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OUTLINE 2

* Experimental design for model building

Starting from steady-state condition
v" Process reaction curve

v Statistical parameter estimation

* Starting from unsteady-state condition Dynamic

v Statistical parameter estimation M (S) Model
e Implementation in MATLAB

C(s)

Process

C(s)

(C) 2026 CPSE Lab.
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OUTLINE 3
* Experimental design for model building h

» Starting from steady-state condition
v" Process reaction curve

v Statistical parameter estimation

Starting from unsteady-state condition Dynamic

v Statistical parameter estimation M ( S) Model é (S)
* Implementation in MATLAB ]

Process WW\N\
C(s)
(C) 2026 CPSE Lab.
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EMPIRICAL MODELLING !
[ 8
{ We have invested a lot of effort to learn fundamental
modelling. Why are we now learning
about an empirical (or data-driven) approach?
K We have all needed to develop a fundamental model of a complex process
ﬁ ‘We have the to develop a fundamental model of a complex process
ZI Experiments are to perform in a chemical process
ZI ‘We need accurate models for control engineering
(C) 2026 CPSE Lab.
4
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FUNDAMENTAL MODEL vs. EMPIRICVAL MODEL >

COMPARATIVE GUIDE TO PROCESS MODELING MODELS

C%E Fundamental Model & . Empirical (or Data-Driven) Model

(The “How” of Physics) (The “How” of Plant Data)
Method: Fundamental Principles Method: Plant Data

) (s

Advantages: Simplicity & Speed

S - * Good for process
between parameters in ‘ ' : -~ — design since it is easy
physical and the transient = {‘_'j — to use less effort).
behavior of the systems. -

{ Disadvantages: High Complexity & Effort Disadvantages: Lower Accuracy & Information

+ Complex. (Example: a single Fuzzy * Less accuracy; do not
distillation column with 10 provide enough infor-
compounds and 50 trays has mation to satisfy all pro-
differential equations) and cess design and analysis
a large engineering effort. v Fuzzy chart requirements.

(©) 2026 cpsa i CHOOSE BASED ON PROJECT GOALS & RESOURCES ¥

it
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EMPIRICAL MODEL BUILDING PROCEDURE i
A priori knowledge Still‘t
Not just ﬂ Experimenltal Design
process ’ Plant Experimentation
control I
Data

'\ —4 Determine Model Structure

Y l

’ Parameter Estimation

|

’ Diagnostic Evaluation } ------- »

Alternative l '

data —4 Model Verification T """" >
Complete

(C) 2026 CPSE Lab.
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EMPIRICAL MODEL IDENTIFICATION BEYOND MERE 7
MODELING SKILLS

Locations - % ] % W
’ / /

Uncertainties

| ‘.
ii }
I I
|-
- |
N | 1 | l - ! ! I |
[ L

A good model relies on the quality of collected data and its ability
to mitigate uncertainties.

(C) 2026 CPSE Lab.
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EMPIRICAL MODEL BUILDING PROCEDURE
Looks very general; it is! P Apriori knowedge Start
However, we still need to f E"Pe““‘“‘fa‘ Design [
understand the process! l Plant Experimentation l
Determine Model Structure }44
o ’ Parameter IEstimation ‘
n l : }
o Diagnostic Evaluation e
Q :;::mmlb{ Model Verification r ¥
v
Complete

¢

X)

* Changing the temperature 10 K in an ethane pyrolysis reactor is allowed.

* Changing the temperature in a reactor would kill the micro-organisms

(C) 2026 CPSE Lab.
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EMPIRICAL MODEL BUILDING PROCEDURE
Start * Base case operating conditions
b * Definition of perturbation
’ Experimental Design &‘. . Measures
l ‘ * Duration
’ Plant Experimentation ]
|
’ Determine Model Structure *  Safely
l *  Small effect on product quality
’ Parameter Estimation ‘ * _Small effect of profit
’ Diagnostic Evaluation ‘ e We will stick with linear.
l ¢ What order, dead time, etc?
’ Model Verification ‘ p
dY(t Y(s) K,e™
1 O yiy=-kva-o T _L
Complete p U(S) s +1
(C) 2026 CPSE Lab.
9
10

EMPIRICAL MODEL BUILDING PROCEDURE

Start
!
’ Experimental Design ‘ dY(t)
T +
1 dt

Plant Experimentation

}

Determine Model Structure

Y(S) ~ er—es

Y=kUE=0) U(s) 7s+1

l

—

Gain, time constant, dead time ... ‘

Parameter Estimation

|
|
|

l

Diagnostic Evaluation

l

Does the model fit the data used
to evaluate the parameters?

