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Operation of dynamic systems

Dynamic systems, such as industrial processes, are very diversified
and integrate different equipment that demand accurate control of

variables to meet performance criteria.

Industrial processes
[ petroleum, chemicals, food, steel, ]

pulp and paper, power generation, ....

Equipment

heat exchangers, tanks, reactors,
distillation columns, mills, pumps, ...

Variables

temperature, level, flow, pressure,
humidity, viscosity, pH, stiffness, ...
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Operation of dynamic systems

Actual value(dynamic)
—P—J:\—'\;F——/U/LE;'—/- Steady-state (average)

, time

In practice, there’s no steady-state:

 Feed changes _

_ External phenomena (disturbances) that
* Startup operation cause the system to bounce around the desired
» Desired changes equilibrium point, since they affect internal
 Failures D variables.

In addition, we can include: nonlinear dynamic
behavior, uncertain and time varying parameters.
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Countermeasures

Process design

. Design system insensitive to disturbances, such way that all
undesired input signal are dampened.

«  Detect and remove source of disturbances using, for example,
statistical tools.

Process control

. Specify electronic devices (sensors, transmitters, valves...)

«  Design control structure to act dynamically on the system (usually
manipulate valves) to counteract the effect of disturbances.
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Classification of variables ]
for Process Control ) l y

input (MV) * Process output (C=V)

Independent variables (“the cause™):
. Manipulated inputs (MV, u): Variables we can adjust (DOF)

«  Disturbances (DV, d): Variables outside our control (it’s the nature)

Dependent variables (“the effect or result”):

. Primary outputs (CV, y,): Variables we want to keep at a given
setpoint

. Secondary outputs (y,): Extra measurements that we may use to
improve control
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General view of control

Use inputs (u) to counteract the effect of the disturbances (d)
such that the outputs (y) are kept close to their setpoints (y,).

Inputs, d > > Outputs, y
System
—_—
Control Measured
signals, u outputs
K |

SKOGESTAD, S., POSTLETHWAITE, L., 2005, “Multivariable Feedback Control”,
New York, John Wiley and Sons.
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Why control?

Control 1s needed to reduce the effect of disturbances and
to regulate the system around a desired point (setpoint).

The following objectives are also included:
* Ensure safety (low risk of accidents)
* Ensure stability of the process

« Optimization of performance

— Increase productivity
— Reduce variability of product quality
— Minimize production cost
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Control hierarchy

Most of engineering systems are controlled using hierarchies of
quite simple controllers:

on-off + PID-control + nonlinear fixes + some feedforward

Stabilization: regulatory layer
— It doesn t use up any degrees of freedom.

— Reference value (setpoint) available for layer above.

Productivity: supervisory layer
— To meet economics (control of production rate and product quality)

Optimization: local, site-wide or scheduling optimization

— Reference values are determined for the lower layers in order to
take into account global control objectives and market information.
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Control hierarchy

Scheduling Man ager
(weeks)

L 4

Site-wide optimization .
(day) Process engineer
]
]
Local optimization|
(hour) Operator, RTO
Y |
N
SUPErvISOry !
control . Operator, “Advanced control” / MPC
GO]TI'.I‘O] i LIS I
layer
SKOGESTAD, S., 2004, “Control
gulat : structure design for complete chemical
[?OntT‘i] . PID-control  jants”. Computers and Chemical
——— Engineering, v. 28, pp. 219-234
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Control structure design

Scheduling
(weeks)

Site-wide optimization

Most (if not all) available control theories
assume that a control structure is given at
the outset.

(day)

r A\ _|
\

Translate the operation into simple control

objectives:
What should we control?

Local optimization

(hour)

SUPETrVISOry
control
minutes

Control
layer :

Regulatory]
control
(seconds)

Da Silva & Dutra (2017)

ECVI = ¢ ? (economics)

. CV, = ? (stabilization)
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Control structure design

Basic questions (Foss, 1973; Morari, 1982; Skogestad, 2004)

Which variables should be controlled,

which inputs should be manipulated,

which variables should be measured,

and which links should be made between them?

Literature proposals

o ®
‘e
O
2@ °.
Process oriented © Mathematically Hybrid
P approach oriented approach approach
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Control structure design

Skogestad (2004): “self-optimizing control” procedure.

