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Abstract


Radial gates are widely used for agricultural water management, flood controlling, etc. The existence of methods for the calculation of the discharge coefficient (Cd) of such gates are complex and they are based on some assumptions. The development of new usable and simple models is needed for the prediction of Cd. This study investigates the viability of a metaheuristic regression method, the Gaussian Process (GP), for the determination of the discharge coefficient of radial gates. For this purpose, a total of 2536 experimental data were compiled that cover a wide range of all the effective parameters. The results of GP were compared with the Group Method of Data Handling (GMDH), Multivariate Adaptive Regression Splines (MARS), and linear and nonlinear regression models for predicting Cd of radial gates in both free-flow and submerged-flow conditions. The results revealed that the radial basis function-based GP model performed the best in free-flow condition with a Correlation Coefficient (CC) of 0.9413 and Root Mean Square Error (RMSE) of 0.0190 while the best accuracy was obtained from the Pearson VII kernel function-based GP model for the submerged flow condition with a CC of 0.9961 and RMSE of 0.0132.
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1. Introduction


Flow controller and flow regulator structures play important roles in flow distribution in irrigation systems and the success rate of irrigation systems depends on the performance of these structures [1]. The maximum discharge condition is the main criteria for designing irrigation systems, while in practice, in the majority of cases, the maximum discharge is not observed. So, in such systems, flow controller and flow regulator structures are used for providing gravity irrigation conditions and for setting the water level at required water levels [2]. Gates are the most common types of structures that are commonly utilized in irrigation networks [3]. In addition, flow discharge measurement is another important application of gates in these systems, and estimation of flow discharge under gates can be classified as one of the most important issues in hydraulic engineering [3]. In other words, the precision of flow discharge information has a direct influence on operational management and water-saving policies [4]. According to gate applications all over the world, the hydraulic performance of gates has been studied by many researchers. Gibson [5] and Henry [6] carried out the earliest studies on gates. Henry [6] presented the slice gate discharge coefficient (Cd) in the form of a graph considering a dimensionless form of effective parameters in both submerged and free-flow conditions. The study by Henry [6] is the basis of some other studies and some other Cd equations. After that, Rajaratnam and Subramanya [7], Rajaratnam and Subramanya [8] and Swamee [9] proposed new relationships for determining Cd in both submerged and free-flow conditions.



Radial gates alongside slice gates are the most common types of gates. The required force for the opening of gates is large, so hydraulic engineers use radial gates instead of other types of gates [10]. Because of the special shape of radial gates and existing cylindrical shells, entering water pressure passes through the axis of the gate, and pressure forces do not create a torque around it [10]. Bijankhan et al. [11] used dimensional analysis to analyze both submerged and free-flow conditions in a radial gate. In their study, the incomplete self-similarity concept and Buckingham theorem were used to propose a new dimensional equation for Cd. Salmasi, Nouri, and Abraham [10] used different types of sills under a radial gate and studied the influence of sills on the radial gate Cd. Circular, semicircular, rectangular, triangular, and trapezoidal sills were used in the study. Two different locations of sills were studied and outcomes revealed that sills could have both negative and positive effects on Cd. Bijankhan et al. [12] presented an analytical equation for distinguishing free-flow and submerged flow conditions and used the experimental data of Buyalski [13] for verification of the presented equation. Clemmens et al. [14] provided a new method to calibrate both the free-flow and submerged flow of radial gates. The provided method utilizes the momentum equation and energy equation on the downstream side and upstream side of the structure, respectively. Zheng et al. [15] established a new model using the least square method to calibrate the discharge in radial gates. In order to perform this, four discharge methods obtained from the energy equation and dimensionless analysis were used. Outcomes revealed that by using the presented parameter identification model, the accuracy of four methods increased and the value of maximum mean relative error decreased from 34.26% to 3.54%.



Recently, soft computing techniques and/or artificial intelligence (AI)-based models have been used for the estimation Cd of hydraulic structures [16,17,18]. Due to some negative issues in common methods, including a large quantity of influencing parameters and their interactions, a large number of assumptions, complexity of the solutions, high uncertainty, etc., these models can be utilized as a direct solution to the problem [19,20]. Salmasi and Abraham [21] used genetic programming for identifying the discharge coefficient for inclined slide gates. They conducted a series of laboratory experiments and used experimental results to produce new equations using genetic programming. Aydin and Kayisli [22] developed a neuro-fuzzy (ANFIS) model to predict the Cd of labyrinth side weirs. They used 285 experimental data to test the developed model and the outcomes of the research revealed that the ANFIS could be effectively used in practice. Piano Key weirs’ Cd was investigated by Majedi-Asl et al. [23]. For this purpose, SVM (support vector machines) and the GEP (gene expression programming) models were used. They reported that the GEP model results are in a good agreement with the experimental data [23]. In another study, the discharge coefficient of oblique sluice gates was assessed using some different techniques and the ANN (artificial neural network) approach was introduced as the most accurate model [24]. Roushangar et al. [25] used the hybrid Grey Wolf Optimization-based Kernel-depended Extreme Learning Machine (GWO-KELM) approach for the prediction of the Cd of submerged radial gates. The results of their studies showed that the GWO-KNL approach has a good ability to estimate the Cd of the radial gate under different submergence ratios. Salazar et al. [26] used the ANN and Finite Element methods (FEM) for estimation of the Cd of radial-gated spillway of the Oliana dam in Spain. The results of their investigations showed that the FEM method can be more useful in analyzing radial-gated spillway. Rady [27] applied the ANNs modeling method to investigate the discharge coefficient of the vertical and inclined sluice gates under free and submerged flow conditions. The results of his study indicated that the ANNs are powerful tools for modeling flow rates below both types of sluice gates within an accuracy of ±5%. Al-Talib and Kattab [28] studied the Cd using SPSS and ANN and compared them. Their results gave a good agreement compared with experimental data and they presented an equation to calculate the Cd. Sauida [29] simulated the relative energy loss downstream of the multi-sluice gate using ANN under submerged flow conditions and developed an empirical prediction equation using statistical Multiple Linear Regression (MLR). The results of his study showed that the ANN is more accurate than the MLR and can be utilized to determine the optimal multi-gate operation scenario for multi-vent regulators.



