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ABSTRACT. Estimation of Beginning Points of Cross-Shore Sandbars Using 
Artificial Neural Network. Sediment transport is critical for the design of coastal 
structures. In this paper, beginning points of cross-shore sandbars predicted using 
artificial neural network (ANN), multi-linear regression (MLR), and Quadratic-
Multivariable Regression (Q-MR). The dataset was obtained as a result of a physical 
model . In experiments, 3 different bed slopes and 5 different grain sizes were used. Bed 
slope, grain size, wave period, and wave steepness were used as independent variables. 
The dependent variable was the beginning point of cross-shore sandbars (Xb). Mean 
Average Error (MAE), Mean Square Error (MSE), Root Mean Square Error (RMSE) 
results, and correlation and regression results were checked to compare the created 
models. When the results were compared, it was concluded that the ANN model gave 
better results than traditional statistical methods. 
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1. INTRODUCTION 
For years, people have tried to establish settlements near water and build ports to 

benefit from maritime transportation. For this reason, developments in coastal 
morphology are important. Cross-shore sandbars are among the most common 
morphological features of the nearshore region. Various studies have been done in 
this subject such as by (Dean, 1973; Gourlay, 1980; Noda, 1972; Saville Jr, 1957)  
Studies have been conducted on the classification of beaches profiles. (Johnson, 
1949) suggest parameters to classified beach profiles. (Iwagaki & Noda, 1962) 
considered wave height and grain diameter ratio to classified beach profiles.  (Nayak, 
1970) studied on model beaches for equilibrium profiles. The results of his study 
shows that wave height, grain diameters and density of grain are significant 
parameters to shaping of beach profiles. (Sunamura & Horikawa, 1974) suggested a 
model based on the physical assumption that net transport is in equilibrium. They 
suggested a method for classifying beaches based on topographic displacement from 
the initial slope. Using these characteristics, the direction of onshore-offshore 
transport and the beach profile in the surf zone were calculated. (Hattori & 
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Kawamata, 1980) analyze wave action and sediment transport and their effect on 
beach profiles. (Watanabe et al., 1980) used a three-dimensional numerical model to 
predict cross-shore sediment transport.  has developed (Larson &Kraus, 1989) the 
formula Equation 1 for bar volume. The formula was developed by using 
experimental data to explain erosion and deposition profiles. In this equation, H0 
represents deep wave height, w represents sedimentation velocity, and T represents 
wave period. 

𝑽𝑽𝒃𝒃𝒃𝒃𝒃𝒃 = 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎𝑯𝑯𝟎𝟎
𝟐𝟐.𝟐𝟐𝟐𝟐𝒘𝒘−𝟏𝟏.𝟑𝟑𝟑𝟑𝑻𝑻𝟎𝟎.𝟓𝟓𝟓𝟓                      (1) 

(Larson, 1996) developed a numerical model to simulate cross-shore sediment 
transportation and beach profile impacts of regular waves. (Silvester & Hsu, 1997) 
used nonlinear techniques to obtain beach profile parameters by using experimental 
data that were based on previous works. (Hsu, 1998) came to the conclusion that the 
beach profile is in balance when cross-shore waves move at different angles. 
(Günaydin & Kabdaşli, 2003) investigated the geometric parameters by using regular 
and irregular waves in his physical models. The results were suggested to define pure 
regular waves, pure irregular waves, and regular-irregular waves. (Özölçer, 2008) 
obtained data using experimental study. With regard to the earlier developed 
equations, the results showed that the experimental data fit the suggested equations 
rather well. Another experimental study carried out by (Demirci & Aköz, 2012). The 
result of the experiment showed that the breaking waves formed the bar parameters, 
and the migration of the bar parameters increased as the wave steepness increased.  