I Top-Down analysis (structural questions)
Step S1: Define operational objective (cost) and constraints
Step S2: Identify degrees of freedom and optimize operation for disturbances

Step S3: Implementation of optimal operation
» What to control ? (primary CV'’s in the sense of self-optimizing control)

Step S4: Where set the production rate? (Inventory control)

"""--..._-_-_-_____-___...-r"".
C C C
{a) Implementation easy: Ac- {b) Implementation easy: In- (¢) Implementation difficult:
tive constraint control sensitive to error in ¢ Look for another controlled
variable

Implementation of the controlled variable
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Control structure design

Skogestad (2004): “self-optimizing control” procedure.

I1 Bottom-Up analysis (control questions)
Step S5: Regulatory control (for stabilization and local disturbance rejection)
» What more to control? (secondary CV’s)
Step S6: Supervisory control (fo keep outputs at optimal setpoints)
Step S7: Real-time optimization (if any DOF unused)

! Operational )
L optimization

Supervisory Control |
(Feedforward, Inferential, MPC)

| ,

(flow, pres

-— W
o C
p—
0]
\/CD
<
@
(@
o
>
—t
=
o

ops Control
layers
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Control strategies

Regulatory control should be of “low complexity”.

It consists of single-input/single-output (SISO): PID control loops.

Manipulated variables that may saturate must be avoided, because
otherwise control is lost and reconfiguration of loops is required.

For stabilization: unstable modes should be detected “quickly” by the

measurement.,

bJ

For local disturbance rejection: the wvariable is located ‘‘close’
The challenge of regulatory control is
to master the dynamics, even in the

downstream of an important disturbance.
M/\/WJ\W\M
face of disturbances and operational

chan ges. - A v T

Dynamical responses.
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Control strategies

PID control loops

1. The most widely used algorithm in industrial control systems
* Robust performance over a wide range of operating conditions.
* Functional simplicity, allowing straightforward use.
« Three parameters must tuned.

2. Some schemes are possible

« P Pl and PID controllers b

> K e(1)
e Cascade control
«  Smith predictor U

+ : k
—Setpoint z Error -»] I Kl_ e(z-)dz- Process | Output—»
ysety swn's(Z)- |
y
J D k de(t) k
drt

PID control loop
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Control strategies

Supervisory control: two main approaches.

1. Decentralized single-loop control: usually for non-interacting process
and for constant active constraints applying PID controllers.

« Advantage: no or minimal model requirements.

« Disadvantage: need to determine pairing (RGA-analysis) and
logic required for reconfiguration when active constraints move.

2. Multivariable control: usually Model Predictive Control is applied.

« Advantage:
o coordinated control for interacting systems
o easy handling of feedforward control
o no logic required to handle changing constraints

« Disadvantage:
o requires multivariable dynamic model
o controller tuning may be difficult
o may have a reliability problem
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Control strategies

Model Predictive Control - MPC

It reflects human behavior whereby we select control actions
which we think will lead to the best predicted outcome (or
output) over some limited time horizon.

Rossiter (2004)

It is the advanced control alternative the most present in the industry:

« Multivariable control problems are naturally handled while taking into
account the actuator limitations and outputs constraints;

« An optimization routine is provided for system operation;

« Control update rates are relatively low in the chemical process industry
applications and hence there is plenty of online computation time available;

 Unlike the most popular PID controllers, it takes into account simultaneously
the effects of all manipulated variables to all controlled variables.
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Control strategies Ve 0002
Qin & Badgwell (2003),

.. Rawlings & Mayne (2009).
Model Predictive Control - MPC

The control move selection is based on an internal model of the system,
regarding that the decisions is updated as new observations are available.

« The control law depends on predicted behavior;
« The current MV is determined by optimizing a performance index.
« The receding horizon control (RHC): the input is updated every sampling instant.

1 flulu_lr c illpllt trajectory | . RHC K A predicted future output
L=y I\ v

— 1 Uck+p 1oy = YkLk+P
I > r\\ Plﬂﬂt ! \ ri \\

N > “l Model r‘: g N Seen
prediction horizon N Pag "

o
{} prediction horizon (P)
Uy Plant Yk > current dynamic

system states
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Control strategies

Traditiqnal Stabilized Constrained
Operation Operation Operation

.1 TT.Y YT Y RY
= =i T

(LI N .
| rre
\ f SHIFT

t SQUEZZE Model Predictive Control

PID control

Field instrumentation
PID tuning

About 90% of industrial cases still apply only PID control
and rely on manual control in difficult situations.
(Rewagad & Kiss, 2012).
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Control limitations

PID loops and MPC.: system uncertainties.

Measuring System Parametric
device model disturbance

Uncertainties come from measurement errors due to the finite accuracy of
measuring devices, systematic bias or gross errors, as well as from limited
knowledge about the physical system and varying parameters.

In a real systems, online measuring devices are not always available.

