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duction

N

v'Complex processes

v'Need to know the ‘process state’ for
*Improved control and monitoring
"Fault Diagnosis

*Event Detection/Predicting failures

GOAL

Design Expert System to predict ‘process state’ online
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otivation
\

Most popular methods assume linear

Need to use nonlinear measures for nonlinear an tic processes
Difterence choices for
=  Feature vector formation

=  Measures of similarity

This is a study to investigate the potential of nonlinear meas
helping distinguish different nonlinear processes, with obviou
extensions to monitoring and fault diagnosis
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proaches

v' Form a feature vector that sufficie characterizes the process state
Choices for feature vectors
v Power spectral density
v' Wavelet coefficients

v Vector made by linear or nonlinear model coefficients

Classification Schemes
v Clustering
v’ Artificial Intelligence

v' Multivariate Statistical Methods
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-| Nonlinear measures

Correlation sum-based measures: characterize the overall geometry

{ Bl W
C* . X.g)= [TZZ@(E_ 25 ==
y

i1 i+l
The superscrip t m refers to the (embedding ) dimenston of x; and
X, X eFR™ and x, x; X

1z a kernel function, usually ta ken as the heawside step function, gaussian
or a radial basis function,

The vectors x; and x; are produced by juxtaposing m equally spaced measurements

v'Statistics based on correlation sum or their variants
v'Very Tedious

v'Inaccurate in presence of noise

Rajput-Bruns-Daw
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‘l 0 liweasures (contd.)

v'Measures for characterize the dyna

sShannon Entropy as a measure of redundagcy of information

*)

H(X,7) =3 p, (4,7 Inp, (X,7)

idl -1

*Nonlinear autocorrelation or mutual information

fi{-‘}f:};}=Hi{X:X}+Hi(F:F}_Hi{X:F}

Measures computed on code series generated by symbolization.

Using fluidized bed data for illustrating the method
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‘l ymbolization

*Look for patterns of values (measuremen
Symbolization Analysis

*Symbolization tries to assign a symbol value to every
*Every measurement can be calleda 0, 1, 2, ...

*Helps reduce the noise

*Preserves the necessary information in less storage space
*Data compression techniques can be used from information theory

*Symbol sequences can be made by juxtaposing symbols
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ymbolization

Symbolization Parameters

*Set Size Number of distinct symb
*Sequence Length Number of symbols in the seq

*Symbolization Interval Time difference between symbols

The optimum values of parameters have to be found by trial an

Symbolization parameters used in this study

*Set Size =3
*Sequence Length = 5

*Symbolization Interval = 1
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Hlustrating Symbolization

Multiplier 27 9 3 1  Code

2 1 2 1 170

1 2 1 0 48
gearlll%(r)llces
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Rajput-Bruns-Daw


http://

b

Available from http://www-chaos.engr.utk.edu/pap/crg-aiche200la-slides.pdf

General Methodology

@

Preliminary
Analysis/ Insight

Fourier/Wavelets/Chaos

mm)| Feature Vector

1mension

Formation

Pattern

Classification
Scheme

Neural Net

—

Clustering
Training

EXPERT
SYSTEM

Validation
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re dimension reduction

%

Fischer’s information criterion

Discriminatory Power of each feature

2
H:ui,fk _:uj,fk ”
2

2
+ Gj:fk

J, i ))=J, (i) = fork=12,.L

O-iafk

Choose features with highest discriminatory power
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‘l xpert systems

S

Neural Networks

v'"Mimic connections between human neurons i
v'Learn by back propagating the error

v'Can learn non-linear or curved separation boundary
v A priori information is required in most cases

Clustering Methods

v'Utilizing the ‘similarity’ between two vectors to group them
v'Supervised or Unsupervised training

v'Can learn non-linear or curved separation boundary
v Clustering can be arbitrary

v A priori information not necessary
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-l Process states available

19 flow rates or ‘states’ available from-an experimental fluidized bed
(courtesy Dr. Charles Finney)

