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Abstract

This paper investigates sensitivity to noise of 3 parameter estimation algorithms developed in an earlier paper [Al-Dabass et. al, 1999]. The effect of measurement noise on the estimation accuracy is considered when the incoming trajectories are corrupted with random noise. Noise is simulated using a random number generator with zero mean and added to the simulated system output. Analysis of the simulation results show varying abilities of the algorithms to cope with the noise perturbations.  In some instances high prediction robustness were achieved, other simulations showed high sensitivity to noise.

1. Introduction

The short-term behaviour of complex biological and physical systems may be approximated by the dynamics of second order systems [D’Azzo et. al, 1995, Eykoff 1974].  Such systems are sufficiently complex to display the significant features of higher order systems but can be analyzed without excessive computation [Press et. al, 1992, Beck & Arnold 1977]. Three parameters govern the behaviour of these systems: natural frequency (), the damping ratio () and the external input (u), and two state variables. In a previous paper [Al-Dabass et. al, 1999], the authors developed and tested 3 parameter estimation algorithms for an equivalent 2nd order system (.x''+2.x'+x=u, x(0)=x0,x'(0)=x'0 ). The algorithms combine successive 1st order filters of specified cut-off frequencies to provide smoothing and higher order derivative estimation, with non-linear static parameter estimators. Three hybrid methods for parameter estimation were proposed and tested using the following approaches: 1) By using three sets of estimated 1st and 2nd time derivatives; 2) By using two sets of estimated 1st, 2nd and 3rd time derivatives; and 3) By using a single set of estimated 1st, 2nd, 3rd and 4th time derivatives of the measured output of the system. In this paper the sensitivity of these algorithms to noise is investigated for a range of noise levels.

2. Parameter Estimation Simulation Structure

To prepare for system simulation with noise, the Runge-Kutta integration routine had to be abandoned as it uses 4 evaluations of the derivative vector which results in different noise values being used in each evaluation. A simple iterative Euler integration with a single evaluation was used, see Figure1 below. The top term represents the random number generator feeding an integrator whose output N forms the noise source. The 2nd and 3rd terms represent the state space terms of the 2nd order system generating the observed trajectory x1 and its derivative x2. The 4th term shows a 1st order filter whose input is the noise corrupted trajectory x1+N with a gain G and integration step d. The 5th to 8th terms show the successive first order filters that generate the time derivatives of x, i.e. x', x'', x''' and x''''.       

[image: image1.wmf]E

w

3

i

i

0

1000

2000

5

10

15

20

Estimated Omega

E

z

3

i

i

0

1000

2000

0.5

0

0.5

Estimated Zeta

Eu3

i

i

0

1000

2000

0

0.5

1

1.5

Estimated u


Figure.1: Iterative Euler integrator for the noise source, trajectory generator and time higher derivative estimator.

3. Parameter Estimation Examples without noise
High Gain to reduce lag: Examples from two algorithms are shown here to illustrate the process. Figure.2 shows the time higher derivatives for a system with =0.1, =10 and u=1. In the first algorithm, 3 points on the trajectory of x, x1 and x'' were used to estimate  followed by  and u using the following expressions derived in (Al-Dabass, et al, 1999).

(x1- x2),     ' x1' - x2'),    ''( x1'' -  x2'')  

(x1 - x3),   ' x1' - x3'),     ''( x1'' -  x3'')
''''''''

 = [-E.'''

Eu = E. x1'' + 2...E . x1' + x1

The second algorithm used is based on higher time derivatives at a single point, where ,  and u are given by (see same reference):

2 = [x''. x'''' - x'''2] / [x'. x''' - x''2]

 = -[E x''' + x'] / [2. Ex'']

Eu = E. x'' + 2..E . x' + x
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Figure 2: Higher derivative estimation for n=0, G=2000, L=0.

High gains of 2000 were used to virtually eliminate the lag between successive stages of derivative estimation and resulted in estimated values of the parameters of =10.003, =0.097 and u=1. Although producing derivatives is a noise prone process in itself, careful choice of small enough integration step gives good results.   