For the determination of radial gates’ Cd, simultaneously solving some nonlinear equations and some complex graphs is generally needed. Furthermore, a large number of equations for gates Cd are based on some assumptions that sometimes lead to outcomes which do not match reality. Hence, introducing alternative methods for predicting Cd of radial gates with good accuracy is essential. It is evident from the existing literature that the AI-based models are easy to apply and they produce accurate predictions. As alternatives to methods which solve the governing equations depending on boundary conditions, AI-based approaches can efficiently predict the Cd. Although the AI-based techniques have been widely used to estimate Cd of other hydraulic structures such as weirs; however, very few studies used these techniques in prediction of radial gates’ Cd. Here three AI-based models, namely, the Group Method of Data Handling (GMDH), Multivariate Adaptive Regression Splines (MARS) and Gaussian Process (GP) are employed to predict Cd in radial gates in both submerged and free discharge conditions. The existing experimental data in the literature are used as model inputs. The outcomes of the AI-based models are also compared with those of the linear and nonlinear regression-based models.




2. Materials and Methods


Figure 1 shows a schema of the radial gate in both free (Figure 1a) and submerged flow conditions (Figure 1b). As seen from the figure, Y0 = upstream water depth, W = gate opening height, h = trunnion-pin height, R = gate radius, Y1 = flow depth at vena contracta under free-flow conditions, and Yt = downstream water depth in submerged flow condition. As discussed above, the prediction of radial gates’ Cd is the main aim of the presented work. In order to perform this, the reported experimental results by Buyalski [13] were utilized for the models’ training and testing.



The discharge coefficient of the radial gate (Cd) in both free-flow and submerged flow conditions is a function of flow properties and gate geometry. Upstream water depth and tailwater depth belong to flow properties and gate radius, trunnion–pin height, gate opening height, and gate width (B) belong to gate geometry. Therefore, for free-flow and submerged flow conditions, the dependency of radial gate Cd on the effective parameters is as in the Equations (1) and (2):


   C d  = f (  Y 0  , h , R , W , B , Q ) →  C d  = f (  B   Y 0    ,  W   Y 0    ,  R   Y 0    ,  h   Y 0    )  



(1)






   C d  = f (  Y 0  ,  Y T  , h , R , W , B , Q ) →  C d  = f (  B   Y 0    ,    Y T     Y 0    ,  W   Y 0    ,  R   Y 0    ,  h   Y 0    )  



(2)







Considering sections 0 (upstream of the radial gate) and 1 (immediately downstream of the radial gate, see the location of Y1 in Figure 1a) and assuming rectangular channel, the following equations can be written using energy equilibrium as:


   E 0  =  E 1   



(3)






   Y 0  +    V 0 2    2 g   =  Y 1  +    V 1 2    2 g    



(4)




where Y1 and V1 are flow depth and flow velocity in Section 1, Y0 and V0 are flow depth and flow velocity in section 0, g is the gravity acceleration and E1 and E0 are the specific energy in two mentioned sections. By combination of continuity equation and Equation (4), it can be written as:


  Q =  C d  W B   2 g  Y 0    →  C d  =  Q  W B   2 g  Y 0       



(5)




where Q is discharge flowing under the radial gate. As it can be seen, Equation (5) is not a direct result of Equation (4) and the continuity equation. In Equation (5), V0 is ignored by considering an assumption as the reservoir of the upstream side of the gate is large, it is presented for measuring the discharge of a complete orifice. This equation was firstly used by Henry [6] for the gates. The Cd is used to correct these assumptions. Henry [6] presented the sluice gate Cd in the form of a graph by considering the dimensionless form of effective parameters in both submerged and free-flow conditions. In the graph, discharge coefficient has been plotted against Y0/W for free-flow condition and for submerged flow condition, discharge coefficient has been plotted against Y0/W and YT/W. In the present study, Equation (5) was applied for the calculation of the discharge coefficient using the experimental data of Buyalski [13]. 2536 Cd in different conditions were obtained. These data were utilized for training and testing of Multiple Linear Regression (MLR), Nonlinear Regression (NLR), Multivariate Adaptive Regression Splines (MARS), GMDH, and Gaussian Process (GP) regression models.



2.1. Experimental Data by Buyalski [13]


Buyalski [13] employed an extensive experimental study for the determination of the Cd of radial gates in both submerged and free-flow conditions. He experimentally modeled a real canal ant its radial gates (the Tehama–Colusa canal) with a scale of 1:6. Experiments were carried out in a wide rectangular flume 3.05 m. In the study by Buyalski [13], gate-opening height (W), upstream water depth (Y0), tailwater depth in submerged flow condition (YT), trunnion–pin height (h), and types of gate sill were considered as study parameters. The gate width (B) and the gate radius (R) were constant and their corresponding values were 0.711 m and 0.702 m, respectively. Cd algorithms were developed by Buyalski [13] from a single-gate hydraulic laboratory model and they are applicable when the number of gates are varied from 1 to 5. The results of this experimental study are the basis of the majority of radial gates’ Cd equations. In order to determine Cd t of radial gates, 2536 experimental data were used. Table 1 shows the studied parameters by Buyalski [13] and their range.




2.2. Methods


2.2.1. Multiple Linear Regression (MLR)


MLR is a process based on least square technique used for developing the linear relationship between independent (input) and dependent (output) variables. The commonly used equation for MLR is (Equation (6)):


   C d  =  c 0  +  x 1      c 1    +  x 2      c 2    +  x 3      c 3    +  x 4      c 4    + · · · … … … … … +  x n      c n       



(6)




where x1, x2, …, xn are independent variables and c0, c1 …, cn are regression coefficients.




