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This study emphasizes the importance of accurate calibration in sediment transport models and highlights the
transformative role of artificial intelligence (AI), specifically machine learning, in improving accuracy and
computational efficiency. Extensive experiments were carried out in the Riba-Roja reservoir, which is located in
the northeastern Iberian Peninsula. The accumulated sediment volume (ASV) curve was used to calibrate these
experiments. The optimal ASV curve was found to be very close to the experimental data, with only minor
differences in upstream areas. The results revealed a consistent rate of sediment transport and settling.
Furthermore, the study investigated the capabilities of deep neural networks (DNNs) in predicting ASV curves

and observing variable performance. In essence, the study highlights AI's potential for enhancing sediment

transport models.

1. Introduction

Sediments are solid particles that are transported and deposited by
natural processes such as erosion, weathering, wind, water, and ice.
There are different mechanisms for the transportation of sediments, and
these are usually called “modes” of sediment transport. The more
important modes are suspension (where sediments are carried within
the water column by turbulent flow or currents), traction (where sedi-
ments are transported along the bottom of a waterway by rolling,
sliding, or dragging), saltation (where sediments are transported in a
series of short hops or bounces along the bottom of a waterway), and
solution (where sediment are dissolved in water and transported as
dissolved load) (van Rijn, 1993). The understanding of sediment trans-
port mechanisms is important in hydraulics as well as other fields such
as geology, civil engineering, and environmental management (Wood,
1997).

Sediment control is an important aspect of environmental manage-
ment that is aimed at reducing soil erosion, sedimentation, and associ-
ated environmental impacts. There are several strategies for controlling
the process of sediment transport, some of which may include sediment

basins, silt fences, erosion control blankets, and grassed waterways.
Numerical techniques are considered valid tools for studying such pro-
cesses in detail. Thanks to the recent advances in computational engi-
neering and their application to hydrodynamics, sediment transport,
and morphodynamics, it is possible to understand and control sediments
in various environments (Van Binh et al., 2022; Goldstein et al., 2019;
Khosronejad et al., 2023). These models can simulate physical processes
that govern sediment transport and deposition, predict sediment pat-
terns, and assess sediment control strategies (Kantoush and Sumi, 2010;
Minella et al., 2014).

The accurate calibration of the parameters of sediment transport
models is essential to ensure a reliable representation of the real-world
system being studied. There are several methods for calibrating these
models, one of which is the Monte Carlo method. The Monte Carlo
method involves the generation of a large number of model simulations
with randomly selected parameter values within a specified range.
These simulations are then compared to the observed data, after which
the parameters that produce the best fit are selected. This process is
repeated multiple times to account for the uncertainty in the observed
data and improve the accuracy of the model. Although the Monte Carlo
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method is computationally expensive, it provides a comprehensive
approach to model parameter calibration, which is why it is commonly
used in sediment transport modeling (Hallouz et al., 2018; Lu and
Chiang, 2019; Tonkin and Doherty, 2009). Moreover, the Monte Carlo
method can also provide a probabilistic assessment of model uncer-
tainty, which is useful for both decision-making and risk assessment (Fl
Safadi et al., 2015; Zhang et al., 2019).

High-performance computing (HPC), and graphics processing unit
(GPU) parallelization in particular, can help in coping with the high
computational cost of the Monte Carlo method without losing much
accuracy in model simplification. The GPUs are designed to handle
massive volumes of data and perform various calculations simulta-
neously, making them ideal for Monte Carlo simulations. By distributing
the workload across multiple GPUs, parallelization has the potential to
significantly reduce simulation time, which can enable researchers to
solve complex problems more efficiently. Furthermore, if implemented,
HPC and GPU parallelization can offer substantial computational ad-
vantages over traditional CPU-based systems. In this study, we aimed to
demonstrate the effectiveness of HPC and GPU parallelization in accel-
erating Monte Carlo simulations. The utilization of these technologies
allowed us to address increasingly complex problems and achieve faster
results. Our findings provide evidence of the benefits and future po-
tential of HPC and GPU parallelization in scientific research. In the
context of simulating shallow water flows using GPUs, de la Asuncion
et al., (2010) introduced a GPU-based model for the simulation of
two-layer shallow water flows. The authors utilized CUDA-based GPUs
to achieve efficient computations and demonstrated the model’s capa-
bilities in accurately solving various test cases. Building upon this work,
de la Asuncion et al., (2013) further discussed the use of the two-waves
total variation diminishing-weighted average flux (TVD-WAF) method
for the simulation of two-dimensional, one-layer shallow water systems
on structured meshes, presenting an efficient GPU implementation of
this method and showecasing its effectiveness in providing accurate so-
lutions. By organizing the references chronologically, this revised sec-
tion highlighted the progressive development of GPU-based models for
shallow water flow simulations. They highlighted the benefits of using
GPUs for this type of simulation, including their ability to handle large
volumes of data and the speed of GPU processing. Further, they also
described the specific techniques that they used to optimize their
simulation, including thread and block organization and the use of
shared memory. Brodtkorb et al. (2013), who provided a broader
overview of GPU programming strategies and trends in GPU computing,
discussed the history of GPU computing and its evolution from a
specialized technology to a widely used tool for scientific computing.
Additionally, they also described various programming paradigms for
GPU computing and stressed the importance of optimizing algorithms
for the specific architecture of GPUs. Moreover, Bell and Hoberock
(2011) described Thrust, which is a productivity-oriented library for
CUDA programming. They discussed the features of the library and how
it can simplify and speed up GPU programming tasks. Finally, Castro
et al. (2011) discussed using GPUs to simulate shallow water flow based
on finite volume schemes. Their results demonstrated the efficiency of
their GPU-based simulations and stressed the potential of this technol-
ogy for the simulation of complex flow scenarios.

The integration of artificial intelligence (AI)—and, particularly,
machine learning algorithms—in the calibration of 2D sediment trans-
port models using the Monte Carlo method is an emerging and promising
field of study. Machine learning algorithms and AI can be used to
automate the selection process of the model parameter to reduce the
computational time as well as improve the accuracy of the model results.
For instance, machine learning algorithms such as neural networks
support vector machines, and decision trees can be trained on the
observed data and used to predict the best model parameters, along with
understanding the model behavior to estimate the possible outcomes.
This approach has been present in several recent studies (AlDahoul
et al., 2021; Goldstein et al., 2019; Jimeno-Saez et al., 2022; Sarker,
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2021).

