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1. Introduction

According to a survey of 823 bridge failures since 1950 in the 

United States, 60% of bridge failures are related to flow 

hydraulics, which includes bridge pier scour and channel instability 

(Shirole and Holt, 1991). Based on the same survey, 50-60 

bridges fail each year in the United States. This situation is 

similar in Korea. It has been reported that 7,619 bridges failed in 

Korea due to flood flows for 48 years in the period of 1964 – 

2012 (Ministry of the Interior and Safety, 2017). Moreover, 

about 100 bridges fail each year by pier scour in Korea. These 

failed bridges were located in mid- to small-sized streams, and in 

most cases, their foundations did not reach the bedrock layer. 

The horseshoe vortex and downflow at piers are known to be 

the main agents responsible for pier scour. That is, when the 

approach flow is obstructed by the pier, the downflow occurs at 

the upstream front of the pier and the flow accelerates around the 

pier. This results in a horseshoe vortex, which scours bed 

sediment from around the base of the pier. Scour holes develop 

when the rate of sediment transport away from the base region is 

larger than the rate of the sediment supply into the base region. 

As scour proceeds, the strength of the horseshoe vortex decreases, 

reducing sediment transport away from the base region. 

For the prediction of local scour around bridge piers in the non-

cohesive bed, regression-based empirical methods, computational 

fluid dynamics, and artificial intelligence techniques are available 

(Choi et al., 2017). However, relevant studies on pier scour in the 

cohesive bed are rare, as little is known about the effect of the 

presence of cohesive sediment on local scour around bridge piers. 

The mechanics of cohesive sediment transport is poorly understood 
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due to the complexity of the problem that comes from the interactions 

of various variables related to the cohesive bed. 

To understand the erosion rate of cohesive soil, knowledge of 

clay particles is needed. Sediment particles with a size less than 

0.004 mm is called clay. Clay particles are flat-shaped and carry 

a negative electric charge on their surface. Gravity and cohesive 

force determine the incipient motion of these particles. The 

cohesion of individual grains arises from molecular-scale physico-

chemical attractive forces. These forces cause colliding grains to 

bond and form aggregates and play a key role in erosion, deposition, 

and sediment transport. For cohesive sediment, the cohesion 

resulting from physico-chemical forces is more important than 

the gravity force because of the large surface area per unit volume 

(Devi and Barbhuiya, 2017).

Previously, the predictions of pier scour in the cohesive bed 

relied on methods for the non-cohesive bed (Ting et al., 2001; 

Briaud et al., 2004). However, these methods yield too much 

conservative solutions for the cohesive bed. This is because the 

scour rate in the cohesive bed is about 1,000 times slower than 

that in the non-cohesive bed (Briaud et al., 2004). Moreover, 

existing formulas for the cohesive bed predict scour depths well 

under very limited conditions (Devi and Barbhuiya, 2017). 

Therefore, it is necessary to predict pier scour in the cohesive 

bed more or less correctly.

This study aims to predict local scour around bridge piers in 

the cohesive bed using the machine learning technique. 

Support vector machines (SVMs), which have the advantage of 

predicting correctly without overfitting, are used in this study. First, 

the variables affecting the maximum scour depth in the cohesive bed 

are determined. Then, the training and validation of the SVMs are 

carried out. Comparisons are made with the adaptive-network-based 

fuzzy inference system (ANFIS) method and the SVMs with 

dimensionless variables. Comparisons are also made with existing 

formulas including a formula for pier scour in the non-cohesive bed. 

Finally, the SVMs are applied to two datasets and the prediction 

results are presented and discussed.

2. Local Scour around Bridge Piers

In general, the equilibrium scour depth (dse) in the non-cohesive 

bed is given by

 (flow, sediment, pier geometry), (1)

in which the flow variables include water density, dynamic viscosity 

of water, velocity, flow depth, gravity, and the correction factor for 

bedform. The variables related to sediment are the median of the 

sediment particle size, the standard deviation of the particle size 

distribution, the density of the sediment particles, and the critical 

mean velocity associated with the initiation of particle motion on 

the bed. The pier geometry variables include the pier width, 

correction factors for pier shape, and flow angle of attack. 