2.2.2. Nonlinear Regression (NLR)


In comparison to MLR, that is always used for simple issues, NLR is chosen for complex issues. In the present study, for the creation of the NLR, XLSTA software was used. In the common NLR equation (Equation (7)), The output variable is Cd and the input variables are: x1, x2, …, xn.


   C d  =  c 0   x 1      c 1     x 2      c 2     x 3      c 3     x 4      c 4    … … … … … …  x n      c n       



(7)








2.2.3. Multivariate Adaptive Regression Splines (MARS)


The MARS method uses a non–parametric approach that does not include any assumption about the independent and dependent data set of the relationship. The MARS system uses sub domains for input space and for a specified sub domain, a linear regression equation is considered. A boundary value between knots is called a sub domain. The fitted linear regression is defined as the base functions (BFs). The following forms are given by the BFs (Equation (8)), where x is a separate parameter, and k is a boundary value. The last mathematical expression of the used MARS technique for the desired phenomenon is (Equation (9)):


  max   0 ,   x − k      or  max   0 , k − x    



(8)






  y = f  x  =      S   0  +  ∑  n = 1  N   S n   β n   x   



(9)




where y is a predicted output parameter by the function f(x). S0 is the value of a constant and n is the quantity of BFs. The coefficient multiplied in BFs is Sn. βn indicates the BFs. Mathematical modeling is sufficient to complete two phases using the MARS process. The BFs that were established in the previous phase and have no major impact on increasing the accuracy of the model are pruned on the basis of a criterion called Generalized Cross-Validation (GCV). In other words, the structure of the derived MARS model was adopted by GCV. The GCV is defined by Equation (10), where N is the data quantity, and C(H) is the penalty for complexity that is increased by the quantity of BFs. In Equation (10), for each BF, d indicates a penalty number and H is the quantity of BFs acquired by the MARS process [30,31].


  G C V =    1 N   ∑  i = 1  N        y i  − f    x i       2         1 −   C  H   N     2    ,     C  H  =   h + 1   + d H  



(10)








2.2.4. Group Method of Data Handling (GMDH)


GMDH is a self–adapting approach that gradually maps any complicated system including a dynamic relationship between inputs and output. Ivakhnenko [32] first suggested this approach. Each pair of inputs is added to a neuron in the GMDH technique. As seen below, the governing equation is a quadratic polynomial (Equation (11)). Where    ω o    and    ω i    (i = 1 … 5) are coefficients and xi and xj are input pairs. From the Volterra sequence, the definition of GMDH provided stated that all the system can be calculated utilizing an infinite polynomial by Equation (12). The discrete form of Volterra series is presented as Kolmogorov–Gabor polynomial [33,34].


   y ¯  = G    x i  ,  x j    =  w 0  +  w 1   x i  +  w 2   x j  +  w 3   x i 2  +  w 4   x j 2  +  w 5   x i   x j   



(11)






    y  t  =   ∫ 0 t    h 1   τ    ×   t − τ   d τ +  ∫    ∫ 0 t    h 2     τ 1   τ 2    ×   t −  τ 1    ×   t −  τ 2    d  τ 1   τ 2  +          ∫   ∫    ∫ 0 t    h 3     τ 1   τ 2   τ 3    ×   t −  τ 1    ×   t −  τ 2      t −  τ 3    d  τ 1   τ 2   τ 3  + ⋯          



(12)








2.2.5. Gaussian Process Regression (GP)


According to Neal [35], Gaussian Processes (GP) may be termed as a natural generalization of the Gaussian distribution and here, vector is the mean and matrix serves as the covariance [36]. GP regression is an expedient approach of nonparametric regression owing to its theoretical simplicity as well as its worthy generalization capability and it provides an output which is probabilistic [37]. A major assumption in GP is y which can be identified by y ~ f(x) + ξ, where ξ ~ N(0,σ2). Here, the symbol ~ shows sampling. In regression of GP, for each input x there is an associated random variable f(x) and x is the value of the stochastic f function at that location. In this study, the assumption is that the measurement error ξ is normal independent and it is identically distributed, with a zero mean value (μ(x) = 0), a σ2 of variance and f(x) provided by the GP on χ identified by k. That is,


  Y =    y 1  ,   … … … .  y n     ~    N   0 , K +  σ 2  I    



(13)




where    K  i j   = K    x i  ,  x j     , and I = identity matrix. For a provided test data    X *    vector, the predictive distribution of the output    Y *  /   X , Y   ,    X *  ~ N   μ ,  Σ      is Gaussian, where


  μ = K    X *  , X       K   X , X   +  σ 2  I     − 1   Y  



(14)






  Σ = K    X *  ,  X *    −  σ 2  I − K    X *  , X       K   X , X   +  σ 2  I     − 1   K   X ,  X *     



(15)







Assume that the training data are n and test data are    n *   , then   n ×  n *    matrix of covariances evaluated by the all pairs of training and test data sets are represented by   K   X ,  X *     , and similarly, this holds true for the   K   X , X    ,   K    X *  , X     and   K    X *  ,  X *     ; where X and Y show the vector of the training data and corresponding labels    y i   . To produce a semi–definite covariance matrix K which is positive, where    K  i j   = K    x i  ,  x j     , a quantified covariance function is needed. The term kernel function which is utilized in SVM as well as the covariance function that has been utilized in regression of GP are equivalent. If we know the noise degree    σ 2   , and the kernel, it would be ample having Equations (14) and (15) for the inference sake. It is a pre-requisite for the user throughout the training procedure of GP regression, to pick out an opposite covariance function, the parameters of it as well as the degree of noise. In the GP regression’s case with Gaussian noise involving a fixed value, a GP model can be accomplished by the employment of Bayesian inference, i.e., by maximizing the marginal likelihood. This provides the minimization of the negative log–posterior:


  p    σ 2  ,   k   =  1 2   Y T      K +  σ 2  I     − 1   Y +  1 2  log   K +  σ 2  I   −  log    p    σ 2    − log   p  k   



(16)







To discover the hyperparameters, the partial derivative of Equation (16) is obtained with respect to    σ 2    and k, and it can be minimized by gradient descent. Kuss [37] has reported a detailed account of the GP regression as well as different covariance functions.




