<]
TUDelft

Delft University of Technology

Resolving the spatiotemporal distribution of substances in fluids using a deep learning
method

Zhou, Zaiyang; Kuai, Yu; Huang, Kailin; van Maren, Dirk Sebastiaan; Pang, Jialin; Wang, Zhenwu; Zhu,
Yonghui; Ge, Jianzhong

DOI
10.1080/19942060.2025.2564761

Publication date
2025

Document Version
Final published version

Published in
Engineering Applications of Computational Fluid Mechanics

Citation (APA)

Zhou, Z., Kuai, Y., Huang, K., van Maren, D. S., Pang, J., Wang, Z., Zhu, Y., & Ge, J. (2025). Resolving the
spatiotemporal distribution of substances in fluids using a deep learning method. Engineering Applications
of Computational Fluid Mechanics, 19(1), Article 2564761. https://doi.org/10.1080/19942060.2025.2564761

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1080/19942060.2025.2564761
https://doi.org/10.1080/19942060.2025.2564761

Taylor & Francis
Taylor & Francis Group

EMNGINEERING APPL

COMPUTATIONAL

Engineering Applications of Computational Fluid
Mechanics

ISSN: 1994-2060 (Print) 1997-003X (Online) Journal homepage: www.tandfonline.com/journals/tcfm20

Resolving the spatiotemporal distribution of
substances in fluids using a deep learning
method

Zaiyang Zhou , Yu Kuai, Kailin Huang , Dirk Sebastiaan van Maren , Jialin
Pang, Zhenwu Wang, Yonghui Zhu & Jianzhong Ge

To cite this article: Zaiyang Zhou, Yu Kuai, Kailin Huang , Dirk Sebastiaan van Maren, Jialin
Pang, Zhenwu Wang , Yonghui Zhu & Jianzhong Ge (2025) Resolving the spatiotemporal
distribution of substances in fluids using a deep learning method, Engineering Applications of
Computational Fluid Mechanics, 19:1, 2564761, DOI: 10.1080/19942060.2025.2564761

To link to this article: https://doi.org/10.1080/19942060.2025.2564761

8 © 2025 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

A
h View supplementary material &

@ Published online: 04 Oct 2025.

N
C)/ Submit your article to this journal

||I| Article views: 198

A
& View related articles &'

) view crossmark data ™

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=tcfm20


https://www.tandfonline.com/journals/tcfm20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/19942060.2025.2564761
https://doi.org/10.1080/19942060.2025.2564761
https://www.tandfonline.com/doi/suppl/10.1080/19942060.2025.2564761
https://www.tandfonline.com/doi/suppl/10.1080/19942060.2025.2564761
https://www.tandfonline.com/action/authorSubmission?journalCode=tcfm20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tcfm20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/19942060.2025.2564761?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/19942060.2025.2564761?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/19942060.2025.2564761&domain=pdf&date_stamp=04%20Oct%202025
http://crossmark.crossref.org/dialog/?doi=10.1080/19942060.2025.2564761&domain=pdf&date_stamp=04%20Oct%202025
https://www.tandfonline.com/action/journalInformation?journalCode=tcfm20

ENGINEERING APPLICATIONS OF COMPUTATIONAL FLUID MECHANICS
2025,VOL. 19,NO. 1, 2564761
https://doi.org/10.1080/19942060.2025.2564761

Taylor & Francis
Taylor & Francis Group

8 OPEN ACCESS

Resolving the spatiotemporal distribution of substances in fluids using a deep
learning method

Zaiyang Zhou?, Yu Kuai®, Kailin Huang¢, Dirk Sebastiaan van Maren®-d, Jialin Pang?, Zhenwu Wang?, Yonghui
Zhu€ and Jianzhong Ge?

astate Key Laboratory of Estuarine and Coastal Research, East China Normal University, Shanghai, People’s Republic of China; PFaculty of Civil
Engineering and Geosciences, Delft University of Technology, Delft, The Netherlands; State Key Laboratory of Water Resources Engineering
and Management, Wuhan University, Wuhan, People’s Republic of China; dUnit of Marine and Coastal Systems, Deltares, Delft, The Netherlands;
€Changjiang River Scientific Research Institute, Changjiang Water Resources Commission, Wuhan, People’s Republic of China

ABSTRACT

Accurate and efficient prediction of spatiotemporal variations in the distribution of substances in flu-
ids (SIFs) is crucial for various aspects of fluid mechanics related research and applications, involving
for instance, material transport quantification, water quality assessment, and engineering condition
analysis. This study proposes a framework for resolving the spatiotemporal distribution of SIFs such
as salt and suspended sediment based on water levels and flow velocities. The framework incor-
porates a deep learning model based on a classic neural operator (DeepONet) architecture, which
consists of a feature network and a position network to encode the characteristics of input vari-
ables and the problem domain. Numerical simulations were performed to generate the needed
datasets. The framework was well-validated by predicting salinity and suspended sediment concen-
tration (SSC) distributions in two idealized cases and a real-word case, demonstrating its efficacy and
robustness. Time-series validation further demonstrated the prediction accuracy of the framework.
The deep learning model is also capable of enhanced-resolution predictions, enabling the gener-
ation of high-resolution spatial distributions of SIFs from low-resolution hydrodynamic data. Both
bottom and surface layers of the water column were analyzed, revealing that the mapping rela-
tionships between hydrodynamics and SIF distributions can be accurately captured throughout the
water column, despite variations in correlation coefficients. Due to these capabilities and advan-
tages, additional data sources can be integrated into the framework in the future, highlighting its
considerable potential for broader applications in aquatic environments.
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1. Introduction security and profoundly impacts ecology, biogeochem-