Simplification leads to equilibrium scour depth such as

, (2)

where V = velocity, y = flow depth, d = particle size, Vc = critical 

mean velocity related to the initiation of particle motion on the 

bed, and D = pier diameter (or pier width). Such assumptions are 

made in Eq. (2) as no bedform effect, uniform sediment, and zero 

angle of attack (Choi et al., 2015).

For local scour in the cohesive bed, the functional relationship 

expressed in Eq. (2) should be modified. The equilibrium scour 

depth (dse) should be replaced with the maximum scour depth 

(dmax), as live-bed scour rarely occurs for the cohesive bed. That 

is, once the cohesive sediment is eroded, it is hardly deposited on 

the bed. For cohesive soil, the threshold velocity for which the 

particle initiates its motion on the bed is difficult to be determined. 

Instead, the bed shear strength (τs), which is more easily measurable, 

is used. In addition, clay content (Cp) and water content (Wc) 

should be added to the variables that affect local scour in the 

cohesive bed. Then, the maximum scour depth in the cohesive 

bed can be expressed by

. (3)

Debnath and Chaudhuri (2010a) presented a non-dimensional 

form for the maximum scour depth such as

, (4)

where  = pier Froude number (= Fp), y/D = dimensionless 

approach flow depth, D/d = dimensionless particle size, and 

 = dimensionless bed shear strength. Ettema et al. (2006) 

showed that the pier Froude number is related to the vorticity of 

wake vorticies behind bridge piers.

Further simplifications can be made in Eq. (4). For non-cohesive 

sediment, the particle size will not affect the maximum scour 

depth if  for clear-water scour (Ettema, 1980) and live-

bed scour (Chiew, 1984). Debnath and Chaudhuri (2010a) made 

the same assumption for pier scour in the cohesive bed. In 

addition, it has been reported that the maximum scour depth is 

not affected by the approach flow depth for y/D > 2.6 for non-

cohesive sediment (Melville and Sutherland, 1988) and for y/D > 

2 for cohesive sediment (Briaud, 2004). If both particle size and 

approach flow depth can be ignored in bridge pier scour in the 

cohesive bed, then Eq. (4) can be simplified to

, (5)

which represents the dimensionless maximum scour depth in 

terms of four dimensionless parameters.

3. SVMs

SVMs are classification and regression methods developed by 

Vapnik (1995). The basic idea of SVMs is to map the original 

data into a feature space with high dimensionality using a non-

linear kernel function. Support vector regression (SVR), which is 

used in the present study, is SVMs that deal with modeling and 
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prediction. The purpose of SVR is to find a function whose 

prediction errors are less than ε for all training data. The non-

linear model of the SVR is given by

, (6)

where f(x) = output of the model, w = weight vector, φ(x) = non-

linear function in the feature space, b = bias term, and  

denotes the inner product. Here, a smaller value of w means the 

flatness of Eq. (6), which is made possible by minimizing by the 

Euclidean norm  (Smola, 1996). Now, the problem is to find 

the best weight vector w and the non-linear function φ(x), which 

is an optimization problem such as

minimize 

subject to (7)

    

If such slack variables as  are introduced into Eq. (7) to 

make the constraints feasible, then the problem is to estimate w

and b that minimize the following function:

minimize 

subject to 

    (8)

    

where C is a parameter that balances between the flatness of the 

vector and penalizing for errors greater than ε. 

4. Results

4.1 Training and Validation

Eight datasets in the literature are collected and used for model 

training, validation, and applications. The eight datasets include 

257 data, providing maximum scour depths with seven independent 

variables, as in Eq. (3). A total of 114 data from four different 

sources (Ting et al., 2001; Molinas et al., 1999; Rambabu et al.,

2003; Debnath and Chaudhuri, 2010a) are used to train the model. 

A total of 83 data from Debnath and Chaudhuri (2010b) and 

Najafzadeh and Barani (2014) are used for model validations. 