Common procedure : to resort to offline analysis. But, this takes time and
can impair control actions, leading efficiency loss.
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Prata et al. (2009),

SOft Sensors Khatibisepehr et al. (2013),

Shenoy et al. (2013).

As performance relies on online system observation, it is necessary to
enhance the study on SYSTEM MODELING and on SOFT SENSORS
(or virtual sensors) from observed data to infer variables and parameters.

In the last two decades, the use of such estimation tools has received
much attention, since it is possible to complement or replace physical
sensors minimizing the effects of uncertainties and lack of instruments.

Data

Higher quality

Measurement

filtering and and low cost
Model estimation -
observations
O
Prior knowledge Soft sensors Estimates
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Soft Sensors Solving an inverse problem is to determine

unknown causes from desired or observed effects
(Engl et al., 1996).

Producing sequential estimates for hidden variables of dynamic systems is
an INVERSE PROBLEM, which has many practical applications.

« Data reconciliation/retification

O'FA):[lmlzatlr(])n Moving horizon estimation (MHE)
pproac  Artificial neural network (ANN)
_ « Kalman filters family (KF, EKF, UKEF, ...)
Bayesian .
 Particle filters (SIS, SIR, ASIR, ...)
Approach

 Monte Carlo Markov Chain
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The Bayesian approach

The available data must be combined with prior knowledge about the
physical phenomena and measurement devices in order to statistically
minimize the residue (Arulampalam, 2002).

Dynamical
System

7€ posterior (Xk) — 7Z'(Xk |Zk) —

Da Silva & Dutra (2017)

/

S

State Evolution Model:

Observation Model:

X = T (Xe1s Upeqs Vier)

z, =h (X,n,)

ﬂ(Xk)ﬂ(Zk |Xk) _ Prior X Likelihood

7(z,)

Marginal

Mini-Course 07: Particle Filters — Part B
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Doucet (2001),

The Bayesian approach Arulampalam (2002),

Ristic (2004), Kaipio &
Somersalo (2004).
Particle Filter: Sample Importance Resampling (SIR)

SIR filter is a Sequential Monte Carlo technique for solution of the
estimation problem, regarding nonlinear and non-Gaussian systems.

The main ideas are:

 to represent the required posterior density function by a set of random
samples called particles with associated weights;

» toresample particles based on importance weights to avoid degeneracy;
* to compute the estimates based on these samples and weight.

i i
T vosterior (Xk) - {Xk "Wy }izl...N

-1/2

W, = 7Z'(Zk ‘XL ) = (27) """ |W| exp{—%[zk —h(x)]' W[z, - h(xf()]}
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Estimation and Control

Vi

-

Inputs, d ———| > QOutputs, y
System

~
>

Control Measured
signals, u outputs

K |=
Only control

Inputs, d, ——

Control signals, u,

nk_‘l'

Setpoints
Uy, X, —>

Da Silva & Dutra (2017)

System
> — Measured outputs
- (X |2y)
X} Parti
article z
Control € : <1 7K
Filter
A A
v i X,
Model  [e-------mmmmeemmeee X =%
dk
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for a PID control loop
\_ Y,

CARVALHO et al., 2016, “Filtro de particulas como observador online
em um esquema de controle cascata para um reator continuo”. XIX
ENMC — Jodo Pessoa/PB, Brazil.

DIAS et al.,, 2016, “Online state estimation through particle filter for
feedback temperature control”. XXI COBEQ — Fortaleza/CE, Brazil.

DIAS et al., 2017, “Propylene Polymerization Reactor Control and
Estimation Particle Filter and Neural Network”. Macromolecular Reaction
Engineering DOI: 10.1002/mren.201700010.
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SIR + control loop

1. Non-isothermal continuous

2. Propylene polymerization

stirred reactor tank (CSTR) (PP) reactor control
Fin Iik—ﬂ . g{k
Ty - Procass
Fpo PN | Madel
5 E |
b Au, | | TN
@Te“ ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, @ SIR
TSBJ ost Tmed |
CA Npart
——————————————————————— @ SIR  fe—
CAME __________________
Carvalho et al. (2016) Dias et al. (2017)
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SIR + control loop

To study and perform the implementation of particle filter as an observer for
a control loop, one needs:

1
2.
3.
4

Set the control objectives (regulation, supervision, optimization, ...)
Design the control structure (CV, MV, PV, control configuration, ...)
Specify dynamic model for the system and numerical/analytic approach
Set SIR filter structure

« \ariables (state and parameters) to estimate

*  Model for inverse problem

«  Measurements from the system

*  Number of particles

«  Uncertainties of the model, measuring device and variables
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SIR + control loop

Disturbances

|

Cascade control

v ﬂ$;€;:E;: ‘ Controlled
Varable
- Process . -
: Primary
. Secondary . Measurement
: : Measurement :
e Secondary | . Primary
Contreller Controller
Setpoint

Nested loops for:

Fast dynamics: regulatory control (primary or slave controller)
Slow dynamics: supervision (secondary or master controller)

OBS: inner loop is at least three or four times faster than outer loop.

