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Local Decomposition and Observability Properties for Automatic
Calibration in Mobile Robotics

Agostino Martinelli

Abstract— This paper considers the problem of sensor self-
calibration in mobile robotics by only using a single point
feature (e.g. a source of light). In particular, the problem
of determining the extrinsic parameters of a bearing sensor
mounted on a mobile platform (e.g. a camera) and simultane-
ously estimating the parameters describing the systematic error
in the odometry system is discussed. Special attention is devoted
to investigate the dependence of the observability properties of
these parameters on the chosen robot trajectory.

The main contribution provided by this paper is the intro-
duction of a new method to deal with estimation problems in
the framework of mobile robotics. Specifically, a calibration
problem has been considered. However, the same method can
be adopted to solve other fundamental estimation problems.
The method is based on the theory of distributions which
exploits all the system Lie symmetries. Regarding the con-
sidered calibration problem this method allows analytically
detecting the combinations of the calibration parameters which
are observable for a given robot trajectory. Experiments are
provided to validate the results.

. INTRODUCTION

Cadlibration is the problem of estimating the parameters
characterizing the systematic error of a sensor. In mobile
robotics, performing this process on-line is not only a desire
which automatizes awork which would have to be performed
by hand, but it isin many cases areal need. Thisis especialy
true for the odometry. Indeed, the pressure of tires can change
over time and the effective wheelbase depends on the terrain
where the robot is moving. Having a system able to adapt
continuously to different floor types and changing wheels
attributes (i.e. different tire pressure, deterioration, etc.) is a
key advantage.

Severa strategies have been developed to perform on-
line self-calibration. In many cases, an Extended Kaman
Filter has been introduced to simultaneously estimate the
robot configuration and the parameters characterizing the
systematic error of a sensor (i.e., to solve the Simultane-
ous Localization and Auto Calibration (SLAC) problem).
Regarding the odometry, the SLAC problem has been in-
vestigated in [4], [5], [8], [9], [14] and [16] both for indoor
and outdoor environments. The same idea was adopted to self
calibrate a vision sensor [11]. In this work, an observability
analysis taking into account the system nonlinearities was
aso provided to understand whether the system contains the
necessary information to perform the self calibration. Indeed,
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a necessary condition to perform the estimation of a state,
is that the state is observable. In [11] it was investigated
whether the state containing the extrinsic parameters of the
vision sensor is or is not observable. The observability rank
criterion introduced by Hermann and Krener [6] was adopted
to this scope. The observability rank criterion has also been
adopted in cooperative localization [10] and in SLAM [13].
Regarding calibration problems, it has also been applied for
the odometry self-calibration [12]. However, in al these
works what it was determined is only whether the state
defining the system configuration is observable or not.

In this paper we want to do a step forward whose impor-
tanceisin our opinion fundamental when dealing with a non
observable problem. Indeed, when a state is not observable,
estimating directly the state brings to inconsistency with
catastrophic conseguences. On the other hand, when a state
is not observable, suitable combinations of its components
could be observable and therefore could be estimated. The
derivation of these combinations is very important in order
to properly exploit the information contained in the sensor
data to estimate a given set of parameters. This derivation
requires to perform alocal decomposition [7] which exploits
all the system Lie symmetries. While in the linear case this
decomposition is easy to be done, in the non linear case it is
often troublesome. In this paper we apply such approach
to the problem of self-calibration in mobile robotics. We
consider the case when the calibration is carried out by only
using a single point feature. In particular, we consider the
following calibration problems:

o The extrinsic self calibration of a bearing sensor (i.e.
the same problem considered in [11]);

o The simultaneous self calibration of the odometry sys-
tem and the extrinsic calibration of a bearing sensor (to
the best of our knowledge this problem has never been
investigated before).

In both cases we perform a local decomposition as il-
lustrated in [7] in order to anayticaly derive which com-
binations of the parameters are observable. In particular,
we derive these combinations for several different contexts,
basically defined by the robot trajectory.

