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Abstract - The problem of state estimation for linear or non- 
linear models with unknown parameters is very Lmportant in 
many engineering problems. As such it has been addressed exten- 
sively through the use of statistical methodologies i.e. ALF, EKF, 
etc. In this paper the solution to the problem of adaptive estima- 
tion for unknown state variable or chaotic models through the 
use of adaptive dynamic neural estimators is proposed. The pro- 
posed adaptive neural estimators are developed and their advan- 
tages are discussed. Extensive computer simulations of the 
application of the proposed adaptive neural estimator to state 
estimation as well as chaotic series prediction Illustrate the effec- 
tiveness of the adaptive neural solution. 

1. INTRODUCTION 
Estimation theory (filtering) has received considerable 

attention in the past four decades because of its practical sig- 
nificance in solving engineering and scientific problems. As a 
result of the combined research efforts of many scientists in 
the field numerous filtering algorithms, have been developed 
through the use of statistical methodologies. These can be 
classified in two major categories, namely linear and nonlin- 
ear filtering algorithms, corresponding to linear (or linearized) 
physical dynamic models, and nonlinear physical models [ 13- 
@I. 

The two more serious problems facing the systems engi- 
neering community nowadays is model uncertainty and non- 
linearity [2],[3],[7]. In real world situations it is not possible 
to represent, adequately, system characteristics such as nonlin- 
earity, time delay and/or time varying parameters. The need to 
deal with increasingly complex nonlinear systems, and the tre- 
mendous increase in computing power has recently led to a 
reevaluation of the conventional estimation methods. Nonlin- 
ear and adaptive filtering has been established as an important 
theoretical and applied research area [7]. The need for new 
estimation methods that can handle more realistic assump- 
tions, and can take advantage of the new hardware capabilities 
is quite apparent [lo]. 

A great deal of effort has been devoted in the past for the 
problem of adaptive nonlinear estimation. Numerous filters 
have been obtained using statistical methodologies, and 
extending the basic linear theory to nonlinear as well as adap- 
tive systems. Among them the so called Extended Kalman Fil- 

ter (EKF) [l], [7],and the Adaptive Lainiotis Filter (ALF) [2]- 
[9] are the most notable. However, a generally applicable opti- 
mal nonlinear filter and its practical implementation are not 
known. 

Recently, the emerging technology of neural networks [9]- 
[ 121 has been successfully applied to the solution of the adap- 
tive estimation problem [13]-[21]. Given the difficulties the 
conventional estimators encounter, neural solutions constitute 
a unique and novel alternative [21]. The trained multilayer 
percept” with their massive parallelism, capability to 
approximate arbitrary continuous functions, appear to offer a 
new promising tool in estimation theory. 

In this paper a general framework for neural estimators is 
proposed. Trained multilayer networks are integrated with tra- 
ditional adaptive techniques to design a neural adaptive filter 
capable of providing robust and accurate solutions to a broad 
class of adaptive and nonlinear problems. 

The paper is organized as follows: In section II a short 
description of the adaptive estimation problem for linear and 
nonlinear state space models as well as for chaotic signals are 
given. The structure of the neural network as state estimator is 
also discussed followed by the proposed framework for the 
adaptive neural estimators. Section I11 presents the first part of 
the experimental results where the effectiveness of the pro- 
posed methodology is illustrated via simulations. In this sec- 
tion the adaptive neural estimator is used to predict the values 
of an partially unknown chaotic system. Section IV demon- 
strates the robustness of the new method as state estimator 
using a series of adaptive state space models. Finally, section 
V contains a summary of this work. 

11. ADAPTIVE SYSTEMS 

In general, the state space model for an adaptive stochastic 

( 1) 
nonlinear system in discrete time has the following form 

x (k + 1) = f ( ~  x (k). U ( k ) ,  e ( k ) ,  w 

where 
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x(k) is the n dimensional state of the system which the ini- 
tial value x(0) is coming from a known probability density 
function 
u(k) is the system’s deterministic input vector 
z(k) is the system’s output vector (measurement) 
fo. hO are in general arbitrary non linear functions 
w(k), v(k) are stochastic inputs to the system, plant and 
measurement noises 
8 ( k )  is the unkrown parameter vector. that summarizes the 
uncertainty in the above system 

From the above state space model it can be seen that in a 
discrete adaptive system there are two mapping for a neural 
network to identify. One is the mapping f0 which maps the 
past system state and the inputs (deterministic and stochastic) 
to the new state x(lc+l). The second is mapping hO which 
transforms the state x(k) into the measurable output zQ. 

