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ABSTRACT

Forecasting of sediment is vital for water resources management. In this study, the machine learning-based prediction
performance of suspended sediment load (SSL) at Bulakbasg1 station of Kizilirmak River was investigated. Also, the
effect of seasonal decomposition on the prediction performance was searched. Accordingly, Support Vector Machine
(SVM), Adaptive Boosting (AdaBoost), and Generalized Regression Neural Network (GRNN) methods were used
for SSL prediction. Grid Search (GS) algorithm was preferred for hyperparameter optimization. The seasonal
component was obtained by Seasonal-Trend decomposition using the LOESS (STL) method. Six input combinations
were generated using flow (Qy), flow lag (Qw1), and the seasonal component of SSL (S-SSL.). According to the
findings, AdaBoost (M6-NSE+1:in=0.914, M4-NSE+e=0.765), SVM (M6-NSE+1in=0.912, M6-NSE+e=0.863), and
GRNN (M6-NSEin=0.912, M4-NSEve=0.834) models produced quite consistent results. In the test phase, SVM-
M6 (R?=0.893, NSE=0.863) is the most successful model according to various evaluation metrics. It was also
observed that the last three input combinations, where the seasonal component of SSL was added, generally improved
the performance. For SVM in the test phase, which is the most successful model, R?=0.873, NSE=0.820 values were
obtained in the combination without the seasonal component (M3), and R?=0.893, NSE=0.863 values were obtained
in the combination with the seasonal component (M6).

Keywords: Adaptive boosting, Kizilirmak, seasonal decomposition, support vector machine, suspended sediment
load

OZET

Sedimentin tahmin edilmesi, su kaynaklari yonetimi i¢in hayati 6nem tagimaktadir. Bu calismada, Kizilirmak
Nehri'nin Bulakbasg1 istasyonundaki askida sediment yiikiiniin (SSL) makine 6grenmesi tabanli tahmin performansi
arastirilmigtir. Ayrica mevsimsel ayrigtirmanin tahmin performansi iizerindeki etkisi incelenmistir. Bu dogrultuda,
Destek Vektor Makinesi (SVM), Adaptif Boosting (AdaBoost) ve Genellestirilmis Regresyon Sinir Ag1 (GRNN)
algoritmalar1 SSL tahmini igin kullanilmistir. Hiperparametre optimizasyonu i¢in Grid Search (GS) algoritmasi tercih
edilmistir. Mevsimsel bilesen, Mevsimsel-Trend ayrigtirmasi LOESS (STL) yontemi kullanilarak elde edilmistir.
Akis (Qy), akis gecikmesi (Qryy ve SSL'nin mevsimsel bileseni (S-SSLt) kullanilarak alti girdi kombinasyonu
olusturulmustur. Bulgulara gére AdaBoost (M6-NSEg;iim=0,914, M4-NSE+e;=0,765), SVM (M6-NSEgg;im=0,912,
M6-NSEte=0,863) ve GRNN (M6-NSEggim=0,912, M4-NSEtes=0,834) modelleri oldukga tutarli sonuglar
liretmistir. Test asamasinda, SVM-M6 (R*=0,893, NSE=0,863) ¢esitli degerlendirme olgiitlerine gore en basarih
modeldir. SSL'nin mevsimsel bileseninin eklendigi son ii¢ girdi kombinasyonunun genel olarak performansi artirdig
da gozlemlenmistir. En basarili model olan test asamasindaki SVM i¢in mevsimsel bilesenin olmadigi
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kombinasyonda (M3) R?=0,873, NSE=0,820 ve mevsimsel bilesenin oldugu kombinasyonda (M6) R?=0,893,
NSE=0,863 degerleri elde edilmistir.

Anahtar Kelimeler: Adaptif boosting, Kizilirmak, mevsimsel ayristirma, destek vektor makinesi, askida sediment
ykii

INTRODUCTION

Measurement of suspended sediment load (SSL) and a better understanding of the physical processes affecting SSL
are vital for water resources. Sediment transport has a negative impact on the management of the usability of water
structures built along the river (Adnan et al., 2019). It can also lead to inefficiency as a result of its accumulation in
hydraulic structures. Rivers whose cross-sections narrow due to sediment accumulation can cause danger during
floods. Another negative effect of sediment on the environment is the pollutants and heavy metals it contains (Xie et
al., 2022). Measurement at specific sections along the river provides the opportunity to take precautions against
possible dysfunctions in the early stages. In addition, simulation studies on sediment transport are also useful for
predicting sediment movement in the future (Onii¢yildiz et al., 2014; Mohammadi et al., 2021; Saplioglu and Acar,
2020).

Although measurements made at sediment observation stations provide the most accurate results in determining the
amount of sediment, they are quite costly and time-consuming (Koycegiz et al., 2021). For this reason, various
methods are adopted by researchers for sediment estimation. These can be generally categorized as sediment rating
curves (SRC), empirical equations, physics-based models (PBM), and machine learning (ML) models. There are
various studies in the literature using these methods in sediment estimation (Piraei et al., 2023; Koycegiz et al., 2021;
Nourani et al., 2019). SSL, which is very difficult to measure, is affected by various processes, especially
climatological, geological, and morphological (Koycegiz et al., 2021). It is not also an easy task to estimate the
amount of sediment with empirical equations. Because the use of these methods also requires basin characteristics
that are difficult to determine. On the other hand, the use of PBMs in sediment estimation, as in other hydrological
processes, requires simulation of all hydrological processes in the basin and calibration of many parameters. PBMs
require many accurate hydrological input data about the basin. Furthermore, the implementation of PBMs requires
high computational time and expert knowledge (Koycegiz et al., 2021; Noori and Kalin, 2016). The use of PBMs in
sediment estimation is not very common due to its impracticality. For these reasons, the use of ML methods in SSL
estimation, as in other hydrological processes, is quite popular (Acar and Saplioglu, 2022; Gupta et al., 2021).

ML methods such as artificial neural networks (ANN), support vector machines (SVM), and Adaptive Network
Based Fuzzy Inference Systems (ANFIS) are among the ML methods that are frequently used in both sediment
estimation and the estimation of many other hydrometeorological data. Kisi and Yaseen (2019) compared the
performance of evolutionary fuzzy (EF) and ANFIS models for SSC estimation in the Eel River located in
northwestern California. Subtractive clustering (SC), grid partition (GP), and fuzzy c-means (FCM) approaches were
used in the generation of rules in ANFIS models. The results showed that the EF model was more successful than
the ANFIS models. Buyukyildiz and Kumcu (2017), who performed ML-based SSL estimation on the Coruh River
in Tiirkiye, found that SVM was the most successful model. They stated that SSL estimation for this river, which has
a high energy production potential, is very important for the water structures planned to be built. Kisi et al. (2009)
investigated the performance of neuro-fuzzy computing methods in SSL prediction in the Kizilirmak Basin, a cross-
section of which was selected as the study area. Accordingly, it was found that ML models made more successful
predictions compared to empirical models. In the study by Asadi et al. (2021), where traditional ML algorithms are
used in SSL prediction, it is stated that all models produce satisfactory results when geomorphological parameters
are included.

