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Continuous-Discrete High-Gain Extended
Kalman Filter for Mobile Robots with
Asynchronous Outputs

Aida Feddaoui-Papin', Nicolas Boizot?, Eric Busvelle? and Vincent Hugel* #7

June 7, 2019

Abstract

This paper details the implementation of an asynchronous high-gain
Kalman filter on a mobile robot test platform. The presented study con-
sists of reconstructing the path followed by a mobile robot. The observer
algorithm is tailored from our previous theoretical developments to fit the
problem under consideration. Two experiments of path reconstruction
are carried out, using respectively a predefined trajectory and a joystick
controlled trajectory. The estimation results are presented after offline
processing. They show that our algorithm can be applied with success
in the field of mobile robot navigation in the presence of asynchronous
measurements.

1 INTRODUCTION

The last few years have seen a growing interest in observers for systems with
asynchronous measurements. That is to say observers for systems having output
variables not always available at the same time instants. To cite a few, articles
[1, 2, 3, 4] propose such designs together with theoretical convergence analyses
and illustrative examples, while case studies can be found in e.g. [5, 6, 7, 8, 9].

The present paper builds on [10] and [11] where the Kalman filter algorithm
has been considered for continuous-discrete systems with asynchronous mea-
surements. While linear time-varying systems are considered in the first one,
the second article tackles the nonlinear case within the framework of high-gain
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observers. Here, we present an application of the latter observer to a path re-
construction problem for a nonholonomic mobile robot, the Turtlebot3 Waffle
[12].

Indeed, in the experimental setting, measurements may not be reliable, due
to either defective or low-quality sensors, undesirable obstacles or modelling
errors. Therefore, the implementation of the observer is more challenging than
in the simulation setting.

The rest of the article is organised as follows. First, the mathematical frame-
work and problem under consideration are presented in Section 2. Then, the
asynchronous setting and the observer are detailed in Section 3. Finally, exper-
imental results are exposed in Section 4.

Notations

e w.r.t. stands for with respect to, and s.p.d. stands for symmetric posi-
tive definite. Oftentimes, time dependencies are omitted when there’s no
ambiguity.

® O(nxm) denotes the (n x m) empty matrix.
e Id, denotes the n-dimensional identity matrix.

e A subdivision of time is a strictly increasing sequence of reals {7} }, .y with
7o = 0. A time-dependent quantity z(t) evaluated at time 74 is denoted
(1) = T

e For an application b(z,u), D,b(z,y) is the Jacobian computed w.r.t. to
variable x.

e A’ denotes the transpose of the matrix A.

2 Modelling

The Turtlebot3 Waffle mobile robot is controlled by means of two quantities:
the linear and the angular velocities. In the following they are denoted by v(7)
and u(7), respectively, and have to be understood as the control variables of the
Reeds-Shepp car model:

1(7) = o(r) cos(x(r))
a(r) = ()sin(3(r)) (Zn)
i(r) = ulr)

As it is schematised in Fig. 1a, let us consider an area delimited by two reflective
beacons (denoted by A and B) together with a reference frame attached to
the center of beacon A. The x-axis of the reference frame is the straight line
passing through the center of beacon B. The state of the mobile robot is x =
(z1,72,7) € R? x S!, where:

o (z1, xg)/ is the position of the middle point of the driving wheels axis;

e 7 is the robot’s orientation, that is the angle formed by axes X7 and X7,
cf. Fig. 1a.



The robot is equipped with a rotating LIDAR! sensor positioned at point
(.%'1,1'2)/. When the laser beam hits a reflective beacon, in other words, when
it is aligned with the robot-beacon line?, this mechanism provides a measure-
ment of the robot-beacon distance and of the angle formed by axis XY and the
robot-beacon line, see Fig. la. As in [11], the measurements of angles ¢1, ¢
and distance p; are taken into account. The associated output model, where
rp denotes the abscissa of B in the reference frame, is:

¢1(7) = arctan (fj)
pa(T) = /(2] +23) (1)

$2(7) = arctan (“)

1 —IB

In order to make this latter set of equations easier to handle, system (Xg) is
rewritten using polar coordinates w.r.t. both A and B —cf. Fig. 1b. Then, the
angles o, ag and distances pi, p2 are such that:

e x1 = pycos(ay) and xo = py sin(ay );
e x1 =xp + pycos(az) and xy = posin(as).

