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Introduction i

B The concepts of system

Unobservable
interference variables

Observable interference
variables

——
——

System

Input variables

What is

system?

System diagram

Output variables

 ——

Interference
variables
+

0 System

Input variables

 —
+

Univariate system diagram

O A system represents an object, phenomenon, thing, pr
relationship.
O Its attributes must have corresponding input-output re
essential elements and unobservable interference variable

O Open-loop systems (with causal relationships)

O Closed-loop systems (with feedback effects)
O Sequential systems (without input effects)
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Introduction i

B The concepts of system

» A system is the research object of systems theory and other systems science.
attributes and characteristics, including structure, function, behavior, and interc

Example: computer

O A computer's hardware system is composed of arithmetic
controllers, memory, and input/output devices, and the h
system is a subsystem of the computer system.

Example: clock

O A clock is assembled from components such as gears, springs,
and pointers in a certain way, but a pile of gears, springs, and
pointers placed randomly together cannot form a clock
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Introduction i

B The concepts of model

Unobservable
Observable interference interference variables .
variables Different types:
. ~ O Equation expres:
- System ' — O Mathematical re
] Output variables 0 Natural laws
Input variables : ,
: @ : O Physical laws
O Assumptions
O Examples
e Modeling e O Schemes
| — O Hierarchical stru

O A model is the main means of describing a system, which
What is abstraction of specific behavioral patterns of the systen
models ? external characteristics of the system or the input-outpu
the system are concerned
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Introduction i

B Classification of system modeling approaches

. P
Concerning randomness or uncertainty? Bheerrable filereres

Unobserva
interferenc

(When the state of the system described is variables
. ] . ——
determined, the system's output response is System =
. .  —— (
certain or uncertain?) Input variables G
No Yes M) Modeling |«
Deterministic modeling Uncertainty modeling
O Differential equation modeling O Evidence theory modeling
O Transfer function modeling O Bayesian theory modeling
O State space modeling O Markov process modeling

O Al-based modeling
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Introduction

B Classification of system modeling approaches: Deterministic modeling

O A mathematical model of a system describes the relationship between internal physic
variables) using mathematical expressions.
O In system modeling, deterministic models refer to models that do not contain any randon

L R State Space Model
O A S— O 2 e -
5N usedto " Deser E=)
?(f) Framework ° ' Dynamic System
uf) C == tll)
Static Equation : Observation Equation :
i h(x, )
O 'e) (& epucea
Differential equation modeling State space modeling
R(s) C(s)
> (r(s) > i
Transfer function modeling Al-bas
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Introduction i

B Classification of system modeling approaches: Uncertainty modeling

O Uncertainty modeling refers to the process of representing and quantifying the va
uncertainty that exist within a system or a model.
O It applies to predictions of future events, to physical measurements that are already

unknown.

Posterior

Data or
Likelihood

X(s)

“history”

Markov Proce

Prior

0.2 0.4

Relative Risk (log scale)

Bayesian theory

i

3
©

Evidence theory
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Deterministic modeling

B The concepts of deterministic modeling

Lrrivwer

Body

Buttocks:
Seal Cushlon
m I'rﬂl'l'li.'," -—

Cabin Pl -elje—

Wlig]  o—

E Differential «

"™ Transfer fu

g Al-based nr

What is

deterministic
modeling ?
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A mathematical model of a system describes the relati
internal physical quantities (or variables) using mathemat
In system modeling, deterministic models refer to mod
contain any random components.




Deterministic modeling

m Differential equation modeling — System differential equations

» Example 2-1: The following figure shows a passive network composed of resistc
and capacitor C. Please write down the network's differential equation with «
and u (?) as the output.

Kirchhoff's voltage law:

L R
oo LA s Rifr)=u, (1)
=" da C
i(7) |
70 c =u®  u,(t)= Eji(t)dt
Eliminating the intermediate variable i(?):
o o ,
RLC passive circuit network LC d Zoz(t) +RC du;(t) +u, (t) =u (z
! [
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Deterministic modeling

m Differential equation modeling — System differential equations

» The steps for formulating component differential equations

Step 3: Eliminate intermediate variables to obtain the differential equation
describing the relationship between the output and input variables, which
constitutes the mathematical model of the component in the time domain.