Da Silva & Dutra (2017)

Mini-Course 07: Particle Filters — Part B 32



SIR + control loop

Cascade control

It is an advanced application of PID, in which a slave controller
compensate for disturbances before they can affect the primary system
variable.

Main drawbacks

- Cascade control systems require twice as much tuning (tune the slave
controller first, then the master controller).

- The extra sensor tends to increase the overall costs and uncertainty
sources. But, this can be softened by the use of particle filters.

Da Silva & Dutra (2017) Mini-Course 07: Particle Filters — Part B
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1 - Control of CSTR

Fin l

Carvalho et al. (2016)
Kittisupakorn & Hussain (2000)

Fout Control objective
F, Keep concentration at desired point.
T

System model
dCa F —F
rralakye (Cao — Ca) — ko Ca eRTr

dTr F AH —E |
Tk —( Tf—Tr) —prko Ca eRTr — VroCp (Tr —TJ))
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1 - Control of CSTR

Control structure
and configuration ]

—

Pl velocity
algorithm

Tuning methods
Ziegler-Nichols
Direct synthesis
Internal model control
Frequency analysis
Integral criteria

Da Silva & Dutra (2017)

| CV1: concentration (master loop) using MV=T,

set

CV2: temperature (slave loop) using MV=Tj]

Ts
u(k) = ulk — 1) + K» [e(k) —elk—1) + T—e(k)]

Controller tuning

Loop
master
slave

Kp T, Ts
7,0 4.0 1 min
0,05 0,02 5 min
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1 - Control of CSTR

SIR filter structure

Objective: Estimate concentration from temperature

Noise: 1% and 5% of initial condition for measurement, V.. = Veyxqct T N
Npart: 10, 100 and 500

Fip
Performance: RMSE

Fout
i E
1% i |
RMSE = |2 ) (e = 912 (e T ™
{ = L
A @fﬁ“_ ____________ [ or LY
CAME
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1 - Control of CSTR  Numerical results

Noise effect

350- T 3 "’g 6 T T T T
2 ° ©
£ cv2 - Esspp N S a CV1 [ . ¢
= 340 S . ¢ exato = A . 1 exato
2 = ‘e e e s 4 AR LN T @ © 8 i @ » C
g W":‘”‘ " €Y e e oo o set S 5 !.a'“” el | T set
9 330* % v 6 o ¢ . £ e Ve - .
g medido S 45f e - medido
a 2

320' r r r r o 4 r r r r

0 100 200 300 400 500 o 0 100 200 300 400 500
Tempo (min) Tempo (min)

370F - < T < 345
3 3
£ 360 I £ 340- I
§ J, caso ideal E set, caso ideal
] [ () -
g. 350 J, caso real g. 335+ set, caso real
) O
- —

340~ = = = = 330 - = - - q

0 100 200 300 400 500 0 100 200 300 400 500
Tempo (min) Tempo (min)

In the presence of noise, there are significant deviations between the desired value
and the actual value during the simulation. This effect is also noticed in the
manipulated variables, which oscillate during all simulation time
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1 - Control of CSTR  Numerical results

Npart selection

Npart RMSE ACT (s)

10 0.7865 0.0247

100 0.7389 0.1785

) 500 0.7073 0.8708

* Increasing the number of particles improves filter estimation performance.

« ACT is the average computing time required for the estimation, such way
that the higher the number of particles, the higher is elapsed time.

« Anyway, it was much shorter the sampling time of the process, not being a
limiting factor for the use of the tool.
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1 - Control of CSTR

350

340

330

Temperatura (K)

estimado

320 -
0 100

370 X

200 300 400 500

360

Temperatura (K)

350 W

340 : -

0 50 100

Da Silva & Dutra (2017)

150 200 250 300 350 400 450 500
Tempo(min)

Concentragao (kmol/m?3)

Temperatura (K)

Numerical results
-10% step-like servo test

345

340

335

330
0

CVl - * Cestimada

q‘ 0
% ——— C
i set
- .
I'inf
i 1] ——L
sup
0 200 300 400 500
Tempo (min)
L L r r r r r L L
Tset

