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Abstract
In order to create a truly autonomous vehicle, the
task of concurrent mapping and localization (CML)
in an a priori unknown environment is an important
problem. Traditionally, the task of CML has been separated from the vehicle's motion and sensing strategies. We introduce a method for adaptive concurrent
mapping and localization in unknown environments
using a scanning sonar sensor. This method maximizes the information gained by the next action of the
robot, given the space of available actions. The viability of the approach is shown in simulation and experiments. Results are shown for both adaptive control
of motion and adaptive control of motion and sensing.
Improved performance is demonstrated in comparison
to straight-line motion and random motion.

1 Introduction
The goal of concurrent mapping and localization
(CML) is for the mobile robot to build a map of
its environment and to use that map to navigate in
real time. This problem has been a popular topic in
the research community, due to its theoretical challenges and critical importance for many mobile robot
applications [11, 14]. CML is an especially important research objective in attempting to provide improved navigation capabilities for autonomous underwater vehicles (AUVs). The objective of this paper is
to present a new technique for adaptively performing
CML, with applicability to AUVs, and to demonstrate
these techniques using real sonar data.
A seminal technique for concurrent mapping and localization, called the stochastic map, was published by
Smith, Self, and Cheeseman [14]. The stochastic map
consists of a single state vector that represents the estimate of the vehicle and feature locations and the error
covariance matrix. As the vehicle moves around its en-

vironment taking measurements, the stochastic map is
updated using an extended Kalman lter. Moutarlier
and Chatila [11], Rencken [12], and Chong and Kleeman [4] have implemented variations of the stochastic
map using land robots.
Many important issues remain for future research,
such as the data association problem [13], computational complexity issues[7], quantifying the errors introduced by linearization in the extended Kalman lter and handling of dynamic environments [5]. This
paper contributes to our knowledge of CML by presenting a technique for adaptively determining the
sensing and motion actions of the robot, thereby obtaining more e ective CML performance.
The problem of CML becomes particularly challenging when posed for an AUV. Land robots usually operate in passive environments with a given
structure, such as oce environments. Further, land
robots often have relatively accurate localization systems readily available, as well as a variety of sensors.
Underwater vehicles cannot use GPS and must operate in unstructured dynamic environments. Sensing
options are more limited underwater [15], and positioning systems which use acoustic beacons are expensive and often impractical [18]. Sonar is the principle sensor for AUVs performing CML. As AUVs tend
to have more dynamical constraints than land robots,
such as loss of controllability at low speeds, the need
for adaptively choosing a sensing and motion strategy
to obtain the most information about the environment
at any time is particularly useful. Such strategies are
seen in the way dolphins use sonar to localize and navigate by moving their heads from side to side [1]. Further, due to the low rate of information obtained from
a sonar, adaptive strategies are especially bene cial in
robotic applications based on sonar sensing.
The structure of this paper is as follows: section 2
outlines the theory of the adaptive concurrent mapping and localization algorithm; section 3 illustrates
the approach in simulation for two cases, motion con-

2.1 Adaptive Stochastic Map Implementation

trol with complete scans and motion control with
adaptive scanning; section 4 provides experimental results using a single rotating Polaroid sonar mounted
on a mobile robot. Finally, section 5 provides concluding remarks and suggestions for future research.

In order to illustrate the approach outlined above
we have implemented a two-dimensional version of a
stochastic map based on the work by Smith et al. [14].
In this model, the robot senses features in the environment through range and bearing measurements relative to the robot's current state (position and orientation). These measurements are used to create a map
of the environment, and concurentlylocalize the robot.
We use x[k] = x^ kjk + x~ [k] to represent the system state vector x = [xTr xT1 : : : xTN ]T , where xr and
x1 : : : xN are the robot and feature states, respectively; x^ is the estimated state vector; x~ is the error estimate; k is the time index, where samples are
taken every t = kT seconds, for some constant period
T . The Fisher information, Ikjk = E fx
~[k]x~T [k]g,1, of
the system takes the form:
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2 Theory
We de ne the state of the system (robot and map)
by the vector x[k] and the measurements at time
step k as the vector z[k]. The measurements are
related to the state by a state-to-observation transform z[k] = H(x[k]; dz ), where dz is the measurement noise process. The a posteriori PDF of x[k],
given a set of measurements Zk  fz[k]; : : : ; z[1]g,
can be found from Bayes Theorem as p(x[k]jZk ) =
p(Zk jx[k ])p(x[k ])=p(Zk ).
The \amount" of information contained in this distribution can be quanti ed by the Fisher information,
that is [2]:
Ikjk  E f(rx ln p(xjZk ))(rx ln p(xjZk ))T g: (1)
In the case that we have an ecient estimator for
p(x[k ]jZk ) the Fisher information is simply given by
the inverse of the error covariance of the state x[k].
In order to perform CML, the state transition (dynamic model) x[k + 1] = F (x[k]; u[k]; dx ), in addition
to the observation transformation H, must be known.
Here dx is the process noise. If the stochastic processes dz and dx are assumed to be independent, white
and Gaussian, and the state transition F and observation model H are both linear, the Bayes Least Square
(BLS) estimator, x^ k+1jk = F (E fx[k]jZk g; u), will be
an ecient estimator.
However, in the general problem of CML, neither
the dynamic model nor the observation model will
be linear. Thus, an ecient estimator cannot be obtained. Further, propagating the Fisher information
through nonlinear equations does not guarantee that
the statistics will be conserved. Thus, in order to circumvent the problem of transformation of nonlinearities it is assumed that
x^ k+1jk  E fF (x[k]; u[k]; dx )jZk g:
(2)
Assuming that this approximation error is small, the
system equations are linearized and the Fisher information is transformed through this linearized system,
while the state prediction is transformed through the
nonlinear system equations. This procedure is that of
the extended Kalman lter (EKF) in the information
form [3, 9, 17].

