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In this research work, two machine learning models including Least Squares
Support Vector Machines (LS-SVR) and Adaptive Neuro-Fuzzy Inference
System (ANFIS) were used to predict the scour depth around the bridge piers.
For this purpose, 240 data series including pier geometry, flow condition,
sediment characteristics, and some dimensional parameters were used.
Dimensional and no dimensional parameters were considered. The
performance of the models was evaluated using root mean square error
(RMSE), mean absolute percentage error (MAPE), and Nash—Sutcliffe
efficiency (NSE) criteria. The results showed that in both models, the use of
dimensional parameters for prediction leads to high prediction accuracy. The
comparison between the models also showed that the LS-SVR algorithm with
the criteria RMSE=46.84, MAPE=38.03, NSE=0.62 for the test data of the
first model and RMSE=28.62, MAPE=38.97, NSE=0.67 for the test data
results of the second pattern are more accurate than the ANFIS algorithm. This
research indicates that machine-learning models are a suitable alternative to
empirical models in predicting scour depth of bridge piers.
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Introduction

The existence of structures with inappropriate
dimensions inevitably increases the rate of the
scouring process around the bridge piers and the
flow area. The scour depth around the bridge pier
plays a crucial role in the safety and operation of
bridges as one of the transportation
infrastructures. The construction of a bridge over
a river changes the flow pattern. So far, several
methods have been proposed to predict scour
depth. The application of empirical methods is the
most common method of calculating the scour
depth. Empirical methods are not accurate enough
to predict the dimensions of the scour hole.
Because these methods do not take into account
the effect of all effective parameters on the scour
phenomenon. Therefore, the main objective of
this research is to predict scour depth using the
LS-SVR model, which can be used as an
alternative to empirical methods. For this purpose,
laboratory data were used. Since a wide range of
dimensional and dimensionless parameters are
effective in estimating scour depth, in this
research, two methods were considered in
different input patterns. In the first input pattern,
dimensionless parameters and in the second
pattern, dimensional parameters were used and the
results were compared.

Material and Methods

To predict the scour depth around the bridge piers
using machine-learning models, the data used by
previous researchers were used. The statistical
analysis of the applied data set is given in Table 1.
In Table 1, D is the diameter of the bridge pier, U
is the flow velocity, Uc is the sediment critical
velocity, L is the length of the pier, Y is the depth
of the flow, and d50 is the sediment grain size, of
which 50% of the bed material is finer by weight.
According to Table 1, the maximum and
minimum equivalent scour depths are 440 and 10
mm, respectively.

Table 1 Statistical characteristics of the used

parameters

Parameters Max Min Average St.D
dse (mm) 440 10 127.09 75.3
dso (mm) 7.8 0.24 1.6 1.42

D (m) 1000 10 148.46 160.77
U (m/s) 12.546  0.17 0.53 0.86
Uc (m/s) 1.88 0.194 0.59 0.413
Y (mm) 600 0.15 173.9 127.75
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According to the materials and methods, first, the
data were analyzed for homogeneity. Then the
data were used for modeling through two different
patterns. In the first pattern, dimensionless
parameters including shields number, critical
shields number, the ratio of flow depth to average
particle size, the ratio of washing water depth to
average depth, and the ratio of flow velocity to
critical flow velocity were considered. In the
second pattern, dimensional parameters including
bridge pier diameter, flow velocity, sediment
critical velocity, flow depth, and average particle
size were considered. In both cases, the output
parameter of scouring depth is in mm. About 70%
of the data was considered for training the models,
and 30% of the data was considered for testing the
models. Both patterns were implemented by two
machine learning models, LS-SVR and ANFIS.
At first, the models were validated using the
training data. Statistical tests were used to check
the accuracy of the models. The process of
training and testing the models continued until the
desired results were achieved. The estimation of
the scour depth was achieved while the results of
both sets of data (training and test) were
acceptable using error evaluation criteria.

