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Abstract: This paper presents several localisation algorithms based on the Extended
Kalman Filter approach and compares their respective performances. The main in-
terest lies in the proposal of two different instrumentations able to replace odometry,
unusable on work sites. Results are presented using data obtained on trials carried out
at the Centre d’Expérimentations Routi¢res (CER) in Rouen in collaboration with
the Laboratoire Central des Ponts et Chaussées (LCPC).
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1 INTRODUCTION

Improving the global efficiency of road construc-
tions requires among others the development of
precision systems for the real-time localisation of
civil-engineering vehicles [2]. For surfacing ma-
chines, such as compactors, the centimetre accu-
racy of the Real Time Kinematic (RTK) GPS is
sufficient [5], since the 2D localisation tolerance
is of a few decimeters. Yet, we cannot envisage
the use of GPS technology alone, and this for two
essential reasons:

o The average working speed of a compactor
is 2 m/s and the GPS signal frequency is 1
Hz. Therefore, if we want to respect the po-
sitioning tolerance, we need further informa-
tion about the machine evolution to evalu-
ate the compactor position between two GPS
measures.

e By tracking five or more satellites, the RTK
surveying techniques can provide centimetre
accuracy. But in the proximity of obstacles
such as buildings or bridges, the line of sight
from the receiver to some of the satellites can
be blocked and the GPS data accuracy con-
siderably degraded or unavailable. In these
conditions, we cannot but have recourse to
dead-reckoning navigation with propriocep-
tive measures.

The Kalman filtering approach allows us to fuse
the GPS localisation with proprioceptive data.
For indoor mobile robots, the most widely used
method to provide the latter is odometry, but in
the case of civil-engineering vehicles, this tech-
nique is inapplicable, for the required equipment
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Figure 1: Compactor modelling (for more details,
see [3])

is cumbersome and not robust enough. After the
presentation of the EKF algorithm in section 2,
we will study in section 3 two alternatives to using
odometry and give the experimental results in sec-
tion 4. Eventually, the conclusions are presented
in section 5.

2 THE EXTENDED KALMAN
FILTER AND THE RESULTING
ALGORITHM

The compactor is an articulated vehicle, which
means that it has a front and a rear body which
can rotate relative to each other. In the following
discussion, the pose of the compactor will refer to
the (z,y) position of the centre of the front roll
and the orientation (1) of the front body relative
to the work site frame (Rg) (see figure 1). The



resulting state vector at the discrete time instant
iisgivenby X;=[ @i v % ]T.

Thanks to the proprioceptive measures Uj,
which will vary with the sensor configuration, we
can express the elementary translation A; and ro-
tation w; of the front roll. Assuming there is no
lateral slip, we obtain the well-known kinematic
evolution model,

Tiy1 = &4 + A;(U‘) COS(’(/)i)
Vier = Yi+ Ai(Ui)sin(yy) (1)
Vi1 = i +wi(Ui)

which can be summarized by the following vector
equation:

Xin = F(X;, U3) (2

The observation equation is even simpler, since
the GPS antenna is situated above the centre of
the front roll. Thus, we have at the observation

instant j:
&
Y
Remark 2.1
We use a different notation for the observation
time index because, in the following, equation (2)

will be used at higher frequency than (3). Hence,
(3) is not applicable at each time index i.

Z; (3)

| e

Actually, equations (2) and (3) are corrupted by
noises which are supposed to be zero-mean, white,
independent of each other and gaussian. The re-
sulting system is given by:

Xiyp = F(Xi,U,-')-i-Ot.'
U; = U;+v (4)
Z; = G(Xj)+w;

where

e o; (covariance matrix: @) is the model noise
which will account for the inaccuracy of (1)
due to the restrictive hypothesis made to
write the roll evolution equations,

e v; (covariance matrix: @,) is the noise which
affects proprioceptive measures,

e w; (covariance matrix: Q,,) is the noise which
affects RTK GPS measures.

Definition 2.2
The estimation of the state Xy is denoted Xk/l,
which means the estimation of X knowing what
happened until instant l.

The asspciated covariance matrix, is denoted :
Pep=E ((Xk/l = Xk)(Xpp — Xk)T)
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In order to estimate the state X, we use an EKF
which requires to linearize the state-space descrip-
tion (4) around the current estimation X;/; by cal-
culating the following jacobian matrices:

COF ]
A = =%
_8XJ X,'/i,U"
[OF
B, = | 5
_8U X"/;,U“ ()
Cr = 0G| _[1 0 0]
i 19X %, 010

The resulting estimator works in two steps: pre-
diction and filtering.

Between two RTK GPS measures, the state at
time instant i + 1 is predicted from the previous
state X; /i and the associated covariance matrix is
calculated. The classical EKF equations are:

{ Xipryi
Py

F(Xi/i: Ui*)
AiPi/iAiT + BinB;'T + Qa
(6)
When a GPS measure occurs at instant j, the
pose is corrected: this is the filtering step.

