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Abstract — Time series analysis develops models that can establish the relationship between different variables. For nonlinear 
systems using time series analysis we propose to combine the 4 techniques of: i) Radial Basis Function (RBF), ii) artificial neural 
networks, iii) adaptive control and iv) optimization, and explore the design of robust control algorithms for uncertain nonlinear 
systems. Then, based on an improved RBF, the problems of prediction models using time series are investigated and lead to the 
design of a nonlinear system adaptive output feedback control algorithm without the need to add the state observer in the system 
control. The experiment shows that the prediction result of the improved method is better than the usual RBF network, the 
optimization method can confirm the stability of system and speed up the convergence rate of nonlinear model of time series 
analysis, which achieved a much better modeling and prediction accuracy than other existing models. 
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I. INTRODUCTION 
 
Prediction is one of the based function for time series 

analysis. People analyze a large amount of observation data 
in order to predicting the characteristic of the data in the 
future. More recently, inspired by the structure of human 
brain, Artificial neural networks have attracted considerable 
attention in various areas of science and engineering [1−2]. 
It has a simple three layers structure and this is the reason 
that they have a faster learning speed. for their advantages 
of better approximation capabilities, simpler network 
structures and faster learning algorithms, are therefore 
largely applied for  non-linear function approximation, data 
classification, risk assessment, systems modeling and 
control[3−4].it is sophisticated nonlinear modeling 
techniques capable of modeling complex functions through 
learning by example. its types vary from those with only 
one layer direction logic to complicated multi-layer multi-
input many directional feedback loop and layers, it has been 
successfully applied across an extraordinary range of 
problem domain. Time series are enjoying great success in 
almost all aspects of our lives. Their analysis comprises of 
methods for extracting meaningful statistics and other 
characteristics of the data and models for predicting future 
values based on previously observed values. Time series 
belong to a class of data, which has natural temporal 
ordering. In recent years, many models have been 
developed to address the problem of time series analysis. 
These models range from linear to nonlinear models. The 
performances of the proposed methods have been accessed 
through some well-know nonlinear time series and chaotic 
systems [5 - 6]. 

 
 
 
 

II. STRUCTURE OF THE MODIFIED RBF 
 
A.  A Brief Review of RBF Network 

 

 
Fig.1   RBF neural network structure diagram. 

 

RBF is a kind of three layer forward network consists of 
input layer, hidden layer, and output layer. Each dimension 
of the input vector corresponds to the input layer neuron. 
Each input layer neuron is connected to all the hidden layer 
neurons. Each neuron consists of a RBF function centered 
on the well-positioned points, called centers. The centers 
can be regarded as the nodes of the hidden layer. The center 
and the radius of function have a significant impact on the 
accuracy of a RBF network. The value coming out of a 
neuron in the hidden layer is multiplied by a weight 
associated with the neuron which adds up the weighted 
values and presents this sum as the output of the network. 
So it is not only simple in design but also has a high 
learning speed and local approximation [7]. Establishment 
of RBF network can be divided into three stages: Firstly, 
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calculate the parameter based on input samples; then 
calculate the weight by the least square method; at last 
adjust the parameters of the hidden and output layers to 
improve the precision based on the samples. In this study, 
RBF neural network is used to make multi-step prediction 
for chaotic time series and determine the embedding [8]. 
Fig.1 depicts the topology for a multi-input multi-output 

network. Assuming input vector is , and 

the p-th output   can be expressed as follows:  

 

                          (1) 

where d and p are the numbers of input and output 
variables, respectively. m represents the number of the 
neurons in the hidden layer. defines the weights 

between the corresponding hidden neuron and output. ci ,
is the width of function which is a measure of how the 
curve spreads,  is the radial basis activation function. 
Each hidden neuron corresponds to a radial basis function. 
The hidden neuron is a non-linear mapping which maps a 
multi-variable input to a scalar value. There are many radial 
basis functions to be considered, among which Gaussian 
function is the most popular and widely used. It is capable 
of universal approximation. So an RBF can be used to 
approximate the nonlinear function. The nonlinear functions 

of neurons in the hidden layer are chosen as a Gaussian 
function in this work: 

 

                                 (2) 

