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Abstract

Residence time is an essential quantitative diagnosis for evaluating water renewal and pollutant retention in coastal
environments. However, its computation remains challenging due to the spatial and temporal variability of the coastal
flows. Traditional techniques are usually based on simplifying hypotheses that fail to capture the dynamic conditions
accurately. We introduce a new deep learning framework that uses a convolutional Long Short-Term Memory network
(ConvLSTM) to solve the adjoint advection-diffusion problem that leads to spatially and temporally resolved residence
time without the necessity to store extensive hydrodynamic histories. Our approach utilizes high-resolution data
generated by solving the shallow water equations using a non-homogeneous Riemann solver (SRNH). We use a
data reduction approach to address the substantial computing difficulties posed by full-resolution data. Initially, the
ConvLSTM is trained using full data for the initial waiting period of the simulation to establish robust recognition of
hydrodynamic models. After that, temporal and spatial resolutions are progressively reduced to preserve the essential
characteristics of the model. As a result, the computational cost has been reduced from 48 hours using the traditional
data storage method to 3 hours using the ConvLSTM-trained model. Additionally, the memory required to store the
hydrodynamics data has been reduced from 14 TB to 800 MB, demonstrating the efficiency of the proposed method
in both computational and memory usage.

Keywords: Shallow water equations,, Pointwise, Residence time, Adjoint model, SRNH, ConvLSTM, Coastal
environments,

1. Introduction

Residence time is a key concept in hydrodynamics and environmental studies, representing the average time
water or dissolved substances stay within a specific area before leaving it. This metric is essential for understanding
processes such as water renewal, pollutant dispersion, and ecological health in aquatic environments [1, 2, 3]. Accurate
calculation of residence time is crucial for managing coastal and semi-enclosed water systems, where human activities
and natural dynamics interact closely [4]. However, traditional methods for calculating residence time often rely
on oversimplifications or require computationally expensive simulations, making them unsuitable for capturing the
complexity of real-world systems [5, 6].

Conventional approaches, such as tracer-based or hydrodynamic models, typically assume stationarity, perfect
mixing, or neglect diffusion processes [7]. These simplifications fail to represent the variability and complexity of
natural systems, where flow dynamics change over time and space. For example, water parcels released at differ-
ent times or locations encounter different hydrodynamic conditions, resulting in widely varying residence times [8].
Computing residence time distributions for an entire domain usually involves forward simulations for each release
point, which becomes computationally impractical in large-scale, time-dependent systems [5, 9, 10].
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A further challenge arises in addressing complex, three-dimensional flows influenced by tides, wind, and seasonal
changes [11, 12, 13]. These flows involve intricate interactions between advection, diffusion, and boundary con-
ditions, which are difficult to handle with traditional methods. Additionally, existing approaches often struggle with
interpreting boundary conditions, such as the re-entry of water parcels into the domain, and fail to distinguish between
first-exit and final-exit times. Variable hydrodynamic conditions, driven by external factors like tides or wind, further
complicate residence time computation by requiring dynamic solutions that adapt to changing environmental states.

Adjoint modeling has emerged as a powerful tool to address some of these challenges. By solving the advection-
diffusion problem backward in time, adjoint methods eliminate the need for forward simulations at multiple release
points, reducing computational costs while producing detailed spatial and temporal distributions of residence time [5].
However, these methods require the storage of extensive hydrodynamic data for backward computations, which can
be infeasible for large and dynamic domains. To overcome these limitations, this study introduces a novel approach
that integrates deep neural networks (DNNs) into the adjoint modeling framework. While recent studies have shown
the effectiveness of deep learning–particularly convolutional and recurrent architectures–for modeling hydrodynamic
behavior [14, 15, 16], these approaches are typically designed for forward predictions (e.g., water level, current fields,
or particle tracking) and are not used for adjoint equations.

By contrast, our method is, to the best of our knowledge, the first to use DNNs to approximate the solution of
the adjoint advection-diffusion equation for the residence time, enabling backward-in-time computation of residence
time without storing complete hydrodynamic histories. This approach drastically reduces memory usage and compu-
tational cost, while retaining the capacity to model nonlinear and time-varying dynamics typical of coastal systems.
The trained network generalizes well from sparse or compressed input sequences, making it a scalable and efficient
solution for residence time estimation in complex and dynamic environments. The proposed framework is applied to
the Nador Lagoon, Morocco, a nearly enclosed coastal system subject to strong tidal and seasonal forcing, to demon-
strate its ability to reconstruct residence time distributions under realistic conditions. The results show an accurate
representation of tidal dynamics, residual flows, and spatial variability, with significant gains in computational per-
formance. This contribution advances the modeling of residence time toward more practical and adaptable tools for
environmental management, pollutant transport analysis, and coastal sustainability.