where P is the inverse of the Fisher information matrix
and is identical to the error covariance of the system.
To keep the system model as general as possible,
the vehicle dynamics are modeled as a compounding
operation [14]. That is, the robot has three degrees of
freedom, position (xr ; yr ) and inclination  relative to
the internal reference frame. We denote the vehicle's
state by xr = [xr yr ]T . We de ne the input to the
system u[k] by a state displacement relative to the
current state of the robot. The state transition, F , is
given by:

xr [k + 1] =f (x[k]; u[k]) + G(u[k])dx
=xr [k] + T [k]u[k] + G(u[k])dx ;

(4)

where G(u[k]) scales the noise process dx as a function
of the distance traveled, that is
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The  in this expression comes from the robot position xr [k]. The covariance of dx is set to the idenity
matrix without loss of generality.
Equation (4) does not take into account any of the
vehicle's real dynamics. Thus the model is very general. However, if the vehicle's dynamics were known,
they could be used to ensure that the vehicle movements remain realistic.
The observation model H for the system is given by
z[k] = H(x[k]; dz ) = h(x[k]) + dz ;
(5)
where z[k] is the observation vector of range and bearing measurements. The observation model, h, de nes
the coordinate transformation from state to observation coordinates. The stochastic process dz , is assumed to be white, Gaussian, and independent of x[0]
and dx , with covariance R.
The steps of the stochastic map consist of robot displacement, new-feature integration and re-observation
of features. Our implementation is very similar to that
of Smith et al., and the reader is referred to [14] for a
detailed derivation. The di erence in our approach is
that we include adaption at every time step. This is
discussed next.

We have chosen to de ne the metric by a cost function C (P), which gives the total area of all the error
ellipses, (i.e., highest probability density region) and
is thus a measure of our con dence in our map and
robot position. That is,
N Yq
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where j () is the j -th eigenvalue of its argument. The
direction to move can be found by taking the derivative of the cost C with respect to the action u over the
available action space of the robot. This procedure
optimizes the information at every time step, and is,
therefore, a local optimization.

3 Simulation Results
In order to validate the method, the algorithm described above was implemented in simulation. In these
simulations, as well as in the experiments, a numerical approximation was performed by evaluating Equation (8) in the action space of the robot, de ned by
the constraints place on the robot. The robot was constrained to move a distance of 0, 10 or 20 cm at each
time step, and could only turn in increments of 22:5.
Further, the vehicle was constrained to not get closer
than 40 cm to the features (vertical PVC pipes) as the
sonar signal at this range becomes unreliable. In all
these simulations, range error was assumed to have a
standard deviation of 2 cm while the standard deviation for the bearing was 10 . The standard deviation
for the vehicle odometry was set to 5% of the distance traveled. The angle uncertainty was set to 1 .
These parameters were chosen as they resemble the
situation for the experiments described below. Two
di erent types of simulation are described.