In the literature, improving the prediction success of hydrological parameters such as precipitation, runoff,
evaporation, and sediment has also been the focus of researchers. For this purpose, both various data
preprocessing/decomposition techniques and ML models hybridized with metaheuristic methods come to the fore.
Metaheuristic algorithms such as Genetic Algorithm (GA), Ant Colony Optimization (ACO), Artificial Bee Colony
Optimization (ABCO), Particle Swarm Optimization (PSO), and Gray Wolf Optimization (GWO) are used alone or
as a hybrid with other artificial intelligence methods, and their effects on model performance are evaluated
(Aghelpour et al., 2023; Katipoglu et al., 2024; Sales et al., 2021; Mohammadi et al., 2021; Kilinc and Yurtsever,
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2022). Wavelet transform (WT), variational mode decomposition (VMD), empirical mode decomposition (EMD),
Singular Spectrum Analysis (SSA), and Fourier transform (FT) are examples of the most widely used data
decomposition/data preprocessing techniques (Zhou et al., 2017). A new method proposed to improve the prediction
success of models is the Band Similarity (BS) method developed by Yilmaz (2022). There are a limited number of
studies in the literature using this method. These studies include water consumption (Yilmaz, 2022; Yilmaz and
Alpars, 2023), pan evaporation (Yilmaz, 2023), and streamflow (Yilmaz et al., 2024a, 2024b). In all these studies,
findings were obtained that the BS method improved the prediction performance.

Samantaray et al. (2024) performed SSL prediction by hybridizing the traditional SVM with various metaheuristic
optimization algorithms. Among the metaheuristic algorithms they applied, they found that the new sparrow search
algorithm produced the most successful hybrid model with SVM. Besides hybrid models, ensemble ML algorithms
are also known to produce consistent results. Piraei et al. (2023) tested various traditional and ensemble model
algorithms on the SSL prediction. They state that eXtreme Gradient Boosting (XGBoost), an ensemble model, has
the best prediction performance. Zhang et al. (2021) investigated the performance of the Least Absolute Shrinkage
and Selection Operator (LASSO) model in predicting suspended sediment concentration (SSC) in the subaqueous
Yellow River Delta in China. In addition, the prediction success of LASSO was compared with classification and
regression tree (CART), support vector regression (SVR), multilayer perceptron (MLP), and stepwise regression
(SR) models. As a result of the analysis, it was determined that the LASSO method performed better than other
models in SSC prediction. In another study, AlDahoul et al. (2021) used Long Short-Term Memory (LSTM), Extreme
Gradient Boosting (XGB), MLP, and ElasticNet Linear Regression (LR) methods in the estimation of suspended
sediment load (SSL) in the Johor River basin in Peninsular Malaysia. In the study where SSL estimation was
examined in 4 different scenarios (daily, weekly, 10-day, and monthly), the analyses were carried out for the period
1988-1998. The LSTM method showed higher estimation performance than the other 3 models in all scenarios.

There are studies investigating the effect of decomposition and transformation methods on the success of ML
algorithms in SSL prediction. Ozger and Kabatas (2015) investigated the effect of wavelet transform (WT) on the
success of fuzzy logic models in SSL estimation. It was found that WT significantly increased the success compared
to the stand-alone model at 4 SSL measurement points located in the Black Sea region of Tiirkiye. Ghasempour et
al. (2021) investigated the effect of WT and Ensemble Empirical Mode Decomposition (EEMD) on the success of
ML models. According to the findings, it was found that the forecasting performance of hybrid models increased
significantly. Seasonal and trend decomposition using LOESS (locally weighted regression and scatterplot
smoothing) (STL) (Cleveland et al., 1990) method is also an alternative data decomposition method. In addition to
being used in the temporal analysis of hydrometeorological parameters, the STL method is also used as a data
preprocessing/data decomposition method in forecasting studies (Yuan et al., 2023; Yilmaz et al., 2024a; Yin et al.,
2024; Shagqiri, 2024).

In line with the information obtained from the literature, studies on improving the performance of ML models in SSL
forecasting have an important place. However, there is no study investigating the effect of Seasonal-Trend
decomposition using LOESS (STL), one of the decomposition techniques, on the performance of ML models in SSL
prediction. All processes affecting the physical mechanism of SSL are under the influence of various periodicities.
With this motivation, the aim of this study;

- to estimate the SSL parameter using three different machine learning methods, namely SVM, Adaptive Boosting
(AdaBoost), and Generalized Regression Neural Network (GRNN) algorithms,

- to examine the effect of using the seasonality component obtained using the STL technique as input on model
estimation performance.

In this respect, Bulakbasi station on the Kizilirmak River was chosen as the study area. The novelty of this study is
that, to the best of our knowledge, there is no study in the literature where STL is used in sediment estimation. In this
context, it is thought that the success to be achieved by using the STL technique in estimating sediment, which has a
chaotic and nonlinear structure, will make a significant contribution to the solution of sediment-focused problems
and therefore to both water resources management and sustainability clean environment applications.
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MATERIALS AND METHODS

To make the methodology applied in this study easy and clear to follow, the workflow diagram given in Figure 1 was
created. In addition, ArcGIS Pro (version 3.1.1) was used to create the location map shown in Figure 2, and Matlab
(version 2022b) was used for statistical calculations. Python (version 3.10.9) and Spyder (version 5.4.1) scientific
python development environments were preferred for the creation and decomposition of machine learning models.
The NumPy (NumPy, 2008), pandas (Pandas, 2024), and sklearn (Pedregosa et al., 2011) libraries in Python were
used.

Bulakbagi Station

Streamflow (Q) Suspended Sediment Load (SSL)

l

Seasonal-Trend Decomposition
Using LOESS (STL)

l

Inputs
Original Time 1-Month Lag Seasonal Component
Series (Q,) Time Series (Q..1) Time Series (S-SSL,)
{ Determination of model input combination J
Models |

Support Vector Machine Adaptive Boosting General Regression Neural
(SVM) (AdaBoost) Network (GRNN)

[ Calibration Procedure } —_— [ Identification of the most successful model ]

Figure 1. Workflow Diagram for This Study

Study Area and Data

Located in the central-northern part of Tiirkiye, the Kizilirmak Basin has a surface area of approximately 78000 km?.
The elevation of the basin reaches up to 3000 m. Continental climate prevails throughout the basin. However, it is
observed that the average precipitation increases from south to north. While the average annual total precipitation is
around 250 mm in the south of the basin, it increases to 900 mm towards the north. There are agricultural areas and
perennial forests in the basin. In addition, the geological characteristics and morphology of the basin contain a
tendency to cause erosion (Acar, 2019). Existing water resources and fertile lands cause intensive agricultural
activities in the basin. The Kizilirmak River is important not only for agriculture but also for the socioeconomic,
energy, and drinking water supply of the region. The headwaters of the Kizilirmak Basin and the drainage area of
Bulakbagi gauge (No: 1539) are located in the east of the basin. The location map of the Kizilirmak Basin and
Bulakbas1 gauge is given in Figure 2. The altitude of the station is 1298 m. The drainage area is 1642 km?. It has
coordinates 39.87°N, 37.56°E. Bulakbag1 station is located in Canova village, Zara district of Sivas province.
Although there are several surface water bodies near the measurement station, Lake Todiirge is the largest surface
water body in the vicinity.

The main statistical characteristics of the streamflow and SSL data obtained from Bulakbagi gauge are given in Table
1. In the study, measurements of SSL and the corresponding runoff, which were not made in equal temporal steps in
the period 1973-2015, were used. The data used in the study were obtained from the General Directorate of State
Hydraulic Works.
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Table 1. Descriptive Statistics of The Data Used in The Study

Standard  gSkewness  Kurtosis

Min Mean Max Deviation
(SD) (Cs) (Cw)
Q (m?¥s) 0.36 15.93 119.60 24.61 2.72 10.78
SSL (ton/day) 0.51 1536.01 30138.23 4173.68 4.02 18.32

Support Vector Machine (SVM)

SVM, which is widely used in classification and regression problems, was introduced by Vapnik (1995). The
application of SVM to classification and regression problems has some differences. Figure 3 shows an illustration of
how SVM is applied to classification and regression problems.