Artificial Intelligence has been utilized in various studies to estimate
the suspended sediment in rivers. One of the earliest studies of this kind
was conducted by Jain (2001), who developed a sediment rating curve
model by using a feed-forward neural network (FFNN). The author
found that the AI model produced better results than the conventional
curve-fitting methods. In another study, Nagy et al. (2002) used a
multilayer feed-forward neural network to predict the sediment load in
three rivers by using eight input variables, including tractive shear stress
and the velocity ratio. They found that the neural network produced
satisfactory results compared to conventional equations for sediment
load concentration. Kerem Cigizoglu and Kisi, (2006) proposed a
method to improve the performance of the neural network by using the
K-fold partitioning method to divide the data into sub-groups and train
them individually. Alp and Cigizoglu (2007), who investigated the
estimation of daily suspended sediment load by using both feed-forward
back-propagation and radial basis function algorithms, found that the
learning rate directly affected the performance of the algorithm and
adding river flow data to rainfall data produced better results. Moreover,
Rai and Mathur (2007) developed an event-based model for temporal
variation of sediment yield by using a feed-forward back-propagation
neural network. The authors found that the artificial neural network
(ANN) model performed better than the linear transfer function model.
Jothiprakash and Garg (2009), who used a multi-layer perceptron with a
back-propagation algorithm to estimate the volume of sediment retained
in a reservoir, found that ANN produced better results than conventional
regression analysis. In recent years, there have been significant ad-
vancements in the application of Al for sediment transport modeling.
For instance, a study by Latif et al. (2023) compared the performance of
various Al-based models, such as Long Short-Term Memory (LSTM),
ANN, and Support Vector Machine (SVM), in predicting sediment
transport in the Johor river. The study found that LSTM outperformed
other models, suggesting that deep learning models might be more
effective than traditional machine learning models for this task. More-
over, a comprehensive review by Gupta et al. (2021) summarized
various Al-based models for suspended sediment load (SSL) estimation,
including ANN, SVM, and Neuro-Fuzzy (NF). The review found that
these models performed well in different circumstances, and hybrid
models using ANN with Extreme Learning Machine (ELM) or wavelet
analysis showed promising results. Furthermore, a book chapter auth-
ored by Heddam et al. (2024) focused on AI modeling of sediment
transport in Iranian rivers, demonstrating the global application of these
techniques. These recent studies highlight the ongoing evolution and
potential of Al in sediment transport modeling, addressing the limita-
tions of earlier models and opening new avenues for future research.

The present study aimed to develop an efficient methodology for
calibrating a 2D sediment transport model by utilizing the experimental
data from the Riba-Roja Reservoir. The primary focus of this study was
to improve the computational efficiency and parameter selection pro-
cess of the calibration approach. To achieve this goal, the study
employed DNNs to reduce computational costs and improve model
performance. Unlike a previous study by Bladé Castellet et al. (2019),
which utilized a CPU-parallelized sediment transport and a hydraulic
model, the present study used a GPU-parallelized version of the same
model for faster simulations. DNNs were picked due to their capacity to
describe intricate patterns with more precision by capturing complex,
nonlinear interactions in sediment transport processes. They were
among the best options among other Al algorithms for estimating the
ASV curves because of their potential in automated feature extraction
from high-dimensional datasets and systematic learning.

One of the major differences between the study by Bladé Castellet
et al.,, (2019) and this one is the approach used for selecting the pa-
rameters. In the former, the selection of the parameters was performed
“manually” after defining specific objectives; however, in the latter, the
selection of the parameters was entirely based on performance evalua-
tion with no manual intervention. This approach allowed for a more
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comprehensive evaluation of model performance and reduced the risk of
biased parameter selection. Another significant difference between the
previous and the present study is the computational domain used for the
simulations. In the previous study, a simplified computational domain
was used to reduce the computational cost in the first step of the cali-
bration process, whereas the present study employed a more refined
computational domain from the first step thanks to the speedup ach-
ieved by the GPU-parallelized model and the implementation of Al in the
Monte Carlo simulation. This refinement from the beginning of the
calibration allowed for a more straightforward and less iterative scheme
for the process of calibration.

Using this comprehensive approach, this study aimed to provide an
accurate calibration of the sediment transport model and advance the
understanding of sediment dynamics in the Riba-Roja Reservoir. This is
expected to contribute to the development of improved sediment
transport modeling techniques that can be applied to other reservoir and
water systems, ultimately supporting better management and conser-
vation of natural resources.

Structurally, this study is divided into the following sections: mate-
rial and methods, case study, results and discussions, conclusions, ac-
knowledgments, Author CRediT Statement, and references.

2. Materials and methods

This section discusses the governing equations and sediment trans-
port methods used in the Iber software package to simulate hydraulic
and sediment transport processes (Bladeé et al., 2014). Further, the sec-
tion mentions the continuous improvements made to Iber, along with
briefly introducing two new parallel implementations of the hydraulic
module of Iber, namely, R-IBER (Sanz-Ramos et al., 2023), and Iber+
(Garcia-Feal et al., 2018), which utilize the CUDA Fortran code for
accelerated simulations. Later in this section, the study area is discussed.
This refers to the Ebro River basin in the northeastern Iberian Peninsula.
The section briefly mentions two bathymetric campaigns that were
conducted to examine the sediment dynamics and bottom evolution in
the Riba-Roja Reservoir tail. Finally, the section introduces the meth-
odology that was utilized to calibrate the model by using the given
experimental data sets.

2.1. Governing equations

The Iber software package was evaluated to conduct hydraulic and
sediment transport simulations. The package was previously utilized to
simulate the flow of water and hydrological processes in waterways
(Bladé et al., 2014). Notably, the Iber software not only simulates water
hydrodynamics processes but also contains multiple modules that are
capable of addressing a wide range of processes, such as bedload and
suspended sediment dynamics, water quality, and hydrological pro-
cesses. The sediment transport numerical solver is integrated with the
hydrodynamic module, which resolves the two-dimensional shallow
water equations by using the finite volume method and the numerical
scheme of Roe (1986). These equations, which are also referred to as the
2D Saint-Venant equations, along with the Boussinesq approximation to
consider turbulence, can be mathematically expressed as follows:

oh  OhU.  ohU,
ot ox dy
a(hU,) d , K\ 9 B oU,
o (hU) +tes )+ o (hUU,) = gh(S,. — Sy.) + o \wh )+
a(hUy) 9 a , oU,
o +5 (hU,U,) +0_y (hU‘ +g7) =gh(S,, — S¢,) +5 (u,hg) +
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Here, h is the water depth, U, and Uy are the x and y components of
the depth-averaged velocity, g is the gravitational acceleration, S, = —
0z /0x and S, = —0z,/dy are the spatial variation of the bed elevation

(z,) on the x and y directions, Sy, := (n?Uy,/ U§+U§)/h4/3 and

Soy := (n*Uy,/U% + U} ) /h*/3 are the energy dissipation in the x and y
directions due to bed friction (which is computed using the Manning
formula, where n would be Manning’s roughness coefficient), and v; is
the turbulent viscosity.

Iber has undergone continuous improvements, and its latest iteration
features a suite of modules for various free-surface flow processes,
including hydrological processes (Cea et al., 2022; Cea and Blade, 2015;
Sanz-Ramos et al., 2021), pollutant diffusion and propagation (Cea
et al.,, 2016), the transport of large wood particles (Ruiz-Villanueva
et al., 2014), and the eco-hydraulic model (Sanz-Ramos et al., 2019,
2023).

2.2. Sediment transport methods

Iber includes a sediment transport module that simulates bedload
and suspended sediment transport. It is based on the results of velocity,
depth, and turbulent viscosity fields computed by the hydrodynamic and
turbulence modules. To simulate the suspended sediment trans-
portation, the depth-averaged turbulent convection-diffusion equation
was used. The equations concerning the sediment transport model can
be formulated as follows (Cea et al., 2016):

ohC  onU.C ohU,C 0 v\, 0C

Here, C is the depth-averaged concentration of suspended solids; I' is the
molecular diffusion coefficient for suspended solids; S, is the Schmidt
number, which relates the turbulent diffusion coefficient that charac-
terizes the distribution of turbulence intensity with the suspended tur-
bulent diffusion coefficient; and De and Er are the deposition rate and
entrainment rate, respectively. Their mathematical definitions are dis-
cussed below. First, the sediment conservation equation under the
assumption of no bedload transport was used because of the existence of
mostly fine and cohesive sediment particles in the study area. This
equation computed the changes in the bed level Z, by using the
following terms:

0z,
(l—p)a—tb:De—Er [3]

Er was estimated using the linear threshold model, which was
initially suggested by Partheniades (1965) and Ariathurai and Arula-
nandan (1978) for cohesive soils.