2.2.6. Details of Kernel Function


The design of SVM and GP-based regression methods involves the kernel function (KF) idea. Different types of kernels have been discussed in the related literature [30,38,39]. Four most frequently used KFs: a polynomial kernel function (  K       x , x   ’     =      x ⋅  x ’    + 1         d ∗     ), radial basis kernel (  K       x , x   ’         =      e  − γ     x −  x ’     2     ) and the Pearson VII kernel function        1  /     1 +         2        x i    −    x j       2     2     1 / ω      −   1       /  σ     2       ω     , where    d ∗   ,   γ ,   σ  , and  ω  are specific kernel parameters.





2.3. Parameters for Performance Appraisal


For accuracy assessment of the implemented models, six different types of statistical parameters were considered. The Correlation Coefficient (CC), Root Mean Square Error (RMSE), Willmott’s Index (WI), Legates and McCabe’s Index (LMI), Mean Absolute Error (MAE), efficiency of the Nash Sutcliffe model (NS), Normalized Root Mean Square Error (NRMSE), and Root Mean Square Relative Error (RMSRE) were used for assessing the training and testing phases of prediction models [40,41,42,43,44,45,46,47,48,49]. It is possible to quantify the six performance assessment parameters used in this research using Equations (17)–(23).



Correlation Coefficient (CC): The correlation coefficient is a statistical measure of the degree of the association between two variables or groups. The range of CC is between –1.0 and 1.0. The equation of the CC is listed as follows [20]:


   CC =    ∑  i = 1    N     P i  −     P ¯        O i  −     O ¯          ∑  i = 1  N       P i  −     P ¯      2   ∑  i = 1  N       O i  −     O ¯      2        − 1 ≤ C C ≤ 1   



(17)







Root Mean Square Error (RMSE): RMSE is a standard method of calculating a model’s error in predicting quantitative data. The range of the RMSE is 0 to ∞. Its equation is as follows [20]:


  RMSE =    1 N   ∑  i = 1  N       P i  −  O i     2     



(18)







Willmott’s Index (WI): Willmott [46] suggested a standardized measure of model prediction error called the index of agreement (WI), which ranges from 0 to 1. The ratio of the mean square error to the potential error is represented by the index of agreement. A value of 1 indicates a perfect match, whereas a value of 0 shows no agreement at all. The index of agreement may identify additive and proportional differences between observed and predicted means and variances; however, due to squared differences, WI is extremely sensitive to extreme values.


   W I = 1 − [     ∑  i = 1  N       P i  −  O i     2     ∑  i = 1  N         P i  −  O ¯    +    O i  −  O ¯       2     ]     0 ≤ W I ≤ 1   



(19)







Legates and McCabe’s Index (LMI): Legates and McCabe Jr [40] proposed a new goodness-of-fit measure to evaluate the performance of developed model. The range of the LMI is from 0 to 1. LMI is very sensitive to outlier values.


   L M I = 1 − [     ∑  i = 1  N     P i  −  O i       ∑  i = 1  N     O i  −  O ¯       ]     0 ≤ L M I ≤ 1   



(20)







Mean Absolute Error (MAE): MAE of prediction is defined as the absolute difference between the predicted and experimental (observed) values of relative coefficient of discharge, per residue [20]. Where summation is carried out for all residues and N is the total number of observations.


  MAE =  1 N   ∑  i = 1  N     P i  −  O i     



(21)







Nash–Sutcliffe efficiency index (NS): It is a widely used and potentially reliable statistic for assessing the goodness of fit of regression and soft computing models [38]. The range of the NS is—∞ to 1.


   NS = 1 −      ∑  i = 1  N       P i  −  O i     2     ∑  i = 1  N       O i  −     O ¯      2        − ∞ ≤ N S ≤ 1   



(22)







Normalized Root Mean Square Error (NRMSE): It relates the RMSE to the observed range of the variable. Thus, the NRMSE can be interpreted as a fraction of the overall range that is typically resolved by the model [20].


  N R M S E =  1   O ¯       1 N   ∑  i = 1  N       P i  −  O i     2     



(23)




where    O i    and    P i    are, respectively, the observed and the predicted values,   O ¯   is the average of observed values and N is the quantity of observations





3. Results and Discussion


The investigation composed of two sections: submerged flow and free-flow conditions for the radial gate structure. For Cd prediction of the radial gate structure, the most important parameters include B/y0, W/ y0, R/y0, and h/y0 for free-flow and B/y0, W/y0, R/y0, h/y0, and yt/y0 for submerged flow conditions.



3.1. Free-flow Condition


In total, 400 experimental observations of free-flow conditions were used in this investigation for the prediction of Cd of radial gate. For training and testing of the models, total data were separated in two dissimilar groups. The criterion of separation of the data set is random. The training data set contains 263 observations whereas the remaining 137 observations are in testing the data set. The models were developed using training data set and the obtained models were assessed by the testing data set. The features of the input and output variables in the training and testing data set for predicting the discharge coefficients (Cd) of the radial gate structure at free-flow conditions are provided in Table 2. Moreover, uncertainty with 95% confidence levels [47,48,49] was also selected to collect more information about the data set.



LR- and NLR-based models were developed using XLSTAT software using training data set. The basic concept behind the LR- and NLR-based models development is least square technique. The developed equations are listed in Equations (24) and (25) for LR and NLR, respectively.