1.1. Motivation

The transport and distribution of Substances in Fluids
(SIFs), driven by fluid motions, significantly influence
human activities and marine ecosystems. For instance,
nutrient transport may lead to eutrophication and
hypoxia (Stoecker et al., 2017). Consequently, numerous
studies have extensively investigated the transport mech-
anisms and source-sink dynamics of SIFs (Amoudry &
Souza, 2011; Huettel et al., 2014; Xie et al., 2024). Among
various substances, salt and suspended sediment are fun-
damental and can significantly influence water systems.
Salt transport is closely associated with saltwater intru-
sion, a significant threat to freshwater resources (Ge et al.,
2022; Wu et al,, 2010) that severely jeopardizes water

istry, and the economy (Luo et al., 2023; Mondal et al.,
2023). In contrast to salt, which exists in ionic dissolved
form in water, sediment exists in granular particle form.
In addition to its direct influence on shaping topography;,
thereby affecting channel navigability (Garcia et al., 2024)
and structural safety (Zhang et al., 2024), sediment inter-
acts in complex ways with other SIFs. For example, the
adsorption capacity of sediment can regulate the behav-
ior of heavy metals in aquatic environments (Miranda
et al., 2021). It also modulates the dynamics of nutri-
ents and phytoplankton (Ge et al., 2020). Given these
factors, predicting the spatiotemporal distribution of salt
and suspended sediment is of considerable scientific and
practical value and serves as an ideal starting point for
predicting other SIFs.
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A prevalent conventional approach for investigating
the spatiotemporal variations in SIFs is the use of process-
based numerical models (e.g. Cugier & Le Hir, 2002;
Lesser et al., 2004; Papanicolaou et al., 2008; Zhou et al.,
2025). These models have significantly advanced our
understanding of detailed mechanisms, yet they are still
limited by the incomplete incorporation of all underly-
ing processes (Hunter et al., 2018). This is especially the
case for fine sediment dynamics: numerically modeling
all processes driving fine sediment transport requires a
level of processes knowledge, model input, and resolu-
tion which cannot be resolved by the current generation
of models and requires user-defined simplifications of
actual processes (Winterwerp et al., 2021). Additionally,
the computational efficiency of numerical models may
become a limiting factor when short computational peri-
ods are of paramount importance, for instance, in disaster
forecasting. Both the complexity of accurately predict-
ing SIFs (especially sediments) and the associated com-
putational time motivate the exploration of alternatives
to numerical models for predicting their spatiotempo-
ral evolution. Data-driven models could provide such an
alternative, initially trained by SIFs computed by numer-
ical models but in the future possibly relying on other
data sources such as satellite-derived data. We therefore
explore the capacity of existing deep learning techniques
to advance our predictive capabilities of SIFs, focusing on
salinity and sediments.

1.2. Related works

Recently, substantial efforts have been devoted to devel-
oping data-driven models for predicting the transport
and distribution of SIFs using state-of-the-art machine
learning (ML) techniques (Feizizadeh et al., 2021; Gold-
stein et al., 2019). For example, time-series variations in
salinity and suspended sediment concentration (SSC) at
individual sites can be forecasted based on the target vari-
able itself (Zhang et al., 2022) or several other variables
(Wang & Ge, 2025). However, to the best of the authors’
knowledge, ML-based spatiotemporal predictions of SIFs
are both rare and challenging, even though understand-
ing the spatiotemporal variations of these variables is
essential for comprehending their evolutionary patterns
and potential impacts. In fact, the cutting-edge deep
learning (DL) architectures and their numerous vari-
ants have been extensively studied and applied for spa-
tiotemporal predictions, more frequently in meteorol-
ogy compared to water research. Such DL models for
weather forecasting include FourCastNet (Pathak et al.,
2022), Pangu-Weather (Bi et al., 2023), GraphCast (Lam
et al., 2023), etc. These models often link predicted vari-
ables with dozens of other variables and achieve superior

inference efficiency, thereby they need substantial and
well-structured data for training and inference.
However, meeting these data requirements remains
a significant challenge for various water systems, such
as large rivers, estuaries, and oceans. For these envi-
ronments, it is difficult to acquire datasets that encom-
pass multiple variables, cover extensive spatial ranges,
and maintain relatively consistent resolution, especially
for the lower layers of the water column, which are
beyond the reach of satellite imagery. This situation limits
the data-driven spatial prediction, leading most previ-
ous research to focus on predictions for scattered sites
(e.g. Song et al., 2020). Although other DL models such
as physics-informed neural networks (PINN) can allevi-
ate the data dependency and resolve multiple variables
like water levels and current velocities by fitting the
governing equations (Zhou et al., 2025b), difficulties in
incorporating complex real-world boundary conditions
and training the model limit their applications in real-
time prediction. Therefore, constructing a data-driven
DL model based on potentially available data is crucial
for predicting the spatiotemporal distribution of SIFs.

1.3. Hypothesis and contribution

In most cases, fundamental hydrodynamic variables such
as water levels and current velocities are the most read-
ily available data. For example, global navigation satellite
system (GNSS) can provide accurate large-scale water
levels (Wang et al., 2021), satellite-based velocity prod-
ucts are also available in coastal environments (Martin
et al., 2022), and image-based hydrometry techniques
can effectively monitor flow conditions (Eltner et al,
2018; Gilmore et al., 2013; Huang et al., 2024). Even
when such data are unavailable, numerical simulations
of pure hydrodynamics are much faster than simula-
tions including various SIFs. Therefore, it is crucial to
examine whether significant mapping relationships exist
between basic hydrodynamics and SIFs and to what
extent these relationships can be captured by data-driven
models instead of partial differential equation (PDE)
solvers. If confirmed, these mapping relationships could
be leveraged to infer the distribution of SIFs directly
from hydrodynamic information. In this study, we estab-
lish such a framework that uses water levels and current
velocities as inputs to predict the distribution of salin-
ity and SSC using a DL model. Critically, we prove the
ability of this DL model to enhance prediction reso-
lution, by examining whether it can predict the high-
resolution substance distributions with low-resolution
hydrodynamic inputs. This enhanced-resolution capa-
bility demonstrates greater potential in overcoming the
limitation of data scarcity.
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Figure 1. A schematic visualization of the framework; z, u, and
v denote water level, eastward velocity component, and north-
ward velocity component, respectively. The symbol ‘®’ signifies
Hadamard product.

2. Methods

The framework proposed in this study can be summa-
rized in three main steps, (1) Data Generation: using
numerical models to provide hydrodynamic information
on water levels and current velocities, as well as the corre-
sponding distribution of substances; (2) DL Model Train-
ing: training the model to capture the mapping relation-
ship between hydrodynamics and substance distribution;
(3) Prediction: using the well-trained DL model to infer
substance distribution based on fundamental hydrody-
namics, i.e. water levels and flow velocities. A schematic
visualization of this framework is presented in Figure 1.
Detailed descriptions of the DL model, numerical cases,
and data preparation are provided in the following sub-
sections.

