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Abstract: Directing shallow-water waves and their energy is highly desired in many ocean engi-
neering applications. Coastal infrastructures can be protected by reflecting shallow-water waves to
deep water. Wave energy harvesting efficiency can be improved by focusing shallow-water waves
on wave energy converters. Changing water depth can effectively affect wave celerity and therefore
the propagation of shallow-water waves. However, determining spatially varying bathymetry that
can direct shallow-water waves to a designed location is not trivial. In this paper, we propose a
novel machine learning method to design and optimize spatially varying bathymetry for directing
shallow-water waves, in which the bathymetry is assumed fixed in time without considering morpho-
dynamics. Shallow-water wave theory was applied to establish the mapping between water wave
mechanics and recurrent neural networks (RNNs). Two wave-equivalent RNNs were developed
to model shallow-water waves over fixed varying bathymetry. The resulting RNNs were trained
to optimize bathymetry for wave energy focusing. We demonstrate that the bathymetry optimized
by the wave-equivalent RNNs can effectively reflect and refract wave energy to various designed
locations. We also foresee the potential that new engineering tools can be similarly developed based
on the mathematical equivalence between wave mechanics and recurrent neural networks.

Keywords: shallow-water wave; wave focusing; varying bathymetry; machine learning; recurrent
neural network

1. Introduction

Directing shallow-water waves through varying bathymetry is an intriguing scientific
topic that enables the control of wave energy propagation. Such wave-directing bathymetry
can serve multiple purposes, including coastal protection, wave energy harvesting, and
recreational surfing. In this paper, we propose a novel machine learning method to de-
termine wave-directing bathymetry based on a type of wave-equivalent recurrent neural
networks (RNNSs).

Various structures have been developed for coastal protection. These structures include
hard engineering solutions, such as seawalls and breakwaters [1,2], and soft ecoengineering
solutions, such as artificial reefs and mangrove forests [3,4]. Submerged breakwaters,
among the hard engineering structures, have minimal aesthetic and environmental im-
pacts [5-7], and can be constructed from artificial reefs as an ecofriendly solution [8-10].
The presence of submerged breakwaters results in varying bathymetry, and it is funda-
mental to understand the wave-structure interactions. Li et al. [11] performed wave flume
experiments to study the flow field when a solitary-like wave passed a set of submerged
breakwaters. Patil and Karmakar [12], Xue et al. [13], and Jafarzadeh et al. [14] conducted
two-dimensional CFD analyses in the vertical plane to evaluate the wave energy transmis-
sion over different designs of submerged breakwaters. Atras et al. [15] analytically derived
the wave reflection and transmission coefficients for sinusoidal submerged breakwaters
based on a half-linear shallow-water equation. Other studies on wave transmission at
submerged breakwaters can be found in a comprehensive review by Brancasi et al. [16].
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Analysis of the circulation in the lee of submerged breakwaters is important for coastal
protection. Gallerano et al. [17] applied three-dimensional CFD simulations to study the
velocity fields between submerged breakwaters and a curvilinear shoreline under the given
wave conditions. Kuang et al. [18] assessed the beach evolution process behind a submerged
sand bar using wave flume experiments. Ranasinghe [19] developed two Boussinesq-type
nonlinear wave—current models in 2DH for impermeable and porous submerged breakwa-
ters, respectively, to study the waves and wave-induced currents, in which a turbulence
closure model is coupled to simulate wave breaking. Other researchers combined existing
hydrodynamic and morphodynamic models, such as SWAN and XBeach, to study the
protection performance of submerged breakwaters [20-22]. The concept of multifunctional
artificial reefs has also been proposed, with the aim of improving fishing, diving, surfing,
and other recreational activities, in addition to coastal protection [21]. Although extensive
studies on submerged breakwaters on parametric analysis, wave-structure interaction, and
performance assessment have been published, only a few are relevant to the optimization
of varying bathymetry for submerged breakwaters [15,23].

Recently, the ideas of combining wave energy converters (WECs) with breakwaters [24-26]
and applying wave farms for coastal protection [27] were proposed for improving efficiency
and sharing costs. A varying bathymetry can be used to focus wave energy onto the
places where WECs are installed to enhance energy harvesting efficiency. Deng et al. [28]
demonstrated that an oscillating water column converter installed over a submerged
breakwater with a proper configuration can have significantly higher energy absorption
efficiency compared to a flat seafloor. Zhang et al. [29] developed a V-shape undulating
bottom that enables wave focusing for energy harvesting. However, it is not trivial to
design a bathymetry that directs shallow-water waves to a target location, and to the best
of the authors” knowledge, there is no existing tool available for this task.

The propagation of shallow-water waves over varying bathymetry is highly compli-
cated. A simplified shallow-water wave model is commonly applied with the shallow-water
approximation (depth < wavelength), small amplitude assumption (amplitude < depth,
wavelength), and smooth topography assumption (wavelength < bathymetry scale), such
that the wave propagation can be described by a standard 2D hyperbolic wave equation,
in which the effect of water depth on wave celerity is considered but the gradient of the
seafloor is neglected. On the basis of the mild-slope assumption that the relative change
in bathymetry over a wavelength is small, Li [30] derived the time-dependent hyperbolic
forms of the mild-slope equation. Chamberlain and Porter [31] and Porter and Staziker [32]
proposed the modified mild-slope equation for improved accuracy, in which the square
term of the seafloor gradient and the second derivative of bathymetry are considered.
Suh et al. [33] and Lee et al. [34] derived the time-dependent hyperbolic forms of the modi-
fied mild-slope equation and applied the resulting equations to study random waves over
varying bathymetry.

