[bookmark: _GoBack]Forecasting Hysteresis Behaviours of Magnetorheological Elastomer Base Isolator Utilizing a Hybrid Model Based on Support Vector Regression and Improved Particle Swarm Optimization

Yang Yu, Yancheng Li and Jianchun Li

Centre for Built Infrastructure Research, School of Civil and Environmental Engineering, Faculty of Engineering and Information Technology, University of Technology, Sydney, Australia


Abstract
Due to its inherent hysteretic characteristics, the main challenge for application of magnetorheological elastomer (MRE) base isolator is the exploitation of the accurate model which could fully describe its unique behaviour. This paper proposes a nonparametric model for MRE base isolator based on support vector regression (SVR). The trained identification model is to forecast the shear force of the MRE base isolator online thus the dynamic response from the MRE base isolator can be well captured. In order to improve the forecast capacity of the model, a type of improved particle swarm optimization (IPSO) is employed to optimize the parameters in SVR. Eventually, the trained model is applied to the MRE base isolator modelling with testing data. The results indicates that the proposed hybrid model has better generalization capacity and better recognition accuracy than other conventional models, and it is an effective and suitable approach for forecasting the behaviours of MRE base isolator.
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1. Introduction

Currently, a novel adaptive magnetorheological elastomer (MRE) base isolator has been developed as one of the most promising devices for vibration control and seismic protection [1, 2]. Compared with traditional base isolation devices, this new isolator is able to instantaneously change its stiffness due to the field dependent property of the MRE material, which is primarily made up of elastomer matrix and magnetic iron particles [3, 4]. When external magnetic fields are applied to the composite, the generated forces among the particles can alter the damping and shear modulus properties. This characteristic makes the MRE-based devices more effective and superior in vibration control in structures. Related research shows that in a full scale base isolator with 45 layers of MRE, the stiffness can rise about 38% [5].

The main function of the MRE isolator in a base isolation system is to decouple the harmful vibration in order to maintain the protected structure undamaged. Through the feature recognition of the coming earthquake, the device can rapidly regulate the stiffness and damping properties to prevent resonance and protect the structure via the assistance of a control system. To make best use of this unique benefit of this device, a robust and reliable model should be designed for the development of the control system. Some studies and contributions have been reported in this domain. Nevertheless, there is still a long way to go since describing the nonlinear and hysteretic behaviours of the MRE base isolator is a challenging modelling task.

Up to present, there are relatively few studies on modeling of MRE devices. Chen et al. devised a linear rheological model to predict the MRE property running at different loading frequencies, strain amplitudes and magnetic conditions [6]. In [7] and [8], to obtain the responses of the MRE-based isolator with variable stiffness and damping (VSDI), Behrooz et al. proposed a phenomenological model composed of two viscous dampers, three springs and a Bouc-Wen component. Besides, Yang et al. studied the field-dependent stiffness/damping features of the MRE base isolator and presented a Bouc-Wen based model to portray its unique dynamic behaviors [9]. Li et al. proposed an improved strain stiffening model consisted of a three-parameter solid model together with a modified Maxwell model [10, 11]. This model can better portray the nonlinear viscos-elastic behavior of the MRE base isolator but two differential equations in the model increase the model complexity. To reduce the difficulty for model identification, Yu et al. developed a novel hyperbolic function based hysteretic model, in which a sine hyperbolic function is adopted instead of the differential equations in Bouc-Wen and strain stiffening models [12]. However, all the models mentioned above belong to the parametric models, which demand the assumption of the structure of the MRE device to forecast its nonlinear behaviour. If the model is determined, its parameter values are usually identified by minimizing the error between the experimental and reconstructed responses. This type of modelling method will be divergent, once the initial assumption of the model structure is incorrect or the improper constraints are imposed on the parameters. This will result in the unrealistic values of parameters obtained such as negative stiffness and damping, which will influence the robustness of the control system. 

