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7 Historical overview
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7 Historical overview

Energy crisis + global competition + environmental reg.

- Process integration

- Reduced design, safety margins
- Real time optimization
- Tighter quality control

$

Higher demand on process control
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Clompany
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Robust Model Predictive Control Technology
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Qin, Joe & Badgwell, Thomas. (1997). An Overview Of Industrial Model Predictive

Control Technology. AIChE Symposium Series. 93.
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Area DM Setpoint Honevwell Adersa Trether Total
Clorp. fne. Profimatics Controls
Refiniog 51313 320 250 284 206 1biH
Petrocheneals 210 44 44 - - 2833
Chenneals 18 28 18 3 1ho 1493
Pulp and Paper 16 - 513 - 5! 4D
(ias - - i - - b
itihity - - 2 - - 2
Alr Separation - - - - H D
Mining /Metallurgy - 2 - 1 3 ib
Food Processing - - - 41 - 41
Farnaces - - - 42 - 42
Asrospace/ Defense - - - 13 - 13
Antomotive - - - i - i
Other 10 243 - 4D - b
Total 14 462 5% 438 416 2233
Fiest App DMCIGRD | IDCOM-M: 1987 PCYE 14984 IDCOM: 1973 | OPCH198T
SMCOALINGS RMPCTE16891 | HIECON: 1888

Qin, Joe & Badgwell, Thomas. (1997). An Overview Of Industrial Model Predictive

E Control Technology. AIChE Symposium Series. 93.




T Digital control
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T Digital control
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GET INNOVATION

THE ROLE OF MODELS IN SCIENCE
ARTURO ROSENBLUETH axp NORBERT WIENER

The intention and the result of a scientifiec inquiry is to obtain an understanding
and a control of some part of the universe. This statement implies a dualistic
attitude on the part of scientists. Indeed, science does and should proceed
from this dualistic basis. But even though the scientist behaves dualistically,
his dualism is operational and does not necessarily imply strict dualistic meta-
physics.

4.1 Model Predictive Control (Davide Fissore) 12



7 Model Predictive Control

wrong. A model has a third possibility: it may be

right, but irrelevant (Egan)
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7 Model Predictive Control

Linear time-invariant discrete-time model

x(k +1)= Ax (k) +Bu(k)

1Y (k) =Cx(k)+Du (k) X1 = AX, +BU,
x(0) =X, y, =Cx, +Du,
t=kA k=0,1,2, .. X, known

X, = AX, + Bu,

X, = Ax; +Bu, = A(AX, +Bu, ) + Bu, = A*, + ABU, +Bu,

k-1
Rk N k—i-1053
X, = A%, + Y A“Bu,

j=0




7 Model Predictive Control

Convolution model: FIR (Finite Impulse Response)
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7 Model Predictive Control

Convolution model: SRM (Step Response Method)
Y = isjAuk—l

j
AU, =U, —U_,, S; =D h,
i=0




Xe, Us

‘Par. tuning

Dynamic
optimization

HE

Process
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Steady-state
optimization

'y

Pk

TP-‘:EL'[". funing

Disturbance
estimation

X, = AX, +Bu,
Yi =CX, + Py

P =Y —CX,
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Steady-state optimization

The goal is to find optimal stationary values for states and inputs.

Let us initially consider the case in which the system to be controlled has the same
number of controlled and manipulated variables and there are no constraints on the

manipulated variables.

Once the desired value (set-point) of the controlled variables has been fixed, the
stationary value of the inputs and states can be calculated by solving the following

square linear system:
I-A B X | 0
C 0 us - ysp_pk

where X, and u represent the stationary values of the states and inputs calculated
at instant k, using the disturbance term p,. These values must therefore be
recalculated at each sampling instant.

8




T Steady-state optimization

Frequently the variables to be controlled are greater in number than those to be
manipulated, and not all the variables to be controlled have set-point values, but rather
acceptable ranges. There are also constraints on the manipulated variables. To take
these factors into account, the values of x, and u, can be determined by solving a

constrained optimum problem.

4/ Equal concern error
min(a'z +a'z+r'u,)

u X E,E

X, = A)(S + Bu Hard-constraints
Soft-constraints

Hrn = UM

Vi —E<CX, +P SY0 &

>0, =20




T Dynamic optimization
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T Dynamic optimization

k+R —
min Z{(y, ~ys) Q(Y, —ys )+ AllSAG, + £'QF, +§;Q_}§j}




T MPC: pros & cons

A MPC may “easily” handle:
« Multivariate systems

» Measurable and non-measurable disturbances

« Complex dynamics (e. g. time delay, inverse response, instability, non-
linearity)

« Constraints (on input/output variables, changing rates of input variables, ...)




T Example
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T Example
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T Example
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T Example

Steam flow rate, kmol/s

GET

Fuel flow rate, kmol/s
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Credit: Prof. D. Manca O
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