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How is the beach equilibrium planform?
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How estimate the longitudinal sediment transport?
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Propagation of wave climate to coastal areas
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Wave transformation processes in shallow water




Approaches to transfer regional wave climate to coastal areas

Dynamical Downscaling
Rusu et al., 2008

Statistical Downscaling
Kalra et al., 2005
Browne et al., 2007

Hybrid Downscaling
Groeneweg et al., 2006
Stansby et al., 2006
Breivik et al., 2009
Galiskova and Weisse, 2006
Herman et al. 2009




Hybrid downscaling approach to propagate wave climate to coastal areas
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Hybrid downscaling approach to propagate wave climate to coastal areas
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Hybrid downscaling approach to propagate wave climate to coastal areas
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Hybrid downscaling approach to propagate wave climate to coastal areas
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Hybrid downscaling approach to propagate wave climate to coastal areas
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Hybrid downscaling approach to propagate wave climate to coastal areas
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Hybrid downscaling approach to propagate wave climate to coastal areas
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Hybrid downscaling approach to propagate wave climate to coastal areas
LIMITATIONS
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Hybrid downscaling approach to propagate wave climate to coastal areas
LIMITATIONS
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Hybrid downscaling approach to propagate wave climate to coastal areas
LIMITATIONS

Wave variability along the coast
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Hybrid downscaling approach to propagate wave climate to coastal areas
LIMITATIONS

Wave variability along the coast




Selection and classification techniques

- Self-organizing maps (SOM)
- Kmeans algorithm (KMA)
- Maximum dissimilarity algorithm (MDA)

MDA




Selection and classification techniques

N data
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KMA

Bidimensional data sample

0 .0 0
{Vl ,VZ,...,VM}

Goal: 16 groups — Random initialization
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KMA

lteration k
x. —— Belongs tothe group —— The centroid j is updated as the mean
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SOM (self-organizing maps)

Bidimensional data sample

Goal: 16 groups —Initialization
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SOM (self-organizing maps)
Winning centroid
Training in cycles:  x; —> V., —* H"w(z‘)_xt

:mjin{ij — x|, J :1,...,M}

v, =v, +ah(w(), j)(x,-v,),j=1..M
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ilarity algorithm)

issim

MDA (maximum d

N-1

Goal: subset of 16 elements
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MDA (maximum dissimilarity algorithm)
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Selection and classification techniques

MDA

Camus, P., Méndez, F.J., Medina, R., Cofifio, A. (2011) Analysis of clustering and selection algorithms for
the study of multivariate wave climate, Coastal Engineering, doi:10.1016/j.coastaleng.2011.02.003



Multidimensional characterization of Wave Climate
Hs, Tm, Om
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Multidimensional characterization of Wave Climate
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Multidimensional characterization of Wave Climate

SOM M=529 (23x23)
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Multidimensional characterization of Wave Climate
Hsl, Tm1, Om1, Hs2, Tm2, O6m2
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A global classification of coastal flood hazard climates associated with
large-scale oceanographic forcing
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A global classification of coastal flood hazard climates associated with
large-scale oceanographic forcing
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Selection and classification techniques

MDA

Camus, P., Méndez, F.J., Medina, R., Cofifio, A. (2011) Analysis of clustering and selection algorithms for
the study of multivariate wave climate, Coastal Engineering, doi:10.1016/j.coastaleng.2011.02.003



Multidimensional Wave Climate
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Downscaled Ocean Waves (DOW) hindcast

Reanalysis wave
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Camus et al., 2013



Downscaled Ocean Waves (DOW) hindcast
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Downscaled Ocean Waves (DOW) hindcast
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Downscaled Ocean Waves (DOW) hindcast

Historical
data bases

Selection MDA Selected cases (M=500)

Propagation

Reconstruction

Latitude (°)

Longitude (°)



Downscaled Ocean Waves (DOW) hindcast

SWAN model
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Downscaled Ocean Waves (DOW) hindcast

