ABSTRACT

CUEVAS LOPEZ, TOMAS. Prediction of Peak Water Levels during Tropical Cyclones with
Deep Learning. (Under the direction of Casey Dietrich).

Storm-driven flooding is a severe hazard for coastal communities and regions. Computa-
tional models can predict the combined effects of tides, winds, and flooding due to tropical
cyclones, including in real-time, but requirements for the models’ runtime make it challeng-
ing to consider simulations of the full range of storm uncertainty. To address this problem,
researchers have developed neural networks, trained on libraries of storm surge simulations,
to predict ensembles of coastal flooding in seconds. However, existing neural networks do not
consider the interaction between storm surge and astronomical tides nor storms of any du-
ration. Moreover, they are trained on datasets tailored to represent only extreme conditions.
We aim to develop a neural network to predict the peak total water levels for any storm at

specific locations along the North Carolina coast.

In this research, we implemented a neural network to predict peak values for total water
level (tides and storm surge) at multiple stations, considering astronomical tides and storm
tracks of any duration as inputs. To create the training library, we simulated 1,813 synthetic
tropical cyclones based on historical data in the North Atlantic Ocean, with a specific focus on
storms that affect North Carolina. These simulations used a full-physics hydrodynamic model
with variable spatial resolution of about 50 m near the coast. The outputs were downscaled
to grayscale images with a higher and constant resolution of 15 m, enhancing the flood
predictions by considering small-scale topographic features, and then used as training data
for the neural network. The many-to-one deep learning model predicts a single peak total
water level in time at multiple locations in space using time series of the offshore astronomical
tide and track parameters as inputs. We used the model to make probabilistic predictions
of peak total water levels for observed and perturbed tracks of several historical storms that
affected North Carolina.

We showed that the neural network performed well (with errors ranging from 8 to 43
cm) in predicting peak total water levels at nine locations in North Carolina. We applied
the neural network to make probabilistic predictions of peak total water levels for observed
and perturbed tracks of historical storms. For each storm, the neural network predicted at
nine stations for 101 storm scenarios (the true/historical storm and 100 perturbations) in
less than 10 seconds. The performance for the observed historical storms was similar to those

obtained in process-based simulations, but with a significant gain in computational runtime.
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Chapter 1

Introduction

1.1 Motivation

Water pushed inland by tropical cyclones (TC) is a severe hazard for coastal communities.
As one example, in September 2022, the massive category-four TC Ian made landfall near
Cayo Costa in southwestern Florida with wind speeds higher than 70 m/s, generating more
than 4.5 m of storm surge — the rise of water levels due to the combined effects of wind
and atmospheric pressure. These high waters pushed inland and devastated the area. The
storm caused 66 deaths (Bucci et al. 2023) and damages of more than $112 billion (National
Centers for Environmental Information 2023). Over the last decade, TCs have caused more
than 750 deaths (Lau et al. 2022) and more than $480 billion in economic loss in the United
States (Smith et al. 2020). TCs are intensifying because of global warming (Knutson et al.
2020), increasing the risks of damage due to winds, precipitation, storm surges, and waves
(Emanuel 2021; Martinez 2020). Because of these severe hazards, providing accurate and

timely forecasts of TC-driven coastal flooding is critical.

Starting with the formation of TCs, which later can turn into hurricanes, the National
Hurricane Center (NHC) forecasts the storm’s track, intensity, and size, among other pa-
rameters, at least every six hours (Cangialosi 2023). To predict the storm’s effects on coastal
water levels and flooding, scientists and engineers use the forecasts issued by the NHC as
inputs to coastal hydrodynamic models. One of the most common tools for modeling storm
surge is the ADvanced CIRCulation model (ADCIRC; Luettich, Westerink, and Scheffner
1992; Westerink et al. 2008). ADCIRC solves the Generalized Wave-Continuity Equation for
the water levels and the vertically-integrated momentum equations for the current velocities
(Luettich and Westerink 2004). The equations are solved on an unstructured triangular mesh,

thus allowing a finer resolution where the coastal environment is more complex. ADCIRC



outputs water levels and currents at every mesh vertex, allowing the generation of maps.
It has been validated for storms in the U.S. Atlantic and Gulf coasts (Cialone et al. 2017;
Vijayan et al. 2023). An example of ADCIRC for real-time forecasting is the automated
ADCIRC Surge Guidance System (ASGS; Fleming et al. 2008). The ASGS produces a local
storm surge prediction for each new NHC advisory (every 3 to 6 hours) to inform emergency

management agencies and decision-makers.