In those new coordinates, the full dynamics, with output vector y(t), are
given by:

Gy S-sin(y — o)
/M veos(y — aq)
dp | = | & sin(y — az) (Zp)
p2 veos(y — ag)
gl u
b1 T+ap -7
yt)=1p | = p1 (2)
¢2 T+ az =7

With the help of system (Xp), the original system (Xg) is shown to be observ-
able. Indeed, we can find a change of coordinates that puts (X z) under a normal
observability form —i.e. system (X ) below. Actually, the exact position of the
robot can be computed from the knowledge of ¢o — ¢1 and p; —which are the
state variables of (Xx). The orientation of the robot can then be easily deduced.

Let us define z(7) = y(7) which yields to the following normal observability

form:
2(r) = A(uw)z(r) + b(z,u)
{ym = ) ()
where A(u) = Osxs), C(7) = Id3 and
vsin(z1)
2
b(z(r),u(r)) = [ —vcos(z) 3)
vsin(zz)
p(z1, 22, 23)

1LIght Detection And Ranging.

2Robot-beacon line: the line that passes through (z1, 1‘2)/ and the center of the concerned
beacon.



In the vector field (3), the mapping p(z1, 29, 23) corresponds to ps obtained
through Al-Kashi’s law of cosines. It has the following form:

p(21, 22, 23) = z2cos(z3 — 21) + /2% — 23 SiHQ(Zg, —21)

X

s N P2

\ as
N

Cp o o

A B B

(a) Notations (planar representation). (b) Notations (polar representations).

Figure 1: Geometry

3 Asynchronous High-gain EKF

The robot’s physical sensor, a rotating LIDAR, cannot provide continuous mea-
surements of the output vector y(7). Moreover, all those measurements are nei-
ther synchronous nor uniformly taken. Therefore, system (X ) is not a faithful
model of the robot’s dynamics. As such, following the formalism proposed in
[11], this section presents an asynchronous version of (Xy) together with the
ad hoc high-gain extended Kalman filter. However, the general context of the
article cited above is adapted to the system (3y) in terms of state space and
sensor input variables.

Two sets of measurements are available: y; and y» on the one hand, and y3
on the other hand. Accordingly, we define two numerical sensors —denoted by
(s1) and (s2)— and the output vectors:

S () = (;@28) — Cy2(r)
Y2 (1) = (ys(1)) = Ca2(7),

where matrices C; and Cy are of the form:

1 0 0
Cl_(o 1 0) and 02:(0 0 1).

For ¢ € {1,2}, a subdivision of time {s,(j)}k . is associated to sensor (s;),
€

and a global subdivision {7} }ren is defined as:

.: (1)} { (2)}
{Tk}ng. {Sl leNU S Jen



This is well defined in the physical space —when the line AB is not accessible—
since {sl(l)}l N {81(2)}1 = (. At each time 7, it is assumed that one of
eN EN
the two sensors (s;) is available and there exists an index [ such that sl(l) = Tk.
Although the measurement procedure implies that numerical sensors readings
should take place alternatively, in practice, misreadings might occur. In such
cases, corresponding readings are dropped. Thus, the assumption of alternative
readings cannot be guaranteed. As a consequence, no specific structure can be

expected from the {7x}ren subdivision, and the index [ such that sl(i) = T 1

denoted l,(:) .

Let 7, be a measurement time. We define o as being equal to 1 if there is
l((ll)) = 7%. Alternatively, o, equals 2 if 7, € {51(2)}1@1.
k

The asynchronous continuous-discrete version of (X)) is:

(1) = Au(r))z(1) +b(2(7), u(r))
y(mi) = Cop2(Ti)

an index l,(cl) such that s

N

(Zan)

Let us now describe the asynchronous high-gain extended Kalman filter as-
sociated to (X an). It is defined in two parts:

1. two prediction equations when 7 € [r;_1, k[, ¥ € N*, with initial values
2 and L) ;
2. two correction equations at time 7.
Notations:

e 2 is the estimated state and S is the Ricatti matrix (the notations below
are also used for S);

e Z(7) is the estimated state for all 7 € [T—_1, T%[;

(=) is the estimated state at time Tk, at the end of a prediction step and
before a correction step;