2.1. Deep learning model

The DL model is constructed based on a deep oper-
ator network (DeepONet). Inspired by the universal
approximation theorem for nonlinear operators (Chen
and Chen, 1995), DeepONet is a notable neural network
architecture capable of learning the nonlinear opera-
tor that maps from one function space to another (Lu
et al,, 2021). For example, it can learn implicit oper-
ators like integration, fractional derivative (1D), and
fractional Laplacians (2D), indicating that this architec-
ture can be used for stochastic and parametric PDEs.
Recently, advanced DeepONet-based models have been
developed and applied in a variety of fields. For instance,
S-DeepONet incorporates sequential learning models
to capture causal relationships in time-dependent input
data (He et al,, 2024). Due to its capability for operator
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regression between function spaces, a DeepONet-based
model is designed and optimized to approximate map-
pings between basic hydrodynamics and substance dis-
tribution.

The DeepONet architecture consists of two types of
sub-networks, namely the branch networks and the trunk
networks. The branch network encodes input source
functions, and the trunk net encodes the domain geome-
try. Specifically, in our model, the branch network pro-
cesses the discretized representation of the input func-
tions, i.e. 2-D structured water levels and velocity com-
ponents at multiple time stamps. The trunk net typically
takes position information as input, e.g. spatial coordi-
nates (x, y). Therefore, in our framework they are referred
to as the feature network and position network, respec-
tively, for greater clarity. The final output of the DL model
is obtained by the element-wise multiplication of both
networks as in,

s? (x,9) = Gz, u, v)(x, )

M
=D filzu,v) © pr(x.y) (1)
k=1
where x, y are positional coordinates; z, u, v represent
water levels, eastward component, and northward com-
ponent of current velocities; § means trainable param-
eters of the neural network; Sg(x, y) is the predicted
substance distribution at (x,y) given parameters 6; G :
(z,u,v) > 8 is a nonlinear operator that represents the
mapping relationship between hydrodynamics and sub-
stance distribution; f; and py represent outputs of feature
network and position network; M means the number
of outputs of both feature and position networks; ©
means Hadamard product. With the Hadamard product
of feature and position networks, nonlinear interaction
between latent vectors of these two sub-networks can be
expressed (Li & Shatarah, 2024).

The original DeepONet employs feed-forward neural
networks (FNNs), implemented by multi-layer percep-
tron (MLP), for both the branch and trunk networks. To
better extract spatiotemporal information from hydrody-
namic inputs and enable resolution-enhanced inference
capabilities (P. Wang et al., 2022), convolutional neu-
ral networks (CNNs), which have been widely used in
2-D data processing (Mei et al., 2024), are applied to
encode multiple input variables. The feature network
includes 4 convolutional layers, along with additional
average pooling and dropout layers to control overfitting
and enhance the generalization capability of the model.
The position network takes the (x, y) coordinates as input
to encode the problem domain, using 3 fully connected
layers. These coordinates are organized in the same 2-
D dimension as the input features for consistency. The
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Table 1. List of main layers in the DL model.

No. Layer Output size Layer property Size-in Size-out
Feature network

1 Conv2D 96 2x2 [H,W,3] [(H=1),(W—1),96]
2 Conv2D 128 3x3 [(H=1),(W—1),96] [(H=3),(W-3),128]
3 Conv2D 192 3x3 [(H=3),(W-23),128] [(H—-15),(W —15),192]
4 Conv2D 192 3x3 [(H—5), (W —5),192] [(H—17),(W—=7),192]
5 AvgPool2D 192 3x3 [(H=7),(W=7),192] [(H—=9), (W —=9),192]
6 Flatten / / [(H—=9), (W —9),192] [(H=9) x (W—29) x 192,1]
7 FC 1280 / [(H=9) x (W—-29) x 192,1] [1280, 1]

8 Dropout / 0.1 [1280,1] [1280, 1]

9 FC_F 1280 / [1280, 1] [1280, 1]

Position network

1 FC 1280 / [H,W,2] [1280, 1]

2 FC 1280 / [1280, 1] [1280, 1]

3 FC 1280 / [1280, 1] [1280, 1]

4 Dropout / 0.1 [1280, 1] [1280, 1]

5 FC_P 1280 / [1280, 1] [1280, 1]

Combination of feature and position networks

1 Element-wise Multiplication / / [1280, 1] [1280, 1]

2 FC_out Hx W / [1280, 1] [Hx W,1]

[H, W]indicates the height and width of the input matrix for both feature and position networks; while for their input dimensions, ‘3’ corresponding to the number
of applied features (i.e. z, u, v), and ‘2’ corresponding to 2D positional dimensions (i.e. x, y). ‘Conv2D’, a 2D convolutional layer; ‘AvgPool2D’, a 2D average pooling
layer; ‘FC’, a fully-connected layer; ‘FC_F’, ‘FC_P’, ‘FC_out’ represent the output FC layers of the feature network, the position network, and the whole DL model,
respectively. Layer property indicates kernel size for CNN layers and dropout probability for dropout layers. The activation layers (ReLU) between main layers are

omitted.

outputs of the feature and position networks are then
multiplied elementwise and passed through a fully con-
nected layer to produce an H x W matrix representing
the substance distribution. Detailed information about
the entire architecture is provided in Table 1.

The loss function is defined as,

L(0) = MSE(S(x, ), S’ (x, y)) 2)

where S denotes the ground-truth data, i.e. the numer-
ical modeling results in this study, MSE signifies the
mean squared error calculation (L2 loss). The trainable
parameters @ are thereby optimized by minimizing £(6),

0" = arg nbin Lo 3)

The method of stochastic gradient descent with momen-
tum (SGDM) is applied to train the model with a constant
learning rate of 0.02. The DL model is developed using
MATLAB® R2024b and implemented on an NVIDIA
RTX 4090 GPU with an Intel Core i9-14900 K proces-
sor. For the standard scenarios, it takes approximately
3.2 hours to train for 50,000 epochs.

The ground truth data (including hydrodynamics
and target substance distribution) for the DL model in
this study are derived from numerical simulations. It is
important to note that while numerical models are used
here, they are not essential for the DL model’s function-
ality. Other data sources, such as re-analysis datasets or
satellite images, can provide the necessary data in real-
world applications; however, for aquatic environments,
especially the lower layers of the water column, their

availability is limited (as explained above). Numerical
simulations enable us to investigate and compare the bot-
tom and surface layers and easily control the spatial res-
olution for conducting enhanced-resolution tests. In the
following sections, we introduce two idealized numeri-
cal models that focus on simulations of salinity and SSC,
respectively.