100%

66%
Step 2: Analyze the physical or chemical laws followed by the ‘

components in operation, and formulate the corresponding
differential equations. @
Step 1: Based on the operational principles of the
components and their roles in control systems,
determine their input and output variables.
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Deterministic modeling
m Differential equation modeling — The basic characteristics of linear systems

» What is linear system:
systems described by |
equations are referre

essiin components or linear s
1+1=2
; . 4 R
S A, 4
Logistic evolution 7~ -\ /7 \  Life
f 40 A [ &) PLUS
| o s - 1\ ol ' ONE Apple ONE Apple
Attractor ~—" a /= 2\ [ fers) " Turbulent flow
Neuron 7 \® ©/ “~——"Neural networks
Coupled nonlinear oscillators Superpositlon F
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Deterministic modeling

B Differential equation modeling — The solution of linear time-invariant differentia

100%

Step 3: Perform the inverse transform on the output Laplace transform ‘
function to obtain the time-domain expression of the output, which serves
as the solution to the given differential equation.

Step 2: From the algebraic equation, derive the expression for the
Laplace transform function of the output.

Step 1: Considering the initial conditions, perform the
Laplace transform on each term of the differential
equation to convert the differential equation into an
algebraic equation in terms of the variables.

e
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Deterministic modeling

B Transfer function modeling

What is O When using the Laplace transform method to solve
equations of linear systems, the mathematical model
system in the complex domain can be obtained.

O The transfer function not only characterizes the s
performance, but also can be used to study the eff
structure or parameter changes on system performance.

Transfer

function

modeling
?

n n—1
aodc—gt)+a1d—nc_€t)+...+an_ldc—(t)+anc(t)
A linear time-invariant n-order system: at at dt
ysrem: d"r(t)  d"r (1) dr (1)
=by——>+b———=>+..+b,_  ——=+b,r|
dt™ dt" dt

Laplace transform: [aOS” +as" +..+a,_s+a } C(s)= [bosm +bs" " +..+b s+b ] R

m m—1
Transfer function: G(s) = C(S) = bys" +bs™ +...+b,,S+b,

n n-1
R(S) a,s" +as  +..ta _s+a,




Deterministic modeling

B Transfer function modeling

> Example 2-2: Let's find the transfer function U (s)/U.(s) for the RLC passive net
in Example 2-1.

I R The differential equation for the RLC netwot
= ML O d’u (¢ du (1
> LC 02( )+RCO—()+u0(t):ul.(‘
(1) dt dt
uft C —— u,ll)
i The transfer function:
° © G(S) = Y, (S) = .
2
RLC passive circuit network U, (S ) LCs™ +RCs +1
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Deterministic modeling

B Transfer function modeling

Property 1: The transfer function is
a rational function of the complex
variable s.

Property 2:
function is
that relates
the input
system parai

R(s) C'(s)
> (7(s) >

Property 3: The transfer function
analogous to a differential equatio

The graphic representation
of transfer function
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Deterministic modeling

B State space modeling

\ 4

State Space Model i

(5] >

Y

. @ e ; Xi, X .
m e 8 used to bﬁ = y

A Mathematical >33 )))}y_” il @
Framework Dynamic System
° Input vectors: u-
Static Equation:: Observation Equation : Output vectors: Y

Xt =f(3&—'r, U1, Et) Yyt = h(.)Ct, Vt)

Internal variables: «x

What is O State-space modeling is a mathematical framework for
behavior of dynamic systems.

O The state space represents the system through a set of
and their changing relationship over time, and links the in
state variables of the system.

shen.yin@ntnu.no
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Deterministic modeling

B State space modeling

\ 4

State Space Model i

(5] >

Y

. @ e ; Xi, X .
m e 8 used to bﬁ = y

A Mathematical >33 )))}y_” il @
Framework Dynamic System
. ° Input vectors: U-
Static Equation : Observation Equation : OUtPUt vectors: Y

Xt =f(3&—'r, U1, Et) Yyt = h(.)Ct, Vt)

Internal variables: «x

O State and State Variables: The collection of information ab«
Basic concepts of or motion of the system in the time domain is referred to ¢
state space O State-space representation: The system using a set
modeling differential (or difference) equations that relate the
variables, inputs, and outputs.
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Deterministic modeling

B State space modeling

State Space Model i >
R # N 1y > .
[ “ ] — - — : - l.. ..-\‘2., P ..-1
=1 > (6] i @ = I
A Mathematical >>> p