Classification Regression

Figure 3. Conceptual Illustration of SVM for Classification and Regression Problems

In this study, the regression adaptation of SVM is used. It can produce successful results in solving linear and
nonlinear problems. Its working principles are based on structural risk minimization and statistical learning theory
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(Koycegiz and Buyukyildiz, 2019). There are two versions of SVM used in regression problems, Nu (v-SVR) and
Epsilon (€-SVR). €-SVR was used in this study. €-SVR has three parameters that have a significant impact on model
success. These are the kernel function parameters (y) which vary depending on the kernel function selected, the
insensitive error term (€), and the regularization factor (C). The Radial Basis Function (RBF) was chosen as the
kernel function. The following objective function is used to apply SVM to nonlinear problems.

fx) =X (a; — a))K(x,z) + b; 1)

where K (x, z) is the kernel function, (a; — «;) is the Lagrange multipliers and b; is the bias. The RBF
kernel function chosen in this study is given below.

K(x,2) = exp (v|lx; - x]|°) 2

where v is the kernel function parameter for RBF. For more detailed information on the theoretical background,
please see references (Hamida et al., 2020; Miao et al., 2024; Misra et al., 2009).

Adaptive Boosting (AdaBoost)

The AdaBoost machine learning model is characterized as an ensemble model in which weak learners collaborate to
produce a stronger learning framework. The AdaBoost algorithm proposed by Freund and Schapire (1995, 1996,
1997) is designed to be successfully applied to a variety of problems, in some cases weaker but from a fairly general
perspective. AdaBoost achieves excellent outcomes in hydrological problem solving by effectively utilizing decision
trees. It may be less susceptible to overfitting in certain of the problems it addresses. It's also a popular model among
boosting algorithms (Zounemat-Kermani et al., 2021). Three parameters of the AdaBoost model significantly affect
the model's success. Therefore, optimizing these parameters is vital for building a consistent model. These parameters
are the number of estimators (n_estimators) learning rate (Ir) and loss function type (Freund and Schapire, 1997). In
this study, we tested 3 different loss function types: linear (In), square (sq), and exponential (ex).

AdaBoost basically aims to create a strong prediction architecture with the help of error functions by weighting the
predictions of weak learners. Accordingly, the following equation summarizes the general working principle of the
AdaBoost algorithm.

f) =N a;. hy(x) i=1273,..,N ©)
a; = %log (1:“) 4)
Linear Loss Function L(y,,yy) = Yo — Yul (5)
Square Loss Function L(y,, yy) = Vo — Yu)? (6)
Exponential Loss Function L(y,,yy) = e Yo¥M @)

where «;, the weight of the weak learner, e;, error rate of the weak learner and h; (x) represents the prediction of the
weak learner. AdaBoost aims to minimize the objective function. In this equation, weights are determined according
to loss functions. The objective function is updated so that the weight of the learner with more loss is less and the
weight of the learner with less loss is more. Thus, a progressively stronger prediction model is obtained from weaker
learners (Hastie et al., 2009).

Generalized Regression Neural Network (GRNN)

GRNN can be defined as a network architecture based on the artificial neural network model, which was introduced
to produce more successful solutions to regression problems. In addition to regression, it is also used in prediction
and classification problems. Due to its fast convergence, it can be used to analyze online dynamic systems. It is a
variation of the Radial Basis Neural Network (RBNN) (Naghizadeh et al., 2024). It was first proposed by Specht
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(1991). It requires little data to train. It can cope with noise in the inputs. It is optimized with few parameters, making
it very useful. In GRNN, the spread parameter (n) is defined as a variable upon optimization. The outputs of the
GRNN model are calculated with the help of the following equations. GRNN includes two additional layers: pattern
and summation layers. The pattern layer realizes the nonlinear behavior of the model. Improvement is done by adding
spread parameter (n) to this layer. The summation layer of GRNN contains two types of neurons. These are
summation neurons (S) and single-division neurons (D). Thus, GRNN is a highly effective model that can converge
quickly by establishing a strong relationship between input and output.

E}=X-X)T(X -X)) (8)
s= 3,y exp (- L) (9)
D= 3, exp (- 2) (10)
Y(x) =3 (11)

where E is the Euclidean distance from X, k is the number of neurons, T is the matrix transpose operation, X is the
input and Y is the output. For detailed information on the theoretical background of GRNN, see references (Cai et
al., 2021; Cigizoglu, 2005; Naghizadeh et al., 2024).

Seasonal-Trend Decomposition Using LOESS (STL)

The method is a decomposition method commonly used in various sectors, particularly economics, meteorology,
health, and marketing, to identify seasonal, trend, and residual components in time series. The foundations of the
method were laid by Cleveland (1979). Afterward, it was gradually developed and reached the current version applied
in this study (Cleveland et al., 1990; Cleveland and Devlin, 1988). STL's decomposition technique relies on local
regression. The trend component is derived from the slopes of a region. It is particularly successful at detecting trends
and seasonal regularity in nonlinear issues (Lafare, et al., 2016). In this study, only the seasonal component (S,
which reflects the periodicity of the time series, was used to investigate its effect on the success of machine learning
methods.

There are two different implementations of the STL method, additive and multiplicative. In this study, the additive
method is used. The additive method is recommended as a highly effective method if no significant variations of the
standard deviation are observed during the period under study (Yang and Li, 2023). The equation for the additive
method is given below.

Yt = St + Tt + Rt (12)

where Y is the original time series of SSL, St is the seasonal component of SSL time series, Tt is the trend component
of the original time series, and Ry is the residual component of the original time series.

Evaluation Metrics

Nash-Sutcliffe Efficiency (NSE) coefficient was used as the objective function to determine the optimum parameter
set of the models. However, various performance metrics were applied to observe the model performance from
different perspectives. The equations and references for these performance metrics can be found in Table 2. Here we
denote the simulated SSL yw, the observed SSL y,, and the total number of data N. Y and y, represent the means of
the simulated and observed SSL time series. Statistical metrics (minimum, mean, maximum, standard deviation,
skewness, and kurtosis) were also used to evaluate model performance.
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Table 2. Equations and References of The Performance Metrics Used in The Study

Performance Metric Equation Reference

(X100 — T m — )]
Coefficient of Determination (R?) S =10 70 ~ MM (Wright, 1921)
Yiz1(Yo — ¥0)? Ziz1(ym — Ym)?
_ Yo — ym)?

Nash—Sutcliffe Efficiency (NSE ——
y( ) ZIiV=1(YO —¥0)?

(Nash and Sutcliffe, 1970)

N _ 2
Root Mean Square Error (RMSE) Zi=10Vo — yu)* (Hodson, 2022)
N
Y11vo = yul
Mean Absolute Error (MAE) W (Hodson, 2022)
RESULTS

Model Structure and Calibration

In this study, different combinations of inputs are constructed using runoff (Qy), runoff lag (Qw1), and the seasonal
component of SSL (S-SSLy). As a result, 6 models are obtained. The input-output combinations of the 6 models used
in the study are presented in Table 3. The first three models include only the runoff time series, while the last three
models include the seasonal component of the SSL. 70% of the time series were used for training and 30% for testing.
Based on the general assumption that SSL data are log-normally distributed (Holtschlag, 2001), a logarithmic
transformation was applied to the data.

Table 3. Input-output Structure of Models

Models Input Parameters Output
M1 Qt
M2 Qu1
M3 Qu Q1
M4 Q. S-SSL SSL
M5 Qt1, S-SSL¢
M6 Qt Qu1, S-SSLt

The search space and the optimum parameter sets of the machine learning model parameters that significantly affect
the model performance are given in Table 4. In this study, the Grid Search (GS) algorithm was used to determine the
optimum parameter set in the search space of machine learning models. GS, which is widely used in model
optimization, is effective in machine learning and produces solutions with low computational costs depending on the
data set (James et al., 2021).

