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Abstract: A modeling tool based on Adaptive Network-based Fuzzy Inference System (ANFIS) to predict the scour depth around 

bridge piers with and without collars is presented in this paper.  The input parameters that affect the scour phenomena are average flow 

velocity, critical threshold velocity of sediment movement, flow depth, median particle diameter, geometric standard deviation, un-

contracted and contracted channel widths. Experimental data collected during the present study and available in the literature are used 

in the training and testing stages of the models. A sensitivity analysis determined the most important parameters in predicting the scour 

depth around bridge piers with collars. ANFIS’s results were found to be accurate, precise and satisfactory and thus can be used as 

analysis and design tool. 
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1. Introduction 
 

The local scour around pier has the potential to threaten the 

structural integrity of bridge piers, ultimately causing failure 

when the foundation of the pier is undermined. In addition 

to the human loss, bridge failures result into heavy financial 

costs due to direct expenditure for replacement and 

restoration as well as the indirect expenditure related to the 

disruption of transportation facilities. Therefore, it is 

important to predict the integrity of bridge piers subject to 

scour at regular intervals.  In this regard, experimental 

methods for monitoring scour and tools for predicting and 

estimating maximum scour depth in different environments 

are essential.  Many models to predict scour depth around 

bridge piers based on experimental data are often not very 

accurate due to specific experimental conditions and 

experimental uncertainties and   complexity of the scouring 

phenomena. 

 

The problem of scour around an isolated pier has been 

extensively studied and documented by many researchers 

[1-3]. The design guides, such as, HEC-18 [4] and the 

Indian Road Congress Code IRC-78 (―standard‖ 2014) [5] 

usually require deep and expensive pier embedment in 

rivers. To reduce this depth of embedment, efforts have been 

made to reduce the depth of scour around bridge piers by 

using scour countermeasures which has been reviewed in 

[1,2,6] and many others. A series of recent bridge failures 

due to pier scour [7-9] have led to researchers to develop 

improved solutions for protecting bridges against the 

damages due to scour. 

 

Recently, different artificial intelligence approaches such as 

Artificial Neural Networks (ANNs), Genetic Programming 

(GP), Gene-Expression Programming (GEP),Model Tree 

(MT), and Group Method of Data Handling (GMDH)have 

become popular for solving scour problem around hydraulic 

structures[10-13]. However, ANFIS based methods have not 

been used for predicting the local scour depth around bridge 

piers with or without countermeasure such as collars. This 

paper develops an ANFIS model to predict the scour depth 

around bridge piers with collar in bed of rectangular 

channels. The performance of the proposed model is 

compared with empirical methods.  

 

2. Model Descriptions 
 

The acronym ANFIS derives its name from adaptive neuro-

fuzzy inference system. It is an adaptive network, a network 

of nodes and directional links. Associated with the network 

is a learning rule - for example back propagation algorithm. 

It is called adaptive because some, or all, of the nodes have 

parameters, which affect the output of the node. These 

networks are learning a relationship between inputs and 

outputs. This adjustment allows the fuzzy systems to learn 

from the data they are modeling. The performance of this 

method is like both adaptive neural network ANN and FL 

(fuzzy-logic).  

 

In both ANN and FL case, the input passes through the input 

layer (by input membership function) and the output could 

be seen in output layer (by output membership functions). In 

this type of advanced fuzzy logic, neural network uses a 

learning algorithm. The parameters are changed until they 

reach the optimal solution. Actually, in this type the FL tries 

(by using the neural network advantages) to adjust its 

parameters. The difference between real output and the 

network output in ANN is one of the common method to 

evaluate its performance. Therefore, ANFIS uses either back 

propagation or a combination of least squares estimation and 

back propagation for membership function-parameter 

estimation [10].  A fuzzy inference system consists of three 

components: 

 Rules; The if-then rules have are determined by 

‗knowledge acquisition‘ from an expert. It is usually a 

time consuming process that is fraught with problems.  

 Membership functions; A fuzzy set is fully determined 

by its membership function. This has to be determined.  

 The reasoning mechanism; to carry out inference 

procedure on the rules and given fact.  

 

Figure 1 shows the block diagram of basic fuzzy inference 

process from input to output. 
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Figure 1: Block diagram of fuzzy inference process flow. 