Model Verification

’—>
'7

(C) 2026 CPSE Lab.

}

Complete

Does the model fit a new set of
data not used in parameter
estimation.

10
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EMPIRICAL MODEL BUILDING PROCEDURE

Start
!

’ Experimental Design ‘

l * What our goal?

] Plant Experimentation \ We seek models good enough for control design,

| controller tuning, and process design.
’ Determine Model Structure ‘

l « How do we know?

’ Parameter Estimation

l /

’ Diagnostic Evaluation / ‘

| /

’ Model VerificatiO/{ ‘
-

' Complete '
\ ’

S ’
-

(C) 2026 CPSE Lab. See -
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OUTLINE 12

* Experimental design for model building

Starting from steady-state condition
v’ Process reaction curve <mm

v Statistical parameter estimation

* Starting from unsteady-state condition Dynamic

Model

0

v Statistical parameter estimation

e Implementation in MATLAB

C(s)

Process

C(s)

(C) 2026 CPSE Lab.
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

Method 1: Process reaction curve - The simplest and most often used
method. Gives nice visual interpretation as well.

1. Start at steady state
2. Single step to input
3. Collect data until steady state

4. Perform calculations

(C) 2026 CPSE Lab.

13

13

DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

45 15
- Method 1 (fit 1):
E / — " _ | Process Reaction Curve
= / S
= 2 5
2 25 S= y/ K =Ay/Au 7 3 Input change: Au
3 maximu P Al = _
E m slope r=Ay/S E Output change: Ay
5 15 . 3 &
g 0 = shown in figure Z —0s
‘:2, PN JI 'g' Y(S) — er
o . U(s) 7s+1
- Am
5 T 5
0 10 20 30 40

time (min)

I Data is plotted in deviation variables

14

14
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

(C) 2026 CPSE Lab.

15
ouput " 10
g [~
)
& Ay
o
,'E B S = maximum slope ]
- b
i
Bol rom
5L ;
Input Au
0
| S 1 1 ! 1 T 1 1
0 5 10 15 20 25 30 a5 40

Output variable, degrees C

Model:

Au=5%

Method 1 (fit 1):
Process Reaction Curve

G(S) — 26 —3.3s
9.36s +1
open Ay=13.1C

K, =u= 13.1°C/(5% open) = 2.6°C/% open
s =1.4°C/min

T=Ap/s

=13.1°C/(1.40° C/min) = 9.36min

15

15

DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

But in practice, this is

e experimental data we have.

55

51

47

43

output variable, degrees C

c

[0

Q.

o

2

o [ &

1o

©

3

>

=)

E gh
55 I
45

(C) 2026 CPSE Lab.

20
time

39

Method 1 (fit 1):
Process Reaction Curve

16

16
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation [*/
45 15
- Method 1 (fit 3):
H ¢ | Process Reaction Curve
s : K, =Ay/Au
2 3 T =15 (¢s9, —trs04)
| : 0=tg,, —7
5 tr89 i toay 5
10 20 30 40
time (min)
Data is plotted in deviation variables
(C) 2026 CPSE Lab.
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

Input variable, % open

o w

(C) 2026 CPSE Lab.

15
|- Output 1190
——————— 0,634 2
=
= Ay 2
El
- 1s g
5 e 0.284 L
g
| r 8
Input Au
L L 1 1 L ‘T I 1
0 5 10 15 20 25 30 35 40
Time

Method 1 (fit 3):
Process Reaction Curve

2.6
G(s)=——e
() 6s+1

Model: 375

0.63Ay =8.3°C ,
0.28Ay =3.7"C , t=5.7min

T =1.5(t30, —t54,) =1.5(9.7-5.7) = 6 min
0=t,,—7=97-6=3.7min

K, =Ac/Am =13.1/5=2.6

tey, = 9.7 min

18
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

_ | Process Reaction Curve /\

fitl fit 111

* Developed first * Developed in 1960°s

output variable, degrees C

B input variable, % open

i

- e Prone to errors
because of evaluation
« i of maximum slope

* Simple calculations

4
&

o

=

g8

NOTE: Because of the difficulty in CYAN J
evaluating the slope, especially when the
signal has high frequency noise, fit | has
larger error in the parameter estimates;
thus fit lll is preferred.