2.2. Numerical models

Two idealized cases and one realistic case are set up using
the Finite-Volume Coastal Ocean Model (FVCOM), a
3D primitive equation coastal ocean model operating
on unstructured triangular grids. The unstructured grid
allows the model to accurately fit the complex boundaries
of coastlines and adopt flexible horizontal resolution.
FVCOM has been widely employed to address scien-
tific and practical problems related to hydrodynamics,
sediment dynamics, biogeochemistry in both complex
geometries (Beardsley et al., 2013; Guo et al., 2018; Shi
et al., 2022) and simplified environments (Chen et al.,
2009; Wu et al., 2011). Overall validation for the numer-
ical scheme and model accuracy can be found in Chen
et al. (2007). In particular, the FVCOM model has been
extensively used to model salinity (Ge et al., 2022; Xue
et al., 2009) and SSC (Morales-Marin et al., 2018; Zhou
etal., 2021) distributions, demonstrating its effectiveness
as a tool for generating datasets for the DL model. In this
section, two idealized cases are introduced in detail, and
the primary results based on these cases are presented
in Sections 3.1-3.5. The results from a realistic case of



the North Passage of the Changjiang Estuary are pre-
sented separately in Section 3.6 to discuss the engineering
applicability of the proposed approach.

2.2.1. The engineered channel case

In the first case, hydrodynamics and salt transport in
an engineered channel of an estuarine system are sim-
ulated (Figure 2). This idealized model was established
to investigate the effects of dikes and groynes on hydro-
dynamics and saltwater intrusion (Zhou et al., 2024).
The schematization and spatial scale of the geometry
are based on the North Passage, the main navigational
channel of the Changjiang Estuary (Figure 2a). Along
the open sea boundary (x = 420km), tidal amplitudes
and phases of 8 major astronomical tidal constituents
(Ma, S3, Na, Ky, K, Oy, Py, Qq) are specified to resolve
neap and spring tidal variations in hydrodynamics. At
the upstream river boundary (x = 0km), a constant river
discharge of 3,000 m?/s is prescribed. Detailed configura-
tion and validation for this model can be found in Zhou
etal. (2024). The channel system (300 < x < 390 km, —5
< y < 5km) shown in Figure 2b is the focus of this study,
with a grid resolution of 200 m.

This engineered channel case provides a dataset
containing spatiotemporal variations in water levels
(Figure 2c) and current velocities (Figure 2d and e) as
input data, along with the salinity field as output data for
the target region, at a temporal resolution of 10 minutes
following a spin-up time of 10 days. A detailed descrip-
tion of the dataset will be provided in Section 2.1.3.

2.2.2. Thetidalinlet case

A tidal inlet case is incorporated to provide a suspended
sediment dataset for the DL model. Tidal inlet systems
are found in many parts of the world (Ridderinkhof et al.,
2014), typically consisting of coasts, back-barrier basins,
barrier islands, and open sea areas with ebb tidal deltas
(de Swart & Zimmerman, 2009).

We use a schematized tidal inlet numerical case
inspired by the FVCOM model developed by Wu et al.
(2011) (Figure 3a). The grid resolution is uniformly set to
200 m within the 15.2km x 14.0 km model domain. Two
6.6 km x 0.2 km symmetric barrier islands are deployed,
leaving an inlet width of 2.0 km. On the open sea bound-
ary (y = 14km), the same tidal information is used
as in the engineered channel case. To comprehensively
test the performance of the DL model, the effects of
waves (Figure 3b) and winds are considered to generate
an asymmetric and more complex distribution of sus-
pended sediment. Wave conditions are calculated using
the SWAN model. An additional constant southwesterly
wind of 4.24m/s (consisting of southerly and westerly
components of 3m/s each) is applied to the surface in
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the FVCOM model. Similar to the engineered channel
case, a spin-up time of 10 days is adopted, but the out-
put interval of this model is extended to 1 hour to cover
more spring-neap cycles.

Since bathymetry is a dominant variable with a signif-
icant impact on hydrodynamics and sediment dynamics
(Olabarrieta et al., 2014), the model calculates morpho-
logical evolutions. The inlet demonstrates a deepened
pattern (Figure 3c) compared to the initial bathymetry
(Figure 3a). Although the morphological evolution pre-
sented here does not show funnel-shaped extension in
the back-barrier basin reported in previous studies, the
deepened tidal channel aligns with findings in the liter-
ature (e.g. Bosboom & Reniers, 2014; Roelvink, 2006).
This discrepancy could be due to the morphologically
short simulation period. However, the primary aim of
this numerical case is to provide a suspended sediment
dataset with periodical variations superimposed on non-
linear trends rather than to validate a morphodynamic
model. In summary, water levels and current velocity
components in the x, y directions (Figure 3d-f) are pro-
vided by this simulation for the DL model to predict the
SSC.

2.3. Data preparation and scenarios of the DL
model

The salinity dataset contains 1,000 samples at a temporal
resolution of 10 minutes (covering 7 days approximately),
and the SSC dataset contains 1,440 samples with an inter-
val of 1 hour (spanning 60 days in total). For main scenar-
ios, a 75%-5%-20% split is applied to divide the datasets
into training, validation, and test sets except for Case
T-1% which applies a 60%-5%-35% split to evaluate the
impact of reduced training data. The reduction of train-
ing data (from 75% to 60%) does not significantly affect
model performance and detailed results can be found
in the supplementary material. Table 2 summarizes the
different scenarios that will be analyzed in detail. The
standard scenarios (E-1 and T-1) employ a reproducible
random sampling approach with the same random seed
(an initializer for generating pseudorandom number).
Additionally, two alternative partitioning strategies of the
training, validation, and testing data are evaluated. The
first scenario (T-2) partitions the datasets in chronologi-
cal order according to the 75%-5%-20% split (Figure 4).
This scenario tests whether the DL model can continu-
ously capture and reconstruct a spring-neap tidal period
by learning from three previous spring-neap cycles (75%
of 60 days). Moreover, it is found that the SSC data exhibit
a non-uniform distribution during the recording period
with an overarching downward trend; the chronological
order thus results in a larger range and average of SSC in
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Figure 2. (a) Domain and bathymetry of the idealized model; (b) zoomed-in view of the main channel with the construction of dikes
and groynes. Black lines indicate the engineering structures of dikes and groynes. An example snapshot of the dataset is presented,
including the (c) water level, (d) eastward, and (e) northward components of current velocity in the bottom layer. White triangles in panel

(c) represent four sites selected for time-series validation.

Table 2. A summary of all scenarios of the DL model, excluding Case T-4, which involves direct interpolation between data of different

horizontal resolutions.