Performance of Models in Simulating Suspended Sediment Load

Training and testing performance metric statistics for 6 input combinations of AdaBoost, SVM, and GRNN models
are given in Table 5. RMSE and MAE values given in Table 5 are for normalized data. High values in R? and NSE
and low values in RMSE and MAE mean better prediction accuracy. Accordingly, the metric values of the most
successful scenarios for each method are indicated in bold in Table 5.
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Table 4. Optimal Parameters of Machine Learning Models
Models Parameters  Search Space  Increment M1 M2 M3 M4 M5 M6

n_estimators 10-50 1 39 10 13 28 14 24

AdaBoost  Loss function In, s, ex - ex ex In ex ex In
Ir 0.01-0.5 0.01 008 029 039 024 002 037

C 1-100 1 99 1 40 93 1 69

SVM € 0.01-5 0.01 0.04 001 002 0.03 004 003

Y 0.1-8 0.1 020 010 7.70 0.0 8.0 0.70

GRNN n 0.01-1 0.01 0.18 0.17 0.1 0.16 0.1 0.13

Table 5. Performance Metrics for 6 Input Combinations of AdaBoost, SVM, and GRNN Models

o Train Test

© =
S § Performance
§ § R2 NSE RMSE MAE R2 NSE RMSE MAE Rating

M1 0.895 0.895 0.865 0.675 0.854 0.747 1.153 0.953 Good

M2 0.369 0.367 2.126 1.666 0.227 0.173 2.084 1.692 Unsatisfactory
§ M3 0.901 0900 0.846 0.658 0.842 0.746 1.154 0.946 Good
m
§ M4 0.910 0909 0.805 0.630 0.852 0.765 1.110 0.935 Very good

M5 0.639 0.634 1617 1.169 0.498 0498 1623 1.140 Unsatisfactory
M6 0915 0914 0.783 0.625 0.846 0.765 1.112 0936  Very good
M1 0.881 0.881 0.922 0.709 0.864 0.790 1.050 0.859  Very good
M2 0293 0.259 2300 1.688 0.285 0.283 1940 1.435 Unsatisfactory

s M3 0900 0900 0.845 0.629 0.873 0.820 0973 0.766  Very good
5’ M4 0.897 0.896 0.859 0.634 0.875 0.831 0942 0.762  Very good
M5 0.618 0.612 1.665 1.050 0.569 0.558 1523 0.996  Satisfactory
M6 0912 0912 0.793 0.588 0.893 0.863 0.848 0.687  Verygood
M1 0.867 0.835 1.087 0.846 0.843 0.798 1031 0.828  Very good
M2 0288 0.279 2269 1.790 0.287 0.269 1959 1572 Unsatisfactory
% M3 0.883 0.880 0.927 0.711 0.836 0.793 1.043 0.837  Verygood
% M4 0886 0.873 0954 0.729 0.850 0.834 0934 0.741  Very good

M5 0.673 0.667 1542 1.066 0.556 0.552 1534 1.079 Satisfactory
M6 0917 0912 0.791 0.599 0.843 0.830 0945 0.737  Very good

Accordingly, while the M6 combination produces the best results among the three models in the training period, this
situation varies in the test period. In the training period, the R? and NSE metrics for the most successful combinations
generally have values between 0.912 and 0.917. In SSL estimation, the error metrics (RMSE and MAE) in the most
successful scenarios obtained in all three methods ranged between 0.588-0.793 for the training period. In general, it
was decided which method is more successful in SSL prediction according to the NSE value with the highest value
in the test period. In the test period, the best successful combinations are M4 for AdaBoost, M6 for SVM, and M4
for GRNN. However, it is seen from Table 5 that metric values very close to the M4 scenario are also obtained in the
M6 scenario in AdaBoost and GRNN. While the R? and NSE values in the scenarios with the most successful
estimation success for all three methods in the test period varied between 0.765 and 0.893, the error metrics varied
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between 0.687 and 1.11. According to these findings, we can say that results with high prediction accuracy were
obtained for all three models. However, when compared to the other models, the SVM-M6 model has the best
simulation performance with R?=0.893, NSE=0.863, RMSE=0.848, and MAE=0.687 values according to the test
period. On the other hand, when the performance metrics are analyzed, it is observed that the first three models (M1,
M2, and M3) without the seasonal component generally have lower performance compared to the last three models
(M4, M5, and M6).

In AdaBoost models, in the M1 scenario where Qt is used as input, the R? (NSE) values were obtained as 0.895
(0.895) and 0.854 (0.747) for the training and testing periods, respectively. On the other hand, in the M4 scenario
where Q: and the seasonal component of SSL (S-SSL.) are used as input, these metrics were obtained as 0.910 (0.909)
for the training period and 0.852 (0.765) for the testing period. Similarly, when comparing the M2 (O.1) and M5 (Q
1 and S-SSL.) scenarios, it is observed that the inclusion of the seasonality component obtained with the SLT
decomposition technique increases the forecast success according to the R? and NSE metrics for both the training
and testing periods. According to Table 3, unlike M3, in the M6 scenario, Q; is used as an input in S-SSL; together
with Q1 inputs, and increases in R? and NSE metrics are obtained in the M6 scenario compared to M3, where
seasonality is not included. The fact that SSL prediction accuracy increases in the scenarios where S-SSL is included
as input, i.e. in M4 compared to M1, in M5 compared to M2 and in M6 compared to M3, is also supported by the
lower values obtained in RMSE and MAE metrics for AdaBoost models (Table 5). If a similar evaluation made for
AdaBoost is made in the other two models, when the scenarios (M1-M4, M2-M5, and M3-M6) in which the
seasonality effect is included and not included as input are compared with each other in both SVM and GRNN
models, it is seen that the inclusion of S-SSL. increases R? and NSE, while decreasing RMSE and MAE. This shows
that the SLT data decomposition technique improves SSL prediction accuracy in all models used.

According to Moriasi et al. (2007), the performance ratings in the prediction models are” unsatisfactory” for NSE<05,
“satisfactory” for 05<NSE<0.65, “good” for 0.65<NSE<0.75, and “very good” for 0.75<NSE<1, respectively.
According to these criteria, the performance rates obtained in each scenario and each model for the test period are
given in Table 5. The performance ratios given in Table 5 show that the degree of success increases in scenarios
where the seasonal effect is used for some methods. In addition, the performance rates given for the test period show
that all three methods used, namely AdaBoost, SVM, and GRNN, generally produced SSL predictions with high
accuracy. The scenario where the lowest estimate was obtained in all three methods is the M2 scenario where Qt.1
with the "unsatisfactory" performance rating is used as input. The fact that M2 has the lowest performance among
scenarios where S-SSL. is not used as input and M5 has the lowest performance among scenarios where S-SSL; is
used as input shows that the input parameter Qt-1 used in both scenarios is the input with the lowest effect. It is
observed that the observation and model statistics for the train and test periods given in Table 6 confirm the results
obtained from the evaluation metrics in Table 5. In addition, according to the statistical features given in Table 6, it
is seen that the model that gives the closest results to the observation data in the training and test periods is SVM-
M6.
Table 6. Statistical Performance of The Most Successful Input Combination of Each Model

Train Test

Observation AdaBoost-M4 S\I\//Il\él GI?AI\:‘N- Observation AdaBoost-M4 S\I\%I G':A'\LN'

Min 1.00 1.86 1.03 3.78 2.33 3.76 3.51 7.46
Mean 1520.30 1002.36 1323.93 696.58 1570.77 1080.97 1131.57 647.02
Max 30138.23 7630.59 35981.64 8653.96 23700.36 7510.14 14928.22 5009.62
SD 3914.69 1872.96 3590.83 1352.15 4695.79 2036.60 2662.98 1174.45

Cs 4.35 2.06 5.54 2.90 3.58 2.08 3.19 2.05

Ck 23.52 3.33 42.07 10.37 11.99 3.09 10.40 3.19

Comparison of the Most Successful Simulations

After examining the performance metrics, AdaBoost-M4, SVM-M6, and GRNN-M4 were found to be the most
successful models. The time series and scatter diagrams of these models for the training and test phases are given in
Figure 4 and Figure 5, respectively. Accordingly, it can be said that all models produce results consistent with the
observations. However, there are minor differences. Compared to the observation data, GRNN-M4 is less successful
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in capturing the peaks. Peak and dip timing of all models are quite consistent. SVM and AdaBoost were more
successful in catching the peaks. For low SSL values, it was determined that SVM performed the most successful
simulation, while GRNN showed overestimated performance. The models showed similar behavior in the training
and testing phases. The models successfully simulated high SSL during periods of high flow and low SSL during
periods of low flow.