) ) RBF INTERPOLATION TECHNIQUE
Historical (Radial Basis Function)

data bases Rippa 1999

Propagation

Radial Basis Functions
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Camus et al., 2011



Downscaled Ocean Waves (DOW) hindcast
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Downscaled Ocean Waves (DOW) hindcast
VALIDATION using instrumental data
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Downscaled Ocean Waves (DOW) hindcast
ATLAS of Wave Energy Resources
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Applications to determine loads for marine infrastructure design
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Guanche et al., 2011




Selection and classification techniques

MDA

Camus, P., Méndez, F.J., Medina, R., Cofifio, A. (2011) Analysis of clustering and selection algorithms for
the study of multivariate wave climate, Coastal Engineering, doi:10.1016/j.coastaleng.2011.02.003
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Statistical downscaling method to obtain climate change projections of waves

Global mean sea level rise
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Statistical downscaling method

(predictand Y, H, T, Dir)




Statistical downscaling method




Statistical downscaling method based on weather types

Svynoptic Atmospheric Circulation patterns
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Statistical downscaling method based on weather types

X= (WT1,WT2,WT3,WT4) Y

p,=ocurrence probability of WT,
PP tPstPs=1

fs(H)=pf; (H)+p,fo(H)+psfs(H)+p,fu(H)




Statistical downscaling method based on weather types

X’
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Statistical downscaling method based on weather types
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Camus et al., 2014



Statistical downscaling method based on weather types
WAVE PROJECTIONS over Europe
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Perez, J., Menendez, M., Camus, P., Mendez, F.J., Losada, I.J. Statistical multi-model climate projections
of surface ocean waves in Europe (2015). Ocean Modelling, DOI: 10.1016/j.ocemod.2015.06.001



Statistical downscaling method based on weather types
WAVE PROJECTIONS over Europe

Relationship between the weather types and multivariate wave climate

Predictor X (WT) Predictand Y (hs, tm, FE, ...)
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Perez, J., Menendez, M., Camus, P., Mendez, F.J., Losada, |.J. Statistical multi-model climate projections
of surface ocean waves in Europe (2015). Ocean Modelling, DOI: 10.1016/j.ocemod.2015.06.001



Statistical downscaling method based on weather types
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Statistical downscaling method based on weather types
WAVE PROJECTIONS over Europe
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Statistical downscaling method based on weather types
GLOBAL WAVE PROJECTIONS
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More details in Camus et al., 2014; Pérez et al., 2015; Camus et al., 2017



Statistical downscaling method based on weather types |
GLOBAL WAVE PROJECTIONS T e o
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CLIMATE EMULATORS based on weather types
COASTAL FLOODING

Wave Run Up
Wave Set Up

TWL

OBJECTIVES:
s o Increase the population of multivariate extremes multivariados
oy | Probabilistic characterization of the coastal flooding impact
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1) Modelling the dependence between multiple variables (COPULAS models)

2) Linked to climate variability

Years



CLIMATE EMULATORS based on weather types
COASTAL FLOODING
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CLIMATE EMULATORS based on weather types

PORT OPERABILITY
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CLIMATE EMULATORS based on weather types
PORT OPERABILITY

MARGINAL DISTRIBUTIONS @

Camus et al., 2019



METAMODEL - hybrid downscaling
PORT OPERABILITY
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MSP: Diaz-Hernandez et al., 2015



CLIMATE EMULATORS based on weather types

PORT OPERABILITY
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CLIMATE CHANGE RISK TO GLOBAL PORT OPERATION
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CLIMATE CHANGE RISK TO GLOBAL PORT OPERATION
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CLIMATE CHANGE RISK TO GLOBAL PORT OPERATION
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CLIMATE CHANGE RISK TO GLOBAL PORT OPERATION
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CLIMATE CHANGE RISK TO GLOBAL PORT OPERATION
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