwe nansi snegs sn

has been deter mionfe d,hiish lersopdedrid atrenh nere t he test se

4 14mpl ement ati on in Python and R

For the modwealilmwgripprtwasa writitganed nf ;Prytmodel Iwih
{cautdardtholot As deaclhi dbedi,hnogihegrebapbar random for
boosting drf e aémbtPgltlhehde Vi iblbhimAyddi t i o ad chrgispthren
createdefmemr at headdi t i viempnhoedneel nstmey copai ion& lat gheer e Ho we v e r

mai.mmgcript in Python was createdcAMORs At Iyheay
endt mdai n.spcyr i pt, tahded esdc otroe sa nd riegxogénst taii nng nEgx cad |1 t he
scores. The script is reusanbyl ef uanncd i ussoersi gste,v ewhad r

for example the filtefMbiandakeshopspashi ié € peein

engineering techniques and observe how the evalu

executi mai ofspcirh ot , ¢$desivamu satbrhmkee defi ned, whi ch
Excel file at t he end. Thi s al | owfsi Itstheaf e €l €taetru,r e
oversampling, undersamplingofsdaffargemparkeasti aae
For transparency reasons of the indivlidaaflilreun,

in case something needs to be retraced &dat®ehe Th
selected VRFBabltéds WwWesh par@med®ddrecahf cnoodit hg@st o
my faimonsspyipt are imapordpogrdi gtn.t oThehemost I mport

model |l ing are briefly described bel ow, whereby t

directmy fiwmndthiesrcys.i py .
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https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/GAM.R
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/my_functions.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/tree/main/logs
https://github.com/skitourenguru/RoutesProperties/blob/main/code/my_functions.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/my_functions.py

funct ifoenat ur e_engineering

Applies all the feature engineering tasks from
functi(engtalter=True, ftubhdedmlksestr dgatltdenrfppe
Addi t ifeaabtgs to be excl(uaecgl chamomHIlsiostbe speci fi

functitoain_val _test

Prepregschees ed mgidlatbya spl i tting it into trxipmihtkeg, va
sets to CS¥Yruesddsf rCSV&adR) Bcga liinngwyi toavnedre r sampl i n
opti onaaplplliyieebdeal i ng=True, met hod>3aovAdrdd ammlneadd vy,

has to be specified tiar ddedte=0 wvaretti eombd ar gument (e.

functfond _ threshol d

The function uses a bimahyesbeatdhvaklgerif ®dhumlwthod cif
the predictions. Thanks to the bimatdheseaachh bnt
can be greastiht heriatiaroatditddd wn ntare osmear ch range. Wi
idall s theael tuhateononf usfiom tmad rgixven t hreshol d ¢

range aclcfoctolnehgby yhemRBN, Xt he sear ch pgtshrteesrhnoilnda t
found is returned.

functicahcul ate _confusion_matriXx

Cal catlhaet econf usi on matri x based oant pa estipheccei sefti oepdd o |
for binary As!| aesicfrii datdi am. ftihned ptrherveisohtokledf imno tf ba
calfleerd as |l ong as itpthkeshiaod fyingdl ddheFRP px i MM

funct eonl eat

Eval uadlciesary cl assitfhveadtiidan i modealata@an and comput e
met rait he o pptihriezsehdo! d&=FNWher é uk B t iepsenrtfilwoernma nodfec s
t he modallatt ae, f rwdirkeah er wr iEtxtceeclof inbh @ . t he
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https://github.com/skitourenguru/RoutesProperties/blob/main/code/GAM.R

5Anal ysis and model |l ing

This chapter i s dendd cealtleidn g op arhte. ahiarl sytsli ys, atntde d :
engi neBMAi hgput ation, transf or.maTthieonn st,h ec rdeaatdai oins o
further uanaypylsematt @ar yan allhyi ssi sign tvieist iaom f,ort hteh g f
di stribution aheavexmeldat itthmg mowlkrerse are trained
final winner modathhef dtatgkimendgadi{ f or

5.Fleature engineering

This chapter summaruipydsrt me.trebwowlkher oflet diiss can

not elfdh@k not ebook is for visualisatichepuntgmses

ariencliutdleel codeucfaitmee criinptt hef fabhatrtieorngi.neering

5.1Mi ssing values

Accor dCmigp tdumessing values are a common i sSssue
|l earning algorithms canihNot wbfltktwpeh hmit®osmibegi hg
assessed in the same way. T hMENSAER o avi skseé ndji wmiode dat
MAR ( Missing at random) and MCAR (Missing compl e
filled with certain values (i mputation) or r emo\
easy to peirafbolrem.halsf aa lvoatr of mi ssing values, col L
The drawback of itnmp osr taapnptr mianihe e nsa vtiehdant whi ch may
| ower accuracy.Aobthbkbe BAippabambdwbul d be row del

mi ssing values are removed. This method only wor
mi ssing values is | ess than 0. 1%. Howevetrhatr emoyv
the model needs to make predictions. Lastl vy, rel

especially if the missingness is MAR (Huyen, 202

During the (re)sammlicnappreduaess ode somebedri abl e

due to the fact that if there isrpvasaeakblheafoa taé
rouptoei nt , QGI S fsat st htaltet wbeasheirsevsaitnigoon MaHED 5BIA® dat a
observati onson(le/x.r osut ey h taénael f ol | cwiumg MHivesitmg av ¢

x-axi s represents: 2.5% of observations)
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https://github.com/skitourenguru/RoutesProperties/blob/main/notebooks/1%20-%20Feature%20engineering.ipynb
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
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FiglbiMi ssing val uesafitnert hree (raavmmlait mg)e t

Ast e seFeingliifret he t h{ereWwWd9daBibpl£ @6 . 6 %% o aintdr vy
(15. 1%) have a particularly high number of mi s s
sampling procefwruait s ymé sganigalblfet he data point
countries are excluded | ater ampwmay!l dogett oampy omi
values. The rMstsdamgo vad me sf faoam t  he sampling proc
than 25 metersthwant fgtorprudate sopéee ¢fidemiss siumgi on i s
t he vfrriealalsssee a data point is not on a glacier,
The vdcoapitseyt herefore automatically completed b
The va{sidglkek{es evias®e easy t o si nppeurtfeo,r mehdi cant .t he en

At second gl ance, mi s sitnlge vwadsulietsd éc BAF{PGHA .s3p7,% e f o
{fortédt 3{EBX,. 3)7{Poo} (M. 4)24% (D } 4)7{Pod _ m&0x. v4)6{pol ain(@ .7 3)7 %
an{asplg@c.t4)7Mm analysis of the améegptadatdaodoa: pdhet
values were generated during sampling when the d
by the affecaepd Q@&r BEabkes.t hfes vtahleu el atkoe smiwsisliln gb e
mo diemg | ater anyway and these data patomat wcall
sol vedex cAfudiend akes ,( exilclempe o saaebt rleggeot | hmger any

mi ssi ngWivtahhee sf.ol | ow n@@299Ww@ 59 data points were

16 566 1®bser wvaetmaams ng in the filtered dataset

T Fil texcllude obs dcoant oy s(siwhnegt edr op data point
T Fil texcl2Zude obsdrakmeflones. whreomg data points on
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(Huyen,
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gl acier

guestion

Sstreet

the {safaen{tlr e s}arsss @ e
{sttaereepl| at kd
wit mehdheohp svtael ditech ead fe f DF e i
thimet®a5bsthe
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pointko¢at ed

6&D wrei ng

val ues can be

andomsr €& Wzaocedét.oa leh en omi

t h e {cvraerviaaslisl%dasnd4){} ¢ € 6. 5 %) ,

becawster emendous

sampling,

.Aatsa mpodiamt
explaingledwadlyonlhyey dacitgndadat

OmA & sdingbh vyme fuer e t hat

proceduwrae i{fadb kallas&d@ bes e d

S Si

del

means

ng

etion
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to introduce bias into the model
assign or estimate value to missi
2022) .

mi s si

QGI S

ng
generated

wo ul
A sn fiHminyrteantoinerd , wd thli &  lwe u

ng

therenfppe opali ae £fmps tdakh B ewmAit s $isn @
s eTearb4, ient h e

ndictat est t h

v & imp evtietcda n

@OaAfter i mputation, the dataset no |l onger
street Categorical Categorical

NA No street nearby 1: Next street in distal

1: Nextdisdtrerede ih. . .5 m|2: Next street in distal

2: Next street in distaf3: Next stiieet25 nmdi st al

3: Next street in distal4d No street nearby
crevasse|Categorical Categorical

NA: Data point not on glONo crevasse zone

1None to little crevass{1None to |ittle crevass|

2. é 2: é

3 é 3: é

4 é 4 : e

5: é 5: &

6 é 6: &

7 Very typical crevass{(7: VYegmpycal crevasse zon

Tabdt el mputati on

operations

36

v al

t he



5.2Di scretization

Discretization is the process of tTuhrenrienfgorae ,c dorutci
are created foflhé&dlel ogwivnegn tvwaslwitdrslansé sulmat i on s o1
i nf ormattrn othnhe ot her hand, t é nprldrcs ftor mantdi 0 mg eir p
mo deHuyen,Thz20Zajais plmnfdst tadeher @dif ¢ denttiozebdi nary var
before mmdédlhlei mggw daaspglest onha AAoaMBSMEe dmedat ur e
repeatedlyodéesatiabéednsheort hwbetngopnameéhabbens|
| ay,ertshi s tvrabroicanbelteo ias bi.Mheyeftdree glall e i s bet ween
and OA to 45A, the {asweygt}thbsnd i meadiuegmp eabobe
values between 45A and do@QbAFe tgiu® evari abl e has th

N

FiglbReSect drygsr eaft edewar i abl e aspect _binary

The vdstmhmddtees an indication of htohwe fSrharweiatwhaiyn t h e
25 meltnertshe rawadatadd @t nc odnlisek ssd by eotfe ai nt e rdd a | wi t
hext street wWi@hernt Ostoeét mei@ieexd sor 8t mavi ¢ h
met)am&@( no wittrtkekieenh 0 )Nonz2i hme tewafst gefeert hansf or med
t ©ohe véfsrtiraebeltlewthii ckhr asm ¢ has @B(hkel e bilrgief no street
wi thihnet.erilsf t here i metgestdhree evta rwiatlid{en el®d53y atr lee v ¢

1R

Not within 25m distance
— Sfreet
Within 25m distance

FigulBeBinary categories of newly created variable street bi
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1.3 Scaling
cordingeabuG®r ad anipfomdg aing tr arddrfesadnatt o obet Appl
chine Tlheeargnoianlg.of scaling is to stanadarn diszd ,t h

king them comparable and preventing features w

abembgarithms dondét perform well when tAhe nume
mmon scalingr mak hswahgelreen itshe values are shifted
ranging from O to 1. Another technique is steé
d afterwards the result is dividedmédan tdhfe G tam
standard devi atFioemamdomnm f(G®e Dth,, LdOdI9i)ng i s not
shepritt i ve t o htebaetmBxrasien sbtdancé onatree only split
ngl eF 6leoagtiusrtei.ca nM@Adr esscsailoinng may | mp(rdoevpee ntdhi enigr op
e optimizatBonh Bahgornt bmpisé f gicft ledde gl ofigtihe app

at ur e,bea @iuaee | cecseafnfdi sclweentths f uncti ons directly r e
edictor on t(AeabytcomeNVdhgabl e

Cc a utshee od b o vsec arleiansgo nissd ubreiinngg morbiea |l lliendgt he added

scores iwhemtewypalouwatsii msgp atlahipep gnooadeehl spur sued f ur
en modelling with Python, however ,faheembideh i
d whether feature nor madt samé Eetaasnesisa rferSiwimeanem d e d
bs aklkeiatrarhpe Udoed experi ment al purposes.

1.4 Point distance
en sampling in QGIS, sampkedtinupaoabpwbhhvEbeat pc
di stance of 10 meters to the next point. The

i mi | ar pportoepneteitadlelsyg t o autocorrelation in the de

mo st St Atnigs thieccaalu srmo dietl vi ol ates the assumpti

fluence parameter estimati on.