Debnath and Chaudhuri (2010b) used clay-sand mixtures in their 

experiments, but Najafzadeh and Barani (2014) used only clay. 

Table 1 lists the ranges of the variables of the data used for 

training and validation. The ranges of variables of the training 

( ) , ( )f x w x bφ= +

〈 〉

w

21

2
w

( ),
i i
y w x bφ ε− − ≤

( ),
i i

w x b yφ ε+ − ≤

ξu ξi

*
,( )

( )2 *

1

1

2

N

i i

i

w C ξ ξ
=

+ +∑

( ),
i i i
y w x bφ ε ξ− − ≤ +

( ) *

,
i i i

w x b yφ ε ξ+ − ≤ +

*

0
i i

ξ ξ ≥

Table 1. Ranges of Variables Used in Training and Validation

Type V (m/s) D (m) y (m) d (mm) τs (kPa) Cp (%) Wc (%) d
max

 (m)

Training 0.199 – 0.83 0.025 – 0.21 0.16 – 0.6 0.0006 – 0.55 1.1 – 44.13 2 – 65 19.2 – 39.28 0.0142 – 0.270

Validation 0.141 – 0.827 0.1 – 0.12 0.3 – 0.45 0.0055 – 0.182 5.7 – 35.6 8 – 52 10.7 – 45.92 0.0239 – 0.229

Table 2. Ranges of Variables Used in Applications 

Exp. V (m/s) D (m) y (m) d (mm) τs (kPa) Cp (%) Wc (%) d
max

 (m)

Gudavalli (1997) 0.204 – 0.83 0.025 – 0.21 0.16 – 0.4 0.0006 – 0.006 12.51 – 39.56 75 – 100 26.2 – 39.3 0.011 – 0.25

Kothyari et al. (2014) 0.64 – 1.33 0.087 – 0.114 0.078 – 0.114 1.271 – 2.49 3.19 – 36.58 20 – 60 6.15 – 17.09 0.006 – 0.084

Fig. 1. Training and Validation of ANFIS Model: (a) Training, (b) Validation
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data nearly cover those of the validation data.

Two datasets from Gudavalli (1997) and Kothyari et al. (2014), 

with 35 and 25 data, respectively, are used for the model application. 

Table 2 presents the ranges of the variables of the data for 

application. For Gudavalli (1997) data, the pier diameter and flow 

depth are beyond the ranges of the training data. For Kothyari et 

al. (2014) data, the velocity, particle size, and water content 

exceed the ranges of the training data.

To test the model performance in training, validation, and 

application, the following mean absolute percent error (MAPE) 

is calculated:

, (9)

where  and  are the predicted and measured maximum 

scour depths, respectively.

Figures 1(a) and 1(b) show the predicted versus measured 

maximum scour depths for the training and validation of the 

ANFIS method, respectively. The ANFIS method has shown 

excellent performance in predicting pier scour in the non-

cohesive bed (Choi et al., 2017). In the figures, the 45° line indicates 

perfect agreement. As shown in Fig. 1(a), the training of the 

ANFIS method results in a MAPE value of 1.93%, indicating the 

successful training of the ANFIS method. However, the model 

fails to predict, as shown in Fig. 1(b). Two possible reasons can 

account for the poor prediction of the ANFIS method, namely 

overfitting and poor quality of validation data (Al-Hmouz et al., 

2011). In the present study, the failure of prediction by the 

ANFIS method is considered due to overfitting, as the prediction 

is improved with the use of SVMs, which will be shown later.

Figure 2(a) shows the results of the training of SVMs with 

seven dimensional variables in Eq. (3). In the SVMs, various 

kernel functions are used and the optimal values of parameters 

such as C, ε, and k (a parameter in the kernel function) in the 

respective ranges of 0.1 − 10, 10−3 − 10−5, and 0.1 − 10 are sought 

in training and validation. In the present study, a polynomial 

function with k = 5, C = 0.1, and ε = 10−5 is used. The MAPE 

obtained in the training of SVMs is 18.63%, which is larger than 

that obtained using the ANFIS method. The results of the model 
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Fig. 2. Training and Validation of SVMs: (a) Training, (b) Validation

Fig. 3. Training and Validation of SVMs Using Dimensionless Variables:
(a) Training, (b) Validation
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validation for the SVMs are given in Fig. 2(b). The MAPE value 

is 34.98%, indicating a significant improvement in the validation, 

compared with the ANFIS method.