2.2 The Adaptation Step
At each time step the algorithm seeks to determine
the transformation M from the current information
Ikjk to the resulting information Ik+1jk+1 due to an
action u[k] and, from this, infer the optimal action
u[k]. Combining the vehicle prediction and EKF update step of the stochastic map, M is
Ik+1jk+1 =(Fx I,kj1k FTx + G(u[k])G(u[k])T ),1 +
(6)
Hx(^xk+1jk )T R,1 Hx(^xk+1jk ):
Where Fx and Hx are the Jacobian of f and h with
respect to x evaluated at x^ kjk and x^ k+1jk respectively.
The rst term on the right of Equation (6) represents
the previous information of the system, as well as the
loss of information that occurs due to the action u[k].
The second term represents the additional information
gained by the system due to observations after the
action u[k]. As this quantity is a function of x[k + 1],
which is unknown, we approximate x[k + 1] by x^ k+1jk
by the assumption of Equation (2). The action that
maximizes the information can be expressed as
u[k] = max arg Ik+1jk+1 = min arg Pk+1jk+1 : (7)
u

i=1 j

3.1 Adaptive Vehicle Motion
In this simulation, it was assumed that the robot
stopped and took a complete scan of the environment
before continuing. The algorithm chose where to move
adaptively. The algorithm takes advantage of the
fact that the measurements have di erent certainty in
range and bearing, thus forming an error ellipse. Notice, however, that if the observations of a target have
close to equal standard deviation in all directions in
space (i.e., a circle), the robot will not move, as the
loss of information from odometric error is larger than
the information gained by taking a measurement from
a di erent location.

u

The information is a matrix and we require a metric
to quantify the information. Further, it is desired that
this metric have a simple physical interpretation.
3

3.2 Adaptive Sensing
In using sonar for mapping an environment, one
is limited by the relatively slow speed that measurements can be acquired. Thus, we now impose the additional constraint that the sonar can only scan an angle
of 15 (i.e., 50% more than the measurement bearing
standard deviation) at each time step. The algorithm
is required to decide where to direct the attention of
the robot. The algorithm thereby adaptively decides
where to look as well as where to move. This can be
easily implemented in the framework outlined above
by adding an additional action u to be controlled and
solving Equation (8) given the constraints of the scan
angle.
To compare the simulation results to the experi-
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Figure 1 shows the three typical paths of the robot
in the presence of two features (8.4 cm radius PVC
tubes) as a result of adaption. The robot starts at
(0,0) and the paths, solid, dashed, and dashed-dotted
lines, occur with approximately equal frequency. The
dotted lines around the PVC tubes denote the constraints placed on the robot for how close it can come
to the PVC tubes while still obtaining valid sonar returns. (This is a limitation of the standard Polaroid
sonar driver circuit). The resulting 95% con dence
ellipses are drawn for the middle path, for the estimated position of the center of the features and for
the robot's position. The robot's true position is indicated by a `+' while the estimated position is shown
by a `'. The robot stops moving after about 15 time
steps, as more information is lost than gained by moving. Also notice that the robot moves larger distances
in the beginning before taking the next scan than at
the end of the run; more information is gained by moving in the beginning and taking a measurement from
a di erent location than towards the end of a run.
Figure 2 shows the average over 2000 runs, of the
total cost, as de ned by Equation (8), of the system
under adaption as a percentage of the total cost of the
system when moving randomly (solid line), or moving along the negative x-axis (dashed line) under noadaption. In all the no-adaption runs, the robot move
distance was 10 cm. As can be seen, the adaption procedure quickly reaches a high con dence map of the
environment, while the random motion slowly starts
catching up after the 8th time step. When moving
along the negative x-axis, the con dence actually decreases after about the 15th time step, as the robot
is so far away from the features that it looses more
information by moving than what it gains by sensing
at each time step.
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randomly under no-adaption, while the dashed line
denotes the case when the robot moves along the negative x-axis under no-adaption as a function of sonar
returns. The dotted vertical line indicates the point
where the adaptive case was terminated as 50 time
steps was reached. As can be seen from Figure 3,
the adaptive method obtains a map with high con dence after relatively few sonar returns. After a total
of 20000 returns, moving randomly and moving along
the negative x-axis only achieves 93% and 33% of the
con dence level that the adaptive method obtained
in 850 sonar returns. Thus, the adaptive strategy
requires fewer measurements, and achieves a higher
con dence level than any of the no-adaption strategies. The actual vehicle's motion is very similar to
that shown in Figure 1.

were employed as well. The sonar returns were assumed to be mainly specular, therefore the method
of Regions of Constant Depth (RCD) was used to extract features from the scans [8]. The data association problem was solved by a simple nearest neighbor
strategy [2]. That is, the closest RCD to an estimated
feature was used. This method works well when the
features are far apart, as in these experiments. Figure 5 shows the con guration of the robot (triangle)
and features (PVC tubes of known radius) in the experimental setup superimposed on a crude map of the
room. The dots indicate single sonar returns of the
Polaroid sensor when taking a complete scan of the
environment. Each complete scan of the environment
consisted of 400 sonar returns. In these experiments
15 motion steps were performed in each run.
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Figure 4: The Nomad Scout robot with the Polaroid ultrasonic sensor mounted on top.

