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ABSTRACT

This study aimed to develop an accurate and reliable model for predicting suspended sediment load
(SL) in river systems, which is crucial for water resource management and environmental protec-
tion. While Xtreme Gradient Boosting (XGB), a powerful ensemble machine learning (ML) model,
has been employed in previous studies, the novelty of this research lies in the introduction of a
hybrid approach that synergistically combines XGB with the bio-inspired Marine Predators Algorithm
(XGB-MPA) to estimate SL in the Yesilirmak River (Turkey). To this end, streamflow (Q) and sediment
concentration (SC) values as well as their lag times (1 to 3 month lag times) were fed as input vari-
ables — under 9 scenarios - into ML models. A time series of datasets from March 1973 to December
2011 and January 2012 to March 2023 were used for training and testing of ML models, respectively.
The superiority of the proposed model (XGB-MPA) compared to two other hybrid models, including
XGB-PSO (Particle Swarm Optimization) and XGB-GWO (Grey Wolf Optimization) was also investi-
gated. According to the results, the simultaneous application of Q and SC lag time values as inputs
has led to the best SL estimates by XGB-MPA, with XGB-MPA9 (RMSE = 103.7 ton/day; NSE = 0.96)
exhibiting the lowest error rates. In addition, XGB-MPA has performed better than XGB in all scenar-
ios, with the lowest and highest reduction in RMSE being 19.3% (scenario 5) and 97.4% (scenario 1),
respectively. When comparing the performance of hybrid models, the proposed XGB-MPA model
has performed best with MAE, RMSE and NSE of 40.94, 103.7 and 0.96, respectively, in comparison
with 816.02, 1063.74 and —2.94 for XGB-PSO and 693.16, 981.68 and —2.37 for XGB-GWO. Further
research can include the use of time series of efficient variables extracted from satellite images (e.g.
land cover, river morphology, etc.) as model inputs.
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Highlights

Improvement of SL estimation by coupling MPA with XGB model

Using delayed combinations of streamflow and sediment concentration as model inputs
Superiority of MPA compare to PSO and GWO in SL estimation

Greater variations in SHAP caused by sediment concentration compared to streamflow
Further studies required on the effects of hydrological and topographical features

1. Introduction maintenance of hydraulic structures installed on these

Sediment load and sediment concentration (SC) are two  channels (such as weirs and channel junctions) are all

of the most important effective parameters in the anal-
ysis of hydraulic and hydrodynamic conditions of flow
channels (Yaseen et al., 2015). The design of open chan-
nels (such as irrigation and drainage channels or urban
water networks) and the design, implementation and

influenced by proper knowledge of SL (Palazén et al,
2016; Si et al., 2017). A river’s SL is significant both
from a river engineering perspective (including con-
trol of the river’s transport capacity, impact on river
roughness and flood-carrying capacity of the river, and

CONTACT Roozbeh Moazenzadeh @ romo_sci@shahroodut.ac.ir

@ Supplemental data for this article can be accessed online at https://doi.org/10.1080/19942060.2024.2391449.

© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.

This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (http://creativecommons.org/licenses/by-nc/4.0/), which permits
unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow
the posting of the Accepted Manuscript in a repository by the author(s) or with their consent.


http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/19942060.2024.2391449&domain=pdf&date_stamp=2024-08-20
http://orcid.org/0000-0002-1057-3801
mailto:romo_sci@shahroodut.ac.ir
https://doi.org/10.1080/19942060.2024.2391449
http://creativecommons.org/licenses/by-nc/4.0/

2 (&) RMOAZENZADEHETAL.

morphological changes) and from an environmental
viewpoint (threats posed by sediment accumulation to
the life of aquatic organisms) (Buyukyildiz & Kumcu,
2017; Calsamiglia et al., 2018). Another important fac-
tor that is strongly influenced by sediment load is water
quality (Uca et al., 2018). Sediment accumulation and
decreased active capacity of the river affects its role in sur-
face flow drainage and, in the long term, will also have
negative effects on watershed hydrology due to reduced
streamflow (Rodriguez-Lloveras et al., 2016; Xia et al,,
2016).

Traditionally, a variety of experimental and concep-
tual approaches are utilized for SL prediction. Although
experimental methods led to reliable results, these
approaches are expensive and need hypotheses in the
physical modelling of river flow, which increases the
degree of uncertainty of SL prediction by adding errors
in parameter values (Ebtehaj et al, 2020; Shamaei &
Kaedi, 2016). One widely used empirical technique for
calculating sediment is the sediment-rating curve (Tao
etal.,2019). For SL computational modelling, mathemat-
ical approaches that are based on the physical principles
of fluvial sediment movement are frequently employed
(Cao & Carling, 2003; Mohammadian et al., 2004). Nev-
ertheless, these approaches frequently demonstrate weak
accuracy in estimating since they need a large number of
hydro-meteorological and geomorphological data, sev-
eral of which are unknowable (Hamel et al., 2017; Zhong
et al., 2011). Significant progress in soft computing and
the field of ML models has improved modelling in such
areas as estimation of river SL, which are characterized
by stochastic nature, dynamism, and non-linear and non-
stationary trends (Allawi et al., 2023; Hanoon et al., 2022;
Kisi & Yaseen, 2019; Sharafati et al., 2020).

As a kind of the tree-based ML model, the XGB can
compute variable weights and combine multiple weak
learners (classifiers or regressors) to construct a robust
model. This process significantly diminishes the esti-
mation error, leading to predictions characterized by
higher accuracy (Jia et al., 2019). XGB model is recog-
nized as a scalable tree-boosting system with the capabil-
ity to reduce dimensionality through a cross-validation
approach (Chen & Guestrin, 2016). This model has
exhibited the highest accuracy in terms of feature selec-
tion techniques than common approaches for predicting
SL (Bhagat et al., 2022; Piraei et al.,, 2023). A thorough
review of XGB applications in hydrology, hydraulics and
hydroclimatology showed that in 74% of the cases, XGB
or a hybrid form of this model has outperformed the
other ML models (Niazkar et al., 2024). Five classifiers
including random forest (RF), XGB, SVM, MLP, and
k-nearest neighbours were used for SL classification at
the Johor River, Malaysia on the daily and weekly time

scales (AlDahoul et al., 2022). Their results showed that
XGB has exhibited the best classification skills compared
to the other classifiers on both daily and weekly scales
and in both five- and ten-class scenarios. The capability
of three models including XGB, Light Gradient Boost-
ing Machine (LightGBM), and Catboost for SL predic-
tion was compared over 47 gauges across the contiguous
United States between 1950 and 2022 using streamflow
and climate data as predictors, and these models achieved
an average NSE > 0.66 during the testing period (Sho-
jaeezadeh et al., 2024).

