
Optimal Control using Iterative Dynamic Programming

Daniel M. Webb, W. Fred Ramirez advising

Department of Chemical and Biological Engineering
University of Colorado, Boulder

May 16, 2007



Problem Introduction
Park-Ramirez Model

Optimal Control Solution Methods

Problem Introduction

ODE models:
•
X = f (X,ν(X,ω))

X(t = 0) = X0

Model uses (especially batch systems):
Optimize yield
Minimize unwanted products
Reduce run-to-run variation
Real-time optimal control

Some basic modeling steps:
Formulate
Train (identify model parameters)
Offline optimization
Online optimization (real-time optimal control)
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For genetically modified yeast in a fed-
batch reactor, predict:

cell growth,

substrate consumption,

foreign protein production,
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The four primary ways currently used to solve optimal control problems:

1 Control vector parametrization (CVP)
Break the control u(t) into piecewise vectors.
Each piecewise vector is a function approximation ν(ω)
(ie. constant, linear, polynomial).
Find the sensitivities ∂Φ

∂ω
.

Solve for ω using a NLP solver.
2 Collocation

Similar to control vector parametrization except discretizing states too.
Seems to be much less common than control vector parametrization.

3 Necessary conditions and Pontryagin’s Maximum Principle
Can provide much more insight into the problem solution.
Requires more skill/education than parametrization methods.
Difficult to apply to singular control problems.

4 Iterative dynamic programming (IDP)
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Breaking the problem into smaller subproblems.

Remembering the best solutions to the subproblems.

Combining the solutions to the subproblems to get the overall solution.



Problem Introduction
Park-Ramirez Model

Optimal Control Solution Methods

Dynamic Programming

What is dynamic programming?

A way to solve discrete multi-stage decision problem by:

Breaking the problem into smaller subproblems.

Remembering the best solutions to the subproblems.

Combining the solutions to the subproblems to get the overall solution.



Problem Introduction
Park-Ramirez Model

Optimal Control Solution Methods

Dynamic Programming

What is dynamic programming?

A way to solve discrete multi-stage decision problem by:

Breaking the problem into smaller subproblems.

Remembering the best solutions to the subproblems.

Combining the solutions to the subproblems to get the overall solution.



Problem Introduction
Park-Ramirez Model

Optimal Control Solution Methods

Dynamic Programming

What is dynamic programming?

A way to solve discrete multi-stage decision problem by:

Breaking the problem into smaller subproblems.

Remembering the best solutions to the subproblems.

Combining the solutions to the subproblems to get the overall solution.



Problem Introduction
Park-Ramirez Model

Optimal Control Solution Methods

Iterative Dynamic Programming (IDP)

What is iterative dynamic programming (IDP)?

A type of dynamic programming to solve the optimal control problem by:

Breaking the control u(t) into k stages.

Guess several profiles for the stagewise constant controls uk .

Use the guessed controls uk to calculate a guessed continuous state
profiles X(t), S(t), etc.

Starting at the final time and working backward, find out which of the
guessed controls was the best and remember it for the next iteration.

Animation 1: Basic IDP algorithm
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Less likely to find local minima for this problem.
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