The remainder of the paper is organized as follows. Section 2 presents the theoretical background of residence time
in coastal environments, the adjoint modeling approach, and challenges associated with large-scale hydrodynamic
simulations. Section 3 introduces the proposed deep learning framework, detailing the ConvLSTM-based model
architecture, training methodology, and the adaptive data reduction strategy for hydrodynamic input compression.
Section 4.2 describes the experimental setup and application of the method to the Nador Lagoon, including the data
used, simulation configuration, and implementation details. Section 4.2 presents also the results, including model
performance metrics, comparisons with traditional adjoint solutions, and analysis of spatial-temporal residence time
patterns. Section 5 concludes the study with key findings and outlines directions for future work.

2. Mathematical models

2.1. Residence time model

In this study, we compute the residence time to characterize the transport processes and water renewal within
a shallow coastal lagoon connected to the open sea via a single inlet, which serves simultaneously as the point of
inflow and outflow. The residence time, denoted by θr(x, y, t), is defined as the duration that a parcel of water, initially
located inside the lagoon, takes to exit the domain for the first time. This diagnostic timescale is especially relevant
for evaluating the retention of water masses and associated tracers in semi-enclosed aquatic systems.

We adopt a depth-averaged, two-dimensional formulation of the residence time equation, consistent with the
shallow water assumption. The governing equation is written as:

∂(hθr)
∂τ

+ ∇ · (h(−u)θr) = ∇ · (hκ∇θr) + h, (1)

where h(x, y, t) is the total water depth, u(x, y, t) is the depth-averaged horizontal velocity components, and κ is the
horizontal diffusivity coefficient. The right-hand side includes a source term h, reflecting the continuous accumulation
of residence time within the domain.
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Since the equation is derived from the adjoint of the original water transport equation, it must be integrated
backward in time, i.e., with τ = T − t, starting from the final time T of the hydrodynamic simulation. The backward
integration allows for computing the first-exit time of water parcels without tracking individual trajectories.

At the open boundary, where water exits the lagoon domain, we impose a homogeneous Dirichlet condition:

θr = 0 on Γopen,

indicating that water parcels reaching this boundary are assumed to have completed their residence within the lagoon.
Along the closed coastal boundaries, a no-flux Neumann condition is applied:

(∇θr · n) = 0 on Γcoast,

where n is the outward normal vector. This reflects the impermeability of solid boundaries. The backward-time
integration is initialized with a zero field θr(t = T ) = 0, and the simulation is continued over a spin-up period
of sufficient length (typically twice the expected residence time) to ensure convergence of the steady-state solution.
After this transient period, the residence time field becomes independent of the initial condition and accurately reflects
the influence of the lagoon hydrodynamics and geometry on water exchange.

2.2. Hydrodynamics model

The hydrodynamic behavior of the domain is described by the two dimensional shallow water equations (SWE),
which are derived by vertically integrating the incompressible Navier-Stokes equations under the assumption of hy-
drostatic pressure and negligible vertical acceleration. The resulting system accounts for gravitational forces, wind
stress, bottom friction, Coriolis acceleration, and horizontal momentum diffusion. The model reads:

∂h
∂t
+
∂(hu)
∂x
+
∂(hv)
∂y
= 0,

∂(hu)
∂t
+
∂

∂x

(
hu2 +

1
2

gh2
)
+
∂(huv)
∂y

= −gh
∂Z
∂x
+

1
ρw

(τwx − τbx) + f hv +Dx,

∂(hv)
∂t
+
∂(huv)
∂x

+
∂

∂y

(
hv2 +

1
2

gh2
)
= −gh

∂Z
∂y
+

1
ρw

(τwy − τby) − f hu +Dy,

(2)

where h(x, y, t) is the water depth, u(x, y, t) and v(x, y, t) are depth-averaged horizontal velocity components, Z(x, y)
represents the bottom elevation, and g is the gravitational acceleration. The Coriolis parameter f is given by

f = 2ω sin(ϕ), (3)

where ω is the angular velocity of Earth and ϕ is the latitude. The wind stress components at the surface are computed
using a quadratic drag law:

τwx = ρaCdwx

√
w2

x + w2
y , τwy = ρaCdwy

√
w2

x + w2
y , (4)

where ρa is the air density, wx and wy are the wind velocity components at 10 meters above the surface, and Cd is the
wind drag coefficient. The bottom shear stress is represented by:

τbx = ρwCbu
√

u2 + v2, τby = ρwCbv
√

u2 + v2, (5)

where ρw is the water density and Cb is the bed friction coefficient, which may be parameterized by Manning’s
formula:

Cb =
g

C2
z
, Cz =

h1/6

nm
, (6)

with Cz as the Chezy coefficient and nm the Manning roughness coefficient. The horizontal momentum diffusion terms
Dx and Dy account for viscous effects and are derived from second-order expansions of the Navier-Stokes equations
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[17]:

Dx = 2ν
∂

∂x

[
h
(
2
∂u
∂x
+
∂v
∂y

)]
+ 2ν

∂

∂y

(
h
∂u
∂y

)
, (7)

Dy = 2ν
∂

∂x

(
h
∂v
∂x

)
+ 2ν

∂

∂y

[
h
(
∂u
∂x
+ 2
∂v
∂y

)]
, (8)

where ν is the kinematic viscosity of water. This model captures the dominant dynamics of SWE under the influence
of tides, wind, and topography. It is especially suitable for modeling coastal lagoons and semi-enclosed basins [18,
19, 20], where exchanges with the open sea and internal circulation govern ecological and physical processes.

