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measurement equation

xk : state vector

yk : measurement vector

vk : process noise vector

wk : measurement noise vector

Bayesian framework
xk , yk ,vk , wk : random variables

x: position and speed of a car,   y : sensor measurement  

x: sea and sediment sound speed profile,   y : acoustic measurement 

x: position of Katrina,   y : seismic measurement  

x: atmospheric refractivity profile,   y : radar clutter measurement  

x: number of whales in the region,   y : visual and acoustic measurements



Kalman FrameworkKalman Framework
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state equation

measurement equation

state equation

measurement equation

xk , yk ,vk , wk : Gaussian
Fk , Hk : Linear

Optimal Filter = Kalman Filter Optimal Filter = Kalman Filter 1963
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1. Predict the mean using previous history.

2. Predict the covariance           using previous history.

3. Correct/update the mean using new data yk

4. Correct/update the covariance          using yk
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A Single Kalman IterationA Single Kalman Iteration
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PREDICTOR-CORRECTOR DENSITY PROPAGATOR
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Nonlinear      NonNonlinear      Non--GaussianGaussian
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KF

• h(.) linear                     
Gaussian x Gaussian y

• h(.) non-linear              
Gaussian x non-Gaussian y

y = h(x)

x y

Now What?



If Nonlinear If Nonlinear LINEARIZE!LINEARIZE!
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Extended Kalman Filter (EKF)Extended Kalman Filter (EKF)

Gaussian and Linear 
again! now use KF

1975



Unscented Kalman Filter (UKF)Unscented Kalman Filter (UKF)

y = h(x)

x y

y = Hx

x y

y = h(x)

x y

UKF

),(~ PμN ),(~ PμN),(~ PμN ),(~ PμN

),(~ PμN

EKF

Only first order accurate!

EKF stinks!

1997

Statistical linearization



Unscented Kalman Filter (UKF)Unscented Kalman Filter (UKF)

Sigma points of 
the unscented 
transform

Determine the mean and covariance of y propagating a 
minimal number of particles called sigma points through the 
nonlinear function and reconstruct using the UT.

p(x)
From : E.A. Wan
and R. van der
Merwe



Unscented Kalman Filter (UKF)Unscented Kalman Filter (UKF)

Wrong mean and cov.
Accurate mean and cov.are mean and cov. 

enough?

From : E.A. Wan
and R. van der
Merwe



……but we shall show that Monte Carlo 
methods can also serve poor man, who cannot 
afford such machinery……

1954

Particle Filter (PF)Particle Filter (PF)



Particle Filter (PF)Particle Filter (PF)
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xk , yk ,vk , wk : non-Gaussian
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no

KF
yes

Problem

Linear

Gaussian

yes

no

“Statistical”
Linearization

(Unscented 
Transform)

“Analytic”
Linearization

Can be                                                          
approximated using                        

linearization 
yes

no

Filter Selection

PF

EKF

UKF

• KF: Linear & Gaussian

• EKF: Non-linear & Gaussian 

(Linearize using Jacobian)

• UKF: Non-linear & Gaussian

(Assume Gaussian input – Gaussian output)

• PF: Non-linear & Non-Gaussian



Reflectivity image: April 02, 1998  Map # 040298-17  18:50:00.3
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Reflectivity image: March 11, 1998  Map # 031198-20  15:52:33.3
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Radar PPI Screen for Evaporative and Surface-Based Ducts



Spatial and Temporal Tracking  Spatial and Temporal Tracking  
Using EKF, UKF and PFUsing EKF, UKF and PF
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Clutter Power

M-profile model parameters      
(slopes, layer thicknesses)

Parabolic Equation Sea surface radar 
cross section



Tracking Atmospheric RefractivityTracking Atmospheric Refractivity



Particle Filter (PF)Particle Filter (PF)



ConclusionsConclusions

EKF: very easy and fast but not for highly nonlinear and non-Gaussian

UKF: can handle higher order nonlinearities but still very high nonlinearity and non-Gaussianity is 

a problem.

PF: no assumptions. for nonlinear, non-Gaussian problems.

Gaussian sum filters, multiple model filters (interactive MM, static MM, MMPF), Higher-order EKF, 

IEKF, EnKF, RPF, PF-MCMC, RBPF, SIR, ASIR, HMM filters-Viterbi, and many more…..

THANKS…
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Basic Definitions
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Yxx ≡ From now on we will use Bayesian MMSE estimator

MAP estimator

MMSE estimator


