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Abstract: This paper presents a technique for incorporating delayed decision mak-
ing into stochastic mapping algorithms for concurrent mapping and localization. The
approach explicitly tracks the error correlations between current and previous vehi-
cle states, enabling the initialization of map features using data from multiple time
steps and improved data association decision-making. The method is illustrated us-
ing data from aring of Polaroid sonar sensors from a B21 mobile robot, demonstrat-
ing the ability to perform CML with sparse and ambiguous data.

1. Introduction

The problem of concurrent mapping and localization (CML) for an autonomous mo-
bile robot is stated as follows: starting from a initial position, a mobile robot travels
through a sequence of positions and obtains a set of sensor measurements at each
position. The goal is for the mobile robot to process the sensor data to produce an
estimate of its position while concurrently building a map of the environment. This
paper presents a new technique for performing CML in situations where individual
measurements provide weak geometric constraints, making it necessary to initialize
new map features using data from multiple vantage points. We apply the method in
experiments using a B21 mobile robot and demonstrate accurate mapping of asimple
geometric environment using data from aring of Polaroid sonar sensors.

CML has been a central research topic in the robotics community, due to
its theoretical challenges and critical importance for many mobile robot applica-
tions [1, 2, 3, 4]. In just the past few years, the research community has made
tremendous strides towards the solution of this problem [5, 6, 7, 8], however there
are still severa critical open issues for future research. The current state-of-the-art
in feature-based approachesto CML is characterized by nearest-neighbor techniques
for data association and use of the extended Kalman filter (EKF) for state estima-
tion[9, 3, 8, 10, 11]. From the titles of two semina papers on CML by Smith, Self,
and Cheeseman [9] and Moutarlier and Chatila [3], we refer to this class of feature-
based methodsfor CML as*“ stochastic mapping”. Stochastic mapping considers CML
as a variable-dimension state estimation problem in which the size of the state space
isincreased or decreased as features are added or removed from the map. Asthe robot
movesthrough its environment, it uses new sensor measurementsto perform two basic
operations: (1) adding new featuresto its state vector, and (2) updating concurrently
its estimate of its own state and the locations of previously observed features in the



environment.

Stochastic mapping differs from other applications of the EKF because the size
of the state vector is modified adaptively as new features are added and removed from
the map. Initialy, no feature locations are known and the state vector is restricted to
contain only theinitial state of the robot.

Previously published work in stochastic mapping has effectively made two as-
sumptions. (1) there is sufficient information in the set of measurements available
from a single robot position to completely and consistently initialize a new feature
intothemap[9, 3, 8, 10, 11] and (2) a nearest-neighbor gating strategy is sufficient for
determination of the correspondence between measurements and features. These two
assumptions have limited the robustness of current CML implementations and have
restricted the range of environmentsin which they can be applied.

In this paper, we describe a new extension to the state-of-the-art in CML by
presenting a technique for delayed decision making that allows us to perform CML
with sparse and noisy sonar data. The key innovations of the current paper are to
add past vehicle positions to the state vector and to maintain explicitly estimates of
the correlations between current and previous vehicle states. By incorporating past
vehicle locations in the state vector, we are able to make improved data association
and feature classification decisions and to initialize new map features by consistently
combining data from multiple vantage points.

The motivation for the new approach is the following: if the sensor observations
available from asingle time step do not provide sufficient information to initialize the
state estimate of a newly detected feature, then information from multiple vehicle po-
sitions must used. To maintain consistent error bounds, correlations between different
vehicle locations must be taken into account by the CML algorithm. Further, deci-
sionsthat are difficult based on the data from a single position (such as the disposition
of an individual sonar return) can be made much easier when considered as delayed
decisions, using data from multiple vehicle positions.

The structure of this paper is as follows. Section 2 reviews the current state-of -
the-art for this type of algorithm, the following section describes our new approach in
detail, and in Section 4 experimental results are presented.