4.2 Prediction with Dimensionless Variables
Figure 3 shows the same plots as the previous ones but with the 

use of SVMs with dimensionless variables. The dimensionless 

maximum scour depth is expressed by the six dimensionless 

variables in Eq. (4). As shown in Figs. 3(a) and 3(b), the use of 

dimensionless variables results in about 30% and 40% increases 

in MAPE in training and validation, respectively. This means 

that SVMs with dimensional variables predict better than SVMs 

with dimensionless variables. This is consistent with the prediction 

of equilibrium scour depths in the sand bed using the ANFIS 

method in Choi et al. (2017). 

4.3 Prediction Using Various Formulas
Unlike the case of pier scour in the non-cohesive bed, previous 

studies that compared the performance of formulas for pier scour 

in the cohesive bed are rare. Devi and Barbhuiya (2017) compared 

eight formulas for predicting maximum scour depths around 

piers in the cohesive bed. They computed scour depths around 

piers on both laboratory and field scales. In this section, three 

formulas that yielded moderate estimates of scour depths in Devi 

and Barbhuiya (2017) test are selected and used for predicting 

scour depths using the validation data in Table 2. The three 

formulas include Ting et al. (2001) formula, Briaud et al. (2004) 

formula, and Debnath and Chaudhuri (2010a) formula. They are, 

respectively, given by

, (10)

, (11)

, (12)

where Rp = pier Reynolds number. Fig. 4 shows the prediction 

results of the three formulas. Interestingly, all three formulas 
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significantly over-predict the maximum scour depths. The MAPE

values range from 97.25% to 155.44%, which is larger than 

34.98% by SVMs. This indicates that SVMs are a better predictor 

of pier scour in the cohesive bed than existing formulas.

4.4 Prediction Using Formula for Pier Scour in the Sand 

Bed
Sheppard et al. (2014) performed an extensive comparative study on 

22 existing formulas for predicting pier scour depths in the sand 

bed. They collected a large amount of data on both laboratory 

and field scales. Sheppard et al. ranked each formula and proposed a

new one called Sheppard and Melville’s formula.

In the present section, Sheppard and Melville’s formula is 

used to predict the maximum scour depths using the validation 

data in Table 1. Fig. 5 shows the prediction results of Sheppard 

and Melville’s formula. The formula moderately predicts the 

maximum scour depths when applied to Najafzadeh and Barani 

(2014) data, but fails the predictions for Debnath and Chaudhuri

(2010b) data. As stated earlier, Najafzadeh and Barani (2014) 

and Debnath and Chaudhuri (2010b) used only clay and clay-

sand mixtures in their experiments, respectively. The successful 

prediction by Sheppard and Melville’s formula when applied to 

the data of Najafzadeh and Barani (2014) is consistent with the 

previous findings of Ting et al. (2001). Ting et al. (2001) investigated

pier scour in the only clay bed through laboratory experiments 

and reported that the HEC-18 equation for pier scour in the sand 

bed successfully predicted the maximum scour depths. However, 

for clay-sand mixtures, the addition of clay to sand significantly 

increases erosion resistance (Mitchener and Torfs, 1996). This 

makes the maximum scour depth very sensitive to the clay 

content and water content (Ansari et al., 2002), which cannot be 

considered in scour prediction formulas in the sand bed.

4.5 Comparisons with Other Models
Based on Debnath and Chaudhuri (2010a) data, Muzzammil et 

al. (2015) presented two dimensionless relationships for the 

maximum scour depth around bridge piers in the cohesive bed. 