Input resolution Output resolution Input variables Output variables Note

The engineered channel case

E-1 (1000 m, 400 m) (1000 m, 400 m) Z,uU,V Salinity Random partitioning
The tidal inlet case

T-1 (400 m, 400 m) (400 m, 400 m) Z,uU,Vv SSC Random partitioning
T-1% (400 m, 400 m) (400 m, 400 m) Z,U,V SSC Training set reduced to 60%
T-2 (400 m, 400 m) (400 m, 400 m) zZ,u,v SSC Chronological partitioning
T-3 (400 m, 400 m) (400 m, 400 m) zZ,u,v SSC Inverse-order partitioning
T-4 (800 m, 800 m) (200 m, 200 m) SSC SSC Interpolation

T-5 (800 m, 800 m) (200 m, 200 m) Z,u,v SSC Enhanced resolution
T-6 (400 m, 400 m) (400 m, 400 m) Z,uU,V SSC Surface layer

The North Passage case

N-1 (0.005°, 0.005°) (0.005°, 0.005°) zZ,u,v Salinity Random partitioning

the training set. To test the model’s capability to predict
SSC increase, an inverse order data sampling (Figure 4)
scenario (T3) is executed as well.

The spatial resolutions of both numerical cases are
set to 200 m, corresponding to the highest resolution of

the salinity and SSC datasets. However, a relatively lower
resolution is adopted for standard scenarios to improve
training efficiency and facilitate a more comprehen-
sive discussion of the model performance in enhanced-
resolution prediction. In the standard scenarios, the input
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four sites selected for time-series validation.

and output matrices share the same resolution: 1,000 m
by 400 m in the (x, y) directions for the salinity case (E-
1) and 400m for the SSC case (T-1). Additionally, an
enhanced-resolution scenario (T-5) is evaluated for SSC
prediction, in which the input hydrodynamic data are
at an 800 m resolution (low), and the output SSC data
have a resolution of 200 m (high). To demonstrate this
enhanced-resolution capability clearly, a comparison sce-
nario (T4) is included, in which the 800 m resolution SSC
data are directly interpolated to a 200 m high-resolution
distribution. In all these scenarios, the focus is on the
numerically simulated results of the bottom layer of the
water column, as both saltwater intrusion and sediment
movement are highly active near the bed. Besides, an
additional scenario (T-6) targeting the surface layer is

also included to investigate whether the substances in
the surface layer can be equally well resolved as the bot-
tom layer. The surface SSC may in the future also be
extracted from satellite images, extending the practical
future potential of our model.

The primary results (Sections 3.1 to 3.5) are presented
based on idealized cases (E-1, T-1, T-2, T-3, T-5, and
T-6), as these cases allow for more flexible dataset con-
structions than real-world scenarios. Additionally, a real-
istic case (N-1) is included to demonstrate the engineer-
ing application prospects of the proposed methodology.
Case N-1 reflects actual hydrodynamic processes influ-
enced by engineering structures constructed in the North
Passage of the Changjiang Estuary. In 2016, we conducted
comprehensive near-bed observations in the North
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Figure 4. Diagram illustrating the random, chronological, and inverse-order sampling strategies for scenarios listed in Table 2, except

for T-4, which is an interpolation scenario.

Passage and established a validated numerical model
to help understand the estuarine system (Zhou et al,
2019). This numerical model provided a 5-day dataset
of hydrodynamics and salinity variations with a tem-
poral resolution of 15 minutes, which was subsequently
used to train the DL model. The data sampling strat-
egy for this case follows the standard scenarios (E-1 and
T-1). Detailed results for Case N-1 will be presented in
Section 3.6.

3. Results and discussion

We first present the results of loss functions (Figure 5) to
illustrate the training process. The training losses gradu-
ally decrease with a converging pattern. Notably, the val-
idation losses also exhibit an ideal decreasing tendency
with a trend of gradual flattening, indicating that the
model’s architecture and training strategy effectively con-
trol overfitting. Although in Case E-1 the loss function
still shows significant potential for further optimization
(see blue lines in Figure 5), the accuracy is adequate for
salinity prediction (as discussed in the following section).
Therefore, the number of training epochs for all idealized
scenarios is set to 50,000 for consistency. However, Case
N-1, being a realistic scenario involving more complex
geometry, bathymetry, and engineering impacts, requires
a larger number of epochs; thus, the number of training
epochs for this case is set to 100,000.

3.1. Salinity prediction: the engineered channel
case

A comprehensive comparison between predicted salin-
ity distribution and the ground truth data (Figure 6)

demonstrates the feasibility of mapping hydrodynamics
to salinity using our DL model. Results in Figure 6a-1
are derived from 4 periods in the test set, correspond-
ing to samples No. 440 (Figure 6a-c, t = 13.111 days),
455 (Figure 6d-f, t = 13.215 days), 471 (Figure 6g-1,
t = 13.326 days), 505 (Figure 6j-1, t = 13.563 days) in
the 1,000-sample salinity dataset. Note that the numerical
model outputs data from t = 10 days onwards.

Due to spring-neap tidal dynamics and the effects of
hydraulic engineering structures, salinity exhibits various
spatiotemporal distributions with significant variations
in both longitudinal and lateral directions. For instance,
isolated salinity patches occur frequently around the
heads of groynes (black boxes in Figure 6d-g). Such
elaborate salinity structures pose challenges in accurately
capturing the mapping relationship for the DL model.
The residuals between ground truth data (i.e. data from
numerical simulations) and the predicted salinity directly
affirm the high accuracy of the DL model (Figure 6¢,fi,
and 1), as these residuals are almost invisible even with
a color scale one order of magnitude smaller than the
standard.

The RMSE and R? metrics are used to quantify the
accuracy of the DL model (Figure 6m-o). These metrics
are calculated based on all scattered values covering the
entire spatiotemporal variations and are individually pre-
sented according to the training, validation, and test sets.
Additionally, the relative errors are indicated by the color
of these scattered points. The RMSE values on three par-
titioned sets are below 0.18, with the RMSE for the test set
being very close to that for the validation set. The R? val-
ues are all above 0.999. Relative errors are well controlled,
remaining under 10%, except for some smaller scattered
values where the baseline values are very small.
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3.2. SSCprediction: the tidal inlet case

For the tidal inlet case, the DL model effectively cap-
tures the mapping relationship between hydrodynam-
ics and SSC, even with the inclusion of more dynamic
factors such as waves, winds, and topographic changes.
Results for four temporal instances in the test set are
shown in Figure 7, corresponding to No. 836, 845, 863,
and 867 (t = 44.792, 45.167, 45917, and 46.083 days,
recording from ¢t = 10 days) samples in the 1441-sample
SSC dataset. At different stages within tidal cycles, the
SSC distribution shows significant pattern variations,
with high-SSC patches migrating up and down the inlet,
shaped like an ellipse (Figure 7b) or triangle (Figure 7c).
Due to the constant southwesterly wind, the SSC patches
extend northeast during ebb tides. These characteristics
are accurately learned and predicted by the DL model, as
described below.