Framework

=% w6
o Dynamic System
| D Input vectors: U-

sitatic Bquation: Observation Equation : Output vectors: Y

Xt = f{xt-1, U, € .
t=f{oxt1, U, &) Internal variables: x

t) : The state vector 4: THERE
Representation of JIE )x(¢)+B(t)u(t ) B:Thein)
state space 5 u(?) : The input vector ]
- T
modeling (t) P (t)u (t y(?) : The output vector L
D : The fe
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Deterministic modeling

B State space modeling

» Example 2-3: Let's write down the circuit equations for the RLC network shown
select a few sets of state variables, and establish the corresponding state-space
Then, we'll discuss the relationship between the selected state variables.

L R
O m—: O
i(7) g
u{1) C == U7
O O

RLC passive circuit network

According to circuit laws, we can write tt
equations:

Circuit laws: R; +L§+l idt = U,
5

1
The output of the circuit: V=U, =—

C
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Deterministic modeling

B State space modeling

» Example 2-3: Let's write down the circuit equations for the RLC network shown
select a few sets of state variables, and establish the corresponding state-space
Then, we'll discuss the relationship between the selected state variables.

L R Solution 1:  Agsume X, =1 X =5
O m—: O | = B
> xl(t)z—le—zxz +Z€
i(1) I 1 (2-10) Y =X
u{1) ¢ —— H,if) ¥ (1) = c™
_E T |
X, L L%, |=
. 5 +| L |e
@ O . ch:| l 0 |:x2:| L) } L
RLC passive circuit network RC |

y=[0 1][’61} (2-12)
Xy



Deterministic modeling

B State space modeling

» Example 2-3: Let's write down the circuit equations for the RLC network shown
select a few sets of state variables, and establish the corresponding state-space
Then, we'll discuss the relationship between the selected state variables.

L R Solution 2: Assume xl — Ejldt+Rl .X2 —
O m—: O
. R 1 1
> X, (l‘):——x1 ——— X, e
f(f) L LC L _l
%, () =1, (2-13) Y Sk
u ) C == u,0)

RLC passive circuit network
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Deterministic modeling

B State space modeling

» Example 2-3: Let's write down the circuit equations for the RLC network shown
select a few sets of state variables, and establish the corresponding state-space
Then, we'll discuss the relationship between the selected state variables.

L R

O m—: O O The state-space representation of the
> unique. Choosing different state vari
i(f) different state-space representations,
— 1,(f) describe the same system.
O It can be inferred that there exists

transformation relationship between ¢
O O space representations describing the san

u{1)

®
|

RLC passive circuit network

shen.yin@ntnu.no



Deterministic modeling

B Al-based modeling

TRADITION
Tasks
ey L A
uestion INPUT
& ant::vt:ring ?. %
. 1 Data % . Sentiment :e. / MO
ol . . Analysis =
v i ' <) RULES
What is Artificial Y el -] i
e 20 S @ Al BASED
. 2 R 0 r‘ : [ >IN /] %r Information 4
Intelligence? 3 J mages v " TN o
; T “ ) ) e i o
Explalned in Sn’np[e s ‘ Speech"ﬂm\f‘ Training Foundation e - =i
- > P V4 * Model @ Captioning T N &
erms e 4 / ~
— 5 Structured :?hb‘ tm E— —
. \'_”/ =1 Data T ",
(= 2bjack = Al MODEL
. DSt = %}; Recogpnition ? / REULES
= Instruction ouTPUT
i, Following ..~ %
&’ & 2 J STEP 1: TRAINING

O Al-based modeling: Construct learning-based algorithn

What is establish the mapping relationship between input dat

Al-based output for direct end-to-end prediction.

modeling O Without the need for any prior knowledge, Al-based sy:

? methods can learn feature representations from the inhere
the system.
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Deterministic modeling

m Al-based modeling

~ MACHINE LEARNING ---r-rrrrrrrrrrre

" Artificial Intelli

< The theory and development of co

to perform tasks normally requiring

INPUT FEATURE EXTRACTION CLASSIFICATION OUTPUT .
" Machine Lea

Gives computers "the abili

without being explicitly pro

DEEP LEARNING —oomeoememememeenmmemeememeenee

>

Deep Learr

.' )'Q’ )'Q' ) . Machine learning al
¢<> }'{.}'{%}'ﬁ'{‘}'ﬂ'(. with brain-likge IOS;
.7“')1“-'7‘\')7“37“'%‘( siructure of algori
SAATATATA AT i