Er=M- (T—’” - 1> [4]

ce

In this case, the erosion rate was determined by the difference between
the shear stress 7, and the strength (or erosion critical stress) z.,. Further,

aU,
)
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is proportional to M, which represents the rate of erosion constant. The
following widely used expression (Einstein and Krone, 1962), which
considers a deposition critical stress 7.4, used for the definition of De:

De:<1—T—b> W,-C, (5]

cd

Here, C, is a near-bed concentration derived from the Rouse profile,
calculated according to Huybrechts and Villaret (2010). Moreover, the
settling velocity W; is determined by using the Van Rijn formula (Van
Rijn, 1987), which is widely used in large-scale applications (Duan and
Nanda, 2006).

2.3. CUDA Fortran code: R-IBER

R-IBER is a numerical tool that is based on the code of Iber and was
originally developed for hydrodynamic and eco-hydraulic purposes in
CUDA Fortran architecture for GPU computing. The existing code has
been enhanced by including the sediment transport module of Iber into
R-IBER. A code re-ordering and optimization were necessary to follow
the main structure of CUDA programming. Unlike the eco-hydraulic
module, which is post-process, this new module is fully integrated and
works with hydrodynamics. The technical details of the software are
provided in section.

The use of GPUs, which were initially designed for computer
graphics, has been commended due to their parallel architecture that
allows for several TFLOPS (1012 floating-point operations per second)
of computational power in a single graphics card. The NVIDIA CUDA,
which extends conventional programming languages to expose the ca-
pabilities of GPUs to programmers, is widely used in scientific applica-
tions (NVIDIA Corporation, 2023). It provides abstractions such as
thread hierarchy, shared memory, and barrier synchronization to pro-
grammers. The NVIDIA GPUs employ single-instruction, multiple-thread
(SIMT) architectures, which distribute threads in groups of 32 called
warps. In a stream multiprocessor (SM), each warp is run in parallel and
follows the same instructions. However, when a branch instruction is
executed, a divergence occurs, resulting in the delay of threads in one
pathway while others are executed and vice versa. The threads will
converge once the branch is completed. To attain high throughput, it is
important to consider this GPU characteristic and update the algorithms
to eliminate redundant branching and data recognition, thus avoiding
divergence.

Fig. 1 presents a simplified flowchart of R-IBER, which illustrates
that the simulation data are transferred before the beginning of the
simulation and when they need to be written to the hard disk. During
each iterative loop, only the variables of the current timestep are
transferred, as discrete GPUs have a memory that is distinct from the
system memory. To transfer the data between the CPU and GPU, the PCI-
Express bus is used, and the data are transferred from the system
memory to the GPU memory. However, these transfers may become a
bottleneck due to limited bandwidth and higher latency compared to the
system memory accesses. Therefore, it is crucial to minimize the mem-
ory transfers between CPU and GPU as much as possible, as recom-
mended by Garcia-Feal et al. (2020).

It is also worth mentioning that to achieve maximum efficiency in
variable allocation on GPU processors, it is recommended to use single-
precision arithmetic operations whenever possible, which may entail
round-off errors in the computation results. The choice between single-
precision and double-precision arithmetic depends on memory usage,
computational efficiency, and precision requirements. Double-precision
arithmetic requires twice as much memory, which can impact memory-
intensive applications and large datasets. Conversely, single-precision
arithmetic can offer faster performance in scenarios where high
computational throughput is crucial, such as real-time simulations or
GPU processing. Additionally, single-precision arithmetic can provide
sufficient accuracy for applications with less stringent precision
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Fig. 1. General flow chart of the R-IBER code for a particular GPU
computation.

requirements. Ultimately, the decision should consider the specific
application, hardware limitations, and the right balance between
memory usage, computational efficiency, and precision needs.

2.4. Hardware and characteristics

The simulations were performed using Iber v3.1, which includes the
updated R-IBER code and is available for free distribution on www.ibe
raula.com. Both algorithms utilized the Roe first-order numerical
scheme. The computations were conducted on an AMD RYZEN 5900HX
CPU for the sequential version (CPU), while for the CUDA Fortran GPU
version (R-IBER), computations were launched on the same CPU along
with the GeForce® RTX 3070 laptop GPU, which are widely used de-
vices for mid-range to high-end gaming laptops.

2.5. Accumulated sediment volume (ASV) curve

The accumulated sediment volume (ASV) curve is a graphical rep-
resentation that shows the cumulative volume of sediment that has been
deposited in a particular area over time. The ASV curve is calculated by
integrating the sediment accumulation rate over a certain period and
plotting the accumulated sediment volume against the distance or time.
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The accumulated sediment volume is expressed in units of volume per
unit area (typically in cubic meters or cubic feet per square meter or
square foot).

The ASV is being used in the field of sedimentology and coastal en-
gineering to evaluate the amount and distribution of sediment that has
accumulated in a particular area (Baljyan et al., 2014; Ber-
trand-Krajewski et al., 2006; Phien and Arbhabhirama, 1979).
Furthermore, it is particularly useful for understanding the long-term
effects of coastal processes, such as erosion and deposition, as well as
for planning coastal management and developmental projects. The ASV
curve can also be used to evaluate the impact of human activities such as
dam construction and sedimentation patterns (Sedlacek et al., 2022).
Additionally, the ASV curve can provide important information for the
design and management of coastal structures such as breakwaters,
jetties, and shoreline stabilization structures. Thus, the ASV curve is a
valuable tool for understanding the sediment balance of a coastal system
and can help in making informed decisions about the management and
protection of these important coastal resources.

2.6. Utilized deep neural network

Deep neural networks (DNNs) are a type of neural network archi-
tecture that is used to predict a continuous target variable, given a set of
input features. Compared to traditional neural networks, DNNs have
more hidden layers and, thus, can learn more complex representations of
the input data. This makes them well-suited for applications such as
image recognition, speech recognition, and natural language processing,
where the input data can be highly complex and varied. The basic
equation for a three-layer DNN regression model is as follows:

Y=Ws(e(W2(6(WiX +b1)) +b2)) + bs (6]

Here, y is the predicted target value, X is the input features, W, W, and
W3 are the weights for each layer in a three-layer network, by, b2, and b3
are the biases for each layer, and o (sigmoid) is the activation function
applied element-wise to the intermediate layer outputs. The weights and
biases are learned through the training process, during which the net-
work’s prediction is compared to the actual target values, and the pa-
rameters are updated to minimize the prediction error, which will be
further defined later in this section.

The number of hidden layers, the number of neurons in each layer,
the activation function, and other hyperparameters are all choices that
can be made in designing a DNN regression model. The goal is to find the
optimal set of hyperparameters that provide the best prediction per-
formance on the training and test data. To achieve this, techniques such
as cross-validation, early stopping, and regularization can be used to
prevent overfitting and improve the generalization performance of the
model.