(C) 2026 CPSE Lab.

Recommended

19

OUTLINE 20

* Experimental design for model building

Starting from steady-state condition
v" Process reaction curve

v’ Statistical parameter estimation <z

* Starting from unsteady-state condition Dynamic

v Statistical parameter estimation M (S) Model
e Implementation in MATLAB

C(s)

Human
operator |

Process

C(s)

(C) 2026 CPSE Lab.
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Statistical Method

step input

first order with dead time model

* single experiment

“large” perturbation

* attaining steady-state at end of experiment

o
a 5
) &
3 &

N
&
=

o
©

input variable in deviation (% open)

output variable in deviation (K)

* more complex calculations

o

&
&

time (min)

(C) 2026 CPSE Lab.
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation
Method 2: Statistical Method

* The basic idea is to formulate the model we want so that regression can
be used to evaluate the parameters.

* Now we still do this for a first order plus dead time model, although the
method is much more general.

Y(s) K,e”
U(s) 7s+1

_dY(0)

+Y(0)=K,U(t—6)

(C) 2026 CPSE Lab.

22
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation |°>
Method 2: Statistical Method

We have discrete measurements, so let’s express the model as a difference
equation, with the next prediction based on current and past measurements

G(s)=£e_gs SN dY(t)+Y(t) K,U(t-0)
s +1 dt

d (f) At steady-stat
+Y(t)=K,U(t-0 —0)= _ y-state
dt 0= ( ) l Y(e=0)=Y(0)=0 condition

Y(t) = y(1) - ¥(0) 4
U(t)=u(t)—u(0) oy
Vim =ay, +bu, o, <b=K, (1-e 77)
'=6/At
(C) 2026 CPSE Lab.
23

DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation 2
Method 2: Statistical Method d (f)

+Y(1)=K,U(r)

Assume that the input is constant at the value of , over [f, , #,]and Y(#,_) =Y,

Y, K,U(s)
sY(s)— 7Y, =K, U(s)-Y(s) = Y(s) =—~L +—L

s+1  7s+1
1

Y, =Y _ + K, (- e U,

If dead time exists:

) a= e—At/r
F=int(——) mm) ¥, =Y, +K (1-e*")U b= ~At/z
At k k-1 P k-T—-1 = Kp (1 —e )
Y, =aY, ,+bU, ., I'=0/At
(C) 2026 CPSE Lab.
24
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

25

Method 2: Statistical Method

With discrete measurements, let’s express the model as a difference equation. It is used
for the next prediction based on current and past measurements.

(Yk+1 )predicted =da (Ijk )measured +b ((]k—F )measured & fy=aY, +0Ur

45

2
mln J mln Z |: k+1 measured o (Yk‘*'1 )predicte‘d :|

25

input variable, % open

Y&y
oa ob T

time

(C) 2026 CPSE Lab.

output variable, degrees C

25

DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

26

k=I+1 k=I"+1 k=I+1

(C) 2026 CPSE Lab. k=I'+1 k=I'+1 k=I'+1

]

K
Method 2: Statistical Method min > E; = Z [(Ykﬂ) - (Y,,,)
7 k=I+1 b k=T+1
(Y,),, : measured system output S 2
(), : predicted from process model i k_zrlﬂ [(Y"“) - {a (), + W), }J
£ aJ
Y B =23 (0, [0k, —ah), b, ),]=0 4a g
8a K=T+1 k=T+1 aa
oJ
ab|:k;1E2:|— 2}{;1(”1{ m [(Vk+1) —a(y,),, —bw, 1), ] 0 4= % =0
K K K
a) B +bY (1), U ), = D 1), %),

a Z ), U, r)+b z (kal—')fn = Z Uir)n )

26

9/22/2026
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

Method 2: Statistical Method

a) (5, +b0 2 (1), U, = 2, 1), 1.,

27

k T+1 k=I+1 k F+1
a Z ), U, )+b Z U, r) = Z Uerr) T
> X > 0, Up, [a] | 200, %,

k=I"+1 k=I"+1 _ | AT

k=I"+1 k=T"+1 k=I"+1

> 0,00, D UL bl | D U)u®i)n

solve fora &b

(C) 2026 CPSE Lab.