2. Stochastic M apping

Stochastic mapping is a feature-based concurrent mapping and localization algo-
rithm that was first published by Smith, Self, and Cheeseman [9] and Moutarlier
and Chatila [3]. The method assumes that there are n features in the environ-
ment, and that they are static. The true state at time k is designated by x[k] =
[x,[k]T x;[k]T]", where x,.[k] represents the location of the robot, and x ¢[k]? =
[xp, [k]T ... xy, [k]T]T represent the locations of the environmental features. Let z[k]
designate the sensor measurements obtained at time k, and Z * designate the set of all
measurements obtained from time 0 through time k.

Stochastic mapping algorithms for CML use the extended Kalman filter to com-
pute recursively a state estimate %[k|k] = [%,[k|k]T %;[k]T]T at each discrete time
step k, where %,.[k|k]T and % [k]T = [&p, [K]T ... %4, [k]T]" aretherobot and fear
ture state estimates, respectively. Based on assumptions about linearization and data



association, this estimate is the approximate conditional mean of p(x[k]|Z *):
x[k|k] = E[p(x[k]| Z")] @

Associated with this state vector is an estimated error covariance, P[k|k], which rep-
resents the errorsin the robot and feature locations, and the cross-correl ations between
these states:
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The method uses two models, aplant model and ameasurement model. The plant
model is used to make predictions of future vehicle positions based on a control input.
In a two-dimensional implementation, a typical state model for the robot might be:
x, = [z, yr ¢ v]T, representing the vehicle's east position, north position, heading,
and speed, respectively. The simplest type of features are points, with feature f; rep-
resented by x ¢, = [z; y;]7. The dynamic model for the motion of the robot is given

by
x[k + 1] = £(x[k], u[k]) + dx(u[k]), €)

wheref(-) isthe plant model, d« (u[k]) isawhite, Gaussian random processindepen-
dent of x[0], with magnitude dependent on the control input u[k].
The measurement model h(-) for the systemis given by

z[k] = h(x[k]) + dz, 4

where z[k] is the vector of sensor measurements (e.g., range and bearing when using
sonar). The observation model, h(-), defines the nonlinear coordinate transformation
from state to observation coordinates. The stochastic process d ,, is assumed to be
white, Gaussian, and independent of x[0] and dx, and has covariance R.. Given these
assumptions, an extended Kalman filter (EKF) is employed to estimate the state x and
covariance P given the measurements.

Dataassociation isthe process of determining the origin of sensor measurements.
A decision must be made for each new measurement to determine if (1) it originates
from one of the features currently in the map, (2) it originates from a new feature,
or (3) it is spurious. In genera, the data association problem is exponentialy com-
plex [12], and no general solution that can run in real-time has been published. Most
published implementations of CML have used variations of “nearest-neighbor” gating
techniques. For each feature in the vehicle state vector, predicted range and angle
measurements are generated and are compared against the actual measurements using
aweighted statistical distance in measurement space. For all measurementsz ; [k] that
can potentially be associated with feature x , [k], the innovation, v;; [k], and the inno-
vation covariance, S ;; k], are constructed and the closest measurement within the gate
defined by the Mahalanobis distance

vii[k]FSi; k) vk < 7, )



is considered the most likely measurement of that feature [12].

Measurements that do not gate with any existing feature become candidates for
the initialization of new features. Previously published methods have assumed that
the state of the new feature, X, ., [k] can be computed using the measurement data
available from asingle vehicle position, using a feature initialization function g(-):

Xf. .. k] = g(x[k|k], z;[k]). (6)

For example, for a sensor providing range and bearing measurements, z ;[k] = [r 6],
the feature initialization function for apoint g(-) takes the following form:
. P 1y _ | T +1cos(o +6)
Rp, K] = BRI [6) = |7 T B ¥
The new feature is integrated into the map by expanding the state vector x[k|k] and
covariance P[k|k] as shown below:
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where
Py .o fosi [k|E] = GLP[k|K]GY + G,R[K]G, (10)
T
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G is the Jacobian of g with respect to the state vector and G ,, is the Jacobian of g
with respect to the measurement.