Results

The primary results by two machine-learning
models, LS-SVR and ANFIS were evaluated
using error evaluation criteria for both cases. The
results are presented in Table 2. According to this
table, it is clear that the performance of the second
pattern in estimating scour depth is better than the
first pattern. In addition, the results show that the
performance of the LSSVR model is better than
ANFIS. Moreover, for the dimensionless pattern
using the LSSVR model, the error evaluation
criteria of MAPE, RMSE, and NSE in the test data
are 38.03 mm, 46.84 mm, and 0.62 mm,
respectively. While these values for the ANFIS
model are 50.38 mm, 61.89 mm, and 0.29 mm,
respectively. For dimensional pattern using the
LSSVR model, the error evaluation criteria of
MAPE, RMSE, and NSE in the test data are 38.97
mm, 28.62 mm, and 0.67 mm, respectively, which
is more accurate than the first pattern. Therefore,
it can be concluded that the dimensional pattern
has Dbetter estimation accuracy than the
dimensionless pattern. Moreover, the
performance of the LS-SVR model has better
estimation accuracy than the ANFIS model.
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Table 2 Error evaluation criteria for training and test data

Input Pattern ~ Model MAPE RMSE NSE
Parameters Training Test Training Test Training Test
Dimensionless LS-SVR 25.71 38.03 34.65 46.84 0.79 0.62
ANFIS 36.9 50.38 52.38 61.89 0.52 0.29
Dimensional LS-SVR 20.21 38.97 32.65 28.62 0.81 0.67
ANFIS 32.13 38.72 43.44 49.45 0.66 0.47

The comparison of the performance of two models
was done using Taylor's diagram (Fig. 1). For both
applied models, the correlation coefficient
between all the data is between 0.8 - 0.9. This
value is slightly higher for the LS-SVR model
than the ANFIS model. Therefore, in this pattern,
the LS-SVR model is more accurate than the
ANFIS model in estimating the scour depth. In
Fig.1b for the dimensionless parameters, the
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Fig. 1 Taylor diagram for input patterns:

Conclusions

In the present research, the scour depth around the
bridge piers was predicted using two smart
models, ANFIS and LS-SVR. For this purpose,
the parameter values affecting the scour depth
including flow velocity, critical velocity, flow
depth, the average diameter of grain, and the
diameter of the bridge pier, were extracted from
previous experimental research. Two input
patterns including dimensionless and dimensional
parameters were compiled. The total number of
data used was 240 samples, 70% of which were
used for training and the remaining data were
considered as test data. The most important results
of this research can be expressed as follows:

1. In the ANFIS model, Gaussian membership
function and first-order linear function were
elected as the most appropriate fuzzy
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correlation coefficient for the LS-SVR model is
around 0.85, but this value is around 0.65 for the
ANFIS model. In addition, the RMSD value for
LS-SVR and ANFIS models are 40 and 60 mm,
respectively. Despite the lower accuracy of the
two models in this dimensionless pattern, the
accuracy of the LS-SVR model is higher than the
ANFIS model in estimating the scour depth.
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membership function and the best type of
output function, respectively.

2. The results of this research showed that the
accuracy of both models in estimating the
scour depth around the bridge piers increases
using the dimensional parameters.

3. The LS-SVR model is more accurate than the
ANFIS model in predicting the scour depth
around the bridge piers for the used data.
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D (m) 1000 10 148.46 160.77
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Uc (m/s) 1.88 0.194  0.59 0.413

Y (mm) 600 0.15 173.9 127.75
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Table 3 Error evaluation criteria for training and test data

Input Pattern ~ Model MAPE RMSE NSE
Parameters Training Test Training Test Training Test
Dimensionless LS-SVR 25.71 38.03 34.65 46.84 0.79 0.62
ANFIS 36.9 50.38 52.38 61.89 0.52 0.29
With LS-SVR 20.21 38.97 32.65 28.62 0.81 0.67
Dimension ANFIS 32.13 38.72 43.44 49.45 0.66 0.47
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