These days, a variety of modeling techniques are crucial for forecasting and data 
analysis. In this regard, data mining methods and artificial intelligence are crucial 
for comprehending large, complicated data sets and making future predictions. 
Numerous engineering research using fuzzy logic and artificial intelligence methods 
has been conducted in recent years (Ghafari & Ameri Khah, 2023; Kaya et al., 2016; 
Pham et al., 2023; Roy et al., 2023; Üneş, Demirci, et al., 2018; Unes et al., 2013; 
Üneş et al., 2015, 2020; Üneş & Demirci, 2015).  (Üneş et al., 2017) estimate 
groundwater level using MLR and ANN models. The best results obtained by ANN. 
(Taşar et al., 2018) predicted daily evaporation from the Cambridge basin using 
empirical methods and ANN model. (Üneş, Doğan, et al., 2018) attempted to use an 
ANN model and an empirical approach to estimate Lake Hartwell's evaporation. 
(Dayan et al., 2021) Using information from the Patapsco River observation station, 
a fuzzy logic model and MLR were used to develop it. (Er et al., 2022) estimated the 
evaporation for Alibey Dam in his research. For estimate, he developed fuzzy logic 
models, MLR methods, and ANN models. He also employed the SMRGT approach 
for fuzzy logic models. (Sabancıoğlu et al., 2024) estimate the ending point of cross-
shore sandbars using MLR, ANFİS, fuzzy logic and SMOreg model.  

In this study, a model was created using MLR, Q-MR and ANN methods to 
estimate the distance of the bar starting point formed as a result of sediment transport 
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perpendicular to the shoreline using the experimental data obtained from (Demirci, 
2006.) and the results of the models were compared with each other. 

 
2. DATA AND METHODS 
2.1. Experimental Setup 

In this paper, we used a dataset obtained by experimental study (Demirci, 
2006.). The experimental data consists of a total 64 data. Data had been split 80% as 
train, 20% as test. The experiment had been done under storm-profile conditions in 
a wave flume that is 12m long, 0.40m width and 0.60m height. For the experiments, 
regular waves were generated between 0.47s and 0.83s periods and experiments were 
carried out at 1/8, 1/10 and 1/15 coastal slopes. 5 different materials with average 
grain diameters of 0.25mm, 0.32mm, 0.46mm, 0.62mm and 0.8mm were used in the 
experiments. 

 
2.2. Multi Linear Regression 
Multiple linear regression is a method used to model the relationship between 

dependent variables and more than one independent variable. It expresses the 
relationship between the dependent variable and the independent variable by 
establishing a linear equation. This equation consists of a constant number and the 
coefficient of the independent variables. The result of this equation allows us to 
estimate the dependent variable.(Equation 2) 

𝒚𝒚𝟎𝟎 = 𝜷𝜷𝟎𝟎 + 𝜷𝜷𝟏𝟏𝒙𝒙𝟏𝟏 + 𝜷𝜷𝟐𝟐𝒙𝒙𝟐𝟐 + ⋯+ 𝜷𝜷𝒏𝒏𝒙𝒙𝒏𝒏         (2) 
In this equation “y0” represents dependent variable, “x1,x2,x3…in” represents 

independent variables, “𝛽𝛽1 , 𝛽𝛽2 , 𝛽𝛽3 ...𝛽𝛽n” represents independent regression 
coeficence and “𝛽𝛽0” represents intercept. 

 
2.3.Quadratic Multivariable Regression 
It is a multivariate regression approach that expresses the relationship between 

independent and dependent variables using linear, constant, interaction, and squared 
terms. (Equation 3) 

𝒚𝒚𝟎𝟎 = 𝜷𝜷𝟎𝟎 + 𝜷𝜷𝟏𝟏𝒙𝒙𝟏𝟏 + 𝜷𝜷𝟐𝟐𝒙𝒙𝟐𝟐 + ⋯+ 𝜷𝜷𝒏𝒏𝒙𝒙𝒏𝒏 + 𝜷𝜷𝒏𝒏+𝟏𝟏 𝒙𝒙𝟏𝟏𝒙𝒙𝟐𝟐 + 𝜷𝜷𝒏𝒏+𝟐𝟐𝒙𝒙𝟏𝟏𝒙𝒙𝟑𝟑 + ⋯+ 𝜷𝜷𝒏𝒏+𝟑𝟑𝒙𝒙𝟏𝟏𝟐𝟐 +
𝜷𝜷𝒏𝒏+𝟒𝟒𝒙𝒙𝟐𝟐𝟐𝟐 + 𝜷𝜷𝒎𝒎𝒙𝒙𝒏𝒏𝟐𝟐 + 𝜺𝜺        (3) 

 

2.4. Artificial Neural Network (ANN) 
The Artificial Neural Network (ANN) is a computational model that represents 

human brain cells. It outperforms other classic regression models in terms of 
prediction ability. ANN models are made out of layers. The initial data is sent into 
the input layers. Hidden layers handle inputs using weighted connections and 
activation functions. The output layer generates the ultimate product. ANN structure 
used in the study is shown in Figure 1.  