Figure 3: Advantage of adaptive sensing and motion control. The solid line denotes the case when the robot moves
randomly under no-adaption, while the dashed line denotes
the case when the robot moves along the negative x-axis
under no-adaption. The vertical dotted line indicates the
point at which the adaptive method had completed its 50
time steps and terminated.

Figure 6 shows the advantage of adaption over noadaption for a representative Nomad run, similar to
the simulation of Figure 2. As can be seen from this
gure, the advantage of performing adaption is clear.
Further, the experimental result is well within the one
standard deviation bound of the simulated predicted
result over 2000 runs.
Figure 7 shows the advantage of performing adaptive motion and sensing over moving in a straight line
along the negative x-axis for the Nomad Scout robot
(solid line). The simulated result is shown by a dashed
line along with the one standard deviation bounds for
2000 simulated runs. As can be seen, the experimental cost ratio is within the one standard deviation of
the simulated value. The adaptive strategy produces
a high con dence map after relatively few measurements, consistent with the simulations in Figure 3.
The non-adaptive method only reaches a con dence
level of 50% of the adaptive level, even after taking

4 Experimental Results
To demonstrate the usefulness of the adaptive
method, we implemented the algorithm on a Nomad
Scout robot [16]. The robot was equipped with a Polaroid 6500 series ultrasonic sensor operating at 50 kHz
mounted on a stepping motor, enabling the sensor to
rotate in increments of 0.9 degrees and take measurements, shwon in Figure 4. The error in the sensor and
the vehicle odometry was assumed to be the same as
that used in the simulations. The same constraints
5

100
3

80
Cadaption/Cno−adaption (%)

y position (meters)

2
1
0
−1

60

40

20
−2
−3
−4

−3

−2

−1
0
1
x position (meters)

2

3

0
0

4

100

actions that, given the current knowledge, would maximize the information gained in the next measurement.
This approach can easily be implemented as an extra
step in the stochastic map approach to CML. The validity and usefulness of the approach were veri ed in
both simulation and real world experiments.
Based on our results with real data, we feel con dent in the accuracy of the simulation in predicting
experimental outcomes. For example, the three typical paths for the robot shown in Figure 1 are representative of both adaptive simulations and real-data
experiments, and the plots comparing the advantage
of adaptation over no-adaption are similar.
The advantage of performing adaptive CML is notable when only adapting the motion of the vehicle
(Figures 2 and 6). However, more substantial gains
are obtained when performing adaptive motion and
sensing. This is apparent from Figures 3 and 7, where
the number of sonar returns required to obtain a given
con dence level is an order of magnitude fewer than
when not performing adaption. This strategy could
be especially useful for AUVs, as mechanically scanned
sonars are slow, and electronically scanned sonars have
a large computational cost under non-adaptive strategies [10].
There are many important and dicult problems
not addressed in this paper that must be solved in order to have truly autonomous vehicles, such as, the
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a representative Nomad experiment. The solid line is the
cost of adaptive sensing and motion over the cost of moving
in a straight line along the negative x-axis. The dashed
line is the average of 2000 simulated runs and the dotted
lines show the one standard deviation bound. The dotted
vertical line indicates the time where the adaptive case
terminated as 15 time steps were completed.

with the room model superimposed. The robot is drawn
as a triangle, the PVC pipes are indicated by small lled
circles. The lled regions represent a crude map of the
room.
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Figure 7: Advantage of adaptive sensing and motion in

Figure 5: The returns from the Polaroid sensor (dots)
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Figure 6: Advantage of adaption over no-adaption in a

representative Nomad run. The solid line is the ratio of the
cost when performing adaption over the cost of moving in
a straight line along the negative x-axis. The dashed line
is the average simulation result over 2000 runs, with the
dotted line denoting the one standard deviation bounds.

more than 20 times as many measurements.

5 Discussion and Conclusions
We have introduced a method for performing adaptive concurrent mapping and localization (CML) in a
priori unknown environments for any number of features. The adaptive method was based on choosing
6

data association problem, the validity of linearization
in the EKF, feature ontology, and dealing with occlusion and geometric constraints. Future research will
concentrate on these issues and on integrating adaptive CML with a dynamic path planner and obstacle
avoidance system [6]. Further, integrating and identifying other objects, such as planes, corners and convex
objects is being investigated. Work is also in progress
to implement this technique with a 675 KHz underwater scanning sonar in a testing tank at MIT, using
a large workspace robotic positioning system. This
technique provides one starting point for investigating
biomimetic echolocation [1] in an underwater robotic
system.
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