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ABSTRACT

In positioning systems Kalman filters are used for estimation and also for integration of data
from navigation systems and sensors. The Kalman filter (KF) is an optimal linear estimator
when the process noise and the measurement noise can be modeled by white Gaussian noise.
In situations when the problems are nonlinear or the noise that distorts the signals is non-
Gaussian, the Kalman filters provide a solution that may be far from optimal. Nonlinear
problems can be solved with the extended Kalman filter (EKF). This filter is based upon the
principle of linearizing the state transition matrix and the observation matrix with Taylor
series expansions. Unscented Kalman filter with comparison to EKF does not linearize the
model but operates on the statistical parameters of the measurement and state vectors that are
subsequently nonlinearly transformed. The unscented Kalman filter is based on the un-
scented transformation (UT). This paper presents a comparison of the estimation quality for
two nonlinear measurement models of the following Kalman filters: covariance filter (KF),
extended filter (EKF) and unscented filter (UKF). There are descriptions of models and ana-
lysis of obtained results in this article. The comparison of filtration quality was done in
MATLAB environment.

INTRODUCTION

Navigation is a science which deals with estimation of current position of an
object and guidance of mobile objects according to determined route or trajectory.
Navigation for the most part of its history was developed under the influence of
needs in sea navigation. Development of aviation and air force, motor transport,
motorization and individual tourism was the next cause of progress in domain of
navigation. Many manners and navigation techniques were formed within the space
of years. Today Global Navigation Satellite System (GNSS) is the most often used
system for location and determination of position in space. Satellite signals may fade
in heavily urbanized and forested areas or as results of interference and noises.

47



STANIStAW KONATOWSKI

Because of this restriction autonomous navigation systems have operated for years.
Only integration of navigation data from those two systems makes possible to realize
precise position estimation.

Kalman filters in many applications are used for navigation and also for
measurement information integration coming from GNSS and from Inertial Naviga-
tion System. The classical Kalman filter is used for linear dynamic systems [1]
moreover extended Kalman filter EKF for nonlinear systems [1], [3] or unscented
Kalman filter UKF [2], [4] — [9]. Unscented Kalman filter with comparison to EKF
does not linearize the model but operates on the statistical parameters of the measure-
ment and state vectors that are subsequently nonlinearly transformed. The unscented
Kalman filter is based on the unscented transform (UT).

Kalman filtration is based on the following models of state and measure-
ment vectors respectively:

x(k+1)=f[x(k), u(k), w(k)] for w(k)~N[0, Q(k)],

z(k+1)=h[x(k), v(k)] for v(k)~N[0, R(k)]. (1)

Vector x(k) is n-dimensional state vector in the moment k, z(k) is
p-dimensional measurement vector in the moment £, f(x, u, w) denotes nonlinear
state function describing dynamic behavior of the system between k+1 and & mo-
ments, u is the input system vector, w is the noise state vector, Q is the covariance
matrix of the noise state (denotes uncertainty in the dynamic model during transition
from k+1 to k& moments, h(x,v) denotes nonlinear measurement function, v
p-dimensional vector of measurement noise, R is covariance matrix of measurement
errors with dimensions pxp.

A SYSTEM

The system model has assumed as an object in space, moving accordingly to
the Newton equation:

1
x=x0+vt+5at2. 2)
When determining components of position x, we assumed, that our object
moves with constant velocity (acceleration a = 0) and velocity components (v) are

additive Gaussian noise. Fig. 1 presents analyzed model in the graphic form.
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Process model is described by state vector in the following form:

x=[p, p, . v, v, v.], 3)

where: p, ,, . are components of the position in Cartesian coordinates, vy ,, . are com-
ponents of the velocity. Speed vector components are Gaussian noise.

State matrix has the form:

I Arl
F= L}sxs 3><3} , &)

3x3 ISxS

where: At is the time step between moments k and k+1, I is identity matrix.