To compare the observation and simulation time series, a Scatter diagram in Figure 5 shows the distributional
comparison of the three most successful models. Accordingly, AdaBoost and SVM show similar behavior in the
training phase. GRNN has a deviation in low data and a scatter in high data. However, in general, it can be said that
consistent results are produced in all three models. In the test phase, no significant outliers were observed in all three
models. This can be considered as another sign that all three models produce satisfactory results.

100,000

SR Gt € Trin | Test —
T T
=T

S AN i

Figure 4. Time Series of The Most Successful Input Combination of The Three Models, SSL
and Runoff (Q) Time Series

DISCUSSION

In this study, the prediction performance of machine learning-based algorithms for SSL obtained from the Bulakbasi
gauge in the Kizilrmak Basin is analyzed. In addition to algorithms such as SVM and GRNN, which produce
consistent results in many different problems, AdaBoost, an ensemble model, was also used in the study. In addition,
the STL method, in which the seasonal component is obtained in addition to the runoff lags, was also applied to
determine the input combination. According to the findings, AdaBoost-M4, SVM-M6, and GRNN-M4 models
produced quite consistent results. To the test statistics, the SVM-M6 model produced more successful results among
these three models. However, the prediction performance of all three models is quite satisfactory. The use of the
seasonality component (S-SSL;) obtained with the STL technique increased the NSE performance between 2.4% and
5.2% in the M4 and M6 scenarios compared to the M1 and M3 scenarios where S-SSL; was not used, in general for
the test period in all three models. According to Table 5, the prediction accuracy is at the level of “good” and “very
good” according to the performance ratings given by Moriasi et al (2007) in the M1 and M3 scenarios with AdaBoost,
SVM and GRNN models. Therefore, the STL technique provided lower improvement performance in scenarios
where success was already high, such as in the M1 and M3 scenarios. However, in the M5 scenarios obtained by
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adding the S-SSL. component to the M2 scenario where performance was low, model performances increased by
188% (2.9 times) for AdaBoost, 97% (2 times) for SVM and 105% (2 times) for GRNN compared to NSE in the test
period. And overall, it increased the success from “unsatisfactory” to “satisfactory” level in all three models. These
results show that the STL technique is especially effective in improving the performance of low-performing ML

models.
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Figure 5. Scatter Plots of The Most Successful Input Combination of The Three Models

In the literature, studies are using various techniques on the prediction performance of SSL. Piraei et al. (2023)
examined the prediction performance of sediment measurements of 93 rivers obtained from the United States
Geological Survey (USGS) with various machine learning algorithms. According to the results obtained, the
XGBoost model, which is an ensemble model among many algorithms including eXtreme Gradient Boosting
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(XGBoost), Artificial Neural Networks (ANN), Gradient Boost Regressor (GBR) algorithms, showed the most
successful prediction performance. Sharafati et al. (2020) simulated sediment transport in the Mississippi River with
machine learning models. As a result, AdaBoost, GBR and random forest regression (RFR) models performed above
0.9 in R? and NSE statistics. There are also examples where different stand-alone and hybrid versions of SVM are
used in sediment modeling studies (Samantaray and Sahoo, 2022; Samantaray et al., 2020). The test statistics obtained
within the scope of the study also show consistency in terms of model performance.

Nourani et al. (2019) compared the performance of ANN, Wavelet-ANN (W-ANN), M5 Model Tree (M5), and
Wavelet-M5 (W-M5) models in estimating daily and monthly SSL of Lighvanchai River in northwestern Iran and
Upper Rio Grande river in western USA. The results showed that the performance of hybrid models (W-ANN and
W-M5) was higher than the single models (ANN and M5) for both training and validation periods in predicting the
SSL phenomenon. Applying the wavelet transform improved the performance of the ANN model for the Lighvanchai
River by 13% and 62% on daily and monthly time scales, respectively, while it improved the performance of the M5
model by 10% and 30% (according to the NSE metric in validation period). For the SSL of the Upper Rio Grand
River, WT-ANN models increased the prediction success by 58% and 2.56 times on daily and monthly scales,
respectively, while WT-M5 models increased it by 19% on a daily scale and 23% on a monthly scale. For all models,
the prediction successes were higher in Lighvanchai River than in the Upper Rio Grand River. In addition, the
prediction successes obtained on a daily scale were also better than the monthly scale successes. In terms of overall
performance, both single and hybrid M5 models showed higher success in SSL prediction in both rivers. Himanshu
et al. (2017) used data obtained from measurement stations and satellite images for the estimation of daily SSL for
the period 1998-2013 in two basins (Marol and Muneru) in South India. They applied single SVM and hybridized
SVM with wavelet analysis (WASVM) methods in SSL estimation. The findings showed that the accuracy of
WASVM in SSL prediction was higher than single SVM.

Sediment studies in the Kizilirmak River have focused on the measurement and monitoring of pollutants and heavy
metals. However, some studies simulate sediment transport. Kisi et al. (2009) used adaptive neuro-fuzzy
computational techniques for modeling at gauging stations on the Kizilirmak River. Neuro-fuzzy, artificial neural
networks, and sediment rating curve models produced successful results, respectively. The consistent performance
statistics obtained by Kisi et al. (2009) are in parallel with this study. Acar (2019) examined the prediction
performances of ANN and wavelet transformed-ANN (WT-ANN) models at various stations in the Kizilirmak River.
It was found that model prediction performance increased with wavelet transformation. The fact that the seasonal
decomposition method increased the prediction performance in this study shows that various decomposition methods
improve SSL model prediction performance. In addition, findings similar to the performance statistics obtained by
Acar (2019) at Bulakbasi station were obtained within the scope of this study. Acar (2019), who investigated the
effect of WT on the prediction performance of the ML model for SSL prediction in various sections of the Kizilirmak
Basin, found that the success increased significantly. Accordingly, a performance increase of 10-30% was observed
at the examined stations.

Researchers have focused on some factors, basic difficulties, and limitations affecting the performance of models
used in SSL estimation. Nourani et al. (2019) reported that both temporal scale and basin behavior are effective in
the estimation performance of the models. It has been suggested that SSL, which is a complex hydrological
phenomenon by nature, is affected not only by flow but also by several hydraulic, hydrographic, meteorological and
basin structure-related complex factors such as evaporation, temperature, precipitation, precipitation intensity, basin
topography, land use, soil properties (Himanshu et al., 2017; Pandey et al., 2016; Merritt et al., 2003). In addition to
these factors affecting SSL, the processes of the models to be used (such as input variables, data availability, model
efficiency, model capability, required hardware, and expert knowledge) also affect prediction success (Pandey et al.,
2016). Due to the complex nonlinear structure of SSL, the necessity of a complete data screening procedure for
reliable estimation has limitations attributed to the simplification of boundary conditions and important parameters
in the model processes to be used in rivers or basins with dominant hydrological behavior (Shiri et al., 2022; Nourani
etal., 2019).