{ Xij = Ry + K (Zi- G(Xj/:'-l))

Py = (I-KiG(Ryi-1)) Piima
()
where K, the Kalman gain, is calculated by:
Kj = P;/;1Cf (CiPy/j-10] +Qu)™  (8)

And the resulting algorithm gives:

Algorithm 1 2D Localisation by EKF
Filter initialisation (the initial orientation is cal-
culated after the compactor has moved two me-
tres forward following a straight line)
loop
U « proprioceptive measures
(X, P) = prediction(X, P,U)
if GPS measure Z available then
(X, P) = filtering(X, P, Z)
end if
end loop

3 DIFFERENT SETS OF
PROPRIOCEPTIVE SENSORS

3.1 Encoder wheels

A free bicycle wheel equipped with a precision
encoder (4 x 4096 points per turn) is fixed on each
side of the front roll. The resulting data are two
rotation angles, ; and 6., and the proprioceptive
measures are given by:

Ui=[ A6, 26, 1" ©)
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Figure 2: Comparison between the radar speed
and the one deduced from the encoder measure 6

Knowing the wheel radii R; and R,, and the
distance from the encoder to the roll centre D;
and D, the elementary rotation and translation
satisfy the following equation:

DrRl
A | _
Lo ]|
D+ D, D;+ D,

Dl *ler
The results given by odometry are among the
best we can expect in sheer dead-reckoning nav-
igation. That is why we will consider them as
a reference for the two other Kalman estimators,
which are based on different proprioceptive sen-
SOrS.

DR,
D+ D
er r

Ui (10)

3.2 Radar and gyrometre

At the present time, this is the configuration
chosen by the partners of the Brite-EuRam CIRC
project [4]. For our trials, the elementary rotation
is given by a gyrometre mounted on the driver’s
cabin. For the elementary translation, two sensors
are necessary: an encoder on the front roll, and a
radar fixed at the front of the compactor.

The encoder gives the direction of the move-
ment (forward or backward) and an estimation of
the elementary translation at low speed. Indeed,
as shown on figure 2 (for more clarity, a low-pass
filter was applied to the data), the chosen radar is
inefficient under vy, = 0.4 m/s. Above this min-
imum limit, we use radar information, for this sen-
sor is less affected by vibrations which can make
the rolls take off and the encoder data valueless.

To sum up, at instant ¢, the proprioceptive mea-
sures are given by:

T

Ui [Vradar,- Af; Woyr; ] (11)

Since the radar is not situated on the axis z;
(see fig. 1), we must take into account the distance
from the centre of the front roll to the radar along
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the axis y;. Let us denote D,.4qr this algebraic
distance, R; the radius of the front roll and Tj
the sampling period. The elementary rotation and
translation write as follows:

A = R A6; if RiAG; < VipinTs
= (Vradar.' *+ Dradarwgyr.-)Ts if not
wi = woyr,Ts

(12)

Trials have already shown that the radaer plus

gyrometre configuration gave satisfying results.

But the gyrometre is a costly instrument which

sometimes has drift problems [1]. In the following

section, a new set of sensors is proposed to replace
it.

3.3 Radar and steering angle

The two equipment configurations we addressed
were not specific to articulated vehicles. We pur-
pose now to take into account this particularity of
the compactor.

Definition 3.1

We call V}}(P) the speed of a point P belonging
to the body j in its movement relative to the ref-
erence frame (R;).

Let V},’,(ol) (resp. VEZ(OQ)) be the speed of O,
(resp. Oz), the centre of the front roll (resp. rear
roll) relative to the work site frame. We get:

{

Let 7 be the steering angle between the front and
the rear body. Let L; (resp. L) be the distance
between the articulation joint and O, (resp. O2)
(see fig. 1).

Provided v # 0, lateral slip speeds write as fol-
lows:

V§1(01)
Vo2 (02)

Viz®1 + Vlyy-i

. e (13)
Vag @3 + Vayyiz

V2e — Viz COS('Y)

1Z ; + Ly
¥ o smg;y) &3
. _ M1z — V2z COS\Y) : .
V2y —s—in(-'y- ) - L2 ("/) 7+ 7)
(14)

Thus, for a steering angle different from zero, we

. are able to write a new kinematic evolution model

taking into account lateral slips (V2. is deduced
from the measure of an encoder mounted on the
rear roll). But tests show that the resulting EKF
estimator is less stable than the one presented in
section 2 (in the neighbourhood of v = 0, we have
used the previous model (1)). Therefore, we will
consider once again that the rolls do not slip lat-
erally and system (14) becomes [6):

_Lyy + Vagsin(y)

ko Ly cos(y) + Lo )



Rear body

Figure 3: Steering jacks mounting

which permits us to replace the gyrometre by a
steering angle measure.

