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Historical overview



Energy crisis + global competition + environmental reg.
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- Process integration

- Reduced design, safety margins

- Real time optimization

- Tighter quality control
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Higher demand on process control

Historical overview
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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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Historical overview
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Digital control

Process
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Digital 
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Sampler Holder

Digital control
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Model Predictive Control
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Model Predictive Control

The best material model of a cat is another, or 
preferably the same, cat.
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Model Predictive Control

A theory has only the alternative of being right or 
wrong. A model has a third possibility: it may be 
right, but irrelevant  (Egan)
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Model Predictive Control
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Model Predictive Control

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

Convolution model: SRM (Step Response Method)
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Model Predictive Control
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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:

where xs and us represent the stationary values of the states and inputs calculated 
at instant k, using the disturbance term pk. These values must therefore be 
recalculated at each sampling instant. 
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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 xs and us can be determined by solving a 
constrained optimum problem. 
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Dynamic optimization

Control 
horizon

Prediction 
horizon
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Dynamic optimization
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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, …)
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Example

Figura 3: Schema del sistema di controllo implementato 
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Example
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Example

Time, min

Step inlet
temperature
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Credit: Prof. D. Manca



 

0.070

0.075

0.080

0.085

0.090

0.095

0.100

0.105

0.110

0 5 10 15 20 25 30 35 40
tempo - min

Portata di combustibile - kmol/s

 u = 0.01
u = 0

 

0.87

0.88

0.89

0.90

0.91

0.92

0.93

0 5 10 15 20 25 30 35 40
tempo - min

Portata di vapore - kmol/s

u = 0.01
u = 0

 

264.1 Model Predictive Control (Davide Fissore) 

Example

Time, min

Steam flow rate, kmol/s
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