Fig. 2 presents a schematic demonstration of a four-layer DNN ar-
chitecture designed for the purpose of prediction. The DNN comprises
two sets of 54 neural nodes and two sets of 27 neural nodes. The decision
to use these specific numbers for the layer sizes was influenced by a

27 Inputs 27 Outputs

4 Hidden Layers

Fig. 2. Utilized DNN model pattern.
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combination of factors such as the complexity of the problem, the size of
the dataset, and architectural considerations. In general, larger layer
sizes allow the DNN to learn more complex patterns and potentially
capture more intricate relationships in the data. However, the choice of
layer sizes often involves striking a balance between model capacity and
overfitting risks, as excessively large layers may lead to overfitting on
smaller datasets or increase computational complexity. Consequently,
the selected layer sizes of 54 and 27 were determined based on prior
experimentation and architectural considerations, with the aim to strike
an appropriate balance between model capacity and practical feasibility.

For the hidden layers of the DNN, the rectified linear unit (ReLU)
activation function, which is commonly employed in regression tasks
(Pomerat et al., 2019; Schmidt-Hieber, 2020), was utilized in this study
as well. ReLU introduces nonlinearity by setting negative input values to
zero while leaving positive values unchanged. This nonlinearity is vital
in allowing the DNN to learn complex relationships and patterns within
the data. Further, ReLU helps alleviate the vanishing gradient problem
where the gradients become extremely small during back-propagation,
hindering effective learning. By avoiding negative gradients, ReLU al-
lows for more stable and efficient gradient propagation, enabling the
DNN to learn and converge more effectively.

The choice of activation function in the output layer depends on the
specific problem and desired output behavior. Linear activation is
commonly used for predicting continuous values as it provides a direct
mapping from the DNN’s output to the desired output space. However,
for problems requiring different output behaviors, such as binary clas-
sification (sigmoid activation), multi-class classification (SoftMax acti-
vation), or specific transformations of the output range (e.g., tanh
activation), alternative activation functions can be employed. The se-
lection of the activation functions in the DNN model (including ReLU in
the hidden layers) and other appropriate functions in the output layer is
based on their compatibility with the nature of the data, problem re-
quirements, and established best practices in the field (Goodfellow et al.,
2016; Hinton, 2012).

A maximum number of 1000 iterations, along with the convergence
criterion of 1E-06 of relative error, is used for training. This convergence
criterion is applied to monitor the change in the loss function, which
represents the discrepancy between the predicted outputs of the DNN
model and the true values in the training data. The training continues
until the change in the loss function falls below the specified threshold,
indicating that the model has converged to an acceptable level. In this
study, the cross-validation method was used for evaluating the perfor-
mance of the model. Approximately 20% of the 750 total datasets were
excluded from the training process for the sake of the model perfor-
mance evaluation using these test datasets.

2.7. Monte-Carlo simulations

The benchmark that was used to calibrate the sediment transport
model of the R-IBER software was the experimental data extracted from
the reservoir that suffered flooding in 2008. This was achieved by sub-
tracting the bathymetric data of 2007 (i.e., before the flood) from the
interpolated bathymetric data of 2008 (i.e., after the flood) to determine
the depth of the eroded or deposited sediment particles during a flood
event. The surface area of the reservoir was divided into 27 segments,
and the sediment volume in each segment was calculated, which
resulted in an ASV curve. This curve was used as a reference for sediment
transport model calibration. The main steps of the calibration process
are illustrated in the form of a flowchart in Fig. 3. As regards this
flowchart to calibrate the model, the Monte Carlo simulation was used to
identify the best combination of uncertain model parameters, including
the erosion rate constant (M), the erosion critical shear stress (z..), the
deposition critical shear stress (z.4), and the particle diameter (D).
Successful optimization of model parameters served as validation
against real data, reflecting the iterative nature of the study. The chosen
algorithm dynamically adapted based on evolving DNN performance,
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Model Parameters

Run a R-IBER
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Train DNNs with the file
containing all ASVs

DNNs Performance criteria satisfied?

Report best parameter sets
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Fig. 3. A simplified process chart of performed sediment transport model calibration.

Table 1
Final values of the parameter ranges used to perform the Monte Carlo
simulation.

Parameter Lower Bound Upper Bound
Erosion rate (M) 2.5e—08 m/s 8.9e—08 m/s
Erosion critical shear stress () 0.2 Pa 1 Pa
Deposition critical shear stress (z.4) 0.1 Pa 0.8 Pa
Particle diameter (D) le—05m 3.4e—05 m

allowing flexibility to add more simulations if needed for a robust
optimization process. To perform the simulation, a range of values for
each parameter was selected based on previous literature and rough
estimates. Initially, larger ranges were chosen to train the DNNs and
obtain an estimate of the root mean square error (RMSE) values with the
input parameters. Subsequently, a smaller range was selected based on
the least 30% RMSE values. This smaller range was then used to train the
DNNs further in those specific ranges, making the model more robust
and accurate. Thanks to its extensive parameter variations, the Monte
Carlo simulation combined with a trained DNN ensures an extensive
evaluation of a variety of situations and model parameters, eliminating
necessity for a separate sensitivity analysis. The selected parameter
ranges for the Monte Carlo simulation are presented in Table 1. As
Table 1 shows, the erosion rate (M) varied between 2.5e-08 and 8.9-e08
m/s, erosion critical shear stress (z.) varied between 0.2 and 1 Pa,
deposition critical shear stress (z.4) varies between 0.1 and 0.8 Pa, and
particle diameter (D) varied between le-05 and 3.4e-05 m. As previ-
ously mentioned, the goal of the Monte Carlo simulation was to select
the best set of parameters that fell into these ranges and corresponded
with the lowest error metrics, which will be presented shortly.

The Monte Carlo simulation requires a large number of simulations
to be run to cover all possible combinations of parameter values. To
reduce the computational cost of the simulation, a series of 27 inter-
connected DNNs were trained to replace the R-IBER software in this
specific case of the Riba-Roja Reservoir. The 27 DNNs were trained in
sequence, starting with a regression DNN that took the four uncertain
model parameters as inputs and predicted the first point on the ASV
curve. The subsequent DNN models also took the four uncertain model
parameters as inputs, along with the previous points on the ASV curve
predicted by the previous DNN models. This interconnection between
the DNNs was designed to allow the machine to gradually learn the
process of calculating the ASV curve and take it into consideration when
making predictions.

2.8. DNNs’ performance evaluation

To evaluate the performance of the 27 DNN models, the cross-
validation method was used. In this method, approximately 20% of
the total datasets were separated from the training dataset to be used as
test datasets for the DNNs performance evaluation and were not seen
anywhere by the model during the training process. Each DNN model
was trained to predict a specific point on the curve. Thus, the evaluation
process involved assessing the performance of each DNN, along with the
whole DNNs as a unit, to measure the entire ASV curve. Further, the
training process involved optimizing the weights of the DNNs by using
the training data and then evaluating the performance of the trained
DNNs by utilizing the test data. The performance of each DNN model
was measured using both mean absolute error (MAE) and RMSE metrics.
Notably, MAE and RMSE are two commonly used evaluation metrics for
assessing the performance of regression models, including regression
DNNE.

