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Abstract
In this paper we introduce a novel self-localization and map building
approach. The new part is that we do not assume to have a correct motion
model of the mobile robot. Our approach will improve the incorrect motion
model online. We tested our approach in a simulation experiment.

1 Introduction

A useful mobile robot must know where it is with respect to some global model of
the environment. The “where” usually refers to the state of the robot defined in
it’s 3D configuration space: position and orientation. It is well known that the use
of the motion model of the robot (based on wheel encoders) results in error on the
long run because of wheel slip and model inaccuracies. Therefore information is
needed from sensors observing the external world. Nearly all localization methods
extract features or a partial model from the sensor data and compare that with
the environment model in order to estimate the robot’s state. However, global
environment models are not always available and the robot has to learn the en-
vironment. Here we encounter the problem that (unless a supervised training set
is used as in [6]), the robot is not sure about its position while building the map.
A number approaches has been presented dealing with the ‘SLAM’ (Simultaneous
Localization and Map Building) problem [7, 2, 9, §].

In this paper we introduce a novel framework for autonomous self localization
and map building. New is that we want to correct the error in the motion model
online using the estimated state based on the observations. We will assume that
initially the motion model will give the most accurate estimates. After a while the
estimations based on sensors can be better, if they can be related to observation
made in the past when the estimates from the motion model were still accurate.

Our idea consist of three different steps. First the state estimates from the
motion model are used to obtain a model that estimates the state based on the
observations. Then these state estimates are used to reconstruct the past trajec-
tory. Finally the new motion model is approximated based on the reconstructed
trajectory. We will start by describing the notations and framework and present
some solutions from literature. Then we will introduce our approach and test this
in a simulation experiment.
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Figure 1. Schematic overview of robot localization. When control action u is applied
the robot’s real state & and the estimated state from the motion model £ change. The
observation model maps the real state and the parameters p of the environment to an
observation z. Based on z the state is estimated resulting in (.

2 Simultaneous Localization and Map Building

Figure 1 shows the components of a robot localization task. The robot has an
internal motion model f; which gives an estimate of the new state £, ; given the
action uy and the old state &,,. This model is often inaccurate and the deviation
from the real state & (with 7 = [z y ¢]) will accumulate with time. The
robot’s sensors produce a sensory signal z, which is a function of the real state «
and the parameters p of the world. The mapping G is the inverse sensor model: it
gives an estimate ¢ of the state of the robot from the observation. If the observation
model H is known, the uncertainty in & can be reduced using the observations by
a Kalman filter. Often the H is not known and must be estimated online.

2.1 Kalman filter approaches for SLAM

Early approaches for SLAM were based on incremental parameter estimation tech-
niques as the Kalman filter. The environment was represented as a parametric
model, where the parameters p, indicated for example characteristics of line seg-
ments or beacon positions. Based on (re-)observations of such geometric features
with, both the parameters of the features and the state of the robot could be
estimated [2]. Later it was shown that the relation between the vehicle state and
a geometric feature could not be propagated independently and the full covari-
ance matrix has to be maintained [1]. Recently [4] it was proven that even the
full-covariance SLAM algorithm always yields an inconsistent map. The charac-
teristics of the Kalman filter approaches is that the motion model has to be known
and these approaches also dependent on a good initialization.

2.2 Consistent Pose Estimation approaches

Another approach, the ‘Consistent Pose Estimation’ method [8, 5], is not based
on an incremental estimation procedure but keeps sensory observations over a



longer period to avoid inconsistencies. Based on pairs of observations, the relative
positions of the robot are derived. From the network of relative positions the
absolute positions are derived by minimizing the mismatch between the aligned
sensor data. This method does not need a process model, but if such a model is
available it can be incorporated in the framework as an alternative for the matching
of sensor data. Range scans as sensor data makes it possible to obtain a relative
accurate estimate of the relative positions [8, 3].

3 Owur approach

In the Kalman SLAM approach the parameters of the observation model are es-
timated simultaneous with the robot’s state. The Kalman filter operates on an
augmented state vector consisting of the robot’s state £ and the parameter vector
p. The motion model is assumed to be known and correct. In our approach we do
not make this assumption. We improve the motion model, using the observations
from the sensors by first estimating the (inverse) observation model G and then
use this model to update the motion model.