While XGB has been extolled for its predictive prowess
in various hydrological applications, its performance is
highly dependent on the selection of optimal hyper-
parameters. Traditional parameter tuning techniques,
such as grid search, exhaustively evaluate all possible
parameter combinations, which can be computationally
expensive and ineflicient, especially in high-dimensional
parameter spaces (Bergstra & Bengio, 2012). In this
regard, metaheuristic optimization algorithms, inspired
by natural phenomena, have emerged as powerful tools
for efficiently exploring the parameter space and iden-
tifying near-optimal solutions (Abdallah et al., 2023;
Samantaray et al., 2022; Sharghi et al., 2019; Talbi, 2009;
Zounemat-Kermani et al., 2020). These algorithms lever-
age various search strategies, such as exploration and
exploitation, to effectively navigate the parameter land-
scape, converging towards global optima while avoiding
local minima. Therefore, this study introduced a cou-
pled form of XGB, that is to say, hybridized with a
novel bio-inspired optimization algorithm named MPA.
By this hybridization, the authors aimed to overcome
the limitations of the standalone XGB model by lever-
aging the strengths of MPA in exploring the parameter
space more effectively and efficiently (Burnwal & Jaiswal,
2023). By integrating MPA into the XGB framework, the
proposed XGB-MPA model represents a unique contri-
bution to the field, offering a promising alternative for
improving the reliability, accuracy, and interpretability
of SL predictions. This hybrid approach not only cap-
italizes on the predictive capabilities of XGB but also
harnesses the global optimization potential of the MPA,
potentially leading to more robust and generalized mod-
els for sediment load estimation. Although this work is
the first to investigate the capability of MPA in SL pre-
diction, its effectiveness has been proven in other areas
of science. Coupling MPA with a reservoir simulation
model, Ngamsert and Kangrang (2022) improved the rule
curves, which reduced minimal average water shortage
and excess release water deficit by 53 and 19%, respec-
tively. Ikram et al. (2022) showed in their study that the
streamflow prediction performance of an ANN model
was significantly improved by hybridizing it with MPA.



Studying the effect of weather conditions on the predic-
tion of evaporation in the Dez Dam reservoir, Farzad et al.
(2023) evaluated the potential of LSTM coupled with
Artificial Bee Colony (ABC), Horse Herd Optimization
(HHO) or Marine Predators (MPA) algorithms. Analysis
of the results showed that the hybrid LSTM-MPA model
is superior to the other models. Zubaidi et al. (2023) com-
pared the performance of an ANN and MPA-ANN in
predicting the water demand of Baghdad City, Irag, and
conducting the MPA has improved the performance of
the ANN model. The novelty of this study lies in the
development and application of the XGB-MPA hybrid
model, which, to our knowledge, has not been previously
explored for SL prediction. By optimizing XGB parame-
ters with MPA, the authors aimed to overcome the limita-
tions of traditional hyperparameter tuning methods and
provide a more robust and accurate predictive tool for
water resource management. This innovative approach
not only advances the state-of-the-art in SL modelling,
but also sets a precedent for future research into the
optimization of ML models for complex environmental
predictions.

Given the importance of the Yesilirma River, which
serves as a major flood drainage channel in Turkey, this
study aimed to contribute to the field by integrating
MPA with XGB to enhance the accuracy of SL predic-
tion. In addition, the superiority of the proposed model
(XGB-MPA), rather than two other hybrid models (XGB-
PSO and XGB-GWO) was also investigated. To this end,
streamflow and sediment concentration data and their 1-
to 3-month lag times over the 1973-2023 period were
used as model inputs. In addition to quantitative anal-
ysis of the models using RMSE, MAE, MAPE and NSE
indices, the influence of variations in the input parame-
ters on SL was also investigated by the SHAP technique.
Limitations of this study and ideas for further research
are also discussed.

2. Materials and methods
2.1. Study area and data used

Yesilirmak Basin is located between 39° 30" and 41° 21’
Northern latitudes and 34° 40’ and 39° 48’ Eastern lon-
gitudes. It has an area of approximately 38733 km?. The
Yesilirmak River originates from the mountains at an alti-
tude of 2800 m, and its tributaries are Kelkit, Cekerek,
Corum Cat and Tersakan streams. The length of the main
river is approximately 519 km (Ozturk et al., 2008). The
average annual precipitation is around 443 mm. The pre-
cipitation usually falls in May and April. The average
yearly temperature is 12°C. The hottest month is July,
and the highest temperature is around 40°C. The coldest

ENGINEERING APPLICATIONS OF COMPUTATIONAL FLUID MECHANICS 3

month is January, with an average temperature of 1.9 and
a minimum temperature of —23.4 (DMGM, 2023). The
location map of the Yesilirmak River is shown in Figure 1.

The prominent water structures in the study area are
the Almus Dam and Hydroelectric Power Plant, Atakéy
Dam, and Hasan Ugurlu Dam. Yesilirmak River is one
of the rivers that carriy the highest amount of sediment
to the Black Sea coast in Turkey (Atalay, 1982). There-
fore, there is a great deal of development in the river’s
delta (Kale, 2018). In this respect, estimating sediment
transport in the study area is critical.

The dataset used in this study (Table 1) was mea-
sured one day in each month in the Yesilirmak River-
GoOmeleonil station and it is based on three main vari-
ables, including streamflow (m3/s); sediment concen-
tration (ppm); and SL (ton/day). To provide a com-
prehensive understanding of these variables, we present
their statistical characteristics as follows. The mean
streamflow is 18.068 m*/s with a standard deviation of
24.287 m/s, indicating considerable variability in river
flow. The median of 8.076 m>®/s is notably lower than
the mean, reflecting a right-skewed distribution (skew-
ness = 2.781). The kurtosis of 9.889 suggests a peaky
distribution with heavy tails. The average sediment con-
centration is 293.39 ppm, but with a high standard devi-
ation of 735.775 ppm, highlighting significant fluctua-
tions. The data is highly skewed (skewness = 4.934) and
has a very high kurtosis of 28.748, indicating extreme
values and a very peaky distribution. The mean sedi-
ment load is 1462.243 ton/day, with an extremely high
standard deviation of 6012.068 ton/day. The median of
33.35 tons/day is much lower than the mean, showing a
strong right skew (skewness = 7.542). The kurtosis value
of 69.15 indicates a highly peaked distribution with very
heavy tails. The statistical characteristics of these vari-
ables highlight the complexities and variabilities inherent
in hydrological data. The significant differences between
the means and medians, along with high skewness and
kurtosis values across the variables, underscore the chal-
lenges in modelling such data and the necessity of sophis-
ticated machine learning techniques like the XGB-MPA
approach for accurate sediment load estimation. Figure 2
illustrates sediment rating curves in a logarithmic scale,
which shows the relationship between SL and Q sam-
ples and the trend line’s slope indicates the nature of the
relationship between sediment load and streamflow.