Another limitation is that in the studies in the literature, researchers generally conducted their studies with a limited
number of stations/rivers/basins in the ML applications they used in SSL estimation. This means that a generalization
cannot be made regarding the use of ML successes obtained in the studies conducted in every basin, river, or station
(Fang et al., 2022). The behavior of SSL depends on many natural factors mentioned above which vary spatially, as
well as anthropogenic effects. Therefore, an ML method suitable for one region may not be suitable for another
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region. In addition, the inadequacy of meteorological and hydrological data affecting SSL also limits the use of data-
based ML methods, especially in ungauged basins.

One of the main limitations of our study is that SSL measurements are not available at equal time intervals and for
long periods. In this case, machine learning-based algorithms have difficulty in discovering seasonal patterns. In
addition, due to the long computation time, the search space was run in parameter spaces commonly used in the
literature. Parameter optimization in a wider search space on computers with high computational power may affect
the model prediction performance. In addition, conducting prediction studies at all stations along the Kizilirmak River
may provide important information on SSL dynamics. In this case, the importance of data acquisition comes to the
forefront again. Within the scope of this study, care has been taken to use the most reliable data period that is
available.

CONCLUSION

In this study, many machine learning models were used to assess suspended sediment load. The data for this instance
came from the Bulakbasi station on the Kizilirmak River. The seasonal component of sediment, as well as runoff
lags, were taken into account while determining input combinations. Sediment forecasting performance is evaluated
using six different input combinations and three machine learning models, as well as several performance measures.
Significant findings are included below.

* Among the various model and input combinations, SVM achieved the best prediction performance with input
combinations including runoff series, 1-time step lag of runoff, and a seasonal component of sediment, while
AdaBoost and GRNN achieved the best prediction performance with input combinations including runoff series and
a seasonal component of sediment.

+ All three models performed quite consistently in prediction. SVM was the most successful model among them.

* The seasonal component of sediment significantly improved the forecast performance in all models.

» Suspended sediment load is directly connected to flow. The suspended sediment load is considerable in
measurements with high flow, whereas it is modest elsewhere.

« It was found that flow lag had a much lower impact on model performances than the flow and seasonal sediment
components.

The main limitation of the study is that the sediment phenomenon is influenced by a wide variety of factors and
model successes may change their behavior under different conditions. The station used in the study (Bulakbasi) is
quite important in terms of the basin in which it is located. However, spatial distribution should be investigated to
deeply understand the sediment transport process of the basin. This is one of the limitations of the study. The limited
frequency of measurements taken within the time period considered in the study limits the investigation of temporal
variability. Increasing the frequency of measurements may allow the analysis of sediment transport before and after
flood catastrophes.

It is hoped that this study, which is thought to be the first application of the STL data decomposition technique in
sediment estimation, will contribute to the relevant literature, guide private and legal practitioners, and help the use
of accurate and appropriate techniques for SSL estimation, which is a challenging hydrological phenomenon.
Additionally, we hope that such studies will be useful in river basins where there is little or no adequate information
about the hydrological processes occurring.

In future studies, it is planned to test the performance of the STL data decomposition technique by hybridizing it with
different learning models (metaheuristic, ensemble, etc.) and comparing it with hybridized models with different data
decomposition tools, to examine it in basins with different characteristics and at different time scales, to investigate
its effectiveness in study areas where human impacts and climate change effects are intense, and to test its usability
in estimating various hydro-meteorological parameters in addition to sediment, and it is recommended to researchers.

Acknowledgments
The authors would like to thank the General Directorate of State Hydraulic Works for the data used in this study.



KSU Miihendislik Bilimleri Dergisi, 28(1), 2025 15 KSU J Eng Sci, 28(1), 2025
Arastirma Makalesi Research Article
C. Koycegiz, M. Biiyiikyildiz

REFERENCES

Acar, A. A. (2019). Kizilirmak havzasinda yapay zeka metotlar1 kullanarak sediment taginiminin tahmini. Yiiksek
Lisans Tezi. Konya Teknik Universitesi Lisansiistii Egitim Enstitiisii insaat Miihendisligi Anabilim Dali, Konya 89s.

Acar, R., & Saplioglu, K. (2022). Etkili girdi parametrelerinin ¢oklu regresyon ile belirlendigi su sertliginin anfis
yontemi ile tahmin edilmesi. Afyon Kocatepe Universitesi Fen Ve Miihendislik Bilimleri Dergisi, 22(6), 1413-1424.
https://doi.org/10.35414/akufemubid.1147492

Adnan, R. M., Liang, Z., El-Shafie, A., Zounemat-Kermani, M., & Kisi, O. (2019). Prediction of Suspended Sediment
Load Using Data-Driven Models. Water, 11(10), 2060. https://doi.org/10.3390/w11102060

Aghelpour, P., Graf, R., & Tomaszewski, E. (2023). Coupling ANFIS with ant colony optimization (ACO) algorithm
for 1-, 2-, and 3-days ahead forecasting of daily streamflow, a case study in Poland. Environmental Science and
Pollution Research, 30(19), 56440-56463. https://doi.org/10.1007/s11356-023-26239-3

AlDahoul, N., Essam, Y., Kumar, P., Ahmed, A. N., Sherif, M., Sefelnasr, A., & Elshafie, A. (2021). Suspended
sediment load prediction using long short-term memory neural network. Scientific Reports, 11(1), 7826.
https://doi.org/10.1038/s41598-021-87415-4

Asadi, M., Fathzadeh, A., Kerry, R., Ebrahimi-Khusfi, Z., & Taghizadeh-Mehrjardi, R. (2021). Prediction of river
suspended sediment load using machine learning models and geo-morphometric parameters. Arabian Journal of
Geosciences, 14(18), 1-14. https://doi.org/10.1007/s12517-021-07922-6

Buyukyildiz, M., & Kumcu, S. Y. (2017). An Estimation of the Suspended Sediment Load Using Adaptive Network
Based Fuzzy Inference System, Support Vector Machine and Artificial Neural Network Models. Water Resources
Management, 31(4), 1343-1359. https://doi.org/10.1007/s11269-017-1581-1

Cai, Q. C., Hsu, T. H., & Lin, J. Y. (2021). Using the General Regression Neural Network Method to Calibrate the
Parameters of a Sub-Catchment. Water, 13(8), 1089. https://doi.org/10.3390/w13081089

Cigizoglu, H. K. (2005). Application of Generalized Regression Neural Networks to Intermittent Flow Forecasting
and Estimation. Journal of Hydrologic Engineering, 10(4), 336-341. https://doi.org/10.1061/(ASCE)1084-
0699(2005)10:4(336

Cleveland, R., Cleveland, W., McRae, J., & Terpenning, I. (1990). STL: A seasonal-trend decomposition procedure
based on Loess. Journal of Official Statistics, 6(1), 3—73.

Cleveland, W. S. (1979). Robust locally weighted regression and smoothing scatterplots. Journal of the American
Statistical Association, 74(368), 829-836. https://doi.org/10.1080/01621459.1979.10481038

Cleveland, W. S., & Devlin, S. J. (1988). Locally weighted regression: An approach to regression analysis by local
fitting. Journal of the American Statistical Association, 83(403), 596-610.
https://doi.org/10.1080/01621459.1988.10478639

Fang, K., Kifer, D., Lawson, K., Feng, D., & Shen, C. (2022). The data synergy effects of time-series deep learning
models in hydrology. Water Resources Research, 58(4), e2021WR029583. https://doi.org/10.1029/2021WR029583

Freund, Y., & Schapire, R. E. (1995). A desicion-theoretic generalization of on-line learning and an application to
boosting. In European Conference on Computational Learning Theory (Vol. 904, pp. 23-37). Springer, Berlin,
Heidelberg.

Freund, Y., & Schapire, R. E. (1996). Experiments with a New Boosting Algorithm. In icml. 96, 148-156.

