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XBeach simulations
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INTRODUCTION

Estimating dune erosion at the regional scale using a meta-model

Introduction based on Neural Networks — Athanasiou et. al. (2022)
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Enabling fast prediction of post-storm
sandy profiles along the Holland Coast
using surrogate modelling and XBeach.

e enabling delta life
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METHODS: XBEACH
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METHODS: XBEACH
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METHODS: XBEACH
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METHODS: XBEACH
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METHODS: XBEACH
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METHODS: U-Net Structure
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U-Net: Network depth
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U-Net: Convolutional block
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U-Net: Convolutional block
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U-Net: Convolutional block
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U-Net: Convolutional block
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U-Net: Convolutional block
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U-Net: Convolutional block
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U-Net: Convolutional block
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U-Net: Convolutional block
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Initial results
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Grid standardization
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Performance metric
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Exploration: Grid standardization
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Exploration: Difference modelling
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Exploration: U-Net
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MSE for different U-Net v1 alternatives
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Exploration: Results
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Upscaling: Training data
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U pscal I n g Example of inout pre- and post-storm profiles on a standard grid
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Upscaling: Network depth
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Upscaling: Network depth
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Upscaling: DEV
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Upscaling: DEV
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Upscaling: Network structure
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Upscaling: Network structure
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Upscaling: Detalled results

Upscaling
Deltares

Elevation [m]

10

Network depth = 2
MSE dune = 0.402
Error DEV = 14.7

Profile for for different network depths, kernel size = 3

Pre-Storm
Actual
Predicted
MSE

50 100 150
Cross-shore location [m]

200

10

Elevation [m]
I

Network depth = 3
MSE dune = 0.116
Error DEV = -9.96

Network depth = 4
MSE dune = 0.0495
Error DEV = -5.69

Pre-Storm
Actual |
Predicted
MSE

50 100 150
Cross-shore location [m]

Cross-shore location [m]

10 :
—— Pre-Storm
gH— Actual |
—— Predicted
T 6L — MSE
=
S
w 4
=
[4F]
o
2 it
200 0 50 100 150 200

]
TUDelft



Upscaling: Network structure
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Upscaling: Detalled results
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Upscaling: Detalled results
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Upscaling:

Vs
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Discussion: U-Net complexity
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Discussion: Performance metric

b < 10 I I
f ) * RMSTE — Pre-Storm
o : g | —— Actual

) { Skill —— Predicted

— Dune toe location | — MsE
> / — Fore dune slope

- Dune crest height 4]
> < — Beach retreat 5
N y 0l ] | ) N

Discussion 0 25 50 75 100 125 150 175 200
Cross-shore location [m]

3
Deltares TUDelft




Discussion: Foredune shape
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Conclusion

L ) Can neural networks be used for predicting post-storm

i A profiles of actual Holland coast profile shapes?

> < « Using U-Net and simplified conditions, post-storm
profiles shapes can be predicted

i b « Can be applied to extract DEVs, which can be
predicted with a skill of 0.51
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Recommendations: Training data
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Recommendations: Storm input
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Recommendations: Storm input
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Results
Exploration: Pre-Processing

Mimimal elevation vs MSE Dune
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Methods

Exploration: Network structure

INPUT: PRE-STORM PROFILE OUTPUT: POST-STORM PROFILE
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DEV target [m?]

Results

Exploration: Network structure

Test data
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Results
Exploration: Network
structure
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Results

Network Depth

INPUT: PRE-STORM PROFILE
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Loss predictive capability ND4, kernel size 10

Profile for for different network depths, kernel size = 10
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Multiple profiles
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Conclusion

« What performance metrics can be used to evaluate surrogate models for post-storm
profile shape prediction?

« To what extent are pre-processing tools and neural networks able to make post-storm
profile shape predictions for a simplified dataset?



Conclusion

Upscaling

« (Can neural networks be used for predicting post-storm profiles of actual Holland coast
profile shapes?
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