Boussinesq approximations are also widely used to study shallow-water waves; they
assume that the square of the ratio between depth and wavelength is of the same order as
the ratio between wave amplitude and depth, and both are small values. Many researchers
have contributed to developing modified Boussinesq wave models to improve dispersive
properties [35-37] and nonlinearities [38-40]. Boussinesqg-type models are applied to simu-
late shallow-water waves over varying bathymetry. Madsen et al. [41] derived a high-order
Boussinesg-type formulation enabling nonlinear wave simulations over rapidly varying
bathymetry. Gao et al. [42,43] numerically investigated the influences of bathymetry on oscil-
lations in a rectangular harbor using a fully nonlinear Boussinesq model named FUNWAVE.

Bragg resonance plays an important role in the interaction between shallow-water
waves and bathymetry. Yu and Howard [44] studied the Bragg reflection of linear waves
over periodic seafloors. Tao et al. [45] performed wave flume experiments and demon-
strated the wave-focusing effect resulting from Bragg resonance. Elandt et al. [46] designed
a set of seafloor ripples based on Bragg reflection to focus wave energy. Gao et al. [47]
studied the effects of Bragg reflection caused by a set of sinusoidal bars for harbor os-
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cillation and protection. Hao et al. [48] designed a parabolic-type bathymetry based on
the characteristics of the parabolic mirror and Bragg resonance for wave energy focusing.
Liu [49] investigated the Bragg resonance of linear shallow-water waves caused by five
types of periodic artificial bars and proposed an approximated law for the phenomenon.

Bathymetry evolves with time due to the impacts of waves, tides, currents, and ex-
treme events like tsunamis and storms [50]. Particularly for sandy or muddy seafloors,
bathymetry interacts with shallow-water waves through the effects of wave shoaling, wave
breaking, wave-induced currents, and sediment transport. Therefore, morphodynamic
modeling of bathymetry evolution should include dynamics of sediment transport and hy-
drodynamics of waves, currents, and wave—current interactions [51-54]. Marino et al. [55]
and Faraci et al. [56] experimentally investigated the orthogonal wave—current interactions
over a sloping planar beach and two rough beds, respectively. Ozkan et al. [57] reviewed
several studies on the coastal morphodynamics behind wave energy farms and concluded
that WECs generally mitigate coastal erosion. Franzen et al. [58] reviewed five engineering
applications worldwide and found that the hydro-morphodynamic effects of coastal struc-
tures are complicated: sedimentary and morphological alterations vary in magnitude and
depend on local dynamics. Goldstein et al. [59] reviewed a wide range of applications of
machine learning techniques for sediment transport and morphodynamic modeling.

In this study, the effects of water depth and gradient of the seafloor on wave propa-
gation, such as reflection and refraction, are considered, while nonlinear hydrodynamic
effects, such as wave breaking, are neglected since the amplitude of the incident waves is
assumed to be small. Furthermore, we focus on the effects of varying bathymetry on wave
propagation and confine this study without considering the evolution of bathymetry over
time because its time scale is much larger than wave motion. Therefore, sediment transport
and morphodynamic effects are neglected.

Machine learning is advancing rapidly and being applied to many disciplines. Two
of the most successful examples are applying convolutional neural networks to computer
vision [60] and applying RNNs to natural language processing [61]. Artificial neural
networks are also applied for wave energy harvesting. Bento et al. [62] used the moth—
flame optimization algorithm to configure the neural network structure and input data
selection, and then proposed an optimized deep neural network that outperforms statistical
and physics-based approaches for wave energy forecasting. Zhu et al. [63] proposed
an optimization method for the layout of WEC arrays that combines a neural network
model with an adaptive genetic algorithm and employed a MATLAB-AQWA simulator for
power computation. Lin et al. [64] employed a neural network to replace the traditional
hydrodynamic simulation tool for optimizing the buoy shape that captures the most
wave energy while minimizing the current drag. Other related works can be referred
to in reviews [65,66] and the references therein. Neural networks have been applied
to tackle wave energy problems but the network models themselves do not explicitly
embody physical meanings and generally can be modified freely to fit applications. Until
recently, Hughes and Williamson et al. [67] identified the mathematical mapping between
the dynamics of sound waves and the computations of RNNs. Based on the mapping
between sound waves and RNN models, they proposed a type of analog machine learning
hardware that can perform vowel classification on audio signals more efficiently than their
digital counterparts.

We are inspired by the work of Hughes and Williamson but with different objectives.
Here in this study, we aim to exploit the equivalence between wave dynamics and RNN
models to develop a novel machine learning method for engineering designs. Particularly,
we propose a new class of RNN to represent shallow-water waves and use it to design and
optimize varying bathymetry for directing wave energy. The feedforward in time of the
proposed RNN model is equivalent to the propagation of shallow-water waves. One of
the weight matrices in the wave-equivalent RNN model is a function of water depth, such
that the water depth is updated along with the neural network in each training epoch after
conducting the backpropagation through time. Using the proposed training setup, we are
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able to combine water wave computation and bathymetry optimization together within the
training process of the wave-equivalent RNN model. Different design objectives can be
achieved by applying various training setups, which is a significant improvement over the
traditional design method of trial and error. We expect the application of wave-equivalent
RNN for wave energy directing will inspire new development of intelligent engineering
tools and lead to new studies on physics-equivalent neural networks.

In the remainder of this paper, we first briefly review the work of Hughes and
Williamson and then introduce the proposed RNN model with the training setups for
wave directing in Section 2. The training results are presented and discussed in Section 3,
including limitations and CFD verification. The key findings and possible future improve-
ments are concluded in Section 4.