The drawbacks in the parametric models give rise to the potential of developing novel modelling method, such as nonparametric model, in which the parameters have not any physical meanings. Although none of studies have been reported on nonparametric modelling of MRE-based devices, it is worth referring that some artificial intelligence approaches have been developed and successfully applied to the modelling of other MR devices, i.e. MR damper. Troung et al. designed a nonlinear black box based models with self-learning ability to identify the MR fluid damper, and had applied them to the vibration control systems using MR damper [13, 14]. Moreover, they also studied the center average fuzzy interference system for modelling the MR damper as an alternative approach [15]. On the other side, Wang et al. explored the forward and inverse modelling for MR dampers, and utilized the feed-forward and recurrent neural networks (NN) to forecast the damping force and the command voltage of the device, respectively [16]. However, the networks need two or more time delays in the input vector, which will increase the complexity of the network configuration as well as the calculation time.  Tudon-Martinez et al. presented an improved artificial NNs based model to describe the MR damper. This model, without any time delay of input, just requires one additional sensor to record the current signal, and is easy to practical implementations [17]. Although NN is promising in the field of modelling study, it  still suffer from a series of problems, such as network configuration, optimization of weights and threshold as well as a large number of training samples.

Alternatively, to deal with the pitfalls in NN, a new artificial intelligence approach called support vector machine (SVM) was introduced, which is on the basis of the structural risk minimization principle [18, 19]. Different from the minimization of the training error, the SVM tries to minimize an upper bound of the generalization error. This principle  utilises the summation of the training error and a confidence interval term as the boundary of the generation error. To acquire the global optimal solution, the quadratic programming problems are linearly tackled in the higher dimension compared with its initial dimensional space. The SVM is initially designed for data mining and pattern recognition. Nevertheless, with incorporation of ε–insensitive loss function, this method has been developed to tackle the nonlinear regression problem, called as support vector regression (SVR), which has exhibited the great performance. In virtue of its promising generalization ability to the nonlinear regression estimation problem, SVR has been applied to both industrial and academic domains, and obtained excellent outcomes. 

In this study, to better forecast the unique nonlinear behaviour of the MRE base isolator, a SVR based model is proposed in accordance with the dynamic response and the supplying current. In this nonparametric model, the displacement and velocity of the device as well as the current are adopted as the inputs, while the shear force of the device is regarded as the output of the model. Figure 1 shows the overall structure of SVR-based model. To improve the accuracy of the model parameter identification, an improved particle swarm optimization (IPSO) is presented to identify these parameters, which enables all the parameters to arrive at their optimums in the meantime. Then, the trained SVR model is applied to forecast the shear force of the MRE base isolator according to the inputting displacement, velocity and applied current of the device. Finally, the proposed model is compared with other classical models such as the back propagation NN, Bouc-Wen and other SVR-based models, to validate the proposed model with the great predicting performance.



Figure 1. Structure of SVR-based model

The outline of the paper is given as follows: In Section 2, the improved particle swarm algorithm and support vector regression are introduced and the proposed hybrid model is also presented; Section 3 illustrates the experimental setup and evaluates the proposed hybrid model with some analysis; Finally, a conclusion is drawn in the last section.

2. Methodology

2.1 Improved Particle Swarm Optimization

Particle swarm optimization (PSO) is a newly developed evolutionary computational approach motivated by the social behaviours of bird flocking [20, 21]. By continually updating the exploring information of each particle, the PSO is regarded as a reliable way to search the optimal solution at a limited iteration number. In PSO, all the particles are allocated with different velocities which guide them to fly through the solution domain. In the meantime, the optimal solutions acquired by both individual and the whole swarm are recorded and utilized as the guidance for the following searching. The optimal solution can be eventually gained when the searching process arrives at its maximum iteration or meets some termination rule. The specific mathematical expression of PSO can be illustrated as following process: The population of animals consists of P particles and each particle is closely related two components: position xi and velocity vi. Initially, the positions and velocities of all the particles are randomly assigned by the vectors in the restricted scales. Then, the particles are assessed on the basis of values of the objective function of optimization problem. By comparing these function values, every particle stores itself optimal position as pbesti as well as the global optimal position as gbest. The searching process of PSO is demonstrated as:

                                      (1)
where w denotes the inertia weight factor; c1 and c2 denote the acceleration coefficients, represented by two constants; rand1 and rand2 denote random numbers between 0 and 1. Generally, the inertia weight factor is always defined as a linearly decreasing function, shown in equation (2):

                                                               (2)
where k and Niter denote the current and maximal iteration number, respectively; wmax and wmin denote two boundaries of inertia weight factor. However, this kind inertia weight factor is not very favorable for tracking a dynamical system, because it always keeps a slow variation rate in the iteration process and may lead to premature convergence.

To improve the algorithm convergence rate and avoid the particles trapping into the local optimum, a type of improved PSO algorithm is presented in this section. First, a self-adaptive inertia weight factor based on S-curve function is introduced to replace the traditional factor in PSO, described in Figure 2. It is obvious that S-curve function has the larger inertia weight with a slowly decreasing rate in the initial stage of search, and could reach its minimum more rapidly in the later stage. Here, the conductance function is adopted as the S-curve function due to its great convergence feature and its expression is [22]:

                                                        (3)
where k and Niter denote the current and maximal iteration number, respectively; a is a coefficient to control  the slope of the maximum & minimum switch zone, whilst b is used to adjust the level of the diffusion zone on the basis of gradient information.

In addition, acceleration coefficients c1 and c2 determine the influence of the particle and swarm experience on the flying track of the particle during the searching process, and reflect the information sharing between particles. In the new algorithm, the asynchronous variation acceleration coefficients are adopted as a novel parameter update method in PSO. Its principle is that in the early stage, the particles equip with strong self-learning ability and weak social cognitive ability, which is beneficial to the global search; for another, the weak self-learning ability and strong social cognitive ability permit the particles to fly towards the global optimum in the latter stage of the optimization process. The detailed expression is given as follows:

                                                             (4)
where and  denote the initial values of c1 and c2, respectively; and  denote the final values of c1 and c2, respectively; k and Niter denote the current and maximal iteration number, respectively.



Figure 2. Comparison between linearly decreasing and S-curve weights

Furthermore, to alleviate the particle’s flying velocity and avoid the oscillation when particles approaching to the global optimum, a constraint factor η is added to update the velocity of the particles. Finally, the update equations of velocity and position of particles for improved PSO can be expressed as:

                        (5)

2.2 Support Vector Regression

Support vector regression is regarded as a powerful method to deal with the regression problems, which is based on the structural risk minimization principle. So far, SVR has been successfully applied to the field of nonlinear system modelling. The main idea of SVR is illustrated as: Suppose there is a given training set , where xi and yi denote the input vector and the output (target) value, respectively; l is the total number of the data pattern. The objective of SVR is to design a regression model to perfectly portray the nonlinear relationship between input and output variables, and forecast the output result according to the new input samples. The expression of SVR function can be described by:

                                                                     (6)
where ϕ(x) is a nonlinear function in the high-dimensional characteristic space; w and b denote coefficients, which are able to be identified by minimizing the following function (regularized risk function):

                                       (7)
where   denotes the Euclidean norm which is used to prevent from over-fitting, C is a cost function to evaluate the empirical risk, ε denotes the difference between real values and estimated values by the regression function, and L(f(xi),yi) is defined as the loss function. In the above expression, C and ε are two parameters which can be set according to the user’s requirement.

To solve the w and b, two positive slack variables ξi and  are incorporated into (7) so that the problem is transformed to the following optimization problem:

                                                     (8)
In the above expression, ξi and  are used as the penalty terms to evaluate the distances between real values and related boundaries. Though incorporating the Lagrange function, a dual optimization problem is put forward as the solution of a nonlinear representation, described as:

           (9)
where ai and  denote the Lagrange multipliers, in which the only nonzero terms are beneficial to the regression line prediction. And these terms are marked as support vectors.