27

DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation

Method 2: Statistical Method

Hallbn z Ek 1 _mm Z |: k+1 k+1) T =n3ibn Z |:(Yk+1)m _{a(Yk)m +b(Uk—r)m}]2

k=T+1 @b k=T+1 T k=T+1

Y; U3F Y4
Y, U ||a| | X al el @ r .
5 M_ el =y U'u Uye|, [=[UTU] Uy

YK—I Uk—F—l YK

U y

solve fora &b

(C) 2026 CPSE Lab.

28
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DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation |°°
Method 2: Statistical Method

Assumption for statistical method H
* The error E is an independent random s {

variables with zero mean

* The (FOPDT) model structure reasonable |
represents the true process dynamics ° *

time

output variable, degrees C

* The parameters a and b do not change
significantly during the experiment

(C) 2026 CPSE Lab.

29

DYNAMIC PROCESS MODELING: Initial Steady-State Prior to Manipulation [*°
Method 2: Statistical Method

If T is unknown, solve least square problem
for several I's, find I" with lowest E

Sampling time: Af=0.33min

dead time, I’ a b D E

%
N
&
2
iable, degrees C

/ 7 0.9640 0.1010 7.52
o ; 8 0.9605 0.1080 6.33
R 9 0.9578 0.1143 5.86
10 0.9555 0.1196 6.21

(C) 2026 CPSE Lab.

30
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DYNAMIC PROCESS MODELING:

31

Initial Steady-State Prior to Manipulation

Method 2: Statistical Method

Start
v

’ Experimental Design ‘

}

’ Plant Experimentation ‘

!

’ Determine Model Structure ‘

}

’ Parameter Estimation ‘
l N
’ Diagnostic Evaluation

}

’ Model Verification

}

Complete

measured output - prediction, degrees

N

J

(C) 2026 CPSE Lab.

|:(yk )predicted - (yk )measured:| Random?

20
time

30 40

Plotted for every measurement (sample)

31

OUTLINE

32

Starting from steady-state condition
v" Process reaction curve
v Statistical parameter estimation

* Starting from unsteady-state condition

e Implementation in MATLAB

Human ¢S5
operator |

Fluid
flow
—

(C) 2026 CPSE Lab.

* Experimental design for model building

v’ Statistical parameter estimation -

Dynamic
Model

0

C(s)

Process

C(s)

32

9/22/2026
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33

Statistical Method: Starting from a Non-Steady-State Condition

We have discrete measurements, so let’s express the model as a difference
equation, with the next prediction based on current and past measurements.

AU yO)=Ku@t-0)+c  y(t=0)=y(0)

dt
Not at steady-state
condition

a= e—At/z'
b — K 1_ —At/t
Vi =@y, +bu,  +d, plme )

d=c(l-e™")
r=60/At

(C) 2026 CPSE Lab.

33

Statistical Method: Starting from a Non-Steady-State Condition 3
dy(t
P Y )+y(t)=Kpu(t)+c
Assume that the input is constant at the value of i, over [tk_l tk] and (¢, )=V,
K U(s
TSY(S)_Tykfl:KpU(S)_Y(S)+£:>Y(S):Tyk_l + )4 ( )+ C
s rs+1 s+l s(zs+1)
Ve = eiAt/Tyk—l + Ky (1= eim/r) +c(1- eim/r) a=e "
If dead time exists: [ = int(i) b= Kp (1 _ e—Az/r)
At
_ Az
‘ y, = efAt/Tyk_l + Kp (1 _ efAt/T )uk_r_l + C(l _ e*At/z') d = C(]_ e )
I'=60/At
(C) 2026 CPSE Lab.
34
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Statistical Method: Starting from a Non-Steady-State Condition 3
. K 5 . K 2 ) K 2
min z E., = min Z [(y/m )m _(y/m )p} = min z [(ykﬂ )m _{a(yk )m +b(u; ), +d}}
T k=C+l 7 k=T+1 7 k=T+1
(yk+1 )p =a (yk )m +b(u, ), +d
Vs Uy 1 V4
{ a ) a a a
Yo o Upr _| s _ =
. . . b - : @U b —y UTU b :UT)7<:> b :[UTU] 1UT)’
d d d d
LYkt Upra 1 lfk_l
U y
solve fora, b & d
Y, = e’At/’yk_1 + K u, (1- e*m/’) +c(1- e*At/’)
(C) 2026 CPSE Lab.
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OUTLINE 36

* Experimental design for model building

Starting from steady-state condition
v" Process reaction curve
v Statistical parameter estimation
* Starting from unsteady-state condition

v Statistical parameter estimation

* Implementation in MATLAB -

Human
operator |

(C) 2026 CPSE Lab.

