
PHYSICS INFORMED NEURAL NETWORKS TO MODEL THE
HYDRO-MORPHODYNAMICS OF MANGROVE ENVIRONMENTS

Majdi Fanous1, Alireza Daneshkhah1, Juntao Yang3, Jonathan M. Eden2, Simon See4,1,
Vasile Palade1

1Centre for Computational Science & Mathematical Modelling
Coventry University, UK

e-mail: {fanousm2, ac5916, ab5839}@coventry.ac.uk

2 Centre for Agroecology, Water and Resilience
Coventry University, UK

e-mail: ac6218@coventry.ac.uk

3 NVIDIA AI Technology Center, NVIDIA, 8 Temasek Blvd, Singapore 038988, Singapore
e-mail: yjuntao@nvidia.com

4 NVIDIA AI Technology Center, NVIDIA, Santa Clara, USA
e-mail: ssee@nvidia.com

Keywords: Climate modelling, Hydro-morphodynamic Modelling, Machine Learning, Physics-
informed neural networks, Mangrove environments.

Abstract. Modelling the hydro-morphodynamics of mangrove environments is key for imple-
menting successful protection and restoration projects in a climatically vulnerable region. Nev-
ertheless, simulation of such dynamics is faced with computational and time constraints, given
the nonlinear and complex nature of the problem, which could become a bottleneck for large-
scale applications. The recent advances in machine learning, specifically, in physics-informed
neural networks (PINNs), have gained much attention due to the potential to provide fast and
accurate results, while preserving the binding physics laws and requiring small amounts of data
in contrast to other neural networks. In this sense, such networks encode the physics equations
into the neural network, and the latter must fit the noisy observed data whilst minimising the
equation residual. This study investigates the application of PINNs to quantify the capacity
of mangrove environments to attenuate waves and prevent erosion, and represents the first ap-
plication of PINNs to model vegetation for a large-scale geographical domain with complex
boundary conditions. Navier–Stokes, the broadly used mathematical equation to solve for fluid
dynamics, is used as the governing equation that constrains the neural network to respect the
conservation of mass, energy, and momentum. The Sundarbans, the largest mangrove forest in
the world located between India and Bangladesh, is taken as a case study. The results demon-
strate that the developed model is superior when compared to a numerical finite element model,
in terms of time and data efficiency, yet produces equally strong overall results.
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1 INTRODUCTION

Climate change is leading to rising sea levels and increased coastal erosion around the world.
As the Earth’s temperature increases, the polar ice caps and glaciers melt, causing sea levels to
rise. This poses a threat to low-lying coastal areas, as well as small islands, which are at risk
of being inundated by the rising waters. In addition, the warming of the oceans is causing more
intense and frequent storms, which can lead to more erosion of coastal areas.

Recent studies have shown that natural ecosystems, such as mangrove environments, are
effective at attenuating waves and preventing erosion due to their complex root structure [10,
14, 5]. Such root structure generates friction, which decreases the incoming waves’ energy. In
addition, it helps trap the sediments thus preventing erosion. Mangrove environments have
been recommended by the Inter-Governmental Panel on Climate Change (IPCC) under the
ecosystem-based adaptation (EbA) to mitigate climate change impacts [8].

EbA is an important approach for addressing the impacts of sea-level rise and coastal erosion.
For example, natural coastal defenses, such as mangroves and salt marshes, can help to protect
against the impacts of storms and flooding. EbA can help to identify and prioritise the most
effective and sustainable ways to adapt to the impacts of climate change, such as through the
restoration of natural habitats or the protection of existing ones [15].

In order to implement successful EbA solutions, there is a need to develop an accurate sim-
ulator to the area of interest [13]. This helps in gaining better understanding of the dynamics
of the region especially in the presence of mangrove environments. For example, an accurate
model can provide accurate results for different climate change scenarios. Nonetheless, simu-
lating such dynamics is non-trivial as it is faced by computational and time complexities [9].
This is particularly true when using the traditional numerical models such as finite difference,
finite volume, or finite element methods to model large and complex regions.

One of the key advances recently in the field of machine learning is in physics-informed
neural networks (PINNs), which have received considerable attention in modelling applications
for providing fast and accurate results when compared to traditional numerical models [11, 7].
These models make use of the physics equations as regularisation terms and are implemented
as penalty terms in the loss functions [2]. In this work, we use Navier–Stokes equations, that
model the hydro-morphodynamics, in the PINNs model. The applicability and accuracy of
the developed model is assessed against the simulation results obtained from the finite element
model (FEM) developed for the selected case study.