3. ConvLSTM-based surrogate model for hydrodynamic prediction

3.1. Mathematical justification for using ConvLSTM in the adjoint model
Solving the residence time equation backward in time requires full knowledge of the hydrodynamic fields (u, v, h)

over the entire simulation period. Traditionally, this involves storing the complete outputs from the forward simulation
of the SWE, which becomes memory-intensive and computationally expensive, especially for large domains or long
simulation times.

To address this, we replace the data storage step with a learned approximation of the hydrodynamic fields using
a ConvLSTM network, which has been shown to effectively capture complex spatiotemporal dynamics in physical
systems [14], making it suitable for learning time-resolved surrogate models of PDE-based simulations. The Con-
vLSTM model Fθ is trained to reproduce the time evolution of the hydrodynamic variables. At each time step t, we
approximate:

(u(t), v(t), h(t)) ≈ Fθ(u(t − ∆t), . . . , u(t − k∆t); v(t − ∆t), . . . ; h(t − ∆t), . . . ), (9)

where k is the length of the time window and θ represents the trained model parameters. On the first day of the
simulation, k is fixed at k = 1. After that, k increases step by step as k ∈ {1, 2, . . . , n}. The value of n depends on
the duration of the numerical simulation and should not surpass one full day of the simulation. Instead of storing the
entire hydrodynamic history (u, v, h), we reconstruct these fields during the backward integration of the adjoint Eq. (1)
by querying Fθ with previously generated values. The approximate backward-time solution of the adjoint model is
then defined as:

θn+1
r = A(θnr ;Fθ(Hn)), (10)

where θnr is the solution of the adjoint equation at time tn, Fθ(Hn) provides the reconstructed hydrodynamic inputs at
tn, andA is the numerical integration operator of the adjoint model.

This formulation eliminates the need to store (u, v, h) over the entire simulation window, while preserving the
ability to solve the adjoint problem backward in time with sufficient accuracy. The model Fθ is trained once using
high-fidelity numerical simulation data and then used recursively during the backward integration.

3.2. Mathematical formulation of ConvLSTM
ConvLSTM extends the classical LSTM architecture by replacing fully connected layers with convolutional layers,

which preserves spatial structure while modeling temporal dynamics [21, 22]. The update equations are given by:

it = σ(Wi ∗ Xt + Ui ∗ Ht−1 + bi),
ft = σ(W f ∗ Xt + U f ∗ Ht−1 + b f ),
ot = σ(Wo ∗ Xt + Uo ∗ Ht−1 + bo),
C̃t = tanh(WC ∗ Xt + UC ∗ Ht−1 + bC),
Ct = ft ⊙Ct−1 + it ⊙ C̃t,

Ht = ot ⊙ tanh(Ct).

(11)

where Xt is the input at time t, Ht is the hidden state, Ct is the cell state, and W, U are learnable convolutional kernels.
The symbols ∗ and ⊙ denote convolution and element-wise multiplication, respectively. Activation functions σ and
tanh refer to sigmoid and hyperbolic tangent.
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3.3. Architecture of the ConvLSTM model

The architecture of the ConvLSTM model employed in this study consists of multiple layers of convolutional
LSTM units, followed by a final convolutional layer that maps the learned representations to the target hydrodynamic
variables. The complete training pipeline is outlined in Algorithm 1. While τ = 0.3, this value was selected to reduce
the amount of data provided to the ConvLSTM while preserving accurate predictions in both space and time. Smaller
values of τ result in the selection of a larger number of spatial locations, increasing the computational cost without a
significant gain in accuracy, whereas larger values lead to insufficient sampling of dynamically important regions. The
chosen value provides a good balance by focusing the training on areas with strong spatial and temporal variations,
while using fewer samples in smoother regions.

Algorithm 1 ConvLSTM-Based Surrogate Model Training for SWE Solutions

Require: Numerical solution dataset of SWE variables {ht, ut, vt}
T
t=1

Require: Spatial domain discretized into elements {Ti}, adaptive sampling threshold τ
Require: Sequence length k, model parameters θ
Ensure: Trained ConvLSTM surrogate that reproduces dynamics within time window [1,T ]

Step 1: Adaptive Sampling for Data Reduction
1: for each spatial element Ti do
2: Compute velocity gradient norm: Gi = ∥∇u(Ti)∥
3: end for
4: Normalize: Cn(Ti) = Gi

max j G j

5: Define reduced domain Ωred ← {Ti | Cn(Ti) ≥ τ}

Step 2: Input-Output Pair Construction from Simulation Data
6: for each timestep t = 1 to T − k do
7: Extract input sequence:

Xt = [ht, ut, vt], . . . , [ht+k−1, ut+k−1, vt+k−1]