2.2. Extreme gradient boosting (XGB)

XGB is a state-of-the-art ML algorithm that has gained
popularity for its effectiveness in handling various types
of predictive modelling tasks (Gonzalez et al., 2020;
Nguyen et al., 2021). It is an implementation of gradient
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Figure 1. Location of the Yesilirmak River in Turkey and Yesilirmak River basin map with SGS.
Table 1. The statistical characteristics of the measured data (Q, SC, and SL).
Standard
Variable (unit) Mean deviation Median Minimum Maximum Skew Kurtosis
All data
Q(m3/s) 18.068 24.287 8.076 0.8 188.8 2.781 9.889
SC (ppm) 293.389 735.775 51.65 2.7 6084.8 4,934 28.748
SL (ton/day) 1462.243 6012.068 3335 14 76673.7 7.542 69.15
Training data
Q(m3/s) 19.561 25.602 8.711 0.8 188.8 2.652 8.922
SC (ppm) 348.526 810.216 58.25 2.7 6084.8 4.397 22.62
SL (ton/day) 1777.859 6661.766 39.5 14 76673.7 6.753 55.213
Testing data
Q(m3/s) 11.936 16.634 5.396 1.197 94.506 3.011 10.242
SC(ppm) 66.824 75.783 45.875 8.4 458.38 3.323 12.365
SL (ton/day) 165.348 544.389 15.61 244 3657.7 5.25 29.089

boosting machines (GBM) and is designed to optimize
both speed and model performance (Chen & Guestrin,
2016). The core idea of this model revolves around the

concept of boosting, which involves combining multi-
ple weak predictive models to create a strong predictive
model (Zhang & Haghani, 2015). The boosting aspect in
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Figure 2. Sediment rating curves (logarithmic plot) of measured SL and Q samples with the logarithmic trend line (red line).

XGB involves sequentially adding decision trees to the
model. Each new tree is created to correct the errors
made by the previous trees. Unlike random forests, which
build trees independently, gradient boosting builds them
sequentially (Ghaheri et al., 2023). In XGB, the resid-
ual errors from the previous trees are used to train the
subsequent tree (Ayyadevara, 2018). This model involves
calculating the gradient (the first derivative) of the loss
function (a measure of how far the model’s predictions
are from the actual values) to determine the direction in
which the model’s performance is improving the most
rapidly (Patnaik et al., 2021). XGB comes with sev-
eral hyperparameters that can be tuned to optimize the
model’s performance. These include the learning rate, the
maximum depth of the trees, the minimum child weight,
and the subsample ratio of the training instances (Kav-
zoglu & Teke, 2022). Tuning these hyperparameters is
crucial to achieve the best performance from an XGB
model (Yagin et al., 2024). In our study, the XGB model
serves as the foundation upon which we build our hybrid
XGB-MPA approach.

2.3. Marine predators algorithm (MPA)

MPA is a novel optimization algorithm inspired by the
foraging behaviour of marine predators. This algorithm
mimics the strategies employed by marine animals in
locating and capturing prey, translating these behaviours
into a mathematical framework to solve optimization
problems (Tu et al, 2023). It is based on the con-
cept of marine predators’ foraging behaviour, which
involves searching, encircling, and attacking prey. These

behaviours are mathematically modelled to explore and
exploit the search space in an optimization problem effi-
ciently (Faramarzi et al., 2020). In the initial phase of
the algorithm, marine predators explore the search space.
This phase is characterized by random movements to
scan different areas, analogous to predators searching for
prey in various locations. This exploration allows the
MPA to avoid local minima and ensures a diverse search
of the solution space. Once potential solutions (prey)
are identified, the MPA shifts to the exploitation phase,
where the algorithm focuses on refining these solutions.
This phase mimics the behaviour of predators narrowing
down on their prey and includes strategies such as encir-
cling the prey and spiral bubble-net attacking method
(Tu et al., 2023). This approach helps in fine-tuning the
solutions to reach the global optimum. MPA dynami-
cally adapts between exploration and exploitation phases
based on the current state of the search. This adaptation is
crucial for maintaining a balance between exploring new
areas and exploiting known good solutions, leading to
effective optimization (Sekhar et al., 2023). Finally, The
algorithm searches for the optimal set of hyperparame-
ters, such as learning rate, tree depth, and regularization
terms, which minimizes the error in SL estimation.

In this study, to implement the XGB-MPA model,
we utilized the MEALPY Python library (Van Thieu &
Mirjalili, 2023) for the MPA algorithm, known for its
extensive collection of population-based meta-heuristic
algorithms. Additionally, Python’s XGBoost package was
employed for the implementation of the XGB algorithm.
Figure 3 shows the modelling flowchart for MPA opti-
mization procedure as used in this study.
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Table 2. Model input combinations based on different lag times
of Qand SC.
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Table 3. Statistical indices of XGB model under nine scenarios in
testing phase.

No. Input(s) Output Models

1 Qt SLt XGB1 XGB-MPA1
2 Qt, Qt—1 SLt XGB2 XGB-MPA2
3 Qt, Qt—1,Qt-2 SLt XGB3 XGB-MPA3
4 Qt,Qt—1,Qt—2,Qt-3 SLt XGB4 XGB-MPA4
5 SCt SLt XGB5 XGB-MPA5
6 SCt, SCt—1 SLt XGB6 XGB-MPA6
7 SCt, SCt—1, SCt—2 SLt XGB7 XGB-MPA7
8 SCt, SCt—1, SCt—2, SCt—3 SLt XGB8 XGB-MPAS8
9 Qt, SCt—1, SCt—3 SLt XGB9 XGB-MPA9

Q: Streamflow (m3/s), SC: Sediment concentration (ppm), SL: Sediment load
(ton/day).