_.-»® Object
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Fig. 1. Positioning principle

In this case the state vector (3) and state matrix (4) are identical for covariance
filter (KF), extended filter (EKF) and unscented filter (UKF).

The measured parameters in the measurement model are: » — distance from
object to observer (radar), & — azimuth, ¢ — elevation. Thus the measurement vector
is given by:

z=[r 6 o]. (5)

Dependency between object position in the Cartesian coordinates and
measurements in spherical coordinates is described by nonlinear function and it can

be given by the equations:
r=\p.+p, +p., (6)

0= arctan(py ] , (7

Py
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@ = arccos {LJ . ®)

Jpi+p+ D

The last equation after transformation gives Cartesian object coordinates:

p, =rcosfsing, )
p, =rsinfcosy, (10)
p,=rcose. (1)

Measurement matrix for discrete and unscented filters is given by:

1 00 0 0O
H=/0 1 0 0 0 0]. (12)
001000
The vector function h(*) has the following form:
N T
h= arctan (&J . (13)
P,
arccos —#
L p_x + p)) + pZ i

In the case of extended filter, linearization of the measurement function h
for each measurement step by the use of partial derivative relatively to all elements
of state vector should be made. The final measurement matrix for extended Kalman
filter is as follows:

2. Ll P- 900
r r r
ch :
H:a_ x=x(k) 2p} 2 sz 2 0 0.0 0 (14)
X r _pZ r _pz
pxpz pypz _Vrz_pzz O 0 0
rz\/rz_pz rz\/rz_pz 72
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B SYSTEM

Dynamics in B system is more complex, because the object moves around.
This situation causes nonlinear relationships both in state and measurement matrix.
Figure 2 in detail illustrates considered object.

]
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Fig. 2. Positioning principle

Can see that a nonlinear relation exists between measurements from the
system and elements of the motion:

% ,
tan@ =—~= P,
Vv, D

I T (15)

Azimuth and angular velocity of the object can be calculated via the following for-
mulas:

s V. =v,sin@, v =v,cos0,

ok +1)=0(k)+ o(k)ar,  w(k)="2E) (16)

In the presented system initial values of vector state are described by the
followings:
x(0)=[r, 0 h, 0 v, 0]. (17)
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Nonlinear state functions (in the moment k) are defined as follows:

r,, COS arctan[&] + a)(k)At}
P,

] 7., sin arctan[ﬂ]Jra)(k)At
/> L Px i
) (k) +v, (k)At
f(k)= j: - po(k) . (k) | (18)
f: v, sin _arctan (i—ij + a)(k)At_
‘f‘6 — -

P,

v. (k)

- v, COS arctan(&}ra)(k)m

This nonlinear equation requires linearization, which in extended Kalman
filter is performed around the estimated object’s trajectory. For the EKF state matrix
has been calculated as a matrix of derivatives of nonlinear f(*) function with respect
to the components of the state vector x.

: (19)

where:
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fﬁ_:££am7+nb‘%%mx Py siny,
al?x rob rob 2 pi
1+
Py
! v, AL 1 )
%zﬂcosy+rb i 3p) - — [siny,
apy rob rob (1 +17);J
px p2
A ) Atv, .
%: , %:_tvxsul}/, %: )Sln}/, %:O,
op. o, v, 6vy V., ov,
%zﬂsmy—rob Py . +V””A3tp” cosy ,
. Ty p2(1+ P, Tob
X 2
Py
v, At
EZLz—élﬁny~+r 1 YTy cosy,
ob 2 3
ap,v rob P [1+l7y rob
X 2
P,
0 0 At 0 Aty b
Y g, Do Ao 9 B o Dy,
ap z avx Vob aVy Vob a z
By Gy G, Gy By B,
op, apy op. ov, avy ov,
A
%:vob _ py 5 _vob 3tl)x cosy,
px p2 (1+l?yJ rob
x 2
Py
of, 1 Vo ALp,
_4: ob 2 - b3 - 0057:
apy p [1_'_ pyj ob
X 2
Py
%:O %:(rob sin}/+v0bAtcos;/)v
apz , 6vx robvob v
%:(’”gb siny+v0bAtcosy)v & _,
avy rob vob . avz ,
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: A
% =Vop Py + Yob 3tpx siny,
apx 2 p; ]/;)b
D, 1+ ?
0 v, AL 1
i:vob b 3p,V_ Cosy’
apy Tob pi
px 1+ T2
Py
%—O %_ (rob COS}/_VObAtSinj/)V
apz , avx robvob v
%_(’Zb cosy—vabAzsiny)v %_0
avy Yo Vob »’ avz ’
%ZO’ %:07 %ZO, %Z ) %:0, %:1:
% P, - v, ov, ov,