  C    d  = 0.69748 − 0.03369    B   y 0    − 0.34869  W   y 0    + 0.06882  h   y 0     



(24)






  C    d  = 0.5207      B   y 0        0.0943        W   y 0        − 0.1534        R   y 0        − 0.2466        h   y 0        0.2129    



(25)







In the development process of the GMDH-, MARS-, and GP-based models, the trial and error method was used. The GMDH model includes three hidden layers. The constant and coefficient values of transfer functions for the GMDH are summed up in Table 3.



In the development of MARS, 30 BFs were chosen in the initial step and 10 BFs were pruned in the following step. Finally, the best MARS model having 7 BFs and 16 effective parameters were obtained. The basic form of MARS is provided by Equation (26). The final form of the implemented MARS model is given in Table 4. The pruning measure which was obtained by the GVC constraint in the training stage of MARS was acquired as 0.00050742.


   C d  = 0.5825 +   ∑   M = 1  6   β m  B  F i   x   



(26)







Normally, the performance evaluation of LR-, NLR-, GMDH-, MARS-, and GP-based models were carried out using eight performance assessment indices: CC, RMSE, MAE, WI, LMI, NRMSE, RMSRE, and NE. The accuracies of the soft computing and regression techniques in predicting Cd are compared in Table 5. Higher the value of CC, WI, LMI, and NE and lower the value of RMSE, NRMSE, MAE, and RMSRE confirm the superior models. If CC, WI, LI, and NE values are 1 and RMSE, NRMSE, MAE, and RMSRE values are zero, then the model is deemed ideal for prediction. For free-flow conditions, the radial basis kernel function-based GP model performs superior to the other regression and soft computing models with the CC value of 0.9413, RMSE value of 0.0190, WI value of 0.9707, NS value of 0.8806, LMI value of 0.6658, NRMSE value of 0.0305, MAE value of 0.0153, and RMSRE value of 0.0291. Among the regression models, the NLR-based equation outperforms the LR based equation in the training and testing stages.



A comparison of MARS and GMDH (Table 5) suggests that the MARS performs better than the GMDH. Overall, the MARS-based model performs better than the LR-, NLR-, GMDH-, GP_Poly-, and GP_PUK-based models with the CC value of 0.9383, RMSE value of 0.0195, WI value of 0.9691, NS value of 0.8743, LMI value of 0.6531, NRMSE value of 0.0313, MAE value of 0.0158, and RMSRE value of 0.0302. It can be said that the second best model in the prediction of Cd in free-flow conditions is MARS.



Figure 2 and Figure 3 show the agreement and performance plots between measures and predictions of the regression and soft computing models in the test stage. Predicted Cd using GP_RBF almost lies on the ideal line (45° line). Figure 3 illustrates that the predictions using GP_RBF follow the same path with the measured values. Figure 2 and Table 5 confirm that the GP_RBF is the most suitable model for the prediction of Cd values. Two graphical methods were utilized to assess the accuracy of developed models: box plot and Taylor diagram.



Figure 4 depicts the box plots of the models’ outcomes for the testing stage. The minimum and mean value of GP_RBF and actual values are very close to the actual value and lower box width of the actual and GP_RBF-based model is almost the same. It can be said that the GP_RBF is the most suitable model. Figure 5 shows the Taylor diagram for all developed models for free-flow conditions in the testing stage. The points of all developed models are located on nearly the same position except GP_Poly; the GP_RBF (yellow solid circle) is placed nearest to the actual point (hollow black circle) and it confirms that the GP_RBF model is superior to the other implemented models for free-flow condition.




3.2. Submerged Flow


A total of 2136 experimental observations for the submerged flow condition were used for Cd prediction in radial gate. Here, the total data set of submerged flow was randomly separated into two groups: training and testing. Training and testing data sets contain 1495 and 641 observations, respectively. The characteristics of all considered variables are listed in Table 6 for the training and testing data sets under the submerged flow condition.



The developed LR and NLR equations for the submerged flow condition are listed in the Equations (27) and (28), respectively.


  C    d  = 1.33162 − 0.00665  B   y 0    + 0.15760  W   y 0    + 0.02144  h   y 0    − 1.26435    y t     y 0     



(27)






  C    d  = 0.2579      B   y 0        − 0.1016        W   y 0        0.1736        R   y 0        0.1498        h   y 0        0.0582          y t     y 0        − 2.1858    



(28)







Here, also the developed GMDH model includes three hidden layers. Constant and coefficient values of transfer functions are provided in Table 7 for the implemented GMDH.



In MARS development, 30 BFs were chosen in the initial step and 10 BFs were pruned in the following step. Finally, the best MARS with 9 BFs and 18 effective parameters were obtained. The basic MARS form is provided in Equation (29). The final MARS form is given in Table 8. The pruning measure in the training phase of MARS was computed as 0.0004235.


   C d  = 0.2728 +  ∑  M = 1  8   β m  B  F i   x   



(29)







Table 9 compares the accuracy of soft computing and regression methods in predicting Cd values. For submerged flow conditions, the Pearson VII kernel function-based GP model works better than the other regression and soft computing models with the CC value of 0.9961, RMSE value of 0.0132, WI value of 0.9981, NS value of 0.9922, LMI value of 0.9215, NRMSE value of 0.0428, MAE value of 0.0097, and RMSRE value of 0.0920 for the testing stage. Among the regression models, the LR-based equation performs superior to the NLR equation in the training and testing stages. Comparison of MARS and GMDH (Table 9) suggests that the MARS performs superior to the GMDH. Overall, the MARS-based model performs better than the LR, NLR, and GMDH with the CC value of 0.9898, RMSE value of 0.0216, WI value of 0.9949, NS value of 0.9791, LMI value of 0.8648, NRMSE value of 0.0699, MAE value of 0.0168 and RMSRE value of 0.1574 for the testing stage.



Figure 6 and Figure 7 illustrate the scatterplot and time variation plot between measures and predictions of regression and applied soft computing models for submerged condition in the test phase. Cd predictions by the GP_PUK generally concentrate on the ideal line. Figure 6 shows that the Cd predictions of the GP_PUK closely follow the measurements. Figure 6 and Figure 7 and Table 9 confirm the superiority of the GP_PUK in Cd prediction for radial gates in submerged condition.