2.4. Selection of model inputs and definition of
scenarios

The input scenarios and data size used in hydrological
predictions with ML models are of great importance for
the learning of the model and revealing its high pre-
diction potential. In this study, the performance of 9
scenarios for SL prediction was investigated (Table 2).
These scenarios were created with current and historical
streamflow and sediment concentration values. Spear-
man’s correlation coefficients were calculated to be about
0.93, 0.55, 0.28, —0.26 and —0.17 between SL and SC
data and its lag times (1-,2-,3-,4-, and 5-month lag times),
respectively. Corresponding values for Q data and its lag
times were 0.89, 0.63, 0.3, —0.35 and —0.22. Therefore,
Q and SC and their lag times of up to three months were
chosen as model inputs. To this end, predictions were
first made only with combinations of Q with scenarios
1-4 and of SC with scenarios 5-8, and finally, the predic-
tion inputs were evaluated with the best combinations of
these two variables with scenario 9. Here, t shows real-
time, while —1 shows one-month lag time. The dataset
consisted of a total of 562 data points (March 1973 to
March 2023), of which 452 data points (approximately
80%, March 1973 until December 2011) were used to
train the ML models and the remaining 110 (approxi-
mately 20%, Jan 2012 until March 2023) were reserved
for model testing.

2.5. Evaluation criteria

In this study, five statistical indices including coeffi-
cient of determination (R?), mean absolute error (MAE),
root mean square error (RMSE), mean absolute percent-
age error (MAPE) and Nash-Sutcliffe efficiency (NSE)
were used (Equations 1-5). R? represents the propor-
tion of variance for the dependent variable (SL in
this case) that is explained by the independent vari-
ables in the model (0 < R? < 1, optimum = 1). MAE
calculates the average magnitude of the errors in a

MAE RMSE

Model R? (ton/day) (ton/day) MAPE NSE
XGB1 0.85 934.5 57933 1.69 —113.47
XGB2 0.81 791.9 4398.3 3 —65.39
XGB3 0.77 759.2 3866.1 436 —50.79
XGB4 0.79 747.9 35455 5.03 —42.33
XGB5 0.87 102.46 382.2 1.1 0.50
XGB6 0.82 110.9 413.85 1.02 0.41
XGB7 0.84 1114 404.01 113 0.44
XGB8 0.85 111.9 399.33 1.16 0.45
XGB9 0.92 365.2 1247.68 3.04 —43

set of predictions, without considering their direction
(0 < MAE < o0, optimum = 0). RMSE compares the
measured and predicted values (0 < MAE < oo, opti-
mum = 0). MAPE represents the mean absolute percent-
age deviation between measured and predicted values
(0 < MAPE < 00, optimum = 0). NSE varies between
—oo and 1 (perfect fit).

. o . o 2
(Z?:I(SLlobs — SLigbs) (SLiest — SLlest))

R =
. = 2 . = 2
Z?:l (SLigbs — SLighs) Z?:l (SLiest — SLiest)
(1)
L . .
MAE = - |SLiohs — SLiest| (2)
MSE \/ (SLighs — SLicgt)? )
n
MAPE — 2?21 |SLiest - SLiobs/SLiobsl (4)
n
" (SLigps — SLiest)?
NSE = 1 — 21_1 (SLiops iest) (5)

. =2
Z?:l (SLigbs — SLigbs)

where, n represents the number of data, i indicates
counter variable, SLiyp is observational data, SLjops is
average of the observational data, SLi.s represents com-
putational data, and SL;; is average predicted data.

3. Results and discussion
3.1. XGB and XGB-MPA performance

The average prediction performance of the XGB model
and its scatter plot, both in the testing phase, are listed and
shown in Table 3 and Figure 4, respectively. According
to the results of Table 3, it was concluded that the XGB5
model with assigning values 0f102.46, 382.23, 1.11 and
0.5 for the MAE, RMSE, MAPE and NSE, respectively,
outperformed the other models, reflecting the impor-
tance of SC values in SL estimation.
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Figure 4. Measured SL values versus the values predicted by the XGB model under nine defined scenarios in testing phase.

In the training phase of the XGB model, the addition
of lag times (either of streamflow discharge or sediment
concentration) has improved the model’s performance
in estimating sediment load, with 1, 2 and 3-lag times
of streamflow discharge reducing error rates by approx-
imately 38.5, 17.5 and 13%, and those of sediment con-
centration reducing error rates by 49, 17 and 18%. In
the training phase of this model, scenario 8 exhibited
the best performance in estimation of sediment load
(MAE = 27.32ton/day). The testing phase of the XGB
model responded differently to the use of streamflow dis-
charge and sediment concentration, in terms of sediment
load estimation. The results showed that the addition
of 1, 2 and 3-lag times of streamflow discharge to the
model inputs has reduced estimation error by about 15, 4
and 1.5%, respectively. However, the error rates of these
scenarios are relatively high (748-934 ton/day), which
is mainly due to the poor performance of the model

in estimating two particular values (Figure 4). Another
important point is that the performance of the model
in estimating sediment load for the two aforesaid val-
ues improves by increasing the number of model inputs
(from scenario 1 to scenario 4), so that, for example,
the overall model error is 20% lower under scenario 4
compared to scenario 1. With the same model and when
sediment concentration is added to model inputs with 1,
2 and 3-lag times, although error rates increase by about
8.2, 0.48 and 0.44%, respectively (meaning that lag times
of sediment concentration have not affected model per-
formance), but the overall error rates of the model for
different scenarios vary between 102.4 and 111.9 ton/day
which is considered to be appropriate.

For XGB model in the testing phase, the scenarios
including SC have outperformed the scenarios including
Q in evaluating SL - as was the case in training phase -
and the XGB5 model (MAE = 102.46; NSE = 0.5) has



Table 4. Statistical indices of XGB-MPA model under nine scenar-
ios in testing phase.

Model R2  MAE(ton/day)  RMSE (ton/day) ~ MAPE  NSE

XGB-MPA1  0.95 53.9 150.45 0.56 0.9

XGB-MPA2  0.93 58.3 173.43 0.58 0.84
XGB-MPA3 092 55.46 152.79 0.59 0.92
XGB-MPA4 091 57.92 162.82 0.56 0.91
XGB-MPA5  0.93 91.47 308.26 143 0.67
XGB-MPA6  0.90 96.75 305.05 1.55 0.68
XGB-MPA7  0.89 93.73 2722 1.66 0.74
XGB-MPA8  0.89 99.79 279.59 2.22 0.73
XGB-MPA9  0.97 40.94 103.7 0.47 0.96

exhibited the lowest error rate. Also, the hybrid scenario
(the scenario which used Q and two lag times of SC
as inputs; XGB9 model) has outperformed the scenar-
ios, which included Q and its lag times (models XGB1
through XGB4), whereas it has led to higher estimation
errors in comparison with models XGB5 through XGBS.
Ahmadi et al. (2022) used gene expression programming
(GEP), extreme learning machine (ELM), and XGB algo-
rithms with empirical mode decomposition (EMD) and
ensemble EMD to predict SL at two stations in the Tajan
Basin in northern Iran. According to the analysis, the
most superior model is the EEMD-XGB hybrid model
with R? higher than 0.9. AlDahoul et al. (2021) compared
the Long Short Term Memory (LSTM) model, ElasticNet,
Linear Regression, Multilayer Perceptron neural network
(MLP) and XGB models for prediction of SC in Johor
River, Malaysia. According to the analysis, LSTM has
the highest accuracy with regression values of 92.01%,
96.56%, 96.71% and 99.45% in daily, weekly, 10-day and
monthly scenarios, respectively.