B.  Improved RBF Network Modeling  

The conventional strategy of training a network is easy 
to carry out, but such a network may lack good 
generalization properties. In order to alleviate these 
drawbacks associated with the traditional RBF, A improved 
method is proposed in which each center is optimized based 
on the optimized Gaussian kernel algorithm. It applies the 
gradient descent approach to optimize the parameters of 
RBF network. The initial values on which the gradient 
descent method depends are determined by traditional 
learning methods. The initial center values are obtained by 
using the original k-means clustering method. The 
model can vary its structure or update its parameters to 
maintain prediction accuracy. If the model residuals are less 
than the predefined value, the network parameters will be 
updated with model-correcting algorithm. Model-correcting 
algorithm does not change the network structure. It 
optimizes the centers based on gradient descent algorithm. 
The model-correcting algorithm is implemented according 
to the following procedure: 

 

Fig.2   Training and improved scheme of neural network 
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Step 1: Firstly define the weight of the first layer, update 
the learning model and make it have the same structure and 
parameters as those of the running model. Set the number of 
radial basis neurons, which is the same as the number of the 
input vectors.  

Step 2:then Set iteration number Nt=1, and set the 
maximum iteration number Nmax. then Compute the 
centers of the network and the initial width values. set the 
threshold to b, which is used to adjust the sensitivity of 
neural network. 

Step 3: Determine the network initial center values by 
using the conventional method Calculate the linear weights 
of the network.  

Step 4: Set Nt= Nt+1, and calculate the cost function. If 
the iteration number Nt  is more than max, or it is less than 
a given threshold, or there is no noticeable  change for the 
cost function,  then stop; else turn to  Step 3. 

The Improved RBF network modeling include input 
variables selection, network training and network output. 
The flow graph of the procedure that is followed for the 
modeling is shown in Fig.2. 

 
III. PREDICTION OF NONLINEAR TIME SERIES 
  
After Improved RBF network preprocessing, 

computational complexity is reduced and then real time of 
RBF model can also be guaranteed. Further, preprocessing 
techniques provide an effective way to resolve the centers 
selection with high dimension. The structured nonlinear 
parameter optimization method is used in estimating the 
parameters of the proposed models. The search centers the 
optimization in the nonlinear subspace; but at each iteration 
in the optimization process, a search in the nonlinear 
subspace is executed on the basis of the estimated values 
just obtained in nonlinear subspace. The performance and 
effectiveness of our proposed method are evaluated by 
different time series. 

Given a nonlinear time series: 
 

   
 
and considering a one-step-ahead prediction problem, 

the fundamental problem is how to construct a function 
with satisfactory prediction accuracy  by: 

 

 
 
which has the form: 
 

                (3) 
 
where f(*)  is the nonlinear map and    denotes the noise 

regarded as Gaussian white noise which is independent of 
observation. 

Then defining the vector: 
 

     

Eq.(3) can be rewritten as: 
 

                            (4) 
  
The most challenging feature of model is how to 

approximate the unknown nonlinear map f(*) that 
minimizes its likelihood. Various kinds of functions have 
been used to perform this mapping. This new model is also 
an artificial feed forward neural network. It is characterized 
by a set of inputs and a set of outputs. In between the inputs 
and the outputs there is a layer of processing unit called 
hidden layer. Each of them implements a radial basis 
function (RBF) and has a parameter vector called center. 
This center is used as argument of the RBF to compare with 
the network input to produce a symmetrical response. 
Response of the hidden layer are scaled by the polynomial 
function of the inputs and then combined with outputs of 
the hidden layer to produce the network output. The model 
is given by: 

  

    (5) 

 
Where c0 represent the bias; m is the number of hidden 

nodes; d is the dimension of state vector X(t-1); Zk is the 
centers; Pk  is positive integer;   represent the local 
polynomial weights at node k;   is the radial basis function 
at node k; Different type of functions could be used to 
approximate the above mentioned radial basis function, but 
the most common is the Gaussian function. 

If it introducing the Gaussian function into above model. 
Then the model is given by 

   

 

                                  (6) 

 
Cross-validation is a technique for assessing how the 

results of statistical analysis can be generalized to an 
independent dataset. This technique is mainly used in 
situations where the goal is prediction, and one wants to 
estimate how accurately a predictive model will perform in 
practice. The improved RBF network approach may need 
few centers to obtain a satisfactory fitting to nonlinear time 
series, in some cases, it may require a large number of 
centers to obtain a satisfactory result. In this regard the 
curse of the dimensionality remains one of drawback of the 
network model. It provides an alternative solution to the 
curse of dimensionality problem observed in the model. 
Therefore, it be regarded as a more general, nonlinear 
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model than the previous RBF and the overall performance 
of the network is better compare to that of a single network. 