Figure 8 shows the box plot comparison of the developed models for testing stage. The minimum, maximum, and mean value of GP_PUK, GP_RBF, and target values are very close to each other and widths of the lower and upper box are almost the same. The GP_PUK and GP_RBF are the most suitable models. Figure 9 illustrates the Taylor diagram. The point of the GP_PUK-based model is placed nearest to the actual point and this reveals that the GP_PUK model performs better than the other models for the submerged flow condition.





4. Conclusions


Radial gates are widely used for agricultural water management, flood controlling, etc. The development of usable models and equations for the prediction of their discharge coefficient is essential for these structures. In the current study, results of comprehensive research by Buyalski [13] on the radial gates discharge coefficient were used to train and test classical regression and soft computing-based approaches. The whole effective parameters on the radial gates discharge coefficient such as gate opening height (W), upstream water depth (Y0), tailwater depth (Y0), and trunnion–pin height (h) have been studied by Buyalski [13]. The non-dimension form of the effective parameters was used as inputs to the prediction models.



In the present study, the GP-, MARS-, GMDH-, NLR-, and LR-based models were used in estimating the discharge coefficient of radial gates for both free-flow and submerged flow conditions. In total, 400 and 2136 observations were used for model development and testing for the free-flow submerged flow conditions, respectively. The outcomes suggest that: 1. In the free-flow condition, the GP_RBF based model with the CC value of 0.9413, RMSE value of 0.0190, WI value of 0.9707, NS value of 0.8806, LMI value of 0.6658, NRMSE value of 0.0305, MAE value of 0.0153, and RMSRE value of 0.0291 is the most precise model among the considered models in the test phase, 2. In the submerged flow condition, the GP_PUK model outperforms the other applied models in the testing stage with the CC value of 0.9961, RMSE value of 0.0132, WI value of 0.9981, NS value of 0.9922, LMI value of 0.9215, NRMSE value of 0.0428, MAE value of 0.0097, and RMSRE value of 0.0920. For both free and submerged flow conditions, GP–PUK and GP–RBF perform superior to the other applied models in discharge coefficient prediction. MARS follows the GP models accuracy and it outperforms the GMDH models in both training and testing phases. Comparison of LR and NLR reveals that the NLR works better than the LR in the prediction of the discharge coefficient in free-flow condition whereas in submerged condition, the LR model is superior to the NLR-based model. Overall, the GP based models are performing superior to the other applied models in discharge coefficient prediction for free-flow and submerged conditions. The GP provides a universal and practical approach in learning using kernel machines. This method has advantages to other empirical methods due to its solid statistical learning foundation with Gaussian Processes. Thus, interpretability of model predictions and flexibility in model selection and model setting are possible in this method.



The existence methods reported by previous studies for the prediction of discharge coefficient in radial gates are based on some assumptions. Additionally, some of previous studies have developed complex algorithms and complex graphs to extract Cd for radial gates. The current study presented new simple and accurate models that can be used in radial gates design. To strengthen this study, more experimental data could be used in testing the GP method. In future studies, the GP models could be compared with other soft computing–based regression methods such as random forest, model tree, and genetic programming.



The presented study indicated the usefulness of the GP regression method for predicting the discharge coefficient which is essential in water resource management (WRM) such as flood controlling. Recently, use of MODIS data in WRM issues has been common and satellite data have enough quality with the advanced technology. For future work, MODIS data could be merged with the developed soft computing–based models in order to improve their accuracy in predicting the discharge coefficient which is essential for controlling water by providing beneficial information to decision makers and managers.
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Figure 1. Longitudinal cross-section of studied radial gate for (a) free-flow condition and (b) submerged flow condition. 
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Figure 2. Agreement plot between measured and predicted Cd in free-flow condition using various regression and soft computing models in the test phase. 
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Figure 3. Performance plot between measured and predicted Cd in free-flow condition by various regression and soft computing models in the test phase. 
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Figure 4. Box plot of the actual Cd and models’ predictions in the testing stage. 
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Figure 5. Taylor diagram of the actual Cd and models’ predictions for free-flow condition in the testing stage. 
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Figure 6. Agreement plot between measured and predicted Cd in submerged flow by the regression and soft computing techniques in the test phase. 
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Figure 7. Performance plot between measurements and Cd predictions in submerged flow by the regression and soft computing methods in the test phase. 
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Figure 8. Box plot of actual and applied models for submerged condition using testing stage. 






Figure 8. Box plot of actual and applied models for submerged condition using testing stage.



[image: Sustainability 14 15145 g008]







[image: Sustainability 14 15145 g009] 





Figure 9. Taylor diagram for actual and applied models using testing stage for submerged flow condition. 
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Table 1. Studied parameters by Buyalski [13].
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	Dimensionless Parameter
	Free-Flow Condition
	Submerged Flow Condition





	B/Y0
	0.97–5.60
	0.96–12.27



	YT/Y0
	-
	0.42–0.99



	W/Y0
	0.05–0.79
	0.05–0.96



	R/Y0
	0.96–5.53
	0.95–12.11



	h/Y0
	0.56–3.63
	0.55–7.96










 





Table 2. Statistics of the training and testing data set for the prediction of discharge coefficients (Cd) for free-flow condition.
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Parameters

	
Minimum

	
Maximum

	
1st Quartile

	
Mean

	
3rd Quartile

	
Standard Deviation

	
Confidence Level (95.0%)




	
Training Data Set






	
B/Y0

	
0.9790

	
4.9013

	
1.2069

	
1.7646

	
2.1161

	
0.7273

	
0.0883




	
W/Y0

	
0.0550

	
0.7537

	
0.1236

	
0.2638

	
0.3713

	
0.1753

	
0.0213




	
R/y0

	
0.9660

	
4.8361

	
1.1909

	
1.7412

	
2.0880

	
0.7176

	
0.0871




	
h/y0

	
0.5632

	
3.5231

	
0.7796

	
1.1370

	
1.3282

	
0.4997

	
0.0607




	
Cd

	
0.5041

	
0.7736

	
0.5747

	
0.6243

	
0.6724

	
0.0653

	
0.0079




	