8: Extract corresponding reference sequence (same as input): Yt = Xt

9: Apply spatial masking using Ωred to both Xt and Yt

10: Store training pair (Xt,Yt)
11: end for

Step 3: ConvLSTM Surrogate Model Training
12: while loss not converged do
13: for each mini-batch (X(b),Y (b)) do
14: Forward pass: Ŷ (b) ← ConvLSTMθ(X(b))
15: Compute reconstruction loss:

L = λDataLData + λPDELPDE

16: Update parameters θ using gradient descent
17: end for
18: end while

Step 4: Surrogate Evaluation
19: Compare model output Ŷ to ground truth Y

The model is trained using the mean squared error (MSE) loss function, which quantifies the difference between
predicted and true hydrodynamic fields with the residual loss from the governing PDEs:

LData =
1
N

N∑
i=1

(
htrue

i − hpred
i

)2
+

(
utrue

i − upred
i

)2
+

(
vtrue

i − vpred
i

)2
(12)
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LPDE =
1
N

N∑
i=1

(
R2

h(ti, xi, yi) + R2
u(ti, xi, yi) + R2

v(ti, xi, yi)
)
, (13)

where N denotes the number of spatial points in the training set, and the superscripts true and pred represent the
ground truth and predicted values, respectively. The residuals Rh, Ru, and Rv correspond to the mass conservation
equation and the momentum equations in the x- and y-directions of the SWEs see Eq. (2). To compute the spatial
derivatives in LPDE , we use automatic differentiation [23], a built-in feature in the PyTorch library. This method
calculates derivatives directly from the predicted outputs of thr ConvLSTM, so there’s no need to use finite difference
methods. respectively. The coefficients λData and λPDE are weighting parameters that balance the relative contributions
of the data-driven and physics-informed losses, and their respective values are 0.8 and 0.2. These values were chosen
because the main objective of the study is to reconstruct hydrodynamic data obtained from the numerical solution of
the shallow water equations. A larger weight is therefore assigned to the data-driven loss to ensure that the ConvLSTM
model accurately captures the dominant hydrodynamic patterns present in the numerical data. At the same time, a
smaller weight is assigned to the physics-informed loss in order to guide the training in regions where data are sparse
or unavailable, without overly constraining the model. Since the training data are generated using a finite-volume
method with the SRNH scheme [24], which is known to introduce numerical diffusion, assigning equal weights to the
data and PDE losses may lead to training instability. In such a case, the physics-based loss would attempt to enforce
a less diffusive solution, while the data-driven loss reflects the numerical diffusion present in the data, resulting in
competing objectives during training.
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Figure 1: Schematic of the proposed hybrid framework integrating a finite volume solver (FVM-SRNH) with a ConvLSTM network for forward
simulation and backward residence time computation. HPC refers to High Performance Computing.

Fig. 1 illustrates the main steps of our method. The process begins by solving the SWE using the SRNH numerical
solver to generate the hydrodynamic data (u, v, h). During the initial waiting period ∆tw (i.e., from t0 to t0 + ∆tw),
the solver runs independently without any training, in order to accumulate a sufficient sequence of data needed for
ConvLSTM input.

Once the initial buffer is filled, the ConvLSTM model starts its training. From this point onward, the numerical
solver and the ConvLSTM training run in parallel. The simulation continues to produce new data, which are trans-
ferred in real time to the training node via a shared memory buffer. This setup involves two computational nodes on
the HPC system: one for solving the SWE and another for training the ConvLSTM model.

At the end of the simulation, the ConvLSTM continues training for an additional period to ensure it covers the full
duration of the simulation, including the final time steps. The result of this procedure is a trained ConvLSTM model
that accurately reproduces the hydrodynamic fields required for backward integration of the residence time equation.
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3.4. Training data and reduction strategy

The training dataset is generated from high-resolution numerical solutions of the SWE using the SRNH scheme.
However, directly using full-resolution outputs for training poses substantial computational and memory challenges.
To address this, we employ a data reduction strategy that preserves the essential dynamics while significantly reducing
the dataset size [25].

A straightforward uniform downsampling approach was initially considered for data reduction. However, it proved
to be insufficient, as it occasionally omitted critical information, particularly in regions where rapid changes in water
velocity and depth occur. Since these regions are essential for capturing the non-linear dynamics of shallow wa-
ter flows, a more adaptive approach was required to ensure that the training dataset retained the most informative
hydrodynamic states.

To achieve this, we enforced an adaptation technique based on the normalized gradient of the water velocity. This
method allows for an adaptive selection of training data points, ensuring that regions with significant flow variations,
such as strong gradients, are well represented. The adaptation criterion is defined as:

Cn(Ti) =
∥∇u(Ti)∥

maxT j ∥∇u(T j)∥
(14)

where ∥∇u(Ti)∥ represents the Euclidean norm of the velocity gradient within a given triangular element Ti. The nor-
malization ensures that the adaptation criterion values remain within the interval [0, 1], enabling a systematic selection
of data points based on their relative importance to the hydrodynamic dynamics. A threshold-based mechanism is used
to retain data from elements with strong gradients, while reducing redundancy in smoother regions. This ensures that
the ConvLSTM model is trained on hydrodynamically relevant inputs. Fig. 2 illustrates the effect of this adaptive
sampling compared to using all points.

