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Abstract: 

An assessment of maximum scour depth downstream of grade control structure is essential for its proper 

planning, design and management. Most of the scour depth prediction formulae available in the literature 

have been developed based on the analysis of the laboratory/field data using the statistical method such as 

the regression method (RM). The alternative recent approaches such as artificial neural network (ANN) and 

adaptive neuro-fuzzy inference system (ANFIS) have also been reported to provide better solutions in cases 

where the available data is incomplete or ambiguous by nature. An attempt has, therefore, been made herein 

to develop an ANFIS model along with the ANN models for the prediction of scour depth at the grade 

control structures on the bed of non-uniform sediments using the sizeable amount of data and make the 

comparative study for the performance of ANFIS model over the RM and ANN models for the scour depth 

prediction at the grade control structures. The performance of the ANFIS model was found to the best 

among the various prediction models under considerations. Salient features of the present study are 

presented herein. 
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1 Introduction 

Scour is a natural phenomenon caused by the erosive action of the flowing stream on the sediment 

beds. Grade-control structures are generally constructed to prevent degradation in alluvial channels where 

the general bed slope is high. However, the local scour occurs significantly downstream of the structures due 

to the erosive action of the flowing water, which may undermine the foundation leading to the structure 

failure. An assessment of maximum scour depth with reasonable accuracy is, therefore,   an essential for 

proper planning, design and management of such hydraulic structures. A number of attempts have been 

made to model the local scour downstream of the hydraulic structures based on the various approaches in the 

past [12]. 

The laboratory investigations on local scour under various flow conditions and structure 

configuration have been carried out extensively in the past and results of these investigations are available in 
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the literature. Veronese [43] analyzed the scour mechanism downstream of a spillway furnishing empirical 

relations to evaluate the main geometric parameters of scour depth and length. The scour induced by plane 

jets in different hydraulic conditions were investigated extensively by Rajaratnam[33] and  Rajaratnam and 

Macdougall [34]. Ali and Lim [1] investigated the local scour caused by submerged wall jets. An extensive 

study and comparison of all the existing scour depth equations for different structures was carried out by 

Mason and Arumugam[25]. Bormann and Julien [12] reviewed the experimental research on scour 

downstream of the hydraulic structures due to free and submerged jets. They investigated the scour 

downstream of grade control structures with large-scale experiments using unit discharge up to 2.5 m3 / s 

and scour depths exceeding 1.4 m. They also carried out a theoretical investigation based on two-

dimensional jet diffusion and particle stability, proposing equations for the equilibrium scour depth. 

Mossa[26] carried out experimental study on the scour downstream of grade-control structures. D’Agostino 

and Ferro [14] deduced the physically based dimensionless parameters controlling the geometrical pattern of 

the scour profile at the control structures based on the self-similarity (ISS) theory and proposed the scour 

prediction equations on these parameters using the comprehensive laboratory scour data and the field data 

available in literature with different bed grain-size distributions and scales of the erosive phenomenon. Lenzi 

and Comiti [21] analyzed local scouring downstream of 29 drop structures, and Marion et al. [24] conducted 

a series of tests to determine the effect of bed sill spacing and sediment grading on the potential erosion by 

jets forming over the sills. Guven and Gunal [16] developed an explicit neural network formulation for scour 

depth prediction at the control structures and the optimal neural networks were obtained using genetic 

algorithm. The performance of the proposed neural networks models was found to be superior to other 

regression –based equations. Zadeh and Kashefipour [44] modeled local scour on loose bed downstream of 

grade-control structures using scour data of D’Agostino and Ferro [14].The ANN models were found to be 

satisfactory and superior to the traditional nonlinear regression based prediction models. Goel and Pal [15] 

applied support vector machines for scour depth prediction at the grade-control structures and found that the 

support vector machines-based modeling approach gives  a better performance in comparison to both the 

empirical relation and back propagation neural network approach with the laboratory data.  