A different mapping is the network‘s objective when it is 
used to predict the next values of a chaotic dynamic time 
series. It is well known that chaotic signals are usually gener- 
ated by the state evolution of chaotic nonlinear systems. In a 
discrete time the state evolution of a chaotic signal is gener- 
ally described by the following equation 

In chaotic systems in discrete space, the signal’s states may 
be are attracted to and remain on a compact subset of the state 
space, known as attractor, for a given set of initial values 
x(O),and parameterse. In chaotic signal analysis the network’s 
objective is to identify the mapping fo which maps the current 
state of the chaotic model to the next one. 

Various filters and algorithms have been developed in the 
past extending the original linear theory for certain nonlinear- 
ities and for allowing adaptation in model parameters. How- 
ever, these algorithms require sufficient a priori information of 
the system, are quite complex, and in most of the cases subop- 
timal as well [1].[41,[7]-[8]. 

Recently neural networks have been used to estimate states 
of dynamic systems. Recurrent neural networks seem to be an 
answer U, these filtering problems where the applicability of 
other statistical estimators like the Kalman filter is limited. 

In this work recurrent multilayer perceptrons trained via the 
backpropagation rule, have been used as neural state estima- 
tors. The standard architecture of the multilayer perceptron 
consists of an input layer, one or more hidden layers and an 
output layer. The input layer consists of simple distributing 
nodes, while the other two or more layers have sigmoidal non 
linear nodes. When the network is used to provide estimates 
of the systems’s state a buffered delayed version of the output 

signals (measurements) are fed to the input nodes, since the 
actual states are used as desired vectors in the output nodes. In 
an infinite dimension environment an alternative technique 
that uses residuals (pseudo-innovation process) between 
actual and predictive measurements as additional input to the 
neural network has also successfully used. In this context the 
neural structure can be viewed as an input recurrent dynamic 
network that allows information to flow from the output nodes 
to the input nodes capturing the transient characteristics of the 
dynamic physical system. During training the weights of the 
network are calculated iteratively using the steepest descent 
based backpropagation rule in order to minimize a quadratic 
function of the error. After training the network is ready to be 
used as estimator. There is a large amount of experience to 
indicate that the neural estimator performs exceptionally well 
in many practical applications. 

The trained multilayer perceptron as state estimator enjoys 
certain advantages over the conventional filters derived 
through the statistical methodology [18],[201. 

It can handle any assumption or uncertainty concerning 
the statistics of the actual data generation model. It does 
not depend on any assumption about the stochastic input. 
To the contrary the Gaussian nature of the noises in the 
model, and the independence between the state and the 
noises, are fundamental assumptions behind any feasible 
filter derived using statistical methodologies. 

Due to its massive parallel structure and high speed the 
neural estimator can take full advantage of the new hard- 
ware capabilities. That makes the neural and not the sta- 
tistical estimator the preferable choice for real time 
signal processing, and automatic control applications. 

The main disadvantage of the neural estimation methodol- 
ogy described above is that the designer must have complete 
knowledge of the system’s dynamics during the training phase 
[18]-[21]. The training procedure is performed in a supeMsed 
manner, whereby a desired output signal is used to computed 
the error [9]-[12]. If state estimation in a state space model is 
the objective, full knowledge of the model dynamics is 
required. 

However, the ideal model to be used in training is rarely 
known. Almost all real plants can be characterized as a system 
with partially known dynamics since nobody can fully realize 
an actual system with a mathematical model [4]. In the con- 
text of adaptive filtering where models with structure or 
parameter uncertainty are used, the designer never knows the 
exact dynamics of the physical model. In a similar situation 
when nonlinear non stationary signals are used the desired 
outputs may vary in time. 
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Due to the above difficulties the designer is forced to use 
an evaluation criterion describing the overall performance of 
the network in an approximate correct training set. This 
method requires large training periods with slow training and 
significant performance and/or robustness degradation. 