Eventually, the optimal nonlinear regression function (hyper-plane) can be obtained by utilizing above minimization function:

                                                               (10)
where k(xi,x) denotes the kernel function, which plays an important role in building the optimal hyper-plane. The conventional kernel functions include linear function, polynomial function, radial basis function and sigmoid function. Different kernel functions have different parameters, which correlate the configuration of the feature space as well as the solution complexity. The concept of SVR could be demonstrated in Figure 3.



Figure 3. The concept of SVR model

2.3 Hybrid SVR_IPSO Model

2.3.1 Scheme for SVR Modelling

To build a reliable and effective SVR model, parameters in SVR need to be assigned properly. Improper values of parameters may result in under-fitting or over-fitting. Different parameter combination could lead to noticeably distinct performance of trained models. Hence, searching for optimal values of parameters is a significant step in devising the SVR model. Here, the SVM parameters are:
1) Regularization parameter C: C is a parameter to adjust the tradeoff cost between the complicity of the model and the training error.
2) Kernel function parameter: the kernel function plays an important role to set up the optimal hyper-plane on the input domain. In this work, radical basis function (RBF) are selected due to its great forecast capacity and few parameter , which is defined as:

                                                               (11)
where σ denotes the parameter variable of RBF kernel function.
3) ε-insensitive loss function: ε is a parameter to tune the size of the ε-insensitive region, which is utilized to match the training samples. The value of ε is able to influence the support vector’s number to build the regression function.
The effectiveness and generalization ability of the SVR model rest with the parameters mentioned above. In order to obtain the satisfactory forecast results, the parameters require to be chosen properly before modeling. Therefore, a robust and effective parameter optimization approach needs to be explored to acquire a well performing SVR model.

2.3.2 Construction of Objective Function

Parameter optimizing of the SVR model can be regarded as solving a minimization optimization problem. The critical factor for dealing with such a problem is to construct a reasonable objective (fitness) function. In this paper, the root mean square error (RMSE) of 10-fold cross validation is utilized as the criteria to assess the fitness of the model, defined as:

                                                (12)
where Fpre and Fexp denote the experimental and forecasted data, respectively; n denotes the number of the training samples.

2.3.3 Process of Modelling

In the proposed SVR_IPSO model, the parameters in SVR are searched for their optimums by using the IPSO algorithm in Section 2.1. Then the model is constructed on the basis of these optimal parameters for forecast task. In other words, the IPSO algorithm attempts to explore the optimal parameters to guarantee the SVR model to fit the training samples with minimal RMSE error. The specific process of SVR_IPSO modeling is composed of the following steps:
        Step 1. Chose the kernel function and initialize the parameters of SVR model: RBF function, C, σ and ε.
        Step 2. Initial parameters of IPSO algorithm, including particle population size P, the maximal      allowable velocity vmax, the maximal iteration number Niter, constraint factor η and so on.
        Step 3. Randomly assign the position and velocity vectors of each particle by the following equation:

                                                             (13)
where xu and xl denote the upper and lower boundaries of the estimated parameter vector, respectively.
         Step 4. Input the training data and corresponding outputs and calculate the fitness value of each particle. Evaluate and record the pbesti and gbest according to the following equation:

                                             (14)

      
Figure 4. Modeling process of the proposed model
  Step 5. Check the termination rule. There are several rules available to terminate the PSO algorithm. Here, the maximal iteration is regarded as the stopping condition. If the condition is satisfied, the calculation will be terminated, gbest is stored as the best solution and the operation will go to Step 7. Or else, repeat Steps 4-6.
        Step 6. Update the velocity and position of each particle according to equations (3), (4) and (5).
        Step 7. Set up the forecast model according to the optimal values of C, σ and ε
        Step 8. Save the optimal parameters and trained model, and the modeling process is finished.

