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Extended Abstract

Introduction

In the structure of the dams, spillways are
constructed to discharge the water excess to
the reservoir capacity. In free overfall
spillways, waterfalls over the crown of the
spillway almost vertically and impacts the
downstream bed of the dams. Due to the high
velocity and energy of the flow which
impacts the erodible downstream bed, it
may cause scouring close to the foundation
of the dam and consequently threaten the
stability of the dam. Thus, an accurate
estimation of the scour depth is one of the
important topics in hydraulic engineering.
Although the physical-based numerical
technique is widely used for temporal
and/or spatial modeling of systems, some
real-world conditions can have meaningful
impacts on the modeling of scour depth of
slope control structures with sharp-crested
weir and restrict the use of such methods. As
a result, these methods may be replaced by
other techniques. In the situation where
there is no sufficient field data and output
accuracy is preferred over the perception of
phenomena, a data-driven or black-box
model can be properly subsided. Several
studies have been performed to examine the
susceptibility of artificial intelligence (AI)
models for hydraulic modeling. Artificial
neural networks (ANNs) as a black-box tool
are the most popular and widely applied
models in many practical applications. The
feed-forward neural network (FFNN) as an
ANN model has been broadly employed in
the field of hydro-environment as a temporal
forecasting technique. Three-layer FFNN
with an input layer, an output layer and the
hidden layer calibrated using the back-
propagation algorithm is adequate for
nonlinear temporal hydro-environmental
molding. The ANFIS as a universal function
approximator has been applied in various
practical applications. The ANFIS integrates
both neural networks and fuzzy principles in
a single framework of a hybrid artificial
intelligent technique by catching the
benefits of their best features. Mamdani-
Assilian and Takagi-Sugeno are two
techniques that have led to the wide use and
the success of fuzzy inference systems. The

support-vector network is a new leaming
machine for two-group classification
problems. The machine conceptually
implements the following idea: input vectors
are non-linearly mapped to a very high
dimensional feature space. In this feature
space, a linear decision surface is
constructed. Special properties of the
decision surface ensure the high
generalization ability of the learning
machine. The idea behind the support-
vector network was previously
implemented for the restricted case where
the training data can be separated without
errors.

Materials and Methods

In this study, artificial intelligence methods
were used to estimate the scour depth of
slope control structures with sharp-crested
weir due to the complexity of the
phenomenon. Three models including
neural network, adaptive fuzzy neural
system, and support vector machine (SVM)
were used as artificial intelligence or black-
box model to solve the problem. 225 data
were used in order to simulate scour depth
of slope control structures with sharp-
crested weir. In the present study, about
70% of collected data were used for the
calibration and the remaining for the
validation of the artificial intelligence
models. The performance of the Al model is
evaluated based on some efficiency criteria
in both calibration and verification steps.
Some common efficiency criteria employed
in hydro-environmental problems are as
correlation coefficient (R); root means
square error (RMSE); standard error of
estimates SEE); coefficient of determination
(R2); mean absolute error (MAE). Two
evaluation criteria employed in the present
study are root mean square error and
coefficient of determination.

Findings

The results of modeling of the downstream
scour depth of slope control structures with
sharp-crested  weir  using  artificial
intelligence models show that the efficiency
of the neural network, adaptive neural-fuzzy
system, and support machine vector
methods are appropriated in predicting
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scour depth. This can be a result of the
nonlinearity and complexity of the nature of
the phenomenon. The results showed that
artificial intelligence methods are more
efficient than conventional experimental
methods in estimating the depth of
downstream scours of slope control
structures with sharp-crested weir.

Discussion

Using more parameters in the input of
artificial intelligence models does not
increase the accuracy of these models. It is
because of increasing errors as a result of
using more parameters in these models. So,
input parameters should be chosen
carefully. In estimating the downstream
scour depth of slope control structures with
the sharp-crested weir in both calibration
and validation stages, an adaptive fuzzy
neural system model is up to 20% more
reliable than the artificial neural network
model and up to 8.5% than the support
vector machine model. This may be due to
the efficiency of the fuzzy concept to
overcome the uncertainties of the
phenomenon.

Conclusion

The uncertainty and complexity of the
hydraulic process have caused data-driven
models such as artificial neural networks,
adaptive neuro-fuzzy inference systems, and
support vector machines to be used in
estimating the scour depth of slope control
structures with sharp-crested weir. The
result of the adaptive fuzzy neural system
model was more reliable than artificial
neural network and support vector machine
models in both calibration and validation
stages due to the capability of fuzzy system
theory to handle the uncertainties of the
hydraulic process.
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