A different approach is proposed here. Instead of using one 
network to map approximate dynamics of an adaptive system, 
several networks are trained independently using different 
variations of the actual adaptive model. Each one of the net- 
works trained with data pairs obtained using different parame- 
ter vectors e (k) in the nonlinear system that generates the 
data. Due to this training methodology each network con- 
verges to a different solution. When the training is over, a 
bank of different neural estimators is available to be applied to 
the solution of the nonlinear filtering problems. In the mean 
time another set of multilayer perceptrons are used to provide 
one step ahead predictions of the systems measurements.In 
the actual operation phase a nonlinear selection mechanism is 
used. The adaptive algorithms compares residuals between 
m e  and predicted measurements to identify at every time 
instant which neural estimator provides the best estimate. 

The adaptive neural methodology described above uses the 
Lainiotis partitioning theorem [3]-[5]. and it is an extension of 
the Adaptive lainiotis Filter (ALF') to neural networks. In this 
case however, instead of a bank of statistical filters operating 
around trajectory points, trained multilayer perceptrons are 
used [21]. The adaptive neural estimation scheme integrates 
the robustness of the neural estimator with the effectiveness 
and attractiveness of the partitioning theory. In the next sec- 
tion simulation studies were carried out to test the effective- 
ness of the new algorithm. 

III. CHAOTIC TIME SERIES PREDICTION 

The classic time series prediction problem is the one step 
ahead prediction of the logistic function (Feigenbaum map) 
[ 131 in its discrete form: 

(4) x ( k +  1) = n x ( k )  (1 - x ( k ) )  

The behavior of the time series generated by the above 
equation depends critically upon the value of the parameter a. 
If a<l the map has a single fixed point at the origin, and from 
a random initial value in the closed interval [0 13 the time 
series collapses to a constant value. For a>3 the map generates 
periodic attractor. Beyond the value a=3.6 the map becomes 
chaotic. The time series passes every test for randomness, 
having the spectrum of a white noise process. It is well known 
in the neural network literature that the future value of the 
time series can be predicted perfectly once the actual data gen- 
eration model is learned by a neural network. In the first simu- 

lation experiment the objective is the prediction of the map's 
future values when the critical parameter a is unknown. The 
experimental set-up is summarized below: 

In order to estimate the state of the above model the following 
estimators had been used in this first experiment: 

SIMULATION 111. 1 

A. adaptive neural estimator: 

a bank of three recurrent multilayer perceptxons, each one 
trained with data obtained using a different value of the 
parameter a in equation (4) 

the candidate networks are trained as follows: 
the network one uses data obtained with a=3.6 
the network two uses data obtained with a=3.8 
the network three uses data obtained with a 4 . 0  

For each one of the three perceptrons in the adaptive esti- 
mator bank the following set -up is used. 

B. recurrent multilayer perceptron 

network topology: 
two input nodes: the current and the previous value of the 
time series are used as input signals 
one output node: the one step ahead value of the time 
series 

two hidden layers with 4-1 hidden nodes respectively 

learning rate: 0.05, momentum: 0.1 

backpropagation training algorithm 
the target vector is the actual one step ahead value of the 
chaotic signal. 
the network tries to minimize the square error between 
the current output and the target vector 
training data sets of 100 points are produced by running 
the system equation (4) using every time a random 
selected initial condition from the closed interval [O 11. 
the training procedure is terminated if the training error 
tolerance is less than 0.01 or if the number of iterations 
of the training set is more than 2500 
the test data record consists of a sequence of data points 
produced separately from the training record using a new 
initial condition The test data set is generated using the 
value a=4. 

learning parameters: 

Training procedure: 

Since there is no theoretical analysis to justify the perfor- 
mance of the neural estimators Monte Carlo techniques are 
used to verify the results. The figure of merit used to compare 
performance is the mean square error averaged over 100 
Monte Carlo runs.Namely, the following performance index, 
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is used 
The same configuration as before is used for the multilayer 

1 2 percepmns. The performance of the adaptive estimator is 
compared with that of a ‘mismatched‘ estimator trained using 
the parameter value ad.6. The results are depicted in Fig. 9- 
12. 

