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NEF introduction

Introduction to Nonlinear Estimation Framework (NEF)

To provide a software framework designed for nonlinear state estimation
of discrete-time stochastic dynamic systems.

© a collection of MATLAB classes and functions for
@ modeling system behavior
@ state estimation
@ evaluation of the results

© development driven by the need for a tool that can
@ evaluate the quality of a state estimation method in arbitrary case
@ compare performance of several state estimators

@ provide means for effortless rapid prototyping of new state
estimators
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NEF introduction

The main NEF features

O

highly modular and extensible
designed with support for natural description of the problem in mind

> enables both the structural and probabilistic description of a
system
> supports specification of time-varying systems

implements many of the popular nonlinear state estimators
(both standard and numerically stable estimation algorithms),

fast and easy estimation experiment setup

facilitates implementation of filtering, multi-step prediction and
smoothing tasks

full estimator parametrization by means of the standard MATLAB
property-value mechanism,

evaluation of estimate quality.
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NEF introduction

Components of the NEF

Modeling component
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Estimation component

Performance evaluation
component

NEF
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Modeling component

Scheme of NEF modeling component

Functions
Structural description < nefHandleFunction
Fr (xrs ur &)
nefLinFunction
X = X, Up, W k=0.,1, ... £5©) = Axxs + iy + Gy
k1 = fr(xr, ue, we), N AT
2k = hp(xg, ug, v), k=0,1,..., fi0=K
p(wi), p(vr), pxo) o
L J Model description
nefEqSystem nefPDFSystem
Probabilistic description | | IS, pen .
Ve = hi (xx, ug, v8), | p(og p(zklxk
p(x0) p(x0)
pXk1lxk, k), k=0,1,...,
p(lxr, up), k =0,1,..., Random variables
P (x 0) o nefGaussianRV
N{r TR, Pr()}
. J nefGaussianSumRV
nefUniformRV
nefEmpiricalRV
Xy € R,z € R, up € R™, nefBetaRV
nefGammaRV

wy; € R, v € R'*=
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Modeling component

Description of functions within NEF

Provided classes for description of multivariate functions

nefHandleFunction general function described by handle function

nefLinFunction linear function
nefConstFunction  constant function
nefFunction used by subclassing for complex function

nefHandleFunction \

The most useful and common way of describing the functions.

Example: h(x, uy, vg, k) = arctan (jlzkk:—z:g((kk))) + g

@ create regular or handle function in MATLAB
mFun = @(x,u,v,k)...
atan ((x(2)-sin(k))/ (x(1)-cos (k)))+v
® create nefHandleFunction instance with appropriate parameters
fun = nefHandleFunction (mFun, [2 0 1 11]);

,
.
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Modeling componen

t

Structurally and probabilistically described system

nefHandleFunction
S (e, we) = ( Xzi:;’;” ) + wy

Flidr, Str:

nefGaussianRV

= () (5 &)

nefEqSyst

Xia1 =Sy (ek, wi)
e = (xpve)
P(x0)

nefLinFunction

By (e, o) = (1,0) x4+ vk

em

p(wi)
P(ve)

nefGaussianRV

p(u) = N {1y : 0,0.01}

nefGaussianRV

= fros (_1%,)

nefUKF
.system
lag:=0

(5 )]

:=ukf.system.x0
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nefLinFunction nefHandleFunction
Fr @0 = F-xx g () = tan”! (‘i)
Xk
nefGaussianRV

PEig1lxe) = N {xperi i (x6),0.0001 - 1)

nefGaussianRV
nefPDFSystem P(2klxk) = N {2k bk (x4) , 0.0001)
P(xks1lx)
p(zklxe)
Pp(xo)

nefGaussianRV

plxo) =N {;“; (—0.050.0012 — 0.055)" , 0.01 - 14)

nefPF
pf.system
lag:=0
pf.x0:=pf.system.x0
pf.samplingDensity:='pointAuxiliary'
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Estimation component

Estimation component

Estimation problem

% looking for the posterior pdf p(xx|z¢, ut)
© solution provided by the Bayesian functional relations (BFR)

© mostly an approximate solution is being looked for
© BFR idea is embodied by class nefEstimator

estimate
r
( \ Your time update
\ p algorithm
( measurementUpdate |
P(qu\zk,""))\‘ ( I'(J‘A+I|Zk,'l‘§‘

filtering prediction fixedLagSmoothing
(wentct,ut)
k ok
Your time update Your time update (p(x 125, ub)y p(xuulz Lu )]
algorithm algorithm \ klZ ., /
[ \
[
| | |
|\p (el 2, ub) || 1 p el 24, ) |

\ | \ |

@ D /1 [\ ) /

Your measurement Your measurement /
update algorithm update algorithm
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Estimation component

Estimators implemented in the NEF estimation component

NEF class estimators

fKal
neztasman, (extended) Kalman filter (standard, square-root
nefSKalman, and UD versions)
nefUDKalman
nefDDL. ne£SDD1 central difference Kalman filter, divided differ-
’ > ence filter (1 and 2"¢ order) (standard and
nefDD2 .
square-root version)
Kal fil -
ne£UKF, ne £ SUKF unsgented alman filter (standard and square-root
version), cubature Kalman filter
nefItKalman iterated Kalman filter
nefGSM Gaussian sum filter
bootstrap filter, generic particle filter, auxiliary
nefPF . .
particle filter, unscented particle filter
nefEnKF ensemble Kalman filter
nefSIF stochastic integration filter
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Estimation component