Figure 2: Data reduction points are chosen to reduce training cost, with adaptation points aligned along the current patterns. The right figure shows
the selected points after adaptation, while the left figure displays the full mesh points before reduction.

4. Numerical results

4.1. Numerical experiment on a 2D Channel

In this test, we consider a two-dimensional channel with unidirectional flow, featuring both an inlet and an outlet,
to validate the ability of the ConvLSTM model to reproduce results with accuracy comparable to classical methods
that rely on data storage. The channel spans the domain [0, 1] × [0, 0.5]; see Fig. 3. Initially, the residence time is
set to zero, and Dirichlet boundary conditions with a value of zero are imposed at both the inlet and the outlet. A
constant flow velocity of 1 m/s is prescribed. The simulation is performed for three different diffusion coefficients:
κ = 0.001, 0.01, and 0.1 with ∆tw = 0.2s. The problem is solved using both a traditional data storage approach and
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Figure 3: Illustration of the 2D channel.

the ConvLSTM model. The results show a strong agreement between the two methods. This is illustrated in Fig. 4,
which presents a cross-sectional comparison of the computed residence times. Table 1 summarizes the relative error
in the L2 norm with respect to the analytical solution, as well as the CPU time and memory requirements for both the
data storage approach and the ConvLSTM model. The analytical solution for the residence time is given by:

θr(x) =
L
U

[
(1 − σ) −

e−Peσ − e−Pe

1 − e−Pe

]
, (15)

where σ = x
L is the dimensionless spatial coordinate and Pe = UL

K is the Peclet number. Here, L denotes the length of
the domain, U is the constant along-channel velocity, and K is the diffusion coefficient.

Table 1: Relative error in the L2 norm of the residence time for different diffusion coefficients in the 2D channel test case.

Diffusion Coefficients κ 0.001 0.01 0.1 CPU Time

Backward with Data 4.350 × 10−3 1.875 × 10−3 1.431 × 10−3 4.2 minutes

Backward with ConvLSTM 9.977 × 10−3 9.783 × 10−3 8.214 × 10−3 2.6 minutes

4.2. Application to the Nador Lagoon
4.2.1. Numerical setup

The Nador Lagoon, located along Morocco’s Mediterranean coast near 35◦N, serves as the main focus of this study
see Fig. 5(a). It covers a surface area of approximately 115 km2 and holds a volume of about 542 Mm3, making it a
key site for investigating regional hydrodynamics. The computational mesh see Fig. 5(b) comprises 73,322 elements
and 36,612 nodes, with a higher node density concentrated within the lagoon to improve spatial resolution. Particular
care was taken to refine the coastline representation, ensuring smooth boundaries and more accurate treatment of
boundary conditions. To solve the SWE defined in Eq. (2), a large computational domain was selected, encompassing
the lagoon and part of the adjacent Mediterranean Sea. This broader domain, shown in Fig. 5(a), allows the imposition
of realistic open boundary conditions. These were derived from the TPXO model [26], which also provides the initial
conditions for the simulation. Meshing was performed using Gmsh [27].

Although the SWE are solved over the entire domain, only the Nador Lagoon–partitioned into eight blocks as
shown in Fig. 5(b) is used during the training phase of the ConvLSTM model. This restriction stems from the backward
integration of the residence time Eq. (1), which is only required within the region of interest.

The numerical model was implemented within the Manapy framework1 [28], a parallel, Python-based platform
for solving partial differential equations using an object-oriented finite-volume solver on unstructured meshes. The

1https://github.com/imadki/manapy
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Figure 4: Spatial distribution of the residence time along the cross-section y = 0.25 for different diffusion coefficients: (a) κ = 0.001, (b) κ = 0.01,
and (c) κ = 0.1.

training of the model was carried out on the Toubkal Supercomputer [29] at Mohammed VI Polytechnic University
(UM6P). The network architecture consists of two main components: a convolutional encoder and a recurrent tempo-
ral processor. The encoder includes six successive convolutional layers, each with 128 neurons, which progressively
extract increasingly abstract and complex spatial features from the input data. These features represent key hydro-
dynamic variables, including the velocity components u, v, and the water surface elevation h. The extracted spatial
features are then passed into a stack of six ConvLSTM layers, which are specifically designed to model the temporal
evolution of spatial patterns. By maintaining both memory and spatial coherence across time steps, the ConvLSTM
layers effectively capture short- and long-term temporal dependencies. This makes the model particularly suitable
for forecasting and data assimilation tasks in dynamic environmental systems. The final decoder layer transforms the
learned temporal features into the target output variables, such as velocity fields and water surface elevation.