00 renemsmasnssarene s

INPUT FEATURE EXTRACTION + CLASSIFICATION OUTPUT
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Deterministic modeling

B Al-based modeling—Neural networks

Convolutional Neural Network — Recurrent Neural

Deep networks exploit

> Translation equivariance

Y

[ —

(weight sharing)

| - =
I | ] |
I 1 . .
i ! i > Hierarchical
i Kemel{ =2} I : I
H : Activate | MaxPooling( 1 =2) :: o e .
i i i compositionality
1!
H | i
I | it
E'\ ________________________________ j e —————— ! i
E Convolutional Operation Pooling Operation ;

« Speech data

™ |
Y L i P ] e
—EwI=1
= L
 Eed i D il o
= % PN o
B o o ol i =
5 o B 2 s Tl
il s P B i e
Al
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Deterministic modeling

B Al-based modeling—Convolutional neural network

{ "|"'|

Chuatput

B e TR e e R e ]

I
I A A
I wy Ohagr=
I { :'L_ {E =
| . 2 "
E — =0
I <
I
I
I
I
If L i J o 5 J
{ Input ConvolutiontActivate+Pooling Full Connection
e ok i i S e T e MR R e L O D S N e Oy R B S e 3
=
Kemel(1+2)
Activate MaxPooling( 1=2)
~ o

O Automatic feature extraction

B Advantages
O Weight sharing

4

Assuming:
Convolution kernel

Input matrix: X = |

At the coordinates
the input matrix, th
output of the

convolution operat
y shown as follows:

t t
y:f szpq'xiﬂ?—
p=l g=1

where f is the ReLl
function, b is the of

O Convolution operation
O Pooling operation
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Deterministic modeling

B Al-based modeling—Long-short-term memory network

Improvement
2. Gated structure
@ B How to control the cell state of {
LSTM T O LSTM removes or adds cell state inf
~ the gate structure.

@ >
A > A O LSTM contains 3 gate structures to
- . namely, input gate, forget gate anc
| g | O Each gate structure contains a Sign
&) ®) &) layer and a bitwise multiplication o

shen.yin@ntnu.no



Deterministic modeling

B Al-based modeling—Long-short-term memory network

Forget gate:
Decide which part

is forgotten. s

of the information é‘L
[

fi=o(U,[h ;c]+bf) (2-17) i, =0 (U[h_,x]+h) (2-18)

t—1°>""t

\

Input gate:

Determine the informe
that needs to be adde
the cell state in the cul
sequence information

t s E“E’; Output gate:
N h(t-1),x(t),c(t)

to determine |

current mome

J

Forget gate and input
gate work together to
update cell state.

a

0, =0'(W0[ht_1,xt]+l

¢, =f*c_ +i *tanh(Uc[ht_l,xt]+bc) (2-19) h =o *tanh(ct)
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Uncertainty modeling i

B The concept of uncertainty modeling

What is Uncertainty ?

O Uncertainty refers
to epistemic situations
involving imperfect or
unknown information.

O Uncertainty is usually classified
into aleatory uncertainty and
epistemic uncertainty.

What is O Uncertainty modeling refers to the process of representing an
various sources of uncertainty that exist within a system or a moc

O It applies to predictions of future events, to physical measu
already made, or to the unknown.

uncertainty
modeling ?
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Uncertainty modeling iz

B Evidence theory

> Example 3-1: Assessing the potential consequences of an earthquake wi
location of its epicenter.

A group of 15 experts provided thei
possible location of the epicenter of
in the form of zones
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Uncertainty modeling iz

B Evidence theory

> Example 3-1: Assessing the potential consequences of an earthquake
® A group of 15 experts provided their estimates of possible location of the epicentel
earthquake in the form of zones

O The location estimates are both nonsp
(i.e., provided as regions) and conflicti
not in agreement) with each other.

O The expert opinions can be treated as
of evidence in this case.

O This evidence body can be used to est
the likelihood that the epicenter is insi
particular areas of interest representin
cities or densely populated areas A an

Estimates of the locations of
the epicenter of an earthquake
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Uncertainty modeling iz

B Evidence theory

» The theory of evidence, also called the Dempster-Shafer theory (DST)
developed by Shafer and Dempster. This theory is based on belief mec
and plausibility measures.