,nter Schmudl achtihassaérentdlh dnsexmpsetd in the |

rrelation can be r endeutcééride f diosnt amectievadcfanih@d ef od
ken as a reference value ©Oart hbke g giurphaognpsa ci n ¢
w the autocorrel at pomdné&pgmpaames @t e fliDe p pad ényoesntb u & t
sappeapddsbanoetefrsph@ pl ot). The slicing was
at the dataset was first sorted i(moasespoinadg
der of ski rout € sdy alwiaese nk eopntl,y wehviecrhy |teeasitshi t o a
a oftaetnr o@50B 1®at a poidn/tkattao. pbé mt s
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First 1000 route points (point distance = 10m) First 1000 route points (point distance = 100m)

10

0 200 400 600 800 1000 ] 200 400 600 800 1000
index index

FigudeCorrelation with different point distance

5. Nebw feature
According toi Skitsudehgoed, as the product (multi
and the consequencey aodtf drhree dsoatime | iedy et s k iTdre

T Probabil i:t yT heef sa efegplelr t he sl ope, the more |
relationship is |inear. I't is therefore a sirt

T ConsequencesOnoafeocan aflalyl drop an object weighin

terrain (e.g. every 10 m) and record the velc
and high accelerations presumably | ead to mor
SE, Skitourenguru developed a corresponding g

the crash can be used as a proxy for the con

(Skitourenguru, online)

For thiastdhamls®nt o the advicée hef{lvagmieadsk eSaclhcmulda taecc
the pr ffdducriaxdd | ¢.peThe uvupwaffdd grwestkeet $ mited to a
val ué 0df 2

5.6Further data cleaning
The vapli afbdieas{ very f & areva8ltwod sant dB&0 . arTdhe val ues
t he i [A3t5eBrppMBarle t H a rma foertleh e3 SaCelspees860v el y

The most iimportant steps regarding feature engin
the data is roughly analysed within Btuhe tfhreame wa |
be anot herredarldienrg,sdehpaclyuahli yybecame apparent d

analysis of the dat a.
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52Expl oratory data analysis (EDA)

This chapter is dedicated to exploratory data at
qualitative and quantitative overview of the dat
and shewsummari zedf seattbesesi Wbl seepd, fuhehdat asc
deficiencies becbarmaewcvkies ilbd baeHdyBandtrfof st eheeaorudtsl i er s ¢
det eacntderde ecatif 6ace eafadnhy badhl t Beed anmmd ufpiyltteer ed
not ebwak also created for this chapoerfobuteosal

The following visual anaflryeslhe soamembodlses the Kkey

52.1 Visual analysis
Target variabl es
Figusdowditshei buti dmrgfett vauhiobdbads{ {It can be de

from this that the two vacrliaashslaess=S{alled . 0% i mb e
{footll. 48%)Hi ghPbaerset r ongl y unidre rtr Eekphrak ssdesansd deldls

raret hehaasti}fdlmbal adhactead machi ne | earning may | ea
becaursee di stri bution of c¢classes is not equal, me
I n the modelling part, the models are trained on
handprtabelse mad drobysedperi menting durinhgchhiegmedebl

as overamauampdleirnsgampl i ng.

caution (by caution) foot (by foot)
160,000
caution 160,000 foot
1 Caution @ 1 Foot O
140,000 ;
! [ Caution 1 1 Foot 1
140,000
120,000
120,000
= =
£ 100,000 2
] 4 100,000
B E
E 80,000 Z" 80,000
= =2
E B0,000 2
g s 60,000
40,000 40,000
20,000 20,000
o T T | o T T
Caution 0 Caution 1 Foot 0 Foot 1
caution foot

FigubeTarget variables {caution} and {binary}
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Binary feature variabl es

Theemaining binary variables arelfeasumdyi bbatt
i mbaliancee t wdc ad laasrfdecdo tal s o e vicdeetnegioiena dtahiledd . t h e
transformnmnadpeatliibsbhceornysi der e dr,i gilit@ écaatn obnes esaekeenl at i
{caut=i cdirppearsl itgiotbley f r eNgMiNeanrtEf offa.sep.e ct = @ Trheer vy

specaiefliad i vecpmoper fioonsg in the summary statisti
aspect_binary (by caution) aspect_binary (by foot)
caution foot
120,000 [ Caution 0 120,000 [ Foot 0
3 Caution 1 [ Foot 1
100,000 100,000
= =
2 80,000 £ B0,000
E] E]
o o
£ E
M 60,000 & 60,000
E] E
[=] o
& 2
@ =
40,000 40,000
20,000 20,000
0 0
o 1 0 1
aspect_binary aspact_binary

Figlb6eFeature variable {aspect _binary} by categories cauti

Two graphical conclusi adme damalbfe rlderaathvaBhong dfig r e g a

Theattom the intecametwet(ianmn ft ®or edsathgerosl oswsc hofas
orientation) does not Adaddm itomedddaeyneffedorcedthe dh
the data, as the terrain can become safButdue to

could also just be a confoundkébey,abdombtr eddcuraraeen

and tend not to be |l ocated in very steep terrain
forest (by caution) forest (by foot)
caution foot
140,000 [ Caution 0 140,000 1 Foot 0
[ Caution 1 [ Foot 1
120,000 120,000
Z 100,000 2 100,000
(= [~
i u
=3 =]
o o
E 80,000 2 80,000
i o
= E
7 60,000 & 60,000
G ]
40,000 40,000
20,000 20,000
0 0
0 1 0 1
forest farest

FiglbFreFeature variable {forest} by categories caution and f
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ng part, witt hwidxddlavidsionsgs &whe e p= i many e

AndrEiasse n hu
the model | i
fromd ashed .

t pointed

street_binary (by caution)

seems

l i ne

Wi

street_binary (by foot)

t

(0]

i mmedi at el y srtercdpegma rdya bl e t

occur \"

th the inf

caution

120,000

100,000

80,000

60,000

absolute frequency

40,000

20,000

[ Cautiom 0
[ Caution 1

120,000

100,000

80,000

60,000

absaolute frequency

40,000

20,000

FiglB8BeFeature

Continuous

street_binary

[ FootO
3 Foot 1

foot

street_binary

variable {street _binary} by categories cauti

feature vari

abl

es

The varillgb}d{és makd _ ¥ {if oR{d!| aln{cT dpeafnjd ar e
selection of the vd&rnirahlhelfiagiitaibd ekl D@ dabel ow.

freguwdartaw tsiecrnsie@ms
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relative ffeg@etnicyn fiomcraeases
With regatsdeacttad ons shoul d
are |l kabaiwt kseebaptbpThBs{c atuh=ei dijat a atoitnhtes dfo welre exnd
dat a ool teiewrntdiuben stboaatmic dmaat ki nign (rbeuatl ity
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ele

be

cAnti nuol

increas@Ofe b.AArdaln t atblhaat U g e

in par @i0O®dek.ar sfror

recalultseedcrtaito ntsh iisn ptohi

dat aigdadlriesgeidssaceer

(by caution}

in t

ele (by foot)

hi

S

chapter.

20,000

17,500

15,000

12,500

10,000

absolute frequency

7,500

5000

2,500

1]

._l_'_,_'_'—|_|_‘—-_._

caution
[ Cauticn 0
[ Caution 1

20,000

17,500

15,000

- o
= Lt
[=] (%]
=] =
=) =

absolute frequency

-~
[
=1
=1

5,000

2,500

1]

—

[ Foot 0
3 Foot 1

foot

Figlb®eFeature

1000 2000 3000 4000

1000

vaatabbei €sl epaubiyon

4 2

and

2000 3000
f oot

4000



The vasli apé epf{esents t he fsdt & psekessks ,0.# chtea tvbairniga b | «
Fi g2@GaeRi g2the s ttédepdaar rhaigm esrk tolfetfhael Imonrgeo rl itkheel vy
poitmt bautdfom® é ctFioan t he{tl}yaritaklaem be seen that th
0.6, whenbyad elgiotatses esid-e¢ g 22 re

slope (by caution) slope (by foot)
caution foot
25,000 [ Caution 0 25,000 [ Foot O
[ Caution 1 3 Foot 1

20,000 20,000
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=} 1=}
(= [~
E] E]
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FigRbeFeature variable {slope} by categories cautic

fd_risk (by caution) fd_risk (by foot)
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FigbkeeFewmburaeble {ti} by categories caution and foc
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Thtewwm| ot sf abotviee f\dai}sika bithe § o{ d bofsrecaquena yt=iod} {

on t khea nlde fstp e cx-axuins .ccfd Uttaligaentiino nsso mah onve spa o ha bl y

al socfuromd athae qualuiet ¥ oi dwdiwseeb rMmam dcharnudsieaxfrt itohnes (i . e.
points that camnud Tioinsr e dparsashilmednnls e ss e ddlsapeer in

Categorical feature variabl es

As the categotrjaeacathsvheeablrecdPpded into a binary
remaicraitreggor i calt heaeTllamdafeerne {cnt dhda vymadii zTlalt @es how ¢
l i ke the tvardeiomfiesponds evdaéese. ¢areat aqgadnagti er )

whil e adfbwat uespd6nds ctroe vaacsrssa. yt htey pfioclallowi ng, t he h
with a filter if theéepgelodi ngcrhmov-adldd viesst dlagil awcs
most of the route poipntéeécreerveadBeHowecat edi bnoal yg
with the gl aci gcrrse.viia8s,sceohendietr edan be seen, parti
{cauvlpnt hat the r efcatuitari Pinpocropagdd ofwirtellavamd bEegher

showrnrig@BEhi salis®cogni ¢ akdrei{fflafc®pecridliati ve frequ

numbers can be found in the following chapter on
crevasse (by caution) crevasse (by foot)
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3 Caution 1 [ Foot 1
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FigRBwariable {crevasse} by (fh¢ceat@pgpeies caution and foot
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522Summary statistics

Now that the variables have been visually analy
summary statistics are provided. The dnephtoadmol ogy
Not eboowhereby the anal tyBReasn dvaadsi ecray yTtihreanf.o it o wi n |

analysis of the summary statistics is divided in

I'n Thabkége figures are dicvaiud= ddni oa md=it {th f coeattOggor i e

andoptl}f.ttahreget cvaaurtiisobnh eaf yisemdrrbease in the mean v
for most wautrFiadn eso mpadteid®dnr o The 0.5 percentile
Only for fbjdeand defingl ddyoue{se t{he mean waltrxeadmecrea
The spread around the mean value | $hedi eabtsieosnesd i |
are similar f offolothevhteareget tvheer inekalne v{al ue i ncrea:c

var i abletd fHadxked I {if ofach ¢p | @anicf7 t he t dragmwttl}vari abl e

count 154603654603654860365408036546036546036548036.514349
mean 26007 11.64 17.63 377.2€ 0.29 -1.78 19.03 0.19
std 632 26.45 12.90 374.93 14.61; 36.03 9.35 0.22
min 250 0.00 0.00 0.00 -105.51 -350.00 0.02 0.0q
0.25 16530 0.00 5.27 48.21 -7.65 -8.17| 12.0% 0.01
0.75 26470 0.00 27.32 585.87 6.71 8.51 25.48 0.32
max 46622 100.00 115.86 2650{0. 0014.86 350.0C 82.99 0.92
count 116636 116636 1106636 116636 1106636116636 1106636 1
mean 26292 5.99 25.79 685.39 -2.12 2.97 24.23

std 539 19.40 12.80 477.98 15.45 30.98 9.65

min 763 0.00 0.00 0.00 -121.68 -350.00 0.38

025 16911 000 -9.55; 509 1734

26

53  0.00 7. 56 582 31.23 0.65
max 46531 100.0G 2650[0. 0029.28 350.00 71.68 0.91]
count 1630225630225863022563062256306225630622563022858 6230
mean 6016 11.33 17.88 386.12 -0.29 -0.82 19.21; 0.20
std 622 26.14 12.71; 370.23 13.67 34.50 9.27 0.23
min 250 0.00 0.00 0.00 -121.68 -350.00 0.02 0.00
0.25 16550 0.00 6.13 58.48 -7.79 -7.68 12.20 0.02
0.5 26010  0.00 19.38 305.25 -1.95 0.37 18.84 0.09
0.75 26473 0.00 27.69 604.89 6.45 8.78 25.78 0.39
max 46531 100.00 113.02 2650[0. 002928 350.00 82.99 0.92
count 20447 20447 20447 20447 20447 20447 20447 2064
mean 26768 571 39.87 1625/1. 5227.72 -42.95 32.09 0.24
std 739 19.09 17.20 688.66 36.73 72.31 12.84 0.27
min 491 0.00 0.00 0.00 -98.44 -350.00 0.34 0.00
0.25 26339  0.00 35.47 799.58 -3.44 -68.68 23.69 0.02
0.5 26893 0.00 41.85 1626/6. 9130.75 -23.78 32.89 0.19
0.75 36193 0.00 48.35 16713. 1457.24 1.14 39.01 0.51
max 46622 100.0C 115.86 2650[0. 0011.5C 350.00 82.54 0.89