The test prediction results of the XGB-MPA model
are shown in Table 4. Measured versus predicted SL val-
ues for all nine models in testing phases are depicted in
Figure 5. According to XGB-MPA results, the scenario
which simultaneously used Q and two lag times of SC as
inputs (XGB-MPA9 model) has outperformed the other
scenarios in SL estimation, with R*, MAE, RMSE, MAPE
and NSE of 0.97, 40.94, 103.7, 0.47 and 0.96, respectively.

In the training phase of the XGB-MPA model, addi-
tion of lag-timed streamflow discharge values has not
exerted much effect on the improvement of model per-
formance, which stands in contrast to the addition of
sediment concentration lag times, especially in scenar-
ios 6 and 7 where estimation error is reduced by 49 and
37%, respectively. For the same model and in the test-
ing phase, model performance has exhibited the same
behaviour when lag times of streamflow discharge and
sediment concentration are added, with 1 and 3-lag times
of streamflow discharge increasing the error rate by about
8 and 4.5% and corresponding lag times of sediment con-
centration increasing estimation error by about 5.7 and
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6.4%; and adding the 2-lag time of discharge and sedi-
ment concentration has reduced SL estimation error by
about 5 and 3%, respectively. A point to consider regard-
ing XGB-MPA results in the testing phase is the lower
error rates (53.9, 58.26, 55.46 and 57.9 ton/day for scenar-
ios 1 to 4, respectively) when streamflow discharge is used
as input, compared to corresponding scenarios which
have used sediment concentration as input and estimated
the sediment load with error rates of 91.47, 96.75, 93.7
and 99.8 ton/day, respectively. In this phase, scenario 9,
which includes both Q and SC lag times as model inputs,
has performed best with MAE = 40.94 ton/day. In the
XGB-MPA model, evaluation of different scenarios that
include Q and its time lags as model inputs showed
that XGB-MPA1 has performed best with MAE, RMSE,
MAPE and NSE of 53.9, 150.45, 0.56 and 0.9, respec-
tively. However, performance comparison among the
XGB-MPA2 and XGB-MPA4 models revealed that XGB-
MPA3 has had the lowest error rate (RMSE = 152.79),
indicating that addition of the 3-month time lag of Q
(Qt—3) to the inputs of the model has not contributed
to the improvement of SL estimation. For the XGB-MPA
model and scenarios that used SC as input, XGB-MPA7
has delivered an overall finer performance with RMSE,
MAE and NSE of 272.2, 93.7 and0.74, respectively.

To provide a clear comparative analysis of the models,
two bar plots are prepared as shown in Figure 6. These
graphs illustrate the performance metrics (R?> and MAE
values in the testing set) of all models (XGB1 to XGB9
and XGB-MPA1 to XGB-MPA9) in a more visually acces-
sible format. These visualizations allow for an immediate
understanding of which model outperforms the others,
enhancing the clarity of our comparative analysis. Apart
from the better performance of scenarios 5 and 9 rel-
ative to the other scenarios (for XGB and XGB-MPA,
respectively), Figure 6 shows that SC and its time lags -
as inputs — for XGB, and Q and its time lags for XGB-
MPA have played a more influential role in estimating
SL. However, the dependence of SL estimation accuracy
on the input type is clearer for XGB. In other words, the
performance of XGB-MPA does not show considerable
variations when the type of input (SC or Q) is changed,
and its error rates remain relatively low, which is regarded
as an advantage for this hybrid model.

For a more precise analysis of the results — based on the
distribution of points in Figures 4 and 5 - performance
of XGB4 and XGB5 models, and performance of XGB-
MPA1, XGB-MPA7 and XGB-MPA9 (both in testing set)
were investigated over various ranges of measured SL val-
ues (Figure 7). Accordingly, it can be concluded that in
general, higher measured SL values have led to higher
estimation errors by both the base and the hybrid models.



10 R.MOAZENZADEH ET AL.

10000

10000

XGB-MPA 1 XGB-MPA 2

8000 8000

6000 6000
4000 4000

2000 2000

Estimated suspended SL (ton.day™)
Estimated suspended SL (ton.day?)

5000

XGB-MPA 3

4000

3000

2000

1000

Estimated suspended SL (ton.day?)

O Test 4 O Test o O Test
-] line —1:] line —:] line
o 1:1 lin o 0 1:1 lin
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000 0 1000 2000 3000 4000 5000
Measured suspende SL (ton.day?) Measured suspende SL (ton.day!) Measured suspende SL (ton.day?)
=~ 5000 = 5000 = 5000
s XGB-MPA 4 s XGB-MPA 5 s XGB-MPA 6
3 3 3
é 4000 é 4000 é 4000
> > @
- 3000 - 3000 - 3000
o o o
< ] ©
g 8 8
2 2000 2 2000 2 2000
3 3 3
“ " "
-3 1000 .3 1000 o g 1000
- - -
£ O Test £ o O Test £
g o o ——1:1 line 3 5 o w—1:1 line k7 0
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Measured suspende SL (ton.day?) Measured suspende SL (ton.day?) Measured suspende SL (ton.day?)
—~ 5000 — 5000 -—~ 5000
P XGB-MPA 7 > XGB-MPA 8 >~ XGB-MPA 9
3 3 3
é 4000 g 4000 g 4000
@ @ @
= 3000 = 3000 = 3000
o o o
© © ©
8 8 8
2 2000 2 2000 2 2000
a a 2
° ° ©
& 1000 & 1000 £ 1000
£ £ O Test £ O Test
g g —1:1 line g —1:1
2 o 2 0 ki 0 1:1 line
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Measured suspende SL (ton.day?) Measured suspende SL (ton.day?) Measured suspende SL (ton.day?)