On a high-performance computing system (HPC) with multiple CPUs, an ADCIRC TC
simulation typically takes between 1 and 2 hours. The runtime is determined largely by the
spatial resolution applied to represent the coastal environment. Higher resolution gives more
accurate results, but it also makes the model more time-consuming. Given this, a trade-off
exists between spatial resolution or accuracy and the model runtime (S. C. Hagen, Westerink,
and Kolar 2000). Numerical modelers must balance the model producing accurate enough
predictions without compromising the runtime. As coastal areas become more urbanized
(Saginor and Ge 2017), modelers must represent a more complex coastal environment. In
addition, as the population is increasing (ibid.), more people would need to be evacuated if
needed. Thus, local storm surge predictions are expected at finer resolutions and in shorter
time frames.

This tradeoff can make it prohibitive to study the inherent uncertainties of the fore-
cast tropical cyclone parameters. Using a probabilistic framework — simulation of several
perturbations of the same storm — to account for the forecast uncertainties may help in
having more informative predictions and reducing the chances of under- or over-estimation
of the storm surge (Di Liberto et al. 2011; Flowerdew, Horsburgh, and Mylne 2009; Mel and
Lionello 2014; William J Pringle et al. 2023). For example, the ASGS simulates the most
probable or consensus forecast from the NHC and a few perturbations. Nevertheless, prob-
abilistic frameworks require many simulations to characterize the mean surge statistics and
account for uncertainties (Donald T Resio et al. 2007). In storm surge real-time forecasting,
addressing the uncertainty of the hurricane’s evolution with physics-based models such as
ADCIRC is challenging. The NHC uses another tool called Sea, Lake and Overland Surges
from Hurricanes (SLOSH; Jelesnianski, J. Chen, and Shafer 1992) in their Probabilistic Trop-
ical Storm Surge system (P-surge; Taylor and Glahn 2008). SLOSH makes several physical
simplifications (Joyce et al. 2019) and utilizes numerical domains of limited extension to

increase time efficiency.

An alternative to include the uncertainty of the track parameters is using surrogate
models, which have become extremely popular for storm surge prediction in the last decade
(Jia and Li 2012; Kyprioti, Adeli, et al. 2021; Kyprioti, Taflanidis, et al. 2021; Lee et al. 2021,
Plumlee et al. 2021; William J Pringle et al. 2023; Taflanidis et al. 2013; Tiggeloven et al.



2021). Storm surge surrogate models are trained on large datasets and then, using data-
driven approximations, estimate water levels for any new storm. Surrogate models can be
soft-divided into two categories: statistical learning and deep learning models. In statistical
methods, each instance of the dependent variables, e.g. storm surge, is described by a set
of features or attributes (independent variables), e.g. wind speed, pressure, or eye position.
In contrast, in deep learning, the model can find the essential features within the storm

parameters that better explain each instance of storm surge.

Statistical learning models have been used widely (e.g. Jia and Li 2012; Kyprioti, Taflani-
dis, et al. 2021; Plumlee et al. 2021; William J Pringle et al. 2023; Taflanidis et al. 2013),
showing promising results in the prediction of storm surge. Kyprioti, Irwin, et al. (2023) im-
plemented a surrogate model using Gaussian Processes (GP; Rasmussen and C. K. Williams
2006) to predict time series of storm surge over a few thousand computation points, using the
Coastal Hazards System-North Atlantic (CHS-NA) database (Nadal-Caraballo and Melby
2014) as training data. The North Atlantic Comprehensive Coastal Study (NACCS) database
contains storm surge simulations for 1,050 synthetic tropical cyclones affecting the U.S. coast
from Virginia to Maine, computed with a process-based hydrodynamic model. However, the
simulations do not consider astronomical tides, and the synthetic storms are generated by
perturbing parameters within realistic ranges, which has the effect that subsets of storms
are similar, e.g. on parallel tracks. Even so, statistical learning methods can predict storm
surges with high accuracy and have benefits such as high interpretability, relatively easy

implementation, low risk of overfitting, and computationally cheap to train.