Tabst eSummary statistics for continuous variabl es
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I n the table above, the mini mumfwalmad&g haddkt he f
{t}i tdre cadewtsirdgr {rai se questions, because it is
arneo-thanger ouBn ctee rargaatinncan be assumed thati $shues ha
of t hewibsreanmeahr ki ng(ofFaséseAcidate howali e « awvb}.t 2ibsa
highly doubtful ascawtswc hlomreat hity .i s really

The binararaemat yabdesaccor diinmighbB,e sao dihmitl aar dliosgiicn
made betcoeeteemfoirtyshe t aThetcomadibbobeal i absoatswowh)]
i . d.hei fv fparsipeelcitee L h@ar gher si on oft hteh & afcagniti idajst o

andafuti ddmade. Tdiev iaspipednt e t ar gfedlolmtanitsalslue@r i si n
s eteh at i f tsheeearbidbhevpphly 1. 8% a@fautshkeeer ¢ dhes i n
situati on fiosr=essiltini bavahetbiexcrojndy appl i esFoirn t3nh% soef tcw
feat ur e hwea rpiraolploead,i othf o2& et eovrsn a\bevew oqmsa dteirerda b |
f oomécttihoants i e on a road. At fioseehagllachhcweal Kk ton s:
without skis. Howeverf omtnladaynmsdi entg llireaormy it ntes malpe p
t he anmkeaefeoe® e ctoifontshe route that | ead through a t
|l ead to kké@asss e othlmeynt leis, s atome model |l i ng has expe
exclusion of tuntnuen-fiseljtidar @ dient ol i, ®eskilday od d lhaec iperi
attritbactautsiecrtFioonf o-bécti oamdy 2. 2% arevanmtabli dut abl

aspect_binary 420266 30782 9.0% 380484 91% 1230406 706854 6.4% 115884
caution 116636 1106636 100.0% 0 0%) 1546036 0 0.0% 15 410D®%
foot 2060447 0 0.0% 206447 100% 1630225116636 7.1% 151 34
forest 166640 506 3.0% 1606134 97% 149060321106130 7.5% 137 034
glacier 136878 16523 11.0% 126355 89% 1516794106113 6.7% 141 03AY
street_binary 376992 695 1.8% 3706297 98% 1276680106941 8.6% 116 O
aspect_binary 4206266 494 1.2% 4106772 99% 1236406 16953 1.6% 121 88
caution 116636 0 0.0% 116636 100% 1546036 206447 1.6% 151 oA
foot 20447 206447 100.0% 0 0% 1630225 0 0.0% 16 31D®4
forest 166640 169 1.0% 160471 99% 1496032206278 1.5% 146 &8
glacier 136878 301 2.2% 1306577 98% 1516794206146 1.4% 149 BN
street_binary 3706992 100 0.3% 370892 100% 1276680206347 1.8% 125 089

Tabt eSummary statistics for binary variables

I n Tabltée7cat egcorreiviamsl$ év airti aibdiegHal e e dl esvd@Imor e d
indicates, that the data point is not odfaagl ac
cl oser | ook @M ¢ htea b gphhrevsen d peiveed kb s ctreeryraaise yz dn & %
of the data points are assigned to thisleadlegory
arogB§146 /| [ d46the2d96fcHm up=0 iddmtTshiaesr erati o i s not
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other class. I n otaeri ddcdeastlse whleantbdeoltrevass

This pattern iisf ntohte acsa tpergoonroiuefisoleodfar teh €.omai getr eda
0 1418403091.8% 100052 86.4% 1494619291.4% 20263 925%
1 860686 56% 688 5.99 960361 57% 131 0.5%
2 11 0.0% 1 0.094 12 0.0% 0 0.09%
3 206150 1.4% 342 2.9% 20484 1.5% 8 0.3%
4 717 0.5% 142 1.29%9 852 0.5% 7 0.3%
5 594 0.4% 185 1.6% 750 0.5% 29 1.29%9
6 179 0.1% 80 0.7 240 0.2% 19 0.8%
7 296 0.2% 146 1.3% 334; 0.2% 108 4.49%

Tab7t eSummary cdtaegortical fwari abl es

52. Bistribution analysis

I n this chapter, the figures from the summary s
recognQustalbileer.s correspond to events that are unc
di mensi onal graph of numer i cafderdadamt,i liteh e(i gmeldi e s

75bercentiadnd (tthe maxi mum. With a boxplot, outl ice
rangsd Qf Qheesul ticrahur abgeul t i p(lrivelde boyf vithhbemb )gi v e s
wi der boundary tAmy déadtea bpxipdtod tihastelffal |l outsi d
be outliers. A wider range of the I QR i mplies th

As described in the previ @¢wau t=¢ ldlappptaei rnst,s tihse qduaetsat
due gentehwawcmmar ki ng. Anot heraupsiethietedawp daihnt & e
thatf eatel }{, as thecauticelf &l g i gihdyealxposedebakita]
but thesecaut&il@3belxlpdwa glB8eedr linn consul tScth nound lwa a th  (
the foll@wi hgpefi-bil Bvaws ngp pldiabtda f orc anotdiedrt: i ags

T dr 6peecti ofncol(}i)= e. |
T dr oputsiect i ons with very | ocwa utteirdnad ma .ia2madli )c at o
dr aopomautsiecnwiiarmhs very high tercrnaitn @inmdidc &at5¢n v

Theesief édadfctt his thhtet he poinwssemamieli bg, t wbi boh
artehe oppadwuiet & oc I[paosog ddiastaap pgeuaar!l.i tlyn a dfdd-stéi cotni,o ntsh e
(ipeiints wi{flooal caiutd-u f=misi mi nat easr @ oli alt esd¢ & Wtdit@rs n
in theidatra@al batyc acuot(fiocens ppadnt dsgmd evibyss) sual i se
effect of the filter, bteitihl ttehre dwoex gsidoo vanhhbeefd@rn e ga
accor dcianugtsigaot i 0An sgy perageedt he feature wvariables 1is
{cautsi 3} camnd=i{dnn the modelling chapter, <calcul at
and once twiit]htoaust tthh est rovakna libseentsheetp gtcor i pt .
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I n the foll owing, the contincwawsd (baeaf babl andamét
tii larmed )onde}oitinh oa AMoxmpoéssi on can be garged of
variabl es®ahindl@ dad di mhnho tthhee ontthmbrerh aonfd out ckers (o
be feadt heFifglRatduacves a di fference in theefedian f
{f d_nmadxd_¥{issBpamnid Thdfer ences tihd stahteu rnmsbdeiteave eoff | e
the two | evels of the targetanvdarairaeb Ineormei g hitk eilnydi
i n t heThmeo dvedtr}i awhiec Kk howdsoaatabl e a terrain point
i's particularly noti cedbkigauynhdky ei $ h@. m2di @i loé
t hceat efgamnuyi ®n i s OonkthweOod®er hand, tfhdef fHedhinan f o
{pl aijncappemor ¢ osbmi ¢as fprl el siadegand=i d .

ele fd fd_maxv fd_risk fold planc? slope ti
120
100 3 500 +
+ 80
300
4000 100 N 100 ’ oa{ J
] 000 200 4
&0
80 50
i 100 A4 06
3000 &0 1500 4 +
o 4 4 4
EmEml = e
T 04
2000 20 1000

a0 W+ - | -1o0 —
-50 [
— 0
—200 4 02
1000 - x 0 500
-100 M 300 4
-1 o {—4— —— 0 ] + ] —= 00
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FigRabeBoxplots for continuoust-faltidebhkmds (categorized by {c:

Whentdf heter iifsi gBFppeltiheed me dicamu t=h plnwe d n ={}andr i f t s
further apart, es{pdcmadkd yricdodaetle Taiisablsesadvant

in modelling, a@lsadsheeeawd!| & dter drmgesr signal i n t
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I nterestingly, a slight/lfyo-sdéicftfiBorngshBielporctuhe wvani
{eltef d{_nmaf{td _} (fsokl ,pl{aln,cs7{dp peannld, {t he c medielvy at es i f
{f oolt}iIt c¢ambbédeseen that theefhedinanhdfoothedeuaiyvat bt
even more strongly upwaned®abeVlus,eafd@emedrnound i 3
i kely t haotel @ nd) ®tod opGoamptar ed to the previous fig
deviates upwards, but alpdandgwbwmr dbhe fodditdel e ¢
pronounced difference in the medfi ameédtoinmmsvdagleso
The risk of falling, whideh sl goaimbtei fai eecdrlyy stuh &
ofaf o-oectiasm t het hnee dciddtregtpirsyy consi deldnabtlhye hoitghheerr . h
there afrestmalhypdi nts that have and_¢utslkKihersevdlema
origfnamepoints that areexpenecddn] odddblFrgssinngtt

di fficult, as their exclusion potential Hy litretrr od
mentioned i n t hwesedbewtii douhsk rgc haadpdtreers siess o hle} nloea wsel |
(which is the class of interest)
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FigRéBoxplots for continuddsowvdgriables (categorized by

OQutliers outside the interquartile range can be
commomat more outliers can be seen in absolute f
{(f @l 6 %) p | a@cZpPp n{df o(B5d%) n paht@iveawnlyaroGEdbli ehe. ti me b
t he oarnndoiterts ansfor med anfyd frieptrleesrent Bhe heairfioalelse
frgomtlo Since many data points adde ntontedddnmQRa dfsdr e

data points widdarae foaurtddsterdendFiotry thi sc areea stohne, t |

model |l ing. ThéobBens&sr yprwaraibd byl eno{r e sui tmlbd}jrec ™ or r
provides information about t e g acwirtwWemil (bs eee  rbeuxtt i
caapt.erAfsoll{dt ends to have feweprredetrlreplaloviietrhhie Vv a
model I{i ojgt bhe {phal aibd enevert hel ess taken into ac
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524Correl ation analysis

I n the previous chapter, the individual vari abl
findings are examined in more detail using a col
already all owed some cohethsesiondet oabeallreaswnhay

{cauti amndod further approach can be kmartrhedf @lultow
only the correlationarienfi tti laé | g onrt tan rssiegoestnbdd agbtii esoda Ir
andat egoricalalvaoc i iaibdtfesdieve recor rel ati on had to be
calcul at.iThhe maetamadrd correlation coefficient (a
Pyt hon ucdmgygttbiflbeb mParmdeadfaryconti nUbhes coadifalli esnt
in thel rfaondgld it i s cl ose sttor oln,g ipto snietainvse tlhiante arh e
the two variabl es. Whd4n ihe meaetkfitdhiaentt hies ecli s

correliantaildry., FEoefficients close to O mean that 1

The correl &t ig@id broaviss gaaxt iivne correl ati ornldbandeehet
el evéetlfiart h &@n 4r1Tbhfs can be explained by the fac

with increasing altitudéd apsobociohe el acrmaxliimmg atli v
fal | veodwrfidt_ythaxd d{_ ¥, i svhi ch coul d be related to th
ri sk, the steeper the terrain and thus the | ower
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Fig2Bléso shows t hahe wvaimhidalmhiaae widko ror qed Zaitwetit vhe t h e

variabl ee k.t evhaits oman be explained by theshact th
probabil imayi tafl |l a vhbiwgidhihtey r {sd Ippefdldifs 0. 46, which i
a positive correlation. This can be explained b
{sl dpethe more Ilikely it is that the tpidi st mi $aal
picture emer gefsdrfiosrie{ntdhiet v aah Ahluesft h®. Var_ inexives ({
{fd ¥isdldpanid alppear to gogineitvhd € a€hthe oW thieyabl es r
t o cuffvodladu{gh £ alncco7r r el at e néegadueektyp, tWwkichcal cul a

I n a second step, a correlation matrix was <crea
also taken into accounfr omBeinRybirmtr ywbsiesde rtioa | mecaosr!t
relationshinp bet ween a binary vari abl e, X, and
coeffic¢i éntes,[Andlwhehra@anigmpl yi ng nonedr oel dt i onpl
astrongelliand 8ms Ry gFiogrR@henwd t he correl ation matri
The under !l yi ngs odhhe a-wic & eu miafcllatud iy odnh ot yet taken i

in this matri x.

