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Summary: The safety control of dam is supported by monitoring activities and is based on mathematical models. The variations of hydrostatic pressure and temperature are the main variables that should be taken into account when analyzing the results of the concrete dam observations. Deterministic models based on mechanical principles are often difficult to construct. Statistical procedures, such as multiple linear regression (MLR), have been applied to dam safety to determine the influence of external loads on the structure deformation. The relations between the loads and dam behavior are nonlinear. Radial basis function (RBF) neural network can be successfully applied to function approximation, forecast, and dynamic systems identification. Neural network modeling from measured data is effective tool for the approximation of uncertain nonlinear systems. This paper presents novel approach based on the use of RBF network to estimate dam behaviour. Mathematical models based on experimental data are developed. MLR and RBF neural network models for prediction of dam behaviour have been compared with the measured data on the basis of correlation coefficient.
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1. INTRODUCTION
The variations of hydrostatic pressure, temperature and other unexpected unknown causes, such as the time effects, are the main variables that should be taken into account when analyzing the behaviour of the dam. Different models have been developed and used to analyze dam behaviour. These are grouped into two general categories: deterministic and statistical models, [1]. The deterministic modeling requires solving differential equations for which closed form solutions may be difficult or impossible to obtain, [2]. The advantages of the statistical method, such as multiple linear regression, consist in simplicity of formulation and speed of execution. 
The radial displacement of one or several points of the dam is is an important behaviour indicator. The radial displacement in any point of the dam is nonlinear function of hydrostatic pressure and temperature and other unexpected unknown causes. One of successful neural network applications is to model complex nonlinear behaviour.
Mata [3] compared multiple linear regression and multilayer perceptron (MLP) neural network models for the prediction of the upstream–downstream displacement of arch dam recorded by a pendulum. The models are generated on the basis of experimental data of time histories of reservoir level and external temperature and of structural responses. An improved neuro-wavelet modeling methodology to model and forecast the horizontal displacement of the dam was applied by Cao et al., [4].
The aim of this paper is to construct a MLR and RBF neural network models to predict the radial displacement of arch dam and demonstrate its application to identifying complex non-linear relationships between input and output variables.
The RBF neural network has the capability of universal approximation [5-7] as multilayer perceptron. In most of the literature, RBF neural networks are considered as a smooth transition between fuzzy logic and neural networks. RBF network is especially interesting because of their simple but adaptive structure and effective learning ability. Although RBF networks usually need more neurons in hidden layer than MLP, they are easier to initialize and train than MLP networks [5].

2. CASE STUDY 

The Bocac dam, on river Vrbas, is a medium size dam (Fig. 1). 
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Fig. 1 Upstream face of dam and cross-section through block 8
Dam is located in Republic Srpska about of 25 km from the city of Banja Luka. The dam was constructed between 1976 and 1981. It is a double curvature arch dam and height is 66 m, crest length 221.4 m. The crest thickness is 3m-13m while the maximum thickness of the dam base is 14.4m. The minimum, normal and maximum operating levels are 254, 282 and 283 m above sea level (asl), respectively. The total capacity of reservoir is 
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. The dam is equipped with a monitoring system to measure a particular parameters, such as: concrete, water and air temperatures, reservoir water level, horizontal and vertical displacements, rotations, foundation displacements, movements of joints, strain, stress, uplift pressure, foundation displacements and seepage.
The three pendulums were installed to measure radial and tangential deformations. In this paper it is analyzed the radial displacement of point V1 at block 8 with the proposed methods. A data set  include 392 data samples. The available set of data was divided into two sections as training and test set. Data from January 2000 to December 2008 are used to train, and data from January 2009 to December 2010 are used to test, (Fig.2).
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Fig. 2 The radial displacement of the point V1 at block 8
3. Overview of the MLR, RBF neural network
3.1 Multiple linear regression
Consider a training data set 
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 is a vector of input variables and 
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 is the corresponding output value, 
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 is the number of training data points.