- A basic assignment (m) can be conveniently
f{i;;ory% by the following function that maps the powe
/ ( the range [0, 1]:
( il J
Evide 1ce “ / m: P, —[0,1]
| based "™ For any set A, € Py, the belief measure (Bel)

Tﬁjﬁf— (Pl) measure is

1: Belief and plausibility measures Bel(4)= > m(4,) Pl(4)= >

alld;c 4; all4; N4, #&

The belief and plausibility functions satisfy
Bel(A) < P(A) < PI(A)
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Uncertainty modeling iz

B Evidence theory

> Example 3-1: Assessing the potential consequences of an earthquake

O The experts can be assumed for the purp
example to have an equal level of credibi
reliability, therefore assigning their respe
regions equal weights of evidence of 1/1
words, equally credible and reliable (i.e.,
equivalent in their opinions).

O This evidence body can be used to estim
likelihood that the epicenter is inside par
of interest representing two cities or den

Estimates of the locations of populated areas A and B
the epicenter of an earthquake
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Uncertainty modeling iz

B Evidence theory

> Example 3-1: Assessing the potential consequences of an earthquake

Estimates of the locations of
the epicenter of an earthquake

1. The belief that the epicenter is in region A i
Bel(A) = 2/15 = 0.13

2. The plausibility that the epicenter is in regic
Pl(A) = 5/15 = 0.33

3. Similarly for region B, the belief and plausik

Bel(B) = 1/15 = 0.07 ; PI(B) =

4. These belief and plausibility values can be u
the following interval valued estimates of resg
probabilities of A and B:

0.13< P(4)<0.33; 0.07< P(B)+

shen.yin@ntnu.no




Uncertainty modeling iz

B Bayesian theory

> Example 3-2: Calculating the probability of a factory producing de
components.

How can you determine th
defect rate of a batch of prc¢
when you know the defect |
each production line? (
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Uncertainty modeling iz

>

B Bayesian theory

It is common in engineering to
encounter problems with both
objective and subjective types of
information. Both types of
information can be used to obtain
solutions or make decisions.

The subjective probabilities are
assumed to constitute a prior
knowledge about a parameter, with
gained objective information (or
probabilities).

If A, 4,--,Ay represents the pri
information, or a partition of a unive
E € X represents the objective ability

P(E) = P(A)P(E|A1) + P(A2)P(E|Az) +

where P(4,) = the probability of the
=the occurrence of £ given 4,, wh

Bayes’ theorem is based on the sa
of partitioning. The posterior probak
computed as follows:

P(A)P(E]A)

PAE) = PP EIAD + P(A)PEIAY) + 1

shen.yin@ntnu.no



Uncertainty modeling iz

B Bayesian theory

> Example 3-2: A factory has three production lines. The three lines manufactur
and 50% of the components produced by the factory, respectively. The qualit
department of the factory determined that the probability of having defectivi
from lines 1, 2, and 3 are 0.1, 0.1, and 0.2, respectively.

1. The following events were defined: 3. Since these events are not independen

L, = Component produced by line 1 probabilities can be determined as follow
=

L, = Component produced by line 2 P(DNL)=P(D|L)P(L)=0.10.2) =0.

L, = Component produced by line 3 P(DNL,)=P(D|L,)P(L,)=0.1(0.3) =

D = Defective component P(DNLy)=P(D|Ly)P(L;) = 0.2(0.5) = (

2. The following probabilities are given: 4. The probability of a defective compon

P(D|L)=0.1; P(D)=P(D|L)P(L)+P(D|L,)P(L,)+F

P(D|L,)=0.1; =0.1(0.2) +0.1(0.3) +0.2(0.5) = 0.02
P(D|L)=0.2 =0.15
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Uncertainty modeling iz

B Markov Process Modeling

> Example 3-3: A particle moves along the real axis in one step from any ir
valued coordinate i either to i+1 or to M with equal probabilities. The singl
are independent of each other.

v What is the absolute
g W, A distribution of the positio
" N the particle after 2 steps ?

x\j,:f"’ g _____“"‘::}._ :
BROWNIAN MOTION PARTY

24HOURS ALLWEEK ALL SEASONS
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Uncertainty modeling iz

