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Abstract

A Kalman filter using encoder readings as inputs
and wvision measurements as observations is de-
signed as a location estimator for an autonomously
guided vehicle (AGV). To reduce the effect of mod-
elling errors an augmented filter that estimates the
true system parameters is designed. The traditional
way of reducing these errors is by fictitious noise
winjection in the filter model. The main problem
with that approach however is that the filter does
not learn about its bad model, it just puts more
confidence in incoming measurements and less in
the model. As a result the estimates will drift and
the covariance grow rapidly between measurements
causing these to be fused at a very high gain. Thus
not only leads to a very “bumpy” behavior of the
estimates and a high sensitivity to measurement
nowse but will also lead to large estimation errors in
the absence of measurements. The taken approach
offers a better suppression of vision measurement
noise and a better performance in the absence of
vision measurements.
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1 Introduction

In AGV navigation one of the key problems is how
to estimate the location of the AGV. By far the
most common way of obtaining this estimate is by
using a Kalman filter. The Kalman filter uses a sys-
tem model along with measurements from internal
and external sensors to maintain an estimate of the
AGVs location and of a corresponding covariance
matrix describing the uncertainty of the location
estimate. Knowing the covariance matrices of the

estimate and the incoming measurements, the filter
fuses measurements and estimate, minimizing the
covariance of the resulting estimate.

In order for the estimate to remain optimal it
is required that the model of the AGV is perfect
and noise influencing the system and measurements
are white, zero mean, additive and Gaussian, see
[1]. As these conditions rarely are fulfilled, most
Kalman filters run in a suboptimal and possibly
unstable manner. The most common way in prac-
tice to prevent an erroneous filter model to bias or
diverge the estimates is to force the filter to put
less confidence in the model and more in the mea-
surements. This is done by increasing the filters
process noise covariance matrix, ¢, which is equiv-
alent to adding fictitious process noise to simulate
the uncertainties.

This tuning of ) 1s almost always necessary as
it is impossible to model a real AGV perfectly no
matter how advanced the model is chosen. In fact
if the AGV is equipped with an odometric system
a better possibility will often be simply to use the
odometry outputs as the system model. For the
common case when the odometry system consists
of two encoders a model has been derived in [2] that
has been adopted by a large number of authors for
instance [3] or [4].

This model i1s quite simple and has only three
physical parameters that needs to be known pre-
cisely. Knowing these are essential for good filter
performance and various methods for determining
them have been proposed. In [5] a method is pre-
sented where a sequence of AGV runs is used to
determine the parameters. The method requires
that the position of the AGV is calibrated manu-
ally with great accuracy.

A more automized approach is presented in [6]
where an indirect continuous Kalman filter is de-



signed to estimate the errors on these three pa-
rameters (along with some additional ones due to
a gyroscope). In this paper an approach is taken
where the model is augmented with a correction
factor for these three parameters. When the fil-
ter relies solely on encoder measurements the filter
behaves as a non-augmented filter (except that it
updates an augmented covariance matrix). When a
measurement, is fused this will not only correct the
location estimate but will also improve the filter
model.

2 The Kalman filter

The AGV is equipped with an encoder on each mo-
tor shaft. An angular increment of @ on the encoder
corresponds to a distance, d, on the wheel periph-
ery, where d = ka. If the movement of the AGV
1s assumed linear the distances d, and d; traveled
by the right and the left wheel respectively, can be
transformed to a linear and angular displacement

of the AGV:

dy d

Ad, = % (1)
dr —d

Al = 7”“]) LA (2)

where b is the distance between the wheels.
The AGVs coordinates in a global coordinate
frame can then be updated by (see [2]):

Ad
Xk-}-l = X; + Ady COS(Qk + Tk) (3)
. Ab
Yk+1 = Y, + Adg sm(@k =+ Tk) (4)
Oky1 = O + Al (5)

These three coordinates constitutes the AGV state
vector x, and are observed by vision measurements,
z. The vision measurements can be described by a
nonlinear function, ¢, of the AGV coordinates and
an independent Gaussian noise process, v. Denot-
ing the nonlinear function (3)-(5) a and collecting
Ady and Afg in an input vector ug the AGV can
be described by equation (6)-(7).

Thk41 == Cl(l‘k,’dk,wk,k) (6)
2z = czg, vk, k), (7)

where: w, ~ N(0,Q) and vy ~ N(0,7;) and
F [wlv]T] =0.
An extended Kalman filter can be designed using

this system model (as in [4]). The filter equations

are summarized below in (8) to (12):

Erp1 = a(Zk,u, 0,k) (8)
Piy1 = ApPu(H)AL + GrQiGT 9)
Ky = PCT[CuPCT +R]™ (10)
Tp(+) = 2k + Ky [z — Crzg] (11)
Pk(+) = [I — Kka] Py, (12)
where:
Oa Oa da T
Ap = 22 = L=
k 6:& uk,wkZO’ Gk 6wk Qk 6wk .
de de  de T

The process noise vector is modelled as two in-
dependent Gaussian white noise processes added to
(1) and (2). As shown in [2] this is a fairly good
approximation.