The relationships are given by

, (13)

, (14)

which were obtained by the non-linear regression and gene 

expression programming (GEP), respectively. In the present 

study, the two models are applied to the validation data in Table 1.

Fig. 6 shows the prediction results of the two models. It can be 

seen in Fig. 6(a) that the non-linear regression model under- and 

over-predicts the scour depths for Najafzadeh and Barani (2014) 

data and Debnath and Chaudhuri (2010b) data, respectively. 

However, GEP generally over-predicts scour depth, as shown 

in Fig. 6(b). The respective MAPE values are 95.13% and 

83.49%, indicating that SVMs predict much better than these 

two models.
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4.6 Applications
Figure 7(a) shows the predicted versus measured maximum 

scour depths when SVMs are applied to Gudavalli (1997) data. It 

can be noted that the model predicts moderately if the maximum 

scour depths are small, i.e., dmax ≤ 0.15 m. However, the model 

performs serious under-predictions if the maximum scour depths 

are large, i.e., dmax ≥ 0.15 m. This is due to the pier diameter D of 

Gudavalli (1997) data being out of the range of the training data 

for large maximum scour depths. The computed MAPE value is 

37.34%, indicating a moderate level of prediction accuracy 

except for some serious under-predictions.

The prediction results of the SVMs when applied to Kothyari 

et al. (2014) data are presented in Fig. 7(b). It can be seen that the 

model performs serious over-predictions, resulting in a MAPE 

value of 804.92%. The failure of the prediction can be attributed 

to that the bed particles of the Kothyari et al.’s data include 

gravel the size of which is far beyond the range of particle size of 

the training data.

4.7 Contribution of Each Variable
Table 3 presents the Pearson correlations between the seven 

variables in Eq. (3) and the maximum scour depth. The datasets 

for training are used to compute the correlations. The table 

shows that the particle size d and flow depth y are poorly 

correlated with the maximum scour depth, which is consistent 

with the assumptions for Eq. (5). It also turns out in the table that 

the water content Wc has a low correlation with the maximum 

scour depth. 

In order to investigate the importance of an individual variable in 

predicting the maximum scour depth, various predictions are 

made without each variable in Eq. (3). Tables 4 lists the MAPE 

values and the Pearson correlation coefficient obtained under 

such conditions. Herein the datasets for validation are used. It 

can be seen that predictions without particle size, velocity, and 

clay content result in increased MAPEs or reduced correlation 

coefficients. Therefore, particle size, velocity, and clay content 

play important roles in predicting the maximum scour depths 

using Eq. (3). Moreover, both MAPE and the correlation coefficient 

reveal that the predictions without water content or flow depth 

are close to the prediction with all the seven variables. This 

indicates that the water content and flow depth are less important 

in the prediction, which is consistent with the results in Table 3. 

However, unlike the results in Table 3, the prediction without 

particle size is worse. This is thought to come from the fact that 

the data used for Table 3 are different from those for Table 4. The 

table also lists the results of the prediction without both flow 

depth and particle size. It is seen that MAPE increases and the 

correlation coefficient decreases, compared with the case of 

using all seven variables, suggesting that the prediction has not 

Fig. 7. Applications of SVMs: (a) Gudavalli (1997), (b) Kothyari et al. 
(2014)

Table 3. Pearson Correlation between the Variables and Maximum Scour Depth

Type V (m/s) D (m) y (m) d (mm) τs (kPa) Cp (%) Wc (%) d
max

 (m)

V (m/s) 1

D (m) 0.163 1

y (m) 0.129 0.418 1

d (mm) 0.033 0.583 -0.605 1

τs (kPa) -0.088 0.023 -0.115 0.194 1

Cp (%) 0.051 -0.126 0.323 -0.188 0.481 1

Wc (%) 0.503 -0.095 0.316 -0.341 -0.221 0.265 1

dmax (m) 0.415 0.278 -0.123 0.050 -0.235 -0.374 0.196 1
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improved.

It should be emphasized that the results of the present analysis 

strongly reflect the limitation of the data used. Thus, to obtain a 

more consolidated result, collections of high-quality data on pier 

scour in the cohesive bed are required. 

