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Estimation Basic

Slides are partly from http://stanford.edu/class/ee363/lectures/estim.pdf
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Estimation, Prediction, Smoothing

time

Present FuturePast
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Gaussian Random Vectors
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Gaussian Random Vectors

Exercise!
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Gaussian Random Vectors
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Ellipse
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Confidence Ellipsoids
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Confidence Ellipsoids
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Confidence Levels

Cumulative Density Function
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Confidence Levels
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Another Example
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Another Example (cont.)
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Affine Transformation
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Affine Transformation
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Linear Measurements
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Linear Measurements
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Linear Measurements
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Linear Measurements
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State Estimator

● When we cannot measure the true state, we usually implement an estimator 
(or observer).

● Idea: Construct a new dynamical system that takes the available measurement 

as inputs, and provides as output an estimate of the state,

● Most common structure for a state estimator, called Luenberger form:

● Suppose we have a system

● Estimation error

Choose L s.t. the error dynamics are asymptotically stable  How?
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Estimation vs Filtering

● In the presence of noise, the estimator must pick up information 

related to the state while rejecting noise.

● In that sense, the stochastic state estimation problem is a filtering 

problem
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Least-squares Estimation

How?
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where is a random variable with   

Unbiased Estimator

Minimum Variance Estimator (MVE)

Least-squares Estimation

Gauss-Markov Theorem

Minimum variance, unbiased estimation is the one that minimizes:
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Least-squares Estimation

MVE
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Minimum Mean-Square Estimation
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MMSE for Gaussian Vectors

Look familiar?
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MMSE for Gaussian Vectors

Q. How do we compare two covariance matrices?



14

11/11/2014S. Joo (sungmoon.joo@cc.gatech.edu) 27

Best Linear Unbiased Estimator

Minimum Variance
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MMSE with Linear Measurements
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MMSE with Linear Measurements

(don’t’ believe sensor measurement, if the sensor is not good)
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MMSE Error with Linear Measurements
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Estimation Error Covariance
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Information Matrix Formulas

How?
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Information Matrix Formulas