2. Materials and Methods
2.1. Computation of RNN

The computation of an RNN and how that relates to wave dynamics is briefly intro-
duced here, and more details can be found in [67]. The feedforward in time of a typical
RNN can be computed using the update and output equations, Equations (1) and (2):

hy = o™ (w<h>-hT,1 + W -xT) ; 1)

yr = o® (ww).hT), )

in which ht and hr_; are the hidden states of the neural network at time steps T and T — 1,
respectively; x is the input vector of the RNN; y is the output vector; ) () and o¥)( )
are activation functions; and W(h), W(x), and W) are the weight matrices that are updated
in every training epoch.

On the other hand, the dynamics of a scalar wave field generally can be described by
a hyperbolic partial differential equation, Equation (3):

o%u

=7 AV = f, 3)

where u(x, v, z, t) is the scalar field variable; c(x, y, z) is the wave speed; V? is the Laplacian
operator; and f(x,y, z, t) is the source term that excites the wave field. Applying the finite
difference method to Equation (3) in time domain, the wave equation can be discretized
with a time-step size of At and formulated in a matrix form as Equation (4):

upp1]  [2+ A2V 1] [ w 2 [ fe
S e s A A R @

To relate the computation of an RNN with the wave equation, we set the hidden state

u . . . .
hr = [ ;H} and consider that the input vector xt is a function of the source term f;. Then,
t

Equation (4) can be expressed as Equation (5):
hr = Achr_y + PO -xg, ®)

2+ APV -1

1 0
is equivalent to the weight matrix W(¥), Matrix A can be a function of hr_; for nonlinear
waves if the wave speed ¢ is dependent on the scalar wave field. Equations (1) and (5)
are mathematically equivalent if the activation function is neglected. Similarly, the output
equation equivalent to Equation (2) can be written as Equation (6):

in which matrix A = { is equivalent to the weight matrix W(h), and P()

yr = PO by, (6)
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in which P() is the extraction matrix that extracts output values from the wave field and is
equivalent to the weight matrix W().

Further applying spatial discretization to Equations (5) and (6), the hidden state
becomes a vector whose components are the discretized values of u in the wave field.
Then, a wave-equivalent RNN model can be developed based on Equations (5) and (6) to
represent a physical wave system.

2.2. Equations of Shallow-Water Waves

For shallow-water waves, water depth H is considered to be small compared to wave-
length L, i.e., % < 21—0, such that the dispersion relationship is simplified as Equation (7):

w=k\/zH, @)

and the phase velocity ¢ and group velocity cg are computed by Equation (8):

c=cg=/gH, ®)

in which w = ZT” is wave frequency; k = 2% is wave number; and g is the gravitational

acceleration.

Surface elevation 7(x, y, t) of shallow-water waves can be described by the simplified
shallow-water wave equation, Equation (9), if the gradient of bathymetry is neglected
under shallow water, small amplitude, and smooth topography assumptions:

& 2
When the gradient of bathymetry is considered, one can employ the mild-slope
equation whose hyperbolic form [30] is given by Equation (10):

82
6715127 — V- (ccgV) + (w? — k*ccg)y = 0. (10)
Equation (10) can be reduced to Equation (11) for shallow water, combining

Equations (7) and (8):
2

97 _

For the modified mild-slope equation, its hyperbolic form was derived with respect to
velocity potential by Suh et al. [33] and was rewritten with respect to 77 by Lee et al. [34] as
Equation (12):

8217

=2V (ccg V1) + (w? — kecg)np + w? [Rl(VH)2 + RZVZH} n=0, (12)

in which R; and R; are the second-order effect coefficients associated with the square term
of the bottom gradient and the second derivative of bathymetry, respectively. Ry and R,
are functions of k and H, whose formulations are given by Equations (13) and (14):

sech? kH
Ry = inh 2kH — 2kH cosh 2kH 1
1= S(2KH + sinh 2kE) " cosh 2kH), 13
_ k sech? kH 4 3 ; ;

+6kH (2kH + sinh 2kH) (cosh? 2kH — 2 cosh 2kH + 3)].

2.3. Wave-Equivalent RNN Model

Equations (9) and (11) are discretized in the 2D space domain and in time domain
using the finite difference method. The resulting discretized equations are converted into
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the recurrent update formulation as Equation (5) to establish a wave-equivalent RNN
model using the PyTorch machine learning package. Different from conventional RNNSs,
only matrix A is updated in each training epoch, and no activation function is applied as
both the wave and RNN models are linear. Because A is a function of varying bathymetry
H(x,y), we essentially train the equivalent RNN model to optimize varying bathymetry
for wave energy directing.

2.3.1. Recurrent Update Equation

We take the hyperbolic mild-slope equation for shallow water as an example to
illustrate the derivation of the recurrent update equation. Adding the linear viscous
damping and the source term in Equation (11), we obtain Equation (15):

%y 9 2

8t2+bat gVH-Vy —gHV?y = f, (15)
in which b is the damping coefficient. Discretizing Equation (15) using central finite
difference in time gives Equation (16):

1
Mt = 7o pag 2 (6AE =)y + gAR(VH- Vi + HV2 )] + AL fi. (16)

The matrix form of Equation (16) is given as Equation (17):

2402 (VH-V+HVE)
] - |2 | [ ) eaef]
nt 1 0 -1 0

If the VH- Vij; term in Equation (17) is neglected, then we obtain the recurrent update
equation for the simplified shallow-water wave model of Equation (9).

