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Finite state and 
action optimal 
control design I

‒ Markov decision processes (MDP)

- Discrete time finite state and action Markov chains

- Dynamic programming

‒ Discretization

- irregular grid

- modeling (simulation + counting => P’s & L)

‒ Optimal control

- minimize sum of immediate costs in future horizon

- value iteration => control table

‒ Cell filter

- Bayesian state estimation

- ML estimate for control2 Enso Ikonen IFAC World Congress, 9-14 July 2017, Toulouse
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Finite state and 
action optimal 
control design II

FADP

‒ Finite Approximate Dynamic Programming

- iterative re-discretization of

closed-loop data

- hierarchical k-means clustering
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Process control using finite Markov 
chains with iterative clustering

‒ FADP

- Finite approximate dynamic programming

- An approach to tackle the curse of dimensionality 

problem

yet retaining the benefits of the finite state MDP in 

control and estimator design

- iterative re-discretization based on clustering of 

closed-loop data. 

- hierarchical k-means clustering
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FADP
steps
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FADP
clustering with hierarchical k-
means
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FADP
properties

‒ FADP:

- based on iteratively enhanced clustering of state 

space, occupied by the plant in closed-loop.

- scales well (S can be set)

- preserves Pa’s and L

- enables use of finite state & action MDP tools

- DP, cell filter, analysis

- model can be reinforced with data

- off-line design procedure

‒ Irrespective of the method used for 

discretizion:

- difficult to know a priori the state space covered by 

the plant in closed-loop

- FADP provides an automated means to find a 

discretization suitable for control

‒ Increased computational load

- re-building of transition matrices

- simulation of closed-loop trajectories



University of Oulu

‒ van der Vusse benchmark 

(Chen et al. 1995)

FADP
non-linear non-minimum phase CSTR
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FADP (single-input)
non-linear non-minimum phase CSTR

Discretization (initial)
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FADP (single-input)
non-linear non-minimum phase CSTR

Discretization (iterative FADP steps)
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FADP (single-input)
non-linear non-minimum phase CSTR

true and inferred (ML) estimates
state estimate distributions

measurement + prediction 

=     state distribution 

-> inferred ML estimate s

-> controller output a=π(s)
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FADP (single-input)
non-linear non-minimum phase CSTR
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FADP (single-input)
non-linear non-minimum phase CSTR

noise in product concentration 

and reactor temperature + random 

walk in feed temperature

(not in the benchmark)
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‒ van der Vusse benchmark 

(Chen et al. 1995)

FADP
non-linear non-minimum phase CSTR
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FADP 
(multiple-input)

‒ benchmark (noiseless)

‒ clustering using FADP

‒ system input/output

11/30/201815
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FADP 
(multiple-input)

‒ benchmark (noiseless)

‒ state estimates: ML & densities
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FADP 
(multiple-input)

‒ benchmark (noiseless)

‒ robustness test
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FADP 
(multiple-input)

‒ state & signal noise

‒ MC analysis of closed-loop behavior
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Future works Conclusions & Future

Process control and state estimation

- optimal control based on finite state and action plant 

description

- Bayesian state estimation (cell filter)

- optimal control (DP)

- FADP

- attempt to solve the curse-of-dimensionality in ‘ADP style’

- van der Vusse CSTR (SISO & MISO)

- nonlinear, stochastic, nonminimum-phase dynamics

- 2 inputs, 5 states => tractable computations on a laptop PC

Future

- experience from industrial application studies

- state estimation for monitoring => how to provide added 

value from improved uncertainty information to plant 

operators and automatic control
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