3. Incorporation of Delayed Decision Making

The key idea of our new approach is to expand the representation to add a number
of previous vehicle locations to the state vector. We refer to these states as tragjectory
states. Each time the vehicle moves, the previous vehicle location is added to the
state vector. We introduce the notation %, [k] to refer to the estimate of the state
(position) of the robot at time i given al information up to time k. The complete
trajectory of the robot for time step 0 through time step & — 1 is given by the vector



% [K]

= [ito [k]T Xt [k]T Xt, [k]T

%t,_, [k]]T. The complete state vector is:
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The associated covariance matrix is:
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New trajectory states are added to the state vector each time step by defining a

(14)

new trajectory state X, [k] = %,.[k|k] and adding this to the state vector:

[ %, [k|K] ]
ito [k]
itl [k]

aipy o | e

(15)



The state covarianceis expanded as follows:
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where Py, i, [k|k] = Pri[k[k], P, r[k|k] = Pry[k[k], and Py, [k[k] = Prp[k[K].
The growth of the state vector in this manner increases the computational burden, how-
ever it is straightforward to delete old vehicle trgjectory states and associated termsin
the covariance, once all the measurements from a given time step have been either
processed or discarded.

This process of adding past statesis similar to afixed-lag Kaman smoother [13].
In afixed-lag smoother, states exceeding a certain age are automatically removed. In
our approach, states are added and removed based on the data processing require-
ments of the stochastic mapping process. Unlike the fixed-lag smoother, states are not
necessarily removed in the order in which they are added.

With the addition of prior vehicle states to the state vector, it now becomes pos-
sible to initialize new features using measurements from multiple time steps. For
example, consider the initialization of a new feature using two measurements, z[k { |
and z[k,], taken at time steps k; and k. The state of the new feature can be computed
using afeatureinitialization function involving data from multiple time steps:

)A(fn+1 = g(ﬁtkl [k]a )A(tkz [k]7 [Z[kl]T Z[kQ]T]T)' (17)

For example, in two-dimensions if each measurement is a range-only sonar measure-
ment, then the function g(-) represents a solution for the intersection of two circles.
The covariancefor the new featureisinitialized in asimilar fashion as shown abovein
Equations9to 11, except that the Jacobian matrix G » will contain additional non-zero
terms corresponding to the trajectory states and the Jacobian matrix G ,. The proce-
dureisthe sameif thefeatureinitialization functiong(-) isafunction of measurements
from morethan two time steps. New featureinitialization can aso be performed using
non-linear least squares [14] performed on many measurements, instead of using an
explicit function g(-).

To provideimproved stability, the addition of new featuresto the state vector can
be delayed to occur only when the initializing Jacobians indicate that the new feature
estimate is well-conditioned. By examining the different possible initialization sets
and choosing the Jacobian with the smallest values, the most stable initialization can
be determined. In addition, one can incorporate an adaptive motion control step to
direct the robot to move to a better vantage point that will yield a more stable initial-
ization. By considering second-order derivatives, the robot can determine the optimal
direction to move in order to obtain data that will yield the most stable initialization
of anew feature.

Once a new feature is initialized, the map can be updated using all other previ-
ously obtained measurements that can be associated with the new feature. We call



this procedure a " batch update”. It allows the maximum amount of information to be
extracted from all past measurements.

The ability to perform a batch update using many previous measurements pro-
vides a facility for making delayed data association decisions. If there is ambiguity
about the correspondence between measurements and features, decisions can be post-
poned until additional information becomes available. Feature extractionis also sim-
plified. The initialization of complex features in situations with high ambiguity can
be greatly simplified by considering a batch of data obtained at multiple time steps.