In section Il we define the considered systems. In section
1l we remind some results from [6] and [7]. In section
IV and V we perform the decomposition for different robot
trajectories respectively in the two cases mentioned before.
This alows us to detect for every robot trgjectory the
combinations of the parameters which are observable. A
validation is given in section VI where experimental results



are shown. Finaly, conclusions are provided in section VII.

Il. THE CONSIDERED SYSTEMS

We consider a mobile robot moving in a 2 D-environment.
The configuration of the robot in a global reference frame
can be characterized through the vector X = [z g, yr, 0r|"
where i and yr are the cartesian robot coordinates and
fr is the robot orientation. The dynamics of this vector are
described by the following non-linear differential equations:

Tr =vcosfg

X =f(X,u)=| yr = vsinbgr (1)

HR:w

where v and w are the linear and the rotational robot speed,
respectively. The link between these velocities and the robot
controls « depends on the considered robot drive system.
We will consider the case of a differential drive. In order
to characterize the systematic odometry error we adopt the
model introduced in [3]. We have:

o ORVUR +0rvL . ORVR — 0LV,
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where vg and vy are the control velocities (i.e. v =
[vr,vr]T) for the right and the left wheel, B is the nominal
value for the distance between the robot wheels and 6 g, 01,
and ép characterize the systematic odometry error due to
an uncertainty on the wheels diameters and on the distance
between the wheels.

Furthermore, a bearing sensor is mounted on the robot.
We assume that the camera’s optical axis is aligned with the
z—axis of the robot reference frame and therefore the trans-
formation between the camera and robot reference frames is
characterized through the three parameters ¢, p and ¢ (see
fig. 1). In the case we consider an omnidirectional mirror
camera, we assume that this axis is aligned with the mirror’s
axis.

A
Bearing
Sensor
Reference
P,
0 R
y
R D Robot
Reference
>
Feature XRr

Fig. 1. The two reference frames respectively attached to the robot and
the bearing sensor.

The available data are the control u = [vg,vz]T and the
bearing angle of a source of light (3 in fig. 1) at severa time
steps during the robot motion.

We introduce the following quantities:

0 = 0r — atan2(yr, zr); =0+ ¢; 3)

P
\/ x% + y,%

By using simple trigonometry algebra we obtain (see also
fig. 1):

Sl=

I

sin 7y m
=— — ) - 1 = 4
p=-atan () curaes)] @
where S, can be =1 depending on ~. In particular, S, = 1
when v~ <y <~y and S, = -1 when~vy > v, or v <

~v—, v— and 4 being the two solutions (in [—m, 7)) of the
equation cosy = —p with vy, = —y_ and v+ > 0. We made
the assumption 0 < p < 1 since we want to avoid collisions
between the robot and the feature (D > p).

A. Camera Saf-Calibration

In this case we assume that the odometry is calibrated.
As aresult, knowing u = [vg,vr]T means knowing [v, w]T.
The goal is to estimate on-line the three parameters ¢, p and
1 by using the available data (i.e. v, w and 3 in agiventime
interval). Our system is described by the following equations:

. v
fr = —MQE cos(y — ¢)

Y=w-— u% sin(y — ¢) )
db=p=1=0
In section IV we derive for several robot tragectories,
which combinations of u, v, ¢, p and ¢ are observable
and hence can be estimated.

B. Smultaneous Camera and Odometry Self-Calibration

In this case v and w are not directly provided by vz and
vr,. The god is to estimate simultaneously the parameters ¢,
p, ¥, 0r, 0 and ép using the available data (i.e. vg, vr
and $ in a given time interval). Since these data consists
of angle measurements (the wheel diameters are not known
and in fact are to be estimated), the best we can hope is the
possibility to estimate these parameters up to a scale factor.
In particular, we will refer to the following parameters. ¢,
1, E‘;—’;,éz‘s—;andfzég—g.