2.3.2. Discretized Wave Field

We spatially discretize a 2D wave field and define a new class of RNN for shallow-
water waves in PyTorch. Figure 1 shows the rectangular wave field, which is discretized
into N by M grids. The hidden state is defined by Equation (18) after spatial discretization:

T
pr = | = [l e Yl i ] )

in which the superscripts indicate the spatial location in the 2D wave field.

(0,M)
Damped Area 1.5L
0.5L
0.5L
» 0.5L
Input | o 7
_ o 0.5L
Line | 3 Trained Area ’%_t ‘ 4.0L
Source | = | cutpu
. Probes
R 3.0L o I'N
©0 x ®,0)

Figure 1. The 2D wave field formulated by an equivalent RNN model.
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The weight matrix A associated with the hidden state is defined as Equation (19):

: —1+abt . —14ApMN
A= A dlag( T A W T ) _ (19)
1 0
in which:
A
dl 2 d gt di v]. [H11 HMN T V] +di H11 HMN vZ . (20)
1ag<1+Atb11/'”/1+AfbMN)+ lag<1+Atblll”'/W>'{ lag([ }{ [ } )[ ] lag( [ )[ ]}/

Iis an MN by MN identity matrix; diag( ) denotes the diagonal square matrix of a
vector; and [ V] and [ V?] are derivative matrices that apply spatial derivation to a 2D scaler
tensor, whose components are dependent on the finite difference scheme being used. The
pMN] T

damping coefficient vector b = [b'l, - - -, is constant, such that the only varying term

in matrix A is the water depth vector H = [H ... gMN ] T The damping coefficients are
nonzero only in the outer damped region (the gray area in Figure 1) to avoid boundary
reflection. The calculation of the damping coefficient is presented in Section 2.4.3.

Water depth should only vary in the trained area and remain unchanged in the rest of
- T
HMN

the wave field. Therefore, we introduce the pseudo water depth H = [FI ..., to

limit the varying bathymetry to the trained area. Actual water depth is computed based on
the pseudo water depth and the sigmoid function using Equation (21):

Hil = H; + Hy-sigmoid (FP’J’) —H 2 1)

1+4e HY

in which 7 and j are integer indices representing spatial locations; constant H; represents
the minimum depth; constant H is the varying range of depth; and H; + H, gives the
maximum depth. When the value of pseudo depth H'l nears zero, the gradient of its
sigmoid function has meaningful values; when H/ approaches +oo, the gradient of its
sigmoid function approaches zero (see Figure 2). In the latter case, the backpropagation
algorithm would not be able to update the pseudo depth because of the vanishing gradient,
and therefore the actual water depth would remain unchanged. For the initial condition,
we set the pseudo depth in the trained area equal to zero and in the rest of the wave field
equal to 1 x 108, such that the actual water depth is updated only within the trained area
and is always equal to H; + Hj in the rest area.

1

—Sigmoid
0.8 —Derivative of Sigmoid
0.6
0.4+~ ]
0.2
0 I I el T
-10 -8 -6 -4 -2 0 2 4 6 8 10

Figure 2. Value and gradient of the sigmoid function.

2.3.3. Inputs and Outputs

The input vector is defined by Equation (22) as the surface elevations at the location
of a line source that generates a regular sinusoidal incident wave propagating from left to
right across the wave field (Figure 1):
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Xr = 0 :|:t/"'/t sJt 7 )t /0/"'10 ’ (22)
in which
ij _ fcosinwt, i=rcy, cp<j<c3 (23)
t 0, otherwise

co and w are constants that determine the wave amplitude and frequency of the incident
wave; c1, €2, and c3 are constants that determine the location of the input line source. The
weight matrix P(*) is not used in this study since the surface elevations at the input locations
are directly employed as the input vector.

In this study, we place output probes at the selected locations and use Equation (24) to
extract the surface elevations at these locations as the output vector of the RNN:

Plll,"' ,PlMN,(),...,O

yr = plo). [ﬂtﬂ] _

T
" e ol N ] 2

p11<1,... ,p{(\/IN,Q,... ,0

in which L oiexi—y
ij _ )L 1= A ] = g
Pe = {O, otherwise ’ (25)
k is an integer index; K is the number of output probes; and constants X and Y, determine
the location of the k-th output probe.

Equations (18)—(25) are the fundamental equations used to develop the new class of
RNN for shallow-water waves in PyTorch. PyTorch provides the autograd function that
computes gradients following the chain rule as long as the feedforward computations are
defined, which enables the easy implementation of backpropagation through time for the
new RNN class. The wave-equivalent RNN model updates the pseudo water depth for the
complete wave field after each training epoch, but only effectively changes the bathymetry
in the trained area. The equivalent RNN model can be trained with various training setups
to obtain different optimized bathymetry according to design objectives.

2.4. Training Setups
2.4.1. Initial Conditions and Training Target

We set ht—¢ = 0 as the initial condition for the wave field. Because the pseudo water
depth is initially set to zero in the trained area and 1 x 108 in other areas, the initial water
depth is Hy + 0.5H; in the trained area and Hj + H, otherwise.