100

150 200 250 300 350 400 450  50C
Tempo (min)

Dynamic behavior considering the control scheme with SIR filter.
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2 — PP Reactor

Dutra et al. (2014)

. Condenser —»
e
s A ] Control objective

| % Dias et al. (2017)

[ Keep process stability
RN i _ Meet product final quality:
ey IETIRI QI prrrmlzal] Ml and XS

Lag
tank

Tty System model (rigorous)

Mass and + Constitutive
energy balances equations

17 ODE + 48 algebraic equations

Da Silva & Dutra (2017) Mini-Course 07: Particle Filters — Part B 40



2 — PP Reactor

Control structure and configuration

Regulatory layer

Supervisory layer

Temperature

Cooling fluid temperature
Production rate

Monomer feed flow

Melt index (MI)
Xylene xtractable fraction (XS)

Reactor slurry out flow
Cooled monomer flow
Cooling fluid flow
Catalyst feed flow

Fresh monomer feed flow

Hydrogen feed flow
Cocatalyst feed flow ratio

Da Silva & Dutra (2017)
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2 — PP Reactor

SIR filter structure

Objective: filter observed data
Model: simplified direct model
Noise: 5% of exact value
Npart: 10, 50, 100 and 200

Performance: MWCI, Neﬁﬁ
Vo = Verat + N(0,0.05 Yoo} N.. ___ N

1+ Var(wy)

Artificial neural network (ANN)
Objective: predict product quality

Input Artificial neuron
£ LY & N

T J

Da Silva & Dutra (2017)

Direct problem:
Rigorous model Inverse problem:

Simplified model

U, _ U
- + Ty K - Procass -
..,."'a.,n,,‘" ) hodel .
.]‘;.:Er ym
A, j

Proposed virtual sensor
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2 — PP Reactor

(A) 10 . .
— +  Rigorous Model
e »  Simplified Model |
E 9
E
S B85
CV < s .
D75 e
— )
E 5 1 1 1 . 1 1
"o 20 40 &0 80 100 120 140 180
Time [h]
356 ' '
—— Rigorous Mode|
= — Simplifiad Modal
£ o
()]
o
MV =
& 2st
E F
2 1 1 1 1 1
o 20 a0 B0 80 100 120 140 180
Time [h]

Numerical results
Model simplification

XS [%wiw] =

MreaMpees

T
ar
Sr emmmass s
.I"r o
at i
2h I +  Rigorous Modal
=  Simplifiad Model
24
1 ] i i ' ' ’
0 20 40 &0 80 100 120 140 160
Time [h]
)
E = -
5 — Rigorous Model |
al —— Simplified Model | |
3 -
bl 3
.1 f—
0 i ' y i ' "
a 20 40 (=] 80 100 120 140 160
Time [h]

Comparison of the dynamic behavior for the rigorous and simplified model.

Da Silva & Dutra (2017)
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2 — PP Reactor Numerical results
Model simplification

(© F L . . . . . (D) so0z : .
+ Rigorows Model | |
B ¢ Rigorous Model | | 800151 *  Simplified Modsl H
+  Simplified Model | {4 - |
__ . Ll ‘= 8001 ; ;
=l 3 1 T |
= 2 o000 1
:"‘ 3r 1 = 1
CV 3 mmmmmmm En- 000 -t'l“"'"" i
gl 4 B898.5 1

3 i A i i i i 1 1

0 20 40 80 BO 100 120 140 160 EEB‘EI:I 20 40 80 BO 100 120 140 160
Time [h] Time [h]
4
10
2,002 . : . : 5 5 : :
e — Rigorous Model
—— Rigorous Model — — Simplified Model
< 20015 ——— Simplified Model = 45r 1
r ]
o L | 4k
= 2001 E.
w — w
E
2 i i i i i i i 3 i 1 i i i i
0 20 40 B0 80 100 120 140 160 0 20 40 &0 80 100 120 140 160
Time [h] Time [h]

Comparison of the dynamic behavior for the rigorous and simplified model.
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2 — PP Reactor Numerical results
Virtual sensor

6 input variables Multilayer Perceptron 2 output variables
operation (6-10-2) guality

Reactor temperature

Reactor holdup: —3 MiI
« Monomer o 2 XS
« Hydrogen —_

» Cocatalysts
» Polymer

/ Sigmoid function
(output layer)

Hyperbolic function
(hidden layer)
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2 — PP Reactor