The dynamics of our system are described by the following
equations:

fr = —p*n(vr + dvr) cos(y — ¢)
¥ =¢&(vr — bvr) — pn(vr +évr)sin(y — @) (6)
b=d=n=35=£=0

In section V we derive for several robot trgjectories, which

combinations of 1, v, ¢, ¥, n,  and £ are observable and
hence can be estimated.



Both the dynamics in (5) and in (6) have the following
Structure:

M
X=fXu)=) filX)u )
=0

with M = 2 in both cases. Furthermore, in (5) we have:
X =1[uw 7 ¢ p " w1 =0, up =wand

s 7 ’
= |——cos(y — ¢), ——sin(y — ¢),0,0,0

fi= |- costy = o).~y - 9h0.0.0]
f2=1[0, 1, 0, 0, 0]"

while in (6) we have: X = [u, v, &, ¥, n, 6, &7,
u1 = VR, us = vy, and

2 . T

fi=—[#Pncos(y — ¢), unsin(y — ¢) — €,0,0,0,0,0]

f2 =—0 [/1‘27] COS(’V - d))v Hn SiIl(’y - d)) + fa 07 Oa 07 Oa 0}(9)

T

I1l. OBSERVABILITY PROPERTIES AND LOCAL
DECOMPOSITION

In control theory, a system is defined as observable when
it is possible to reconstruct its initial state by knowing, in a
given time interval, the control inputs and the outputs [7].
The observability property has a very practical meaning.
When a system is observable it contains al the necessary
information to perform the estimation with an error which is
bounded [7].

A. Observability Rank Criterion

In a nonlinear system the concept of local distinguisha-
bility was introduced by Hermann and Krener [6]. The same
authors introduced also a criterion, the observability rank
criterion, to verify whether a system has this property. This
criterion plays a very important role since in many cases a
nonlinear system, whose associated linearized system is not
observable, has however the local distinguishability property.
Regarding the | ocalization problem this was provenin [1] and
[2]. Note that it is the distinguishability property telling us
that the system contains the necessary information to have a
bounded estimation error (actually, provided that the locality
is large enough with respect to the sensor accuracy).

We now want to remind some concepts in the theory by
Hermann and Krener in [6]. We will adopt the following no-
tation. We indicate the K ‘" order Lie derivative of afield A
along the vector fields v;, , vy, ..., vi, With LE A,
Note that the Lie derivative is not commutative. In 5articu ar,
in LY ., Aitis assumed to differentiate along v;,
first and dong v;,, at the end.

Let us indicate with 2 the space spanned by al the Lie
derivatives Ljej“fil i Bli=o (i1, ig, ..., ik = 1,2 and the
functions f;, are defined in (9).

Furthermore, we denote with d<) the space spanned by the
gradients of the elements of (.

In this notation, the observability rank criterion can be
expressed in the following way: The dimension of the ob-
servable sub-system at a given X is equal to the dimension
of d2.

In sections IV and V we adopt this criterion to investigate
the observability properties of the two systems introduced
respectively in section 1I-A and II-B. In particular, we
evaluate the dimension of d€) for severa trgjectories. When
the dimension of df2 is smaller than the dimension of the
entire configuration space, we perform alocal decomposition
of the system.

B. Local Decomposition

Let us suppose that a given system is not observable. We
refer to the case where the dynamics have the structure as
in (7) but with a single input control. Indeed, in the next
section we consider trajectories with one degree of freedom.
By denoting the state with .S, we can describe the system by
the following equations:

10

y =h(S) (9

where y is the output (observation) of the system (in our
casey = 3 € R)

We are assuming that S is not observable, i.e. the dimen-
sion of the associated subspace df2 is smaller than n (in this
case the Lie derivatives are computed only along the vector
field f(S)). Let us suppose that this dimension is equal
to neps. According to the theory of distributions devel oped
in [7], we can find n,,s independent combinations of the
components of the original state .S which are observable and
n — Meps iNdependent combinations of the components of
S which are not observable. More precisaly, if we include
the n.,, Observable combinations in the vector S5 and the
other n — n,,s combinations in the vector S, we have the
following decomposition for the original system:

{S—f(S)u, SeRr”

S1 = f1(51, S2)u
S’g = fQ(SQ)U
y = ha(S2)

In particular, the subsystem defined by the last two equa-
tions in (11) is independent of the value of S; and it is
observable. Therefore, by performing this decomposition, we
can use the information coming from the dynamics (i.e. the
knowledge of u(t)) and the observations (y(¢)) in order to
estimate the observable quantities (S2). This decomposition
is very important in every estimation problem when the state
is not observable. Indeed, estimating directly the original
state S results in an erroneous evaluation.

In section 11-A, when we introduced the two quantities de-
fined in (3), we performed such a decomposition for the state
[va YR, on d)v Ps Tb]Ti indeed, the new state [/J'v 07 (bv Ps TZ)]T
is observable as proven in [11] and its components are non
linear combinations of the components of the original state
(which is not observable). On the other hand, in the most of
casesit is very troublesometo perform such a decomposition.

(11)



In the next two sections we perform such a decomposition
in several contexts. In two cases we apply the distributions
theory developed in [7].

IV. OBSERVABILITY PROPERTIES AND LOCAL
DECOMPOSITION FOR THE SYSTEM DEFINED IN SECTION
I-A
We consider the following four cases:

1) Pure rotations and far feature;
2) Pure shift and far feature;

3) Pure rotations and close feature;
4) Pure shift and close feature.

In the following, with far feature we mean that the value of
p is negligible (p — 0) and not necessarily that the distance
of the feature (D) is infinite. In particular, the distance
traveled by the robot is not negligible with respect to D.
In this limit we have:

lim 8= . = —y —
p—0

Furthermore, for the system defined in section 11-A, the
pure rotation motion is defined by setting v = 0 and w # 0,
while the pure shift motion is defined by v # 0 and w = 0.

(12)

A. Pure Rotation and Far Feature

The Lie derivatives of the observation function in (12)
must be calculated only along the vector f, in (8). It is
easy to realize that the dimension of d2 is 1 (the first order
Lie derivative is equal to -1, i.e. is a constant). This result
is intuitive: the observation in (12) does not provide any
information on i and p and it is not able to distinguish among
~ and +. Furthermore, the pure rotation does not provide any
additional information. Hence, it is only possible to observe
the sum v-+1). The observable part of thelocal decomposition
in this case is given by the equations:

a=w
y=-—«

where oo = v + ¢ is the only observable quantity.

(13)

B. Pure $hift and Far Feature

The Lie derivatives of the function in (12) must be
calculated only along the vector f; in (8). By adopting the
variables D = I’—j 0 =~v—¢and ¢ = ¢+ instead of
the original state [i1, 7, ¢, p, 1|7, we obtain the following

equations:;
D =wvcosh
. [
9.— ) sin 0 (14)
¢=0
y=-0-¢

By applying the observability rank criterion (see the
appendix), it is easy to prove that the state [D, 6, (] is
observable. Therefore, the system described by (14) repre-
sents the observable part of a loca decomposition for the

original system (when the feature is far and w = 0). In other
words, the state [D, 6, (] plays the rale of S5 in (11).