The output time histories of surface elevations at the output probes are squared and
integrated over time using Equation (26) to compute the accumulated energies at these
probe locations:

2
" fOT sigmoid(t — Tp)- (th1¥1> -dt
y=1:|= 3 : (26)
vk T XY\ 2
Jo sigmoid(t — T0)~<17t ) -dt

in which Tj is the starting time of sampling. The application of sigmoid(f — Tp) in
Equation (26) allows truncating the wave series before Tp without undermining the autograd
function in PyTorch. We choose Tj as the time when the complete wave field is fully pop-
ulated with incident wave, such that the computation of accumulated energy would not
be affected by the variation in distance between the line source and output probes. The
accumulated energy vector is further normalized to obtain the energy distribution among

the output probes: j = [y, - - - ,yK]T = o—ly1, - yk]Tand 0 < <1l

Ao vk
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In order to focus wave energy on a designed location, we need to place one of the
output probes at the designed location and set the training target as a one-hot vector:
Yiarget = Uy, ---, UK]T, in which Uy = 1 if the k-th output probe is the selected focal point;
otherwise, Uy = 0.

2.4.2. Loss Function and Optimization

We employ the negative log-likelihood loss function offered in the PyTorch package,
torch.nn.NLLLoss(input, target), to compute the loss value using 7 as the input and y,,,.,
as the target. The loss value of our particular training setup is a negative scalar between
0 and —1. Perfect wave focusing would be achieved if the loss value reaches —1, which
means the energy distributing among all output probes is 100% concentrated at the target
focal point.

We employ the root mean square propagation (RMSprop) optimizer in PyTorch
(torch.optim.RMSprop) to train the wave-equivalent RNN. RMSprop is a backpropagation-
through-time algorithm developed based on the stochastic gradient descent algorithm,
Adam optimization algorithm, and the momentum method. Essentially, in the proposed
training setup, the optimizer computes the gradients of the loss value with respect to the
pseudo water depth H and updates H to minimize the loss value (approaching to —1),
which yields the optimized varying bathymetry in the trained area for wave focusing.
Detailed equations and discussions on the loss function and optimization algorithm are
available in PyTorch documentation [68] and are beyond the scope of this paper.

2.4.3. Model and Training Parameters

The wave field modeled is a 7L x 7L rectangle with a 3L x 3L square trained area
inside. The grid size is selected as ﬁ, such that N = M = 280. Seven default output probes
are placed on the right edge of the trained area. Additional probes can be freely added in
any location within the wave field based on research or design purpose. Other detailed
sizes are presented in Figure 1.

The incident wave height is set to 0.05 m (cp = 0.025 m) and water depth can vary
between 0.5 m to 0.3 m in the trained area (H; = 0.3 m, Hy = 0.2 m), which are also applied
to the other five cases in this section. To eliminate the reflection from the boundaries, the
damping coefficients of each grid are computed using Equation (27):

bz’j_{\/bgcz—i-b]f, i<600ri>220,j<60o0rj>220 27)

0, otherwise
in which A
. 10- (60 1) . i<60
® ; (28)
x 10-( =220 s 220’
() iz
60—i\% .
(W]) j <60

10( %) j>220 @)

The wavelength L = 10 m is considered, which is 20 times the depth (H; + H = 0.5 m).
The resulting period of the shallow-water waves is T = 4.588 s (w = 1.369 rad/s). The
time-step size is selected as At = 6%. The total simulation time is 20T, and the starting time
of sampling is set to Tp = 7T.

The learning rate employed is determined by training tests. It has been found that the
best learning rates yielding the best wave-focusing results for various cases are around 1,
which is much higher than that of traditional neural networks. We expect that the absence
of an activation function and the linear nature of the wave and RNN models are the reasons
such a large learning rate can be effectively applied.
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2.5. Workflow

Figure 3 shows an example of the overall workflow for the proposed method. In each
training epoch, the training process includes the following steps: (a) a regular incident
shallow-water wave is generated by a series of inputs and propagates over the varying
bathymetry for 20T; (b) the time histories of surface elevation at the output probes are
integrated for the last 14T and normalized to compute the relative wave energy distribu-
tion among output locations; (c) the negative log-likelihood loss function and RMSprop
optimizer are invoked to compute the loss value and update the pseudo water depth for
the next epoch.

Feedforward in time

et

o 0.1 Foculsing 0
e — N 0.5 point o7 |7
Input — Qutput . _ 1.
—_ = : = 0_2 = 0
, e m—) ¥ ) mp ¥ =02) Yo = |0
/' integration K1 normalization .
o 0.1 0

Wave-equivalent
RNN

1

Depth = Matrix _ RMSprop Negative log-likelihood
HY A update optimizer . loss function

e e e e e e ————

Backpropagation through time
Figure 3. Illustration of the wave-equivalent RNN workflow for a training epoch.

The proposed training process fits in the paradigm of supervised learning: the ob-
jective is to learn an optimal bathymetry that directs incident waves (features/inputs) to
a designed focusing location represented by a one-hot vector (label/target). The wave-
focusing problem is effectively converted into a classification problem after defining the
wave-equivalent RNN model. In a typical classification problem, the network is trained to
output the correct classification predictions for the input data, while for wave focusing, the
RNN is trained to distribute the input energy to the designed location, or in other words,
to “classify” the input into the particular category that is specified by a designer. Figure 4
shows the snapshots of wave propagation over the optimized bathymetry computed by a
trained wave-equivalent RNN, in which the circles are output probes.
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Figure 4. A series of snapshots of the wave field computed within a single training epoch.
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3. Results and Discussion
3.1. Reflection and Refraction

Wave directing is achieved through different wave dynamics, such as reflection and re-
fraction. Different wave-focusing bathymetry can be obtained by changing the arrangement
of output probes and the selection of the focal point out of the probes. Six different cases are
studied using the proposed RNN approach in this section, revealing the directing effects of
reflection and refraction of shallow-water waves. Both the simplified shallow-water wave
equation (Equation (9)) and the hyperbolic mild-slope equation (Equation (11)) are used to
develop the equivalent RNN models for training.