The literature review indicates that most of the scour depth predictions equations available in the 

literature have been mainly developed based on the statistical analysis of laboratory and field measurements.  

Recently applications of Artificial Neural Networks (ANN) to various complex problems in hydrology and 

water resources engineering reveals that the performance of ANN approach is superior to the regression 

analysis. However, the majority of the ANN applications in water resources engineering involve the 

employment of conventional feed forward back propagation method (FFBP). The performance of FFBP was 

found superior to conventional statistical and stochastic methods in continuous flow series forecasting. 

However the FFBP algorithm has some drawbacks. They are very sensitive to the selected initial weight 

values and may provide performances differing from each other significantly. Another problem faced during 

the application of FFBP is the local minima issue. During the training stage the networks are sometimes 

trapped by the local error minima preventing them to reach the global minimum. Other ANN methods such 

as radial basis function (RBF) and generalized regression neural network (GRNN) are used as an alternative.  

The problem of inherent uncertainties in the physical process and its modeling may also be easily 

addressed by a fuzzy logic approach. The fuzzy approach is based on linguistic expressions that contain 

ambiguity rather than numerical probabilistic, statistical or perturbation approaches [42]. The fuzzy 

inference system (FIS) has been employed in the prediction of uncertain systems because its application 

does not require knowledge of the underlying physical process as a precondition [35, 10, 11] used fuzzy 

logic on hydrology for rainfall–runoff modeling. Fuzzy regression has been employed to investigate the 

modeling uncertainty in the prediction of bridge pier scour by Johnson & Ayyub [18]. Shrestha et al. [36] 
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carried out the fuzzy-rule-based control systems for reservoir operation. Kindler [20] applied fuzzy logic for 

optimal water allocation. Bardossy & Disse (1993) employed it to model the infiltration and water 

movement in the unsaturated zone. Pongracz et al. [9] reported that fuzzy-rule-based methodology on 

regional drought provided an excellent tool. Altunkaynak et al. [2,3] applied the fuzzy logic approach in the 

modeling of time series and reported its superiority over classical approaches. Uyumaz et al. [42] developed 

a fuzzy logic model for equilibrium scour downstream of a dam’s vertical gate and indicated that a fuzzy 

logic model has superiority over the regression model. Bateni & Jeng [10] adopted the ANFIS-based 

approach for the prediction of pile group scour and found that the errors of the ANFIS model were much 

less than those of the conventional technique of statistical curve fitting. 

The aim of the present study is to explore the potential of ANFIS over ANN and statistical 

approaches in modeling the scour depth prediction at the control-structures in non-uniform sediments using 

sizable amount of laboratory data available in the literature. The salient features of the study have been 

described and discussed in the present paper 

 

2 conventional scour depth prediction models 

Figure 1 shows the definition sketch for scour downstream of the grade control structures. D’ 

Agostino and Ferro [14] expressed the scour depth (ds) in dimensionless form on the basis of the incomplete 

self-similarity theory as  
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Where b= weir width; z=fall height; yt=tail water depth or water depth above the original bed level; 

H=difference in height from the upstream water level to the tail water level; A50 is a dimensionless 

parameter given as 
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γs =specific gravity of the bed material; g =acceleration due to gravity; d50 and d90 =standard sieve diameter 

for which 50%, 90% of particles are finer respectively; Q = discharge. 

 It is note that H is related to z, y0, yt and A50 is a function of Fd, y0/z and b/B; Eq. 2 may be reduced to 
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Where Fd =Densimetric Froude number, defined as the ratio of the tractive force acting on the sediment 

particle to the submerged weight of the particle =U0/√(γs gd); U0 and y0= average velocity and flow depth 

respectively at the crest. 

 

3 Analysis, Results and Discussions 

 

3.1 Dataset of Scour Parameters  

Laboratory data of the scour parameters relating to equilibrium scour depth at non-uniform sediment 

bed for the control structures in the case of clear water condition were obtained from D’ Agostino and Ferro 
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[14]. These data have been used herein for the development of the models for scour depth prediction at the 

control structures. The sample size of data was 202.  