Freund, Y., & Schapire, R. E. (1997). A Decision-Theoretic Generalization of On-Line Learning and an Application
to Boosting. Journal of Computer and System Sciences, 55(1), 119-139. https://doi.org/10.1006/jcss.1997.1504

Ghasempour, R., Roushangar, K., & Sihag, P. (2021). Suspended sediment load prediction in consecutive stations of
river based on ensemble pre-post-processing kernel based approaches. Water Supply, 21(7), 3370-3386.
https://doi.org/10.2166/ws.2021.094

Gupta, D., Hazarika, B. B., Berlin, M., Sharma, U. M., & Mishra, K. (2021). Artificial intelligence for suspended
sediment load prediction: a review. Environmental Earth Sciences, 80(9), 1-39. https://doi.org/10.1007/s12665-021-
09625-3



KSU Miihendislik Bilimleri Dergisi, 28(1), 2025 16 KSU J Eng Sci, 28(1), 2025
Arastirma Makalesi Research Article
C. Koycegiz, M. Biiyiikyildiz

Hamida, S., Gannour, O. E, Cherradi, B., Ouajji, H., & Raihani, A. (2020). Optimization of Machine Learning
Algorithms Hyper-Parameters for Improving the Prediction of Patients Infected with COVID-19. IEEE 2nd
International Conference on Electronics, Control, Optimization and Computer Science (ICECOCS), Kenitra,
Morocco, 1-6.

Hastie, T., Tibshirani, R., & Friedman, J. (2009). The Elements of Statistical Learning: Data Mining, Inference, and
Prediction, Second Edition. Springer New York, NY.

Himanshu, S. K., Pandey, A., & Yadav, B. (2017). Assessing the applicability of TMPA-3B42V7 precipitation
dataset in wavelet-support vector machine approach for suspended sediment load prediction. Journal of Hydrology,
550, 103-117. https://doi.org/10.1016/j.jhydrol.2017.04.051

Hodson, T. O. (2022). Root-mean-square error (RMSE) or mean absolute error (MAE): when to use them or not.
Geoscientific Model Development, 15(14), 5481-5487. https://doi.org/10.5194/gmd-15-5481-2022

Holtschlag, D. J. (2001). Optimal estimation of suspended-sediment concentrations in streams. Hydrological
processes, 15(7), 1133-1155. https://doi.org/10.1002/hyp.207

James, G., Witten, D., Hastie, T., & Tibshirani, R. (2021). An Introduction to Statistical Learning. Springer.

Katipoglu, O. M., Kartal, V., & Pande, C. B. (2024). Sediment load forecasting from a biomimetic optimization
perspective: Firefly and Artificial Bee Colony algorithms empowered neural network modeling in Coruh River.
Stochastic Environmental Research and Risk Assessment, 38, 3907-3927. https://doi.org/10.1007/s00477-024-
02785-1

Kilinc, H. C., & Yurtsever, A. (2022). Short-term streamflow forecasting using hybrid deep learning model based on
grey wolf algorithm for hydrological time series. Sustainability, 14(6), 3352. https://doi.org/10.3390/su14063352

Kisi, O., Haktanir, T., Ardiclioglu, M., Ozturk, O., Yalcin, E., & Uludag, S. (2009). Adaptive neuro-fuzzy computing
technique for suspended sediment estimation. Advances in Engineering Software, 40(6), 438-444.
https://doi.org/10.1016/j.advengsoft.2008.06.004

Kisi, O., & Yaseen, Z. M. (2019). The potential of hybrid evolutionary fuzzy intelligence model for suspended
sediment concentration prediction. Catena, 174, 11-23. https://doi.org/10.1016/j.catena.2018.10.047

Koycegiz, C., & Buyukyildiz, M. (2019). Calibration of SWAT and two data-driven models for a data-scarce
mountainous headwater in Semi-Arid Konya Closed Basin. Water, 11(1), 147. https://doi.org/10.3390/w11010147

Koycegiz, C., Buyukyildiz, M., & Kumcu, S. Y. (2021). Spatio-temporal analysis of sediment yield with a physically
based model for a data-scarce headwater in Konya Closed Basin, Turkey. Water Supply, 21 (4): 1752-1763.
https://doi.org/10.2166/ws.2021.016

Lafare, A. E. A., Peach, D. W., & Hughes, A. G. (2016). Use of seasonal trend decomposition to understand
groundwater behaviour in the Permo-Triassic Sandstone aquifer, Eden Valley, UK. Hydrogeology Journal, 24(1),
141-158. https://doi.org/10.1007/s10040-015-1309-3

Merritt, W. S., Letcher, R. A., & Jakeman, A. J. (2003). A review of erosion and sediment transport models.
Environmental modelling & software, 18(8-9), 761-799. https://doi.org/10.1016/S1364-8152(03)00078-1

Miao, J., Zhang, X., Zhang, G., Wei, T., Zhao, Y., Ma, W., Chen, Y., Li, Y., & Wang, Y. (2024). Applications and
interpretations of different machine learning models in runoff and sediment discharge simulations. Catena, 238,
107848. https://doi.org/10.1016/j.catena.2024.107848

Misra, D., Oommen, T., Agarwal, A., Mishra, S. K., & Thompson, A. M. (2009). Application and analysis of support
vector machine based simulation for runoff and sediment yield. Biosystems Engineering, 103(4), 527-535.
https://doi.org/10.1016/j.biosystemseng.2009.04.017

Mohammadi, B., Guan, Y., Moazenzadeh, R., & Safari, M. J. S. (2021). Implementation of hybrid particle swarm
optimization-differential evolution algorithms coupled with multi-layer perceptron for suspended sediment load
estimation. Catena, 198, 105024. https://doi.org/10.1016/j.catena.2020.105024

Moriasi D. N., Arnold J. G., Van Liew M. W., Bingner R. L., Harmel R. D. & Veith T. L. (2007). Model evaluation
guidelines for systematic quantification of accuracy in watershed simulations, Transactions of the ASABE, 50 (3),
885-900. https://doi: 10.13031/2013.23153



KSU Miihendislik Bilimleri Dergisi, 28(1), 2025 17 KSU J Eng Sci, 28(1), 2025
Arastirma Makalesi Research Article
C. Koycegiz, M. Biiyiikyildiz

Naghizadeh, A., Amiri-Ramsheh, B., Atashrouz, S., Abuswer, M. A., Abedi, A., Mohaddespour, A., & Hemmati-
Sarapardeh, A. (2024). Modeling thermal conductivity of hydrogen-based binary gaseous mixtures using generalized
regression  neural  network. International  Journal of  Hydrogen Energy, 59, 242-250.
https://doi.org/10.1016/j.ijhydene.2024.01.216

Nash, J. E., & Sutcliffe, J. V. (1970). River flow forecasting through conceptual models part | — A discussion of
principles. Journal of Hydrology, 10(3), 282—290. https://doi.org/10.1016/0022-1694(70)90255-6

Noori, N., Kalin, L., 2016. Coupling SWAT and ANN models for enhanced daily streamflow prediction. Journal of
Hydrology, 533, 141-151. https://doi.org/10.1016/j.jhydrol.2015.11.050

Nourani, V., Molajou, A., Tajbakhsh, A. D., & Najafi, H. (2019). A wavelet based data mining technique for
suspended sediment load modeling. Water Resources Management, 33, 1769-1784. https://doi.org/10.1007/s11269-
019-02216-9

NumPy. (2008). https://numpy.org/doc/2.1/ Accessed 15.04.2024.

Oniigyildiz, M., Bostanct, 1., & Yarar, A. (2014). Konya Altmapa Baraj Goliindeki Sedimantasyon Kaynakli Kapasite
Kaybinin Cografi Bilgi Sistemleri Kullanilarak Hesaplanmasi. Selcuk Universitesi Sosyal ve Teknik Arastirmalar
Dergisi, (7), 12-26.