B Markov Process Modeling

> Definition 1: A process is said to have Markov property if

Pr(X(s +t) =j|X(s) =i, X(u) = x(u),0 < u < s)|=[Pr(X(s + t) = j|X(s) :

forallx(u),0 <u<s

R Pr(X(s+t) =j|X(s) =1) J

X(s) X(s

The future development of a discrete Markov chain depends only on its pi
and not on the sequence of previous states.
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Uncertainty modeling iz

B Markov Process Modeling

» A Markov chain is called The one-step transition probabilitie

homogeneous if it has homogeneous combin.e.d. in the matrix of ’Fhe one-
(stationary) increments probabilities (shortly: transition ma

The one-step transition probabilities from ‘ Doo - poj\

state i to state j of a homogeneous Markov : . .

chain do not depend on n: ' ' )
Pio ** Dij

/

p;(n)=p,, forall, n=0,1,..

> The following relationships bef
transition probabilities of a Ma
are called Chapman-Kolmogor:

» The m-step transition or probabilities
of a Markov chain are defined by

' ; (m) — (r) ,(m=r).
pl(;n) P(XTH'm — ]lXTl = l)) m = 1;2; T Zplk p]g = O 1
keZ
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Uncertainty modeling iz

B Markov Process Modeling

> Example 3-3: A particle moves along the real axis in one step from any ir
valued coordinate i either to i+1 or to M with equal probabilities 1/2. Th
absorbing barriers at x=0 and x=6, so that if the particle arrives at one of tl
can-not leave it again. Provided that 0<X,<5, the state space «
corresponding Markov chain (X, X, ,...) is Z=(0,1,...,6) .

1. The transition probabilities are

(1/2 forj=i+lorj=i—1 and
p; =11 forj=i=0o0rj=i=6
0 otl

Fig 1. Random Motion. The paricles in a gas have a
random moficn, moving in any direction at any speed.
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Uncertainty modeling iz

B Markov Process Modeling

» Example 3-3: The starting position of the particle X, is uniformly distribute
{1,2, ...,5} and the initial distribution is givenby »® =px,=i)=1/5i=1.2,

i

2. The matrices of the one and two-step transition probabilities are

1 0 0 0 0 0 0 1 0 o0 o0 0 0 0
/2 0 1/2 0 0 0 0 1/2 1/4 0 1/4 0 0 0
o 1/2 0 1/2 0 0 0 1/4 0 1/2 0 1/4 0 0
P=f 0 0 1/2 0 1/2 0 O P?= 0 1/4 0 1/2 0 1/4 0
o 0 0 1/2 0 1/2 0 O 0 1/4 0 1/2 0 1/4
o 0 0 0 1/2 0 1/2 0O 0 0 1/4 0 1/4 1/2
o 0 0 0 0 1/2 1 o 0 o0 o0 o0 0 1

3. The absolute distribution of the position of the particle after 2 steps is

o [3 233 3 3
P =120720720°20°20° 20
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Case study-System modeling and fault diagnosis

B Data description

The three-phase flow equipment at Cranfield University aims to provide con
measurable flow rates of water, oil, and air for pressurized systems. The industi
shown in Figure 1 and can be used to achieve fault diagnosis and health monitori
dataset contains 24 variables collected by sensors and six types of faults base
operating conditions.

Fault description of three-phase flow process.

PT4030<) 4 L VC401

PT408

Faulty types O 1 2 3 R
LI405 5; PT312
Description Normal Air line Water line Top separator <l £8 I E—i ke
condition blockage blockage input blockage ) I o S
Overview of the working conditions of three-phase flow process. E ' R vees :
Domain Conditions Class 1 Class 2 Class 3 Class 4 ] prsor by w i WA
Water flow (kg/s) 2 2 2 2 g TR
A Air flow (m’/s) 0.0278 0.0417 0.0278 0.0278 [ it
No. of samples 1000 1000 1000 1000 s02: | = - vetot FTios
Water flow (kg/s) 3.5 3.5 3.5 3.5 5PHASE SEPARATOR
B Air flow (m?/s) 0.0208 0.0208 0.0417 0.0208 o
No. of sampies 1000 1000 1000 100 The diagram of three-phase flow ir
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Case study-System modeling and fault diagnosis

m Data preprocessing

O Data preprocessing can refer to manipulation, filtration or augmentation of data before it
is often an important step in the data mining process and improve the quality of daf
collection methods are often loosely controlled, resulting in out-of-range values,
combinations, and missing values, amongst other issues.
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2 PHASE
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i) TR e B
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AR BYPASS !