Point Biserial Correlation Matrix
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The target variabl es alrhee noaw gifote Uvuadoems el gtdhdel yma
posiwiitihg r R{fA_2naxyvy ={f@._Y6}srk ={s0 o0&}, Fandd 14

{el|e=0.1Rhe ot her Hfaolamtes o vaei adplwstiwis{the| dr = 0. 23}
{fd_maxrv H{fd. PObk=s0dpeé&} an(@lI[le6d =Thii.sl4ilmpsi ebet ha
val ues éefadituincer e ps o batbheé i ty of ttdaed | 0 gThtuesh g a chteisoen
feature variables might bes@wmodheredhet ohandf t
coef fsasetantl rawdtriomelly, fwahri ch only indikahtesl g w
t hfeeataureesconst ermatri x also il lustratdsa®&astron
{gl aki endevyYavs gen an ars ovfebledt. weeld re attfluareesst {f le maidt y

{f ofweistth an.Corofel@t7®n among the feature variabl
that the second varaidadbiltei omrad v iidnefsorimatttiloen @arndn ad ¢
modelHadrngt.hi smarkeasanse, tiot excl ud{gl ajanred itnhae yc ovratrii m
variabl e ffddrhe athddie mgd iecadld sadhal} §dhte pref eremlasskor

ovegl afciies al so confirmedchppRpt®Re l1xpert intervi e\

| Fi g@®ethe correlation matri x i sc asuhtoiewant ifoorrs .t hhes
previousl y fnoesnetcitai mogngsp hvihesca ufsi dnt@andl.oXdaut=00on
and t} are. whehudeglfyiilntgert he t i

Point Biserial Correlation Matrix
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What can be recognised in the above correlnati on

to become stronger in cofoaett olohna nwkist ht ot hteh et afriglet
var i éb|l ers35( +00..,1f28) maxw2p( +00., O ®) i sk = 0.a®8d (+0.
{sl dpe2 +O.n®&) cogliried hattleyi tshe ongregeaulBbnsa bl e due
to Il ess noise in the data, which tddenwtsidorhaovasa p
The correlation coteHrmeaecr enes bDnl yhmepaseBrveolbsneart
correlation coeffidtia@aets may ami sias biimppomtTanmth 6tso v
cal cul ate the chutr edlagd hwi cdeifddhédceé ePMaghati heyg theh
vi suparldwi des a <cl earer understanding of the str
vari @B®resenfFo20f18kse reasons, t he <c ontsitn ueoaucsh voatrhie
at etnadé hJeupyt er NofTheoeknaoihé neart paan erensr ecogni se
scatteramdottlse rat her weuarkt bleifnidrame dt.act el dtatomnmdea
the calcul at ed cfoorrr etl haet iloinnlecagre firfnd [eibicd Bdtmssanrg enf o r e
seems pEspecibalely when | ooking at the feature Vv:
correlationsl fbethween atrheens.trong correlatbohd bet
indicate collinearity, which is not desirabl e.

525EDA resul ts

The reshl scBAffpter ar enfamrharpeos didarbtdee app arhai X
features that promise laa |aarbéelidteldec or atnh drh ep rt amigsei
=very plomiisiaghienf hoence ,i{ 0o=abemoesxtp eccetreedai nl y n
to be lelxmpetcheedevent that a feat ur el ihnaesara ni nufnl dueet ne
the target variabl e, al | vari abl es ar eModteil Isl wu ¢ «
di f feommitnati ons of variables are trained and ap
aRFEr cmiHkeiaarrre al .STdhet enotséed i mportant featubtesnwer
an{d ofjwtn t he basis of the doemsiilht knowledge and t h

T most pr omi sicraqg tricexhd lulr resyg} & o el it} k
T most promi sifrognofded tcu rals & @{ek if oft,d e

Whenbt hekmodeks (random forest, gradient boosting
and a model with only the most pBemassagtheanwml
permutations is increasing ansarteh msudelltdom cit hmea xci onm

of odr mensi ons.
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https://github.com/skitourenguru/RoutesProperties/blob/main/notebooks/2%20-%20Explanatory%20data%20analysis%20(EDA).ipynb

53Modeldautgi on
As describedni methapdPgit hndan nsapnyd pt he associ ated
my functi wes epwsed foGANMsRel IptnguasTlReaecuted dir e

model |l i ng the scGAdWwsa | urehtei sreoviead ot rhees ceswecreel o nf_islceor e s .

5.3.1 Modelling

For the moadet, omkbe.ofscri pt was ex etciumEesl ha stewstsd lon
tramoped than ,2&O@®00Mmanmwmdeltyy of them wboeGAMAear r
2 random forests andThelpewa reddaan boestyi mgnmodels :
model s, t bacaede they are relatively inexpensive
thereflodefderent permutations were tried out. Th
information as to which combinations are more st
numbeprr eclfegdieér mut ati ons wetrlfee tpraii ore dd dmbserdr @smo wt & d
the EDA and the results of the | ogi stAddirne @meadd
s mo odhhaewre abpepelni ed to differemiowegaei ablass tihe éadc]
decreases with an increasing number oThemGAMher,
model | i ng sotnai med swbbhhl|l amodef o-diipmea s ia nmd x i nmoudne |
mai minper mut atpoomi svireg)veaerabli on terms were als
Random forests and gradient boosting were relat
runtime), which iea¢limye anltyh tawd madélavl es, one w
were tGriihmheaarschioedndom forests andhegeadidrter b
hyperpawamet eds outmoadiedc ¢ chredFibregpwees e | eSitreade t he f oc
i s notl asswot hme d el types anyway, it is justifiab
benchmarks (no excesskEaech hgfpetripar aimatiex eptyminp mig3g .

i s charact e(ni shead ckse e feaolgidicemssi on score). of the top

Runiilmbal @a,icawdi t-fhioluAt@4pEio(

Runiiznbal da,c awdiftiHatvegr.) (319

Runiudhder samai edn giftidateedr.) (321
Runiodver sammpmliend nwiftidateegr.) (326
RuniiSmbal datanftin tteir, avgh 32aling (
Runiiémbal datawftin tteir ,-f wiatvegr.y ¢3rOebe t

= =4 4 -4 A A

I n the first run, the dataset was tuasdehdng m wihtea gt er
5.1 were carried oufti.lstkeeah a@hteg rs wmia.d3amwprd joketdhhee t i
dat,aswhiashr eady | ed t o s ipgrnoibftailbchayrktsicyt aloa astedsr a r e s L
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https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/my_functions.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/GAM.R
https://github.com/skitourenguru/RoutesProperties/blob/main/scores/caution_scores.xlsx
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py

strongeDi fsfiegreanlt. f eat ur e saidkeimgesrra nagp pmeitt éhdo misn frruor
t heseveansdnder s avml@itnhgapmpte¢ é ed t o the training dat
i mbal ance. Both methods did not | ead to signific
not panfgwretvem.e st andar disdc anloitng eseutittod n better
wafsi tted to the training data andaffl@ienighappt apdat
scadnrelry on traindagadhthakblgeatuseumnmfac,hivwvherde thhaet |
thd itliter afhidl t &e wtebrhecedipmpbdaleadnced dat a

5.3.2 Model comparison

Becau$d utnhevhaes mostgi pr omr sissnof scor-eisl t(é mb-awianlec e ¢

filter), the scores for Thd sapplni aatei srh oovmn tgh e pth
sindeaef itlhiter was discussed with G¢gnter Schmudl ach
st rfeieltt er 1 s to a certain extent comprehensi bl e
Ei senhut, point scawnt igo.ns tlIafeldth earnmo dred v eme p{eagtd oc bieo
all data eoi édérsgawlhie raep p{l i e s s heoxucl Idu cseudb sheegfucernet I nyo d
afterlvadbredsd ealutwi 6k, {as these points were not incl

{cautzi Ak contadi mgpert knowl edge.

Model Comparison
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FigBbeModel compairmsalnand o d|rtuei t§hinl(dd esrd mr ee ewi H5db)w 2 80
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FigB@éove shows that othe@®ddsachioavedi oynw scoradi e
wi talitlewmar isabAenegative correlation between confu
recogni sable. The more variabl es tseenldesBturod ,bcea he |
be obser wmeldl etdlodta btnleeaddi ti onal wvarialsdecragss 8bt | pe
over 300 even with more than three variabl es. T
di sappoi ntionfgmotadss| t el weadtchi eves@@aBd owmdsisdo whp ercfc
by somer é rgé)Soimen GAMs appearf aomeldv e agrearl faari megd vy

| ow conf lbbeitowre enc BWédGt mnan 32 0t wo to three variabl e

Based on the domain knowltehlehe e an dcarpd vihabe &feBrD As kk n 0
andlifere debdéhmi modt ope esand wtmoare |(Isiereg chaptTehre 5. 2
qguestion now arises as to what extenktnthlesef ivau.i
bel ow, the performance of the trained model s is
contains the corresponding promi si nfge affejantever e . F
pl otted i nhard plnott.heTHerfda i s a recogni{tsiabhd pat:
tgi eal bhetterscecopineti iusi appl i es-ainnd -ddemwoe hsubaal t mooek
can also be obs§frdv érd sf&komp att heerwnar isa mladd radov} pesl seea r

which is only found more frediumensiyvomaldt hedbdles t e

Madel Comparison (ti included in model) Model Comparison (fd_risk included in model) Model Comparison (crevasse included in model}

= Other Models * It ®  Other Models b . ®  Other Models
Models cantaining "t Models containing “fd_risk” Mockels cantaining “crevasse
(]

Confusion Score
Confuslon Score

a00 & & " !! 400 o 200 l!

1 2 3 4 1 2 3 4 1 2 3 4
Number of Features Number of Features Number of Features

FigB8lteAnalysis of the impact @©$caohe wiolsddOoOpr)d50 si ng EDA vari

Most model s achi exttfrndOlapBur achi s i s | argely due
oft rue ndédgattihvess i s cdrmsismhbalcanaed mpkellcomst der se
accur alctwbe says nothing about how we{clava iywodel 1c
The average precision score is 0.34, wif@Thishe g
indicates that the models have difficulties pred

pt hreshol d.
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5.3.3 Model sel ection

Now that an overview of the scores of the indiuvi
determMcoedding to &8hearzokre of ©evamal possi bl e ¢
andstame fact, the simplest theory is preferable

variables and hypdthreressearas | pgsciabllg ared ated t o
to be explBrnwed 2002000 Wi 6 has the particular adyv

communicated to stakehol der s, who may not be fan

The best 10 model ssddrcaoe dliinggpt2tede o eahtferripd # ai si on,
rechl I sjcocror r el ate strongly witht htehieet ccwlnd tuisd m nmestc
As already mentioned, t he bl ack box models shoul
regr eeoddiedna GAM can be considered as the winner
performance metrics is v a&ibasttsweeelny 3sOnba laln d( c300n9f)u. s i
the winner is the simplest srfiffed .})aTdoer £GPaMbissei t h
ther avomuanedd det er mionveedr atshewvi@MM rwi th 4 features
model st @i t @althuer ecso.ef fi ci ents of tdhetianold dhle arn es cdiess
i othapt &r 6

20.04.2024 GB (Tuned, all) 0.23 286.24 0.93 0.41 0.41 0.41 0.69
20.04.2024 LR 7D slope + forest + ele + ti + fd_maxv + aspect_binary + fd_risk  0.28 305.43 0.93 0.40 0.40 0.40 0.68
20.04.2024 GAM 4D s(ti) + fd_risk + crevasse + ele 0.22 305.43 0.93 0.40 0.40 0.40 0.90
20.04.2024 LR 6D slope + ele + ti + fd_maxv + aspect_binary + fd_risk 0.28 306.17 0.93 0.40 0.39 0.40 0.68
20.04.2024 LR 6D slope + fold + ti + crevasse + aspect_binary + fd_risk 0.30 307.27 0.93 0.39 0.39 0.39 0.68
20.04.2024 LR 7D slope + forest + fold + ti + crevasse + aspect_binary + fd_risk  0.30 307.27 0.93 0.39 0.39 0.39 0.68
20.04.2024 LR 6D forest + fold + ti + crevasse + aspect_binary + fd_risk 0.30 308.20 0.93 0.39 0.39 0.39 0.68
20.04.2024 LR 6D ele + fold + ti + crevasse + aspect_binary + fd_risk 0.30 308.20 0.93 0.39 0.39 0.39 0.68
20.04.2024 LR 6D fold + ti + fd_maxv + crevasse + aspect_binary + fd_risk 0.30 308.38 0.93 0.39 0.39 0.39 0.68