° Z

° él(j) is the estimated state at time 75, after a correction step. Therefore,

él(j) is the initial estimated state of the new prediction interval [y, Ty1[.

e S(0)isa (3 x3) s.p.d. real matrix;
e Qisa (3 x3) s.p.d. real matrix;
e RM a (2 x2) s.p.d. real matrix and R > 0 is a scalar;
e 0 > 1 denotes the so called (fixed) high-gain parameter;
e finally, Qy = 6Q and Rég’“) = LR,

Prédiction Equations

g(f) = A(u)z +b(2,u)
S(1) = —[A(u) + D,b(3,u)]' S (01)
—S[A(u) + Dyb(2,u)] — SQpS



Corrections Equations
— —1
B9 = 0 - s e (REY) X

5(=) (%) (#)
(Cakzk - yk) (Slgy - Sll(:)_l) (02)
-1 ) .
+ — o 7 I3
S0 = s wen (R0) o (s - )
k k

In other words, the correction at a time 7 is performed with respect to
each measurement y;, = Cy, 2(t) that is actually available. It also involves the

s oht (@) (@)
weighting factor (slg) — slg)il
this specific output was measured.

For a thorough definition of this observer, and a complete exposure of its

proof of convergence, interested readers may refer to [11].

equal to the time elapsed since the last time

4 Experimental Results

4.1 Equipment

The Turtlebot3 Waffle is a small mobile robot produced by Robotis [12] whose
dimensions are given in Fig. 2. It is endowed with an Tntel® Joule™570x
single board computer, and a 32-bit ARM Cortex ®_M7 microcontroller unit.
Measurements obtained from a rotating LIDAR sensor are used to implement
the observer algorithm, and odometry sensors provide ground truth data. Fi-
nally, the robot is operated via the ROS middleware [13]. Commands are sent
by means of Python scripts that interpret either joystick generated or preset
instructions. For each experiment, LIDAR, commands and odometry data are
recorded in a log file. This file is then converted into CSV files which are pro-
cessed by the observer’s code.

The rotating LIDAR sensor is a RPLIDAR A2 from Slamtec [14] which
was placed at the middle point of the driving wheels axis?>. The accuracy of
this LIDAR was assessed through a series of experiments using different types
of beacons. A mean bias of 1 cm with a variance of 1.5 cm was recorded on
distance measurements.

@l recis =1435mm
1
\
\

! ]
ls6mm| |

bl N - IZ‘ = 281 x 306 x 141
1 : (Lx W x H, mm)

é = 18Ky

_______

Figure 2: Turtlebot3 Waffle (source: [12])

30n Fig. 2, it is the intersection between the two blue dotted lines.



4.2 Ground Truth

The ground truth is provided by the odometry data which was validated with
the help of a webcam filming from above. After a calibration step based on
the pinhole model, the robot trajectory is extracted from video data. For a 82
centimeters square trajectory, the two graphs obtained from video and odometry
data remain into a 0.5 cm wide band.

4.3 Beacons

We used two J11 beacons of 19.9 centimeters in diameter having a reflective strip
placed at an appropriate height. Since the LIDAR has a resolution of 1 degree,
359 distance measurements are taken during a LIDAR rotation. When the
sensor scans a beacon, a number of measurements relating to it are taken, and
this number may vary from one rotation to another. If the robot remained still,
those successive measurements of a beacon would form a circular arc. Although
the robot is in motion, we suppose that this circular arc is not distorted much
since the velocity of the robot is low. Therefore, a curve fitting algorithm is used
to reconstruct the center of a beacon, to determine the corresponding angle and
to label the measurement. Angle values that are not consistent with previous
detections are dropped and interpreted as misreadings. This approach is more
robust w.r.t. measurement noise than our first attempts which consisted in
using the nearest point or the mean angle formed by the robot with a beacon.
It also allows us to discriminate beacons from artefacts, which is illustrated in
Fig. 3 and Fig. 4. Each figure contains two graphs, the top one shows angle
measurements and the bottom one, distance measurements. When a detected
object is determined to be a beacon, it is marked using a cross symbol —in red
for beacon A, blue for beacon B—, while a black dot marks a false positive.

