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1. INTRODUCTION
Since the prediction error identification method (PEM) was published, its properties such as convergence and bias distribution have been analyzed well and it has been widely used to get parametric models in system identification. It estimates the parameters of the models by solving the optimization problem of which cost function is a norm of the prediction error. The auto-regressive, moving average, exogenous input (ARMAX) model is one of the most popular parametric models. In PEM for the ARMAX model, it is worth focusing on a useful feature that the optimal parameters corresponding to the exogeneous input and auto-regressive part can be solved analytically once the parameters of the moving average part are given. Using the feature, we can reduce the number of unknown system parameters subject to nonlinear iteration in the optimization problem.

In this research, we develop a modified prediction error identification method (MPEM) that finds the optimal solution within a reduced searching space in the iterative nonlinear optimization. It shows better robustness than PEM in the parameter convergence point of view due to the reduction of the adjustable parameters subject to the nonlinear iteration. 

2. PEM FOR ARMAX MODEL

The auto-regressive, moving average, exogenous input (ARMAX) model is as follows:
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where 
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 are the process input and the process output, respectively. The polynomial 
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 is assumed stable. We obtain the following optimal (most probable) one-step ahead predictor for the ARMAX model.
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where 
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 denotes the predicted process output as much as one step.

The objective of PEM for the ARMAX model is estimating the adjustable parameter vectors of 
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 minimizing the difference between the predicted process output and the measured process output as follows:
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To solve the nonlinear optimization of (3), PEM uses an iterative nonlinear optimization method that finds the optimal parameters corresponding to zero first derivative of the cost function.

In PEM, we need to pay attention to a useful feature of the cost function with respect to 
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 and 
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. The feature allows us to reduce the number of the adjustable parameters subject to the nonlinear iteration. Consider the following first partial derivative of the cost function with respect to 
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Where
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(5) is derived from (2). Here, the initial value of 
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. We can derive the second partial derivative as follows:
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From (5), we recognize that the high derivatives of the predicted model output satisfy 
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Therefore, the first derivative of the cost function with respect to 
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 can be described by the below linear equation. Note that (9) is exact one rather than Taylor series approximation.
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As the final result in this section, the optimal 
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 is given. So, we can reduce the searching space in the optimization problem of (3) as much as the adjustable parameters of 
[image: image36.wmf]A

 and 
[image: image37.wmf]B

.


[image: image38.wmf]ú

ú

û

ù

ê

ê

ë

é

¶

¶

ú

ú

û

ù

ê

ê

ë

é

¶

¶

-

=

=

-

=

0

1

0

2

2

)

,

,

(

)

,

,

(

AB

AB

B

AB

AB

C

B

A

V

C

B

A

V

q

q

q

q



[image: image39.wmf]ú

û

ù

ê

ë

é

¶

¶

-

ú

ú

û

ù

ê

ê

ë

é

ú

û

ù

ê

ë

é

¶

¶

ú

û

ù

ê

ë

é

¶

¶

=

å

å

=

=

-

=

AB

N

t

N

t

T

AB

AB

t

y

t

y

t

y

t

y

t

y

AB

q

q

q

q

)

(

ˆ

)

)

(

ˆ

)

(

(

)

(

ˆ

)

(

ˆ

1

0

1

1







(10)

3. MODIFIED PEM FOR ARMAX MODEL

The proposed “Modified Prediction Error identification Method (MPEM)” solves (3) by searching the roots of the following equation. Note that the number of the adjustable parameters is reduced as much as 
[image: image40.wmf]A

 and 
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 compared with PEM. 
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subject to (2) and (10)

To solve (11), we use the following iterative nonlinear optimization as PEM:
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Where 
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 at each iteration to suppress the parameter divergence and to increase the convergence rate. (12) is repeated until the estimate converges. Where 
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The first and second derivatives can be calculated through the following several steps. From (3) with considering (10), we obtain
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and from (2) with considering (10),
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Here, 
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 in (14) can be calculated from (15)-(18).
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(15) and (18) are derived from (10) and (5) respectively. (16) and (17) come from (4) and (7), respectively. In summary, we can calculate 
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Now, consider the following second derivative of the cost function.
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Here, it is a little bit hard in computing cost point of view to calculate the second order derivative of 
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 may be uncorrelated, then the first term is negligible compared with the second term. Under the assumption that the initial setting is good, we use the following approximation for the second derivative in (12) as PEM.
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Finally, we can update the estimate using (12) with the calculated 
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Remarks:

We can find the following advantages of the proposed method compared with PEM.

1. The proposed MPEM needs not the initial settings for the system parameter vectors of 
[image: image71.wmf]A

 and 
[image: image72.wmf]B

.

2. Reduction of the searching space subject to the iterative optimization can alleviate the possibility of numerical ill-condition in the matrix inverse.

3. Even though it cannot be proved rigorously, we can guess on the basis of experiences that the reduction of the adjustable parameters subject to the nonlinear iteration can contribute to expand the convergence region in the iterative optimization.

4. SIMULATION RESULTS

We simulate the following third process to confirm the identification performance of the proposed MPEM and to compare it with the existing PEM. For comparison, we use the same iterative optimization for both PEM and MPEM of the Levenberg-Marquardt method with a fixed 
[image: image73.wmf]a

 value. Note that this choice is just for comparison. For actual implementation, we might choose the one among various optimization techniques such as Levenberg-Marquardt procedure with varying 
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 value, conjugate direction, quasi-newton and so on.
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where 
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The simulation results demonstrate the proposed MPEM shows more stable parameter convergence than PEM. Also, the simulation result for 
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 shows that poor initial settings for 
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 can cause divergence in PEM. The proposed MPEM can solve the problem of the poor initial setting for 
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 and 
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 by removing the adjustable parameter vector of 
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 and 
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 in the optimal manner. 

5. CONCLUSIONS

We proposed a modified prediction error identification method (MPEM) by removing the adjustable parameters corresponding to the exogeneous input and auto-regressive part in the iterative optimization. MPEM shows better robustness than PEM in parameter convergence and it removes the possibility of the poor initial settings of 
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 and 
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