FigBReRanki ngno{ded wtpi om0} by confusion score)

I f aditmeonsi onal model had to be chosen as the wi:!
t hfee a tsdt})e sgdfndl _Jwosukl d be the winner. Thi s,whd el ha:
i s why, dependfifngbethwdaerr perafdeer mance and simplic
winnefThe -bHesmensivonal mo d el for a |l ogistic regres:s
{t}Yian{d di}jskwhich | eads to a conflumeosi soatemofieB265
regr eodied fithi as feature, result.iThmg moda|l cerf d i ok

t he t eesvtal suentt eitisa. 2t er
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5.4 Modeblting
The tar gdtolaxtaasr inaobd eel 1{ed i{nathieroataime pragviases chaj
hel phef smariinp,ipgy f uncti eam@ApMwRlescri bed icrhatphermet

Thimesansaltshoatmor emd dhalns 1wWd e cthrTahimmals® | e v ab ar aetsi on

wel e sted infobhte ®xcreés fxl €x

5. 4.1 Model ling

However, the characteristics of t e uitrmoddirevlild unagl
because, for example, accordi ntghber a-wtc Be matr &i nige \

t hfeo-® € ct inoonts ains iTshded ¢ wdatsr & lhler ef or e neveKf dgoted i n
What <could be recognised by studying the map, ho
tunnel, these passagesd oprhse Jalffipolt makeaysemae Kedas
snow in | ongéhattumnbedeasy@aoi ntt $ daarrem( efstgegrd sotoitng
= Ophst efacotolffo){ p vt snt ifaderl asaabloi sennel sections
i hhe rtuhn r(di . e. fpoithssmdle draaly}{. Be c aaunsde unrhdee rosveemp |
techniques were not promiosiagd,i btnh etshee npertehvoi dosu swenrc
pursued for tfhodo.tmd delcloincg edfe ¢ er méd het i e(ns bwg h g
brackaverceoind usi on scor é)sof the top 10 mode

T Run-ilmbal awvge)d 1( 3

T Run-iznbal asn¢tbddstandagd) 4@l ing

T Run-i3nbal,anwietdkhniellatvegr7) 1 4

T Run-idmb al,a nwsietdheiel(atvegr8) 1 4
Heraes, wet he filters were used very carefully, as
strong bias can be introduced into the trained

model |{f o}jg tefnadred t o be more pHeceaxculsieccamshahet hel moweh
shows the secondalriumg ditda ndatr dl sad to a better |
val i dat iTohne dtautnanseel t ifemink ¢ hmhe ot her hand, l ed t o si
the points | ocat edf o-ene¢ catwieammesnekchndeldabebmetdhasda
reduced the class noise somewhat, woiohslkedinhg
t r(eaest we l{d t raese th vhleeir n @aby e) wet & e4 eliadhetd aftn no

(72}

noticeably better performa#fhcétwas achieved than
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https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/my_functions.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/GAM.R
https://github.com/skitourenguru/RoutesProperties/blob/main/scores/foot_scores.xlsx

5. Mo2lel comparison

When | ookingRaglBleet scerenteresting to note that
a black box model but by a GAM with a confusion
best confusion ,scloute hwdfdeha tludid €0 o entfsor mance of t
be recognised in that lin denebruallttwdwiMaeha wohnel &ye e3s f
performiwvnerrye lvagtliavned ttehremmse i s al so a recognisabl e

adanl y maregdinat iuwee

Model Comparison

Type
240 GAM
e GB
LR
220 + RF
g
o 200 A
L
n
c
]
n
< 180 4
c
Q
(9]
160 A
.
140 A

1 2 3 4 5 6 7 8 9 10
Number of Features

Fi gBBeModel compBairmsalnadoed-friulnt eh (socd2®0 wi ndow 125

Based on the domain and expeaoarte vkansodfellydifdsgde daanmdd t h
{ellewere defined as the momtbdplthingBgdieny vhowabh ew
of t esne tfhoeur vprmrrad mibdiersg ares |l il st evduiln blee empeéel ed t

l i stediimenlsownal model s that have a good confusi
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Model Comparison (fd_risk included in model) Model Comparison (fold included in model)
v
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14 i il . " i
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i .
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Number of Features Number of Features

FigBdrenal ysis of the i mpact of the mo$i1o6@OO®mMIi sing EDA vari a

't i sraeamnaeridsabl e that ftdhk i gtkdiimflasrien gv ewayr ioafbtleens p{r

model s that have a relatively |l ow confusion sco¢
{creviasasmdde { which rather indicates that these two
The following chapter tfaokoedtsd ed sc.l oser | ook at the

5. Mo el selection

Wh a't is interesting ihetGAMstahnelciamgpabled @aw miost t h d
variabl es. Howewlealn cdiohees andodti tsieoenm otfo {bri ng any acf
confusion. The GAM Wb} d( wihtelo)tt,fhd{rejrei avddiirei fash | tetser{ef o
chosen as the winner . dwe\ert,wedkap e@mdckici g ioom tamd
al so ar guditneats i tomea {ft ajpitcddietl h wsd mdfod h}dirsg kt ehred wi nner

22.04.2024 GB (Tuned, all) 0.28 143.88 0.98 0.58 0.58 0.58 0.79
22.04.2024 GAM 4D s(fold) + fd_risk + planc7 + ele 0.23 146.38 0.98 0.58 0.58 0.58 0.92
22.04.2024 REF (all features) 0.33 146.57 0.98 0.57 0.58 0.58 0.79
22.04.2024 GAM 3D s(fold) + fd_risk + planc? 0.23 148.91 0.98 0.57 0.57 0.57 0.92
22.04.2024 LR 9D forest + ele + fold + ti + fd_maxv + crevasse + aspect_binary + street_binary + fd_risk 0.19 150.18 0.98 0.57 0.57 0.57 0.78
22.04.2024 GAM 2D s(fold) + fd_risk 0.22 151.47 0.98 0.57 0.57 0.57 0.92
22.04.2024 GAM 4D s(fold) + fd_risk + planc7 + crevasse 0.23 151.47 0.98 0.57 0.57 0.57 0.92
22.04.2024 LR 6D forest + ele + fold + crevasse + aspect_binary + fd_risk 0.20 151.47 0.98 0.57 0.57 0.57 0.78
22.04.2024 LR 7D forest + ele + fold + crevasse + aspect_binary + street_binary + fd_risk 0.20 151.47 0.98 0.57 0.57 0.57 0.78

Fi gBbRankf ojgito{del s (top 10 by confusion score)
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Among the top ¢emner dlhley scolr asi ameley simil ar, bec:
(similar pr esccigsriemtng . )Jrrec@Jdr,alFll, the accuracy of
means that 98% of tHkMewpvedjcthenpracesconrett 0.
i ndicates dthraugdlhes maa i € lyi & I leMocrleaosvse ro, f ai ot negr et shte
regression model s, only models that contain sigrt
the t oA trdaionkesn.si onal | ogi st{f oljlathfdgd erdissisko m mochd lu s
score of 185 anWhelelpeecaddedn, of hd . I5dgi stic regr e
better confusion scor dhef mbelkelampdrd op roaasicsi sasnme di fh

i n ntehgehapter .

What is interestingafrdfrojocsthh@edmdeb!l t m@gtoft heotahit ot
selecti oRFEHEwwaet itohnes ¢ Hkelafrandy n o't wor ked well for
classification probaemecTihbdhiegmidrleed}wblodw etnh at
sel ecyREE perhaps becauseouddecIimas irfiit gyd cwalsls wi t

However, the variables of thRFEENnoéhemowelsswerté
sel ecyRédl o woea dgood pr efcarsi Dhel hiphceenlomdeaefor e
emphasises the importance of a snexiteépd@pmain@mtlomn g\

data anal ysis
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6 Discussion and concl usi on

The research questions are di owisesedri modkil si sha
in particular with reguarhd etadi dti ld ec lacis thécitatteethh ¢ r «
precision amdthecaslelcond research question, an

boundary values as a r ecommentdhadiirond &toa d chnes iSsAtCe

6 .Plr edi cft o-ménc toif oansa cwhiitnhe d p@rr ma cnlg

The first research quesftoasmtc twiacsh a boant ke ec lexds inft
l earningTla@pmodeh. was trainedfohtehe(dlagadas wnaoihs
Figsehows t he perfor manwiet hoft henhet éwti eied{ fine aat@arMe s
{f o}l wdi t h a smdafshat uor.t he

10 Receiver Operating Characteristic (ROC) Curve 10 Pracision-Recall Curve
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01 Validation ROC curve (AUC = 0.92) 01 Validation Precision-Recall curve (AP = 0.54)
Taining ROC curve (AUC = 0.91}) Training Precision-Recall curve (AP = 0.54)
; Test ROC curve (AUC = 0.91) Test Precision-Recall curve (AP = 0.49)
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FigB6ePerformance on trai ntihneg,witnemsdteh @d nfdoovtal i dati on set for

On the |l eft, the -ROKe @in \)teehxa sy vasarda tteh e iPtlsh e Txh e

di agonal represents random guessing. The best re
hi ghr altPe andr aat al. ogneinfFeR cadane lbat t he ROC curve for a
close to Thasch iomtdherates a robust classifier, whi
Overtad b-mo d e | i's better (fteznrraagydouh r@Pip@Beisedi ct t
cl ass off oplh}t eape dittrhees ho| d wrhesfr é énko”Rl ed P ul d be at

closest to the top |l eft corner. BusxFN hreemns utlhtes ,a swso
be vibftaaedatt eanpjtpatshts emdgé dimb ee t he pr @ciad oinn (T

the -hdamgchtpl ot from 0. DI ft he@.ome,s talpprarteme .t Mdacke n

predict positive classes if it is &enmateecarltlai(nl.P
(TP +) FWi I | then fall. The pl ot on t hTeher isgahnte s h
pattern, but in the oppos(TPeHtdFiNectipvynngisotbeeo
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The confusion score of 142 (robGntdbdrephéebaBEBbDeTP
and 71 FN are prTehdet dtred hlpy dt det modelnes whet her t

or FN. From a conservative point of Vi ew, it CC
precision (4c¢cepetmesdedFPBr tthheeo-snac ki @pyeditche ons
mu shte vali dat &Eaddelby i &€ x geéiret smodel performance with

{f o1t} has a certai ni mdteggrreeset ionfg ufnaccetrst adannt yhe gair
For example, the i{mpd(ravhaincche iod prhaeb & beldft dirrlecisa k e d
(highly expéeslleedh tagrheias g ®@wedrain) is a strong conf
G¢nter Sdensmueddiaaclhl y t he | a)oenr tfhoer otnhee htaonsdk iaonfid ft
literaturénomrtdee otohenmke the model more preci se
and thHeammctions f or FHour telxearontpdliesne ssappr saahesct wahae
(el@met drss)predicted instead of a pPoirint hecaoalmgl |
procedurwo,ul ploiimt stbhei ss aanppplreodaecehe e s y WwWleaear e after war
woul d be.Tchael cpurl eactiesdi noond iclhayne daell seoc t b prt gh r e sdiofl fde rbearste
expert knowl edge and -otf HusdiifTifhesalreqpeasd tye rogf outr it eéh etr r a c
addressed with clusteri(nhde moiptry al disoes dr sanolvseta eqr o Drigd
outliers. Ho vad \seor ,n eteldi st owobuel ddone wi th expert kn
pot enteihaylghy bi as biyn atthteerdantgastehte ground truth