5. Conclusions

This study presented predictions of maximum scour depths 

around bridge piers in the cohesive bed using the SVMs, a machine 

learning technique. Using the data collected in the literature, model 

training, validation, and application were carried out. For the model 

training and validation, 114 data from four datasets and 83 data 

from two datasets were used, respectively. For the model 

applications, 60 data from two datasets were used. 

First, the model training and validation with SVMs were 

compared with those with the ANFIS method. The predictions 

were made with seven dimensional variables related to the 

maximum scour depth. It was found that the model training 

using the ANFIS method was successfully carried out with an 

extremely small MAPE. However, the model validation showed 

that the ANFIS method was not capable of properly predicting 

the maximum scour depth in the cohesive bed because of overfitting. 

By contrast, the training and validation of SVMs were conducted 

with a moderate level of accuracy.

The predictions with six dimensionless variables were compared

with the previous predictions with seven dimensional variables. 

It was found that the predictions with dimensional variables 

resulted in smaller MAPEs than the predictions with dimensionless

variables. This is consistent with the case of predicting pier scour 

in the non-cohesive bed using the ANFIS method (Choi et al., 

2017).

Predictions using various formulas were conducted and the 

results were compared with predictions using SVMs. The formulas 

included Ting et al. (2001) formula, Briaud et al. (2004) formula, 

and Debnath and Chudhuri (2010a) formula. The comparisons 

revealed that the MAPEs by the three formulas ranged 280% −

440% of those obtained by SVMs, indicating that the SVMs 

performed much better predictions than these formulas. Poor 

predictions by existing formulas can be attributed to that they were 

proposed from laboratory experiments under limited conditions.

Sheppard and Melville’s formula for pier scour in the non-

cohesive bed was used to predict the maximum scour depths in 

the cohesive bed. It was found that Sheppard and Melville’s 

formula predicted well for the clay only bed but incorrectly for 

the clay-sand mixture bed. This conforms to Ting et al. (2001) 

findings that the formula for the non-cohesive bed predicted 

successfully when applied to pier scour in the only clay bed, but 

not in the clay-sand mixture bed.

The non-linear regression model and GEP for pier scour in the 

cohesive bed, recently proposed in the literature, were used to 

predict maximum scour depths. In general, the two models were 

found to over-predict the maximum scour depths with larger 

MAPEs, compared with the SVMs.

The SVMs were then applied to two different datasets to 

predict the maximum scour depths in the cohesive bed. The 

application results indicated that the SVMs would predict the 

maximum scour depths well if the application data were within 

the range of the training data but would fail the predictions 

otherwise. This provides a particular lesson for the prediction of 

pier scour in the cohesive bed. That is, the sediment particle is 

more likely to range widely for the cohesive bed, than for the 

non-cohesive bed. This adds another level of difficulty to predicting 

pier scour in the cohesive bed with the machine learning technique. 

Finally, predictions were made using the developed SVMs by 

excluding each variable to investigate the contribution of each 

variable in predicting the maximum scour depth. The water 

content and flow depth were found to affect the maximum scour 

depth the least. These results are not entirely consistent with the 

previous findings of Ettema (1980), Chiew (1984), Melville and 

Sutherland (1988), Briaud (2004), and Debnath and Chaudhuri 

(2010a) in that particle size and flow depth are less important to 

the maximum scour depth compared with the other five variables. 

This is because the results of the present study reflect the 

limitation of the data used in the analysis, suggesting the importance 

of acquiring high-quality data in the prediction of pier scour in 

the cohesive bed. 

Acknowledgments

This work was supported by the National Research Foundation 

of Korea (NRF) grant funded by the Korea Government 

(NRF2020R1A2B5B01098937).