 

2.1 ANFIS Structure 
 

The ANFIS model is based on a fusion of ideas from fuzzy 

control and neural networks and possesses the advantages of 

both neural networks and fuzzy control systems. In this way, 

one can bring the low-level learning and computational 

power of neural networks to fuzzy control systems and also 

provides the high-level, IF–THEN rule reasoning of fuzzy 

control systems to neural networks. Fundamentally, ANFIS 

is a graphical network representation of a Sugeno-type fuzzy 

system, endowed by neural learning capabilities. The 

network is composed of nodes with specific functions, or 

duties, collected in layers with specific functions [9]. In 

order to show the representative strength of ANFIS, the 

neural fuzzy control system considered in this paper is based 

on Tagaki-Sugeno-Kang (TSK) fuzzy rules [9] whose 

consequent parts are linear combinations of their 

preconditions. TSK fuzzy rules are in the forms Eq. 1.  

  is  DAND.....AN  is  AND  is  : 2211
j

nn
jjj AxAxAxIFR
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.,.......2,1 mj  Assume that the fuzzy control system under 

consideration has two inputs 1x and 2x and one output y , 

then the rule base contains two TSK fuzzy rules as shown in 

Eqs. 2 and 3. 
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In fuzzy logic approaches, for given input values of 1x and

2x , the inferred output
*y is calculated by Eq. 4: 

)/( 212211
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 (4) 

Where j are firing strengths of )2,1( jR j and are given 

by Eq. 5: 
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If product inference is used, the corresponding ANFIS 

architecture is shown in Fig. 2 [9], where node functions in 

the same layers are of the type described below. 

Layer 1 Every node in this layer implies an input and it just 

passes external signals to the next layer. 

Layer 2 Every node in this layer acts as a membership 

function )(MF 1
1

xj
A

 and its output specifies the degree to 

which the given ix satisfies the quantifier
i
jA . A sample

)(MF is shown in Fig. 3.  
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Figure 2: Structure of ANFIS 

 

 
Figure 3: Sample membership function 
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Where }b,,{
j
i

j
i

j
im   is the parameter set to be adapted. In 

fact, continuous and piecewise differentiable functions, such 

as commonly used trapezoidal or triangular membership 

functions, are also qualified candidates for node functions in 

this layer. Parameters in this layer are referred to as 

precondition parameters. 

Paper ID: IJSER171652 203 of 208 



International Journal of Scientific Engineering and Research (IJSER) 
ISSN (Online): 2347-3878 (UGC Approved, Sr. No. 48096) 

 Index Copernicus Value (2015): 62.86 | Impact Factor (2015): 3.791 

Volume 5 Issue 7, July 2017 

www.ijser.in 
Licensed Under Creative Commons Attribution CC BY 

Layer 3 Every node in this layer is labeled 
j  and 

multiplies the incoming signals 2
2

1
1

 xx j
A

j
A

j  and 

sends the product out. Each node output represents the firing 

strength of a rule. 

 

Layer 4 Every node in this layer is labeled by N and 

calculates the normalized firing strength of a rule. That is 

the
thj node calculates the ratio of the firing strength of the

thj rule to that of all the rules by Eq. 8: 

ijj 


/      

      (8) 

Layer 5 Every node j in this layer calculates the weighted 

consequent value  22110 xaxaa
jjj

j  , where
j is the output 

of Layer 4 and  jjj
aaa 210 ,,  is the set to be tuned. Parameters 

in this layer are referred to as consequent parameters. 

 

Layer 6 The only node in this layer is labeled as and it 

sums all incoming signals to obtain the final inferred result 

for the whole system [9]. 

 

2.2. Model Learning and Inference through ANFIS 

 

Presented model consists of a number of membership 

functions and rules with adjustable parameters similarly to 

that of neural networks. The parameters associated with a 

given membership function may be chosen arbitrarily. 

However, in order to account for variations in the data 

values, the parameters were chosen to modify the 

membership functions to the input/output data. The neuro-

adaptive learning techniques provide a method for the fuzzy 

modeling procedure to learn information about a data set, in 

order to compute the membership function parameters that 

best allow the associated fuzzy inference system to track the 

given input/output data. Using a given input/output data set, 

the toolbox functionANFIS constructs a fuzzy inference 

system (FIS) whose membership function parameters are 

adjusted using either a back-propagation algorithm alone, or 

in combination with a least squares (Hybrid) type of 

method. This allows your fuzzy systems to learn from the 

data they are modeling. 

 

2.3 Graphical User Interface (GUI) Tool  

 

Fuzzy Logic Toolbox Graphical User Interface Tool was 

used to build fuzzy inference System. Although, Fuzzy 

Logic Toolbox software does not limit the number of inputs, 

the number of inputs may be limited by the available 

memory of machine. If the number of inputs is too large, or 

the number of membership functions is too big, then it may 

also be difficult to analyze the FIS using the other GUI 

tools. ANFIS editor GUI in MATLAB ® V8.1.0.604 

(R2013a) is opened by entering ―anfisedit‖ in the command 

window. ANFIS editor GUI consists of (Fig. 4):  

 

Membership Function Editor to define the shapes of all the 

membership functions associated with each variable. 

Rule Editor to edit the list of rules that defines the behavior 

of the system. 

Rule Viewer to view the fuzzy inference diagram. Rule 

viewer has been used here as diagnostic to see which rules 

are active, or how individual membership function shapes 

influence the results. 