To get the latter, a displacement sensor is
mounted on each of both hydraulic jacks which al-
low the front and the rear body of the compactor
to rotate relative to each other (see fig. 3). We
obtain:

122
dalyi+dl2
@A) T2 )
L r T

7 = arctan

(16)
where [, and I, are the displacement sensors mea-
sures.

With this new set of sensors, the proprioceptive
measures are given by:
oAy AL )T
(17)
When R;A8; < ViinTs, the elementary rota-
tion and translation satisfy the following equa-
tions:

Ui=[Vradar.- Aoz‘ ll.- lr

AV

w; =

Il

R1AG;
_ LyAyi + Rysin(yi)A8; (18)
Lj cos(v:) + L2

In the other case, we have:
A; = TsViadar; + Dradarwi
_ LAy + Sin("/i)TaVradur;
Ly cos(7;) + L2 + Dradar sin(7:)
(19)
To conclude with this last set of proprioceptive
sensors, figure 4 shows for a given trajectory the
front roll rotation speed calculated by the last two
methods presented in section 3. We find out that
the gyrometre data are comparable to the ones
calculated with the steering angle.

w; =

Gyrometre o (fac/s)

Reconstructed @ (Rd's)
'

50 60
time (s}

Figure 4: Comparison between measured and re-
constructed front roll rotation speeds for a sinu-
soidal trajectory

4 EXPERIMENTAL RESULTS

Trials have been carried out on an Albaret road
roller VA12 DV. The gyrometre is a VSG 2000
from British Aerospace, the Doppler radar is a
DICKEY-john RVS II, the steering jack length-
enings are known by two magnetostrictive sensors
from MTS, and the GPS receiver is a TRIMBLE
7400 MSi.

We have recorded at the sampling period
T, = 0.01s all the signals given by the sensors
mounted on the compactor and this, for different
kinds of trajectories. Then, in post-processing, we
have simulated GPS maskings in order to evalu-
ate the different EKF estimator performances in
sheer dead-reckoning navigation : the localisation
errors are calculated by comparing the GPS mea-~
sure to the estimated position at the same instant.
Thus, we can check if the sets of sensors presented
in section 3 are acceptable alternatives to using
odometry on work sites.

For each trial, results are represented as follows:

e The first figure gives the compactor position
in the work frame. Its origin is defined by the
first point of the trajectory.

e The second figure represents the lateral er-
ror relative to the real trajectory made by
the three Kalman estimators (mixed line for
odometry, solid line for the radar + gyrometre
configuration and dashed line for the radar
+ steering angle configuration). The verti-
cal lines give the beginning and the end of
the GPS maskings (and consequently, of the
dead-reckoning navigation).

o The third figure displays the error distance
between the estimated position and the real
position given by RTK GPS.

Only a few trajectories are presented here. In
each case, the road roller covered a distance of
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several decametres and camec back in reverse to
its starting-point at the average speed of 4 km/h.
In the first trial, the compactor followed a straight
line. In the second one, the compactor described
a curve, and in the last one, the trajectory is si-
nusoidal.
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Figure 5: Straight line trajectory

The two first trials show that bicycle wheel en-
coders and the radar + steering angle configura-
tion give equivalent results, with a slight advan-
tage for odometry.

The radar + gyrometre configuration has less
satisfying performances, mainly because of the
drift problems. Indeed, we observed that its offset

varied quickly, and we have to use each stop of
the compactor to recalculate it. But if this stop
is too short, the correction, when it is possible, is
not sufficient, and the localisation error made dur-
ing the return to the starting-point is often larger
than the one made during the first part of the
movement.
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Figure 6: Curve trajectory

Eventually, the aim of trials like the third one
with its sinusoidal trajectory was to solicit more
dynamically the compactor steering so as to see
if the reconstructed front roll rotation speed was
still acceptable. Indeed, for this kind of move-
ment, lateral slippage probably occurs, and the



application of the equation (15) may seem dubi-
ous. Yet, results show that the radar + steering
angle configuration works fairly well even in these
conditions.
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Figure 7: Sinusoidal trajectory

5 CONCLUSIONS

The purpose of this paper was to propose and
validate alternative equipments to encoder wheels
in order to implement a real-time 2D positioning
system for civil-engineering machines.

Within the framework of the CIRC project, it
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has already been shown that by using a Kalman
estimator fusing radar, fiber-optic gyrometre and
RTK GPS data, satisfying results were obtained
[4]. But the price of the chosen gyrometre is a ma-
jor drawback when industrialization is considered.

With a cheaper instrument appear offset drift
problems which are hardly compatible with the
required precisions. A new solution is proposed,
based on the measurement of the steering an-
gle between the front and rear body of the com-
pactor. The first results are encouraging, since
this equipment and odomety have similar perfor-
mances. Moreover, the total cost of the length-
ening sensors is about 900 Euros, against 3000 to
4500 for a high-precision gyrometre, which is much
more affordable for an industrial application. For
all these reasons, the radar + steering angle con-
figuration is an interesting alternative.
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