3 Augmented Kalman Filter

The main problem with the Kalman filter described
in section 2 is its sensitivity to modelling errors. If
the distance between the wheels or the wheel ra-
diuses and gearings are not precisely known, the
time update (8) will lead the estimates to drift. In
the absence of vision measurements this could cause
the estimation errors to grow unbounded. Making
a complex dynamical model of the AGV will not
reduce this problem but in fact make it worse, as
this model not only will contain the same errors,
but most likely also introduce further inaccuracies
caused by Coulomb friction, uncertain motor dy-
namics, etc.

Consider the case where the quantities k., k; and
b are imprecisely modelled by the quantities &k, &k}
and b*:

k’r = Jrk:, k’l = (Slkf and b = (Sbb* (13)

Augment now the state vector with the three un-
certain parameters:

Taug = [XY 03,8 &) (14)
Instead of using equations (1) and (2) use:

Skt + 0ikf oy
2
Sekray — Oik?
Ab, = M (16)
Spb*

Ad =



The vision measurements will gradually improve
the estimates of 5,, 51, 5, and thereby improve the
model used for the time updates. The new lin-
earized system matrix, Agu, and the noise input
matrix, G, are derived in Appendix A. Ay, and
Qaug takes the form:

A
Aaug:[ 0 ?:|7 Qaug:[cg g':| (17)

The matrix F' is a transition matrix linking the aug-
mented states to the location estimate. The matrix
S is a fictitious noise injection on the augmented
states to ensure that these wont converge to a false
estimate. This matrix should be chosen diagonal
with eigenvalues small enough to reduce noise sen-
sitivity and large enough to ensure convergence.

4 Simulations

Obviously noisy vision measurements or poor ob-
servability of the three augmented states can ruin
the convergence of these and make the described
approach useless. Even in ideal conditions with no
noise on the vision measurements the observability
of the augmented states depends on the trajectory
the AGV follows. To verify the filter performance
simulations using an advanced Simulink model of
the AGV, contemplating both linear and non-linear
friction forces and AGV dynamics has been per-
formed. The Simulink model is described in [7].
The modelled AGV 1s a non-holomonic, three-
wheeled robot, mounted with a camera able to de-
tect artificial guide marks, see figure 1. Delays in
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Figure 1: The AGV going through a door.

the vision measurements are accounted for using
the method described in [8]. When calibrating the
AGYV only one guide mark is used. This enables
us to place the reference system in the center of
this guide mark and thereby know the location “ex-

actly”. Using additional guide marks could (if not
placed accurately) introduce unnecessary errors.
Firstly, the filter is run for the AGV moving back
and forth facing a guide mark as shown in figure 2.
If a perfect pinhole camera with infinite resolution
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Figure 2: Trajectory of AGV facing a guide mark.

providing one (delayed) image per seconds, the con-
vergence for the three augmented states are shown
in figure 3. The true values in this experiment were
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Figure 3: Estimate convergence with ideal camera.

6 = 1.03, §; = 1.05 and &, = 0.97. The constants
used in the filter therefore all deviates about 3-5%
initially, while after 30 seconds the values are al-
most perfect. The mean values in the last 200 sam-
ples (i.e. 8 seconds) are:

E{6,} =1.02997, E{&} = 1.05000
E{6,} = 0.97097 (18)

So under noise free conditions augmenting the state
improves the model by several orders of magnitude.
This proves that the simple odometric model 1s
quite accurate and that the parameter observability
is good with the chosen trajectory.

The estimation error on the location is shown in
figure 4. If the filter is not augmented the estima-
tion error develops as shown in figure 5. From fig-
ure 4 and figure 5 it is seen that the non-augmented
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Figure 4: Estimation error for augmented filter.
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Figure 5: Estimation error for non-augmented fil-
ter. In the bottom plot fictitious process noise 1is
injected.

filter performs a lot worse than the augmented. Fic-
titious noise injection helps somewhat but cannot
outcompensate the effects of the modelling errors.
Even here, the modelling error will drive the es-
timate further and further away from the actual
state. The main reason that the error does not
grow higher is that the AGV keeps changing di-
rection and thereby outcompensates the systematic
errors.

When a more realistic camera model with distor-
tion and finite resolution is used the convergence of
the parameter estimates are as shown in figure 6.
Convergence here is much slower and the estimates
never settles. The mean values of the estimates are
quite good though:

E{6,} =1.0315, E{&} = 1.0479
E{é,} = 0.9726 (19)

Because the initial errors on the estimates were so
high we were forced to have a high gain from the
vision residuals to the estimates. This was done by
choosing the diagonal elements in Q’ rather high.
After this experiment one can improve the initial
guesses by a factor of 10 and reduce the eigenvalues

e

S, - -y A=
4 ,\.w,,/ b g "l

Estimate

0 100 200 400 500 600

300
Time [s]

Figure 6: Estimate convergence with noisy camera.

of the QI matrix accordingly. The results from this
experiment are shown in figure 7.
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Figure 7: Estimate convergence with noisy camera.