The residuals between the ground truth data
(Figure 7a-d) and predicted SSC (Figure 7e-h) are well
controlled, with visible differences occurring only at
edges of SSC patches where horizontal gradients of SSC
are most pronounced (Figure 7i-1). Despite these devia-
tions, the DL model shows high accuracy in predicting
the SSC. It should be noted that the SSC predicted and
presented here is from the bottom layer of the water
column, where the concentration is typically highest. In
this study, the maximum SSC in the bottom layer is
approximately 10 g/L, consistent with extremely high SSC
detected in estuaries with turbidity maxima, for instance,
the Changjiang Estuary (Zhu et al., 2022), the Loire
Estuary (Dijkstra & de Goede, 2024), and the Yongjiang
Estuary (Tao & Zhu, 2022). Furthermore, since the SSC

Table 3. The maximum and average SSC of training, validation,
and test sets in Cases T-1, T-2, and T-3, respectively.

Maximum SSC Average SSC
Training  Validation Test Training  Validation ~ Test
T-1 11.267 10.627 11.296 1.032 1.033 1.036
T-2 11.296 7418 9.158 1.046 0.850 1.031
T-3 10.004 8.394 11.296 1.011 0.934 1.139

dataset exhibits non-uniform distribution with higher
SSC more concentrated in the first 20% of the recording
period due to non-linear trends in addition to periodical
variations, Cases T-2 and T-3 are designed to evaluate the
effects on the representativeness of training data and the
consequent model performance.

The temporally non-uniform distribution of SSC is
indicated by the maximum and average values of each
dataset (Table 3). Random sampling (Case T-1) shows a
close range of SSC values in the partitioned datasets, as
particularly indicated by the average SSC. This approach
is a common sampling strategy applied in deep learning.
In contrast, for the chronological (T-2) and inverse-order
(T-3) sampling strategies, the relative magnitudes of max-
imum and average SSC in the training and the test sets are
exactly opposite.

As a result, random sampling leads to similar perfor-
mance across each set (Figure 8a-c). The RMSE values
are kept below 0.0450 g/L and the R? values are greater
than 0.999. In Case T-2, the DL model achieves com-
parable performance on the training and validation sets
compared to Case T-1 (Figure 8d and e). The RMSE
of the test set is about 0.01 g/L higher than that of T-1
(Figure 8f), which is still satisfactory for SSC prediction.
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Figure 6. Salinity distribution at four temporal instances of Case E-1 and overall evaluations. Panels (a, d, g, j) display the ground truth
data, while panels (b, e, h, k) show the salinity predictions provided by the DL model. All these temporal instances belong to the test set.
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Black boxes in panels (d, g) highlight salinity patches around the heads of groynes.

Furthermore, the RMSEs of the training and validation
sets in Case T-3 (Figure 8g and h) are even higher than
those in Cases T-1 and T-2. However, the RMSE of the
test set increases to approximately 3.4 times that of the
standard scenario (Figure 81).

The relative errors in Figure 8i show that the DL model
performs relatively well in extrapolating to high SSC (>
10 g/L), which is beyond the range of the training set
(Figure 8g). This indicates the capability of the DL model
for extrapolation to extreme values. The errors are more
pronounced for SSC < 6 g/L, which falls within the range
of the training data. These results suggest that for this spe-
cific SSC dataset, different mapping relationships (rather
than just the magnitude of SSC) exist in different parts
of the dataset due to data distribution skewness. In other

words, it is crucial for the sampling method to sufficiently
ensure representativeness in the training set. Therefore,
the random sampling method applied in the standard
scenario T-1 is recommended as the primary choice.

3.3. Enhanced-Resolution prediction

The potential of the model to predict relatively high-
resolution substance distribution based on low-resol
ution hydrodynamics can further improve the value and
applicability of the framework proposed in this study.
Therefore, Case T-5 is designed to evaluate its perfor-
mance in terms of enhancing resolution. In Case T-5, the
high-resolution (200 m) outputs of the numerical model
are processed differently: the hydrodynamics (z, u, v) are
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interpolated into a low-resolution (800 m) grid, while the
target (SSC) retains the high resolution (200 m), creat-
ing a 1:16 difference in resolution between the inputs and
outputs of the DL model. Note that the high resolution of
target substance distribution is still needed in the train-
ing set, but when applying the well-trained DL model for
prediction, only low-resolution input of hydrodynamics
is required.

The drawbacks of low resolution are presented in
Figure 9a. Geometrically, the width of barrier islands is
distortedly enlarged, and information at the open bound-
ary is missing due to low-resolution resampling from the
numerical model output. More importantly, the SSC dis-
tribution loses detailed and smooth characteristics com-
pared to the high-resolution data (Figure 9c). Although a
direct interpolation using natural neighbor method can
help complete the missing data in the domain (Figure 9b),
the SSC distribution significantly differs from the high-
resolution data. Two main differences should be noted
(marked by two white boxes in Figure 9b): first, the high-
SSC patch in the open sea lacks detailed anchor-shape
features; and second, the SSC at the narrow inlet is much
lower than in the high-resolution data.

Enhanced-resolution prediction can solve the prob-
lem of information missing and accuracy declining
(Figure 9d). The errors associated with interpolation
and enhanced-resolution prediction are visualized in
Figure 9e and f, respectively. The errors from interpo-
lation (Figure 9e) are much higher than those from
enhanced-resolution prediction (Figure 9f), with large
errors corresponding to both the domain boundaries and
the shapes of SSC patches. Statistically, the RMSE of the
test set in enhanced-resolution prediction is only 5.66%
of the RMSE in the interpolation case, demonstrating the
accuracy of the DL model in enhanced-resolution pre-
diction. Consequently, the framework introduced in this
study can be further developed and applied to resolve
high-resolution substance distribution using only low-
resolution, fast, and computationally economic numer-
ical models or other data sources which cannot provide
the high resolution.

3.4. Time-series validation

Previous sections have thoroughly demonstrated how
the framework is constructed and applied, as well as its
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capability in predicting substance distribution. Never-
theless, the framework also shows valuable potential for
broader application scenarios. In this and the following
sections, two extended scenarios are discussed to further
evaluate the DL model.