Lisoz \ oL
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T WATER

OiL POZ

FTIDS  yieso2 AR |

R300 | o

T200

VG201 FT204 o [

+ T100
VC101 FTI4 po1 T, .—/

LD~ | WATER
Py

L_WATER |

B Detailed steps

O Feature analysis and selection
Analyze the relationship between features
and select key features.

O Outliers Removing:
Detect outliers in the training set and remc

O Noise Reduction:
Reduce the negative impact of noise on dz

O Normalization:
Features are transformed into a range of O
reduce the impact of data size imbalance c
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Case study-System modeling and fault diagnosis

B Al-based modeling—Decision tree

Process of decision trees training Decision trees model

R F >
/ ™ 1

Lknt (D ) D —; p, log, p, Guide the attribute X \
. lit val \
B Information gain with attribute g and split value /

e ()

4

Gain (D a Ent Z

v=1

B Gain ratio calculation

/4 v DV
= — —1 —_—
vz=1: D 0g, D
Gainn (BT Gain(D,a)
[V(a)

Predicted faulty types by the tr
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Case study-System modeling and fault diagnosis

B Al-based modeling—Random forest

B Random forest is an ensemble learning method for classification, regression anc
that operates by constructing a multitude of decision trees at training time.

Raw Datasets

Step 1: :5 Bootstrap Bootstrap Bootstrap Step 3

Bootstrap sampling to l l, l Ensemble

obtain sub datasets /\ Py \\ >, \ multiple df
/ \ / \\ / \ // \ o0 0 / \ / \\

Step 2: = 22 R O L& A& LA AL [Swpe:

Decision tree model llu,lsmn Tru 1 l)(,uamn Trcc 2 = |)LCI$II}II Tru, T Achieve fa

training based on sub l l l /
datasets

Final decision
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Case study-System modeling and fault diagnosis

B Al-based modeling—Neural network

Step 2. Forward calculation

Ypred — O'R('“ 01 (WlXInput + b1)

Predicted label

Step 3. Gradient descent

2 dL
L= znypred - Yreal”2 Oiy1 =0; — /1%

shen.yin@ntnu.no

)

O0O0000

OO0 =

Main algorithm

Step 1: Data preprocessing
Step 2: Forward calculation
Step 3: Back propagation (Gr
Step 4: Iterative learning on ¢
Step 5: Results validation

Advantages

Strong nonlinear fitting capal
Good learning and generaliz:
Relax the assumption of phy:




Case study-System modeling and remaining useful life =

B Data description

The widely used commercial modular aero-propulsion system simulation (C-MAP
adopted for the evaluation of the proposed RUL prediction approach. This data
the degradation process of the aircraft engine. The engine consists of fan,

compressor (LPC), high pressure compressor (HPC), combustor, low pressure turbi
high pressure turbine (HPT). Total 21 onboard sensors, measuring temperature, |
speed, are deployed at different locations to monitor the condition of the engine.

. . . . Fan Compressor  Combustor
Train The full life cycle monitoring Modules { (LPC o HPC)
data data of 21 sensors

The monitoring data of 21

Test sensors of the partial life
; Physical
data cycle, and the corresponding se¥1sor { %y Tee  Teem
real value of RUL Pressure  Pressure Pressure  Speed

meas.
The diagram of aircraft er
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Case study-System modeling and remaining useful life =

m Data preprocessing

B Feature selection

O For the 21 sensors (indices from 1 to 21 in training and testing files), the sensors with indi
18, and 19 always have constant values during the run-to-fail experiments. This means th
are not related to the degradation of engines. In this sense, 14 sensors are used for the RU

B Time windows acquisition

O Since the data picked up by the sensors are time series data, the data are combined in
windows , which act as the input into the RUL prediction model.

The description of aircraft turbofan engine dataset.

