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Introduction

Side weirs are used to control the water level, flow deviations and drain the excess discharge in
irrigation networks, sewer systems, and flood control systems. Considering that it is not possible to
increase the length of side weirs to increase their capacity, other types of weirs may be used to
overcome this problem. Therefore, incorporating weirs that are associated with a higher length of the
same width can be helpful. Accordingly, non-linear piano-key weirs may be used side weirs.
Numerical methods can be used to estimate the discharge coefficient of piano-key weirs. Bilhan et al.
(2011) used an ANN to estimate the discharge coefficient in a curved canal with a labyrinth weir.
Ebtehaj et al. (2015) used the GEP model to estimate the coefficient of discharge in a straight canal.
Parsaei (2016) studied the accuracy of the ANN in estimating the coefficient of discharge in a sharp-
crested rectangular ogee weir and found the ANN to offer an acceptable accuracy. None of the
previous studies have addressed the efficiency of intelligent models in estimating the discharge
coefficient of ogee-shaped piano-key weirs. Therefore, this study aims to obtain the discharge
coefficient of the piano-key weirs using RBF, ANFIS, and ANN models.

Materials and methods

In this study, the RBF, ANFIS, and ANN models have been used to simulate and estimate the
discharge coefficient of the side piano-key weir. To do this, RBF and ANFIS models were
programmed by MATLAB and the neural network toolbox in the same software used for the ANN
method. A 120° sector of an experimental side type-B piano-key weir was used to generate
experimental data. Figure (1) illustrates a schematic view of the experimental type-B piano-key weir.
The input parameters of the discharge coefficient are shown in Eq. (1).
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Where; C, represents the discharge coefficient of the weir, b is the canal width, h, is the depth of
flow at the upstream edge of the weir, L is the length of the weir aperture, r_ is the canal radius from

the central axis of the canal, P is the total height of the canal, p, is the base of the weir, B represents
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the length of the weir along the flow, and F; is the Froude number. The different types of studied
piano-key weirs in this research have been illustrated in Table (1).
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Fig. 1. A schematic view of the piano-key weir

Table 1- The models of the PKWSs used in the research

TYPE L Wi P | Pd
Model 1 0.35 0.0845 0.14 1.75 0
Model 2 0.35 0.0845 0.17 1.75 0.03
Model 3 0.35 0.0845 0.21 1.75 0.07
Model 4 0.35 0.0845 0.24 1.75 0.1
Model 5 0.25 0.0605 0.11 1.25 0
Model 6 0.25 0.0605 0.14 1.25 0.03
Model 7 0.25 0.0605 0.18 1.25 0.07
Model 8 0.25 0.0605 0.21 1.25 0.1
Model 9 0.15 0.0345 0.06 0.75 0

Model 10 0.15 0.0345 0.09 0.75 0.03
Model 11 0.15 0.0345 0.013 0.75 0.07
Model 12 0.15 0.0345 0.16 0.75 0.1

Results and Discussion

The models were programmed in MATLAB. 70 percent of the data was used for training and 30
percent for testing in all three studied models. Also, the discharge coefficient of the type-B piano-key
weirs was obtained experimentally. The findings suggest that the RBF model is in good agreement
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with the experimental model as it is associated with RMSE=0.046 and R?=0.962 during training, and
RMSE=0.044 and R2=0.97 in the testing phase. The ANFIS model was optimized with an iterative
algorithm and its error was reduced to the point where the model was associated with RMSE=0.016
and R?=0.99 during training, and RMSE=0.0529 and R?=0.981 in the testing phase. Moreover, the
optimal number of neurons in the network yielding the lowest error was found to be twelve. Given
that the discharge coefficient of the type-B piano-key weir was calculated using ANFIS, RBF, and
ANN models, and compared to experimental data, it is essential to compare and evaluate these
methods. By evaluating the three models using Table (2), it was found that the RBF and ANFIS
models have an acceptable capacity for estimating the discharge coefficient of the piano-key weir in
the curve.

Table 2- Statistical comparison of the studied models

Model RMSE R?
ANN 0.069 0.82
ANFIS 0.052 0.98
RBF 0.044 0.97

Conclusion

In this study, the discharge coefficient of the side piano-key weir was calculated using RBF,
ANFIS and ANN models. In this regard, an experimental type-B piano-key weir was used to gather
the data required for calculating the discharge coefficient. A total of 156 experiments were carried
out in this study. The RBF and ANFIS models were programmed using MATLAB. Considering the
results from the three studied models, it was found that RBF and ANFIS models are superior in
estimating the discharge coefficient based on experimental data. The RBF model was the most
accurate among the three studied models. Finally, it was concluded that the RBF model is a more
appropriate model to estimate the discharge coefficient of the side piano-key weirs.
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Table 1- The range of variables used in the canal

Variable Value Unit Sign
Canal width 0.5 m b
Bottom slope 0.001 - S
Inlet discharge upstream
of the main canal 6-41 LIT/S Q
The width of the gap 0.15-0.25-0.35 m L
Radius of main channel 2.25 m 2.25
centreline
discharge over side weir 3-30 LIT/S Qw
Angle 120 - o
PR G 3w S -T o
Table 1- Piano key weir models
Weir [ P Wi= Wo L Pd
1 1.75 0.14 0.0845 0.35 0
2 1.75 0.17 0.0845 0.35 0.03
3 1.75 0.21 0.0845 0.35 0.07
4 1.75 0.24 0.0845 0.35 0.01
5 1.25 0.11 0.0605 0.25 0
6 1.25 0.14 0.0605 0.25 0.03
7 1.25 0.18 0.0605 0.25 0.07
8 1.25 0.21 0.0605 0.25 0.1
9 0.75 0.06 0.0345 0.15 0
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Table 3- Number of models for RBF in this research
model neuron spread RMSE R
S
1 12 0.1 0.15 0.78
2 30 0.1 0.092 0.93
3 12 0.5 0.074 0.93
4 20 0.5 0.053 0.97
5 10 1 0.057 0.96
6 20 1 0.049 0.98
7 30 1 0.071 0.97
8 20 2 0.044 0.98
9 10 2 0.047 0.98
10 20 3 0.049 0.98
11 10 3 0.062 0.97
12 10 5 0.057 0.98
13 20 5 0.051 0.98
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Table 4- Models for ANFIS
Model Number of Membership R RMSE
Membership functions functions
2-2-2-2-2 Gaussian 0.81 0.16
2 3-3-3-3-3 Gaussian 0.99 0.052
3 2-3-3-3-3 Gaussian 0.85 0.11
4 3-3-2-2-2 Gaussian 0.91 0.087
5 2-3-3-3-3 Gaussian 0.93 0.07
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Table 5- Predicting with ANN

Train Train Validation Validatio Test Test
n
Number of R MSE MSE R MSE
nerun
12 0.998 0.000164 0.000594 0.914 0.00483
Al 3590 SB Mo U319
Table 6- Comparison of the studied Models
ANN ANFIS RBF
Test Train Train Test Train
RMSE 0.0694 0.0121 0.0529 0.016 0.044 0.046
R2 0.82 0.981 0.981 0.99 0.974 0.962
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