	
Testing data set




	
B/Y0

	
0.9749

	
4.6382

	
1.2215

	
1.8634

	
2.1345

	
0.8339

	
0.1409




	
W/Y0

	
0.0585

	
0.7619

	
0.1397

	
0.2562

	
0.3380

	
0.1539

	
0.0260




	
R/y0

	
0.9620

	
4.5765

	
1.2052

	
1.8386

	
2.1061

	
0.8228

	
0.1390




	
h/y0

	
0.5653

	
2.8280

	
0.7917

	
1.1986

	
1.4960

	
0.5295

	
0.0895




	
Cd

	
0.5091

	
0.7742

	
0.5786

	
0.6237

	
0.6648

	
0.0553

	
0.0093











 





Table 3. The transfer function parameters calculated for the GMDH.






Table 3. The transfer function parameters calculated for the GMDH.





	
Layer

	
Neuron

	
ao

	
a1

	
a2

	
a3

	
a4

	
a5






	
1

	
1

	
0.7023

	
−0.6558

	
0.0630

	
0.4759

	
−0.0090

	
−0.0317




	
2

	
0.7120

	
−0.6502

	
0.0313

	
0.4435

	
−0.0029

	
−0.0091




	
3

	
0.7120

	
0.0309

	
−0.6502

	
−0.0028

	
0.4435

	
−0.0090




	
2

	
1

	
0.1301

	
−4.6648

	
5.2439

	
63.6987

	
53.2292

	
−116.5932




	
2

	
0.1301

	
−4.6648

	
5.2439

	
63.6987

	
53.2292

	
−116.5932




	
3

	
1

	
0.0266

	
0.4563

	
0.4563

	
0.0237

	
0.0237

	
0.0237











 





Table 4. Basic functions and their coefficients of the MARS model.
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	Basic Function
	     β m     





	BF1 = max(0, W/y0 − 0.2996)
	−0.2161



	BF2 = max(0, 0.2996 − W/y0)
	0.5583



	BF3 = max(0, h/y0 − 0.9888)
	0.0551



	BF4 = max(0, 0.9888 − h/y0)
	−0.1547



	BF5 = max(0, R/y0 − 1.625)
	−0.0241



	BF6 = max(0, 1.625 − R/y0)
	0.0570










 





Table 5. Comparison of performance evaluation indices of Cd in free-flow condition.
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Approach

	
CC

	
RMSE

	
WI

	
NS

	
LMI

	
NRMSE

	
MAE

	
RMSRE






	

	
Training data set




	
LR

	
0.9124

	
0.0267

	
0.9522

	
0.8325

	
0.6235

	
0.0427

	
0.0207

	
0.0412




	
NLR

	
0.9389

	
0.0224

	
0.9640

	
0.8815

	
0.6780

	
0.0359

	
0.0177

	
0.0337




	
GMDH

	
0.9464

	
0.0211

	
0.9699

	
0.8956

	
0.7104

	
0.0337

	
0.0159

	
0.0309




	
MARS

	
0.9459

	
0.0212

	
0.9701

	
0.8947

	
0.7047

	
0.0339

	
0.0163

	
0.0313




	
GP_PUK

	
0.9566

	
0.0190

	
0.9764

	
0.9151

	
0.7369

	
0.0304

	
0.0145

	
0.0279




	
GP_RBF

	
0.9514

	
0.0201

	
0.9737

	
0.9052

	
0.7204

	
0.0321

	
0.0154

	
0.0295




	
GP_Poly

	
0.8167

	
0.0430

	
0.8346

	
0.5656

	
0.4199

	
0.0688

	
0.0319

	
0.0627




	

	
Testing data set




	
LR

	
0.9146

	
0.0227

	
0.9530

	
0.8302

	
0.5981

	
0.0364

	
0.0183

	
0.0366




	
NLR

	
0.9330

	
0.0201

	
0.9630

	
0.8674

	
0.6461

	
0.0322

	
0.0162

	
0.0310




	
GMDH

	
0.9355

	
0.0201

	
0.9663

	
0.8670

	
0.6409

	
0.0322

	
0.0164

	
0.0307




	
MARS

	
0.9383

	
0.0195

	
0.9691

	
0.8743

	
0.6531

	
0.0313

	
0.0158

	
0.0302




	
GP_PUK

	
0.9351

	
0.0201

	
0.9674

	
0.8666

	
0.6368

	
0.0323

	
0.0166

	
0.0309




	
GP_RBF

	
0.9413

	
0.0190

	
0.9707

	
0.8806

	
0.6658

	
0.0305

	
0.0153

	
0.0291




	
GP_Poly

	
0.7866

	
0.0370

	
0.8408

	
0.5477

	
0.3879

	
0.0594

	
0.0279

	
0.0556











 





Table 6. Statistics of the training and testing data set for the prediction of discharge coefficients (Cd) in submerged flow condition.






Table 6. Statistics of the training and testing data set for the prediction of discharge coefficients (Cd) in submerged flow condition.