where: y = arctan (ﬂ] +2ob Ag
Px F

ob

For discrete and unscented Kalman filter state matrix has a form given
by (4). An observation matrix H in the measurement model is identical as in the
first model (11).

SIMULATION RESULTS

The accuracy comparisons have been examined by the use of simulation in
the MATLAB environment. In order to ensure the same conditions, research of fil-
ters were realized with identical form of state vector covariance matrix Q, measure-
ment matrix R and initial state vector covariance matrix P(0) in both systems.
Similarly to Julier [3] the following parameters of unscented transform have been
assumed: 1 =3, =1, k=3.

Furthermore the following values of noise covariance matrix have been
applied:
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Q= dz’ag[o.ozzs m 0.0225m” 0.0225m> 049 m’s” 049 m’s” 0.49 mzs'z], (20)

covariance matrix of measurement noise:

R=diag[0.7225 m* 0.16 deg’ 0.16 deg” |, 1)

initial covariance matrix of vector state errors:

P(O) = diag[l m* 1m* 1m* 1m’s” 1m’s? 1 m2s’2]. (22)

Research of A System

Results are presented it the form of object position in the Cartesian coordi-
nates estimated by the use of covariance filter (DKF — green line), extended filter
(EKF — red line) and unscented filter (UKF — blue line). Real position is denoted by
solid, black line (fig. 3 — 5). The examinations results include values of mean square
error (mse) of estimated state vector:

mse *KF = \/(f‘ - Xreal )T (ﬁ - Xreal )/n ’ (23)

and covariance error P, according to Kalman filtering theory, estimated component
of state vector x (fig. 6 — 8):

cov *KF =P (k+1)=F(k)P(k)F (k) +Q(k). (24)

DeTy DKF
4S5 - BRF 1 EKF
- UKF 4900 L ukF

agp | —real 4 —teal

Pylm]

5 0 1w AW X W B/ M0 45 &€ 5 0 16 20 25 30 35 40 45 &0
steps steps

Fig. 3. Estimated component p, of the position Fig. 4. Estimated component p,, of the position
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Fig. 5. Estimated component p, of the position
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Fig. 7. Mean square error of the estimated
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Fig. 6. Mean square error of the estimated
component p, and covariance error P, of the position
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Fig. 8. Mean square error of the estimated

component p, and covariance error P, of the position componentp, and covariance error P, of the position

The estimation of object speed in the Cartesian coordinates (fig. 9 — 11) and
determination of mean square error and covariance error of speed components

(fig. 12 — 14) has also been done.

Wa[mis)

DKF
- EKF
----UKF
——real

5 10 15 20 25 ki) 35 40 45 50
steps

Fig. 9. Estimated v, speed component
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Fig. 10. Estimated v, speed component
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- UKF
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Fig. 11. Estimated v, speed component Fig. 12. Mean square error of estimated v,
and covariance error P, of speed component
—— mse DKF gl — mse DKF ' ' j ' ' ‘ ‘_
45 cov DKF cov DKF i
g|f — mse EKF —— mse EKF 4
s CovEWF | et -- cov EKF "
35| — mse UKF i ] 4H — mse UKF |.--em---om" i
’ - cov UKF -- cov UKF

-0.5
L L L L L Lt L x L L L . . L s L . o ) .
e 5§ 10 15 20 25 3 3 40 45 E0
steps
Fig. 13. Mean square error of estimated v, and Fig. 14. Mean square error of estimated v, and
covariance error P,, of speed component covariance error P, of speed component

Additionally, estimated distance from object to observer and azimuth and
elevation of the object are presented in fig. 15— 17.

ot ; : [
778 -~ EKF : | i : '
- UKF | i i i .