Deep learning (DL) models have become popular in coastal engineering applications in
recent years. Neural networks (NN) are algorithms inspired by how the human brain recog-
nizes, classifies, and predicts features within data. Compared to statistical learning models,
NN are more computationally expensive to train and harder to implement and interpret.
Nevertheless, they are better for learning complex non-linear relationships, handling high-
dimensional data, and generalizing to unseen data (Goodfellow, Bengio, and Courville 2016).
Some studies have predicted storm surge from time series of atmospheric variables at fixed
stations a certain number of hours ahead of time (Bai and Xu 2022; Chao and Young 2022;
K. Chen et al. 2022; S. Kim, Matsumi, et al. 2016; S. Kim, Pan, and Mase 2019; Tiggeloven
et al. 2021; Wang et al. 2021) with good results, but lacking geospatial information about
the storm track. Tiggeloven et al. (2021) implemented different NN architectures to predict
storm surge, without astronomical tide, globally. This work used storm surge observations
from 736 tide stations worldwide as the dependent variable and data from the ERA5 reanal-
ysis (Hersbach et al. 2020), with a spatial resolution of 0.25°, as the independent variable.

They extracted atmospheric variables at a centered box of 1.25°around the station. The box



size prevents a prediction of the full storm, and atmospheric reanalysis are often unable to
resolve the TC inner core of the storm (Hodges, Cobb, and Vidale 2017; Schenkel and Hart
2012).

Other authors followed a hybrid approach, using the hurricane’s parameters as the in-
dependent variable and physics-based models’ output as dependent variables (e.g. Ehsan
Adeli et al. 2022; Ayyad, Hajj, and Marsooli 2022; Hashemi et al. 2016; S.-W. Kim et al.
2015; Lee et al. 2021; Pachev et al. 2023). The advantage of the hybrid approach is that the
independent variable considers the full geospatial information of the storm, whereas the dis-
advantage is that many physics-based model simulations are needed for training. There are
a few large libraries of storm surge ADCIRC simulations. Some examples are FEMA (2021),
Owensby et al. (2020), Nadal-Caraballo and Melby (2014), and Dawson et al. (2021). They
all focus on high-return period (extreme) storms for risk analysis, so they may not represent
the average conditions. Lee et al. (2021) implemented a 1D Convolutional Neural Network
(1D CNN; LeCun, Bengio, et al. 1995) combined with K-means clustering (Lloyd 1982; Mac-
Queen et al. 1967) and Principal Component Analysis (Wold, Esbensen, and Geladi 1987) to
predict peak storm surge (without astronomical tides) in the Chesapeake Bay using NACCS
as training data. The authors used a portion of the track to have sequences of the same
length as the only input. Pachev et al. (2023) implemented a two-step NN to classify the
output point as wet or dry and then to predict the peak total water level for the wet points.
This study considers the topography and bathymetry as inputs, but they removed the storm
track’s temporal component by considering the max, mean, and min values of the wind
vectors, wind magnitude, and pressure. Both studies showed good agreement between the
DL-predicted and ADCIRC values and highlighted that their models can predict in order
of seconds. This time frame allows to study the track uncertainty by predicting the storm

surge from several perturbations of the storm.

However, all the cited studies that combine deep learning techniques and physic-based
storm surge models were trained with datasets developed to characterize the flooding for
extreme events, because there is a limited number of large libraries of storm surge simulations,
and because these libraries have been developed to study the risk associated with high-
return period (extreme) inundation scenarios. The training data, especially when it does
not consider the full temporal information of the storms, limits the usage of this model
for emergency management because the NN must predict for any storm (extreme or not)
of any duration. As far as we know, there has not been an attempt to implement a NN to
predict peak total water level for storms of any duration, considering the astronomical tide as
input, and trained with a dataset tailored to represent the extreme and average conditions of

tropical cyclones. Considering the non-linear interaction between the astronomical tide and



the storm surge is a key component because the effects of the peak storm surge happening
at high tide can differ drastically from those at low tide. Additionally, as far as we know,
there has not been an attempt to predict 2D maps of peak total water levels by using deep
learning. For this purpose, a library would need to be developed with flood maps as raster
images, and the NN would need to be designed to be extensible to handle images.