Performance of the best tested networks

Numerical results

Virtual sensor

ANN R? R? R? R? SDgatio
Training Validation Test Total
MLP 6-2-2 0.8419 0.8738 0.7791 0.8409 0.2882
MLP 6-2-2 0.8468 0.8463 0.7812 0.8356 0.2989
MLP 6-5-2 0.9769 0.9281 0.8153 0.9479 0.1660
MLP 6-8-2 0.9561 0.9529 0.8259 0.9369 0.1859
MLP 6-8-2 0.9096 0.9273 0.8733 0.9073 0.2261
MLP 6-10-2 0.9765 0.9671 0.8969 0.9631 0.1518
MLP 6-10-2 0.9804 0.9673 0.9718 0.9772 0.1363
MLP 6-10-2 0.9658 0.9382 0.9642 0.8093 0.1673
MLP 6-15-2 0.9748 0.9439 0.7820 0.9396 0.2013
MPL 6-15-2 0.9742 0.9344 0.8356 0.9464 0.1493

SDgami0 is the ratio of the prediction error standard deviation and original data set standard deviation.

SDgamio Values below 0.2 are considered to be good.

Da Silva & Dutra (2017)
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2 — PP Reactor

Vin = Vexaa + N(0,0.05- Vo0t )

Numerical results
Uncertainties effect
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Dynamic behavior considering uncertain measurements.
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2 — PP Reactor

Numerical results

Particle filter performance

Maximum width of the credibility interval (MWCI)

Number of v T Tw Meomb N.¢ Average computation time
particles [L] [K] K] [kg h™] [%] [s]
10 16.2883 1.8826 1.5128 52.3151 90.26 0.10
50 14.7388 1.7835 1.4197 50.1588 89.16 0.35
100 14.5765 1.6602 1.3122 47.2783 88.99 0.64
200 12.9021 1.2287 0.9976 34.3042 88.91 1.28
Histograms for effective sample size (Neff)
12000 12000 12000 12000
>, 10000 N=10 10000¢ 10000 N=100 10000 N=200
CCJ 8000} 8000 8000 8000
% 6000} . 6000F . 6000 _ 6000
(@n 4000} 4000} 4000 4000
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LL 2000t 2000 2000 2000
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Numerical results
Regulator test: +10K in T4
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2 — PP Reactor Numerical results
Servo test: +2 in MI and XS
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Numerical results
Servo test: +2 in Ml
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Control actions were based on purely noisy measurements which
did not have matched the actual values of the process.

Da Silva & Dutra (2017)
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SIR + control loop Remarks

The lack of instruments and finite precision of the existing devices are
real problems faced in industry that may leave the process at risk of
failure, affect safety, ...

Particle filters (PF) can be used as an observer to estimate latent
variables and to reduce uncertainties, in order to take control actions
with accurate information.

Advanced soft sensor schemes can be proposed with PF associated to
machine learning algorithms, as artificial neural network (ANN), to
address extremely nonlinear processes, which are very common in
chemical engineering.
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MPC using Particle Filters

Da Silva & Dutra (2017)
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MPC basics

past A future/prediction
<€ >

Desired set-point

— - -
—_———-_
—
——
-
_—

Closed-loop state
(measured) -~
/—\/"

u: @

Re-optimal input

Closed-loop input traj ecto ry (ti me k+ 1)

I : -oT r=-—-
: I >
k k+1 k+p
| Prediction horizon >|
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MPC basics

2"d Generation:
LQG Conoisseur and
QDMC

ﬁ@mﬁ

3rd Generatlon.
SMOC, SMCA, IDCOM-M
HIECON, PFC, PCT and RMPC

4th Generation:
DMC+ and RMPCT

15t Generation:
DMC and IDCOM
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Deterministic formulation

Discrete-time system model

Xi+1 = f(xk, uk) Although having applications in many

v, = alx real systems, MPC is a mature

Vi g( k) technique only for linear systems.
umin < U, < ymax

Au™In < Ay, < Ay Linear systems with quadratic objective

max function is a convex problem, whose

y" Sy Sy o _ .
solution is analytic and/or recursive.

k+Np k+Np
Obijective function I = z |z —ﬂj—1||z + Z Is; —J?j”f2
=k j=k+1
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MPC and NMPC approaches

Classical MPC may fail due to the fact that it usually only works on
linearized or approximated models.

Since nonlinearity are often significant in chemical and biological
applications, non-linear MPC (NMPC) become essential for better
performance and stable operation under dynamic conditions.

It is necessary:

« ateach time k, to estimate the initial conditions to integrate the state
equations along the prediction horizon N..

 to define an integration strategy of the state equations (which are
function of variables (k) that will only be known when solving the
optimization problem) and an optimization strategy.