ORCID

Sung-Uk Choi  https://orcid.org/0000-0002-0802-7705

References

Al-Hmouz A, Shen J, Al-Hmouz R, Yan J (2011) Modeling and 

simulation of an adaptive neuro-fuzzy inference system (ANFIS) for 

mobile learning. IEEE Transactions on Learning Technologies

5(3):226-237, DOI: 10.1109/TLT.2011.36

Table 4. MAPE and Correlation Coefficient under Various Computational Conditions

all variables w/o V w/o D w/o y w/o d w/o τs w/o Cp w/o Wc w/o y and d

MAPE 34.98 47.44 42.91 37.75 50.58 44.65 48.72 34.77 51.02

CC 0.740 0.155 0.446 0.700 -0.205 0.567 0.437 0.763 0.430

https://doi.org/10.1109/TLT.2011.36
https://orcid.org/0000-0002-0802-7705


2182 S.-U. Choi and S. Choi
Ansari SA, Kothyari UC, Ranga Raju KG (2002) Influence of cohesion 

on scour around bridge piers. Journal of Hydraulic Research 40(6): 

717-729, DOI: 10.1080/00221680209499918

Briaud JL (2004) Pier and contraction scour in cohesive soils. NCHRP 

Report No. 516, Transportation Research Board, Washington DC, 

USA

Briaud JL, Chen HC, Li Y, Nurtjahyo P (2004) SRICOS-EFA method 

for complex piers in fine-grained soils. Journal of Geotechnical and 

Geoenvironmental Engineering 130(11):1180-1191, DOI: 10.1061/

(ASCE)1090-0241(2004)130:11(1180)

Chiew YM (1984) Local scour at bridge piers. Auckland University, 

Auckland, New Zealand

Choi SU, Choi B, Choi S (2015) Improving predictions made by ANN 

model using data quality assessment: An application to local scour 

around bridge piers. Journal of Hydroinformatics 17(6):977-989, 

DOI: 10.2166/hydro.2015.097

Choi SU, Choi B, Lee S (2017) Prediction of local scour around bridge 

piers using the ANFIS method. Neural Computing and Applications

28(2):335-344, DOI: 10.1007/s00521-015-2062-1

Debnath K, Chaudhuri S (2010a) Bridge pier scour in clay-sand mixed 

sediments at near-threshold velocity for sand. Journal of Hydraulic 

Engineering 136(9):597-609, DOI: 10.1061/(ASCE)HY.1943-7900.   

0000221

Debnath K, Chaudhuri S (2010b) Laboratory experiments on local scour 

around cylinder for clay and clay–sand mixed beds. Engineering 

Geology 111(1-4):51-61, DOI: 10.1016/j.enggeo.2009.12.003

Devi YS, Barbhuiya AK (2017) Bridge pier scour in cohesive soil: A 

review. Sadhana, Indian Academy of Sciences 42(10):1803-1819, 

DOI: 10.1007/s12046-017-0698-5

Ettema R (1980) Scour at bridge piers. Rep. No. 216, University of 

Auckland, Auckland, New Zealand

Ettema R, Kirkil G, Muste M (2006) Similitude of large-scale turbulence 

in experiments on local scour at cylinders. Journal of Hydraulic 

Engineering 132(1):33-40, DOI: 10.1061/(ASCE)0733-9429(2006)   

132:1(33)

Gudavalli SR (1997) Prediction model for scour rate around bridge piers 

in cohesive soil on the basis of flume tests. PhD Thesis, Texas A&M 

University, College Station, TX, USA

Kothyari UC, Kumar A, Jain RK (2014) Influence of cohesion on river 

bed scour in the wake region of piers. Journal of Hydraulic Engineering

140(1):1-13, DOI: 10.1061/(ASCE)HY.1943-7900.0000793

Melville BW, Sutherland AJ (1988) Design method for local scour at 

bridge piers. Journal of Hydraulic Engineering 114(10):1210-1226, 

DOI: 10.1061/(ASCE)0733-9429(1988)114:10(1210)