Increasingﬂow rates ; Flow #11 Power Spectral Densities
(1 through 19) cover 2
. 7. . c 1
fluidization behavior .
from bubbling to :
extremely turbulent s m Boaw = m
Flow #12
3
2
A sample of |
time series 0
and power [ |/TVHRETITIVE
Y0 & w15 @ % @
spectral Flow #13
. 4 1200
density om0
2 800
600
0 400
200
0 =

o 5 10 15 20 25 30 0 05 1 15 2
Time [sec] Frequency [HZ]

Note the varying power in different time series segments Rajput-Bruns-Daw
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‘l Expert Sy em&d in this study

Clustering Methods

v'K-means

v’ Algorithm seeks to minimize the sum of squared var

v'Need to know the number of clusters required

v'Euclidean distance used as the measure of [dis]similarity
v'Compare clustering efficiency using

»Mutual Information (MIF)

"Power spectral density (PSD)
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Comparing similar dynamic states

Features 3 8 14

Classification Error (%)

MIF 0% 0% 0%

PSD 22%

34% 33%

Three dynamic states in reduced state space

032 T T T T T T |a
# Class 09
* Class 11 L
03r -
W Class 13 ¥ 4
*
028 -
e
026 -
L0224 # -
022rF ' -
02F -
IRLIS -
D-]E 1 1 1 1 1 1 1
0.16 n.1s 02 022 0.24 0.26 0.2a 0.3

%y

0.32

‘ Flow #3: 1.493 cofs

Flow #11: 1.6438 ccis

*

Flow #13: 1.852 ccis

|
5 10 15 20
Time(sec)

Using a biased estimate of

classification error. However it

should give general idea about
clustering efficiency

an

Rajput-Bruns-Daw
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| Comparing very similar dynamic states
Features 3 8 14 0 ® s
Classification Error oF .
PSD 29% 17% 34% 2t 1
* Flowm#10
2L ]

Three very similar dynamic states in reduced state space

038 T T T T T
@ Class 09 J a2t i
 Class 10 Py
03l M Class 11 Prs i m Flon 11
' ]
N 2
034+ g- i
* 0
<032¢ *i’ i 2L I I I | | ]
5 10 15 20 2 0
03} F 1 Time [sec]
028} - MIF is a better indicator than PSD,
- but the fact remains that it is hard to
"B%  0m 03 o0:  om 0% 03 distinguish very similar states

*4

w Rajput-Bruns-Daw
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| Comparing very similar chaotic states
Features 3 8 15 o Flow #17
Classification Error 2r 7
MIF 42% 38% 29% 0 .
PSD 39% 48% 54% <L i
* Flowe #18
2 o .
Three very similar chaotic states in reduced state space
® Class 17 " O ' ' ]
* Class 18
W Class 19 m 2L i
[} Flow #19
m " ; : .
N Py
5 " e of
* ; e -2 1 1 1 ! ! ]
e 5 10 15 20 25 30
& Time [sec]
*
° To distinguish between very similar
chaotic states is very difficult

Rajput-Bruns-Daw
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| Comparing very-similar chaotic states : In Pairs
Features 2 5 10 Three very similar chaotic states in reduced state space
|
Class Class ® Class 17
) ) * Class 18
I 2 Classification Error W Class 19 u
17 (18] 17% 13% 7% .
18 [19] 13% 16% 15%
g s
Input to the clustering algorithm was the reduced N
. o ®
Mutual Information Vector +* o
| . »
Comparing classes in pairs L
results in less classification L
errors. &
However, the clustering ®
algorithm still can not
perfectly distinguish two 3

very close dynamic states

w Rajput-Bruns-Daw
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Diagram
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v Mutual Information vector can classify similar dynamic states

v" We tested the limits of the scheme by compaMgg nearly identical
dynamic states

v" We demonstrated that mutual information is superio
density as a feature vector in state recognition

v Can use reduced pattern vector for process monitoring gi
state-clusters

Advantages

v" Computing Mutual Information at a specified number of lags is qui

v" Less storage space required to store symbolized data

v

Compression techniques from Information theory can be used

Rajput-Brun
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Directions

%

v'Neural networks can be used

v'Use different clustering algorithms

v'Use other nonlinear measures

A way to deal with slowly changing dynamics

v ‘Fuzzy’ clustering
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Thank you!
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