Ozger, M., & Kabatas, M. B. (2015). Sediment load prediction by combined fuzzy logic-wavelet method. Journal of
Hydroinformatics, 17(6), 930-942. https://doi.org/10.2166/hydro.2015.148

Pandas. (2024). https://pandas.pydata.org/docs/ Accessed 21.04.2024.

Pandey, A., Himanshu, S. K., Mishra, S. K., & Singh, V. P. (2016). Physically based soil erosion and sediment yield
models revisited. Catena, 147, 595-620. https://doi.org/10.1016/j.catena.2016.08.002

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M., Prettenhofer, P., Weiss,
R., Dubourg, V., Vanderplas, J., Passos, A., Cournapeau, D., Brucher, M., Perrot, M. & Duchesnay, E. (2011). Scikit-
learn: Machine Learning in Python. Journal of Machine Learning Research, 12, 2825-2830.

Piraei, R., Afzali, S. H., & Niazkar, M. (2023). Assessment of XGBoost to Estimate Total Sediment Loads in Rivers.
Water Resources Management, 37(13), 5289-5306. https://doi.org/10.1007/s11269-023-03606-w

Samantaray, S., & Sahoo, A. (2022). Prediction of suspended sediment concentration using hybrid SVM-WOA
approaches. Geocarto International, 37(19), 5609-5635. https://doi.org/10.1080/10106049.2021.1920638

Samantaray, S., Sahoo, A., & Ghose, D. K. (2020). Assessment of Sediment Load Concentration Using SVM, SVM-
FFA and PSR-SVM-FFA in Arid Watershed, India: A Case Study. KSCE Journal of Civil Engineering, 24(6), 1944—
1957. https://doi.org/10.1007/s12205-020-1889-x

Samantaray, S., Sahoo, A., Satapathy, D. P., Oudah, A. Y., & Yaseen, Z. M. (2024). Suspended sediment load
prediction using sparrow search algorithm-based support vector machine model. Scientific Reports, 14 (1), 12889.
https://doi.org/10.1038/541598-024-63490-1

Sales, A. K., Gul, E., Safari, M. J. S., Ghodrat Gharehbagh, H., & Vaheddoost, B. (2021). Urmia lake water depth
modeling using extreme learning machine-improved grey wolf optimizer hybrid algorithm. Theoretical and Applied
Climatology, 146(1), 833-849. https://doi.org/10.1007/s00704-021-03771-1

Saplioglu, K., & Acar, R. (2020). K-means kiimeleme algoritmas1 kullanilarak olusturulan yapay zeka modelleri ile
sediment tasitmmimn tespiti. Bitlis Eren  Universitesi Fen Bilimleri Dergisi, 9(1), 306-322.
https://doi.org/10.17798/bitlisfen.558113

Shagqiri, F. (2024). Applications of Time Series Forecasting Models, Decomposition Methods, Non-parametric
Regression Methods, and Artificial Neural Networks. Fraunhofer Verlag.

Sharafati, A., Haji Seyed Asadollah, S. B., Motta, D., & Yaseen, Z. M. (2020). Application of newly developed
ensemble machine learning models for daily suspended sediment load prediction and related uncertainty analysis.
Hydrological Sciences Journal, 65, 2022—2042. https://doi.org/10.1080/02626667.2020.1786571

Shiri, N., Shiri, J., Nourani, V., & Karimi, S. (2022). Coupling wavelet transform with multivariate adaptive
regression spline for simulating suspended sediment load: independent testing approach. ISH Journal of Hydraulic
Engineering, 28(supl), 356-365. https://doi.org/10.1080/09715010.2020.1801528



KSU Miihendislik Bilimleri Dergisi, 28(1), 2025 18 KSU J Eng Sci, 28(1), 2025
Arastirma Makalesi Research Article
C. Koycegiz, M. Biiyiikyildiz

Specht, D. F. (1991). A General Regression Neural Network. IEEE Transactions on Neural Networks, 2(6), 568—
576.

Vapnik, V. N. (1995). The Nature of Statistical Learning Theory. The Nature of Statistical Learning Theory. Springer
New York.

Wright, S. (1921). Correlation and causation. Journal of Agricultural Research, 20(7), 557-585.

Xie, B., Bao, R,, Yin, D., Zhu, L., Hu, R., Cai, W., Liu, T., Lin., C., & Lu, P. (2022). The spatio-temporal distribution
and transport of suspended sediment in Laizhou Bay: Insights from hydrological and sedimentological investigations.
Frontiers in Earth Science, 10, 994258. https://doi.org/10.3389/feart.2022.994258

Yang, H., & Li, W. (2023). Data decomposition, seasonal adjustment method and machine learning combined for
runoff prediction: A case study. Water Resources Management, 37(1), 557-581. https://doi.org/10.1007/s11269-022-
03389-6

Yilmaz, V. (2022). The use of band similarity in urban water demand forecasting as a new method. Water Supply,
22(1), 1004-1019. https://doi.org/10.2166/ws.2021.221

Yilmaz, V. (2023). Farkli performans metriklerinin buharlasma modellemesi {izerindeki etkisinin incelenmesi. Nigde
Omer Halisdemir Universitesi Miihendislik Bilimleri Dergisi, 12(2), 472-486.
https://doi.org/10.28948/ngumuh.1206278

Yilmaz, V., & Alpars, M. (2023). An Investigation of the Temporal Interaction of Urban Water Consumption in the
Framework of  Settlement Characteristics. ~Water Resources  Management, 37(4), 1619-1639.
https://doi.org/10.1007/s11269-023-03447-7

Yilmaz, V., Koycegiz, C., & Buyukyildiz, M. (2024a). Performance of data-driven models based on seasonal-trend
decomposition for streamflow forecasting in different climate regions of Tiirkiye. Physics and Chemistry of the Earth,
Parts A/B/C, 136, 103696. https://doi.org/10.1016/j.pce.2024.103696

Yilmaz, V., Koycegiz, C., & Buyukyildiz, M. (2024b). An approach on the estimation and temporal interaction of
runoff: the band similarity method. Journal of Water and Climate Change, 15 (9): 4775-4789.
https://doi.org/10.2166/wcc.2024.420

Yin, Y., Xia, R., Liu, X., Chen, Y., Song, J., & Dou, J. (2024). Spatial response of water level and quality shows
more significant heterogeneity during dry seasons in large river-connected lakes. Scientific Reports, 14(1), 8373.
https://doi.org/10.1038/s41598-024-59129-w

Yuan, Z., Gao, S., Wang, Y., Li, J., Hou, C., & Guo, L. (2023). Prediction of PM2. 5 time series by seasonal trend
decomposition-based dendritic neuron model. Neural Computing and Applications, 35(21), 15397-15413.
https://doi.org/10.1007/s00521-023-08513-0

Zhang, S., Wu, J., Jia, Y., Wang, Y. G., Zhang, Y., & Duan, Q. (2021). A temporal LASSO regression model for the
emergency forecasting of the suspended sediment concentrations in coastal oceans: Accuracy and interpretability.
Engineering Applications of Artificial Intelligence, 100, 104206. https://doi.org/10.1016/j.engappai.2021.104206

Zhou, T., Wang, F., Yang, Z., 2017. Comparative Analysis of ANN and SVM Models Combined with Wavelet
Preprocess for Groundwater Depth Prediction. Water, 9 (10), 781. https://doi.org/10.3390/w9100781

Zounemat-Kermani, M., Batelaan, O., Fadaee, M., & Hinkelmann, R. (2021). Ensemble machine learning paradigms
in hydrology: A review. Journal of Hydrology, 598, 126266. https://doi.org/10.1016/j.jhydrol.2021.126266