In conclusion, the modeling process of the proposed hybrid model can be illustrated in Figure 4.

3. Case Study

3.1 Experimental Setup

To effectively evaluate performance of the proposed model to predict the nonlinear responses of the MRE base isolator, several cases of experiments are carried out on a uniaxial shake table, which is able to afford the lateral loadings in both dynamic and static modes. The principle and configuration of testing system are described in Figure 5 [1]: a MRE base isolator is installed on the shake table and moves along with the shake table’s motion. A load cell, with 300N capacity, is connected with a fixed reaction rig to gauge the later load applied to the device. During the experiment, the top plate of the MRE base isolator and the load sell remain motionless thus eliminating the undesirable inertia force in the measurement. A DC power supply, with a capacity of 240V and 5.3A, provides DC current to energize the magnetic coil. A slider is utilized to adjust the applied current to the magnetic coil and a multi-meter is also utilized to monitor the current output from the slider during the experiment.   

In the experiments, various sinusoidal excitations are selected to drive the device. In this work, three frequencies (1, 2 and 4Hz) are chosen for loading the base isolator under three amplitudes (2, 4 and 8mm) and four current levels (0, 1, 2 and 3A). The sampling frequency for data acquisition is set as 256Hz. 
[image: ]            [image: D:\MRE project\Experimental testing\comprehensive testing\photo\testing setup2.JPG]
                        (a) Experimental setup diagram                (b) MRE base isolator during experiments
Figure 5. Experimental setup and testing of MRE base isolator [1]

Then, in accordance with three different loading frequencies, three SVR_IPSO models are built for forecasting the behaviours of MRE base isolator, denoted as Model 1, Model 2 and Model 3. All models are achieved by the Matlab program. The algorithm parameter values of IPSO are set as: P=20, vmax=2, a=0.25, b=4, 0,  =1.9,  =1.1, =1.9, η=0.85 and Niter=100. The sampling data in each excitation are divided into two sets: the data from the first cycle are utilized as the training set for model training while the data from the second cycle are used as testing data to evaluate the forecast abilities of the SVR_IPSO models. So as to remove the influence of different data dimensions, before model training, the normalization operation is conducted for both training and testing data sets. Here, the max-min normalization method is adopted to scale all the data between 0 and 1. The detailed formula is given as:

                                                                   (15)
where xi is the ith raw data, and  xmax and xmin denote the maximal and minimal values of the data set.

3.2 Modelling and Forecasting Result

The training samples are inputted into the proposed hybrid model and the ISPO algorithm is applied to search the optimal values of parameters (C, σ and ε) by using 10-fold cross validation. Figures 6-8 show the convergence rates of IPSO and parameter variation for three models during the iteration process. It is obvious that the optimal fitness of swarm declines with the addition of the iteration though some fluctuations exist in the mean fitness of swarm during the search process. Besides, when the loading frequency gradually increases, the IPSO requires more generations to search for the optimal values of parameters.  Further, different parameters have different convergence rates in the same model. It is clearly observed that σ and ε can quickly arrive at their optimums while C requires over 70 generations in all three models.

Table 1 shows the optimal parameter values for three models searched by IPSO. In the following, the optimal parameters are used to train the SVR models. Then, the testing samples are utilized for verifying the forecast performances of the trained models. Figure 9 gives both training set and testing set regression results of three SVR_IPSO models. Figures 10-12 describe the experimental and predicted force-displacement/velocity responses under various loading conditions. It is obvious that although some imperfections exist in the strain-stiffening regions, the forecasted responses perfectly fit the experimental data in general. This is mainly because the proposed hybrid models have strong learning ability for limited samples and realize the great generalization performance at the same time.