( 5 )  MSE = -. ( ~ ( k )  - 2 ( k / k ) )  
mc i = l  

The performance of the adaptive estimator is given in Fig. 1- 
4. For comparison purposes the performance of a neural 
estimator which had been trained using the parameter value 
a=3.6 is also given. This neural estimator is called 
‘mismatched’ 

SIMULATION 111.2 
The most difficult part in the design of the adaptive estima- 

tor is to select values for the parameter a. In the first experi- 
ment the actual value of the parameter used to generate the 
test data was included in the design. In this second experiment 
the adaptive estimator uses three networks each of them 
trained using the values a=3.6,a=3.93=4.5 respectively. It can 
be noticed that the real value a 4  is not included in the set. 
Moreover the performance of the adaptive estimator is com- 
pared with that of a simple “mismatched’ neural estimator 
which was trained using random values from the interval 
(3A4.5). The networks’ configurations are the same as above. 
In Fig. 5-8, it can been seen that the adaptive neural estimator 
correctly recognizes the candidate model which is closer to 
the correct one (Fig. 8). The ‘mismatched’ estimator fails 
completely (Fig. 6). 

In order to verify the results obtained previously similar 
experiments are performed for the two dimension Henon map 
[21]. Its equation is given by: 

x ( k + l )  = 1-1.4?(k) + 0 . 3 x ( k )  (6) 

The Henon map form is qualitatively similar to that of the 
Feigenbaum (logistic) map. 

SIMULATION 111.3 
In the third simulation the unknown parameter is the value 

of the constant term in equation (6). The set -up for the adap- 
tive estimator is now 

C .  adaptive neural estimator: 

a bank of three recurrent multilayer perceptrons, each one 
trained with data obtained using a different value of the 
constant term in equation (6) 
each one of the candidate networks is trained using a dif- 
ferent value of the parameter a 

the network one uses data obtained with a=1.4 
the network two uses data obtained with a 4 . 8  
the network three uses data obtained with a=l .O 

SIMULATION 111.4 
In last experiment the robustness of the estimators with 

respect to the parameter values used in the design is investi- 
gated. The adaptive estimator is designed without any net- 
work trained with the exact value a=l. The following values 
are used in the training phase, a=0.6, a=O.9, a=1.2. The ‘mis- 
matched’ estimator is a simple recurrent network trained using 
random values from the interval (0.1) as constant term in 
equation (6). According to the results depicted in Fig. 13-16 
the ‘mismatched’ estimator cannot tolerate the ignorance 
about the constant term in the model and fails completely. To 
the contrary the adaptive estimator comtly identifies that the 
second net which was trained with value 0.9 is the closest to 
the actual model. The Adaptive estimator uses it to provide 
the estimates. 

Observations: 

The adaptive neural estimator leamed to emulate the 
logistic map and was able to accurately predict the time 
series on a novel testing set, obtained independently of 
the training set using different initial conditions 

The adaptive algorithm successfully detected the actual 
data generation model, and selected the appropriate 
trained neural estimator from its bank to provide the nec- 
essary estimation. In the more realistic design of experi- 
ments III.3,and 111.4 the network identifies the model 
that is closer to the actual model. 

9 The decision about the parameter value during the train- 
ing phase is crucial for the performance of the estimator. 
All the ‘mismatched’ estimators failed to provide accu- 
rate results. 

Iv. ADAPTIVE STATE ESTIMATION 

The neural networks’ ability to represent nonlinear 
dynamic systems has served as initiative for their application 
to nonlinear filtering problems. In this section we investigate 
the performance of the adaptive neural estimator in nonlinear 
state estimation problems. Moreover since the major advan- 
tage of the proposed new algorithm is its ability to adapt in 
changing environments in all the simulation studies it will be 
assumed that more than one dynamic models generate the 
data. 
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SIMULATION IV. 1: 

The objective of this experiment is to illustrate the effec- 
tiveness of the recurrent neural network as estimator and 
assess the attractiveness of the adaptive neural estimator for 
changing actual models. ’ b o  different state space models are 
used in this numerical example. The first system is a signal 
observed in noise as follows: 

x ( k + l )  = l . ’ l e x p ( - 2 2 ( k ) )  +O.lw(k) (7) 

z ( k )  = x 3 ( k )  + O . l v ( k )  (8) 

where WO<). v(k) are independent standard white Gaussian 
sequences, and the initial state x(0) is assumed Gaussian with 
zero mean and variance 0.25. 

