
Neural Network Predictions of Flood Maps 
Molly McKenna, Tomás Cuevas López, Dylan Anderson, J.C. Dietrich

Departement of Civil, Construction, & Environmental Engineering North Carolina State University

RMSE (m) MAE (%)

Train data 0.3286 9.50

Test Data 0.3349 9.89

Overall 0.3316 9.66

Underprediction example: Storm 1764 [Top],  1687 [Bottom] Overprediction example: Storm 1623 [Top], 1531 [Bottom]

2) Methods

3) Model Structure
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4) Model Prediction Results

Dense Layers:
Capture complex relationships between storm
parameters 
Helps extract relevant info before reconstruction
Learns interactions before up- sampling to an image

Global Average Pooling:
Reduces parameters while retaining global context

2D CNNs
Spatial feature extraction
Learns large to small spatial features
Up-sampling converts latent space
into flood maps
Enhances spatial coherence for
realistic flood maps

 1) Introduction

References

These preliminary results are very encouraging, demonstrating that with a more sophisticated model structure and improved training
methods these coastal flood maps can be generated with the potential for generalization.

Potential strategies for enhancement include:
Implementing a new loss function tailored to the wet/dry front
Applying a weight map to emphasize important spatial regions
Adding more 2D CNN layer to better capture spatial patterns

5) Conclusions & Future Work

What factors affect the accuracy of ML and neural networks to predict flood maps due to coastal storms?

Storm tide affects NC each year
Storm Tide predictions are
critical for coastal communities
Current process based modeling
is computationally expensive 

Max elevation = 10 meters == Pixel value = 220
Min elevation = -1 meters == Pixel Value = 0

Machine Learning (ML) can be trained on
libraries of process based simulations
Current work is focused on predicting
maximum flooding values at single locations ->
Images have not been predicted yet

End Users most helped by a
flood map
But First, Continuous
Elevation maps.
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ADCIRC storm
tracks generated
inputs, and max
water elevation

results served as NN
outputs.

Max water elevation files and CUDEM elevation
were converted to continuous elevation images with
pixel values for NN prediction between 0 and 255.

Model error for Ike, Predicted at thousands of points. (Pachev et al.)
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Max water elevation predicted by ADCIRC
for Hurricane Florence (Griffin)

Model Parameters
Epochs = 500
Batch Size = 12
Loss function = Mean squared error
Ran on 12 GPUs runtime = 6.4 hours

Editing the input array to include more relevant features 
Adding statistical variability to the input and outputs using data
augmentation