Figure 5. Measured SL values versus the values predicted by the XGB-MPA model under nine defined scenarios in testing phase.
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Figure 6. Bar plot of R> and MAE values for XGB and XGB-MPA models in all 9 scenarios in testing phase.

For the base model, a comparison between the best sce-
nario based on Q and its lag times (XGB4) and the best
scenario based on SC and its lag times (XGB5) indicates
the noticeably better performance of the XGB5 model,
such that it has led to an approximately 90% reduction

of RMSE in both SL ranges of less than and more than
1000 ton/day compared with the XGB4 model. In the case
of the hybrid model, comparison between the best sce-
nario based on Q and its lag times (XGB-MPAL1), the
best scenario based on SC and its lag times (XGB-MPA?7)
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and the best hybrid scenario (XGB-MPA9) shows the
noticeable superiority of the XGB-MPA9 model which
has reduced estimation error by 56.5 and 52% for SL
values lower than 1000 tons/day and by 90 and 83% for
SL values higher than 1000 tons/day compared to XGB-
MPA1 and XGB-MPA7 models, respectively. The best
hybrid model (XGB-MPA9) has led to increased error
rates for measured SL values greater than 1000 tons/day
relative to those below 1000 tons/day; however, the incre-
ment is much less compared with XGB-MPA1 and XGB-
MPA?7. Poor performance in estimating higher measured
SL values is thus one of the limitations of these models;
although it could be circumvented to a large extent by
changing the scenario (for either base models or hybrid
models) and changing the model (from the base to the
hybrid model).

A new SL forecasting framework was introduced by
integrating seasonal adjustment and Bayesian optimiza-
tion into ML models (Li & Yang, 2022). According
to their results, a significant improvement occurred in
Boosting model where RMSE, MAE and NSE values
varied between (0.44-0.59) and (0.28-0.36) ton/s and
(0.91-0.95), respectively. Six ML models including iter-
ative absolute error regression coupled with alternating
model tree (IAER-AMT) and dual perturb and combine
tree (IAER-DPCT), AMT, DPCT, long short-term mem-
ory coupled with grey wolf optimizer (LSTM-GWO) and
recurrent neural network coupled with GWO (RNN-
GWO) as well as two empirical models, Einstein (1950)
and Recking (2013), were examined for prediction of flu-
vial bedload transport (Khosravi et al.,, 2024). RMSEs
(g/m/s) were 4.48, 4.93, 5.23, 5.3, 5.58, 5.78, 81.37 and
83.3, whereas NSEs were 0.8, 0.76, 0.73, 0.72, 0.69, 0.67,
—63.87 and —67 for the aforementioned models, respec-
tively.

A hybridized and integrated form of MLP with PSO
and differential evolution algorithm (MLP-PSODE) was
implemented for SL prediction in Mahabad River, north-
west of Iran (Mohammadi et al, 2021). With four

Table 5. Parameters setting and their values for the base (XGB)
and hybrid (XGB-MPA) models.

XGB
Parameter Value
Base learner dart
Subsample 0.5
Learning rate (1) 0.3
Lagrange multiplier (y) 0
Maximum depth of trees 6
XGB-MPA
Hyper-parameter ~ Domain range Optimal value
Base learner (‘gblinear’, ‘gbtree’) Gradient boosted tree
Learning rate [o,..., 1] 214 x 1073
n_estimator [2,...,300] 142
gamma (y) [0,...,50] 49.79

streamflow lag times as inputs, RMSE (ton/day), MAE
(ton/day) and MAPE varied between (1794.407-2118.393),
(1124.608-1354.879) and (0.415-0.56) in testing phase,
respectively.

The XGB-MPA ensemble invites a good deal of hyper-
parameter tuning. To address this, we focused on the
most sensitive hyperparameters. To set up the model, the
Gradient-boosted tree (gbtree) was applied as the base
learner due to its superior performance. Only three sen-
sitive parameters, namely the learning rate the number
of estimators and Lagrange multiplier (y ) had to be opti-
mized. The optimized values of the XGB-MPA9 and their
domain range are shown in Table 5.

To justify the selection of models for this study (XGB
and XGB-MPA as the base and the hybrid model, respec-
tively), a performance comparison was made between
them and 4 other models (2 base and 2 hybrid mod-
els). To this end, we conducted additional experiments
using Artificial Neural Networks (ANN) and Random
Forests (RF) as baseline ML models for SL estimation.
The performance of these models was assessed using the
same dataset and metrics, enabling a direct comparison
of their predictive accuracy. The results in Table 6 indi-
cate that the XGB5 model outperforms both the ANN
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Table 6. Statistical indices of proposed XGB and two other base
models under scenario 5 in testing phase.

MAE RMSE
Models R? (ton/day) (ton/day) NSE
ANN5 0.85 193.21 269.55 0.75
RF5 0.85 104.6 392 0.47
XGB5 0.87 102.46 382.2 0.5

Table 7. Statistical indices of proposed XGB-MPA and two other
hybrid models under scenario 9 in testing phase.

Models R2  MAE (ton/day)  RMSE (ton/day) ~MAPE  NSE

XGB-PSO9 0.85 816.02 1063.74 5725 =294
XGB-GW0O9  0.86 693.16 981.68 4594 —237
XGB-MPA9 0.97 40.94 103.7 0.47 0.96

and RF models, demonstrating its superior predictive
accuracy for SL estimation. In addition, to justify the
use of MPA compared to other methods such as GWO
and PSO, additional experiments have been conducted
to evaluate the performance of the XGB model when
optimized with these algorithms. Table 7 summarizes
the statistical indices values for the three hybrid models:
XGB-MPA, XGB-PSO, and XGB-GWO. The results given
in Table 7 indicate that the proposed XGB-MPA9 model
has achieved a markedly superior accuracy in predictions
compared with the two other hybrid models — which
have completely identical inputs — such that its MAE and
RMSE have been, respectively, about 95 and 90% lower
relative to the XGB-PSO9 model and about 94 and 89%
lower in comparison with the XGB-GWO9 model. These
findings underscore the efficacy of the MPA in enhancing
the predictive performance of the XGB model.

