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Optimal model for:
• Given measurements sequences
• Klass of models
• Given performance index
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Full probabilistic knowledge
▪ First type regrsesion

▪ Second type regression 

Unknown probabilostic knowledge
• Performance index estimatin 

• Parameter estimation of the probability 

distribution

• Probabilit ditribution estimatoin
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Methods:
▪ Least square

▪ Maximum 

likelihood

▪ Bayes’a
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Choice of the best model
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are values of random 
variables 

Choice of the best model, 
probabilistic case
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are values of random 
variables 

 

 
  

 

Choice of the best model, 
probabilistic case



Choice of the best model, 
probabilistic case

• Plant identification with random immeasurable variable

 

 
 

 

 

 

   

 

 

 

 

 



Choice of the best model, 
probabilistic case

• Problem formulation

Plant characteristic: ( ),uFy =

– value of random variable – plant parameter

( )yuF ,1−= – invertible function with respect      :

( ),LR

F

n 

– value of random variable      – transformation of variableny y 

( )f





Choice of the best model, 
probabilistic case

 

 

 

 

 

 

 

 

Probability density function      under condition             :       y uu =
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input        and output        are values of the random 
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are values of random 
variables 



Choice of the best model, 
probabilistic case

Two possible cases

Full a’priori knowledge Incomplete probabilistic information

- joint probability density function 
                of random variables ( )yuf ,

or
- conditional probability density 
function

and mrginal probability density function

are known

( )uyf y
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joint probability density function 
of random variables 
exist, but is not known.
Measurements:

are values of 
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Full a’priori knowledge

( ) )(),( ufuyfyuf uy =

Model: ( )uy =

Performance index: ( ) ( )( )  ( )( ) ( ) dudyyufuyquyqEQ
yu

,,,
,   ==

U Y

Optimal model: ( ) ( )=→


QQ min**

)(* uy =

 

identification 

plant 

  

  

 
 



Full a’priori knowledge
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Full a’priori knowledge

• Regression of the I type
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Full a’priori knowledge

• Example
Joint probability density function of random variables             :( )yu,
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Full a’priori knowledge

• Example
Covariance matrix           :

uy
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Full a’priori knowledge

Model: ),( uy =
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Full a’priori knowledge

• Regression of the II type
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Full a’priori knowledge
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Is there any relation between the I and the II type regression ?



Full a’priori knowledge
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Full a’priori knowledge
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Full a’priori knowledge
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the I type regression weight function

The II type regression is the best approximation of the I type regression.



Approximation of static plant 
characteristic

• Problem formulation

Weight function: ( )ugu

 

 

 

 

 

 
 

 

 



Full a’priori knowledge

• Relation between 

    regression of the I 

    and the II type
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Choice of the best model, 
probabilistic case

Two possible cases

Full a’priori knowledge Incomplete probabilistic information

- joint probability density function 
                of random variables ( )yuf ,

or
- conditional probability density 
function

and mrginal probability density function

are known

( )uyf y

( )ufu

joint probability density function 
of random variables 
exist, but is not known.
Measurements:

are values of 
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Unknown a Priori Knowledge

Joint probability density function of random variables  exists but is not 
known.

Measurements:
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are values of random 
variables 

Choice of the best model, 
probabilistic case



Unknown a Priori Knowledge
Empirical Estimation of the Performance Index

Empirical Estimation of the Performance Index

Empirical Probability Density Functions

Unknown parameters of the probability density functions

Empirical Probability Density Functions

Non parametric – Parzen  estimation
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Unknown a Priori Knowledge
Empirical Estimation of the Performance Index

Empirical Estimation of the Performance Index

Experiment:

For the given:  output measurement are repeated .

Consequently:
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Unknown a Priori Knowledge
Empirical Estimation of the Performance Index

Estimation of the performance index:
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Unknown a Priori Knowledge
Empirical Estimation of the Performance Index

For

Performance index:
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Unknown a Priori Knowledge
Empirical Estimation of the Performance Index

Empirical estimation of the performance index:
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Unknown a Priori Knowledge
Empirical Probability Density Functions

Empirical Probability Density Functions

Unknown parameters of the probability density functions

known function,  unknown function parameters

Likelihood function 
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Unknown a Priori Knowledge
Empirical Probability Density Functions

Estimate:
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Unknown a Priori Knowledge
Empirical Probability Density Functions

Estimate (continued):

For
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Unknown a Priori Knowledge
Empirical Probability Density Functions
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Parzen Estimator

Kernel Density Estimation 

Non Parametric Statistical Estimation



Unknown a Priori Knowledge
Empirical Probability Density Functions

– random variable, probability density function  exists but is unknown.

Observations:

Parzen’s estimate:
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Unknown a Priori Knowledge
Empirical Probability Density Functions

Example

where: and are numbers; 
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Unknown a Priori Knowledge
Empirical Probability Density Functions

Examples
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Unknown a Priori Knowledge
Empirical Probability Density Functions

Joint probability density function of random variables          ,

Probability density function    : 
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Unknown a Priori Knowledge
Empirical Probability Density Functions

and conditional probability      :( )uyf y
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Unknown a Priori Knowledge
Empirical Probability Density Functions

Consequently:

For: 
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Unknown a Priori Knowledge
Empirical Probability Density Functions

First type regression

Under condition for :                            we have: 
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and first type regression:
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Optimal model: 
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Plant in the class of model
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Optimal model for:
• Given measurements sequences
• Klass of models
• Given performance index
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Full probabilistic knowledge
▪ First type regrsesion

▪ Second type regression 

Unknown probabilostic knowledge
• Performance index estimatin 

• Parameter estimation of the probability 

distribution

• Probabilit ditribution estimatoin
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Methods:
▪ Least square

▪ Maximum 

likelihood

▪ Bayes’a

 
 

 
 

 
 

 

 

 

 
 NN

NN

yyyY

uuuU





21

21 ,

=

=

Nn

uFy nn

,,2,1

),,(

=

= 

( ),NN UFY =

( ) ( )NNN

df

NN YUYUF ,,
1  ==

−

 
 NN

NN

yyyY

uuuU





21

21 ,

=

=

( )NNNN YU ,=

( )NNNN WU ,=

Choice of the best model
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