Table 1. Optimal values of parameters in SVR_IPSO models
	Parameter
	Model 1
	Model 2
	Model 3

	C
	92.5208
	50.9585
	79.6118

	σ
	1.9176
	1.4731
	0.89

	ε
	0.01
	0.01
	0.0102






           
(a) Convergence rate                                                         (b) Parameter alteration
Figure 6. Convergence rate and parameter alteration curves for Model 1



           
  (a) Convergence rate                                                         (b) Parameter alteration
Figure 7. Convergence rate and parameter alteration curves for Model 2



            
       (a) Convergence rate                                                   (b) Parameter alteration
Figure 8. Convergence rate and parameter alteration curves for Model 3
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    (a) Model 1                               (b) Model 2                                        (c) Model 3
Figure 9. SVM_IPSO model forecast results for training and testing sets
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(a) Force-displacement responses/2mm (b) Force-displacement responses/4mm (c) Force-displacement responses/8mm
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(d) Force-velocity responses / 2mm   (e) Force-velocity responses / 4mm   (f) Force-velocity responses / 8mm
Figure 10. Comparison between experimental and forecasted responses under 1Hz frequency sinusoidal excitation.
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(a) Force-displacement responses/2mm (b) Force-displacement responses/4mm (c) Force-displacement responses/8mm
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(d) Force-velocity responses / 2mm   (e) Force-velocity responses / 4mm   (f) Force-velocity responses / 8mm
Figure 11. Comparison between experimental and forecasted responses under 2Hz frequency sinusoidal excitations.
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(a) Force-displacement responses/2mm (b) Force-displacement responses/4mm (c) Force-displacement responses/8mm
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(d) Force-velocity responses / 2mm   (e) Force-velocity responses / 4mm   (f) Force-velocity responses / 8mm
Figure 12. Comparison between experimental and forecasted responses under 4Hz frequency sinusoidal excitations.

In order to further demonstrate the ability of the proposed SVR_IPSO model in depicting the nonlinear behaviours in MRE base isolators, more groups of comparisons between experimental and forecasted responses are undertaken under different loading conditions. Figure 13 illustrates the predicted force-displacement/velocity loops to match the experimental responses under 2Hz frequency, 3A current for three amplitudes (2, 4 and 8mm).  The result clearly shows that the experimental data are modelled very well. The close observation of the forecasted responses reveals that efficient stiffness mildly declines with the increase of the loading amplitudes, which means that the proposed SVR_IPSO model can effectively portray the Mullins phenomenon exhibited in experimental measurements. Figure 14 shows the gauged force-displacement responses via driving the device with the 8mm amplitude, 2Hz frequency harmonic excitations under 1, 2 and 3 A currents. The comparison results demonstrate that the proposed model is capable of depicting the added nonlinear characteristic of the MRE base isolator with the ascending current. Especially, the forecasted data perfectly matched its strain-stiffening behaviour in every hysteretic loop. Figure 15 displays the new predictions of force-displacement/velocity loops with the varied excitation frequencies. It is obviously noted that the frequency has little effect on the efficient stiffness and maximal shear force. Same as the current, the increasing frequency can result in the increase of the nonlinearity of force-velocity loops. 


      
(a) Force-displacement responses                                           (b) Force-velocity responses
Figure 13. Comparisons between experimental and forecasted data with different loading amplitudes.



    
(a) Force-displacement responses                                           (b) Force-velocity responses
Figure 14. Comparisons between experimental and forecasted data with different magnetizing currents.



       
(a) Force-displacement responses                                           (b) Force-velocity responses
Figure 15. Comparisons between experimental and forecasted data with different excitation frequencies.

3.3 Model Performance Analysis

In order to evaluate the efficiency of the proposed model, the predicting results are compared with several conventional models, such as back propagation neural network and Bouc-Wen models. Besides, for illustrating the benefit of the IPSO algorithm in model parameter optimization, the predicting results of standard SVR model and modified SVR models optimized by grid search (GS), genetic algorithm (GA) and PSO are also demonstrated comparatively. Here, mean absolute deviation (MAD), mean square error (MSE), mean absolute percentage error (MAPE), mean forecast error (MFE), error to signal ratio (ESR) and squared correlation coefficient (SCC) are selected as performance indexes to comprehensively assess the model’s forecasting capacity. The detailed expression and meaning of each index is given in Table 2.