MAE is a measure of the average magnitude of the errors between the
predicted and the actual values in a dataset, and is defined as the mean
of the absolute differences between the predicted and the actual values.
The mathematical formula for MAE is as follows:

1< ~
MAE=- ;lyi - Jil [71
Here, n is the total number of data points, y; is the actual value of the i-th
data point, and y; is the predicted value of the i-th data point. MAE is a
non-negative value, and a lower MAE value indicates better model
performance. In this study, for the sake of clarity of the performance
evaluation of the DNNs, a modified version of MAE was defined and
utilized as follows:

ModifiedMAE = 100-’y i

[8]

Here, y; represents the actual value of the i-th data point, and y; repre-
sents the predicted value of the i-th data point. The result was multiplied
by 100 to express the error as a percentage of the actual value. This
modified definition may not be a standard definition of MAE, as MAE is
typically defined as the absolute difference between the actual and the
predicted values without scaling by a percentage.

Another commonly used evaluation metric for regression models is
RMSE. It is a measure of the square root of the average of the squared
differences between the predicted and the actual values. The mathe-
matical formula for RMSE is as follows:
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1< 2
RMSE=, |- ; i — ) 9

Due to its ease of calculation, RMSE is useful in interpreting differ-
ences between actual and predicted values, it has been chosen as the
main metric for assessing the performance of DNN models. Additionally,
compatibility of units with actual data improves the clarity of error
interpretation when comparing DNN models to the global methodology.
It is acknowledged that correlation-based measures such as R? (coeffi-
cient of determination) or NSE (Nash-Sutcliffe Efficiency) are beneficial,
but it was realized that most DNNs exhibit consistently high R? values,
which are generally close to 1. This suggests that the metrics may not
offer any new information. The choice to exclude R? and NSE values
from the overall evaluation of the predictive power of DNN models is
supported by the little variances that have been found in particular
DNN .

Eventually, the results of the DNN models were compared with the
results of the R-IBER for the same parameter combinations. The com-
parison was made to determine the accuracy of the DNN models in
predicting the ASV curve and assess the feasibility of the potential
replacement of the DNN models for the R-IBER in the case of the Riba-
Roja Reservoir.

3. Case study
3.1. Study area
The Ebro River basin is approximately 85,000 km? in size and covers

a large portion of the northeastern Iberian Peninsula. The basin includes
around 107 reservoirs with a capacity of more than 1 hm® along with an
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Fig. 4. Riba-Roja Reservoir’s location and the 2007 multibeam bathymetry
presented as a 2 x 2 m raster (color scale) covering the whole reservoir (source
of background image: Google Earth).
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irrigated area of about 800,000 ha. The Riba-Roja Reservoir is located
just downstream of the Mequinensa reservoir (Fig. 4), which is the Ebro
River’s largest reservoir. Both reservoirs are situated in the Ebro River’s
lower reaches. The Riba-Roja Dam was constructed 115 km from the
river mouth.

Riba-Roja is a monomythic, long, and narrow reservoir in the Ebro
River basin with quite a regular topology, encompassing a large portion
of the northeastern Iberian Peninsula. Its current storage capacity is 210
hm?® with a few weeks of resident time. The Riba-Roja Reservoir is closed
downstream by a gravity dam with a crest of 76 m above sea level and a
base of 16 m. This is supplemented by considerable discharge input from
two tributaries, the Segre and Cinca rivers, which flow from the central
Pyrenees and converge approximately 2 km before the Ebro River
confluence at the reservoir’s tail (Bladé Castellet et al., 2019).

The natural sediment discharge of the Segre River has increased
dramatically over recent years as a result of the sediment released
through the bottom outlets of the Barasona Dam on the Essera River
between 1995 and 1997. The Barasona reservoir has had severe siltation
difficulties since its formation, with 0.3-0.5 hm? of deposited sediment
annually (Lobera et al., 2016). Moreover, more than 9 hm? of the
sediment collected over decades in the reservoir base poured down-
stream as a result of the successful sediment release operations
(Avendano et al., 2000). This sediment is currently approaching the
Riba-Roja Reservoir’s tail. The Ebro River, which flows out of the
Riba-Roja Reservoir, contributes an average of 8009 hm?® annually (Dolz
et al., 2009). Downstream of the Riba-Roja, the flow of the Segre River
increases the contribution to 14,069 hm®. The Ebro River delivers 59%
of the total discharge into the Riba-Roja Reservoir, whereas the Segre
River transports the remaining discharge (Dolz et al., 2009). The sedi-
ments exhibit a silt-clay texture along nearly the whole reservoir
extension, with silt (4 pm < ¢ < 63 pm) percentages ranging from 56%
to 74% and clay (¢ < 4 p m) percentages ranging from 18% to 43%,
depending on the region (Roura Carol et al., 2008).

The Riba-Roja Reservoir is an important water resource that provides
benefits to the surrounding communities. For this reason, it is extremely
important to control its sediment accumulation and erosion processes.
Effective sediment transport management is crucial for ensuring the
long-term sustainability of the reservoir and the ecosystem it supports.
By controlling the movement of sediment, the reservoir’s storage ca-
pacity can be maintained and its water quality can be preserved.
Moreover, a well-designed sediment transport management strategy can
reduce the risk of flooding, protect against shoreline erosion, and
improve navigation conditions for boats. Furthermore, preserving the
health of the ecosystem that relies on the reservoir’s water quality is
essential for maintaining the biodiversity and the overall ecological
balance of the area. Ultimately, a comprehensive sediment transport
management strategy is essential for ensuring that the Riba-Roja reser-
voir continues to provide benefits to the surrounding communities for
generations to come.

3.2. The 2008 flood

The present study was based on two bathymetric campaigns that
were conducted to investigate the sediment dynamics and bottom evo-
lution in the Riba-Roja Reservoir tail. The first bathymetric campaign,
which was conducted in the autumn of 2007, covered the entire reser-
voir by using a multibeam sensor that provided continuous bathymetry
(Fig. 5), while the second campaign was executed in December 2008
after a significant flood event occurred during May-June 2008, for
which a single-beam sensor was used due to resource constraints, and
the data were gathered along a path following the thalweg of the river
and several perpendicular cross-sections (Bladé Castellet et al., 2019).
The single-beam sensor, or single-beam echo sounder, measures the
water depth using a single sound wave emitted from the sensor and
reflected from the seafloor. The time taken for the sound wave to travel
to the seafloor and back is used to calculate the water depth. S-Notably,
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Fig. 5. Bathymetry of the Riba-Roja Reservoir in 2007 (before the flood).

single-beam sensors provide data only along a single line or path, usually
along a vessel’s track or predefined cross-sections, unlike multibeam
sensors that offer continuous bathymetry. Despite providing less dense
and continuous data compared to multibeam sensors, single-beam sen-
sors are commonly used in bathymetric surveys due to their simple and
cost-effective design.

The May-June 2008 flood entered the Riba-roja reservoir from the
Segre river (Qjp,1) and the Mequinensa dam (Qjp,2), resulting in a com-
bined hydrograph entering into Riba-roja reservoir with a peak
discharge of 1800 m3/s. The mean discharge into the reservoir during 11
days was greater than 1400 m>/s, compared to the mean average inflow
of around 260 m>/s. At the beginning of the flood event, the water level
was at 59 m. The Riba-roja dam was operated to maintain a constant
water level for hydropower generation (Qoy), resulting in a roughly
similar inflow and outflow to that of the reservoir. These inlet and outlet
flow hydrographs were used as boundary conditions in the calibration of
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Fig. 6. Hydrographs of the different flows of the Riba-Roja Reservoir during the
2008 flood event (inflows: Segre River and Mequinensa Dam; outflow: Riba-
Roja Dam).

the numerical model, as shown in Fig. 6.

