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Abstract: There are many techniques have been developed for unknown continuous and discrete time system identification. 
The overall field of parameter estimation and system identification is growing in the scope and lots of techniques are 
developing time to time. This paper presents a study of number of results, applications and examples of parameter 
identification techniques. Models that are introduced here multilayer neural network and flann are interconnected in novel 
configurations and hence there is a real need to study them in a unified fashion  
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I. INTRODUCTION:  
 
The System Identification problem is to estimate a 
model of a system based on observed input-output 
data. Several ways to describe a system and to 
estimate such descriptions exist. There are no 
standard and secure routes to make good models in 
System Identification. Given the number of 
possibilities, it is easy to get confused about what to 
do, what model structures to test, and so on. Based 
upon the complexity, accuracy and speed of the 
techniques there are several techniques have been 
proposed. In nature mostly nonlinear systems do 
exist. Nonlinear systems are usually defined as any 
system which is not linear, that is any system that 
does not satisfy the superposition principle. This 
contrarian description is often necessary because 
there are so many types of nonlinear systems. In last 
four decades major advancement has been made in 
the field of adaptive identification, control of 
identifying and control of linear time invariant system 
using unknown parameters. Three classes of neural 
network system have been developed which are: 
1.Multilayered Neural Network 2.Functional Link 
Layer Neural Network 3. Recurrent Neural Network. 

 
Fig1. System Identification Block Diagram 

 
1.A Multilayer perceptron (MLP) is a feed forward 
artificial neural network model that maps sets of input 
data onto a set of appropriate outputs. A MLP 
consists of multiple layers of nodes in a directed 
graph, with each layer fully connected to the next 
one. Except for the input nodes, each node is a neuron 
(or processing element) with a nonlinear activation 
function. MLP utilizes a supervised learning 
technique called backpropogation for training the  

 
network. MLP is a modification of the standard linear 
perceptron and can distinguish data that are not 
linearly separable. 

 
Fig2. Multilayer Perceptron Neural Network Structure 

 
If a multilayer perceptron has a linear activation 
function in all neurons, that is, a linear function that 
maps the weighted inputs to the output of each 
neuron, then it is easily proved with linear algebra 
that any number of layers can be reduced to the 
standard two-layer input-output model. For the more 
complex systems activation functions could be make 
as a nonlinear functions so the mapping of brain like 
structures could be done. 

 

 
 
II. FUNCTIONAL LINK LAYER NEURAL 

NETWORK 
  
To avoid the complexity associated with the 
multilayer neural network single layer neural network 
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can be seen as alternative. But the problem associated 
with the single layer neural network that they are 
linear in nature so it is very difficult to do the 
complex mapping with such systems. In nature 
classification of data mining is highly nonlinear. So 
solving such type of things with the single layer 
neural network is almost a impossible thing. Flann 
architecture is suggested to reduce the gap between 
the linearity in single layer system and highly 
complex systems .Functlional link artificial neural 
network consist of a single layer feed forward neural 
network. To overcome the effect of linear mapping 
functional expansion of input vector is done in Flann 
architecture. In functional expansion technique 
conversion of a N*1 matrix into N*P matrix is done. 

 
Fig 3: General Structure of Functional link layer Neural 

Network 
 
The Comparison of computational complexity of mlp 
and flann is shown in table. Where the structure of 
mlp is considered as I-J-K .No need sin or cos term in 
the mlp structure but the trigonometric functional 
expansion is done in case of functional link ANN.  
 
Table 1: Comparison of computational complexity of mlp and 

flann 

 

 
 
From the above table it is clear that the number of 
addition and multiplication are much more in case 
mlp than Flann model. So MLP can be considered 
more complex to compute than Flann.  
 
III. RECURRENT NEURAL NETWORK 
  
The fundamental Feature of a recurrent neural 
network that networks contain at least one feedback 
loop so the activation can flow round the loop. That 
enables the network to do the temporal processing 
and learn sequences. Form of the recurrent network 
can be different but they have two important features 
that they incorporate some features of the multi-layer 
perceptron network as a sub system and they exploit 
powerful nonlinear capabilities of multi-layer 
perceptron plus some form of memory. Recurrent 
neural network could be used as a powerful tool for 
the dynamic system identification. Generally, a 
Recurrent Multi-Layer Perceptron (RMLP) consists 
of a series of cascaded sub networks, each of which 
consists of multiple layers of nodes. Each of these sub 

networks is entirely feed-forward except for the last 
layer, which can have feedback connections among 
itself. Each of these subnets is connected only by feed 
forward connections. Second order RNNs use higher 
order weights instead of the standard

 weights, and inputs and states can be a 
product. This allows a direct mapping to a finite time 
machine both in training and in representation long 
short term memory is an example of this. In training 
To minimize total error, gradient descent can be used 
to change each weight in proportion to its derivative 
with respect to the error, provided the nonlinear 
function are differentiable. 
 

 
 
Simulation Study: Simulation study for the static as 
well as the dynamic system has been carried for the 
nonlinear system. Comparison between the different 
system identification method multilayer neural 
networks, flann, and recursive neural network has 
been done.  
Static System: Different examples are chosen to 
compare the capability of mlp and flann structures. 
MLP structure chosen is three layer structure having 
20 and 10 nodes in the hidden layer.one input and one 
output nodes are chosen for the system identification 
purpose. Weights are updated according the weight 
update equation as mentioned above. The 
nonlinearity used in the function is tanh function. The 
four function chosen for the weight update equation 
are the as follows. 

 
 
Updating of weights  is done according to following  
figure. For the weight updation we have  
different algorithm  .For     and      Flann 
algorithm is used &   for    and    MLP 
algorithm is used. 

 
Fig 4: Weight Updating Process For ANN 
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In Following four examples two are studied with the 
help of mlp algorithm and two are studied with flann 
algorithm. Simulation of the equations is as follows. 
First and second graph is obtained by flann structure 
and third and fourth graph is obtained by 1-20-10-1 
mlp structure.It is found that the modeling error in 
flann structure is much less than the mlp structure. 

 

 
 
Dynamic System: Characterization of nonlinear 
dynamic system is carried with the same example of 
static system. Input of the system is uniformly 
distributed signal between -1 to 1. Adaption continues 
for 50000 iteration during which series parallel 
scheme model is used. 

 

 
The testing of network model is done with help of 
sinusoidal signal as written below and functions used 
for the system identification are given above . 

 
Performance comparison between flann and mlp 
structure is carried with the help of dynamic equation 
is written as 

 

 

 

 
 
CONCLUSION: 
 
 A MLP and FLANN structure is studied for the 
identification of nonlinear static and dynamic system. 
In Flann Structure input pattern is expanded using 
trigonometric polynomial and cross product 
expansion of input vector. This functional expansion 
increases the dimensionality of input pattern. In Flann 
structure thus the hidden layer is absent hence 
computation complexity is less and learning is faster 
in case of Flann structure. System identification using 
flann structure is found to be more effective in 
models studied here. It is found that the overall 
performance of flann structures superior than the mlp 
structure.  
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