6. @Dnsi saeawchsieccntiino Bh@ s ki dadar i ng

The second resalcueth tga ¢vita te ae witsdermigi ino ntshe SAC dat
are consistent or not. The analysis of the model
tetroln@gss noi s evidanh @ hvwen it mesaert .GWiMt mcam®lr acy of O
stonhgs a prOe @idspitdhre eosfth ol d whyerld oRWP ipgp3i a8 i n
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I n contfae®tctbohbte hoorMefvebregt wieheen tprraedcei si on and r
pronowheadmofdtealul}.iipinfhr eshol ducteh aatd j au sp reercessu lotns o f
(orangeFipgBiYngt hem recall decre@asesi ghbowboBP, t wha
mu c h gniog reiifsi c¢ahnret change i 0l eheée¢ Phios éi poseases Ffaod
to O.he8fect of tthieR a@vwkaemge eicral)inoiws aipperreassded be
strong, whereas it wasf owsetscst isotnrso ngn w hiekie pm dedva Irol uisn
mo d e | s tarl isgpgd veesn  mo rfeo-msbod etlh,ant ot hper edi ct t he wunderr
Nevert hieploessssi,bliet to roughly debeumidakbywéesofmot hehd
i mportantcée@noamrddoiufialr | Fde nmiemn sai oonnael mod€&€hesas sh
boundal mwawelt hSAC qtuce seéx iont i ngl fma r-bkd seegds Mmiao ki n g
framewooubkel created i bouhdafhiesu mmadgdrde Tvhadsu,e s .
fom nmpiloerédi mensi onal | ogistic regression model, th
can be used btownaaliaye!l a tpgehtrtreasihnol d (i . €eFN)Y her ome
whi ch iagcpoit=ntdrf For the variabl edcd&uwulgimotnhlees ewibroruenrd
values wereiclet etiffad ejdaingddi The cal cul ati ons wer e |
Scrwipnnerand® documesuremdar ridnerstelte ohhrey val ues i n the
rountdedt wo deci mafldredlexalcaitniveanheanm e idd g e)clttoriys

i mportant t o r etdialwlast huaste dt the tvha raifaomicd hftoamre | and ¢
The filswetdenbtliere chockapdehrfully (see

A€ BQRODH @ 0O VHOaARQ

Equaloonrei mensiogirzifgiressi on model

D Wi

o w0 E QO @
Qhwda @ =

Equatilionnveonsre¢i méns$iogiralgiressi on modebosndsak(dfefrongdavvae nia)b | e
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t hefcvaviaaddeor di ngdt meassbmpl el ogestic regr e

omMapai nts that ¢driediocxt afuotiy |dajcviafr iMadbsdaea 5Soahli ugeh eorf

Thb

sundarhyasvableween cal cul ated woPI26 amde samboiiat ed ce

4. 22, ptwhreehol d (iIFP setFN)o 0. 25

For
0.6
par

est

| f
of
(in

par

t he{tl}vathablesul ti g .gltho uontdhaerry fwea ltduses eiasf v a lhee

6 or shiimgplear led diesosdied n woul d |{a b el=i}ldhef prod ntth e
ameter estimati on, the street points were e:
i mar adeertee (75.00e8f an-Bebilnt atetphir esho( BPoE BNB1

the t{fidr_ ¢giisske 0 mdbiodenrdead ,yle@00789n b e @ ap-tchurleastheod d
QFP9 = FNY the cal cwplaataimenle roiOh3e (ecéptei Brfaid@ebde n t

t e)rl.cfepthe feature has a value ofcaluttfi7d®hos mor
amet er estciarhatulnant dest sl aablissscdhout street s.
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https://github.com/skitourenguru/RoutesProperties/blob/main/code/winners.R
https://github.com/skitourenguru/RoutesProperties/tree/main/summaries
https://github.com/skitourenguru/RoutesProperties/tree/main/summaries

Thseesti mates provide a rough ¢ a,defciartdtolny Iheid a ussheo
still estimated on a dataset characterised by c
addi ti a@n meamasomaeal | ogi sat iveerrye gsrte sosnigonms t mopdse 1p riesat
as a multidimensional GAMal Aoddeipealdlpphr edhbobdt ie
whiwdrcdhhosen at th®&wi pbi hheFReEpFbdf the above bou
explmowl edgtsiecricioounilsd be defined entirely without

t he f oilfl/oeMisneg appr oach

T i ft »=0.6t6hkabel dataufpb deitsless k{
T éiffd_r31s&k0 Phlabel dataupbdeltskeass k{
T éifcreveSsistecheabel dataupEpbdfifysadbel{ dataupb®dnt as

Wit hi ft /haep preoach above,baas evde rcyl assismpfliec artuloen woul d
where theabawersdarrye derived from the SAC dat aset
hav
consiSAtCe dtat Megt ng away from a prchwiracdley i sweldj eg
di fferent mount at powag uhlasedo,p uthreaamspar ent and com
When moftalulljimghemedel wae tlhadsoimbal@What i s neverth
very promising islathhecbaci rmedt tthbepBACIi ous int
According to the interview, it is in tidrtitdhel &nml

e t o ber cfownrfti hbawe daxdg eursttse,d but t he i mpl ementati

ri sk (represehteld) s&nd htehelacrmebygsge rcs&viseeres
The wicnanuitmaare | prevailed with exactly these thr
suggests that a reliable model coul d pr oTbhaebl v b e
statement fwotmhathef omestratiieon has aacsamadidarnoirorm on
is also reflected as t hfeo rfieeddt®e U @thgu ged uiln st he fi

63Refl exi on and outl ook

I n the model selection, both easily coBwmani cabl e
the winning models have a high accuracy, t he mo
experts still validadeethe phedi ah&oept ph@gCcimai eo
FN would make the model predictions conservative

to have stomeg emodehdesdif o®edti ons because they wi
generVWhisl goul dvbebatdetoresults, however, woul d be
order to get rid (af. eeveorutrhdrea dlea s#sh e pinsodvi em @B
however ,somesttisgarot ekcl ude pointstheogqr ohedentutle
mani pul @hetdhe basis of these results, it woul d t |
appl iteh@cAffyecause t he gawwayn d mter u tnhmiasdied thema k)i ng s
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I f, on the other hand, clustering is only perfo
ever be tested usdatmgawhhiec hnoiiss yunvliailkiedlayt i @me pr ov i
possibility would dhtaskolredbieonohtch6t atbesf ft bmt
not contain (emypecli @ad dwy s @iosbarnkditchiesr)ef ore very cl
groumdit A model would then be trained on the ba
pernfaonrce woul d be t ebkdlesda mfsd nge tt BeArGaradctalteatt yep r o mi s

alternative that iwa st hael snoa ettireide db boeustd shprrieedfilcyt r o u

of route points. I n consultation with G¢gnter Sc
further, as teéeset if maduisd rnso to ns epcatiinntns) . This woul d
noi se. However, the output of the model woul d t

examplal2:e®atgihons coul d be setsitdidmat el yc cefdteelty a
f eatTuhtechsehsaiss confir mekli muchri ioked amims kg si ng ahd mode
SAC dat a, but further sophisticated data cl eanir
t he cl| dhxerrediog e, the predictions of the current
afterwards, but can already make a very valuabl
prssel ection of the markings.

64Acknowl edgement

I't wasomparrfecarti mg t o deal with thaydeapias opanmrt sk
master Dehkeshng. with skiantoanss geodhtaoBust tlhewaost h
particul arly pl easmastterphtahjeescitsa wi t @ Gpespat hinhgpapt
go to G¢gntetrhmBohm8bi mdbr engur ma swleop orsdsd ebiltseh.i sHe

invested sever al hours in coaching to give me th
I could have i nagbtoaurbkd hteaw peioig atcailAlhot hleouhs ghl i ght
was thetoget Hiirumovi tt heh oWinthriie wher e | was able to

knowl edge aboutl isféri thheovne d gt | ant h eéwoilrs rnoym ftuhteur e s k
I n a bro&det esedsgbawed Inaec ha | ot noefweirmspricrtdtviesn oa
educational m@mattilhprowheshi onhmcabawelgnadedilhiinsg wi t
guesdi bat ovyeaXKtdhebdasto MaroimnLUWueweanresi ty of A
Sciences amed Amntok the time to supervise this pr
himor the pleasanperonptedractsitba waoapgi @i &Afn dirlreeasmas
Ei sefnhautiSeA@l so made a valuable contwjibtUtl bhnwgith
in the I|literature and providi ng Hwea lau asbol ed eisnefrovrens
thalNks$. t o myyrofedisehlds suppor ttehdhasme edutt ihegi s proj e

66



Appendi Xx
Git Hub repository

https://github.com/ skitourenguru/ RoutesPropertie

Code
mai n. py

https://github.com/ skitourenguru/ RoutesPropertie

my _functions. py

https://github.com/ skitourenguru/ RoutesPropertie

GAM. R

https://github.com/skitourenguru/ RoutesPropertie

wi nner s. R

https://github.com/skitourenguru/ RoutesPropertie

Resampl ed SAC/ swisstopo dat a

https://github.com/ skitourenguru/ RoutesPropertie

Requirements
Pyt Nensi @n 10. 7
RVersidn2. 3

requirements. txt

https://github.com/skitourenguru/ RoutesPropertie

Creative common | icense
The following |license is integrated in the GitHu

https://creativeesoanno nls/.doeregd/.leincenses/ by

The Creative CommameAlAtkte i du@i bnt er naiSiAomal0)Pub
all ows others t ot bwoer,k sfhoarr ea n ya npdu rnpoodsief,y even con

gi ve tcor etdhiea mdutrheolresase their new creatitomesr knder

remains freely available and adaptable while re
regarding attribution, sharing adaptations, and
di scl di wmarg amti es and | imitations of |liability.
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https://github.com/skitourenguru/RoutesProperties/tree/main
https://github.com/skitourenguru/RoutesProperties/blob/main/code/main.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/my_functions.py
https://github.com/skitourenguru/RoutesProperties/blob/main/code/GAM.R
https://github.com/skitourenguru/RoutesProperties/blob/main/code/winners.R
https://github.com/skitourenguru/RoutesProperties/tree/main/data
https://github.com/skitourenguru/RoutesProperties/blob/main/code/requirements.txt
https://creativecommons.org/licenses/by-sa/4.0/deed.en
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Feature importance tabl e
The foll owing table belongs to chapter 5.4.3 and
and places them in the condmest pfomh&iodrautbiean ur e

anfdoeécti ons were also determined on this basis

- the literature broadly points to an increased risl - no strong signal for foot sections in northern
the northern sectors. However, the histogram and the sectors can be detected in the histogram (see 5.2.1). T|
summary statistics look less promising, as in the data tl are also no revealing results in the summary statistics
are not significantly more caution sections in the northe 5.2.2).
sector (see 5.2.1 and 5.2.2).

+ both the literature and the interview point to tk + the histogram shows that there are relatively
risk of crevasses on glaciers. Slightly positive correlatic many foot passages, especially for the maximal value
with target variable (see 5.2.4). {crevasse= 7}.

- according to the literature, higher altitudes tenc + boxplot shows a significantly higher mean val
to be associated with more frequent weak layers. for foot sections (see 5.2.3). The feature seems to
However, the histogram does not look very promising (: correlate positive with the target variabléopt}. However
5.2.1). The boxplot also shows only a slight difference the feature seems to correlate with the maximum fall ri
caution sections (see 5.2.3). Correlation analysis sugg: {fd_risk}, which is somehow intuitive (see 5.2.4).
slight linear influence on caution (see 5.2.4).

- according to the interview, the influence of - the correlation analysis shows no linear
forests can be interpreted both positively (lower avalan relationship betweenffl} and foot} (see 5.2.4). The
risk) and negatively (getting lost in forest, fatigue). histogram also does not look very promising for inclusi

Additoinally, forests are hardly taken into account by  in the modelling (see 5.2.1). Furthermore, domain
mountain guides for cautiosections. Correlation analys knowledge also tends to suggest that the forest has no|
shows no linear relationship witltgution} (see 5.2.4).  influence on foot}.

+ according to the interview and the literature th + according to the interview, the maximal veloc
should be a promising feature focdution}. Additionally, on down fall trajectory for foot passages (e.g. along rid
the correlation analysis confirms a linear relationship w is an important factor. This can be confirmed in the daf]
the target variable. the correlation analysis, which confirms a positive lined

relationship (see 5.2.4). The significant difference for fi
sections can also be seen in the boxplot (see 5.2.3).

+ according to the interview and the literature th + according to the interview, the falling down fo
should be a promising feature focgution}. Additionally, foot passages (e.g. along ridges) is an important facto
the correlation analysis confirms a linear relationship w This can be confirmed in the data in the correlation
the target variable. analysis, which confirms a positive linear relationship (

5.2.4). The significant difference for foot sections can
be seen in the boxplot (see 5.2.3).