Modules { Fan Compressor

Data Aircraft turbofan engine datasets (LPC and HPC)
FDOO1 FDOOZ FDOO3 FDOO4
Training engines 100 260 100 249
Testing engines 100 259 100 248
Fault modes 1 1 2 2 Physical Temp Temp. Temp
et s sensor ‘ ' :
Operational conditions 1 6 1 6 { Pressure  Pressure Pressure

meas.
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Case study-System modeling and remaining useful life

B Al-based modeling—Convolutional neural network

{ "|"'|

Chuatput

B e TR e e R e ]

I
I A A
I wy Ohagr=
I { :'L_ {E =
| . 2 "
E — =0
I <
I
I
I
I
If L i J o 5 J
{ Input ConvolutiontActivate+Pooling Full Connection
e ok i i S e T e MR R e L O D S N e Oy R B S e 3
=
Kemel(1+2)
Activate MaxPooling( 1=2)
~ o

O Automatic feature extraction

B Advantages
O Weight sharing

4

Assuming:
Convolution kernel

Input matrix: X = |

At the coordinates
the input matrix, th
output of the

convolution operat
y shown as follows:

y:f(zzkpq “Kivp-
p=l g=1

where f is the ReLl
function, b is the of

O Convolution operation
O Pooling operation
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Case study-System modeling and remaining useful life

B Al-based modeling—Long-short-term memory network

1. Cell State: Store LSTM cell infor

Improvement
2. Gated structure
@ © B How to control the cell state of {
LSTM T O LSTM removes or adds cell state inf
~ the gate structure.

@ >
A > A O LSTM contains 3 gate structures to
- . namely, input gate, forget gate anc
| g | O Each gate structure contains a Sign
&) ®) &) layer and a bitwise multiplication o
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Case study-System modeling and control

m State feedback control

reference u(t) ‘ State Space y(t) g
System
X(t)
K [&——
Pole Placement Control: LQR Control: _ _
We solve for K by manually choosing Optimal K matrix found by choosing
appropriate closed loop pole locations. closed loop characteristics based on

desired system performance

What is state feedback

State-feedback control is
system design technique |
full state of the system tc
control input.

The feedback gains are th
by solving an optimizatiol
using various control desi
such as pole placement ol
quadratic regulator (LQR)

What are the benefits of using state feedback control?

O By using the full state information provided by the system model, the stat
control system can achieve improved performance, enhanced stability, .
disturbance rejection compared to feedback control systems that rely o

system output (e.g., PID control).
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Case study-System modeling and control

m State feedback control

Step1: Obtain the state-space
model of the system

>
m A Mathematical >

Framework

Representation

Static Equation : Observation Equation :

yt = h(xt, ve)

xt = f{xe1, U, &)

shen.yin@ntnu.no

Identify the state variable
variables, and output vari
system.

Derive the state-space eq
describe the dynamics of
typically in the form:

State equation: dx/dt = A
Output equation: y = Cx +




Case study-System modeling and control

m State feedback control

‘Im
'zero pole diagram of Step2: Determine the desired close

discrete systems T
\ Y system characteristics
8

Re{z}

O Specify the desired closed-loop sy
performance requirements, such a
, stability, transient response, and s

M,
S L /\/‘w Band 250 state accuracy.

t

o r)ll

O Identify the desired closed-loop sy
poles (eigenvalues of the closed-Ic
system matrix).

<
U

x
3 _"\”f.._

L
-3--

ki
i

fs

www.electricalworkbook.com
Figure 2 Step response (underdamped case) of a second order control system.
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Case study-System modeling and control

m State feedback control

Step3: Design the state-feedback

control law

O Construct the state-feedback control
law in the form: u = -Kx, where K is
the state-feedback gain matrix.

O The state-feedback gain matrix K is o
designed to place the closed-loop
system's poles at the desired
locations, ensuring the desired
closed-loop system characteristics.

State feedback control blo
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Case study-System modeling and control

Step4: Compute the state-feedback gain matrix K — R —

O Use pole placement or optimal control | -
techniques to determine the values of the a_b,m‘;’j‘g{fﬁfwm [ vy
state-feedback gain matrix K. e it

alculating the | i A
. . A and B matrices | V=« :

O Pole placement method: Specify the desired i
closed-loop poles and solve for the Ielements of | EErrrr——— “
K that place the closed-loop system's poles at | B=(—ddi2yBar |
the desired locations. Discretization -

: s {

O Optimal control method: Formulate an | ———
optimality criterion (e.g., minimizing a | g or g | -
performance index) and solve for the state- { 1liam
feedback gain matrix K that optimizes the | |e=(r+B7PB) BPA| k|| -o¥
criterion. ’ Feedback factor R

S — i T
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