According to the performance of a hybrid model
under different scenarios, residual values of SL estima-
tion are calculated in scenarios 1 (the best scenario when
Q data are used as inputs), 7 (the best scenario when
SC data are used as inputs) and 9 (the hybrid scenario),
with the results depicted in Figure 8. Given that the
majority of measured values are below 1000 ton/day, the
figures on the right only show the distributions in that
range. As measured SL values increase, higher SL esti-
mation errors and a tendency towards underestimation
are observed for all three models. In case of measured
SL values between 0 and 200 tons/day, although the num-
ber of data points in the underestimation set (n = 81) is
much more than the overestimation set (n = 15), XGB-
MPAI1 model has exhibited a lower error rate in the
underestimation set (RMSE = 24.4 tons/day) compared
to the overestimation set (RMSE = 88.3 tons/day), one
of the main reasons of which being the accumulation
of a large number of points with residual values below
—50 mm/day in underestimation set.

Consistent with the results given in Table 4, the over-
all performance of XGB-MPA7 is slightly poorer relative
to XGB-MPA1, which is caused not by the performance
of the two models across the 0-200 ton/day range, but
by the poorer performance of XGB-MPA7 across the
400-800 tons/day range where it has had greater resid-
ual values. One of the advantages of the XGB-MPA9
model (hybrid scenario) across the 0-200 tons/day range
of SL values, compared with the other two models,
is its relatively consistent performance in underestima-
tion set (n = 71; RMSE = 24 ton/day) and overestima-
tion set (n = 25; RMSE = 25 ton/day). For measured SL
in the range 400-800 tons/day and in underestimation
set, XGB-MPA1 (RMSE = 145 ton/day) and XGB-MPA9
(RMSE = 153 tons/day) have shown a relatively similar
and much better performance compared to XGB-MPA7
(RMSE = 400 tons/day). Therefore, one of the main
reasons for superiority of the XGB-MPA9 model over
XGB-MPAL is the difference in the performance of the
two models in the 0-200 tons/day range (overestimation
set).

Taylor diagram is a graphical comparison to deter-
mine, which model produces the most realistic result
(Taylor, 2001). It condenses statistical comparison bet-
ween models and observations into a single diagram,
with the observed data represented by a point on the x-
axis. The radial distance from the origin indicates the
standard deviation of each model, while the azimuthal
position gives the correlation coefficient between the
model and observations. Figure 9 shows the Taylor dia-
gram of the test data and the performance comparison
of the XGB and XGB-MPA models. Accordingly, the best
model is XGB-MPA9 because it has the lowest mean
square error and a standard deviation close to the real
data. Additionally, it can be inferred that each hybrid
model produces more accurate outputs than the single
XGB model in the same combination.

Comparing the normalized standard deviation (NSD)
between the real data and models provides another
assessment. When the NSD values of the real data and
prediction models are compared, the XGB-MPA1, XGB-
MPA3 and XGB-MPAJ9 algorithms are promising to show
an NSD similar to the real data. When correlation coeffi-
cients are examined, XGB-MPA9 is the best model, with
avalue equal to 0.97, while correlation coeflicients for the
other models are generally between 0.95 and 0.99.

3.2. Sensitivity analysis

This section provides a sensitivity analysis of the pro-
posed XGB-MPA9 model to evaluate the sensitivity of
the model to the population size parameter in the MPA.
We conducted experiments to observe how varying the
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Figure 8. Residual plot of XBG-MPA1, XGB-MPA7, and XGB-MPA9 models in testing phase.

population size impacts the model’s performance, specif-
ically focusing on the R? values. The population size
ranged from 10 to 100, with other parameters kept con-
stant. The relationship between the R? values and the
population size is depicted in Figure 10. Accepting 0.9 as
the ideal value for R?, the greatest variations and the least
average R? have occurred in <50 MPA population size
interval; such that in 45 and 18% of cases, R? is less than
0.9 and 0.7, respectively. For MPA population sizes above
50, the highest average R? (0.93) was obtained in 50-60
and 80-90 intervals, and both of them can thus be can-
didates for the best MPA population size interval in the
hybrid model. Overall, although the number of R? local
minimums is higher in the 50-60 interval (3 minimums)
compared to the 80-90 interval (1 minimum), the low-
est R? local minimums are 0.8 and 0.68 in 50-60 and
80-90 intervals, respectively, and this can be considered
an advantage of the former interval. In other words, the
narrower range of R? variations in the 50-60 interval

(0.8-0.96) compared with the 80-90 interval (0.68-0.96)
- bearing in mind that average R? values are equal in the
two intervals — and the lower computational complexity
and burden due to the smaller MPA population size in the
former interval can be taken into account as advantages
in the choice of the best MPA population size interval.
This sensitivity analysis underscores the importance of
choosing an appropriate population size for the MPA to
achieve the best trade-off between model accuracy and
efficiency.

3.3. Explainability of proposed models by SHapley
Additive exPlanations (SHAP)

Calculation of SHAP values for the XGB-MPA4 model
showed that the streamflow discharge has had a notice-
ably greater impact on sediment load estimation in com-
parison with 1, 2 and 3-lag times of this same parameter,
in such a way that replacement of Q; with each of 1, 2
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ations of the Q; parameter relative to those of the other

three parameters, indicating that the model is more sen-
sitive to variations of this parameter (especially when its

load by XGB-MPA4 model has been clearer for alter-
values are relatively high).

other words, the impact on the estimation of sediment

3|O 4'0 5'0
MPA Population Size
-MPA9 model.

20

10

0.65
Figure 10. The impact of population size on R? values for the XGB

and 3-lag times of streamflow discharge (as input) has
led to a 95% decrease in average SHAP (Figure 11). In
addition, the results showed that different values of the
more distinct and separate effects on sediment load esti-
mation compared to Q;—;, Q;—; and Q;_3 parameters. In

streamflow discharge across its range of variation have
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Figure 11. Bar plot, beeswarm plot, and SHAP simplified plot for XGB-MPA4 model.
Examining SHAP values regarding the effect of differ- 1, 2 and 3-lag times of this same parameter, which have
ent sediment concentrations on the estimation of sedi-  led to reduction of average SHAP by 81, 89 and 90%,

ment load by XGB-MPAS8 model revealed that the sed-  respectively (Figure 12). Similar to the streamflow, varia-
iment concentration parameter has exerted the greatest  tions of the sediment concentration (especially in higher
impact on sediment load estimation in comparison with  values) have been much more effective on sediment load
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Figure 12. Bar plot, beeswarm plot, and SHAP simplified plot for XGB-MPA8 model.