4.2.2. Validation of hydrodynamics and residence time
We next evaluate the ability of the ConvLSTM model to reproduce the hydrodynamic fields required for backward

integration of the residence time equation. Fig. 6 shows a comparison of the velocity components in the x and y
directions between the reference numerical simulation and the ConvLSTM predictions at different locations within
the Nador Lagoon. The results indicate good agreement, demonstrating that the surrogate model can effectively
reconstruct the high-resolution fields generated by the SWE solver.
Fig. 7 shows the isovalues of the current velocities from the numerical simulation (a), the ConvLSTM prediction (b),
and the absolute error between the two approaches (c). The error is highest in the region near the channel connecting
the lagoon to the Mediterranean Sea, where the flow is more complex and changes rapidly. This complexity makes it
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((a)) Satellite-based visualization of the computational domain encompassing Nador Lagoon. The map was generated
using QGIS and high-resolution satellite imagery from Bing Maps. Bathymetry data were extracted from EMODnet,
and the 10-meter resolution coastline from OpenStreetMap.

((b)) Zoomed-in view of the computational mesh over Nador Lagoon, generated using the open-source software Gmsh.

Figure 5: Geospatial and numerical representation of the Nador Lagoon domain.

challenging for the ConvLSTM model to accurately capture the hydrodynamics in that area. Nevertheless, the overall
error remains low around 10−3, demonstrating that the ConvLSTM can effectively learn the hydrodynamic patterns
using only a small subset of the simulation data. This significantly reduces the need to store full spatiotemporal
outputs from the forward simulation (14 TB), enabling a much faster and more efficient backward computation of
residence time compared to traditional methods.

The results shown in Figs. 8-9 illustrate the distribution of residence time in the lagoon. Fig. 8 presents the
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Figure 6: Comparison between the data storage solution and the ConvLSTM prediction of hydrodynamics at different locations in the Nador
Lagoon.

residence time after 25 days of physical simulation, prior to full convergence. At this stage, the error is primarily
concentrated in regions with high residence time and low velocity. Nevertheless, both the numerical method and the
ConvLSTM model yield closely aligned results. Fig. 9 displays the residence time distribution after full convergence.
Although the ConvLSTM and numerical results remain in good agreement, the error increases slightly due to ac-
cumulation in high residence time regions. However, this error remains within acceptable limits, as a difference of
approximately three days in residence time is negligible compared to the significant computational savings from two
days of simulation time to just three hours using ConvLSTM.
The result shown in the Fig. 10 represents the residence time evolution over time, showing the good matching between
the numerical methods and the ConvLSTM model, except at some point in which there is some difference between
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(a) (b) (c)

Figure 7: Comparison of current isovalues: (a) numerical solution, (b) ConvLSTM prediction, and (c) absolute error.

(a) (b) (c)

Figure 8: Residence time distribution in the Nador Lagoon before the convergence is reached: (a) Data storage results, (b) ConvLSTM prediction
results, (c) Absolute error.

(a) (b) (c)

Figure 9: Residence time distribution in the Nador Lagoon at convergence: (a) Stored data results, (b) ConvLSTM prediction results, (c) Absolute
error.
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the two approaches because of the error accumulation that is illustrated in the Figs. 8-9.

Table 2: Comparison of average residence time [day] across lagoon blocks using ConvLSTM and traditional data storage approaches. The table
also reports the CPU time for solving the residence time equation, the memory required for data storage and ConvLSTM parameters, and the
training time.

Block /Metric Data storing ConvLSTM ConvLSTM
(Data Reduction) (without Reduction)

B1 46.84 42.36 43.92

B2 19.72 19.12 19.02

B3 14.35 13.67 13.62

B4 15.08 15.76 14.21

B5 13.75 13.94 13.35

B6 19.65 19.44 19.10

B7 36.32 35.12 36.17

CPU time 2 days 3 hours 3 hours

Memory 14 TB 800 MB 800 MB

Training time* – 8 hours 18 hours

* The reported training time is not added separately, as ConvLSTM training is performed in parallel with the SWE resolution (see Fig. 1).

The results in Table 2 present the residence time computed using the classical numerical method, which requires
storing the full simulation data and reusing it during the backward integration of Eq. (1). This approach is computa-
tionally expensive, as reflected in the table. Additionally, Table 2 highlights the impact of data reduction during the
training process. It compares the use of the full simulation dataset with a reduced dataset. While training with the
full dataset is significantly more costly, the results show that using a reduced dataset yields nearly the same level of
accuracy in residence time estimation. A quantitative analysis of the relative error in both the L2 and L∞ norms was

Table 3: Relative L2 and L∞ errors computed at multiple locations within the Nador Lagoon over a 25-hour hydrodynamic time series (h, u, v).