4. Experimental Results

To demonstrate the approach, we present the application of the method to ring sonar
data from a B21 mobile robot, shown in Figure 1. Figures 2 to 4 show the results of
an experiment performed in a ssimple 6-foot by 8-foot room made of plywood. The
data association and feature modeling techniques used in this experiment utilized a
priori knowledge of the structure of the box, namely that each corner of the box was
created by two walls, and that each wall was bounded at each end by a corner. More
generic and powerful “anytime” data association techniques are in development and
should be applicable to more complex scenarios. These results are reported here only
asameans of illustrating how delayed decision making and batch reprocessing can be
used for CML in a situation where individual measurements are sparse and provide
weak constraints.

The data processing for this experiment proceeded as follows. First, the vehicle
dead-reckoned around the room for 50 timesteps, collecting the data shown in Fig-
ure 2(a), but not initializing any features. At each time step, a new vehicle trajectory
state was added to the system state vector, using Equations 15 and 16. The dead-
reckoned vehicle trajectory is shown in Figure 2(b). After fifty time steps, a search
was performed on all the sonar returns acquired to find a large subset of returns origi-
nating from a single point in the room. Because of the structure of the box, this point
can safely be assumed to be one of the corners of the box, since they are visible from
the largest number of sensing locations. From this subset of returns, the pair of re-
turns obtained that provided the most stable initialization of a new point feature was
selected, and used to initialize a new point feature. This feature corresponded to the
upper left corner of the box, and serves as the “ seed” feature for reconstruction of the
box.

Next, a search was performed to find sonar returns that were tangent to lines
drawn from theinitial corner, corresponding to the two walls that comprise the corner.
The initiaization for each wall was based on a single measurement and the constraint
that the wall passes through the corner. Subsequently, searches were performed to
find a sonar returns consistent with new point features that lay close to the new walls.
The chosen sonar returns were used, together with the state estimate for the respective
walls, to initialize new point features corresponding to the upper right corner and
lower left corner of the box. This process was continued around the box until the
bottom right corner was initialized without any measurements as the intersection of
twowalls. Anadditional point feature, acrack on one of the walls, was discovered and
mapped from a single measurement as a point constrained to lie on thewall. After the
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Figure 1: B21 mobile robot in the plywood box.

initializations, nine constrained features (shown in Figure 3(a)) were mapped using
nine range measurements (shown in Figure 3(b)).

Once these features were initialized, nearest-neighbor gating was performed be-
tween all of the remaining sonar measurements and the newly initialized map fea-
tures. All the measurements that were uniquely matched to one of the nine features
are shown in Figure 4(a). Finaly, Figure 4(b) shows the result when all these mea-
surements are applied in asingle batch update, resulting in adramatic reduction in the
uncertainty ellipses for the estimated feature locations and in the compl ete trajectory
of the vehicle.

5. Conclusion

This paper has described a technique for incorporating delayed decision making into
stochastic mapping algorithms for CML. The approach enables the initialization of
features using data from multiple time steps and improved data association decision-
making. The method has been applied using datafrom aring of Polaroid sonar sensors
from a B21 robot, demonstrating the ability to perform CML with sparse and ambigu-
ousdata. The experiment shown aboveis quite simple, and utilized apriori knowledge
of the environmental structure to solve the data association problem. However, the ex-
periment provides one illustration of the benefits of adding past vehicle positions to
the state vector, enabling stochastic mapping to be performed in situations where the
state of a feature can only by partially observed from a single vehicle position. This
approach should allow the devel opment of robust CML implementationsthat use more
complex objects as map features.

Work in progress is applying the technique in combination with decoupled
stochastic mapping [10] to larger-scale and more complex experiments using both
land and underwater robots.
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Figure 2: (a) Set of all measurements acquired over 50 time steps. Each sonar return is shown
as a circular arc, with rays drawn from the center of the dead-reckoned robot position to the
center of each arc. (b) Dead-reckoned vehicle trajectory, with 3-o error ellipses.
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Figure 3: (a) Nine measurements used to initialize nine new features, starting with the corner
in the upper |eft of the figure, and building in both directions around the room, closing the box
in the lower right hand corner. (b) State estimates and 3-o error ellipses for the nine initialized
features.
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