This paper proposes employing PINNs in order to model the hydro-morphodynamics of
mangrove environments. We take the Sundarbans, the largest mangrove forest in the world, as a
case study to examine the performance of such networks in modelling the dynamics for a large
domain with the complex boundary conditions. This paper is organised as follows: we discuss
the motivation of using surrogate models to replace traditional numerical models in Section 2.
Then, we explore PINNs, their usage, building blocks, and advantages in Section 3. In Sec-
tion 4 we use the Sundarbans case study to showcase the performance of PINNs in modelling
hydro-morphodynamics for the real-world scenarios. Finally, Section 5 concludes our work and
provides insights into different usages of the proposed method.

2 MOTIVATION

Traditional numerical solvers’ accuracy rely on the resolution of input data such as bathymetry,
topography, mesh, and tidal data in the case for solving computational fluid dynamics (CFD)
problems. Furthermore, the user has to have significant experience working with different pa-
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rameter values such as viscosity and friction in order to improve the accuracy of the simulation.
Figure 1 shows the mesh that we developed to model the hydro-morphodynamics at the Sun-

darbans region. Simulating the Hydro and Morpho (sediment transport) dynamics for this large
and irregular region with complex boundary conditions is computationally very expensive as it
required spinning-up the hydrodynamics in order to avoid instability and inaccurate solutions
when solving for the morphodynamics. In addition, solving equations such as Navier–Stokes
too many times, required by the conventional approaches, such as Markov Chain Monte Carlo
methods, to simulate the hydrodynamics and sediment concentration change, and Exner to cal-
culate bed-level change, is computationally very expensive.

In our case, spinning-up the hydrodynamics took approximately 36 hours whereas modelling
the morphodynamics took approximately 12 hours with a morphological acceleration factor ap-
plied to speed-up the bedlevel evolution. If the morphological acceleration factor was removed,
the morphodynamics simulation would have taken around 18 days. Finally, any change in the
parameters of the model would require repeating the full experiments again, thus increasing the
time complexity significantly. This would make the process of conducting sensitivity analysis,
uncertainty quantification and modelling different climate change scenarios extremely ineffi-
cient.

Figure 1: Mesh used to simulate the hydro-morphodynamics at the Sundarbans region. The
mesh resolution varies from 1.5km at the coast to 8km deep at the sea.

Deep neural networks are fundamentally known to be able to approximate any continuous
function given appropriate weights [17]. The main challenge in these networks is to properly
train them by choosing the most suitable number of layers, activation function, and then training
the network with enough data so that they can produce accurate outputs. Once the network is
trained, predicting outputs given ‘unseen’ inputs is substantially fast and requires a fraction of
the computational cost needed to run the numerical model as they do not need to be re-trained
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[16]. This aspect of neural networks makes them suitable to replace some complex solver,
such as numerical models, in a concept known as surrogate modelling. However, as stated
above, the main challenge is in training these networks, and this issue arises specifically when
using such networks to replace CFD solvers, since it is very expensive to run these solvers
and generate large enough data, required to train the neural networks. In addition, using deep
neural networks to predict the dynamics might produce physically impossible results as these
are black-box models and the user has no access to the processes inside them. As a result, the
output might not be reliable and could provide the results that are not accurately explainable.

PINNs have emerged as a bridge to connect governing physics laws with deep neural net-
works and benefit from both fields. PINNs do not require large data to train the model and can
even be trained without any data [11]. PINNs would add an equation loss term to the network
loss function, and then the model would tend to minimise both of these losses using Adam
optimiser or LBFGS. That loss term would provide the network with a measure of the misfit,
also known as residual, between the predicted gradients and the actual gradients in the differen-
tial equation which is implemented using automatic differentiation. This would ensure that the
network would produce physically possible solutions by constraining the outputs of the neural
network. Furthermore, once properly trained, the network would be able to provide fast predic-
tions without the need to retrain it. We will explain the building blocks of PINNs, in Section 3,
in more detail.

3 PHYSICS-INFORMED NEURAL NETWORKS

The general form of the solutions of partial differential equations (PDEs) can be expressed
as

ut + N [u;λ] = 0, x ∈ Ω, t ∈ [0, T ] (1)

where u(t, x) is the solution and N [.;λ] is a general linear or nonlinear operator with the
system parameters λ. The terms t and x are the time and space inputs of the system, respectively.
The spatial domain Ω can be bounded based on prior knowledge of the dynamical system, and
[0, T ] is the time interval within which the system evolves. As N is a differential operator, one
must, in general, specify the initial conditions u(x, 0) and/or the boundary conditions u(x0, t0)
in order to properly define the problem and allow to solve Eq.(1).

This form encapsulates a wide range of problems where N can be parabolic, hyperbolic, or
elliptic that model fluid dynamics, heat conduction, or steady-state diffusion, respectively.