The first bathymetric campaign produced a digital terrain model in a
raster format with a cell size of 2 x 2 m, while the second campaign’s
results were converted to a raster format, containing data along a series
of transversal sections and a longitudinal profile of the width covered by
the sensor (Fig. 7). No other significant flood events occurred between
the two campaigns, allowing for an assessment of any morphological
changes in the reservoir bottom due to the May-June 2008 flood.

Fig. 7 presents a contour plot of the bed elevation bathymetry of the
same parts of the Riba-Roja Reservoir after the 2008 flood. The plot
includes a legend that shows the bed elevation value of each color in the
plot in meters. However, the plot is not a complete bathymetry, as it only
covers some parts of the reservoir as vertical lines and a continuous
baseline (which represents the main path of the boat used to collect the
data on different vertical lines). The vertical lines represent the sections
where the data was collected by the boat perpendicular to the baseline,
indicating the flow path on the reservoir. These features are visible in
the plot and need to be considered during the interpolation process to
obtain a complete and accurate bathymetry of the reservoir.

Several attempts were made to interpolate the given information.
Unfortunately, these were affected by the data on the baseline rather
than by the data from the vertical lines. Therefore, hardlines were
manually generated to perform the manual weighting of the interpola-
tion across the flow path. Fig. 8 presents the same bed elevation
bathymetric plot from 2008 but with multiple green hardlines plotted,
which connect the vertical lines in the 2008 bathymetry. These hardlines
are 3D lines that connect two actual 3D points from the bathymetry of
2008, and the values between the endpoints of each line are interpolated
using the bilinear method. This process was performed to obtain the
actual data from the 2008 bathymetry along with some 3D hardlines,
which interpolate between its vertical sections to have more points in
the missing parts of the 2008 bathymetry. Further, Fig. 9 presents a
closer look at the upstream part of the reservoir as a sample section,
indicating the triangular irregular network (TIN) utilized for the inter-
polation, whereas Fig. 10 presents the results of the interpolated ba-
thymetry of 2008 with the assistance of the TIN presented in Fig. 8. The
TIN was used to interpolate between each of the near three points (i.e.,
triangles) by using the bilinear method, thereby providing a complete
interpolated bed elevation from the 2008 bathymetry (Esri, 2021).
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Fig. 7. Bathymetry of the Riba-Roja Reservoir in 2008 (after the flood).
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Fig. 8. Schematic of the hardlines generated for the interpolation process of the 2008 bathymetry.

4. Results and discussion

This section presents the results of the Monte Carlo simulation used
to calibrate the Riba-Roja sediment transport model. The simulation
compared the different accumulated sediment volume (ASV) curves
predicted by the model by using random input parameters to an
observed values ASV curve. Further, the simulations also provided in-
sights into the accuracy of the model in predicting sediment transport in
the upstream areas and emphasized the strengths and weaknesses of the
model. The best-fitted ASV curve with the lowest RMSE value was
identified, and the optimal parameter combination for the sediment
transport model was explored. Additionally, the individual and global
performances of the DNN model were evaluated using different graphs,

which are presented at the end of the section.

4.1. Best curves predicted by the DNN

Fig. 11 presents the results of the Monte Carlo simulation used to
calibrate the Riba-Roja sediment transport model. The main graph
shows the comparison between five different ASV curves predicted by
the model with random input parameters, along with the experimental
ASV curve in the dashed blue line. The x-axis represents the distance
from the head (i.e., upstream) of the reservoir, while the y-axis repre-
sents the ASV in cubic meters. The ASV curves exhibit different patterns
as they progress downstream. The blue experimental curve shows a
rapid increase in ASV at the beginning and then a steady growth,
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Fig. 9. Close-up image of the triangular irregular network (TIN) created for
interpolation of the 2008 bathymetry.

whereas the colored ASV curves show a more gradual increase with
some variations. The inset plot in the upper right corner of the figure
zooms in on the best-fitted ASV curve with the lowest RMSE value (as
shown in Table 2), which is represented as ASV 1 in the main graph and
closely approximates the experimental data.

Upon closer inspection of the main graph, it can be observed that the
predicted ASV curves generally match well with the experimental cur-
ve—especially in the mid-to downstream regions—while exhibiting
certain discrepancies in the upstream areas. Specifically, the ASV curves
tend to deviate from the experimental curve in the first 3 km from the

Bed Elevation (m)
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head of the reservoir where the experimental curve demonstrates a more
rapid increase in sediment deposition. This suggests that the model may
be less accurate in predicting sediment transport in the upstream areas,
which may be due to factors such as sediment characteristics, hydraulic
conditions, or measurement errors in the experimental data. Overall, the
simulation demonstrated that the model can reasonably predict sedi-
ment deposition in the reservoir with some room for improvement in the
upstream regions.

Moreover, the variation of the predicted ASV curves with the
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Fig. 11. 5 Sample ASV curves resulted from the Monte Carlo simulation along
with the best-fitted ASV curve (inset plot).

Table 2
Model parameter values with the RMSE value for five sampled ASV curves (the
best combination being named ASV 1) calculated in the Monte Carlo simulation.

M [m/s] Tee [N/m?] 7eq [N/m?] D [m] RMSE [m?]
ASV 1 3.168¢e-08  0.100 0.490 1.191e-05 7626
ASV 2 2.791e-08  0.453 0.397 1.823e-05 8853
ASV 3 3.543e-08  0.651 0.501 1.804e-05 9700
ASV 4 5.134e-08  0.134 0.999 1.067e-05 10,422
ASV5  4.438e-08  0.578 0.630 1.480e-05 11,079

Fig. 10. Bed elevation values calculated using the final interpolation raster of the 2008 bathymetry.
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distance from the head of the reservoir can provide insights into the
sediment transport dynamics in the system. The gradual increase in ASV
from the head towards the tail of the reservoir indicates that sediment
deposition is mainly controlled by flow velocity and sediment concen-
tration. However, the observed variations in the ASV curves may suggest
the presence of other factors such as turbulence, flow eddies, or sedi-
ment supply variations. These factors may affect the sediment transport
and deposition differently at different locations, leading to the observed
differences in the ASV curves. Overall, the presented plot provides a
useful visualization of the sediment transport model calibration results,
emphasizing the model’s strengths and weaknesses in predicting sedi-
ment deposition in the reservoir.

4.2. Choosing the best model parameters

From Table 2, it can be observed that the best parameter set was ASV
1, which had the lowest RMSE value among all ASV curves. The model
parameters for ASV 1 were as follows: M = 3.168e-08 m/s, 7., = 0.100
N/m?, 7.4 = 0.490 N/m?, and D = 1.191e-05 m. This parameter set was
able to capture the sediment transport dynamics more accurately than
the other parameter sets. Further, it is noteworthy that the parameter
values for ASV 1 fell within the range of the other parameter sets, which
suggests that the model can be used for other similar scenarios as well.