In this research, we propose a neural network for forecasting peak total water levels from
TC-driven coastal flooding for North Carolina, considering astronomical tides and storms of
any duration. The architecture is based on 1D CNN layers to handle the time evolution of the
storm. We used a synthetic database of tropical cyclones based on historical data to generate
the training library, with 10,000 years of information in the North Atlantic Ocean and more
than 100,000 storm tracks (Bloemendaal et al. 2020). We reduced the number of storms by
selecting a subset that may affect the North Carolina coast, and then we simulated the 1,813
storms using ADCIRC with random astronomical tides. Using an in-house and open-source
Python software called Kalpana (Kalpana 2018), we downscaled the peak total water level
to a higher and constant resolution (Rucker et al. 2021). Then, the library of high-resolution
maps of TC-driven coastal flooding was used to train the proposed neural network to predict
peak total water levels at any location. The NN needs only a time series of the following
parameters: distance from the storm’s eye to the prediction point, maximum wind speed,

minimum pressure, radius to maximum wind speeds, and offshore astronomical tides.

First, we show the results of a neural network capable of simultaneously making predic-
tions at multiple points, hereafter referred to as multitask model. The root mean squared
error (RMSE) for unseen storms ranged from 8 to 43 cm for all tested locations. We used
the trained model to make probabilistic predictions of the peak total water level for multiple
perturbations of historic storm tracks. Finally, using simpler versions of the neural network,
we assess its sensitivity to hyperparameters, data augmentation, and inputs. Although this
model predicts the peak water levels at specific coastal locations, it has been designed to be

extensible to flood maps in future work.



1.2 Objectives

The general objective of this work is to develop a neural network capable of predicting
peak total water levels (tides and storm surge) from hurricane-driven coastal flooding with

minimal computational time. The specific objectives are listed below:

e Define a subset of storms within a dataset created with a probabilistic model that

represents the extreme and average conditions of tropical cyclones in North Carolina.

e Generate a training library of high- and constant-resolution peak surge maps using

ADCIRC and a downscaling technique.

e Train a deep learning algorithm with data extracted from the high and constant-

resolution peak surge maps library to make predictions for unseen storms.

e Use the neural network to predict historic storms’ peak total water levels and compare

the results with observations.

e Implement a probabilistic prediction framework by predicting peak total water level

for several perturbations of recent historic storms.

e Assess the neural network sensitivity to hyperparameters, data augmentation, and

inputs.
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Chapter 2
Background

In this research, we implemented a neural network to predict the peak total water levels (tides
and storm surge) of storm-driven coastal flooding. The neural network relies on datasets and
software from other sources, which are described in this chapter. We also describe our efforts
to modernize a Python software, which we will use later to increase the resolution of the
ADCIRC outputs in our NN development.

2.1 Study area

Coastal North Carolina (NC) is characterized by large estuaries with multiple river inputs,
wide sounds with shallow bathymetry, and limited connections to the open ocean (Figure
2.1). The system of barrier islands of North Carolina, known as the Outer Banks, is the
first line of protection from extreme sea conditions for coastal communities and ecosys-
tems. Beaches and dunes on barrier islands dissipate wave energy before the water reaches
the mainland. The barrier islands are low-lying land formations with elevations below 6 m
(NAVDSS). The ground surface elevation does not increase quickly at inland regions, so the
entire state coast is prone to significant hurricane-driven flooding. In general, NC coastal
configuration is very complex so that flooding drivers may vary in different areas.

Coastal NC is described well by geospatial datasets, and this research will utilize a digital
elevation model (DEM) with topography and bathymetry with a 15 m resolution of the North
Carolina coast (Figure 2.1). The data was obtained from the NOAA Digital Coast (Oceanic
and Administration 2020), and it is part of the Coastal National Elevation Database (CoNED
USGS 2020). The raster is projected on the NAD83(2011) / UTM zone 17N coordinate
system. The unit of the elevation data is meters. The horizontal resolution of the DEM is
1 m, but in this research it was resampled to 15 m to reduce the file size and speed up the

computations.