C. Pure Rotation and Close Feature

In this case the expression for the observation is the one
given in (4). Furthermore, v = 0. The expression in (4)
depends only on p, v and . Furthermore, f2 in (8) is inde-
pendent of the state. Therefore, the best we can hope is that
these three quantities are observable. By directly computing
the Lie derivatives and by applying the observability rank
criterion it is possible to show that this is the case. Therefore,
the observable part of the local decomposition is given by
the equations:

(15

sin vy T
= —at — ) - 1+5,)=
y aan<,u+c08fy) P+ (1+ p)2

D. Pure Shift and Close Feature

Thisis avery troublesome case. A priori, it is not possible
to exclude that the entire state [, v, ¢, p, |7 is observ-
able. However, a direct computation of the dimension of df2
shows that this dimension is smaller than 5. Furthermore, by
applying the method introduced in [7], it is possible to detect
the following observable quantities: y; = %
and x3 = ¢ + . In particular, the

in( +1b)+ sin ¢
I Eocal decomposition is given by the

observaﬁle part o the
equations:

X1 = U(Sm X3 — X1COSX3)X1X2
X2 = —ux3sin xs
X3=10

y = —atanxi + kx

(16)

where k. can be 0 or = depending on the system param-
eters. We do not provide here neither the derivation of the
previous result (i.e. the application of the method described
in [7] for the considered system) nor the dependence of &
on the parameters. Indeed, the computation is troublesome
in contrast with the result which has a very simple analytical
expression. It isin any case easy to verify the validity of the
equations in (16) by just performing differentiation. They
represent a local decomposition since these equations only
depend on the three quantities y 1, x2, and x3 and not on
the origina five variables i, v, ¢, p and . Furthermore,
by applying the rank criterion on the system in (16), it is
possible to show that the dimension of the associated df2 is
equal to three.

V. OBSERVABILITY PROPERTIES AND LOCAL
DECOMPOSITION FOR THE SYSTEM DEFINED IN SECTION
I1-B

We consider the same four cases of trajectory defined at
the beginning of section IV. However, in this case instead of



the pure rotation we define the motion obtained by setting
vg = —vp, = v. Since the parameter § is in general different
from 1, the motion actually accomplished by the robot with
the previous control settings does not correspond to a pure
rotation. However, since § is unknown, we consider this
motion instead of a true pure rotation. We will refer to
this motion as Opposite Speeds Motion. Likewise, instead
of the pure shift we define the motion obtained by setting
vg = vr = v. Again, this actually does not correspond to a
shift in the 2 D-space. We will refer to this motion as Equal
Speeds Mation.

A. Opposite Speeds Motion and Far Feature

Let us start by considering the case of far feature. We will
derive a local decomposition without the need of directly
applying the method in [7]. The observation is provided in
(12), which is independent of x. On the other hand, it is
possible to reduce the number of variables in the equations
in (6) by considering the new variable ;,, = pn. In other
words, the system with the dynamics given in (6) and the
observation given in (12) can be described by the following
equations:;

fly = _M%(UR + 5UL) cosf

0 =¢&(vr —dvr) — tn(vR + dvp) sin @
§—é=¢=0

y =—-0-¢

By directly computing the rank criterion it is possible to
verify that the 5 variables of this system (i, 6, 6, £ and
(¢) are observable and therefore the system in (17) represents
the observable part of alocal decomposition for the original
system when the feature is far.

On the other hand, when we consider the one-degree of
freedom motion previously defined by the opposite speeds
motion, we can further reduce the number of variables. By
introducing the quantities - = un(1—4) and &4 = £(1+0)
we have:

(17)

i = —p?vcosh

é = §+V — p—vsind (18)
§&+=¢=0

y =—-0-¢

By directly computing the rank criterion it is possible to
verify that the 4 variables of this system (., 6, £ and ()
are observable and therefore the system in (18) represents
the observable part of alocal decomposition for the original
system when the feature is far and the robot accomplishes
the opposite speeds motion.