The parameter values for ASV 1 show that the sediment transport
rate was low (M = 3.168e-08 m/s) and the critical shear stress for
erosion 7, was 0.100 N/rnz, which was also relatively low. Further, the
critical shear stress for deposition 7.4 was 0.490 N/m?, which indicates
that sediment particles require higher shear stress to be deposited than
to be eroded. Additionally, the settling velocity (D) was 1.191e-05 m,
which indicates that sediment particles settle at a slow rate. These
parameter values suggest that the sediment transport process in the
Riba-Roja Reservoir during the 2008 flood was characterized by a low
sediment transport rate and slow settling of sediment particles. Overall,
the results suggest that the parameter set for ASV 1 can be considered as
the optimal parameter combination for the sediment transport model in
the Riba-Roja Reservoir during the 2008 flood.

4.3. Evaluating the DNN model performance

Fig. 12 depicts the change in the RMSE values of the predicted ASV
curves by using all 27 DNNs versus the number of test datasets used to
evaluate the performance of the global regression DNN. The x-axis
represents the number of the total dataset used as test datasets, whereas
the y-axis represents the RMSE values.
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Fig. 12. Global DNN model performance plot.
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Fig. 12 illustrates that increasing the number of test datasets results
in decreasing RMSE values, which points to the reliable predictive
performance of the DNN. However, the rate of decrease in the RMSE
values appears to slow down beyond a certain threshold (RMSE = 50
m>), suggesting a limited benefit from using additional test datasets.
Selecting an appropriate number of test datasets is crucial to ensure
reliable performance evaluation without unnecessary computational
complexity. Additionally, the graph demonstrates that RMSE values
stabilized after a few test datasets, indicating the consistent performance
of the DNN without overfitting the training data. The threshold of 50 m®
was chosen based on a safe fraction (1%) of the minimum RMSE value
(approximately 7600 m®) from the Monte Carlo simulation (ASV 1 in
Table 2). Furthermore, considering the fluctuation in error values with
increasing test dataset numbers (Fig. 12), opting for a smaller value was
found to provide even greater safety in light of these variations.

Thus, the presented graph provides valuable insights into the per-
formance evaluation of a regression DNN. By selecting an appropriate
number of test datasets and optimizing the DNN network’s hyper-
parameters and features, the predictive accuracy of the network can be
further improved, although with a significant computational cost. It is
noteworthy that RMSE values are a single numerical measure of pre-
diction accuracy, and it is important to interpret them in the context of
the specific simulation and the error being evaluated. Therefore, it may
be beneficial to supplement RMSE values with additional evaluation
metrics or visualizations to provide a more comprehensive assessment of
the simulation accuracy.

Fig. 13 presents boxplots that provide an overview of the perfor-
mance of individual DNNs. In the upper plot, blue boxes represent the
interquartile range (IQR) of each test dataset, horizontal red bars
represent the median of the error, and the red crosses outside the box
represent the outliers. In the lower plot, each bar represents the RMSE
value of the whole test dataset. These boxplots offer a visual represen-
tation of the distribution of MAE and RMSE values across the different
DNNs and datasets. They stress both the average performance and the
variability in performance for each data point separately. By analysing
the boxplots, researchers can identify which DNN and dataset exhibit the
largest errors, thereby gaining insights into the factors that may be
limiting the model’s performance. Adjustments to the model architec-
ture or training process can then be made to improve accuracy. These
adjustments may involve modifying the layers and their sizes or intro-
ducing regularization techniques to address overfitting. For datasets
with consistently higher errors, refining data pre-processing, handling
outliers, or considering alternative augmentation methods can be
beneficial.

In the upper plot presented in Fig. 13, which represents the modified
MAE values, the boxplots reveal that the individual DNNs exhibit a wide
range of performance across the different datasets. Some DNNs consis-
tently achieve low errors, while others show more variability. Generally,
the MAE values are higher for the first three DNNs, with the first DNN
having the highest median percentage error of approximately 0.45%,
which is considered relatively low but still represents the maximum
value among all DNNs. This struggle of the first three DNNs (mostly the
first and third) in predicting real values may be due to fewer input pa-
rameters involved in their training process. However, as the DNN
number increases, in general, the prediction error decreases. Further,
the boxplots suggest that there are several datasets where some DNNs
perform poorly, with MAE values being significantly higher than the
median. These outliers may indicate data points that are particularly
challenging for the DNNs to be modeled accurately.

The lower plot presented in Fig. 13 shows the RMSE values of the
predicted values for each DNN across all test datasets. Unlike the
modified MAE graph, which demonstrates the performance of each DNN
on every single test data point separately, the RMSE graph represents the
performance of each DNN on the entire test dataset. This means that the
RMSE graph is more affected by outliers, as they are included in the final
value of the error. Upon examining the RMSE graph, it can be observed
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Fig. 13. Individual DNN performance plot.

that the first and third DNNs struggle to predict real values, although to a
lesser extent than the modified MAE graph. As mentioned earlier, this
may be due to the effect of outliers on other DNNs’ performance, which
normalizes the RMSE error bars compared to the modified MAE
boxplots.

It is worth noting that the maximum RMSE error corresponds to the
third DNN, with a value of roughly 300 m®, which is nearly three orders
of magnitude lower than the experimental ASV values presented in
Fig. 11. Further, comparing the maximum RMSE value of the individual
DNNs with the RMSE value derived from the best curve introduced by
the Monte Carlo simulation (as mentioned in Table 2) suggests that the
maximum prediction error caused by each DNN would be less than 5%
of the error value reported for the best-predicted curve. This indicates
that the performance of the DNNs is unlikely to have a significant effect
on the Monte Carlo simulation process, as the DNNs are predicted to
produce values that are close to the real data reported as R-IBER results.

Overall, based on the comparision of the two DNN performance
evaluation plots, it appears that most of the DNNs can meet the per-
formance criterion, with the presence of only a few outliers that cause
higher RMSE values. However, it is important to note that the perfor-
mance criterion is somewhat arbitrary, and the specific threshold value
may depend on the context and application of the DNN. Additionally,
the performance criterion only considers one aspect of the DNN’s per-
formance (i.e., error), and there may be other factors to consider as well
(e.g., computational efficiency and interpretability).

4.4. Performance and the limitaions of the proposed methodology

The accuracy of the current methodology utilizing DNNs for cali-
brating a sediment transport model can be justified based on the results
presented in Fig. 13, which displays boxplots demonstrating the distri-
bution of MAE and RMSE values for individual DNNs across the different
datasets. These boxplots provide valuable insights into the variability in
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the performance of the DNNs, with some DNNs consistently achieving
low errors while others exhibit more variability. Thus, adjustments to
the model architecture or training process can be made based on these
insights to improve accuracy.

As for computational time, the current methodology requires
approximately 750 simulations to train a robust DNN model, with each
simulation taking about 35 min using R-IBER, which is a GPU-
parallelized code. However, after training, the Monte Carlo simula-
tions, which consist of approximately 100,000 simulations to cover
every possible uncertainty in model parameter combinations, take
almost no time. This indicates that the computational time for per-
forming the Monte Carlo simulations using the trained DNNs is signifi-
cantly reduced compared to traditional methods that rely solely on HPC
clusters for Monte Carlo simulations. To further compare the computa-
tional time of the current methodology with other possible approaches,
Table 3 is provided below, considering a common GPU cluster with 20
NVIDIA A100s as a reference for comparison.

