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Estimation of flow energy loss in gabion spillways can be effective in
managing erosion downstream of structures, flood control, and riverbed
stabilization. Therefore, in this research, using two soft computing models
evolutionary polynomial regression (EPR) and multivariate adaptive
regression spline (MARS), the amount of energy loss in these spillways
was estimated. About 75% of the 74 laboratory data samples were used for
training and the remaining 25% were used for testing the models. The
dimensionless parameters of Froude number (Fr), spillway slope (S),
gabion number (GN), and porosity (n) were used as input parameters. The
results showed that the MARS model predicted the energy loss values by
root mean square error (RMSE), mean absolute percentage error (MAPE),
and correlation coefficient (CC) of 0.05, 0.017, and 0.99, respectively,
which has better performance than the EPR model has. The results of the
Taylor diagram also showed that the performance of MARS and EPR are
satisfying, and their accuracy is very close to each other. The regression
equation by the EPR model was more complex than the regression equation
by the MARS model. According to the obtained results, the use of the two
soft computing models in estimating energy loss in spillways is
recommended.

© Authors, Published by Environment and Water Engineering journal. This is an open-access
article distributed under the CC BY (license http://creativecommons.org/licenses/by/4.0/).
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Introduction

structure, energy loss, and drainage, are suitable
for the construction of spillways. Among the

In order to pass the flow of water and control and
regulate the flow rate, hydraulic structures called
spillways are used. Also, the use of materials
such as stone and gravel due to their properties
such as high density, surface roughness, and
porosity, which increase the stability of the
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hydraulic structures made with these materials,
gabion weirs are very practical, which, of course,
are also used in other cases such as small dams,
diversion dams, and protective structures in
rivers and docks. Step weirs have always been
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considered for their ability to depreciate energy.
Most of the research on stepped weirs has been
on weirs with a smooth and often concrete
surface, and weirs made with gabions have been
investigated less. The general studies on gabion
spillways have been experimental. In the last
decade, the use of optimization methods in
artificial intelligence has become popular. But
these methods have rarely been used in
investigations related to gabion spillway.
Therefore, in this research, two soft computing
models, multivariate adaptive regression splines
(MARS) and evolutionary polynomial regression
(EPR) have been used to estimate the energy loss
in  gabion  spillways. Investigating the
performance of artificial intelligence methods to
find the maximum specific energy passing
through the gabion spillway and the effect of the
geometric and hydraulic parameters of the
gabion spillway on energy loss are the main
goals of current research. Finally, according to
the results and error evaluation criteria, the most
suitable model was selected from the two types
of models used.

Material and Methods

In this research, in order to predict energy loss in
gabion spillways using soft computing models,
dimensional analysis was done by Buckingham
theorem at first. Next, Froude number (Fr),
spillway slope (S), gabion number (GN), and
porosity (n) parameters were selected as
dimensionless parameters. Two soft computing
models EPR and MARS were chosen to estimate
the amount of energy loss in gabion spillways.
About 75% of the experimental data obtained by
Khatibi et al. (2014) were used for training the
models and 25% of the rest were used for testing
the models. Finally, to obtain the calculation
error of each model, the root means square error
(RMSE), mean absolute percentage error
(MAPE), and correlation coefficient (CC) were
used.

Results

Fig. 1 shows the experimental values against
the predicted values of the models. As it is
shown, RMSE and CC in MARS and EPR
models have the lowest and highest values
among the models, respectively. Due to the
small number of test data compared to the
training data, it is normal that the error
values of the test part are higher than that of
the training part. The data dispersion for both
parts is similar. In none of the models, the
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positions of the points are outside the lines
y=0.75x and y=1.25x, which shows that the
estimated and observed values are close to
each other and around the y=x. The scatter
plots and existing error evaluation criteria
showed that the results of MARS (Fig. 1 a)

and EPR (Fig. 1 b) models indicated
relatively the same performance.
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Fig. 1 Values of observational and predicted energy
loss in testing stage: a) MARS model, b) EPR model

Fig. 2 shows the predicted and observed data for
the total data. First of all, it is clear that all the
models have correctly recognized the trend of
changes in the values of 1/1-K. The MARS
model has always estimated the values within the
limit of 0.6 to -1 less or more than the actual
state that happened in a particular data sample. In
most of the data samples, the difference between
the observed and estimated values by this model
was very small and in the range of 0.1 and -0.1.
In the EPR model, the estimated values were
similar to the MARS model. The highest amount
of error was made with a difference between -0.5
and 1. This difference in other models is opposite
to MARS model. The mean value of error (MSE)
and standard deviation (St.D) given by MARS
model are 0.0034 and 0.2, respectively, while it
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is slightly different from the EPR model. In the
EPR model, the MSE and St.D values are equal
to 0.03 and O 17, respectively, which shows that

the EPR model performed slightly better than
MARS in estimating the energy loss.

! T

1/(1-K)

N

U\/\u fwu/\ L

L4 T T
— Coservaton

1

'

0 10

MSE = 0.039347, RMSE = 0.19836

30
Datasets

50 60 70 80

s Error Mean = -0,0079913, Error St.D. = 0.19955

15

0s
) (a)
10
05
A 5
15 0
0 20 £ () &0 A5 1 05 0 0s 1
8 T T
(EPR) — COservalion
—— EPR
6— .
3
ér R
=z
2k 4

0 10
Datasets

MSE = 0.028838, RMSE = 0,16982

;w

-1

0 2 <0 L] LY

(b)

‘0 &0

" Emror Mean = -0.0061063, Error St.D. = 0.17087

0
-1 05 0 0s 1

Fig. 2 Values of observational and predicted energy loss by soft computing models for whole datasets in training
and testing stages: a) MARS model, b) EPR model

Conclusions

1. MARS model was the most suitable model for
predicting energy loss in the gabion spillway. In
this model, the values of RMSE, CC, MAPE, and
Sl for the test data were 0.054, 0.99, 0.017, and
0.04, respectively.

2. Relation given by EPR had the most complex
expression compared to MARS and ANN.

3. The prediction accuracy of MARS and EPR
models was better than GEP and ANN models
reported by Khatibi et al. (2014).
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4. In the Taylor chart, the highest correlation
coefficient was for the MARS model, which was
equal to 0.99. Also, the lowest RMSE value was
for the MARS model, which was about 0.056 in
the training data.

Data Availability

The data of this research is available in the
following paper: DOl:
https://doi.org/10.1007/s11269-014-0545-y
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Fig 1. Values of observational and predicted energy loss in testing stage: a) MARS model, b) EPR model
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