Let us note that the experiments presented in this paper were performed
under laboratory conditions. Therefore, it was easy to label the beacons since
we knew which one was detected first. However, without this knowledge, the
technique used to recover the center of a given beacon can be used to discrim-
inate between two beacons provided they are chosen with sufficiently different
diameters.

T
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Figure 3: Output measurements of the first experiment —i.e. using preset
instructions. Black dots correspond to false positive.
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Figure 4: Output measurements of the second experiment —i.e. using joystick
generated instructions. Black dots correspond to false positive.

4.4 Experiments

As stated in the abstract, two different experiments were performed. In the
first one, the robot followed preset open loop instructions meant to describe
a square-like trajectory —i.e. the black dashed line in Fig. 5—, with a linear
velocity of 0.08 meter /second and an angular velocity of 0.316 radian/second. In
the second experiment, the robot was operated by means of a remote controller,
which led to the erratic trajectory represented by a black dashed line in Fig. 7,
with a maximal linear velocity of 0.17 meter/second and a maximal angular
velocity of 1.259 radian/second. In order to provide a better understanding of
this trajectory, the physical —i.e. cartesian— coordinates are plotted against
time in Fig. 8.
The observer parameters were empirically set to the following values:

e O = 2.5 for the first experiment, § = 1.5 for the second one;
e Q) =10"2Ids;
e R =TIdy, and R® = 1;

e the initial Ricatti matrix Sy has been chosen as the solution of the static
Ricatti equation solved using time zero data.

The estimated trajectories in the physical space are shown in red in Fig. 5
and Fig. 7. Also, Fig. 6 and Fig. 9 highlight the error between the estimated
state and the ground truth data in normal coordinates.

In order to provide the reader with a better understanding of what hap-
pens during the first experiment, the estimated position and the corresponding
odometry data are highlighted at three different time instants. Markers having
the same colour correspond to a same time instant —filled star symbols are used
to mark estimated positions while empty star symbols are used on the odometry
graph. Those time instants are also pointed out by the three vertical lines that
appear on Fig. 6:

e at time ¢ = 9.9s the robot starts its first rotation;

e time t = 15s corresponds to the end of the first rotation;



e the markers at approximately 25s correspond to the beginning of the sec-
ond rotation.
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Figure 5: Movement with preset instructions: representation in the phase space
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Figure 6: Movement with preset instructions: representation in the normal
coordinates

5 CONCLUSIONS

The high-gain observer approach is a powerfull way to construct exponentially
converging observers. Nevertheless, a classical drawback is their sensitivity to
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Figure 7: Movement with a joystick: representation in the phase space
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Figure 8: Movement with a joystick: representation in the cartesian coordinates

noise. Approaches based on the high-gain extended Kalman filter provide a so-
lution to this problem since it inherit from extended Kalman filter its capacity to
tackle the noise. Although it is also possible to adapt online high-gain parameter
to innovation —and hence to the error [15]—, it was not needed in this practical
case. Furthermore, this application illustrates the ability of high-gain extended
Kalman filter to use the dynamics of the system in order to reconstruct infor-
mation from asynchronous measurements. Indeed, the position of the moving
robot may be estimated only from measurements and from the state equation
which relates each measurements. Therefore, the change of coordinates and the
high-gain parameter are respectful of the robot’s model. We consider that this
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Figure 9: Movement with a joystick: representation in the normal coordinates

remark deserves to be made since the classical proof of convergence of high-gain
observers consists in neglecting dynamics beside measurements, thanks to the
parameter 6. This experiment and the proof of observability with asynchronous
measurements illustrate that the main dynamical aspects of the process are
preserved.

Some improvements are left for the future. First of all, it would be interesting
to compare the results of this experiment with extensions of the study to the
case where outputs are ¢1, ¢o and po, with ps the distance of the robot to beacon
B and the case with the four outputs ¢1,p; and ¢o, po. The underlying idea
is to improve the algorithm by switching those three sets of outputs on the
basis of a criterion assessing the accuracy of the estimated trajectory or the
reliability of a given measurement. Finally, we plan to test this observer on
an underwater robot. The difficulty will be to move from a two-dimensional
environment with three state variables (position in R? and orientation) to a
three-dimensional environment with six state variables (position in R3, roll,
pitch, yaw) and manage different sensors —the ground truth can no more be
obtained using the odometry sensors.
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