- boxplot shows no significant difference for caut + boxplot shows significant difference for foot
sections (see 5.2.3). In addition, correlation withytion} sections (see 5.2.3). In addition, relatively strong positi
very weak (see 5.2.4). correlation with foot} indicates linear relationship on

target variable (see 5.2.4). Domain knowledge further
confirms importance of foot sections along typical ridgq

-seefd} -seefd}

- according to the interview, not only glaciers - according to the interview, not only glaciers
should be considered in binary terms, rather the crevas should be considered in binary terms, rather the crevas|
zones must be taken into account. Additionafylafier}  zones must be taken into account. Additionatylafier}
shows strong positive correlation witbrgvassé (see shows strong positive correlation with {crevasse} (see

5.2.4). Therefore,cfevassg will be prefered. 5.2.4). Therefore,cfevassg will be prefered.
- this feature has a lot of outliers (see 5.1.5). Si - Outliers were zipped to range [-350, 350] (seq
it correlates with {old} anyways (see 5.2.4jp{d} will be 5.1.5). Since it correlates witfo{d} anyways (see 5.2.4)
prefered over planc7}. {fold} will be prefered overdlanc7}. However, variable
should be included ifoot -modelling for experimatation.
- both literature and interview confirm importanc - boxplot signals an increased mean value for fg
of slope angle. Feature may be dropped later since it sections (see 5.2.3). Variable further correlates linearl
correlates with the avalanche terrain indicatdi} with target variable foot } (see 5.2.4).
- the histogram shows that points on a street are - the histogram shows that points on a street arq
never gaution} (see 5.2.1). never foot} (see 5.2.1).
- this feature, which quantifies avalanche-typici - the boxplot only shows a greater scatter, but nd

terrain, takes into account not only the slope angle but significant difference in the mean value. Correlation
also the size of the slope. Preferred ovslope}. High analysis also does not indicate a linear relationship witl
correlation with target variablecgution} seems target variable foot}.

particularly promising (see 5.2.4). The boxplot also spe

in favour of using this feature (see 5.2.3).
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Project plan

Project plan the master thesis

Topic: Artificial inteiligence in ski touring
Prediction of ‘increased caution™ and “foot -sections for ski touring routes with a
machine leaming approach

Period 01.06.2023 - 17.05.2024

Participants Claudio Furrer (F, Student)
Martin Rumo (R, Referat)
Gunther Schmudlach (S, Skitourenguru.ch)

June | July | Au?ust September [ October | November [ December
Calendar week|[23  [24 25 26 |27 J28 29 Ja0 [31 132 [33 34 35 36 37 38 39 40 [41 [42 43 [44 [45 [46 47 [48 49 [50 51 [52

Milestones

Client and topic search in the first half of 2023

First physical meeting with client, definition of projeet assignment (S, F)
Request Timo O for supervision, ori ion about topic (supervision changed to Martin Rumo)
Registration master thesis project

Start autumn semester 2023 18

Follow up meeting regarding data transformation (resampling) & finalization of preliminary study (S, F) 29.09

Submission of preliminary study

Evaluation prefiminary study

Kick-off meeting for master thesis (R, S, F)

Ongoing project
Elaboration of the preliminary study
Elaboration of the master thesis

Specific tasks

Install necessary software (Python, QGIS)
Read into dataset

Request interview pariners

Summer break

Literature research

Finalization of the preliminary study
Evaluation preliminary study (R, S) R,8 RS
Discussion of preliminary study, announcement of grades, kick-off meeting for master thesis R, S,F|
Take over inputs from feedback discussion into master thesis (R, S, F)
Start master thesis and adopt results of the preliminary study

January | February | March [ April | Ma June
Calendar week| 1 [2 I3 [ [5 [6 [7 8 Is l1o_ Ti7 12 T13 J44 15 T16 T17 TJi8 19 20 21 22 23 24 25 26
Meilensteine
Start spring semester 2024 [ 1 EI:E
Discussion on the current status of the thesis (optional)
Submission master thesis
Evaluation master thesis | 14.06

Ongoing project
Elaboration of the master thesis

Specific task

Conduct interviews

Data preparation

Apply machine learning methods, optimization
Deseribe results and models

Optional mid-term discussion of current status of master thesis (R, S, F) R,S,F
Conclusicn and recommendations for action
Finalization of the master thesis, reflection
Evaluation master thesis (R, S) RS RS
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I nterview transcript

Dat2eb February 2024

LocatViian:ual meeting (teams)

Dur atli ohno:ur

Notlent ewasewel d in German and | ater transl ated i
(Ch)nterviewer: Clafudaleeahbeusrirsegyr ( Aut hor

(A)nt er vi ewe e: Rensdproenassi bEi es efinopgo trt thEel )SAC t our

CHell o Andreas. Thank you very much for your tin
Mas&Get hesis. I s that OK for you?

AYes Btoltf or me.

CThed!l | share my Oserwereint theemw.a Yloiuttl e basic sectio
and switsstalp®o llookedtawdyosenPomey Pasd unesf,ft ehoet iVWoe |
the case that wuntil 2021 virtually all the tours
are now drawing in the®@i0O®@?tes more precisely? So

A:To summarise briefly, in the past, unt il about
worl ds: the Swiss Al pine Club (SAC) and swisst
produced the ski touring guides. Books that des:
on maps. On the other hand, swi sstopo Schneespol
many year s, i . e. decades, put the most i mportan
urce. The swisstopo | ead contains the classic
is was the case at swisstopo until two years @
you, they were rough at a scale of 50, 000.

creased caution or a solid Iline, were al so do

—
®Q S5 O T O
-

c
the SAC started to create the SAC Touring Portal
swisstopo so that they would continue to fit tog

n still see that pretty well in the data. | am

and SAC Snowsports were separate until t wo year
outdated swisstopo geometries for a relatively |
a new quality. Until five years ago, the routes
background, and about four years ago they start
metassa basis. And | have now taken over the edi
that wupdates should only be made at a common | oc
routes from swisstopo and the SAC tour portal, w

And only the tours from swisstopo are relevant f
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28
29
30
31
32

33

34

35

36

37
38
39

40
41
42
43
44
45
46
47
48

49

50

51

52
53
54
55
56
57
58
59

swisstopo publishes. There are also other rout e
signatures from swisstopo. Il think it is importa
data fromasdi sstopoom the SAC touring portal. T
based on the source of the SAC guasi dae bliitt ediaftfuirceu |l
not easy to understand.

CYes, | seeé

Als a bit difficultdé
C:( au)ghs

A:(l au)g@istnot easy, but . ..

C:Yes, I think you also drew a diagram on the Po
was able to roughly&Gestirmat el iyt efasgmfiohi sne bwt ui

again now.

Al don hink this is relevant for you, but it i S ¢
received dat a, namely the current swisstopo dat
many of these, or the distinction between where
old 50,000 accuracy for very many | ocations. And
to a signature from branch to branch, and not ba

summit down a sl ope with avalanche danger or ri
caution in terms of content, and then this rout e
to the next junction whe®®ran,e tthheer irnocurteca §ed ncsa uf
often continued right up to the junction.

COh, okay. So rather generously drawn. ..

AVery generously drawn.

C:So not really just in the area where it would 1
AExactl y. On the one H[anmd,c utrhag er ceuntoeu glho d at ircema | W
you were actually going. That was a big probl em
But a | ot of things have already been adjusted t

you other data where you can see which data al r.
the old indicative 50, 000s. So you have a fuzzi
quality is not yet uniformly new, but in about 2
50,000 position quality, and on the other hand vy

very rough in the vast majority of cases.
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68

69
70
71

72

73
74
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77
78
79

80

81

82
83

84

85

86
87
88

89

COkay... Which is of course suboptimal for me. ..
ATh@&at effectively suboptimal for you..
CThink about it.

A:So you can pragmatically say that the foot te
i ncreased caution, on the other hand, will be ex
which are decisive as to wheMawdeltllge twdrok tyiean d s
not have described them in enough detai&. b&hte sc

to go through all your questions first.

CYes, oGayo Letthat way.

A:Or maybe | can tel I& yout ri emmealgya gisdelfea sthamt i mk S ¢
briefly anyway. S, 0DDr0e mapu acsamprd eidetdlad yup &i sg o
example of increased caution. Can you see my mou
CYes

AFrom Piz Tamgl here i s #fshiash sibd sud een tr uvwari isehntt.o @
l'ine at t heedbodeantom Bdcdhhsee i f anything, the aval

the rest i s not . And, in the old quality or qua
becoming |l ess and | ess important, as swisstopo
gradually working with digital first. There wild|
wi || be i mperative that the dashed signature i s

cauti on.
CYXYes, | see. That really is a problem. Hmm.
ATh@&t just a.

Clnteyrapss briefl®&,the thbasopoi hat whas was hi

ot herwise i@t diempliysiwd el odm t his scal e?
Al ntejrNpt s.

COr yodu ¢raamaw it so precisely at 1:50,000°7?

A:The reason is that this data was <c¢learly produ
the geologists also have this, like the grain of
for a map sheet at swisstopo. The authors had th
CiLaughs
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110
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A:And that of course |l ed to extreme differences &
on the descent with increased caution compared t
vall ey, this is perhaps a tour that has an incre

of Switzerland and yot vaarntokteq dd &a owalsiehr aStoi o/,

the authors basically-iBhvef, 6 waslol toycpelm&kye wahn cé
who collected the information &r amttulae |lyodalf faute
i ndividual , wibst hj udsitf fpeurte ntto geeytehse,r .i tSo i f a rout e
more difficult to ski down, then he often did so
C:Okay, | see.

AExactl vy, and | have. .. yes. Exactl vy, so to rea
complicated, but... | have to have a quick | ook.

C(lnteyri¥¥pss beexascddry,i tl too

AL .. it abstracts something... which is also qui
are in blue, do you see that?
CYes.

AWith the three different signatures. Either sol
CExactly.

A:And then there are areas where theobtdueSooei th

road up through the forest, o6 a tomaest fpamhaupg!
thé&restill a road and the route still goes straic
C:Il ntejyr Mepxsasct | vy, I see.

AEverywhere there, the route runs along swisstor
And basically you can say that as |l ong as a rout
C:(Nods

A:...the route is generally not increased cauti ol
probably have to separate them clearly. And, fo
l ook if i1t runs through the forest or through bu
my point of view, you have to make a clé@&arudist:i

along a path.

C:NodsYes.

77



120
121
122
123
124

125

126
127
128

129
130

131

132
133

134
135
136

137

138
139
140

141

142
143
144

145

146
147

148

149
150

A:Or in principle you would have to... once you
calculate only those route areas that do not rurn
you wi || arrive at relatively different resul ts
whet her forestation is relevant, then you shoul c
does not run along a road.

C:(No s

ABecause if the route runs on a road in the fore
forest on top of your data comparison without <co

not , then it wi || definitely backfire.
C:Yes, t hat makes sense, | under stand. So | et me
into a forest without a hiking trail or forest r

Al ntejrd¥pss

cC:. .. and the forest really as a forest where |
accound .whdtaty odu imean, i sn

AExactly. You can formulate it from the forest,
say that you only | ook at the secti@@asdeVel bpedc
model for this, [ have a calcul ation model that

COkay, that sounds good.

A:'So | can simply provide you with the geodata, |
can simply click on the points that you have c¢cre
TLM. So which ones are yellow and which ones are
C:So then | have a zero ®rom anregadoort onoctp.eak, wlt
A:Exactly, exactly. So | can do that according t

this distinction because swisstopo sets relati:

(laughs) .

C:( au)ghs

A:Then | simply smoothed out @&t hyeeslel orwo u tBeesc,a ubsuet iof
smooth the hiking trail too, you want it to run
CYes, | can see that.

AYes. &Ttwddty siuch a compr omi se &wictohn vtihnecne.d , B uotr yyooul

from my point of vi ewvonttake t hat i nto account on
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151

152

153
154

155

156

157
158
159

160
161

162
163

164

165

166

167

168
169
170
171

172
173
174
175
176
177
178
179
180
181

CYes, that probably makes sense.

ABecause otherwise all the | abojuustodsa Isghanm |tiylr attrn ey
C:Absol utely, I canvery gboad . pdentatl sAan ds Ho wrhitnhke yrc
further down, as | saw. So if a path |l eads along
Aln the Power Point, or where?

CYes, Gmomwotl sure where this illustration was.
A:But ot ldelr wsiesned lyou & hisenslidetol ybhavert . I onl

di@nknow whether you gstiilrpdiratdantth et oo | udn dperrosdtuacnt d.

where the | imits are.

C:Yes. Tdhegol ehrough the questibomsactysdlelmat deactt
sources relatively precisely. Ehm.