ENGINEERING APPLICATIONS OF COMPUTATIONAL FLUID MECHANICS 17

estimation compared with the variations in 1, 2 and 3-lag
times of sediment concentration. However, and some-
what contrary to the relatively continuous trend of SHAP
variations for different streamflows, variations in higher
sediment concentration values have mainly led to SHAP
values in the 0-27000 range, which covers almost half
of the total range of SHAP values, i.e. 0-60000. In other
words, variations in the streamflow (as the most effec-
tive discharge parameter in estimation of sediment load,
compared with 1 to 3-lag times of this same parameter)
have led to a relatively continuous increase in SHAP val-
ues, whereas variations in the sediment concentration (as
the most effective sediment parameter in estimation of
sediment load, compared with 1 to 3-lag times of the
same parameter) has led to an intermittent increase in
the upper half of SHAP values. This finding shows that
variations in sediment concentration have led to greater
variations in SHAP values - and, ultimately, in sedi-
ment load estimation — compared to those of streamflow
discharge.

3.4. Limitation of this study and recommendations
for future studies

While the proposed XGB- MPA model demonstrates sig-
nificant advancements in SL estimation, it is important
to acknowledge certain limitations inherent in this study.
The performance of the XGB- MPA model heavily relies
on the quality and quantity of the available data. In cases
where the dataset is limited, lacks variability, or contains
measurement errors, the model’s accuracy and general-
izability can be impacted. This study is constrained to
the data from the Yesilirmak River- Gomeleonii station,
and the findings may not directly translate to other water-
sheds with different hydrological and geological charac-
teristics. This study focuses on dataset that measured one
day per month for SL prediction, which may not capture
short-term sediment dynamics effectively. Events such as
flash floods or rapid land-use changes, which can signif-
icantly influence sediment load on a shorter timescale,
might not be adequately reed in this study modelling
framework. The model’s applicability to different envi-
ronmental conditions or regions with varying climatic,
hydrological, and topographical features remains a ques-
tion. Another limitation of the study is that changes in
rainfall, vegetation, and other factors cannot be included
in the model. The adaptability of the model to these
diverse conditions without significant re-tuning is not
fully explored in this study. Recognizing these limitations
is crucial for guiding future potential research and for the
prudent application of the model in practical scenarios.
Building upon the findings and acknowledging the
limitations of this study, several recommendations for

future research emerge. These suggestions aim to
enhance the understanding, applicability, and effective-
ness of bio-inspired models like XGB-MPA in SL estima-
tion and similar environmental modelling tasks. Future
research can consider incorporating data from a vari-
ety of geographic locations, river types, and climatic
conditions. This approach will test the model’s robust-
ness and adaptability to different environmental set-
tings, potentially increasing its generalizability. Inves-
tigating the model’s performance with high-frequency
data, such as daily or hourly sediment load measure-
ments, could provide useful information into its capabil-
ity to capture short-term dynamics and extreme events
like flash floods. Conducting comparative studies with
other machine learning and statistical models would pro-
vide a broader perspective on the strengths and weak-
nesses of the XGB-MPA approach in SL estimation.
Future research could experiment with additional or
alternative input features, such as land use data, rainfall
intensity, and temperature, to understand their impact on
sediment load predictions and to capture the influence
of external factors more comprehensively. Implement-
ing more advanced interpretability techniques could help
in better understanding the model’s decision-making
process, making it more accessible to a wider range of
users, including those with limited expertise in machine
learning. Integrating the model into real-time predic-
tion and monitoring systems could be explored. This
application could provide timely information for flood
risk management, reservoir operation, and environmen-
tal protection. Experimenting with hybrid models that
combine XGB with other optimization algorithms could
uncover new understanding and potentially lead to more
effective modelling approaches. Moreover, the prediction
performance of the established model can be evaluated
by reducing the calculation complexity and removing
noise with dimensionality reduction techniques such as
Principal Component Analysis (PCA), Linear Discrimi-
nant Analysis (LDA), Independent Component Analysis
(ICA) and Stochastic Neighbor Embedding (SNE). To
increase the capability and accuracy, some techniques
can be integrated with XGB-MPA model such as vari-
ational model decomposition, empirical wavelet trans-
forms, Cosine-Sine decomposition, and singular spec-
trum analysis. Also, the Box-Cox transformation (BC)
and Relative Strength Index (RSI) techniques can be
used for improving the data normalization, prediction
accuracy, stability, noise reduction, and the correlation
between predictors and SL. By considering these recom-
mendations, future studies can contribute to the advance-
ment of SL modelling, offering more accurate, efficient,
and versatile tools for environmental monitoring and
management.
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4. Conclusion

This study presents a novel interpretable approach to esti-
mating SL in river systems by coupling a bio-inspired
optimization algorithm with XGB (XGB-MPA). Stream-
flow and sediment concentration data and their 1- to
3-month lag times over the 1973-2023 period were used
as model inputs. According to the results, simultaneous
application of Q as well as 1 and 3-lag times of SC values
as inputs have led to the best SL estimates by the proposed
hybrid model, with XGB-MPA9 (MAE = 40.94 ton/day;
RMSE = 103.7 ton/day; NSE = 0.96) exhibiting the low-
est error rates.

Overall, the results of this work showed that for the
base model, the scenarios using SC and its lag times
had the lowest SL estimation errors, followed by the
hybrid scenario and the scenarios using Q and its lag
times. For the hybrid model and when the MPA opti-
mizer algorithm was coupled with the base model, the
behaviour patterns of the models changed, such that
the hybrid scenario (XGB-MPA9) had the best perfor-
mance in SL estimation, followed by the scenarios using
Q and its lag times and the scenarios using SC and its lag
times. Each scenario exhibited a better performance in
the hybrid model relative to its corresponding scenario in
the base model; and the differences between correspond-
ing scenarios (between the base model and the hybrid
model) were much greater when Q and its lag times were
used compared to when SC and its lag times were used as
model inputs. Key findings from this study include:

e Enhanced Predictive Performance: The integration of
MPA with XGB significantly improves the prediction
accuracy of SL, making it a valuable tool for water
resource management and environmental monitor-
ing.

e Optimization Efficiency: The use of MPA for param-
eter optimization is validated against other optimiza-
tion algorithms such as PSO and GWO, demonstrat-
ing superior performance and justifying its selection.

e Practical Implications: The robust performance of the
XGB-MPA model underscores its potential for practi-
cal applications in river sediment management, con-
tributing to more effective and informed decision-
making processes.

e Limitations of the present study and ideas for
further research: Generalizability of the proposed
hybrid model in different hydrological conditions
and with various datasets was the main limitation.
Further research can include the use of time series
of efficient variables extracted from satellite images
(e.g. land cover, river morphology, etc.) as model
inputs.

These findings highlight the importance of using advan-
ced hybrid models for complex hydrological predictions,
providing a foundation for future research and applica-
tions in similar environmental and water resource man-
agement contexts.
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