Table 1 shows the range and statistics of the scouring parameters for these dataset. The coefficient of 

variation (COV) for the relative scour depth (ds/z) is the largest whereas the COV for b/B is the smallest. 

The COV of the dataset indicates a moderate range of data for each of the parameters except the b/B, which 

has held constant for most of the runs. The correlation matrix of the various scouring parameters has been 

provided in Table 2. This table indicates that a high inter-correlation exists between most of the variables. It 

also indicates that the b/z has the largest correlation with the ds/z. 

 

3.2 Regression Method 

 A nonlinear regression method was used to get the regression parameters of the scour prediction 

model (Eq. 3) using 80% of the available entire data selected randomly after removing outlier in the data set. 

It leads to the following equation for the estimation of scour depth at the grade control structures. 
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 The performance of this regression model evaluated in training as well as in validation is provided in 

Table 3. It may be observed from the table that the regression models developed in the present study shows 

satisfactory performance in both training and validation process. 

The scour depth prediction (Eq. 4) has been obtained using regression method (RM). The following 

drawbacks in any RM application have been pointed out [38, 42]. 

(i) The deviations of scatter points from the fitted curve have zero value with assumed constant variance. 

However, in the actual scatter diagram most often the variance is not constant but changes depending on 

the independent variable value. 

(ii) The regression curve may pass close to a certain percentage of points in the scattered diagram, but this 

cannot account for the validity of the method. 

(iii) The prediction errors are expected to abide with a Gaussian distribution function, which is not the case 

in many practical studies. 

(iv) The prediction errors are also expected to be independent from each other, i.e. completely random 

(noise). 

In order to avoid such problems in the application of the regression method, an alternative approach 

is generally advocated [18, 42]. Recently artificial neural networks (ANN) and adaptive neuro-fuzzy 

inference system (ANFIS) are commonly employed as the alternative approaches to the traditional 

regression analysis [6, 8, 5, 10, 11]. 

 

3.3 Artificial Neural Networks Approach  

Artificial Neural Networks (ANN) are considered to be a flexible modeling tool capable of learning 

the mathematical mapping between input and output variables of the nonlinear systems [10, 11]. The 

concepts involved in ANNs along with their applications in water resources engineering are well described 

in the ASCE Task Force [4, 5]. Applications of ANN in the hydraulic engineering have been presented by 

Azmathullah et al. [6, 7, 8], Bateni and Birghei [11], Muzzammil and Siddiqui [30], Liriano and Day [22], 

Bateni et. al [10], Kambeker and Deo [19], Nagy et al [31]. 

Most of the ANN applications in water resources engineering involve the employment of 

conventional feed forward back propagation method (FFBP). The performance of FFBP was found superior 
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to conventional statistical and stochastic methods. However the FFBP algorithm has some drawbacks. They 

are very sensitive to the selected initial weight values and may provide performances differing from each 

other significantly. Another problem faced during the application of FFBP is the local minima issue. During 

the training stage the networks are sometimes trapped by the local error minima preventing them to reach 

the global minimum. Other ANN methods such as radial basis function (RBF), feed forward cascade 

correlation algorithm (FFCC) and generalized regression neural network (GRNN) are used as an alternative. 

The mathematical details of FFBP, CCA and RBF are well described in Azmathullah et al. [6, 8].  

 

3.4 Application of ANN Models for Scour Depth Prediction at Control Structures  

The ANNs with commonly used algorithm such as FFBP, FFCC, RBF and GRNN were developed in 

the MATLAB environment for the scour depth prediction modeling in the present study. The Levenberg-

Marquardt algorithm was used for the faster training. The method involves the training of ANN with excess 

Densimetric Froude number (Fd), relative crest width (b/z), relative tail water depth  (yt/y0)
 , relative 

sediment size  (d90/d50)
 and  aspect channel width ratio  (b/B) as inputs and the relative scour depth (ds/z) as 

output. The training data was the same randomly selected 80% of the available entire data for the network 

that was used in the regression analysis. The remaining 20% data was used for validation. The performance 

of various ANN models against the regression models was assessed in terms of performance indices 

quantitatively as shown in Table 5 a. Table 5 b indicates GRNN model is the best among the various scour 

prediction models under considerations. 