Table 2. Expression of performance evaluation indexes.
	Metrics
	Formula
	Requirement

	MAD
	

	The smaller the better

	MSE
	

	The smaller the better

	MAPE
	

	The smaller the better

	MFE
	

	The smaller the better

	ESR
	

	The smaller the better

	SCC
	

 
	The lager the better







(a) MAD index                                   (b) MSE index                               (c) MAPE index




(d) MFE index                                   (e) ESR index                                 (f) SCC index
Figure 16. Comparison of performance indexes in Model 1

Figures 16-18 exemplify the index values of different forecasting models under three cases of excitation frequencies. It is obviously noted that the proposed model has provided highly more effective performance and generalization capacity as well as higher forecasting accuracy than BPNN and Bouc-Wen model. There are two main reasons contributing to this phenomenon: 1) The weight optimization of BPNN usually adopts the gradient descent method, which belongs to the local search and leads to slow convergence and low recognition accuracy; 2) Due to the nonlinear differential equations in Bouc-Wen model, the optimal model parameters become difficult to be identified, which brings about the larger estimation errors. For the SVR models, relative differences of MAD, MSE, MAPE and ESR between the standard SVR model and the proposed model are 24.28%, 45.16%, 20.87% and 48.48% in the case of 1Hz excitation frequency, 35.5%, 50.17%, 10.05% and 53.33% in the case of 2Hz excitation frequency, and 28.55%, 40.13%, 20.95% and 45% in the case of 4Hz excitation frequency. Compared with other SVR based models, the proposed SVR_IPSO model has optimal values in most evaluation indexes under all cases of excitation frequencies. Although SVM and BPNN models have smaller MEF errors than our model in some cases, it does not mean that they have higher accuracy in shear force prediction. This is mainly because that the MFE index can but judge the unbiasedness of the prediction model rather than deviation between the experimental and forecasted data. Therefore, any one index is unable to appraise the model comprehensively and it is necessary to combine all indexes together for model performance evaluation. To sum up figures 16-18, it is obvious that the result of application of the proposed hybrid model based on the SVM_IPSO to the MRE base isolator modelling indicates its feasibility and effectiveness.




  
(a) MAD index                                   (b) MSE index                               (c) MAPE index




(d) MFE index                                   (e) ESR index                                 (f) SCC index
Figure 17. Comparison of performance indexes in Model 2




  
(a) MAD index                                   (b) MSE index                               (c) MAPE index




(d) MFE index                                   (e) ESR index                                 (f) SCC index
Figure 18. Comparison of performance indexes in Model 3

4. Conclusion

This paper presents a hybrid SVR based model to predict the inherent hysteresis behaviours of the MRE base isolator. In order to improve the stability and reliability of the forecast model, the parameters of SVR should be assigned carefully. Therefore, the PSO algorithm, incorporated with 10-fold cross validation, has been applied to search for the best values of parameters in the SVR model. In view of the drawbacks in original PSO, some modifications are carried out for the new algorithm: a self-adaptive inertia weight factor based on the S-curve function is introduced to enhance the algorithm convergence; an asynchronous update mechanism for acceleration coefficients are also presented in case of particles trapping into the local optimum; a constraint factor is used to adjust the flying velocity of particles to avoid the oscillation in the later stage of optimization process. To evaluate the performance of the proposed model, a series of experiments are undertaken to collect the testing data for model training and testing. Several models, such as traditional models as well as other SVR based models are also utilized for performance comparison to elaborate the superiority of the proposed model. The results show that the proposed approach of SVR_IPSO exhibits the excellent generalization performance of hysteretic characteristic forecast of MRE base isolator in various loading conditions. Moreover, the hybrid model has been provided with benefits of high robustness and strong learning ability for limited samples, and has great forecast results in MAD, MSE, MAPE, MFE, ESR and SCC.
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