In the first case, the focal point is placed at the midpoint of the front edge of the trained
area, and other probes are placed evenly at the rear edge to prevent wave energy from
passing through the trained area. Figure 5 shows (a) the final optimized bathymetry and the
arrangement of probes; (b) the snapshot of wave elevation over the optimized bathymetry
when maximum wave height occurs; and (c) the changing values of the loss function in
training, all computed using the equivalent RNN model of Equation (9). The corresponding
results computed using the equivalent model of Equation (11) are presented in Figure 6.
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Figure 5. Results of the first case from the equivalent RNN model of Equation (9) (learning rate = 0.9):
(a) optimized bathymetry with probes; (b) snapshot of wave elevation; (c) loss values of training.
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Figure 6. Results of the first case from the equivalent RNN model of Equation (11) (learning rate = 1.2):
(a) optimized bathymetry with probes; (b) snapshot of wave elevation; (c) loss values of training.

For the first case, the final optimized topographies obtained, respectively, using the
simplified equation and the mild-slope equation are nearly identical. Both topographies
have curved strips, clearly implying the Bragg reflection and parabolic reflector phenom-
ena. The interval distance between these stripe bulges is half of the incident wavelength.
Although both equivalent RNN models produce optimized topographies that successfully
reflect and focus wave energy to the designed target location, the mild-slope equation
predicts a noticeably different wave field: the maximum wave height is exactly at the focal
point for the simplified model (Figure 5b), while for the mild-slope model, the maximum
wave height occurs at two locations near the selected focal point (Figure 6b). Therefore, the
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final loss value of the simplified model is much smaller than that of the mild-slope model
(Figure 5¢ vs. Figure 6c).

In the second case, the focal point is placed in the middle of the trained area. Figure 7
presents the results from the simplified model. Curved stripes exist behind the focal point
to produce Bragg and parabolic reflection for wave focusing. An arrowhead-like bulge on
the bottom appears in front of the focal point. This bathymetry feature guides the wave to
the focal point via refraction and reflects the wave from the stripes back to the focal point.
The final bathymetry optimized and wave propagation predicted by the mild-slope model
are very similar to those of the simplified model.
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Figure 7. Results of the second case from the equivalent RNN model of Equation (9) (learning
rate = 0.9): (a) optimized bathymetry with probes; (b) snapshot of wave elevation; (c) loss values
of training.

In the third case, the focal point is selected as the midpoint of the rear edge, which implies
that wave energy should pass the trained area only through the middle. Figures 8 and 9
show the results from the simplified and the mild-slope models, respectively. The final
topographies optimized by the two different RNN models share the same general layout
but with different details (Figure 8a vs. Figure 9a). The refraction effect plays a major role
in wave directing, and no reflection stripe is found. As shown in Figures 8b and 9b, the
incident wave bends and converges to the designed focusing location as it passes over the
optimized bathymetry.
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Figure 8. Results of the third case from the equivalent RNN model of Equation (9) (learning rate = 0.9):
(a) optimized bathymetry with probes; (b) snapshot of wave elevation; (c) loss values of training.
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Figure 9. Results of the third case from the equivalent RNN model of Equation (11) (learning
rate = 1.0): (a) optimized bathymetry with probes; (b) snapshot of wave elevation; (c) loss values

of training.

To study how varying bathymetry redirects wave energy asymmetrically, the focal
point is placed, respectively, at the start point, midpoint, and end point of the upper edge of
the trained area in the fourth, fifth, and sixth cases. The results predicted by the simplified-
equation RNN model and by the mild-slope-equation RNN model are essentially similar,
and therefore, we only present the results from the mild-slope model in Figures 10-12 for
the fourth, fifth, and sixth cases.
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Figure 10. Results of the fourth case from the equivalent RNN model of Equation (11) (learning
rate = 1.2): (a) optimized bathymetry with probes; (b) snapshot of wave elevation.
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Figure 11. Results of the fifth case from the equivalent RNN model of Equation (11) (learning
rate = 1.2): (a) optimized bathymetry with probes; (b) snapshot of wave elevation.
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Figure 12. Results of the sixth case from the equivalent RNN model of Equation (11) (learning
rate = 1.2): (a) optimized bathymetry with probes; (b) snapshot of wave elevation.

The following observations were noticed from the results shown in Figures 10-12.
Firstly, the optimized topographies successfully achieve wave focusing as designed. Sec-
ondly, for the fourth and fifth cases in which the reflection effect is dominant, the resulting
topographies have curved stripe bulges similar to their symmetrical counterparts, the first
and second cases. Lastly, the refraction effect is dominant in the sixth case but works
differently compared to the third case: the curved stripe bulge slows down and guides the
wave toward the focal point, where the guided wave merges with the incident wave with a
phase delay of 27t (see the illustration in Figure 12b).

The effectiveness of wave energy focusing is compared for the six tested cases. The
maximum wave height and the energy-focusing factor of the wave field over the optimized
bathymetry are listed in Table 1. The energy focusing factor is computed as the ratio
between the energy flux at the focusing location with the maximum wave height and the
energy flux of the incident wave. The simplified shallow-water wave equation generally
predicts a more significant wave-focusing result than the mild-slope equation, especially
for reflection focusing, because the simplified equation rigorously conforms to Bragg’s
law. The topographies optimized using the proposed approach effectively converge wave
energy to the designed locations. The maximum wave heights that appear at or near the
target focal point are about 3 to 4 times as large as the incident wave height, resulting
in energy fluxes that are around 8 to 15 times greater than the incident wave. The most
significant focusing effect is observed when the target probe is placed in the middle of the
trained area. The incident wave is reflected by the curved stripes behind the focal point,
and the resulting reflected wave can be reflected again by the arrowhead-like bulge in the
front, which forms an energy trap for shallow-water waves.