Compensation for Lag caused by Low gain: Low gain (low pass filter) is needed to filter out the noise, but low gain introduces lag, which produces erroneous estimates of the parameters. To compensate for this lag, the values of the higher time derivatives are selected by shifting indexes. For example a gain of 20 produces a lag of about 100 time steps at each stage of the higher derivatives estimator. The parameter estimation equations for the 3 algorithms were modified [Zreiba, 1999] and all 3 gave good estimates of approximately =9, =0.1 and u=1.

4. Noise Sensitivity

4.1 Higher Derivative Estimation: Noise added to the trajectory undergoes successive filtering as it passes through the stages of the higher time derivatives. Low values of G correspond to low cut-off frequencies in the filter, which result in smoother derivative estimates. Figures 3 & 4 below show 2 such cases for G=20 and 30 respectively, the heavier filtering effect of G=20 on the derivative trajectories is quite noticeable. The noise level is 10% of the nominal value of x at 1.0.    
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Figure 3: Higher derivative estimation: n=0.1, G=20.                     Figure 4: Higher derivative estimation: n=0.1, G=30

4.2 Parameter Estimation using Algorithm-1: the highest time derivative used in this algorithm is x'' and thus unaffected by errors in estimating x''' and x''''. With gains set to 20, and a low noise level of 0.1% was injected into the observed trajectory. The 3 estimated parameter trajectories are shown in Figure 5 below. After transient period, all 3 parameters converged to give good estimation accuracy with =8.9, = 0.097 and u=1.004. The lag index shift, L, clearly had a direct effect on the accuracy of estimation where it was found that best results were obtained when L=95.   
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Figure 5: Parameter estimation of ,  and u using Algorithm 1, n=0.001, G=20, L=95.

4.3 Parameter Estimation using Algorithms 2 and 3: although these 2 algorithms use higher derivatives x''' and x'''', they performed equally well using the heavy smoothing of G=20 and suitable lag compensation as shown Figure 6 and 7 below.

[image: image6.wmf]x2

i

Exd

i

i

0

2000

10

0

10

x' & Ex'

Exdd

i

i

0

2000

100

0

100

Ex''

Extd

i

i

0

2000

1000

0

1000

Ex'''

Exqd

i

i

0

2000

1

10

4

0

1

10

4

Ex''''

[image: image7.wmf]x2

i

Exd

i

i

0

2000

10

0

10

x' & Ex'

Exdd

i

i

0

2000

100

50

0

50

Ex''

Extd

i

i

0

2000

500

0

500

Ex'''

Exqd

i

i

0

2000

5000

0

5000

Ex''''


Figure 6: 





Figure 7:
Estimated ,  u using Alg-2, n=0.001, G=20, L=95.                    Estimated , u using Alg-3, n=0.001, G=20, L=95.
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4.4 Sensitivity to higher noise levels: The noise level was increased to 1% and 10% and the performance of all 3 algorithms was demonstrated as shown in Figures 8, 9, 10 and Figures 11, 12, 13 respectively.
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Figure 8:






Figure 9:
Estimated ,  u using Alg-1, n=0.01, G=20, L=95   
                  Estimated ,  u using Alg-2, n=0.01, G=20, L=95.
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Figure 10 below: Parameter estimation of ,  and u using Algorithm 3, n=0.01, G=20 and L=95
It is clear that the erratic noise in the parameter trajectories reduces from Algorithm-1 to 2 and from 2 to 3.
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Figure 11: 





Figure 12:

Estimated ,  u using Alg-1, n=0.1, G=20, L=95.  
            Estimated ,  u using Alg-2, n=0.1, G=20, L=95.
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Algorithm-3

Figure 13: Parameter estimation of ,  and u using Algorithm 3, n=0.1, G=20 and L=95.
5. Discussion and Conclusion

Three parameter estimation algorithms were tested for an increasing noise levels of 0.1%, 1% and 10% of the nominal trajectory amplitude. Heavy smoothing was provided by low values of G (cut-off frequencies), which introduced increasing lags in the successive stages of the higher derivative estimators. A numerical lag compensation technique was introduced which selected progressively distant values of the higher derivatives; this, together with the increased smoothing applied to the higher derivatives gave algorithm 3 the leading edge in combating noise.  Further work will investigate noise sources with different frequency spectrums.    
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