 
IV.   RESULTS AND DISCUSSION 

 
The monthly of wine time series has a nonlinear 

oscillation which is widely used for testing the performance 
of neural network type models. it is a chaotic time series 
that has been the focus for many research works. It was 
generated from the following time-delay ordinary 
differential equation: 

 

                            (7) 
 

Where a,b,c represent the value used in previous 
research working. Following some earlier published 
research works, here let a = 0.2, b= 0.2 and c = 15. And five 
thousand data were generated with the initial value based on 
the previous method with time step = 0.2, in which the first 
400 data were used to train the model while the remaining 
data were used to test the model. The number of neurons of 
the training and testing data produced by the improved RBF 
model. In order to evaluate the one-step ahead prediction 
performance of the proposed model on the test data, The 
mean squared error(MSE), the root mean squared error 
(RMSE) and the normalized mean squared error(NMSE) 
are calculated according to above method respectively. 

 

 
Fig.3 The real  time series data and the output of the  model. 

 
Based on the method the comparison between the 

original and improved predicted output of the test data is 
shown in Fig.3. Following the steps as stated above, The 
predictive error curve of the proposed model for the test 
data is shown in Fig.4.  

 

 
Fig.4   The predictive error of the model for the nonlinear dynamic system. 

 
 Table1 presents the comparison results of the proposed 

model with different time series model. MSE,RMSE and 
NMSE are  reported in the  test samples. These results show 
that when the proposed method is used to forecast the future 

values of time series, it generates better results compared to 
other methods. 

 
TABLE.1 COMPARATIVE RESULTS OF THE PROPOSED MODEL 

WITH DIFFERENT TIME SERIES MODEL 
Model Nodes MSE RMSE NMSE 
RBF-1 18 1.41×10-4 1.34×10-2 1.57×10-2 
RBF-O 33 1.48×10-4 1.38×10-2 1.23×10-3 

RBF 56 1.56×10-4 1.49×10-2 1.79×10-3 
IRBF 8 1.34×10-4 1.23×10-2 1.25×10-4 

 

 
Fig.5  The performance of the function using the model 

 
Fig.5 illustrates the performance representation by using 

the improved method. It is shown that after the training 
phase, the unknown nonlinear dynamic can be locally-
accurate represented along x axis by the neural network 
with constant neural weights. 

  The corresponding weight matrix, cluster centers and 
output of improved RBF were calculated. The output errors 
of network which were compared with the detecting time 
errors were shown in Fig.6. These results show that when 
the proposed method is used to forecast the future values of 
time series, it generates better results compared to other 
prediction methods. The results show that the proposed 
model requires a very small number of hidden neurons to 
obtain much better prediction accuracy in comparison to 
other prediction techniques. 

 

 
Fig.6  The detecting time errors of  the output. 

 
In order to increase anti-interference capability, it 

should strictly control the accuracies of the above input 
parameters, on the other hand it is essential to reduce the 
detect interval of the output parameters, in feedback control 
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to adjust the movement state in time for ensuring stable 
state. The proposed model required less parameters and 
iteration steps to achieve a much better modeling accuracy 
in comparison with others methods listed in the same 
condition. Fig.6 illustrates the performance of the function 
using the model, Mainly due to the ability of the new 
structure in representing the dynamic of the nonlinear 
function and the efficiency of the optimization technique in 
training the proposed model, it is more sensitive than those 
of the weakly sensitive output parameters as seen from the 
response characteristics with three kinds of disturbances, 
which have greater impacts on the robotic performance 
from the response simulations with randomly uncertain 
disturbances inputting. 

 

 
Fig.7. The reliability index for each noise combination. 

 
 

V.  CONCLUSION 
 
RBF has been investigated in various areas of 

application such as system identification, pattern 
recognition, nonlinear time series modeling. The key 
problem of RBF application is how to select the hidden 
neural quantity and how to get the weight matrix between 
hidden layer and output layer. An improved RBF neural 
network with a dual-model structure is proposed, and an 
improved learning algorithm is developed to enhance its 
performance for modeling a multi-output non-linear system, 
which has a time varying offset could be used to 
characterize some smooth non-stationary nonlinear system 
over a large operation range. The model correcting 
algorithm optimizes the centers and weights of the network, 
and the model constructing methodology trains a new 
network. The model is not based on online parameter 
estimation so the potential failure that may occur during 
online estimation is avoided. so suitable for practical 
applications in predicting products and optimizing  
operations in a unit of industries. The results obtained have 
shown that the model may requires fewer centers to perform 
better in terms of modeling and prediction accuracy as well 
as AIC compared to almost all the models listed in this 
chapter. One of the main advantage of the model over other 
models listed is that in most of the cases, it requires fewer 
numbers of centers much more linear parameters. 
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