The key idea to our approach is that we assume the robot to arrive at locations
it has visited in the past. In these locations the state estimation & may be very
inaccurate, but the observation z made at this location will be similar to those
made in the past. If an approximation of G is based on “old” estimates £ that are
still relatively accurate, then this model will give a more accurate state estimation
than the motion model. Based on the more accurate estimate of the final state
we can reconstruct a more accurate ‘past trajectory’. We can apply system iden-
tification on the reconstructed trajectory to come up with a motion model that is
more in accordance with the motion model of the real robot.

3.1 The mapping G

The mapping G maps the observation z to the state estimate (:

¢ = G(zg). (1)

Ideally this function should be the inverse function of H, which we assume to be
unknown. Rather then trying to estimate the parameters of H and compute the
inverse, we take a function approximator to represent G. To obtain the function
G we need a “supervised” train set containing observations and state estimates
and we also have to choose an approximator.

Initially only & is available to obtain the approximation. We will therefore
create a data set containing all values of £ together with the corresponding ob-
servations. We use lazy learning, so at each time step the approximation of G is
made based on the available examples in the data set. In this paper we use a local
linear approximation of G. This means that the estimation ¢ is given by

¢p = Grzi, (2)

with matrix Gy, as the estimated parameters of G at time step k.



The matrix Gy, is computed using a least squares estimation based on N entries
in the date set. We have to determine which elements of the data set are used for
the estimation of Gj,. The estimates £ become more and more unreliable over time.
So the estimation of { becomes more unreliable if only the most recent estimates
& are used to obtain Gj. We therefore include the time in our selection criterion.
We look within a radius p around &, and select the least recent entries in the data
set. These will be the “oldest” values of &, which are more reliable than the most
recent values.

To see how this selection mechanism can improve the estimate of ¢, consider
that the robot makes a loop. Initially the robot will visit new locations and the
estimate will totally depend on the latest values of £&. At the end of the loop also
the initial estimates & will be close to &, and they will be selected to obtain G.
The error due to drift in the initial values of £ are smaller than the error in &.
The resulting estimate of ¢, using (2) will be more accurate than &;,.

3.2 Trajectory reconstruction

More accurate estimates ¢ do not mean that a more accurate motion model can be
obtained. The reliability of the approximation of the new motion model does not
depend on the quality of the estimation of the state, but on the estimated change
in state. Small inaccuracies in ¢ makes it hard to estimate the state change.

We will not use ¢ directly for the approximation of the motion model, but use
this to reconstruct the past trajectory. Assume that ¢, is correct and represents
the correct value of the end state. Also the initial state is known correctly, so the
begin and end state of the true trajectory are known.

We can use backward dead reckoning from the end state using the inverse of the
motion model, resulting in state estimates 8. In the beginning estimates of £ are
most accurate and near the end the estimates of 3. The reconstructed trajectory
is obtained by combining the forward and backward trajectories according to:

Ti =B + (1 — )§;. (3)

The value of « is linearly increasing from ag = 0 to aj = 1.

3.3 The motion model

The ideal motion model maps the current state estimate and the control action to
the next state, so:

Eir1 = Fi(&r uk). (4)
In this paper we will assume that the robot has a motion model according to:!
Tit1 = F(xp,uin) = ¢ + Az, (5)
with o .
ﬁ(sm(qﬁk + Tw; ) — sin(¢y))
Axy = | 22E (cos(¢y) — cos(dr + Twi k) | - (6)

Wi,k

Twi’k

IThis is a simplified model of the motion of a Nomad Scout I1.



We take this as the ideal motion model f, of the robot, where uzk = [vuk w@k}
indicates the ideal control action. The v, is the traversal speed and the w;j is
the rotational speed. For the real robot the size of the wheels or the distance
between the wheel can differ from the ideal model. This can lead to a difference
in rotational and traversal speed. We will model this as:

In f; the L is the unity matrix while in the true robot this can be different. The
task of approximating f,. is reduced to estimating the correct value of L.

4 Simulation Experiment

4.1 The setup

The robot moves according to the model given in (6). For L in (7) we took

L= {(1) 1(.)1}’ ®)

so the robot rotated 10 percent more than it should according to the motion model.
The robot has a set of range scanners that are mounted at the center on top of the
robot. We took only 3 range sensors to reduce the number of data points required
to estimate the matrix G. The orientation of the sensor were f§7r, 0 and %w. The
robot navigates in an environment of four corridors. It takes 24 steps forward and
then turn in one step %w to the left. This is repeated so that the ideal robot will
drive around all corridors and then repeat the lap.

Because of L, the real robot turns too much at the corners and we had to
compensate this by hand. Also we added a little noise to the control action to
make sure that the true states and observations are not identical in each lap. Due
to the compensation the trajectory according to the motion model turns slightly
to the left, when the robot is supposed to make a forward motion. This led to
errors in the state estimation based on the motion model. Figure 2(a) shows the
environment with the real and estimated trajectory for the first two laps.