Norm Gauge h u v

L2

G1 8.031 × 10−3 1.929 × 10−2 1.409 × 10−2

G2 5.841 × 10−3 1.929 × 10−2 1.409 × 10−2

G3 1.659 × 10−3 7.572 × 10−3 1.050 × 10−2

G4 5.317 × 10−3 1.806 × 10−2 1.575 × 10−2

G5 3.358 × 10−3 2.595 × 10−2 5.293 × 10−3

G6 1.029 × 10−2 1.572 × 10−2 1.332 × 10−2

L∞

G1 1.003 × 10−2 1.896 × 10−2 2.565 × 10−2

G2 9.384 × 10−3 1.896 × 10−2 2.565 × 10−2

G3 6.275 × 10−3 1.533 × 10−2 2.332 × 10−2

G4 8.692 × 10−3 3.468 × 10−2 2.416 × 10−2

G5 1.301 × 10−2 2.767 × 10−2 3.830 × 10−3

G6 4.304 × 10−3 2.887 × 10−2 1.941 × 10−2
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Figure 10: Evolution of residence time over the simulation period using both the classical method and the ConvLSTM approach. The first and third
rows show the entire simulation period, while the second and fourth rows provide a zoomed-in view of the first 25 days, highlighting finer details
and the close alignment between the two approaches.
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performed to evaluate the accuracy of the proposed approach. Tables 3 present the relative L2 and L∞ errors com-
puted at multiple locations within the Nador Lagoon over a 25-hour hydrodynamic time series, which corresponds to
a full tidal cycle in the sea adjacent to the lagoon. The results indicate consistently low error values, suggesting that
the ConvLSTM model employed in this study accurately reproduces the hydrodynamics necessary for the backward
integration of the residence time equation. As shown in Table 4, the relative error in residence time across different
locations and throughout the time series remains very low, confirming the model’s effectiveness in capturing the hy-
drodynamic behavior relevant to residence time estimation. Furthermore, Table 5 reports the spatially averaged error,
which also demonstrates low values, reinforcing the validity and reliability of the proposed approach.

Table 4: Relative error on the time series of residence time evolution, computed at multiple locations within the Nador Lagoon over 86 days,
evaluated using the L2 and L∞ norms.

Gauge L2 L∞

G1 1.060 × 10−2 2.220 × 10−2

G2 4.323 × 10−2 7.491 × 10−2

G3 1.343 × 10−2 7.198 × 10−2

G4 6.156 × 10−2 9.260 × 10−2

G5 3.912 × 10−2 6.249 × 10−2

G6 2.503 × 10−2 4.061 × 10−2

Table 5: Spatially averaged relative error in the L2 and L∞ norms for the velocity components (u, v) and the residence time.

Error h u v Residence Time

L2 3.879 × 10−2 7.512 × 10−2 6.023 × 10−2 8.231 × 10−2

L∞ 7.303 × 10−2 9.638 × 10−2 8.377 × 10−2 9.471 × 10−2

The numerical resolution of the shallow-water equations using the Finite Volume method with the SRNH scheme is
implemented within the Manapy framework. Distributed computing is leveraged through OpenMPI to distribute com-
putational tasks across multiple CPUs, enabling high-performance computing. The domain partitioning is performed
to ensure that each processor manages an approximately equal volume of control, thus balancing the computational
load. However, due to mesh refinement, some processors handle smaller, more refined regions, while others manage
larger, coarser regions. Refinement is particularly applied to regions exhibiting significant variations in tides and
currents to ensure high accuracy in the numerical simulations.

Tables 6 and 7 highlight the effect of the number of CPUs on computational time, demonstrating that computations
performed on 56 CPUs complete more rapidly than those executed on 1, 14, or 28 CPUs.

Table 6: Total CPU time required for the forward resolution of the Shallow Water Equations and the training of the ConvLSTM model using
different numbers of CPUs

#CPUs 1 14 28 56

time[Hour] 558.48 43.89 21.06 8.28

The ConvLSTM model training employs a similar distributed approach. Instead of training a single model on the
entire domain using one processor, which is computationally expensive and slow, the domain is partitioned, and each
processor independently trains a ConvLSTM model on its assigned region. At the end of training, each region has its
model, which is subsequently utilized in the backward residence time computations. However, this distributed training
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Table 7: CPU time required for the backward resolution of the residence time equation using different numbers of CPUs

#CPUs 1 14 28 56 Unit of time

With ConvLSTM 143.83 10.60 5.58 3.10 Hour

With data storing 82* 6.46 3.40 2.00 day

* The CPU time for a single processor was not measured directly, as executing the simulation on one processor would require an impractically long runtime. Instead,
the value was approximated by extrapolating from the recorded runtimes obtained using 14, 28, and 56 processors.

approach introduces inaccuracies at the boundaries between adjacent regions, as each model is trained only on local
data specific to its assigned area. To mitigate this issue, we augment the local dataset for each region by incorporating
additional data from neighboring regions see Fig. 11. Specifically, neighboring processors exchange data from their
common boundaries to include relevant neighboring region information in their training datasets. This exchange of
boundary data significantly improves prediction accuracy across processor boundaries.

Data transfer from P1 to P2

Data transfer from P2 to P1

Processor 2 Processor 1

Figure 11: Schematic of the additional data from neighboring regions that should be added to the data that each processor must be trained on to
solve the boundaries problem.