Ministry of the Interior and Safety (2017) 2017 statistical yearbook of 

natural disaster. Recovery Support Division, Ministry of the Interior and 

Safety, Sejong, Korea

Mitchener H, Torfs H (1996) Erosion of mud/sand mixtures. Coastal 

Engineering 29(1-2):1-25, DOI: 10.1016/S0378-3839(96)00002-6

Molinas A, Jones S, Hosny M (1999) Effects of cohesive material properties

on local scour around piers. Transportation Research Record: Journal 

of the Transportation Research Board 1690(1), DOI: 10.3141/1690-

19

Muzzammil M, Alama J, Danish M (2015) Scour prediction at bridge 

piers in cohesive bed using Gene Expression Programming. Aquatic 

Procedia 4:789-796, DOI: 10.1016/j.aqpro.2015.02.098

Najafzadeh M, Barani GA (2014) Experimental study of local scour 

around a vertical pier in cohesive soils. Scientia Iranica 21(2):241-

250

Rambabu M, Rao SN, Sundar V (2003) Current-induced scour around a 

vertical pile in cohesive soil. Ocean Engineering 30(7):893-920, 

DOI: 10.1016/S0029-8018(02)00063-X

Sheppard DM, Melville B, Demir H (2014) Evaluation of existing equations 

for local scour at bridge piers. Journal of Hydraulic Engineering

140(1):14-23, DOI: 10.1061/(ASCE)HY.1943-7900.0000800

Shirole AM, Holt RC (1991) Planning for a comprehensive bridge safety

assurance program. Third bridge engineering conference, March 10-

13, Denver, CO, USA

Smola AJ (1996) Regression estimation with support vector learning 

machines. PhD Thesis, Technische Universität München, München, 

Germany 

Ting FCK, Briaud JL, Chen HC, Gudavalli R, Perugu S, Wei G (2001) 

Flume tests for scour in clay at circular piers. Journal of Hydraulic 

Engineering 127(11):969-978, DOI: 10.1061/(ASCE)0733-9429   

(2001)127:11(969)

Vapnik VN (1995) The nature of statistical learning theory. Springer, 

New York, NY, USA

https://doi.org/10.1061/(ASCE)1090-0241(2004)130:11(1180)
https://doi.org/10.1061/(ASCE)1090-0241(2004)130:11(1180)
https://doi.org/10.2166/hydro.2015.097
https://doi.org/10.1007/s00521-015-2062-1
https://doi.org/10.1061/(ASCE)HY.1943-7900.0000221
https://doi.org/10.1016/j.enggeo.2009.12.003
https://doi.org/10.1007/s12046-017-0698-5
https://doi.org/10.1061/(ASCE)0733-9429(2006)132:1(33)
https://doi.org/10.1061/(ASCE)HY.1943-7900.0000793
https://doi.org/10.3141/1690-19
https://doi.org/10.3141/1690-19
https://doi.org/10.1061/(ASCE)0733-9429(1988)114:10(1210)
https://doi.org/10.1016/S0378-3839(96)00002-6
https://doi.org/10.1016/j.aqpro.2015.02.098
https://doi.org/10.1016/S0029-8018(02)00063-X
https://doi.org/10.1061/(ASCE)HY.1943-7900.0000800
https://doi.org/10.1061/(ASCE)0733-9429(2001)127:11(969)
https://doi.org/10.1080/00221680209499918
https://doi.org/10.1061/(ASCE)HY.1943-7900.0000221
https://doi.org/10.1061/(ASCE)0733-9429(2006)132:1(33)
https://doi.org/10.1061/(ASCE)0733-9429(2001)127:11(969)

	Prediction of Local Scour around Bridge Piers in the Cohesive Bed Using Support Vector Machines
	ARTICLE HISTORY
	ABSTRACT
	KEYWORDS
	1. Introduction
	2. Local Scour around Bridge Piers
	3. SVMs
	4. Results
	4.1 Training and Validation
	4.2 Prediction with Dimensionless Variables
	4.3 Prediction Using Various Formulas
	4.4 Prediction Using Formula for Pier Scour in the Sand Bed
	4.5 Comparisons with Other Models
	4.6 Applications
	4.7 Contribution of Each Variable

	5. Conclusions
	Acknowledgments
	ORCID
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.33333
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.33333
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 150
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.33333
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