4.2 The estimation of ¢,

The estimates ¢;, were made according to (2), where G, had 9 elements because
of the 3 sensors. To estimate G, we used N = 18 entries from the data set. At
each time step k we selected the entries within a distance p = 13 and used the
18 “oldest” values to determine Gj. We chose p = 13 so that always less then 18
entries were within the radius during the initial lap. No ¢, could be estimated, so
we took & as estimation for ¢. In the second lap the 18 entries were combinations
of entries of the first and second lap and always estimations could be made.
Figure 2(b) shows the error of £ and ¢ with respect to the true state value x.
We see that at time steps where the robot turns, the error in ¢ is often very large.
In these situations the estimates of G were based on points from the first and
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(a) The trajectories (b) The error in € and ¢

Figure 2. The true trajectories of the robot (indicated by dots) and the estimated
trajectory by the motion model (indicated by crosses). The circle indicates the starting
state [1.5,2.5,0.0] and the robot initially moves to the right.. The error indicates ||, —
x|z (solid) and ||, — xk||2 (dashed) for all time steps. In the first lap both errors are
the same.

second lap, resulting in very unreliable estimates of ék. The high errors between
k = 130 and k = 150 was due to the switching in orientation between —7 and T,
which resulted in very inaccurate estimates for Gy.

We also see that the error in & becomes larger at the end and that the error
in ¢ is often smaller than that of £&. In the second half of the second lap many
estimates ¢ are closer to the true state value than the £ in the first lap. This shows
that the second lap estimates of £ are not just replaced by those from the first lap.
The estimates are improved based on the observations.

4.3 The estimation of L using a perfect reconstruction

We tested the reconstruction and estimation of L for the situation that ¢, has the
correct value of @y at the end of the second lap. Figure 3(a) shows state estimates
3 computed by starting at the end. Also shown is the reconstructed trajectory T
whose “shape” resembles that of the true trajectory in figure 2(a).

The state changes in the reconstructed trajectory were used in (6) to compute
the ideal control actions u;. Because of (7) a linear least squares estimate of L can
be computed using the ideal and true sequence of control actions. This resulted

m:
;[ 2] _ 09615 0.0090 )
Tl lyp |~ 00591 1.0073 ]

Our reconstruction cannot compensate for scale, so we normalized L:

1 1.0000 0.0093

L= t= [0.0614 1.0476} ' (10)
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Figure 3. a) The backward trajectories B (indicated by the crosses) and the recon-
structed trajectory (indicated by the dots). b) The error indicates the Euclidean distance
between the Ly and L.

We see that the value of Iy does not equal 1.1. Because the begin and end of
the trajectory T resembles that of & and 3, the resulting L became the average
estimate of the L of the ideal and true motion model. So we found Iy ~ 1.05.
When we only used values from k& = 50 to & = 150 we found Lys = 1.09, which
is already closer to 1.1. We can conclude that when {, is correct our approach is
able to approximate the true motion model.

4.4 Estimation of L using reconstructions based on (.

We used all values ¢, in figure 2(b) as end point to reconstruct the past trajectory.
For all these past trajectories we computed the value of Lj. Because the length of
each trajectory was different, we did not remove the first and last 50 time steps.
The means that the resulting L; approximated the average L of the true and ideal
motion model. However, in the first lap ¢ = £ and therefore 7 was equal to &, so
that the resulting L, was the same as the L in (8).

In figure 3(b) the error in the Lj, is shown for all time steps. In the beginning
of the second lap we seen that the error is larger, even when the ¢ is closer to @
than €. This indicates that the reconstruction of the trajectory should be long
enough to have effect. In the second half of the second lap we see that the error in
L becomes lower, so that L starts to resemble the average L of the true and ideal
model. So when the trajectory is long enough the motion model is improved.



5 Conclusion

In this paper we introduced a novel approach to combine self localization with
map building. Unlike Kalman filter approaches, we do not assume that a perfect
motion model is available. In our approach we assume that estimations made
with an (possible) incorrect motion model are more accurate in the beginning
than later on. By recognizing that the robot has visited a certain location before,
the observation can be related to observations in the past to come to a more
accurate estimation of the current state. This state estimate can be used as a
starting point for backward dead reckoning using the inverse of the motion model.
With this we can reconstruct the past trajectory and use this to get an improved
approximation of the motion model of the robot.
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