Dynamic
Model

0

C(s)

Process

C(s)

36

9/22/2026
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DAQ IN MATLAB ¥
%% DAQ setup
BDag = NET.addAssembly('Automation.BDag4') ;
aoCtrl = Automation.BDaq.InstantRoCtrl() ;
aoCtrl.SelectedDevice = Automation.BDaqg.DeviceInformation('PCI-1716"') ;
aoChannel = int32(1); $ Valve 1 / MV1
MVl = 1.5;
aoCtrl.Write (aoChannel, MV1) ;
aiChannel = int32(1); %$ Tank 3 / P3
[status, data] = aiCtrl.Read(aiChannel) ;
P3 = data; et (X)
IR
®
TANK
IN
FLOL’
(C) 2026 CPSE Lab.
37
38

DAQ IN MATLAB

i
\JNWMM \WMM-’)‘MMW"LWW’V““MM

%% Pressure modeling experiment

% SISO: Valve 1 (MV1l) -> Tank 3 pressure P3

% AO channel 1 = Valve 1 gt
% AI channel 1 = P3

% Sampling target: 0.5 s j
$ |
% MV schedule: J
% 0-500 s 1.5 V Dbaseline / stabilization

% 500-700 s 2.1V modeling

% 700-900 s 1.6V modeling

$  900-1100 s 2.2 V modeling P @Q=mmmm o

% 1100-1300 s 1.7v modeling

% 1300-1500 s 2.1V validation ATy

% 1500-1700 s 1.8V validation

3 ®

% Modeling interval : 500-1300 s TANK

% Validation interval : 1300-1700 s xm

(C) 2026 CPSE Lab.

38

9/22/2026
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MATLAB MODELING »
dataFile = 'Pressure_modeling 1700s.xlsx';
sheetName = 'Sheetl';
baselineStart = 400; baselineEnd = 500; Modeling : 500-1300 s
modelStart = 500;modelEnd = 1300; HABESREHR tabd DIFE:T
valStart = 1300; valEnd = 1700;
% Search delay only with modeling data.
% 60 s is intentionally broad enough for comparison.
maxDelaySec = 60;
Baseline : 400-500 s Validation : 1300-1700 s
FEHE Mo = std(y) Validation data FYFZR A + ATH CARSER AT
?\j‘i?ﬁﬂ:‘”ﬁﬁ 420 ;Emgﬁ prediction residual %@fg“ﬁ iﬂ?ﬂ@ﬁ”ﬁfﬁ ° mEjEZElli :g%:ﬁ; da,T éi\XSBIEZ?é ’ 7.1_‘
baseline noise {J#i[&|[N - Baseline &8 FIZRAH LS % validation data FiU#EfEAY -
parameter fitting °
(C) 2026 CPSE Lab.
39
40

MATLAB MODELING

%% Read data
num = xlsread(dataFile, sheetName) ;
if size(num,2) < 3
error ('The Excel file must contain Time, MV1l, and P3 in the first three numeric columns.');
end

t = num(:,1); u = num(:,2); y = num(:,3);

valid = isfinite(t) & isfinite(u) & isfinite(y):
t = t(valid); u = u(valid); y = y(valid);

[t, order] = sort(t);
u = u(order) ;y = y(order);

TsRaw = mean (diff(t));

Ty = mean(ty,q — ty)

(C) 2026 CPSE Lab.

40

9/22/2026
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MATLAB MODELING

ZAERITRERA - u BAEH excitation -

%% Check MV schedule

fprintf ('MV schedule check:\n');
showMV (t,u,0,500) ;

showMV (t,u,500,700) ;

showMV (t,u,700,900) ;

showMV (t,u,900,1100) ;

showMV (t,u,1100,1300) ;

showMV (t,u,1300,1500) ;

showMV (t,u,1500,1700) ;

MV schedule

=

2
3 53
3 5%
2
3 I

function showMV (t,u,tStart, tEnd)
mask = (t >= tStart) & (t < tEnd);

if any (mask)
fprintf (' %4.0£-%4.0f s : MV mean =

end

tStart, tEnd,mean (u(mask) ) ,min (u (mask) ) ,max (u(mask))) ;

%$.4f V, min = $.4f, max = %.4f\n',

(C) 2026 CPSE Lab.