Table 1. Effectiveness of wave energy focusing.

Case Focal Point Model Maximum Wave Height Energy Focusing Factor
. simplified equation 0.203 m 16.5
lst middle-front mild-slope equation 0.152 m 9.24
. simplified equation 0.208 m 17.3
2nd middle mild-slope equation 0.185m 13.7
. simplified equation 0.142 m 8.07
3rd middle-rear mild-slope equation 0.162 m 10.5
. simplified equation 0.172m 11.8
4th upper-front mild-slope equation 0.144 m 8.29
o simplified equation 0.176 m 12.4
5th upper-middle mild-slope equation 0.148 m 8.76
6th upper-rear simplified equation 0.145m 8.41

mild-slope equation 0.132 m 6.97
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3.2. Evolution of Bathymetry

The bathymetry in the trained area is updated after each training epoch and evolves
to the final optimized result. In this section, we select the first and third cases in Section 3.1
as examples to show the evolution of bathymetry during the training process. Figure 13
shows the topographies of the first case updated after the 1st, 10th, and 50th training
epochs computed using the simplified model. Similarly, Figures 14 and 15 present the
evolution of the bathymetry in the third case trained by the simplified and mild-slope
models, respectively.
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Figure 13. Evolution of bathymetry of the first case trained by the equivalent RNN model of
Equation (9) with a learning rate of 0.9.
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Figure 14. Evolution of bathymetry of the third case trained by the equivalent RNN model of

Equation (9) with a learning rate of 0.9.
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Figure 15. Evolution of bathymetry of the third case trained by the equivalent RNN model of
Equation (11) with a learning rate of 1.0.

The proposed wave-equivalent RNN models work efficiently, and a relatively large
learning rate (0.8 to 1.2) can be applied. Especially for reflection focusing, the bathymetry
shows the curved stripe features and the loss value drops dramatically after just one
training epoch (see Figures 5c, 6¢ and 13). For refraction focusing, the general layout of the
optimized bathymetry is obtained just after the first epoch, but detailed configurations of
the terrain take more training to appear (Figures 14 and 15).
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3.3. Limitations and CFD Verifications
3.3.1. Limitations of the Proposed Method

The proposed machine learning method is subject to several limitations. First of all,
the hydrodynamic effects considered are limited by the hydrodynamic model employed.
The wave-equivalent RNN models in this work are developed, respectively, based on the
simplified shallow-water wave equation and the mild-slope equation, and the resulting
RNN models are linear without consideration of wave breaking or wave-induced current.
Therefore, applications of these RNN models should conform to the assumptions of shallow
water, small amplitude, and smooth topography. Secondly, the placement of the output
probes is critical in the training process and requires the users to have a basic understanding
of wave mechanics. The probes should spread evenly around the control wave field and
the focusing probe must be placed at a physically possible location for wave focusing.
For example, the training cannot converge if the focusing probe is placed far away from
the trainable bathymetry or it is surrounded by other wave-canceling probes. The wave-
equivalent RNN simply cannot provide an optimized result that is beyond the physics
of the wave system. Third, the final bathymetry and/or the wave field optimized by the
RNN model may not conform to the original assumptions because the wave system has
been modified during the training process. For instance, the optimized topography may
not be smooth or wave breaking might occur at the focusing point. Further verification
or an upgrade of the RNN using a more advanced wave model should be considered for
such scenarios.

Morphodynamic effects are neglected in the present method as we assume the spa-
tially varying bathymetry is fixed in time. There are several implications of neglecting
morphodynamic effects. First, the application of the present method to sandy or muddy
seafloors requires further morphodynamic evaluation for long-term feasibility, because
the bathymetry may evolve rapidly after construction and neutralize its design purpose.
Second, the survivability of optimized bathymetry needs additional nonlinear hydrody-
namic and morphodynamic modeling for extreme conditions, such as a tsunami or storm
surge. Third, shoreline response to an optimized topography is not readily available in the
present method due to the lack of morphodynamic modeling, which is critical for coastal
protection applications.

In addition, constructing underwater topography on a large scale could be rather expen-
sive. Although the scope of this paper is the technical feasibility of the proposed machine
learning method, the economic feasibility is to be investigated in a real-world scenario.

3.3.2. CFD Numerical Wave Tank Verifications

In this study, we noticed that no wave breaking occurs because the wave steepness
at the focusing location remains small for the small-amplitude incident wave. However,
the optimized topographies have sharp edges, and the smooth topography assumption
is no longer valid. Therefore, we developed a CFD numerical wave tank based on the
FLOW-3D software to verify the wave-focusing effects of the optimized topographies and
the effectiveness of the proposed approach. Three simulation cases were carried out for
both reflection and refraction effects. The topographies optimized using the two equivalent
RNN models are nearly identical in the first case of Section 3.1; therefore, we only employed
the bathymetry in Figure 6a for CFD simulation to verify the reflection focusing effect. For
the refraction effect, we selected the two topographies of the third case in Section 3.1, which
were, respectively, optimized by the simplified and the mild-slope models.