The estimates remain rather constant but does
improve somewhat. The mean values of the para-
meters in the last 200 samples are:

E{6,} =1.0294, E{;} = 1.0498
E{6,} = 0.9724 (20)

The error on the estimate is seen to be less than
half a percent now.

It is obvious that the location estimate be-
haves better with the augmented filter than a non-
augmented with parameter errors as high as 3-5%.
But does it perform better than a non-augmented
filter using the relatively accurate parameters from
(19)? If not, the augmented filter should only be
used occasionally as an initial calibration of the
computationally cheaper non-augmented filter. If
however, somehow the parameters are changing
during the operation of the AGV, for instance if
the load on the AGV changes and the wheel ra-
diuses therefore change, the augmented Kalman fil-
ter should be used always. Further, by using the
augmented filter it is possible that some other slow
varying changes on the AGV or the ground surface
can be adapted into the parameters which might
prove advantageous.



5 Experiments

The augmented filter 1s now tested on the real
AGV. As the augmented filter is quite noise sensi-
tive an initial experiment is made where a carefully
calibrated surveillance camera 1s used as the vision
source. First an initial identification experiment is
made to check whether the parameters used in the
filter actually matches the real AGV parameters,
see fig 8. It is seen that the radius parameters con-
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Figure 8: Estimate convergence in real life using
surveillance camera.

verge to values within a half percent of the modelled
values. The wheel base converges to a value almost
10 percent off. This is surprisingly high (almost 5
cm) and it is hard to believe that this is the actual
physical parameter. As mentioned in the previous
section 1t is possible that some other factors have
been modelled into this parameter (calibration er-
ror on the surveillance camera etc).

Using these newly found parameters to recali-
brate the odometry model an experiment is now
performed where the filter uses wrong initial esti-
mates for k., k; and b of 3%, 5% and -3% respec-

tively (as in section 4), see figure 9. Tt is seen that
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Figure 9: Estimate convergence in real life using
surveillance camera.

the estimates converges after 100 seconds (or a total

of 200 vision measurements) to the values:

E{6,} =1.0263, E{&} = 1.0500
E{6,} = 0.9757 (21)

The errors on the estimates are less than 0.5% here.
Even if the wheel distance 1s not the physical one
it is therefore still possible to detect changes in the
parameters with great accuracy. The convergence
time here is about 100 seconds, which can seem
rather long. However, if the quality or frequency of
the vision measurements is increased or the initial
parameter error reduced, convergence can of course
be obtained much faster. Additionally the trajec-
tory the AGV follows affects the convergence time
significantly. To be able to observe all the parame-
ters a persistently exciting control signal must be
applied.

Now an experiment using the rather noisy guide
mark detection with the camera mounted on the
AGYV is performed. As the quality of especially
the angular readings are a little dubious, the wheel
distance parameter §, doesn’t converge proberly.
Therefore this parameter is fixed and only the two
wheel radiuses are considered. The results are
shown on figure 10. The estimates converge after
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Figure 10: Estimate convergence in real life using
guide marks. Only the radiuses are estimated.

150 seconds (or a total of 67 vision measurements)
to the values:

E{6,} =1.0300, E{&} = 1.0500 (22)

So despite the poor observability of the wheel dis-
tance when the guide mark measurements are used,
these can still provide very good estimates of the
wheel radiuses.

6 Conclusion

In this paper an augmented Kalman filter for an
AGYV with a dual encoder system supported by vi-



sion measurements was designed. The filter model
was a simple odometric model of the AGV aug-
mented with three states for on-line estimation
of uncertain parameters. This model was veri-
fied through simulations and experiments on a real
AGYV. These experiments show that 1t 1s possible
to estimate the wheel radiuses and distance with a
sub-percent accuracy if the quantity and quality of
the vision measurements are sufficiently high.

In applications where the wheel radiuses change,
for instance due to changes in load, the augmented
filter can be very useful as a location estimator.
Besides, the obtained accuracies also suggest that
the filter is a worthy alternative for existing manual
calibration methods for AGVs.

Appendix A

From (3)-(5) it is clear that:

1 0 a13
A = 0 1 a93
0 0 1
0X . Af
Gy = o= —Adsin(f + 7)
Y Af
g3 = m = Adcos(@ + 7)

The two inputs to the filter are given by:
Sk + 8k oy
2
Srkron, — &ikfoy
dpb*

Ad =
A, =

Using these and defining ¢ = 6+ %, the coefficients
in the transition matrix F' from equation (17) can

be found:

fir = g;i :k:?&cosgb—Ad%sinqS
fiz = g—;:@cosqﬂ—Ad?:;l sin ¢
fis = % = Ad%i sin ¢

fa = % = k:2a,. sin ¢ + Ad];’::: cos ¢
f2 = %: @singﬁ—AdlZ;’ cos ¢
Jaz = 2_33; = —Ad%i cos ¢

a1 = a9 _ li:a,

9oy Gypb

00 ko

fo = 8 T e
00 Af
f33 - a—().b——g

The noise input matrix, GG is:

cos ¢ —%Adsinqﬁ
G = sin ¢ %Adcosqﬁ
0 1
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