The computational time estimates provided in Table 3 are approxi-
mate and may vary depending on various factors such as hardware
configuration, simulation setup, and dataset size. As Table 3 shows, the

Table 3
Computational time comparison for the calibration of the sediment transport
model between the different methodologies.

Methodology Training Typical Monte Intensive Monte
Time Carlo Simulation Carlo Simulation
(hours) (20,000 cases) (100,000 cases)
(hours) (hours)
Current 437 Negligible Negligible
Methodology
HPC Cluster N/A 582 (estimated) 2910 (estimated)
(Consisting of 20
NVIDIA A100
GPUs)
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current methodology utilizing trained DNNs for Monte Carlo simula-
tions significantly reduces the computational time compared to tradi-
tional methods that rely solely on HPC clusters. The training time for the
DNNs is relatively low (about 437 h) compared to the estimated time
required for performing typical and intensive Monte Carlo simulations
(with 20,000 and 100,000 cases, respectively) by using HPC clusters
(582 and 2910 h, respectively). Depending on their approach and
implementation, other possible methodologies may also require similar
or higher computational time.

In summary, the proposed methodology leveraging Deep Neural
Networks (DNNs) for sediment transport model calibration exhibits
promising performance in terms of accuracy and computational effi-
ciency. By significantly reducing the computational time required for
Monte Carlo simulations, the methodology offers a more efficient
approach compared to traditional methods relying solely on High-
Performance Computing (HPC) clusters. The potential for further ac-
celeration exists by combining the strengths of both traditional and
current methodologies—training DNNs using HPC clusters and subse-
quently utilizing the trained DNNs for Monte Carlo simulations on local
machines or edge devices. This hybrid approach presents an avenue for
achieving faster results without compromising accuracy. However, it is
imperative to acknowledge inherent limitations in the methodology.

The current methodology, while demonstrating generality and
applicability across various modeling scenarios, faces challenges rooted
in its two-dimensional representation of sediment particle transport.
Real-world sediment transport is inherently three-dimensional,
involving complex interactions and motions, such as turbulence and
temperature stratification. The simplification of assuming uniform
spatiotemporal distribution of parameters introduces a degree of
abstraction that might lead to inaccuracies in predicting sediment dy-
namics. The use of single-beam bathymetry for ASV curve extraction,
accompanied by interpolation to fill information gaps, adds complexity
and potential discrepancies. Additionally, the calibration procedure’s
reliance on a specific extreme event—the 2009 flood—may introduce a
level of case specificity. Deviations from these conditions could impact
the model’s predictive accuracy, highlighting a potential limitation of
the study.

Despite these challenges, the hybrid methodology shows promise in
achieving significant computational time savings and improved effi-
ciency compared to traditional approaches. Careful validation and per-
formance assessment are essential to ensure the reliability of results,
considering the outlined limitations in accurately capturing the
complexity of real-world sediment transport phenomena.

5. Conclusions

This study aimed to improve sediment transport modeling and cali-
bration by integrating the Monte Carlo method with Al and machine
learning algorithms. The methodology involved the use of DNNs to
replicate the results of the Iber software package and then incorporate
them into the calibration process using the Monte Carlo method.

The case study conducted in the Riba-Roja reservoir provided valu-
able insights into sediment dynamics and the performance of the
developed models. The Monte Carlo simulation, coupled with the DNNs,
facilitated the generation of ASV curves, which were then compared
with the experimental data. The results showed a high degree of accu-
racy, especially in the middle and downstream regions of the reservoir.
However, discrepancies were observed in the upstream regions, indi-
cating the need for further refinement and calibration to improve model
performance in these regions.

In addition, the successful application of Al algorithms and machine
learning techniques, in conjunction with the Monte Carlo method,
demonstrated their potential to improve the accuracy and computa-
tional efficiency of sediment transport models. By replicating Iber’s re-
sults using DNNs, the study demonstrated the capabilities of Al in
simulating sediment transport processes. The subsequent integration of
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Table 4

Computational time variations across different methodologies (sequential code
(CPU), sequential code combined with AI (CPU + DNN), GPU parallelized code
(CPU + GPU), and GPU parallelized code combined with AI (CPU + GPU +
DNN)) for sediment transport modeling in Riba-Roja Reservoir during the 2008
flood event.

Utilized 1 simulation 20,000 simulations 100,000
Methodology time (s) time (s) simulations time (s)
CPU 2.8E04 5.7E08 2.8E09
CPU + DNN N/A 2.2E07 2.2E07
CPU + GPU 2.1E03 4.2 E07 2.1E08
CPU + GPU + N/A 1.6E06 1.6E06

DNN

these Al-driven models into the calibration process further improved the
reliability and predictive power of the sediment transport model. To
illustrate this, Table 4 is provided, with an overview of the computa-
tional time variations across different methodologies for sediment
transport modeling in the Riba-Roja Reservoir during the 2008 flood
event. The table compares the simulation times for 1 simulation, 20,000
simulations, and 100,000 simulations using different methodologies:
sequential code (CPU), sequential code combined with AI (CPU + DNN),
GPU parallelized code (CPU + GPU), and GPU parallelized code com-
bined with AI (CPU + GPU + DNN). The results show that the use of Al-
driven models, especially in combination with GPU acceleration, leads
to significant reductions in computation time. The CPU + GPU meth-
odology resulted in speed-ups higher than 10 when compared to the
sequential code methodology. Moreover, the integration of DNNs into
the modeling process further improved computational efficiency, with
seed-ups between 26 and 131 with CPU + GPU + DNN compared to
CPU + GPU methodology, which represents overall speed-ups between
355 and 1740. These results highlight the benefits of using Al and GPU
methods to achieve more efficient and time-saving procedures to model
sediment transport.

In terms of directions for future research, the results have shown that
there is still a field to improve the sediment transport model in the up-
stream end of the Riba-Roja reservoir, where discrepancies were
observed. This can be achieved by incorporating additional field data
and continuously improving the model parameters. In addition,
exploring the application of AI and machine learning algorithms to
address calibration processes associated with hydro-environmental
modeling holds great promise for advancing the field.

In summary, this work presents a novel combination of machine
learning methods, AI algorithms, and the Monte Carlo approach to
improve sediment transport modeling. Through efficient use of DNNs to
reproduce model output and optimize calibration procedures, the
methodology provides innovative understandings of sediment dy-
namics. Even though there are slight variations in certain regions, the
results provide useful information for practical uses. This work con-
tributes to theoretical understanding and has the potential to simplify
sediment transport modeling in real-world circumstances due to its
increased computing efficiency and accuracy. The study’s repercussions
are wide-ranging, influencing knowledgeable techniques for managing
water resources and streamlining decision-making procedures in diffi-
cult situations concerning sediment transport processes.

Software availability

Name of tool: R-IBER

Developers: David Lopez-Gémez, Marcos Sanz-Ramos, Ernest Bladé
First year of availability: 2021

Hardware required: basic computer with a graphical power unit
(GPU) based on CUDA architecture (mainly, any NVIDIA GPU)

e Requirements: Windows OS x64

e Source code availability: the numerical tool is freely distributed
through www.iberaula.com
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e Data availability: the authors do not have permission to share the
data

e Cost: free

e Program languages: CUDA Fortran
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