B. Equal Speeds Motion and Far Feature

Similarly to the previous case, it is possible to verify that
the observable quantities are in this case: py = un(l +
9), 0, & =¢£(1—0) and . In particular, the equations for
these observable subsystem are:

/1+:—,u§_ucose

é =§'_1/—M+Vsin9 (19)
g_:c:o

y =-0-¢

C. Opposite Speeds Motion and Close Feature

We cannot eliminate x4 as in the previous case since the
observation depends on it. However, for the opposite speeds
motion we can still have a reduction of variables for the
system whose dynamics are given in (6) and the observation
in (4). Indeed, we can easily eliminate § by using £, asin
the previous case and n— = n(1 — ¢). We obtain:

i =—p’n_vcos(y — ¢)
5 = €ov— p_vsin(y — )
=6 =¢=0=0

(20)

The state defining this system is (i, v, -, &, ¢, YT
and has dimension equal to 6. By applying the rank criterion
it is possible to find that the dimension of the associated df2
is equal to 4. Therefore, this is not a local decomposition
for the original system. In particular, according to the theory
developed in [7] it must be possible to detect 4 independent
guantities which are non linear combinations of the original
6—dimensional state. We do not provide here the derivation
(i.e. the application of the method described in [7] for the
considered system). Indeed, the computation is very trouble-
some in contrast with the result which has a very simple
analytical expression. We found the following observable

guantities: G = ¢ — atan¥s; L =Y —atan¥y; V =
Uy St and &4
where:
- = S —n-sing o pn-cos¢ _ it cosy
YY) 27 siny ~ sin
(21)
The local decomposition is:
G=v(=V+&)
V = vV tan(G — L)(—&, +2V)
P—é, —0 (22)
y =—G+ Sp%

It is possible to verify the validity of the equations in
(22) by just performing differentiation. They represent a
local decomposition since these equations only depend on
the 4 quantities G, V, L and £, and not on the original
6 dimensiona state [u, v, n—, &+, ¢, ]T. Furthermore,
by applying the rank criterion on the system in (22), it is
possible to show that the dimension of the associated df2 is
equal to 4.



TABLE |
OBSERVABLE QUANTITIESAND THE EQUATIONS FOR THE SYSTEM
DEFINED IN SECTION II-A.

TABLE Il
OBSERVABLE QUANTITIESAND THE EQUATIONS FOR THE SYSTEM
DEFINED IN SECTION |1-B.

Tra). Far Opposite Speeds Far Equal Speeds
Trgj. | Far Rot Far Shift Close Rot Close Shift
iny-6) b psin ¢ u—6= un(lgé) u+6= un(llé)
_ D:ﬁ :sm'y o sin = — =v-
Obs. va+ P | 0=1v fcb g x)2<1= ?COEWC)OS(WW) o S R
sin(y+v)+p sin = ¢+ =0+
C=o+v | v a=otv cToty cTowy
Eq. Eq. (18) Eq. (19)
Ba. | Ea. (13 Ea. (14) Ea. (15) Ea. (16) Traj. | Close Opposite Speeds | Close Equal Speeds
G =1 — atan¥s G =1 — atan¥s
L =1 —atan¥| L=1— atan\Ilir
_ 1407w 140w
D. Equal Speeds Motion and Close Feature Obs | V=W, e | V=9
. . : r=¢&(1+9) £ =¢£(1-9)
The result is exactly the same as in the previous case by
defining U and ¥} as U, and ¥, with the substitution
of ¢_ instead of £, and n, = n(1 + 0) instead of 7_: Eq. Eq. (22), (21) Eq. (22), (23)

£~ —nysing
N4 cos ¢
V1. DISCUSSION AND EXPERIMENTS

[N COS ¢
sin y

U= U= (23)

We summarize the results obtained in the previous two
sections. Let us start with the results obtained in section
IV. The system is defined in section |I-A whose state is
given by [u, v, &, p, ¥]T. In table | we provide a
summary of the results obtained in section IV. In the first
line we report al the considered trajectories. We provide all
the independent quantities which are observable for al the
considered trajectoriesin the second line. Finally, we indicate
the equations to be adopted to implement a filter for their
estimation in the third line.

Regarding the system defined in section [1-B the results
are summarized in table Il. The state defining the system is

in this case (i, v, ¢, ¥, n, 6, &*.