While the spatial distribution clearly illustrates the
transport process of the substance of interest, in lots
of circumstances, time-series variations are also cru-
cial. Time-series information directly reflects the evo-
lutionary trends of specific variables at important sites
and is more convenient for comparison with thresh-
olds for catastrophic events. For instance, continuous
observations of salinity at Qingcaosha, Baozhen, and
Sheshan stations are important indicators (Zhu et al.,
2020) of saltwater intrusion, which may severely hin-
der the freshwater supply for the Changjiang River

Delta Economic Zone. Therefore, the accuracy of
time-series prediction is also essential for broader
applications.

In Case E-1, the DL model provides accurate salin-
ity predictions at the 4 sites marked in Figure 2c. The
RMSEs calculated at these sites based on the test set are
well controlled below 0.2 (Figure 10), which constitutes
only about 1% of the average salinity at these sites in the
test set. For Case T-1, a similar time-series validation was
conducted at the 4 sites denoted in Figure 3a. The RMSEs
are relatively higher than those of salinity prediction due
to more complex dynamics considered in numerical sim-
ulations. The RMSEs and their proportion relative to the
average SSC in the test set reveal that among the 4 sites,
prediction errors are more notable at Sites 2 and 3 in
Figure 3a, where the SSC fluctuates the most (Figure 11).
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Nevertheless, these results still verify the model perfor-
mance for SSC prediction, as the highest ratio of RMSE
to the average is only 4.23% (Figure 11c). Therefore, the
accuracy of the DL model is further demonstrated by
this time-series validation, indicating that this frame-
work can be effectively applied in time-series prediction
at individual stations.

3.5. Surface layer prediction

Another important consideration is that all the variables
(except for water levels) mentioned earlier in this study
are extracted from the bottom layer of the water column
due to the following reasons. For salinity, saltwater intru-
sion would be firstly detected in the bottom layer due
to gravitational effects; therefore, accurate prediction for
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bottom salinity is of practical importance. For SCC, the
bottom SSCis crucial for morphological changes and typ-
ically exhibits a wider range of fluctuations, which aids in
examining the model capability of predicting extremely
high SSC and visualizing spatiotemporal variations in
SSC.

However, since sediment is initialized from the sea
bed by shear stress, the mapping relationship between
hydrodynamics and sediment near the bed is expected
to be more prominent and easier to capture. Whether a
strong mapping relationship still exists in other layers of
the water column, under the influence of complex pro-
cesses such as advection and settling, requires further
investigation. On the other hand, due to advancements
in remote sensing techniques (Dethier et al., 2020; Volpe
etal., 2011), the turbidity of the surface layer has become
potential data source for SSC that can be observed on a
large spatial scale at a high resolution and provided as
model training data. Consequently, examining the per-
formance of the DL model using the surface layer SSC
data is beneficial for extending our framework for future
practical applications.

The results of Case T-6 demonstrate the robust perfor-
mance of the DL model. The maximum of RMSEs for the
three partitioned sets are only 0.025 g/L, and the R? val-
ues exceed 0.990. The high accuracy of SSC prediction for
the surface layer indicates a strong mapping relationship
between hydrodynamics and SSC at the surface, more-
over, which our DL model successfully captures. How-
ever, it should be noted that this mapping relationship is
relatively weaker compared to that in the bottom layer.
This is firstly indicated by the recorded training process
(Figure 5), as the remaining training and validation losses
(yellow lines) after 50,000 epochs are higher than in other
cases. Secondly, it is also supported by the statistic infor-
mation, as RMSEs in Figure 12m-o (surface layer predic-
tion) are greater than those in Figure 8a—c (bottom layer
prediction). This aligns with our understanding of sedi-
ment dynamics. The good performance of the method in
the surface layer suggests its potential for integration with
additional data sources, such as satellite images and high
frequency ground-wave radar systems, which can moni-
tor large-scale water levels and surface currents (Martin
etal,, 2022; Paduan & Washburn, 2013; Wang et al., 2021)
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as inputs for our framework to predict spatiotemporal
substance distribution.

3.6. Real-world application

The proposed framework was further applied to the
North Passage (NP) of the Changjiang Estuary to eval-
uate its efficacy in a real-world scenario. The NP is
characterized by the Deep Navigation Channel Project,
which includes two long dikes and multiple perpen-
dicular groynes (Figure 13a). These rigid engineering
structures regulate the flow field by enhancing main-
stream current velocities. Meanwhile, salinity variations
in this region have been extensively documented in pre-
vious studies (e.g. Li et al., 2020; Wu et al.,, 2010), being
driven by longitudinal advection but also cross-section
lateral density flows (Zhou et al., 2019). These complex
dynamics make the NP an ideal system for validating
whether the proposed framework can effectively capture
the relationship between a complex flow field and salinity
distribution under the influence of realistic engineering
structures.

In 2016, comprehensive in-situ observations were
conducted using a tripod frame to monitor near-bed
hydrodynamics and salinity variations. The observa-
tional site is indicated by a pentagram in Figure 13d.
Detailed descriptions of the measurements and the pub-
lished dataset can be found in Z. Zhou et al. (2025a).
Subsequently, an FVCOM model was established and val-
idated to hindcast the dynamics processes (Zhou et al.,
2019), providing the dataset utilized in this study. The
salinity distribution predicted by the DL model shows
an R? value of 0.9982 and RMSE of 0.2980 (Figure 13b).
Although these error levels are slightly higher compared
to the idealized engineered-channel scenario (E-1), the
performance of the DL model remains highly acceptable.
The robustness of the DL model is further validated by
time-series comparisons at the observational site, accu-
rately reproducing numerical model results and closely
capturing observed patterns (Figure 13c). Visualization
of the predicted salinity fields (Figure 13d-1) demon-
strates that the detailed spatial patterns can be effectively
captured by the DL model, including phenomena such
as saltwater trapping in groyne fields (Figure 13g-h).
The NP case not only confirms the robustness of the DL
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Figure 12. Distribution of SSC of the surface layer in the water column at four temporal instances of Case T-6. Panels (a, b, ¢, d) display
the ground truth data; panels (e, f, g, h) show predicted SSC provided by the DL model. These temporal instances are the same with those
in Figure 7. Panels (i, j, k, |) are differences between panels (a, b, ¢, d) and (e, f, g, h), respectively. The RMSE and R? values of all scattered
points, covering the whole spatiotemporal variation of SSC, are presented for training (m), validation (n), and test (o) sets.

model but also validates the feasibility of predicting SIFs
solely based on hydrodynamic conditions in realistic sce-
narios. It thus provided additional technical options for
water quality forecasting and related disaster prediction
applications.