The multiple linear regression model is given by:
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where 
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 represent unknown parameters.

The 
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 can be estimated by minimizing the sum of the squares of the errors:
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where
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 denote the MLR output value from the i-th input element:
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The matrix form Eq. 2 is:
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where: 
[image: image16.wmf]éù

êú

êú

=

êú

êú

êú

ëû

L

L

MMMMM

L

11211

12222

12

1

1

1

N

N

ppNp

xxx

xxx

xxx

X

, 
[image: image17.wmf]{

}

bbb

=

01

...

T

N

β

,  
[image: image18.wmf]{

}

=

12

...

T

p

yyy

y


The least squares estimator of 
[image: image19.wmf]β

 is given by:
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3.2 RBF network

RBF network consists of one hidden layer and takes Gaussian functions as its basis functions. The typical structure of an RBF network with N inputs, s hidden neurons and one output is shown in Fig. 3.
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Fig. 3  Structure of RBF neural network

The inputs 
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 are applied to all neurons in the hidden layer. The output 
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where:
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 is center of the Gaussian functions for i-th hidden neuron and 
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, where sp  is the radius or spread of all radial basis functions.

The output of the RBF neural network is given by:
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where 
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 is the weight from the i-th hidden layer neuron to the output neuron and 
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 is the bias at output neuron.

There are different learning strategies which can be used to design of an RBF network, depending on how the centers of the radial basis functions of the network are specified. The most popular existing learning strategies include: fixed centers selected at random, self-organized selection of centers, and supervised selection of centers. In this paper, the first strategy is used to determine the parameters of the RBF network. The learning method requires training data set. In this method, the centers of the Gaussian functions 
[image: image33.wmf](

)

w

,1

ij

 are randomly selected from the training data set. Spread of radial basis functions sp is important parameter for constructing an RBF neural network. If spread is small, the RBF is very steep so that the neuron with the weight vector closest to the input will have a much larger output than other neurons. A larger spread leads to a large area around the input vector where hidden neurons will respond with significant outputs. In this paper the Matlab Neural Network Toolbox is used for the implementation of the RBF network. The Matlab function newrb is applied.
After obtaining 
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 and bias 
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 are determined using multiple linear regression techniques.
4. SIMULATION RESULTS 

Statistical model gives the displacement as the sum of three terms: the first is related to the hydrostatic pressure, the second term takes into account function of time and the third term is due to air temperature change. The general statistical model used for the prediction of the displacement of a point in a dam is:
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where 
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 is water level, t is the elapsed time expressed in years, 
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 is the season varying between 0 and 
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, j represents the number of days since January 1st.

The input variables (
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The MLR model for the prediction of the radial displacement of point V1 is:
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It can be seen from Eq. (10) that the elapsed time did not have a significant effect on the radial displacement of point V1. Correlation coefficients of 0.9595 for the training and 0.9748 for the test set are obtained between the measured and MLR modeled values of the radial displacement.
Based on the MLR analysis results, the inputs of the RBF model are the 
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. The output of the model is the radial displacement of point V1. Different models were constructed and tested in order to determine the values of sp and goal. The spread and goal are varied from 1 to 2 and from 0.05 to 0.1, respectively. It is found that RBF with spread equal to 1.7 and goal equal to 0.07 produced the correlation coefficients of  0.9637 and 0.9766 between the predicted and the measured values of the radial displacement of point V1 for the training and test sets, respectively.
5. CONCLUSION 
In this paper, RBF neural network and MLR model were developed to predict the radial displacement of the arch-dam. The performance of the RBF network and MLR model were tested using correlation coefficients. Results of simulation, presented in this paper, show that the application of the neural network to prediction of radial displacement gives a slightly higher coefficient of correlation values for training and test sets. Proposed approach based on RBF network can be a very efficient tool and useful alternative for the computation of seepage, stress, or crack opening of dam.
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