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Predictive control
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Measurement
MH Estimate

MPC control
Forecast

t time

Reconcile the past Forecast the future

sensors
y

actuators
u

min
u(t)

∫ T

0
|ysp − g(x , u)|2Q + |usp − u|2R dt

ẋ = f (x , u)

x(0) = x0 (given)

y = g(x , u)
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State estimation
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Measurement
MH Estimate

MPC control
Forecast

t time

Reconcile the past Forecast the future

sensors
y

actuators
u

min
x0,w(t)

∫ 0

−T
|y − g(x , u)|2R + |ẋ − f (x , u)|2Q dt

ẋ = f (x , u) + w (process noise)

y = g(x , u) + v (measurement noise)

Rawlings Optimal control unchained 4 / 23



From optimal control to optimal feedback control

Optimal control is developed in the 1960s: adjoint equations,
Hamiltonian, maximum principle, etc. Treats nonlinear and
constrained systems. (Bryson and Ho, 1975; Ray, 1981)

Optimal feedback control for linear, unconstrained systems also
developed in the 1960s: linear quadratic regulator (Kalman, 1960;
Kwakernaak and Sivan, 1972)

u0 = Kx

Industrial systems are either constrained or nonlinear or both.
Optimal feedback control for these systems seems to lead to
intractable dynamic programming problems. The curse of
dimensionality. (Bellman and Dreyfus, 1962)

Optimal feedback control sees limited industrial application during
this period.
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So what unchained optimal control?

One technique for obtaining a feedback controller synthesis from
knowledge of open-loop controllers is to measure the current
control process state and then compute very rapidly for the
open-loop control function.

The first portion of this function is
then used during a short time interval, after which a new
measurement of the process state is made and a new open-loop
control function is computed for this new measurement. The
procedure is then repeated.

— Lee and Markus (1967)
Foundations of Optimal Control Theory

Our notion of very rapidly changed radically from 1960 to 1985.
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Large industrial success story!

Linear MPC and ethylene manufacturing

Number of MPC applications in ethylene: 800 to 1200

Credits 500 to 800 M$/yr (2007)

Achieved primarily by increased on-spec product, decreased energy use

Eastman Chemical experience with MPC

First MPC implemented in 1996

Currently 55-60 MPC applications of varying complexity

30-50 M$/year increased profit due to increased throughput (2008)

Praxair experience with MPC

Praxair currently has more than 150 MPC installations

16 M$/year increased profit (2008)
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Impact for 13 ethylene plants (Starks and Arrieta, 2007)

Hydrocarbons AC&O 17
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& Optimization& Optimization
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Are all the problems solved?

Some questions to consider

Has the application base stopped growing?

Is the theory complete?

Do we have tools to decompose large-scale systems into manageable
problems?

Do we have tools to commission and maintain the controllers?

Do we have tools to optimize dynamic economic operation?
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Distributed MPC — Decomposing large-scale systems
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Decomposing large-scale systems

Material flow

Energy flow
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Game theory — theoretical framework for distributed MPC

Objective functions V1(u1, u2), V2(u1, u2)

and V (u1, u2) = w1V1(u1, u2) + w2V2(u1, u2)

decision variables for units u1 ∈ Ω1, u2 ∈ Ω2

Decentralized Control min
u1∈Ω1

Ṽ1(u1) min
u2∈Ω2

Ṽ2(u2)

Noncooperative Control min
u1∈Ω1

V1(u1, u2) min
u2∈Ω2

V2(u1, u2)

(Nash equilibrium)

Cooperative Control min
u1∈Ω1

V (u1, u2) min
u2∈Ω2

V (u1, u2)

(Pareto optimal)

Centralized Control min
u1,u2∈Ω1×Ω2

V (u1, u2)

(Pareto optimal)
von Neumann and Morgenstern (1944), Nash (1951), and Başar and Olsder (1999)
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Rawlings Optimal control unchained 12 / 23



Game theory — theoretical framework for distributed MPC

Objective functions V1(u1, u2), V2(u1, u2)

and V (u1, u2) = w1V1(u1, u2) + w2V2(u1, u2)

decision variables for units u1 ∈ Ω1, u2 ∈ Ω2

Decentralized Control min
u1∈Ω1
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Geometry of cooperative vs. noncooperative MPC
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Cooperative control as suboptimal MPC

Properties established by suboptimal MPC theory1

Stability: Nominal closed-loop stability for any number of information
exchanges

Cost decrease: Plant-wide objective is decreased at each iterate

Convergence: Cooperative MPC produces centralized control
performance at the limit of infinite iterates

1(Stewart et al., 2009) and (Rawlings and Mayne, 2009, Ch. 6)
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Optimizing economics: Current industrial practice

Validation

Planning and Scheduling

Reconciliation

Model UpdateOptimization
Steady State

Plant

Controller

Two layer structure

Drawbacks

I Inconsistent models
I Re-identify linear model as

setpoint changes
I Time scale separation may not

hold
I Economics unavailable in

dynamic layer
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Optimizing economics: what’s desirable?
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Recent results for economic MPC

The economic MPC for linear dynamics and convex cost is
asymptotically stabilizing
(Rawlings et al., 2008; Rawlings and Amrit, 2009)

A Lyapunov function has recently been found for this case
(Diehl et al., 2009)

Both the theory and the computation for the nonlinear model and
nonconvex cost require further work
(Würth et al., 2009; Angeli et al., 2009)

Rawlings Optimal control unchained 17 / 23



Recent results for economic MPC

The economic MPC for linear dynamics and convex cost is
asymptotically stabilizing
(Rawlings et al., 2008; Rawlings and Amrit, 2009)

A Lyapunov function has recently been found for this case
(Diehl et al., 2009)

Both the theory and the computation for the nonlinear model and
nonconvex cost require further work
(Würth et al., 2009; Angeli et al., 2009)

Rawlings Optimal control unchained 17 / 23



Recent results for economic MPC

The economic MPC for linear dynamics and convex cost is
asymptotically stabilizing
(Rawlings et al., 2008; Rawlings and Amrit, 2009)

A Lyapunov function has recently been found for this case
(Diehl et al., 2009)

Both the theory and the computation for the nonlinear model and
nonconvex cost require further work
(Würth et al., 2009; Angeli et al., 2009)

Rawlings Optimal control unchained 17 / 23



Conclusions

Optimal dynamic operation of chemical processes has undergone a
total transformation in the last 20 years.

Both in theory and in
practice.

The currently available theory splits the problem into state estimation
and regulation. Both are posed and solved as online optimization
problems. Basic properties have been established.

The economic impact of the technology is large.
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Future outlook

1 Distributed MPC.
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2 Optimizing dynamic economic objective. Theory available for linear
models and convex cost functions. Extensions to nonlinear models
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