 

3.5 ANFIS APPROACH 

The fuzzy logic system is good at knowledge acquisition and handling such fuzzy information as an 

expert’s experience with respect to the observed input–output data. The fuzzy logic system has been widely 

applied to modeling, control, identification, prediction, etc. But the fuzzy model lacks a self-learning and 

adaptive ability. The neural network has been shown to possess a learning and adaptive ability to input–

output data. It is proved to have a good approximate capability for a wide range of nonlinear function and 

has been modeled for nonlinear dynamic systems. But in system modeling, network training results in a 

black-box representation. The model developed is difficult to interpret through human language [38]. 

The adaptive neuro-fuzzy inference system (ANFIS) is basically an integration of the techniques of 

fuzzy systems and artificial neural networks (ANN). The ANN provides connectionist structures and 

learning abilities to the fuzzy systems whereas the fuzzy systems offer ANN a structured framework with 

high level IF–THEN rule thinking and reasoning. 

There are two types of fuzzy inference systems: (i) Mamdani-type [23] and (ii) Takagi– Sugeno 

(TS)-type [39]. Mamdani's fuzzy inference method is the most commonly seen fuzzy methodology and was 

among the first control systems built using fuzzy set theory. Mamdani approach provides the outcome of the 

fuzzy rule as a fuzzy set for the output variable and hence the step of defuzzification is essential to get a 

crisp value of the output variable, whereas the TS approach does not require a classical defuzzification 

procedure and the outcome of the fuzzy rule is a scalar rather than a fuzzy set for the output variable. The 

main problem associated with the TS fuzzy logic modeling is related to the selection of the parameters. An 

effective method is, therefore, required to tune the membership functions so as to minimize the error 

measures. Jang [17] proposed the ANFIS approach to optimize the parameters of the membership functions 

and the consequent part by using a hybrid learning algorithm. The fuzzy model parameters may be estimated 

by various approaches such as clustering techniques, genetic algorithms, gradient decent algorithms and 

numerical analysis. The neural network back-propagation learning algorithm and the least squares method 
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are, however, simple and efficient methods and generally employed to estimate the membership function 

parameters and the consequent part parameters, respectively [42]. 

 

3.6 Application of ANFIS to the Scour Depth Prediction 

The ANFIS was employed to get the fuzzy parameters for the prediction of scour depth at the control 

structures in the case of non-uniform sediments. As in the previous two cases, here also only 80% of the 

available data was used for model prediction and the remaining unseen 20% of data was used for testing of 

the model. This was done in the MATLAB environment. ANFIS, along with a subtractive clustering 

method, was employed for the scour depth prediction using Densimetric Froude number (Fd), relative crest 

width (b/z), relative tail water depth  (yt/y0)
 , relative sediment size  (d90/d50)

 and  aspect channel width ratio  

(b/B) as inputs and the relative scour depth (ds/z) as output. The optimum value of cluster radius was 

determined by trial and error based on the criterion of the maximum correlation coefficient and minimum 

root mean square error. In the present analysis we got its value to be 0.555 for which the optimum number of 

rules obtained was only 4. The study showed that a smaller value of the cluster radius results in a large 

number of clusters leading to a larger number of rules, and vice versa. Larger numbers of rules take longer 

for calculations and it gives better prediction. However, the improvement is seen to be not a substantial one. 

Figures 2 (a) and 2(b) depict the details of the initial and final membership functions (MFs), 

respectively. The initial and final MFs of each of the input parameters (Fd, b/z, yt/yo, d90/d50 and b/B) may be 

compared with each other. It may be observed that there is a drastic change in the shape of Fd and b/B, a 

moderate change in yt/yo and d90/d50, and a slight change in b/z. The change in the shapes of MFs for an input 

after training reflects its influence on the output. 