Da Silva & Dutra (2017) Mini-Course 07: Particle Filters — Part B

S7



MPC and NMPC approaches

Integration

strategy

~

| Sequential
approach

~

~

approach

e

__| Simultaneous

~

v

Biegler (2007):

ﬁ=(> [u(k), -, u(k+P—1)]

Control vector parametrization: prediction and
optimization are solved sequentially until convergence.

State and control profile discretization: equations are
Incorporated as algebraic constraints to the optimization problem

Alternatives for approximate solution

Da Silva & Dutra (2017)

e e
Successive linearization 002" 4
. . : G 2P (@
Combined use of linear and non-linear models \*N\? 7 0N a0
Adaptive linearization @ feW £ es“«\,{\oo\ &=
Feedback linearization e 6\)(\{\(\9‘ A eo}“@((5
Use of block oriented nonlinear model 20 2\ o@‘\(ﬂ\o\e fw
Use of multilinear models Q\0° o
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MPC and particle filters

Andrieu et al. (2004)
Botchu e Ungarala (2007)

Blackmore (2006)

Kantas, Maciejowski
e Lecchini-Visintini
(2009)

Stahl e Hauth (2011)
Lopez (2014)

Da Silva & Dutra (2017)

PF was used to estimate current state as initial
condition on a classical MPC problem.

Approached the original stochastic problem as a
determinist using a large number of particles.

Sequential Monte Carlo (SMC) was used as non
convex optimizer for stochastic NMPC, but at
the expense of high computational cost.

More basic implementation using a stochastic
approach to solve the optimization problem
using 2 particle filters, called PF-MPC.
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PF-MPC

corresponding conditional

Stochastic general state space model probability densities

State transition X, = f(Xp_1, Ux—1, Vk—1) a, (xk|xp_1, Uk—1)
Observation  y, = g(xy, ng) :> by, (yk|xy)

Density distributions

— M ) ;_
Estimation *x ~ % (xk xk—l) t=1 ..., Npart

PF#l WIEL) e bk (yk‘x]((l))

d ( | ) % = f(%-1, U1, Tj-1)
Prediction a;(x,u;lx, ., uj4 _

J j=1""J — _ _ ~
— = £, (%1, 1i_q, ¥

PR#2 By(sl%, ) = % = ful%o1, Gy, Vi)

G=1,..,P) sj = g(%, %, %)
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PF-MPC

First particle filter: standard estimator

Estimation of the current values of hidden variables from observed data.

1 —_ l l P
SIR filter: Mposterior = {Xk .wk}i=1...N |:> X,

Second particle filter: control predictor (over j=1,..., P)

It works on different states (¥;, it;) and “observations” (s;).
Joint Process Transition density Control input
(Uk:k+ps Xick+pr) @ (fj, Uj|Xj 1, ’aj—1) = > ur,

@y, (5105 -1) @ (%1%-1)
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PF-MPC

Input transition density @, ; (%;[#j—1) = % = fu(%j—1, j—1,¥j-1)

_ N v~N(0,2): The control input is constrained in
U =Ujq T Vjq a sense that the effort Ati; s kept small

or depending on X.

W = Vj-1 (free) Quite similar to IIAﬂIIé of a usual MPC

objective function.

_ - '17~U(um‘", um“x): case it is necessary to meet
hard constraints u™" < u; < u™a,
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PF-MPC

Control performance density Ej(5j|fj»ﬂj) or Ej(Sjlfj)

k'l'Np

_n2
1= ) lls -5l
j=k

L,

_ ~ 1 _ 12
bj(sj|xj) = (Zn)n/lel—l/Z exp (_”Sj N xj”R)

Setpomt equation Sj = g(xj;uj; Vj)

— 25 2 2
Sj=Sdesired T Uj vjNN(O» 0°)

If it is to keep at rest, Sgegired = 0.

Da Silva & Dutra (2017)
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Inputs, d ———| > QOutputs, y

PF-MPC SR
B Control Measured
signals, u ) outputs
Adapted from K< Only control
Stahl e Hauth (2011)
. u;
Point k
_ > System Measured
estimate OUtpUtS
A
[ (50e)
[ =1,...,Npggpr Zk
. X, Y
setpoints —— FP_?rtchez le — If'?mcfltel
lter { (x,(j),w,(j)) } lter
Control Predictor (=1, .., Npagr State Estimator
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PF-MPC Algorithm

Particle Filter #2 [
: Control
l. Start L = 1; e Npart action
_(i N —(i j Main
@ X’(cl) = xl(cl)'wlgl) — ngl) [teration
ﬂl(cl) = fu (u;;—v 171!?21)