 



72 

 
Figure 1. ANN structure used in the study 

 

3. RESULTS AND DISCUSSIONS 
In this paper, ANN,MLR and Q-MR methods were compared using the following 

statistical criteria. In the models, grain size (d50), bed slopes (m), wave period (T), 
and wave steepness (H0/L0) are used as independent variables. Also beginning point 
of cross-shore sandbars (Xb) used as dependent variables. In this study, of the 64 
data, 13(which is 20% of total) were separated as test and 51(which is 80% of total) 
as training. Statistical preferences such as the Determination coefficient (R2), Mean 
Absolute Error (MAE), and Root Mean Square Error (RMSE) were analyzed and 
compared for each model. MAE, RMSE,  R2 values for ANN, MLR and Q-MR are 
given in Table 1. 

 
Table 1.  Comparison of all models 

MODELS INDEPENDENT 
VARİABLES MAE RMSE R2 

MLR d50, m, T, H0/L0 0,14 0,24 0,68 
Q-MR d50, m, T, H0/L0 0,16 0,34 0,81 
ANN d50, m, T, H0/L0 0,13 0,14 0,89 
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Figure 2  MLR model (a)distribution and (b) scatter charts. 

 

 
Figure 3  Q-MR model (a) distribution and (b) scatter charts. 

 

 
Figure 4 ANN model (a)distribution and (b) scatter charts. 
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The distribution and scatter charts of the MLR model for the distance of the bar 
beggining point to the cross-shore (Xb) test data is shown in Figure 2, the distribution 
and scatter charts of the Q-MR model is shown in Figure 3, and the distribution and 
scatter charts of the ANN model is shown in Figure 4. When the distribution and 
scatter graph of the MLR model is examined, it is seen that it has the lowest 
regression coefficient between the experimental data and the model results.(R2=0,68) 
While the Q-MR model distribution and scatter chart are examined, it is certain that 
there is agreement between experimental data and model results (R2=0,81), however 
the Q-MR model has the highest MAE and RMSE coefficients corresponding to 
other models (MAE=0,16 RMSE=0,34). The ANN model distribution chart shows 
that the experimental data and model results coincide, while the scatter chart shows 
that it has the highest regression coefficient and the lowest error coefficients, despite 
being less scattered than other models (R2=0,89 MAE=0,13 RMSE=0,14). 

According to Table 1 and distribution-scatter charts, the ANN model performs 
well with the test data. High correlation (R2) and low error value (RMSE, MAE) 
indicate strong findings. As a result, the ANN model provides the best prediction, 
with the highest coefficient of determination (R2 = 0,894) and the lowest error value 
- RMSE and MAE. This study demonstrated that ANN approaches may be used 
instead of traditional methods to model the interaction between sandbar parameters. 
Although the Q-MR model was low, results similar to the ANN model were 
obtained, but the MLR model, a classic statistical technique, produced the lowest 
results. 

 
4. CONCLUSION 
In this paper, the beginning point of cross-shore sandbars (Xb). estimation was 

made with artificial neural networks (ANN), Multiple Linear Regression (MLR) and 
Quadratic Multivariable Regression (Q-MR) models. Data were obtained from 
experimental results (Demirci, 2006.). While grain size, bed slope, wave period and 
wave steepness were used as independent variables, the beginning point of cross-
shore sandbars (Xb) was selected as a dependent variable.  

As a result, the low error ratios (MAE, RMSE) and strong correlation (R2) gave 
the necessary performance in the ANN regression approach to predict Xb.  In studies 
where the parameters of sandbars need to be known, it has been found that the ANN 
method is a model that can be applied in the estimation of Xb formed under different 
wave periods, wave steepness, bed slope, and grain size conditions.  
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