AExactly, so with the tour sources you can al so
literature. Plus the SAC tour portal

CBut just to cl ar@d fsyi mmlay nt. hd nd arntya sceats ef,r dm s wi s s

Al nte)yrEiEpast!| y.

C:... ®005With all the weaknesses you mentioned e;
A:Yes, exactly.

CThen exactly, the anati malslowra esi, misloan hauesti on,
experts in the past... and what did you mean by

|l ooked at again by swisstopdb aedycbeobh&edwhaet hae

SO swisstopo made a few small adjustments again?
A:Exactl vy, the calibration is meant in such a wa
relatively relevant. I n principle, you can say

i nformation from the author s, for example via s

took over this as an expertl5@Ged mapsanwetefpuoc

Adobe 1Tl lustrator and the illustrator only worke
the |l ines. So the Iline was then really simply i
irrelevant for you, so it can generate relativel
are of good qualityd window,n dGSawiyaer!|l amdt VYVowdonwo
wanted to say that too. So the perimeter that vyo
better within Switzerland than in neighbouring c
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183
184

185

186
187
188

189
190

191

192
193

194
195
196
197
198
199
200
201

202

203

204

205
206
207
208
209

210
211

212

COkay.. .nSal yeadyl working with the data from Swi

A:Wel | t hen, it probably makes pragmatic sense f

territory.
CYes, exasctdcyt.uallhlayt t he i dea.

AExactly.d .r&alul yomeed to | od®kobtenhheseodatutadat en.
Mo n't Bl anc massi f in particul ar tihserset islilncien weh e

working with QGI'S and the terrain has changed ma

C:Then. Point four , who is mainly involved in th

Mai nly the mountain guides and the authors.

A:NoldsExactly.

C:AAnd then the calibration afterwards. And what ¢
feedback from the community | ater on?

A:We get all the relevant feedback from tourers
can see when a route is closed. Tourers can (i Ve

spontaneous events (efgoundedkfalldbachutbralsotto

signatures. For example, where there is stildl a
Compared to the past with the authors, the c¢omml
111 sections that are very active, each SAC sect
they know which tour | eaders are the most active

feedback to us. Wi th appropriate photos etc.
CAAl'l right. .. andexihsts befeadmea,c kdidd dint ?
A:No, exactly.

C:The mountain guide simply drew his map and t hert

A:Correct. And what you never see from the data
where there is a rockfall area due to permafr ost
area and in future | i magine that most of the i
approach. And then | can selectively mark certai

are t houwgehtjsustthahad.

COkay, | see. But exactly, rockfall areas are ar

directly from a swisstopo | ayer?

AExact!l y.
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214

215
216
217

218
219
220
221
222
223

224
225

226
227
228
229
230
231

232

233

234
235
236
237
238
239

240

241
242
243
244
245

CThen to the sixth question, whet her hi stori cal

classification of the sections in the current as

Al ntejrichas very codl tpoiugthlt la blaiv eBt hmil ss oe neaxucg ht
in my dialogue wi tvhe G¢eretne ri nS ccH nousdel accohn,t @hc 4 ewist h |

active at this | evel, but | can imagine that thi
C:Yes, in theory it could be a&Gf atobradd| ¢gf ntolh e swa
feature because of the dependency on accessing
recorded on a sl ope does not mean that it shoul c
i ncreased <caution. My main question was whethe
classification of individual passages in the pas:s
the feature in the work.

A:Yes, exactly, [ am not aware from the tour | ite

classification.

CiOkay. Then to the next question, what do you t|

gave me the following criteria in advance: Pr on
zones on gl aciers, unavoidable crossings of rese
rocks, heavily overgrown or unclear terrain. Re
this is presumably simil ar@ tsoi mphley reoxctkrfaadtl ftream a

Swisstopo?

AYes, fortunately you can.

CSo there is a layer for this?

A:No, theremade nloayeradfyor t hi s. But I can show vy
example, you can simply use the swissALTI 3D Rel

AboviekOmet,ertshe det ecti on @mequhiotde pd oo bidatdjet gooieecsen, b
have LI DAR flights. Above that& yhkoowaeraatdyf fBu
see the crevasse zones extremely wel/l here at a

terrain model. On the swissTLM, you have the gl a
Clntejrid¥pss

A:. .. you can use this to cut out the elevation nm
a suitable, simple neighbourhood analysis in the
a resol mei enanie@® ,e5esach raster cel |l mwi bthé ks aatr aldo w
much the exposure or the altitude or how | arge t

polygon from raster data, where you then have pr
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248
249
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252

253

254
255
256

257
258

259

260

261
262
263
264

265
266

267

268

269

270
271

272
273
274
275
276

C:Very <cool ! And can you estimate how static th

shrinking and

A(lnteyr¥pss they are shrinking. But the data fr

ands.i.t. so a crevasse zone. .. as |l ong as there a
So the glacier is disappearing, but the crevasse
zones thensetakbydmaoave with the glacier. So you

the crevasse zones very well
CVery good, dkawpvel t Wwoubttnh that you could do t h;

A:Yes, you can. .. And | cooe |l dl seady i donte tyloius oft
somewhat pragmatically and not quite up to date

ot her wi se.

CHey, that woul dinbrotgrtelaat meclh uscfdd bl & eaxp ératp
about that.

AYes of dcloupwte,itl in my diary.
C:So the dangerous part is not the glacier itself

A:Absol ut &l wleryhatmpdr to@ntt'hel tc aci®en tshkaiti nwgh eov eyro ua

everything is heightened cautioncomtmaons $Sdel awi
are dangerous i lteprnesyviode cyroew avsistebs.a Igri d wher e
danger .

C:And just a quick reminder. The crevasse zones
t hatwhere it virtually breaks apart? Because the
AYes.

C:Okay. Exciting. .
Ailld1l see what | can do. I cén rjed satt i grieM & Yo W gtmad i

C:And with regard to reservoirs=zanWhynoanlsyi nrpd sye rlva

more general sense?

A:Yes, of cour se, gener al |l akes too. But i f you
tend not to be increased caution. Lakes that are
case of | akes, regardless of reservoirs, if it i
are probably or definitely frozen over. The sma!
frozen over. Then it is no | onger relevant for
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278
279
280
281

282

283
284

285
286
287

288

289
290
291

292
293
294
295
296
297
298

299

300
301
302

303
304

305
306
307

the current signatures. Tours should only c¢cross

Gri msel reservoir if you are travelling towards
received feedback, including from reservoir oper
of caution. This is because it becomes probl ema:

very short ti me.

C:So&Gitanother | evel more dangerous than just a s
A:Yes. But from a gut feeling, G@omecvam @®@sobmbpodiyt
example, crevasses, fall terrain or avalanche te
C:And then again about the risk of falling rock:s
swisstopo, but something that has to be drawn in
that @l bewomble to take into @cokawt in the work.
AYes. Il think so too.

C:And & hrmitght , now id toltece ugpe dioalmecasléhalt was tal k
the mountain pass road, which i s cldaes soinf iae dr oaasd , &
it can stild/l be an increased | evel of caution.
A:And just now. The suggestion only occurred to
Namely, you should consistently calculate the el
along roads. Of cour sefs tahirselias ijviedty d osnigngloat @
criterion in the forest or not, where you have ¢
the forest.@ Adnidf fiefr eyrotui atdtenhtah @t t ot dent heuwdo k. Al
i simply the case that this road is closed in
therefore be very difficult to go back there in
COkay, yes. I have to somehow find a way to mans:

A:And & hawahy he has only classified the rest of tfF
the 50,000 p&sodhygtl ®Whidnkhat makes sense to do t

once without roads.

C:l see, I see. .. So your direction of travel WO L
a road but are an increased | evel of caution?

A:No, my approach would be to consistently excl:
calcul ate all sections and then calcul ate all S ¢

di fferences ar e.
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309
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313

314

315
316
317
318

319
320

321

322
323
324
325

326

327

328

329
330

331
332

333
334

335

336
337

COkayd L . hdave to get my head round tthi skeep Bhaobp

mi nd.

AYesim duri ous. And G¢nter and | have different v
area. | have little experience with machine | ear
in a refle®tiwhygy whys Thapaut is so i mportant to me

CYes, they are realdytveey gaeilpdage .i Becaugar bage

AExactly. ..

C:l agree with your comments on steepnhess, expos
curvatur e, crest and historical aval anche event.
become more dangerous with increasing forest CQ

decreases because the risk of triggering an aval

A:From the point of view of avalanche danger, I

ay

it is of course much | ess dangerous. But from a
C(l nteyr Wpéesegeinterally about the accident?

A:. .. vwshegreenertal |l y about accidents, d@re hoonw aweslulmnyi
yodue doing a traverse and descending into an unk
to descend mevdmwmain kRhudoredt wi B6hoautc oan sp adtehr,a btl ree
t hat yyouf iwwoodh t he path. ..

C(lnteyruptsor suddenly find yourself in front o
Al ntejyruptsyes, exactly!

C:Okay, [ see.

A:Or the risk of injury, greater effort or di so
conditions, it can become very critical in the s

COkay. But is it already | abelled that way? So i

dense forest, without a pat h, i's that increased
A:No . I f at all, then only very inconsistently fr
be interesting to only |l ook at those sections of
CYes.

A:There it would be decisive whether you find so
forest, the more dangerous or probl emati c.
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343

344
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346

347
348
349
350

351
352

353
354
355
356

357

358
359
360
361
362

363

364

365
366
367

368

C:Absol utely.

A:And i f @ydu nddomny&hibreg,s ulr pwa wsledin

COkay. And just in teadams$hohkwatkmages seuntse, tb
Because this is not a static feature. | was mor
account in any way.

AExactl y.

C:Do certain criteria have a particularly high i

inclination and fall ri sk to me in advance Skitoc
then only a small one.

AExactly. 1 f | were to make a pragmatic cl assif
t hen | would use the first fhoee S&i tatmedr icar wiE s<E
zones, | woul d define a threshold value for t hes
could say in black and white in two sentences wh

COkay. GYetshen treal ly &alsiyke ot lj ats BvieA yddowrney ttihdea smya t t

we dorknows whiyké tt hat, but it i s.
AExact I& .wijuat wor k i s so important. Thatdnwe can
convinced of the potential that such work has. I

we could create the mask as an expert opinion an

|l would |Ii ke your work to give me an indication
C:l see.

A:And i f your work is sd@@ geed, tiot smay the tthhate syhw
out that these three featur edt ahraev e hteo ndoos ta ni yntphoir
you can simply tettat heitohdeie catstkh aotf tflad | i ng and
most i mportant. I also find it interesting whett

The higher the more dangerous.

CWhere | think G¢gnter is very much of the opinic
AYes. And this is where we disagree. But | under
C:But you know, i f [ do the mat hs, then the heig
hi gh @lnadamnmdr not a road. And then | can al so see
influence, or not .

AYes.
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371
372
373

374
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377

378
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382

383

384
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387
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389
390
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CBut that wildl be exciting, these are all thing:
A:Cool

C:Then just at the very edna, alahwady tdhes droiolt e dp atsh
mai nl y &s rGe¢srkt eorf falling and the steepness, be
Ssteepness.

A:Yes, exactly. | had aniotthheirnk hoofu gihtt nadow.ut it I
COkay, otherwise you can just write to me if it
AYes. And as f ar as | Kknow, G¢ Atoenre .j ust t ook t he
C:Okay.

A:And according to the SAC, the foot passages ar

the relevant part. Whereas the more cautious pas
As mentioned at the beginning, most of the new
state and | do 99% of the new i mplementation au

approach.
C:Okay.

AAnd & hmet my pd&i dbei dpnel fowoBdmnodwlbewaiytarf oor ytowc

first before we do anything el se.
COkay, yes. Thed atulyghspressure is on (

A:No! ®heroet much pressure, youds jvuasitu adbdl et.hweBiulité swg

for your @®@oriknpaond atnhatf or you to know.

CHey ok&y grtelmare lgdihnenk d | ot of i mp® eismp @omtsa rath.
That | know how they came 6ad ogitvemdmevittdday,e Ik ntc
hopefully good enough and that the right things

much for your ti me.

A:With pleasure. I f you have any questions, you
that something is going in this direction. And t
these results. Or , if you are in contact with G,

for yourself whether you have questions for me d
CYes, great. I would just email you i f there ar ¢

A:Good | uck, have fun!
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399 C:Thank you! Merci, merci. And have a good weeker

400 A:Thank you, you too.
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