5. Conclusion

In this study, we introduced a deep learning-based framework to facilitate the computation of pointwise residence
time in coastal environments. The method addresses key limitations of traditional techniques, such as the need for
extensive data storage and the high computational cost associated with solving the adjoint problem backward in
time. By training a deep neural network on hydrodynamic data, the model learns the underlying flow dynamics
without requiring the storage of full spatiotemporal datasets. With the incorporation of data reduction and adaptation
techniques, the training cost is significantly optimized while maintaining strong predictive performance.

Once trained, the model can reproduce and predict the hydrodynamic fields necessary for backward-in-time res-
idence time estimation. To validate the method, numerical experiments were conducted by comparing the model’s
predictions against reference data from high-fidelity numerical simulations. The results show a strong agreement, con-
firming the effectiveness and accuracy of the proposed approach. The model demonstrates high accuracy in computing
pointwise residence time, while also achieving a substantial reduction in computational cost–from approximately two
days to just three hours of CPU time.

Despite the promising results, the model must be fine-tuned when applied to different time intervals, boundary
conditions, or domains of interest. This can be achieved by initializing the model with previously trained parameters
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that already capture the known hydrodynamic patterns, rather than using random initialization, which would require
training the model from scratch. As a future direction, we plan to extend this work using physics-informed neural
networks (PINNs) [30, 31] to directly solve the hydrodynamics governed by the SWE. This will be particularly
challenging due to the nonlinear and hyperbolic nature of the system, but it holds great potential for advancing data-
driven modeling in environmental fluid dynamics.

Conflict of Interests

The authors declare that there is no conflict of interest regarding the publication of this paper.

Acknowledgments

The authors gratefully acknowledge the support and computing resources provided by the Toubkal Supercom-
puter [29] (https://toubkal.um6p.ma/) at UM6P, Morocco. The authors would also like to express their gratitude to
Imad Elmahi, Professor at the National School of Applied Sciences in Oujda, for his guidance and valuable support
throughout this study.

Appendix A

Table 8 lists the physical parameters, their mathematical symbols, and reference values used in the numerical
simulations to generate the hydrodynamic data required for training the ConvLSTM model. Table 9 summarizes
the neural network architecture and training parameters adopted in this study. Together, these parameters provide
sufficient information to ensure the reproducibility of the results presented in this paper.

Table 8: Physical parameters and reference quantities used in this study.

Symbol Description Reference Value

ρw Density of water 103 kg/m3

ρa Density of air 1.293 kg/m3

g Gravitational acceleration 9.81 m/s2

ν Kinematic viscosity of water 10−6 m2/s
κ Molecular diffusivity 2 × 10−9 m2/s
nb Manning’s roughness coefficient 2.5 × 10−3 s/m1/3

ω Earth’s angular velocity 7.272 × 10−5 rad/s

Table 9: Neural network architecture and training parameters

Parameter Value
Number of convolutional layers 6
Number of ConvLSTM layers 6
Number of Neurons per layer 128
kernel size 3 × 3
Activation function (Conv layers) Tanh
Activation function (ConvLSTM layers) Tanh, sigmoid
Optimizer Adam
Learning rate 10−3

Batch size 32
Number of epochs 500
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Appendix B
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Figure 12: Comparison between the data storage solution and the ConvLSTM prediction of residence time at different locations in the Nador
Lagoon over 365 days.

Table 10: Relative error on the time series of residence time evolution, computed at multiple locations within the Nador Lagoon over one year.

Gauge L2 L∞

G1 6.858 × 10−2 8.672 × 10−2

G2 1.491 × 10−1 2.424 × 10−1

G3 5.532 × 10−2 9.045 × 10−2

G4 8.146 × 10−2 9.859 × 10−2

G5 5.642 × 10−2 7.431 × 10−2

G6 4.235 × 10−2 5.061 × 10−2

Fig. 12 illustrates a comparison between the data-storage–based solution and the ConvLSTM prediction of the
residence time over one year of simulation at the same locations considered in Fig. 10. This duration corresponds to
four times the period required to compute the residence time in the Nador lagoon. Table 10 reports the residence time
errors at these locations over the entire simulation year. The long-term simulation is performed to examine whether
error accumulation grows unbounded over time. The results demonstrate that, once the residence time converges to its
steady value, the prediction error stabilizes and remains bounded at a small constant level, even in regions displaying
high accumulation of residence time error, see Fig. 12(G1)–(G2).
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(a) (b)

Figure 13: Comparison of current isovalues: (a) numerical solution and (b) ConvLSTM prediction one day beyond the ConvLSTM training period.

Appendix C

Fig. 13 illustrates the current isovalues in the Nador lagoon one day beyond the ConvLSTM training period,
highlighting the differences between the ConvLSTM predictions and the numerical solution. Since residence time
computation strongly depends on the underlying hydrodynamics, inaccuracies in the hydrodynamic fields directly
lead to erroneous residence time estimates. These results indicate that model fine-tuning becomes necessary when the
residence time is computed over a time interval that is not included in the training period.
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