Brief details of the ANFIS parameters for the present problem have been shown in Table 6. The 

performance of the ANFIS was assessed qualitatively, shown in Figure 3(c), and quantitatively in Table 7, 

both for training and validation processes. It can be clearly observed from these that the performance for 

ANFIS-based modeling is satisfactory and better. 

 

3.8 A comparative study  

A comparative study for the various scour prediction models at the control structures has also been 

made and the performance of each prediction model is shown in Table 8. This table indicates that the 

performance of ANFIS model is the best among the other prediction models under considerations 

(regression, ANN (FFBP), ANN (RBF) and GRN prediction models). 

 

3.8 Sensitivity Analysis 
The sensitivity tests are commonly carried out to ascertain the relative significance of each of the 

independent parameters on the dependent parameters. All the independent parameters reconsidered in turn in 

the sensitivity analysis. 

The results of sensitivity analysis for the input scour parameters are shown in Table 9. The table 

indicates that b/z and Fd have the significant effect whereas yt/yo, d90/d50 and b/B have the least effect on the 

scours depth (ds/z). 

 

4 CONCLUSIONS 

An attempt was made to assess the performance of the ANFIS prediction models over the regression 

method (RM) and the artificial neural networks (ANN) with FFBP, FFCC, RBF and GRNN training 

algorithms using adequate size of laboratory data for scour depth prediction downstream of the grade-control 

structures. The ANN models were found to be better in performance as compared to the regression models. 



European International Journal of Science and Technology                       Vol. 2 No. 6                    July 2013 

 
 

129 

In the case of ANN models, the Generalized Regression Neural Networks (GRNN) was found to be the best 

among the other training algorithms of ANN. The performance of ANFIS has been found to be better than 

the ANN with all four training algorithms (FFBP, FFCC, RBF and GRNN). The results of sensitivity 

analysis for the input scour parameters indicate that b/z and Fd have the significant effect whereas yt/yo, 

d90/d50 and b/B have the least effect on the scours depth (ds/z).  
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Fig. 1 Definition sketch for scour downstream of the grade control structures 
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Fig. 2 Details of (a) Initial member functions and (b) Final membership functions (Df indicates degree 

of membership functions) 
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Fig. 3 A comparison between relative observed and predicted scour depth for (a) REGRESSION (b) 

GRNN model (c) ANFIS model 

 

 

Table 1: Range and statistics of the various scouring parameters 

X↓↓↓↓ Data range  statistics 

Minimum  Maximum Mean  COV 

ds/z 0.08 25.20 2.33 1.72 

Fd 0.32 3.17 1.65 0.45 

b/z 0.21 18.20 2.99 1.33 

yt/y0 0.27 7.72 2.33 0.51 

d90/d50 1.53 5.27 2.76 0.48 

b/B 0.30 1.00 0.73 0.35 

 

 



European International Journal of Science and Technology     ISSN: 2304-9693   www.cekinfo.org.uk/EIJST 

 
 

134 

Table 2: Correlation Matrix for the various scour parameters for the total data

X→→→→ 

↓↓↓↓ 
ds/z Fd b/z yt/y0 d90/d50 b/B 

ds/z 1.00 -0.25 0.86 -0.31 0.70 0.54 

Fd -0.25 1.00 -0.48 0.058 -0.62 -0.67 

b/z 0.86 -0.48 1.00 -0.35 0.73 0.66 

yt/y0 -0.32 0.08 -0.35 1.00 -0.37 -0.25 

d90/d50 0.70 -0.62 0.73 -0.37 1.00 0.87 

b/B 0.54 -0.67 0.66 -0.25 0.87 1.00 

 

Table 3: Performance of Regression prediction models 

Index →→→→ r mpe mad rmse 

Training 0.99 -4.26 21.40 0.56 

Validation 0.98 -12.46 28.53 0.85 

Note: r= correlation coefficient; mpe=mean percentage error; mad=mean absolute deviation; rmse=root 

mean square error 

 