41

41

MATLAB MODELING

%% Compare Raw / 5s / 10s
blockList = [0 5 10];
modelNames = {'Raw', 'Block5s', 'Blockl0s

for j = l:length(blockList)
blockSec = blockList(j);

end

'};  [5-second block average|

[10-second block average |

[tb, ub, yb, TsB] = getSection(t,u,y,baselineStart,baselineEnd,blockSec, TsRaw) ;
[tm, um, ym, TsM] = getSection(t,u,y,modelStart,modelEnd,blockSec, TsRaw) ;
[tv, uv, yv, TsV] = getSection(t,u,y,valStart,valEnd,blockSec, TsRaw) ;

if isempty(tb) || isempty(tm) || isempty(tv)
error ('One of the selected intervals contains no usable data.');

(C) 2026 CPSE Lab.

42

42

9/22/2026
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MATLAB MODELING “3
function [ts,us,ys,TsOut] = getSection(t,u,y,tStart, tEnd,blockSec, TsRaw)
mask = (t >= tStart) & (t < tEnd);
ts = t(mask);us = u(mask); ys = y(mask);
if blockSec <= 0 . . 5

TsOut = mean (diff(ts)); (< - Ts = 0.1s B 5 s average : nyer = o= =50
t 8 .
return B[%F 50 samples SE3—X o
end
nPer = max(1l,round(blockSec/TsRaw)); nBlocks = floor (length(ys)/nPer) ;
if nBlocks < 2
error ('Not enough samples for %.2f s block averaging.', blockSec) ;
end
nUse = nBlocks*nPer;
ts = ts(1l:nUse);us = us(l:nUse) ;ys = ys(l:nUse);
ts = mean (reshape (ts,nPer,nBlocks) ,1)'; | in block
us = mean (reshape (us,nPer,nBlocks) ,1)"'; Non-overlapping block average
ys = mean (reshape (ys,nPer,nBlocks) ,1)';
© TsOut = mean (diff(ts));
FZUZ0 CPSE TaD
43
44

MATLAB MODELING

%EHEH © +20 {FE—{H residual tolerance

4 baseline : ¢ = 0.01V 1 20 = 0.02V
sigma = std(yb,0); Bﬂﬁﬂ aseine =@ o k;gg 7 oo
baselineMean = mean (yb) ; 5 ¢ | e(k) I< 0.02V FLE prediction error S54F £20 14 °

% Fit ONLY modeling data.
fitResult = fitModel (tm,um,ym,TsM,maxDelaySec) ;

% One-step-ahead evaluation.
modelEval = evaluateOneStep (tm,um,ym, fitResult,sigma) ;
valEval = evaluateOneStep (tv,uv,yv,fitResult,sigma) ;

(C) 2026 CPSE Lab.

44
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MATLAB MODELING ®
function result = fitModel(t,u,y,Ts,maxDelaySec)
N = length(y);
maxGamma = floor (maxDelaySec/Ts) ;maxGamma = min(maxGamma,KN-3);
gammaGrid = (0:maxGamma) ‘; sseGrid = nan (size (gammaGrid)) ;
betaStore = nan(length(gammaGrid) ,3) ;
Vs UNS. a V4 u
for ii = 1l:length(gammaGrid) y u 1 y
Gamma = gammaGrid (ii) ; '4 4._F b= .5 Ul b =y
idx = (Gamma+l) : (N-1) ; d d
X = [y(idx), u(idx-Gamma), ones(length(idx),1)]; Y WMira 1 Yk
Y = y(idx+1) ; ‘ v / T
beta = X\Y;
pred = X*beta; . “
err = Y-pred; T —_nr _I: T :I T
sseGrid(ii) = sum(err.”"2); uvu b Y y = b Uu U y
betaStore(ii,:) = beta'; d d
end |
(C) 2026 CPSE Lab.
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MATLAB MODELING *
function result = fitModel(t,u,y,Ts,maxDelaySec) Gammaa b d SSE
[bestSSE,bestIdx] = min (sseGrid) ; 0 034 020 I010%00
Gamma = ga:mnaGrid(bestIdx) ; 1 0.95.019.011 3.9
a = betaStore (bestIdx, 1) ;
b = betaStore (bestIdx,2); 2 0.96 .018 .012 2.7
d = betaStore (bestIdx,3) ;
3 0.96.018.0121.9
ifa>0%&& a<1l1
G & ) § 4 0.95.019.011 2.4
else Aok tERte : [T=3]
tau = NaN;
end
—At/t
a=e

if abs(l-a) > eps
Kp = b/ (1-a);

else
Kp = NaN;
end
theta = Gamma*Ts;

