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Outline

• State estimation overview

– problem formulation
– extended Kalman filter
– moving horizon estimation

• Effect of arrival cost

• Closed-loop control and plant-model mismatch

• Conclusions
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State Estimation Overview
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What estimate is desired?

• We will consider the model

xk+1 = F(xk, uk)+Gwk

yk = h(xk)+ vk

• If we knew the a posteriori distribution

p(xT |y0, . . . , yT)

what point estimate should we calculate?
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What estimate is desired?
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For unconstrained linear estimation with Gaussian noise, the mean and mode of
the probability distribution are the same.

Optimal estimator: Kalman filter (recursive).
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What estimate is desired?
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The mean and mode of the probability distribution are generally different.

We would like to solve for the the maximum a posteriori estimate (MAP), i.e. the
mode of this distribution.
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Extended Kalman Filtering

Measurement
EKF Estimate

Summarized by
Covariance Matrix

ΠT |T−1

T0

Estimation
Horizon

• Approximates

x̂T |T ≈ arg max
xT

p(xT |y0, . . . , yT)

• Extension of the Kalman filter
to nonlinear systems via lin-
earization

• Summarizes past data with
the covariance matrix

• Computationally trivial

• Most popular industrial
method
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Moving Horizon Estimation

Measurement
MHE EstimateSummarized by

Arrival Cost

State Constraint

ZT−N(z)

TT −N0

Estimation Horizon

• Approximates

{
x̂T−N|T , . . . , x̂T |T

}
≈ arg max

xT−N,...,xT
p(xT−N, . . . , xT |y0, . . . , yT)

• Accurately employs the non-
linear model

• Can incorporate constraints

• Requires on-line optimization

• Arrival cost?
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Effect of Arrival Cost: An Illustrative Example

P

2A
k
-→ B

• Well-mixed, gas phase, batch reactor

• Estimate the partial pressures of A and B

• Model
dx
dt

=
[
−2 1

]T
kP2

A

• Measure the total pressure

y = PA + PB

• Poor initial guess

xo =
[
3 1

]T
vs. x̄o =

[
0.1 4.5

]T
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Estimator Comparisons

EKF Constrained MHE
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