Estimation tasks supported by individual estimators

estimator filtering prediction smoothing
nefKalman
nefSKalman
nefUDKalman
nefItKalman
nefDD1
nefSDD1
nefDD2

ne fUKF
nefSUKF
nefGSM
nefPF

ne fEnKF
nefSIF

N BN N B B

B <B<B<B<B<B <«
N BN BN BN BN BN BN
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Performance evaluation

Performance evaluation

Aim of this component

© to measure estimation error

© to compare performance of several estimators against the true value of
the state

Steps to measure performance

@ collecting data from Monte Carlo simulations,

@ extracting appropriate indicators from the conditional distribution of
the state provided by individual estimators

® evaluating the performance index
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Performance evaluation

Performance indices implemented in the NEF

ABSOLUTE ERROR MEASURES

mean squared error matrix

RMSE root mean squared error

AEE average Euclidean error

HAE harmonic average error

GAE geometric average error

MEDE median error

MODE mode error

RMSRE root mean squared relative error

ARE average Euclidean relative error

BEEQ Bayesian estimation error quotient

EMER estimation error relative to measurement error
NCI non-credibility index

ANEES average normalized estimation error squared
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Example

Example of NEF use

© Tracking a ship with unknown control

© xr =[xk, vk, Xk, vl
o

Xit+1 = Ui + wi

S o O =
S o~ O
(S (=)
— 2 = ©
(= e )
- O O O

© T = 0.02, wy is a Gaussian zero mean white noise with Q = 10°6. 1

© the control uy is unknown = will be appended to the state variable
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Example of NEF use — modeling dynamics

State dynamics

F =

G

Fm =

Q:
Qom

wm

—

Example

moorH

00

o O O O o

’

o H

0;
11;

0 11';

[F G;zeros(2,4) eye(2)]1;

fm = neflLinFunction (Fm, [],eye(6));

le-6xeye(4);
[Q zeros(4,2); zeros(2,4) le-3xeye(2)];

nefGau

ssianRV (zeros (6,1),0m);
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Example

Example of NEF use — measurement description

position measured in polar coordinates
arctan %&£
Xk
2k = 2 2 | T
y/k +x k

v Gaussian zero mean white noise with covariance matrix
R = diag[4 - 10~*(x /180); 1 - 107%]
Measurement function N

hm = nefHandleFunction (@ (x,u,v,t)
[atan (x(2) /x (1)) ;sqgrt(x (1) "2+x(2)"2)] + v, [6 0 2 01);

Measurement noise N

R = [4e-4x(pi/180)"2 0; 0 le-4];
v nefGaussianRV (zeros(2,1),R);

s
.

s
.
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Example

Example of NEF use — experiment setup

Initial condition \

m0 = [20 50 0 -12 0 0]"';

PO = diag([lel lel lel lel le-1 le-11);

x0m = nefGaussianRV (m0,PO0);

~— J

Loglikelihood for PF N

H = @(z,x,u,t) -0.5xdiag((z-[atan(x(2,:)./x(1,:)); ...
rt(x(1,:). 2+x(2,:).72)]) "*inv(R) *. ..
—[atan(x(2,:)./x(1,:));sqrt(x(1,:) . 2+x(2,:).72)1))";

Model

model = nefEqgSystem(fm, hm, wm, v, x0m, 'logLikelihood', LLH) ;

PF = nefPF (model, 'sampleSize',1000);
UKF = nefUKF (model) ;
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Example of NEF use — experiment setup

nefLinFunction
Xk nefGaussianRV
fr (xu) = Fo - ( e )
plwp) =N {w:0,0,}
nefEqSystem
Xt = fr (e we) s plwe)
2k = hi (e vr), p(o)
p(xo)
nefHandleFunction
X nefGaussianRV
arta (22
= ——= P
R po =N o ( o).
nefGaussianRV

. I, 0
p(xg) = N [xn:mn.( O I )]

nefUKF
ukf.system
lag:=0
ukf.x0:=ukf.system.x0

nefPF
pf.system
lag:=0
pf.x0:=pf.system.x0
pf.sampleSize:=100
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Example

Example of NEF use — performance evaluation

Performance evaluators preparation

filters = 2;, mcrun = 10;

RMSE_PE = nefPerformanceEvaluator(...

model, K, mcrun, filters, 'method', '"RMSE"', "idxState', [1:4]);
NCI_PE = nefPerformanceEvaluator (...

model, K, mcrun, filters, 'method', 'NCI', 'idxState', [1:4]);
—

Performing 10 Monte Carlo simulations

for i = l:mcrun
[val_PF] = estimate (PF, z,u);
[val_UKF] = estimate (UKF, z,u);
for k = 1:K
Data.state{1l,k} = [x(:,k); u(:,k)];
estData{l,1,k} = val_PF{k};
estData{2,1,k} = val_UKF{k};
end
processData (RMSE_PE, Data, estData) ;
processData (NCI_PE,Data,estData) ;
end
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Example

Example of NEF use — performance evaluation

Obtaining the performance indices

rmse = performanceValue (RMSE_PE) ;
nci = performanceValue (NCI_PE) ;

The non-Credibility Index using a Monte Carlo Analysis
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Conclusion

Concluding remarks

Recapitulation )

v/ versatile tool for testing estimators

v/ problem specification maximally simplified

v/ provides means even for complex model description
v/ offers various performance indexes

v/ possible rapid prototyping of user defined estimators

Additional information N

© free for non-commercial use
© current stable version accessible at http://nft . kky.zcu.cz/

© new stable release to appear in late September or early October 2013
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