Table 4: Details of Various ANN Prediction models 

ANN Models ANN Architecture ANN parameters 

FFBP 3-6-1 µ= 0.001 

FFCC 3-6-1 µ= 0.001 

RBF 3-8-1 Spread=1.70 

GRNN 3-8-1 Spread=0.25 

 

 

Table 5 (a): Performance of ANN prediction models in training 

Index →→→→ r mpe mad rmse 

FF BP  0.99 -11.68 41.17 0.60 

FFCC 0.98 -17.00 76.33 0.75 

RBF  0.98 -16.95 40.03 0.72 

GRNN  0.99 -11.08 23.21 0.50 

Note: r= correlation coefficient; mpe=mean percentage error; mad=mean absolute deviation; rmse=root 

mean square error 

 

Table 5 (b): Performance of ANN prediction models in validation 

Index →→→→ r mpe mad rmse 

FFBP  0.98 -21.93 43.55 0.83 

FFCC 0.98 -26.12 94.78 0.88 

RBF  0.97 -14.65 40.86 0.90 

GRNN model 0.98 -16.26 38.88 0.90 

Note: r= correlation coefficient; mpe=mean percentage error; mad=mean absolute deviation; rmse=root 

mean square error 
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Table 6: Details of parameters for ANFIS model 

S.No. Parameters Number S.No. Parameters Number 

1 Number of nodes 56 5 Number of training 

data pairs 

159 

2 Number of linear parameters 24 6 Number of checking 

data pairs 

39 

3 Number of nonlinear parameters 40 7 Number of fuzzy rules 4 

4 Total number of parameters 64 8 optimum value of 

cluster radius 

0.555 

 

Table 7: Performance of ANFIS prediction models 

Index →→→→ r mpe mad rmse 

Training 0.99 -6.39 21.33 0.39 

Validation 0.98 -12.9 30.22 0.71 

 

 

Table 8: Performance of various prediction models 

Prediction models↓ Performance index → r mpe  mad rmse 

REGRESSION MODEL Training 0.98 -13.76 34.95 0.83 

Validation 0.97 -18.88 43.88 1.02 

ANN MODEL (FFBP) Training 0.99 -11.68 41.17 0.60 

Validation 0.98 -21.93 43.55 0.83 

ANN MODEL (FFCC) Training 0.98 -17.00 76.33 0.75 

Validation 0.98 -26.12 94.78 0.88 

ANN MODEL (RBF) Training 0.98 -16.95 40.03 0.72 

Validation 0.97 -14.65 40.86 0.90 

ANN MODEL (GRNN) Training 0.99 -11.08 23.21 0.50 

Validation 0.98 -16.26 38.88 0.90 

ANFIS  Training 0.99 -6.39 21.33 0.39 

Validation 0.98 -12.97 30.22 0.71 

Note: r= correlation coefficient; mpe=mean percentage error; mad=mean absolute deviation; rmse=root 

mean square error 
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Table 9: Sensitivity analysis 

Performance index →→→→ r mpe mad rmse 

Without b/B Training 0.98 -11.67 51.53 0.70 

Validation 0.98 -11.94 51.48 0.88 

Without d90/d50 Training 0.98 6.02 41.01 0.73 

Validation 0.98 -11.31 40.63 0.85 

Without yt/y0 Training 0.98 -7.07 25.41 0.83 

Validation 0.98 -17.38 50.98 0.97 

Without  b/z Training 0.92 -17.94 41.58 1.57 

Validation 0.94 -26.59 47.03 1.43 

Without  Fd Training 0.94 -24.86 51.16 1.33 

Validation 0.93 -30.00 65.94 1.54 

Full parameters Training 0.99 -6.39 21.33 0.39 

Validation 0.98 -12.97 30.22 0.71 

Note: r= correlation coefficient; mpe=mean percentage error; mad=mean absolute deviation; rmse=root 

mean square error 

 