Viscous fluid and the k-w Reynolds-averaged Navier-Stokes turbulence model were
employed in the CFD simulations to capture the effects of bottom friction and turbulence
around the sharp edges. Figure 16 shows the configuration of the CFD wave tank and the
bathymetry model of the first simulation case. The wave tank was 65 m (6.5L) in length,
20 m (2L) in width, and 0.8 m in height, including a water layer of 0.5 m and an air layer
of 0.3 m. A damped zone was placed in the range between x = 55 m and x = 65 m with a
damping coefficient of 5. The inlet boundary at x = 0 was a wave boundary, and an outflow
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boundary was set at x = 65 m. The upper boundary at z = 0.8 m was set as a specified
pressure boundary for the atmosphere, and the bottom at z = 0 was a non-slip wall boundary.
Since the bathymetry is symmetrical, only half of the wave field was simulated using a
symmetry boundary. The Stokes and Cnoidal option was selected for the wave boundary
to generate the incident wave with a wave height of 0.05 m and a period of 4.588 s. The
timestep size was fixed at 0.01 s. The grid sizes in the x, y, and z dimensions were 0.2 m,
0.2 m, and 0.02 m, respectively. A validation case was performed first without varying the
bathymetry to test the generation of the incident wave (Figure 17), which matched well
with the target shallow-water wave. Overlapping grids were applied to model the terrain
of varying bathymetry, whose horizontal dimension was set to 0.05m based on the tests of
convergency. The total number of grids, depending on the different bathymetry, was about
3 million for each case.

Symmetry , \‘) ? ) t} \ \

(b)

Figure 16. Configuration of the CFD wave tank: (a) dimensions and boundaries; (b) model of
varying bathymetry.

0.025
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-0.025

Volume of Fluid

0.0 13.0 26.0 39.0 52.0 65.0
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Figure 17. Validation of the incident wave without varying bathymetry.

For the first simulation case, Figures 18 and 19 show the wave field and the surface
elevation in the symmetrical plane for two different timesteps, respectively. The maximum
wave height observed in the simulation is 0.12 m, and it occurs on the center line at around
x = 22.7 m. Two secondary focal points are also observed at x = 17.6 m and x = 27.2 m.
Although the numerical simulations are computed based on a different wave theory and
viscous fluid, the reflection focusing effect was successfully verified by the numerical wave
tank experiments. The CFD simulation results are close to the prediction of the mild-slope
equation, compared to Figures 5b and 6b.
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0 3
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Figure 18. Results of the first simulation case for timestep ¢ = 76.42 s: (a) wave field of surface

elevation; (b) surface elevation in the center vertical plane.
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Figure 19. Results of the first simulation case for timestep ¢t = 78.99 s: (a) wave field of surface
elevation; (b) surface elevation in the center vertical plane.

The results of the second and third simulation cases are presented in Figures 20 and 21,
showing the moments when the highest wave peaks appear. The topographies opti-
mized by the simplified and the mild-slope models are simulated, and both topographies
demonstrate shallow-water wave focusing through the refraction effect at the location at
x = 48 m ~ 52 m on the center line. The bathymetry optimized by the simplified model
yields a maximum wave height of 0.11 m, while the bathymetry optimized by the mild-
slope model results in a maximum wave height of 0.10m. Comparing Figures 20a and 21a
to Figures 9b and 10b, respectively, the mild-slope equation model predicts closer results
to the CFD simulation.

Volume of Fluid

(b)

Figure 20. Results of the second simulation case for timestep f = 57.60 s: (a) wave field of surface
elevation; (b) surface elevation in the center vertical plane.
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Figure 21. Results of the third simulation case for timestep t = 65.01 s: (a) wave field of surface
elevation; (b) surface elevation in the center vertical plane.

4. Conclusions

In this paper, we propose a novel machine learning approach to design and optimize
spatially varying, temporally fixed bathymetry for directing shallow-water wave energy
using wave-equivalent RNN. Two wave-equivalent RNN models were developed to em-
body the simplified shallow-water wave equation and the mild-slope equation, utilizing
the mathematical mapping between wave dynamics and the computation of RNN. The
wave-equivalent RNN models were trained with various training setups, and the training
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results were analyzed and discussed. A CFD wave tank was also developed to verify the
wave-focusing effect of the optimized topographies. The following main conclusions can
be drawn from this study:

(1) Shallow-water waves can be effectively directed using varying bathymetry, in which
Bragg reflection and refraction effects play important roles.

(2) Reflection generally offers better wave-focusing results than refraction.

(3) The mild-slope equation RNN model provides closer results to CFD simulations
because the slopes of bathymetry are taken into account, compared to the simpli-
fied model.

(4) The equivalence between the dynamics of wave systems and the computation of
RNN models offers a promising basis to develop intelligent machine learning tools
for solving engineering problems.

As discussed in Section 3.3.1, the present method is subject to some limitations. Its
applicability depends on the wave model used to develop the wave-equivalent RNN and
its reliability relies on a proper setup of the output probes and the training target. Here, we
highlight several possible extensions of the present study:

(1) More complicated equations of a shallow-water wave system can be applied to de-
velop more accurate equivalent RNN models to improve real-world efficacy. For
example, a Boussinesg-type wave model including the wave breaking and wave-
induced current formulations can be applied for hydrodynamic modeling.

(2) A sediment transport module can be added into the wave system to enable morpho-
dynamic modeling in the RNN, such that the bathymetry outside the trainable area
(construction zone) can interact and evolve with wave motions.

(3) The output of the RNN model and the corresponding training target can be revised to
serve various engineering purposes. For instance, the velocity or sediment concentra-
tion in the wave field can be defined as the output for the study of shoreline erosion.

(4) Irregular incident waves can be easily implemented without modification to the
proposed approach.
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