Surface Viewer to view the dependency of one of the 

outputs on any one or two of the inputs that is, it generates 

and plots an output surface map for the system. 

 

 
Figure 4: Fuzzy Inference Toolbox showing Graphical User 

Interface Tools. 

 

2.4 Model Validation Using Checking and Testing Data 

Sets 

 

To start training in ANFIS Editor GUI, first it needs to have 

a training data set that contains desired input/output data 

pairs of the target system to be modeled. Sometimes it also 

requires having the optional testing data set that can check 

the generalization capability of the resulting fuzzy inference 

system, or a checking data set that helps with model over-

fitting during the training. Over-fitting is accounted for by 

testing the FIS trained on the training data against the 

checking data, and choosing the membership function 

parameters to be those associated with the minimum 

checking error if these errors indicate model over fitting. 

Training error plots should be examined closely in order to 

determine these errors. Usually these training and checking 

data sets are collected based on observations of the target 

system and are then stored in separate files. 

 

3. Analysis of effective parameters on the scour 

depth around bridge pier without and with 

collar 
 

Equilibrium scour depth around a circular pier in a steady 

flow of water over a bed of uniform, spherical and cohesion 

less sediment depends on numerous groups of variables such 

as; flow, sediment characters, and pier geometry. Thus, the 

following functional relationship can describe scour depth. 

 

 bdUhfdsp ,,, 501    (9) 

Paper ID: IJSER171652 204 of 208 



International Journal of Scientific Engineering and Research (IJSER) 
ISSN (Online): 2347-3878 (UGC Approved, Sr. No. 48096) 

 Index Copernicus Value (2015): 62.86 | Impact Factor (2015): 3.791 

Volume 5 Issue 7, July 2017 

www.ijser.in 
Licensed Under Creative Commons Attribution CC BY 

Where u = average velocity of approach flow; h = depth of 

flow; 50d = particle mean diameter; b =diameter of the pier 

and spd =equilibrium scour depth. 

 

In case of pier fitted with collar, the equilibrium scour depth

 scd is related to the six input parameters: equilibrium 

scour depth in case of pier without appurtenances  spd , 

relative collar diameter  bB  , depth of collar below free 

water surface  ch , pier diameter  b , depth of flow  h , 

mean sediment size  50d . The functional relationship 

between input and output parameters is shown in Eq. 10. 

 

 502 ,,,,, dhbhbBdfd cspsc   (10) 

 

Equation (10) can be written in non-dimensional form as: 
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Equation 11 gives reduction in scour depth due to placement 

of collar around bridge pier. 

 

4. Implementations And Results 
 

4.1 Pier without collar 

 

To assess the performance of the models, the equilibrium 

scour data without collar consisting of 242 data points, 

collected from literature [20-31] were divided into two parts 

randomly - a training or calibration set consisting 170 data 

points and a validation or testing set consisting of 72 data 

points. Table 1 shows the range of different parameters 

present in data set.  

 

Table 1: Range of different parameters for pier without 

collar 
Parameter Range 

Flow depth,  h  0.030 – 0.6 (m) 

Average velocity of approach flow, u  0.172- 1.095 (m/s) 

Mean sediment size, 50d  
0.24 – 14.25 (mm) 

Diameter of  pier, b  0.028- 0.915 (m) 

Equilibrium scour depth, spd  
0.032 – 0.7 (m) 

 

In order to check the effect of membership functions, 

ANFIS architecture utilizing Sugeno- type fuzzy-inference 

systems and two models were prepared using generalized 

bell shaped and triangular membership function to emulate a 

given training data set of scour without collar using Eq. 9. 

Three Generalized bell (gbell) type membership function 

and three triangular membership functions were applied to 

the fuzzy inference system (FIS) with a linear type 

membership function for the output in ANFIS models.  

 

It was found that generalized bell shaped membership 

function model (Fig. 5 and 6)  provides better predictions of 

scour depth than the triangular membership function ANFIS 

model both in training and validation stage with the 

correlation coefficients 0.8936 and 0.9434 and RMSE of 

16.132 and 5.949 respectively. 

 
Figure 5: Scatter plot of observed and predicted equilibrium 

scour depth for training (gbell type MF) 

 
Figure 6: Scatter plot of observed and predicted equilibrium 

scour depth for validation (gbell type MF) 

3.2 Pier with collar 

 

In this study two ANFIS models using generalized bell 

shaped membership function with dimensional and non-

dimensional parameters were developed. The data on 

equilibrium scour depth around bridge pier provided with 

collar was collected from literature [8, 24, 28, 32-37]. The 

range of different parameters present in data set is tabulated 

in Table 2.  

