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Landslide Susceptibility Analysis Using Bayesian Network and
Semantic Technology
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Abstract

The collapse of a slope or cut embankment brings much damage to life and property. Accordingly, it is very
important to analyze the spatial distribution by calculating the landslide susceptibility in the estimation of the risk
of landslide occurrence. The heuristic, statistic, deterministic, and probabilistic methods have been introduced to
make landslide susceptibility maps. In many cases, however, the reliability is low due to insufficient field data, and
the qualitative experience and knowledge of experts could not be combined with the quantitative mechanical-analysis
model in the existing methods. In this paper, new modeling method for a probabilistic landslide susceptibility
analysis combined Bayesian Network with ontology model about experts’ knowledge and spatial data was proposed.
The ontology model, which was made using the reasoning engine, was automatically converted into the Bayesian
Network structure. Through conditional probabilistic reasoning using the created Bayesian Network, landslide
susceptibility with uncertainty was analyzed, and the results were described in maps, using GIS. The developed
Bayesian Network was then applied to the test-site to verify its effect, and the result corresponded to the landslide
traces boundary at 86.5% accuracy. We expect that general users will be able to make a landslide susceptibility
analysis over a wide area without experts’ help.
Keywords : Landslide Susceptibility analysis, Semantic, Ontology, Bayesian Network, GIS, DL-Reasoning
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3], 71 AR BAA] ATl 98] e s A
oEd dibid, SA e, FxkRde] w3k 252X
= olEY AH22008)0] AAIE LEZA] #lo]o]
2ES wkedate] a7l 29F ol #lolojE FdsIgirh
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Top-level Ontology —

BasicFormalOntology-1.1
.owl

Ontology of Measurement Theory

MeasurementScale.owl

MeasurementUnit.owl

Ontology of Geospatial Model

geoFeatures.owl

— nl-Rgla!i g geoCoordinalionSystems

.owl

Ontology of Landslide Susceptibility Analysis

Environmenlallrarameters.o TriggerFactors.owl  WeightGrid.owl
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infiniteSlopeModel.owl  ProbabilityLandslide.owl
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A m]le] 2ERAE e, 2EEAA A
AdS AT AAWAE FENOF Aok 2E=ANA
M) 4L wolAle UES wsollA] &40 &
g HERTE £4d0] Bl e, 2AREhE o]
L, AEaE=solA gEE = ol Wl @,
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A& 71%Z wlol AR VIEA IS FE51] 918 2E
24 mEg Akt

3.2.2 =& £A47F A9
HlolxJol HEQT =29 £4& Name, Kind,
State name, Value(or Interval)S X33t} 233k 2

### hitpcllowl geainfo ork

:Inclination rdfitype owl:Class ;

owl:equivalentClass [ rdfitype owl:Class ;

owlioncOf ( ivery_steep
<flat
wvery_flat
:peak
medium_steep
:steep

)
}4

rdfs:subClassOf :Slope .

#i# hitp: il geoinfo.orks/landivery steep

svery_sieep rdfitype owl:DatatypeProperty ,
owl:FunctionalProperty ;

rdfs:domain | rdfitype owl:Class |
owl:intersectionOf ( [ rdfitype owl:Restriction |

owl:onProperty :Angle ;

owl:some ValuesFrom [ rdfitype rdfs:Datatype ;
owlionDatatype xsd:integer ;
owl:withRestrictions ( [ xsd:minInclusive 40 |

)
1
[ rdf:type owl:Restriction ;
owl:onProperty :Angle ;
owl:some ValuesFrom [ rdfitype rdfs:Datatype ;

owl:onDatatype xsd:integer ;
owl:withRestrictions ( [ xsd:maxExclusive 60 |
)
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VeryStaep(U0S 05
p(NE-405)

un (-3 )

]
I Flat(155-20%)
| T VeryFlat( < 155)

Slope Inclination
®pixel count

500216
422244

I 232963

very flat

203002

steep

39168

1366

medium very steep peak
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Slope Inclination
wery fiat 284 p—
tiat 15,6 j—
Slape Azpect mediurm 335 —
Flat 263 H steep 107 j—
N MW 16— wery stesp 263
NE S vy 381 - peak 002
SEE 254:_ 215 712
5 125 jm
3237
Soil Depth
wery shallow 074
Magutaion shallow K
high vagetation M A mediurm 263
medium vegetation 437 i deep 19.7
Jow wegetation 45.7 jum—i | wery deep T7.0 p—
235 WEE T
\ ,./
™ ~
" P
Horea Forest Service Model
Very safe Toam |
safe 0.6 p—

moderate 466 —

danger o |

very danger GESE ¢
17.1 751
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