2. Iteration  j=k+4+1,..,k+P I:> 3. Control action

X = f(%j—1, Uj_1, Tj—1)

U = fu(%i—1, Uj_1,9j-1)

() =) @O =@
(xk+P'uk+P'uk+P'Wk+P)

Npart

=1

Sj = g(Xj,le,Uj) Npart

ﬁ' - ﬁ'_l * "'(l) _(l)
oo Up = § Ui pWi+p
W] X Wj—l b](S]|x],u]) i=1
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PF-MPC Algorithm

s Particle Filter (a) Stah| e Hauth (2011)
Plant >
' ] (i) . i)y :
& ,I-L‘] ~ g T _1_-5:-_']] flag u-';_,T Ni=1,..., N}
Storage “"Lﬂ o IIIJ.I,-['.'W.:l-T:lEj]
Eu (i) o
{(x . w0} -
Uiy
.
uy
fe—1 - ﬁg” s {_lul,r,-liﬁ-;_-l'ﬂz_]}
Hay'y
L Y
Particle Filter (h)
: ti . ) _{8) —(1) ~(i) — = = = =li) u] m
. liUmLL ) {{u;‘:f T, *r:,'i_'!'l}r i=1,.... N} '[-7'_-; Uy ) e ag Ty g, '!"ul'r 10U 1)
sstimator [ ;
o) o o, )

-----------------------------------------------------------------------------------------------------------------------------
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Improvements to PF-MPC

Constrained particle filter Zhao et al. (2012)

1. Acceptance/rejection : constraints on the prior particles x.-

. |o. if (xI~ & Q)
Wk - i— . [—
o p(yrlxr) if (xi7 €Q)
Main advantage Disadvantages

~ | Sample impoverishment
It can guarantee no violation

. Inconsistency If no particle meets the constraints
of particles and need no extra Y i

computation It does not suffice for nonlinear constraint,
equality, and inequality constraints
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Improvements to PF-MPC

Constrained particle filter Zhao et al. (2012)

2. Optimization approach: constraints on prior particles x:~,
posterior particles xy,, and/or the estimated value X,.

min — log (pxg (x - xz‘;"))

Xk
rprclii_n —log (pxi (f,‘(_ — x;i(_)) — log (ka (Yk — hy (fllc_)))
k
Tii-n —log (px,e{ (J?,‘c — x;lc)) — log (ka (Yk — hy (fllc)))
k
r)rcll_i_n —log (pxg (X — fk)) — log (ka (YR — hy (fk)))
k

~ Indicates projected particle or state estimation.
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Improvements to PF-MPC

Constrained particle filter Zhao et al. (2012)

2. Optimization approach: constraints on prior particles x:~,
posterior particles xy,, and/or the estimated value X,.

i A i
X, X, Xy
_b '—_br o %
Oo
® (]
e 9 A L

[llustration of the estimation projection (o: valid particle,
e violated particle, A: estimation, x: true state)
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Improvements to PF-MPC

Constrained particle filter Zhao et al. (2012)

2. Optimization approach: procedure.

Start
k=1 YES
Particle Filter > Proj egted~ ¢
estimation X, NO
Posterior particles
resampling

X}, 1s better than X,
or all particle have been
projected?

A 4
Optimization for the
selected particle

A 4

Re-calculate the
estimation X,
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Appl ication Carvalho, R. F.,_ 2017, Controle prediti_vo baseado em
modelo com estimacéo de estado restrita para controle
e monitoramento de processos nao lineares.
Dissertacdo de Mestrado (PPEQ/UFES).

F.. l CSTR
PF-MPC structure
FGH
Objective: filter observed data and control Ca -
Npart: 10, 50 and 100 T
Performance: RMSE, AES
dCa F —E
= ao — Ca) — ko Ca eRTr
dt Vr (c Ca) = ko Caerr
AT _F o — ey B o ca e Tr — Tj
= — e — r — —
dt Vr f ’ pCp onac VrpCp( r=1))
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Application

Number of R RMSE AES Time (s)
particles
0.1 0.0271 6.4795 0.2034
10 0.5 0.0271 10.0073 0.1672
5 0.0271 11.2071 0.1662
0.1 0.0220 6.1006 0.9453
50 0.5 0.0220 9.7913 0.7375
5 0.0220 10.8588 0.7186
mm)| 01 0.0217 | 6.0001 1.6765
100 0.5 0.0217 9.4079 1.4797
5 0.0217 10.6891 1.4093
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Application
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Application

CPF-MPC

? T T T T T 3"‘1['
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Application
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