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Risk Assessment of Potential Inundation Due to Sea Level Rise Using
Bayesian Network
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Abstract

In the coming years, coastal areas will be affected by rising sea levels due to climate
change. Korea is surrounded by water on three sides and has many big cities around its
coastal zone. Thus, Korea must be prepared for various effects that may be caused by rising
sea levels. Among the possible effects of rising sea levels are inundation, coastal erosion,
saltwater intrusion, and biological effects. We particularly focused on the impact of inundation
and assessed potential inundation risks. Finding potentially vulnerable areas is the core objective
of the present study. The following variables were collected and selected from a literature
review: rising sea levels, significant wave height, mean tide range, slope, and elevation.

Bayesian Networks (BNs) were used to find potentially vulnerable areas, as BNs allow
diverse variables to be reflected to predict coastal change, probabilities to be predicted, and
they quantify uncertainty based on probabilities. Assessing coastal vulnerability using BNs is a
meaningful approach, as they consider various aspects of the situation. The probability of
potential inundation was drawn from the results and showed areas’ probability for being at
risk. In conclusion, this research is significant because it identifies areas vulnerable to potential
inundation in the coastal zone. The method could be applied in other cases of coastal urban
planning that consider the impact of future climate change.
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Table 1. Collected and selected variables from literature reviews

External condition
Literatures sl iy erosion | shoreline | k e
tide|wave leyel surg¢=j wind rate ysippe e l,’gec?log)’,' habiets geomorphofogy )ﬁehgf
. rise |potential e e o
1 ol o Ne) O @)
2 10 O O O @) @)
3 O @) @) @)
4 lO0 10O @) @) O
5 O O
6 @) @)
Selection @ | ® | @ @
1 A Bayesian network to predict coastal vulnerability to sea level rise(2011)
2 Natural Capital : The Theory and Practice of Mapping Ecosystem Services(2011)
3 Predicting coastal cliff erosion using a Bayesian probabilistic model(2010)
4 Importance of Coastal Change Variables in Determining Vulnerability to Sea- and Lake-Level Change(2010)
5 Vulnerability of Turkish coasts to accelerated sea-level rise(2009)
6 Need for adaptation strateqy against global sea level rise : an example from Saudi coast of Arabian qulf(2012)
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SEH g3 7IE0A AthE 71Eg -6t
= A1 @ 7kt 7154 HolHE 8okl Xot
FrkE A EEE Zoth metk g5 AollA
= 593 AFoA Ahd VIEs nRlekdl
Bayesian Network Al4lojA] SEE WEG] A8g
Q7 Atk

JH0l: E6hl 2 S 5358 oot ==
HAE Adsly] e Adwdo] et #Ho)
HE Tl W8 AFshl 11 HeE 719 IAE
AR5H0] Lol Thas Ai4-5F ERHEQ] Bayesian
Networkeh= SHg-SASEQ1 diis 7kA]al njz)
o] ISt Behae Akl Agrog HrIeIA
Ch= FollA onj7} ok E5t sifYoz Qs
Asalsho] AE dake we & As AFRY
£ egtozA] AR s TAITEE 9
St s -ollea] Xpo] =& -EAIAE AMA e
71EATE &8 &+ Athes ok A9l 29
7} A

Z1. Likelihood : a function of how likely an event is.
Likelihood functions play a key role in statistical
inference, especially methods of estimating a
parameter using a statistics. (http://en.wikipedia.org/)
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