	
Parameter

	
Minimum

	
Maximum

	
1st Quartile

	
Mean

	
3rd Quartile

	
Standard Deviation

	
Confidence Level (95.0%)






	

	
Training data set




	
B/Y0

	
0.9680

	
12.0258

	
1.1481

	
1.7627

	
1.9345

	
1.1044

	
0.0560




	
W/Y0

	
0.0552

	
0.9695

	
0.1507

	
0.3504

	
0.5093

	
0.2339

	
0.0119




	
R/Y0

	
0.9552

	
11.8660

	
1.1329

	
1.7393

	
1.9088

	
1.0897

	
0.0553




	
h/Y0

	
0.5594

	
7.7990

	
0.7409

	
1.1345

	
1.2180

	
0.7197

	
0.0365




	
YT/Y0

	
0.4275

	
0.9996

	
0.7867

	
0.8570

	
0.9617

	
0.1261

	
0.0064




	
Cd

	
0.0251

	
0.7051

	
0.1981

	
0.3159

	
0.4205

	
0.1526

	
0.0077




	
Statistic

	
Testing data set




	
B/Y0

	
0.9664

	
12.2789

	
1.1380

	
1.7693

	
1.8099

	
1.3075

	
0.1014




	
W/Y0

	
0.0555

	
0.9616

	
0.1396

	
0.3648

	
0.5606

	
0.2567

	
0.0199




	
R/Y0

	
0.9536

	
12.1158

	
1.1229

	
1.7458

	
1.7859

	
1.2901

	
0.1001




	
h/Y0

	
0.5559

	
7.9632

	
0.7244

	
1.1377

	
1.1996

	
0.8471

	
0.0657




	
YT/Y0

	
0.4286

	
0.9995

	
0.7869

	
0.8606

	
0.9701

	
0.1273

	
0.0099




	
Cd

	
0.0270

	
0.6981

	
0.1799

	
0.3084

	
0.4170

	
0.1494

	
0.0116











 





Table 7. Results of adjusted transfer function parameters for the GMDH.






Table 7. Results of adjusted transfer function parameters for the GMDH.





	
Layer

	
Neuron

	
a0

	
a1

	
a2

	
a3

	
a4

	
a5






	
1

	
1

	
0.5969

	
1.7722

	
0.2749

	
0.1626

	
−0.7766

	
−1.8519




	
2

	
0.1933

	
0.1554

	
1.4359

	
−0.0055

	
−1.5378

	
−0.1230




	
3

	
0.1981

	
0.0963

	
1.4342

	
−0.0024

	
−1.5424

	
−0.0741




	
4

	
0.1981

	
0.0950

	
1.4342

	
−0.0024

	
−1.5424

	
−0.0732




	
2

	
1

	
−0.0308

	
1.0966

	
0.1008

	
1.2283

	
1.6562

	
−3.1639




	
2

	
−0.0316

	
1.0824

	
0.1241

	
0.9880

	
1.3131

	
−2.5935




	
3

	
−0.0316

	
1.0824

	
0.1241

	
0.9880

	
1.3131

	
−2.5935




	
3

	
1

	
−0.0064

	
−0.7012

	
1.7516

	
−2063.1335

	
−2081.4214

	
4144.4966











 





Table 8. The BFs and corresponding coefficients of MARS.






Table 8. The BFs and corresponding coefficients of MARS.





	Basic Function
	     β m     





	BF1 = max(0, yt/y0 − 0.9271)
	−2.78196959464236



	BF2 = max(0, 0.9271 − yt/y0)
	2.03241150576967



	BF3 = max(0, W/y0 − 0.2049)
	0.163132747213625



	BF4 = max(0, 0.2049 − W/y0)
	0.090981041405797



	BF5 = BF2 * max(0, W/ y0 − 0.7420)
	−7.66186487613147



	BF6 = BF2 * max(0, 0.7420 − W/y0)
	−1.71002302257756



	BF7 = max(0, h/y0 − 2.1801)
	−0.0199335011722686



	BF8 = max(0, 2.1801 − h/y0)
	−0.0332515265988201










 





Table 9. Comparison of performance evaluation indices of the implemented models for submerged flow condition.
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Approach

	
CC

	
RMSE

	
WI

	
NS

	
LMI

	
NRMSE

	
MAE

	
RMSRE






	

	
Training data set




	
LR

	
0.9486

	
0.0483

	
0.9729

	
0.8998

	
0.6700

	
0.1528

	
0.0378

	
0.4669




	
NLR

	
0.8639

	
0.0776

	
0.9129

	
0.7410

	
0.4493

	
0.2457

	
0.0630

	
0.8666




	
GMDH

	
0.9852

	
0.0262

	
0.9901

	
0.9705

	
0.8274

	
0.0829

	
0.0198

	
0.2166




	
MARS

	
0.9911

	
0.0203

	
0.9955

	
0.9823

	
0.8662

	
0.0642

	
0.0153

	
0.1648




	
GP_PUK

	
0.9971

	
0.0116

	
0.9985

	
0.9942

	
0.9256

	
0.0367

	
0.0085

	
0.0900




	
GP_RBF

	
0.9944

	
0.0161

	
0.9972

	
0.9889

	
0.8921

	
0.0510

	
0.0124

	
0.1702




	
GP_Poly

	
0.9040

	
0.1210

	
0.7113

	
0.3705

	
0.2169

	
0.3831

	
0.0897

	
0.4717




	

	
Testing data set




	
LR

	
0.9489

	
0.0475

	
0.9732

	
0.8989

	
0.6994

	
0.1539

	
0.0373

	
0.4319




	
NLR

	
0.8588

	
0.0775

	
0.9110

	
0.7306

	
0.4898

	
0.2513

	
0.0633

	
0.8268




	
GMDH

	
0.9836

	
0.0275

	
0.9888

	
0.9660

	
0.8339

	
0.0893

	
0.0206

	
0.2099




	
MARS

	
0.9898

	
0.0216

	
0.9949

	
0.9791

	
0.8648

	
0.0699

	
0.0168

	
0.1574




	
GP_PUK

	
0.9961

	
0.0132

	
0.9981

	
0.9922

	
0.9215

	
0.0428

	
0.0097

	
0.0920




	
GP_RBF

	
0.9936

	
0.0170

	
0.9968

	
0.9871

	
0.8970

	
0.0551

	
0.0128

	
0.1651




	
GP_Poly

	
0.7554

	
0.1216

	
0.7103

	
0.3365

	
0.3024

	
0.3944

	
0.0866

	
0.4576
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