The second system is a linear state space model with state 
dependent noises. The equations of the this system are: 

x ( k + l )  = 0 . 5 x ( k )  +0.5tanh ( x ( k )  + O S w ( k ) )  (9) 

z ( k )  = x ( k )  + 0 . 5 x 3 ( k ) v ( k )  (10) 

with WO<). v(k) are independent standard white Gaussian 
sequences, and the initial state x(0) is assumed Gaussian with 
zero mean and variance 0.25. 

It must be emphasized that all the statistical filters have 
restricted applicability in chaotic nonlinear systems like the 
one in eq. (7),(8). Moreover there is no feasible statistical fil- 
ter that can be used to estimate the state of the system in eq. 
(9)dW 

An adaptive neural estimator is applied to this problem. The 
adaptive estimator has in its bank two multilayer perceptrons. 
The Network I is trained using data which are generated run- 
ning the equations (7),(8). The Network I1 is trained using the 
data which have been produced from the system of equations 
(9),(10). After training the recurrent nets are used as neural fil- 
ters. To test the efficiency of the proposed algorithm in a time 
varying environment we assume that the data generation 
model is not the same during the actual operation phase. Spe- 
cifically, in the first half of the testing period the measure- 
ments are coming from the first model. In the remaining time 
the second model is used to provide the actual measurements. 
The objective of the adaptive network is to correct identify the 
active model, and then use its decision to provide the best esti- 
mate of the current state. The detailed configuration of the 
recurrent nets used by the adaptive estimator is summarized 
below: 

A. input recurrent neural network 

network topology: 
two input nodes: the current and the previous measure- 
ments are used as input signals 
one output node: the estimates of the system states. The 
neural network has so many output nodes, as the states 
of the model . two hidden layers with 4-4 hidden nodes respectively 

learning rate: 0.05, momentum: 0.2 
learning parameters: 

Training procedure: 
backpropagation training algorithm 
the target vector during training is a state vector which is 
generated running the equations of one model 
the network tries to minimize the square error between 
the current output and the target vector 
each training set consists of 200 inputloutput pairs (zQ, 
x(k)). 
the training procedure is terminated if the training error 
tolerance is less than 0.01 or if the number of iterations 
of the training set is more than 5000 
the test data record consists of a sequence of data points 
produced separately from the training record. In order to 
generate the test data both the models are used. 

The performance of the adaptive estimator and the mean 
square averaged over 100 Monte Carlo runs are given in Fig. 
17-19. The adaptive algorithm correct identifies the change in 
the data generation process during the operation phase and 
uses the appropriate trained neural network in its bank to pro- 
vide the estimate. 

SIMULATION IV.2 

In this last simulation test a linear, and a highly nonlinear 
state space models are used to test the performance of the 
adaptive algorithm. The first one is described by the following 
equations: 

x(k+l) = 0.588x(k)  +w(k) (11) 

z ( k )  = x ( k )  + v ( k )  (12) 

where w(k), v(k) are independent white Gaussian 
sequences with variance 0.25, and the initial state x(0) is 
assumed standard white Gaussian. 

The second one is the model described by the equations (9)- 
(10). During the actual operation phase in the first half of the 
testing period equations (11)-(12) are used to generate the 
data. From the data point 100 until the end the alternative 
model is used. The adaptive estimator has two networks in the 
bank. Network I is trained with data from model (11)-(12), 
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and network I1 is trained according to the model (9)-(10). The 
same configuration as in simulation IV.l is used during train- 
ing. The graphs if Fig. 20-22 summarizes the results of this 
last experiment. It is obvious that the adaptive neural estima- 
tor can operate in an changing environment. In both experi- 
ments the algorithm had successfully identify the model 
change in a limited number of steps. 
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