770§ — ideal ; . i

theta]

730 v | H ; q D HE : :
5 10 15 20 25 30 35 40 45 5 1o 15 20 25 30 35 40 45
sleps steps
Fig. 15. Estimated distance from object to observer Fig. 16. Estimated azimuth
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Research of B System

Fig. 17. Estimated elevation

This system was tested in the same conditions as A system. Results are pre-
sented it the form of object position in the Cartesian coordinates estimated by the
use of covariance filter DKF, extended filter EKF and unscented filter UKF (fig. 18 —
20). The examinations results include values of mean square error of estimated state
vector and covariance error estimated components of the position (fig. 21 — 23).

40

DKF
F5F| 0 EKF B

-- UKF
— real
30 F b

B B

. A
5 10 15 20 25 30 35 40 45 50
steps

Fig. 18. Estimated component p, of the position

60

Fig. 20. Estimated component p, of the position
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Fig. 21. Mean square error of the estimated
componentp, and covariance error P, of the position
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Fig. 22. Mean square error of the estimated

componentp, and covariance error P, of the position
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Fig. 23. Mean square error of the estimated
componentp, and covariance error P,. of the position

The estimation of object speed in the Cartesian coordinates (fig. 24 — 26)
and determination of mean square error and covariance error of speed components

(fig. 27 — 29) has also been done.
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Fig. 24. Estimated v, speed component
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Fig. 26. Estimated v, speed component
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Fig. 25. Estimated v, speed component
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Fig. 27. Mean square error of estimated v,

and covariance error P,, of speed component
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T T AF T T
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Fig. 28. Mean square error of estimated v,

Fig. 29. Mean square error of estimated v, and
and covariance error P,, of speed component

covariance error P, of speed component

Additionally, estimated distance from object to observer, azimuth and ele-
vation of the object are presented in fig. 30 — 32.

theta[?]

) 10 15 20 25 30 35 40 45
steps

5 10 15 20 25 30 35 40 45

50
steps

Fig. 30. Estimated distance from object to observer Fig. 31. Estimated azimuth

Fig. 32. Estimated elevation
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For nonlinear measurement model extended and unscented filters estimate
the object position nearly identically. Discrete Kalman filter is becoming non-
optimal filter in the sense of minimizing the mean square error. When the mean
square error is included within the area determined by the covariance error of the
estimated vector state then filter is performing correctly. Last principle is satisfied
for extended and unscented Kalman filters but not for DKF. During speed estimation
one can see, that difference between extended and unscented filters is minimal.
UKF gives smaller errors what results from nature of speed components, which are
width-band Gaussian process. The bigger are the jumps of noise values the worse of
extended Kalman filter performance is.

CONCLUSIONS

Results of estimation using Discrete and Extended and Unscented Kalman
Filter for A and B system show that Unscented Kalman Filter operating as algorithm
of data processing in system with nonlinear dynamics guarantees the best quality.
Furthermore:

— any nonlinear transform makes Discrete Kalman Filter to stop being optimal in
sense of minimum mean square error;

— stability loss in EKF is possible for long measurement steps;

— decrease of measurement steps enlarges computational costs as a result of com-
plicated calculations of Jacobians;

— UKEF algorithm does not require to calculate Jacobians and it simplifies its com-
plexity;

— the Unscented Kalman Filter provides effective estimation in case of strongly
nonlinear models.
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