For a two-dimensional problem, and following [11], u(x, y, t) is approximated by a fully
connected network f(x, y, t), which takes the coordinates (x, y, t) as inputs and provides the
corresponding outputs, uN (x, y, t). The neural network is composed of multiple hidden layers,
as shown in Figure 2, where each hidden neuron contains a weight wi,j , bias bj , and a nonlinear
activation function σ such as hyperbolic tangents, ReLUs, leaky ReLUs, ELUs. or Swish[2].

We apply automatic differentiation [11] in order to determine f(x, y, t) by computing the
required derivatives of u(x, y, t). Thus, f(x, y, t) and u(x, y, t) share the same parameters but
with different activation functions due to the presence of the differential operation N . The
ability to apply automatic differentiation in PINNs is what makes them attractive as it is able
to produce exact derivatives. As a result, there is no requirement for any form of discretisation
using traditional methods such as finite differences, finite volumes, or finite element model,
which eliminates the discretisation error.

The parameters of the neural network can then be learned by minimising the mean squared
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Figure 2: Physics-informed neural network (PINN) architecture. The inputs to the network
are the time and space coordinates, which are passed through a deep fully connected neural
network to obtain the desired quantities of interest such as water elevation (n), velocity (U) in
both x and y directions, and sediment concentration (c). Then, gradients of the network’s output
with respect to its input are computed at these locations using automatic differentiation. Finally,
the residual of the underlying differential equation is computed using these gradients and added
as an extra term in the loss function in addition to the data loss.

error loss defined as follows

L = L0 + Lb + Lr, (2)

with

L0 =
1

N0

N0∑
i=1

∥∥u (xi, yi, 0)− I i
∥∥2

Lb =
1

Nb

Nb∑
i=1

∥∥u (xi, yi, ti)−Bi
∥∥2

Lr =
1

Nr

Nr∑
i=1

∥∥u (xi, yi, ti)− ri
∥∥2

(3)

where L0, Lb, and Lr represent the initial loss, boundary loss, and the residuals of the
governing equations, respectively; all of which are calculated on a finite set of collocation
points. In addition, I i, Bi, and ri are the initial, boundary, and domain solutions of these
collocation points respectively. Finally, the obtained residuals are minimised by tuning the
neural network parameters using either a gradient descent optimiser such as Adam or L-BFGS-
B, a quasi-Newton optimization algorithm [3].

4 CASE STUDY: PINNs for Modelling the Hydro-Morphodynamics of Mangroves

4.1 Governing equations

In this section, we will discuss the PDE equations used to model the hydro-morphodynamics
of mangrove environments. In addition, we discuss the spatially varying parameters used to
accurately model the mangrove environments in the selected case study region.
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By depth-averaging from the bed, zb, to the water surface, η, the hydrodynamic equations of
the 2D model are developed. With respect to the boundary conditions, a kinematic boundary
condition is applied to the water surface as a free moving boundary, where the bed is assumed
to be impermeable, i.e water does not pass through the bed. Therefore, the nonlinear shallow
water equations used in this model are:

∂η

∂t
+∇ · (hu) = 0, (4)

∂u

∂t
+ u · ∇u− ν∇2u+ g∇η = 0, (5)

where h = η − zb is the depth, ν is the turbulent kinematic eddy viscosity, and u is the
depth-averaged velocity vector, where its components, u1 and u2, represent flow in the x and y
direction, respectively (see [4] for further details).

With respect to the morphodynamics, we take a Eularian approach, which takes the con-
centration of sediment particles and calculates sediment dynamics using an advection-diffusion
equation. Combining diffusion and dispersion effects, having a long sedimentation process, the
depth-averaged sediment concentration becomes:

∂

∂t
(c̄) +

∂

∂x
(u1c) +

∂

∂y
(u2c) =

∂

∂x

[(
es
∂c̄

∂x

)]
+

∂

∂y

[(
es
∂c̄

∂y

)]
(6)

where c̄ is the sediment concentration, es is the sediment turbulent diffusivity coefficient given
by es = vhs /σs in which vhs is the horizontal viscosity and σs is the turbulent Schmidt number.

Since the PINNs model does not take into account any topography/bathymetry of the region,
we modelled the mangrove effect at the land border by imposing a no-slip (u1 = u2 = 0)
boundary condition.

Finally, to introduce tidal waves, we implemented a periodic boundary condition at the sea
to introduce a tidal elevation using the following equation

Elevation = A sin (2πtl/T ), (7)

where A is the tidal amplitude, tl is the simulation time, and T is the tidal period. In this
model, A was chosen to be 1m and T is set at 12 hours, which represent a semi-diurnal tidal
wave at the Bay of Bengal.