A. Experiments

For the experiments we adopted a mobile robot with a
differential drive system equipped with encoder sensors on
the wheels. In this preliminary experiment we consider only
the problem of the extrinsic camera calibration (Indeed, the
odometry system was previoudly calibrated). We equipped
the robot with an omnidirectional vision sensor consisting of
a webcam and a conic mirror (see fig 2a). Furthermore, we
put on the origin a source of light consisting of a set of LEDs
as shown in fig. 2b. Finally, we adopted the same strategy
introduced in [15] to detect the source of light from the
image based on the defocusing. The source of light appears
as shown in fig. 2c.

According to the results provided in table |, it is possible
to estimate the parameters ¢, p and ¢» by combining a shift
motion far from the feature with pure rotations close to
the feature. Indeed, by performing the first trgjectory, it is
possible to observe the sum ¢ + v, D and 6. Once the robot
starts to rotate, D does not change. Furthermore, the sum

c

Fig. 2. The conic mirror placed above the webcam (a). The circular set
of LEDs forming the light source, positioned at the origin (b). The light
source used in our experiments as seen through the adopted vision sensor
after defocusing (c): it looks like an ellipse.

¢ + 1 is time independent. On the other hand, with the
pure rotation u, v and ) are observable. Therefore, from
the values of  and D it is possible to determine p and
from ¢ and the sum ¢ + ¢ it is possible to determine
¢. This is exactly what we obtained in our experiment,
where the estimation was performed by implementing an
Extended Kaman Filter. In particular, a single filter was
implemented to estimate the state [, v, ¢, p, 1]7. Better
results can be achieved by implementing one filter for every
robot motion, accordingly to the equations corresponding to
every decomposition. In our experiment, the robot performs
along shift at the beginning starting very far from the source
of light and ending very close. Then it starts to perform a
pure rotation. In figure 3 there is a jump in the estimated
values of the three parameters ¢, p and . This jump occurs
exactly when the robot starts to rotate. Observe that during
all the experiment, the estimated value of ¢ + ¢ is amost
constant. Indeed, according to our theory, this quantity can
be estimated starting from the beginning, i.e. by moving the
robot far from the feature and along a straight trajectory.
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Fig. 3. The estimated ¢, p and + during the robot motion consisting of a
pure shift far from the feature and a pure rotation close to the feature. The
adopted units are radians and meters.

VIlI. CONCLUSIONS

In this paper a new approach based on the theory of
distributions has applied to face a calibration problem in the
framework of mobile robotics. The method is very general
and could be applied to solve every estimation problem. It
exploits al the system Lie symmetries through the Frobenius
theorem which is at the heart of the distribution theory [7].
Regarding the considered calibration problem this method
alows us to analytically detect the combinations of the
calibration parameters which are observable for a given robot
trajectory.

We are making more complete experiments by including
the odometry calibration as discussed in section V and by
also comparing the performance achievable by implementing
a single filter and one filter for every system decomposition.
Preliminary results show significant improvement in the
second case as expected since al the estimated quantities
are observable and the estimation process is consistent.
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APPENDIX

We apply the rank criterion to prove that the state [D, 0, (] is
observable when satisfying the equations in (14). The Lie derivatives
are computed aong the vector field f = [cosf, — %, 0|7 and
the observation function is y = —6 — ¢ which is aso the zero
order Lie derivative (y = L%y). The gradient of this function is:
dL% = [0, —1, —1]". Hence, the first order Lie derivative is L} =

T
cos 0 0

dLOyT f =S80 whose gradient is: dL'y = [75%9, 57
The second order Lie derivative is L3 = dL'y” f = —=in20 whose

_ 2cos 26 0] T
D2 ’

gradient is: dL?y = %,
following determinant:

. By computing the

dL%
dLy
dL?y

2
‘Fsme

we know that the previous gradients are independent in al the
configuration space where 6 # krn, k= ...,—2,—1,0,1,2,.... This
proves the local weak observability of [D, 6, (].