 

Table 2: Range of different parameters present in data set 

for pier with collar 
Parameter Range 

Flow Depth, h  0.046 - 0.2 (m) 

Diameter of pier, b  0.030 - 0.244 (m) 

Depth of collar below free water surface, ch  0.046 - 0.251(m) 

Mean sediment size, d  0.280 - 1.9 (m) 

Diameter of collar, B  0.060 - 0.488 (m) 

Scour depth without appurtenances, spd  0.049 - 0.1675 (m) 

Scour depth to collar, scd  0.014 - 0.143 (m) 

 

The whole data set consisting of 130 data points was divided 

into two parts - 60% for training and 40% for testing or 

validation.  
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a) First, ANFIS model was established using original data 

pertaining to parameters in dimensional form set to 

estimate scour depth in case of pier fitted with collar,   

using Eq. 10.  

b) Second, model was developed using parameters in non-

dimensional from given in Eq. 11 to estimate the 

reduction in scour depth due to collar. 

Data sets containing input combination and output are 

implemented in the ANFIS GUI for both cases and Sugeno 

type system of first order was created. For both of the 

models, two gbell type membership function were applied to 

the fuzzy inference system (FIS) with a linear type 

membership function for the output and sets of 64 and 32 

rules were created based on two membership function for 

these models. For training purpose hybrid learning 

algorithms having combination of least-squares and back 

propagation gradient descent method was applied to the FIS. 

The epoch size was set as 3.  

 

Figures 7 and 8 compare the observed and predicted values 

for the training and testing data when the ANFIS model 

trained by the dimensional data set i.e. Eq. 10 and non-

dimensional data set i.e. Eq. 11. The statistical error 

parameter obtained from training stage for Eq. 10 were 

RMSE= 6.223 and 
2R = 0.9043 while for Eq. 11 these were 

RMSE= 0.0438 and 
2R = 0.9283 which clearly shows that 

data when expressed in nondimensional form gives better 

results. Also, during validation stage, these statistical 

parameters were found to be RMSE= 0.773 with
2R = 0.983 

and RMSE = 0.0157 with
2R = 0.993 respectively. It is clear 

again that the RMSE value of Eq. 11 is minimum i.e. 

0.01674 with a 
2R value of 0.993. Hence, ANFIS model 

with parameters expressed in non-dimensional form 

performs most satisfactory for prediction of reduction in 

scour depth due to collar.  

 
Figure 7: Scatter plot of observed and predicted scour depth 

due to collar with Eq. 10 for validation 

 
Figure 8: Scatter plot of observed and predicted reduction 

in scour depth due to collar with Eq. 11 for validation 

 

Sensitivity analysis 

Through the data analysis, process of sensitivity analysis 

was to quantify how much model output values were 

affected by variations in the input values. To determine the 

importance of each input variable on the scour depth, the 

ANFIS was applied to perform a sensitivity analysis. The 

analysis was conducted such that, one parameter of Eq. 11 

was eliminated each time to evaluate the effect of that 

particular input on output. Results of the analysis are given 

in Table 3.  

 

Table 3: Sensitivity analysis results for the parameters in 

Eq. 11 
Method RMSE 2R  

RANK 

ANFIS Eq. 11 0.0157 0.993 - 

ANFIS no.   hhh c /  0.1719 0.226 1 

ANFIS no.   bbB /  0.1050 0.714 2 

ANFIS no. hd sp /  0.0230 0.986 3 

ANFIS no. bd sp /  0.0666 0.989 4 

ANFIS no. 50/db  0.0011 0.990 5 

It is apparent from Table 3 that   hhh c / and 50/db

have the highest and the least effect on reduction in scour 

depth   spscsp ddd / respectively. These findings are in 

consistent with existing understanding of the relative 

importance of the various parameters on scour depth. The 

effects of the non-dimensional variables on reduction in 

scour depth using collar   spscsp ddd / have also been 

ranked in Table 3. 

 

5. Summary and Conclusions 
 

In this paper, adaptive neuro-fuzzy inference system vector 

machines were developed to predict the scour depth around 

bridge pier without and with collar.  Data sets forperforming 

the training and testing stages were collected fromliteratures. 

Four inputs and one output parameter [Eq. 9] were 

definedfor scour depth around pier without collar while for 

pier with collar five inputs and one output parameter [Eq. 

11] were defined. Performance of ANFIS as soft computing 
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tool for the determination of both scour around bridge pier 

without collar with gbell type MF (i.e. RMSE= 5.949 with

2R = 0.9434) and with collar (i.e. RMSE= 0.0157 with
2R

= 0.993) was found to be satisfactory.  

 

Nomenclature 

u = average velocity of approach flow 

h = depth of flow 

50d = particle mean diameter 

b =diameter of the pier 

spd =equilibrium scour depth around bridge pier 

scd =equilibrium scour depth around bridge pier with 

collar 

 bB  = relative collar diameter  

ch = depth of collar below free water surface 
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