(C) 2026 CPSE Lab.

b — Kp(l_e—At/T)
d — C(l_e—At/r)
I'=6/At
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MATLAB MODELING Y
]
function E = evaluateOneStep(t,u,y,M,sigma) . S - N N
N = length(y); Gamma = M.Gamma; HA ©idx = (Gamma+1):(N-1); IR EATERA BT LATEH]
pred = nan(N,1); residual = nan(N,1); B5% T = 5 Z3E - u(k — 5)FimH 2/ points fRAZH &
4917 past input < FTEUABER TR EEETE prediction -
idx = (Gamma+l): (N-1);
pred(idx+1l) = M.a*y(idx) + M.b*u(idx-Gamma) + M.d;
residual (idx+1l) = y(idx+1)-pred(idx+1);
valid = isfinite(pred); err = residual (valid); Y = y(valid);
E.RMSE = sqgrt(mean(err.”2)); den = norm(Y-mean(Y)) ;
if den > 0 ”y_j';”
E.Fit = 100*(1 - norm(err)/den); |Fit = 100 (1 — —7)
else I M=) [
E.Fit = NaN;
end
E.Within2Sigma = 100*mean (abs (err) <= 2*sigma) ;
E.pred = pred; N .
E.residual = residual; E‘l‘ﬁ%’/"ﬁﬁtbﬂ"] residual jifi/g © [l e(k) I< 20
end |
(CJ 2026 CPSE Lab.
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ON-LINE MODEL VERIFICATION

PROCESS

SET POINT

ngne
a5 sissl

AL
>, ENTR
v ESC
UBRATHERY

Check online whether the
difference between actual plant

output and model prediction is

7s+1

within acceptable limits.

—_—
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49
ON-LINE MODEL VERIFICATION
[Blockles]
. Ts
9.47473755 V Baseline mean
0648272 V
71 samples samples
3811013 .7815141443
- -0.84678858
= ©.3396471238
SSE g SoE
RMSE g RMSE
g Fit
+/-2sigma
Validation = Validation RMSE
Validation Fi caki alidation Fit validation Fit
Eadarrant e i alidation +/-2 validation +/-
|5-second block average |
[10-second block average |
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ON-LINE MODEL VERIFICATION

Modeling P3

Modeling one-step prediction
Validation

Validation one-step prediction

[5-second block average]
[10-second block average]

I
800
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Raw: Kp=-0.0756, tau=0.52 s, theta=35.50 s
I I

L L

1000 1200
Time (s)
0.0913, tau=24.26 s, theta=0.00 s
T T

Modeling P3
Modeling one-step prediction
Validation P3
Validation one-step prediction

L L
1000 1200
Time (s)
Block10s: Kp=-0.1009, tau=40.56 s, theta=0.00 s
I I

Modeling P3
Modeling one-step prediction
Validation P3
Validation one-step prediction
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Process Response to More Then One Input

+Kg1dq(t — 6,)
+Kypd,(t —65) + ¢

(C) 2026 CPSE Lab.
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51
EMPIRICAL MODEL BUILDING PROCEDURE N
[
{
Feature Process reaction curve Statistical method
Input magnitude Signal/noise > 5 Can be much smaller
Experiment duration | Reach steady state Steady state not required
Input change Nearly perfect step Arbitrary, not sufficient
"information” required
Model structure First order with dead time General linear dynamic model
Accuracy with Poor with significant Poor with significant
unmeasured disturbance disturbance
disturbances
Diagnostics Plot prediction vs data Plot residuals
Calculations simple Requires spreadsheet or
other computer program
(C) 2026 CPSE Lab.
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ISSUES OF EMPIRICAL MODELS

How accurate are empirical models?

* Linear approximations of non-linear processes

* Influence of noise and unmeasured disturbances on data
e Imperfect implementation of valve change

e Sensor errors

(C) 2026 CPSE Lab.

g Let’s say that each parameter has an error
+20%. Is that good enough for
future applications?
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