3.7. Challenges and future work

The framework and the included DL model show great
potential across various application scenarios. Using a
data-driven method to infer the distribution of SIFs

based on basic hydrodynamics has proven feasible. How-
ever, several challenges remain with the current method-
ology, limiting its extensive application in real-world
complex scenarios. The method emphasizes the spa-
tiotemporal distribution of substances, requiring training
data that adequately represent both temporal and spatial
dimensions, thereby imposing a higher data requirement.
Due to the difficulty in fulfilling the large data demands
of such data-driven models, many studies have incor-
porated physical laws (governing equations) into deep
learning models, such as the physics-informed neural



ENGINEERING APPLICATIONS OF COMPUTATIONAL FLUID MECHANICS ‘ 17

32.0

31.8 ¢ NC: N

=
=

Latitude (°)
®
H

@
N
4

310
Shanghai

30.8 . . L L . . Uo
121.0 121.2 1214 121.6 121.8 122.0 122.2 122.4

Longitude (°)

Salinity Difference

50% 30 I

Observation

Numerical model

I
Deep learning

nN
a
T

40%

IN]
o
N
o

30%

Salinity
>

20%

Relative error

Predicted salinity
s o

R? =0.9982

| | |

5 RMSE = 0.2980 10% B
N = 81,024
0 0 0 L
0 5 10 15 20 25 30 12/10 12111
Test set

12/12 12/13 12/14 12/15
Date in 2016

Figure 13. (a) Bathymetry of the Changjiang Estuary and adjacent regions. Dikes and groynes constructed in the North Passage are
indicated by black lines. (b) The RMSE and R? values of all scattered points, covering the entire spatiotemporal variation of salinity, for
the test set in Case N-1. (c) Time-series comparison of near-bed salinity among in-situ observations (blue), numerical model results (red),
and DL model predictions (pink). The observational site is marked by the pentagram in panel (d). Panels (d - I) illustrate the salinity
distribution at four temporal instances from the test set; columns represent the ground truth data (first column), DL predictions (second

column), and their differences (third column), respectively.

networks (PINNs) (Raissi et al., 2019; Zhou et al., 2025b)
and physics-informed neural operators (PINOs) (Lietal.,
2024). These methods successfully alleviate the issue of
data requirement but also complicate model training due
to challenges such as unbalanced terms in loss functions
(Rohrhofer et al., 2022; Wang et al., 2022). Nevertheless,
integrating physical equations with data-driven models
remains promising, especially when high-quality marine
data are difficult to obtain. This inspires consideration of
incorporating physics into the framework in the future.
The realizations shown in this study utilize data gen-
erated by numerical simulations. Although employing
numerical models to generate datasets is a commonly
adopted strategy (Huang et al,, 2022; Li & Shatarah,
2024), reliance on numerical results inevitably limits the
applicability and efficiency of the proposed framework,
especially during the inferring stage, as (1) numerical
simulations become a prerequisite in this case and (2)
the quality of these numerical simulations may become
a limiting factor (especially if high-quality data can
be an alternative — see below). On the one hand, the
enhanced-resolution capability of the DL model partially

alleviates this limitation by reducing the computational
cost required to prepare numerical results as input data.
On the other hand, a promising alternative approach is to
integrate other data sources, such as satellite-based prod-
ucts and image-based hydrometry techniques, to serve as
both inputs and outputs of the DL model during train-
ing process. Once the mapping relationships have been
established by the DL model based on existing available
datasets, incomplete data can also potentially be supple-
mented. For instance, remote sensing data gaps caused
by adverse weather conditions could be filled through
further developments of our framework. SSC in com-
plex estuarine environments is difficult to predict, even
with well-calibrated numerical models. When additional
data sources, such as satellite-based surface SSC observa-
tions, are incorporated into the training dataset, the DL
model may bypass errors inherent in numerical simu-
lations by directly learning mapping relationships from
observational data. As indicated by Cases T-1, T-2, and
T-3, improving representativeness and coverage within
the training datasets significantly influences the model’s
extrapolation capability. Thus, it is recommended to fully
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leverage existing data products with longer temporal cov-
erage to include extreme values as many as possible in
future studies.

In this study, salinity and SSC are examined as exam-
ples. They exhibit distinct properties, resulting in differ-
ing mechanisms of transport and distribution in aquatic
environments. The proposed methodology demonstrates
robust predictive capability for the distribution of both
substances, thereby validating the reliability of the model.
Our future work aims to include a broader variety of sub-
stances, such as temperature, dissolved oxygen, and algae,
addressing concerns related to physics, chemistry, and
biology in water research. Furthermore, for substances
that are featured with active processes, such as algae
that grow and perish, we will investigate the feasibility
of predicting their concentration and distribution based
on hydrodynamic characteristics. If the model’s perfor-
mance proves inadequate, we will consider incorporating
additional key influencing factors to improve the model’s
efficacy.

4. Conclusions

We developed a framework to predict the spatiotemporal
distribution of substances in fluids based on water lev-
els and flow velocities. The framework includes a deep
learning model which applies the architecture of a clas-
sic neural operator, DeepONet. The deep learning model
incorporates a feature network and a position network,
which are used to encode the features of input vari-
ables and problem geometry, respectively. Different from
the original DeepONet, a convolutional neural network
is applied in the feature network to extract spatiotem-
poral information from the input variables and enable
resolution-enhanced inference. Numerical simulations
were conducted to provide training data for the deep
learning model.

The framework was tested by predicting the salinity
and SSC distribution derived from two idealized cases
and one real-world case. The accuracy of predictions
with different data sampling methods proves not only the
robustness of the deep learning model but also the impor-
tance of representativeness of the training set. The model
was also demonstrated to be able to enhance the resolu-
tion of predictions, enabling more computationally eco-
nomic predictions as low-resolution hydrodynamics can
be utilized to construct a high-resolution substance dis-
tribution. Both the bottom and surface layers of the water
column were examined using the framework. We found
that the mapping relationship from hydrodynamics to
substance distribution can be captured throughout the
entire water column although exhibiting different inten-
sity, broadening the application scope of the framework.

It shows potential for further integration with additional
data sources other than numerical simulations in the
future, such as remote sensing data, which primarily
targets the water surface.

Highlights

(1) A deep learning framework is developed to predict
spatiotemporal distribution of substances in fluids
based on basic hydrodynamic data.

(2) Salinity and suspended sediment concentration are
accurately predicted by the proposed framework.

(3) The deep learning model can provide substance
output at a higher spatial resolution than hydrody-
namic input.
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