4.2 Model setup

We built our model using NVIDIA Modulus framework [1], which is a neural network frame-
work built on top of PyTorch to develop PINNs. The developed PINNs model consists a 6 fully
connected multi-layer perceptron architecture each consisting of 256 neurons that use a swish
activation function. Swish is a smooth non-monotonic activation function, which performs bet-
ter than ReLU on deeper models [12], and is represented by the following equation

ϕ(x) =
x

1 + e−x
. (8)

To introduce boundary and initial conditions to PINNs, we sampled points at the boundary
and the interior of the domain. Adam was chosen as the optimiser, and an exponential decaying
learning rate of 0.95 per 100,000 iterations was selected. In addition, data obtained from Thetis,
a finite element discontinuous Galerkin coastal solver [6], were used as an interior constraint to
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Table 1: RMSE scores for elevation, u velocity, v velocity, and concentration at time 12, 16, 20,
and 24 hours

Time
(hours) Elevation U Velocity V Velocity Concentration

12 0.009 0.004 0.006 0.002
16 0.015 0.008 0.013 0.002
20 0.098 0.007 0.019 0.003
24 0.029 0.005 0.007 0.002

force the PINNs model to converge to the desired solution. Finally, an L2 regularisation (sum
of squares error) was used in order to measure the neural network’s approximation error which
is minimised using Adam optimiser.

We validated the performance of the neural network against Thetis at times 12, 16, 20, and
24 hours. The numerical solver was run from 30 June 1981 to 1 July 1981 and its simulation
results were validated against tidal gauges records available on the above time period.

4.3 Performance metrics

In order to assess model predictive performance the Root Mean Squared Error (RMSE) of
the actual, derived from the numerical model, and predicted elevation, u velocity, v velocity,
and concentration at times 12, 16, 20, and 24 hours is utilised following this equation,

RMSE =
√

E [(y − ŷ)2], (9)

where y is the actual output taken from the numerical simulation and ŷ is the predicted
output from PINNs.

4.4 Results

We trained the model over 1,000,000 iterations, using a rectangular geometry with its re-
spective length and width being that of the Sundarbans region. The main reason of using a
simplified geometry was to test the ability of PINNs to accurately predict the outputs over a
tidal wave without introducing unnecessary complexities such as domain irregularities. The
land border is at the bottom while the sea border is at the top of the rectangle.

To illustrate the performance of the PINNs model, Figures 3,4, 5, and 6 show the output
of the PINNs model, numerical model, and the difference between both for elevation, velocity
in both directions, and concentration at 4 different times of 12, 16, 20, and 24 hours. These
figures show the accuracy of the PINNs model and its ability to predict different stages of the
tidal wave. Another important aspect to notice in these figures is that the concentration output
of the numerical model at different times was the same at about 0. This indicates the ability
of mangrove environments to prevent any sediment change. Furthermore, the velocity in x
direction (u) was very close to 0 in all times. This is due to the fact that the tidal wave was
mostly propagating along the y-axis (i.e, from top to bottom of the rectangle) without any flow
in the x direction.

Finally, the RMSE scores were calculated for the outputs at different times and are shown
in Table 1. From this table, PINNs was able to overcome model variability and complexity
imposed by tidal waves resulting in high accuracy predicting the outputs for a full tidal cycle.
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Figure 3: Actual vs predicted elevation at times 12, 16, 20, and 24 hours.
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Figure 4: Actual vs predicted u velocity at times 12, 16, 20, 24 hours.
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Figure 5: Actual vs predicted v velocity at times 12, 16, 20, and 24 hours.
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Figure 6: Actual vs predicted concentration at times 12, 16, 20, and 24 hours.
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5 CONCLUSIONS

In this paper, we presented a first time application of using physics-informed neural net-
works to model hydro-morphodynamics around vegetation. A hybrid physics and data-driven
approach was implemented to ensure the model is accurate when compared to the numerical
one. Complex conditions were imposed at the model such as tidal waves and no-slip land
boundary representing the effect of mangrove environments. Furthermore, the model was vali-
dated against numerical simulation data and showed close accuracy for all its outputs (elevation,
velocity in x and y directions, and concentration) at different times. The model successfully
predicted all outputs at different tidal wave structures showing its flexibility and ability in mod-
elling different complexities with RMSE scores between 10−2 and 10−3.

The major advantage of using PINNs is in inferencing where this model could predict the
output for any given time in less than 10 seconds, whereas the numerical model would need to
rerun the whole simulation again. Furthermore, such speed of PINNs predictions could facilitate
quantifying uncertainties in the inputs and outputs of the model in a much faster performance
compared to traditional numerical solvers. Another advantage of PINNs over other types of
neural networks is the ability to constrain the solutions of the network to just physically realistic
ones by introducing the physics equations as penalty terms in the loss function.

The results presented and conclusions drawn demonstrate the potential for the use of similar
machine learning models in Earth sciences where complex dynamics are present. This method
also has the capacity to improve the effectiveness of ecosystem-based adaptation solutions, to
mitigate climate change impacts such as sea-level rise and land erosion, by providing fast yet
accurate prediction of the region dynamics under different climate change scenarios.
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