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Abstract— We describe a method for estimating the relative
poses of a team of mobile robots using only acoustic sensing.
The relative distances and bearing angles of the robots are
estimated using the time of arrival of audible sound signals on
stereo microphones. The robots emit specially designed sound
waveforms that simultaneously enable robot identification and
time of arrival estimation. These acoustic observations are then
combined with odometry to update a belief state describing the
positions and heading angles of all the robots. To efficiently
resolve the ambiguity in the heading angle of the observing
robot as well as the back-front ambiguity of the observed
robot, we employ a Rao-Blackwellised particle filter (RBPF)
where the distribution over heading angles is represented by a
discrete set of particles, and the uncertainty in the translational
positions conditioned on each of these particles is described
by a Gaussian. This approach combines the representational
accuracy of conventional particle filters with the efficiency of
Kalman filter updates in modeling the pose distribution over a
number of robots. We demonstrate how the RBPF can quickly
resolve uncertainties in the binaural acoustic measurements and
yield a globally consistent pose estimate. Simulations as well as
an experimental implementation on robots with generic sound
hardware illustrate the accuracy and the convergence of the
resulting pose estimates.

I. INTRODUCTION

Work on probabilistic approaches to robot localization have
demonstrated the advantages of modeling the uncertainties in
sensor readings and odometry for pose estimation [1], [2].
In a typical scenario, a robot needs to determine its own
position and orientation by sensing environmental features or
landmarks and integrating these measurements with odometry
updates [3]. This task can be made more complex if the
robot’s initial pose is not well-specified (global localization),
or if the robot is transported without notification (kidnapped
robot). Fortunately, these problems can be overcome by
modeling the uncertainty in the robot pose as a probabilistic
distribution and properly filtering the noisy sensing and
motion measurements over time.

These approaches have been extended to the problem of si-
multaneously localizing and mapping (SLAM) in an unknown
environment. The SLAM problem expands the state space for
estimation from that of an unknown robot pose to include
the unknown positions of landmarks and other environmental
features. In one approach to SLAM, a large Gaussian is used
to model the uncertainty over this joint state space and the
mean and covariance of the Gaussian are updated using an
extended Kalman filter (EKF) [4]. When the system consists
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Fig. 1. Typical scenario for cooperative acoustic robot localization. Each
mobile robot in the 2-D field is equipped with a speaker and a pair of stereo
microphones. The heading angle of robot ¢ relative to the positive z-axis is
0;, and its position is (x;,y;). The distance and bearing angle of robot j
relative to robot 4 are given by Lj; and ¢;;, respectively.

of many robots and landmarks, the EKF needs to maintain
a very high dimensional covariance matrix. The EKF also
cannot properly account for multimodal distributions that may
arise, such as when there is a data association problem in
the sensor readings. More recent work showed that a Rao-
Blackwellized particle filter (RBPF) can be used to represent
a more general but factorized distribution over this large state
space [5]. The RBPF first represents the path of a robot with a
sampling of discrete particles in path space. Then conditioned
on the robot path, the uncertainties in the landmark positions
are factorized and represented by Gaussians, whose means
and covariances are updated with each sensor observation.
Here, we consider the problem of cooperative localization
of a robot team, where the relative poses of all the robots
must be simultaneously estimated using only audible acous-
tic measurements. With only relative observations between
the robots, cooperative localization is similar to the SLAM
problem in that the estimated pose of a robot is dependent
upon the unknown poses of the other robots [6]. We consider
the following scenario as depicted in Figure 1. Each robot in
the team is equipped with a speaker and a pair of stereo mi-
crophones. By means of audible signals, each robot estimates
the relative distances (L;;) and relative bearing angles (¢;;)
of its neighboring robots using time-of-arrival measurements.
By integrating these acoustic measurements and odometry
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Fig. 2. Example of the ambiguity in pose estimation associated with an
acoustic measurement. Robot 2 hears a sound from robot 1, and from the
time of flight estimates a relative distance between the two robots L12. From
the time difference of arrival on robot 2’s microphones, the relative bearing
is also consistent with two possible ¢12 due to front-back ambiguity. Thus,
from robot 1’s perspective, the relative location of robot 2 could be anywhere
on a circle with one of two possible heading angles. Additionally, a proper
probabilistic model needs to account for noise in these measurements.

information over time, a globally consistent estimate of the
relative positions and heading angles of all the robots needs
to be determined.

Compared to vision and ranging sensors such as lasers and
sonar, robot audition is very underutilized as a sensor. This
is unfortunate given that many platforms already incorporate
speakers and microphones as standard hardware [7]. A major
difficulty in using these acoustic sensors for localization is
the uncertainty in the bearing and range measurements arising
from time-of-arrival estimates. We show how to improve the
accuracy of the time delay estimation by using a recently
developed deconvolution algorithm that can estimate the
optimal source signal for cross-correlation [8].

One aspect of time-of-arrival acoustic sensing using stereo
microphones that is quite different from other modalities is
the ambiguity in the relative bearing measurement. Figure 2
illustrates the uncertainty in the relative pose given an acoustic
measurement between two robots. The distance measurement
constrains the relative position to lie on a circle. For each
possible position on the circle, the time difference of arrival
measurements yields two possible bearing angles. With noise
in these measurements, there will also be some associated
uncertainty in the relative pose estimates.

We demonstrate that by using an RBPF, we can properly
account for the uncertainties in the heading angles ({6;}Y )
of a team of NN robots as well as their positions ({z;, y; }},).
In particular, we factorize the pose probability distribution
by modeling the uncertainty over the heading angles as a
discrete set of particles, and the conditional distribution over
the translational coordinates as a Gaussian. This approach has
the advantage of being able to represent the multimodal dis-
tributions associated with acoustic measurement ambiguities.
The uncertainties in the translational positions are propagated
using an update rule similar to a Kalman filter, allowing
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for fast and efficient implementation. We demonstrate how
quickly this approach converges to a globally consistent pose
estimate, even in the case when some robots do not have
direct observations of some other robots. Once the absolute
poses of the robots are determined up to an overall global
rotation and translation, the relative poses between any two
robots can be easily computed.

The remainder of this paper is organized as follows. In
Section II, we describe the signal processing methods used to
estimate the relative distance and bearing angles between two
robots from acoustic signals. Section III describes the details
of the RBPF model that we use to integrate the acoustic
measurements with odometry in an online fashion. Finally, in
Section IV, we evaluate the performance of the algorithm with
simulated data, and then on an experimental implementation
using three robots with generic sound hardware.

II. ACOUSTIC SENSING

In this section, we describe the algorithms used to identify
the robots and estimate the relative distance and bearing
angles from measuring audible sounds. We show how mul-
tifrequency tones are detected to identify the robots and
describe the algorithms for time of flight and interaural time
difference (ITD) estimation used to provide relative distance
and bearing measurements.

A. Robot Identification

The robots emit unique sound beacons consisting of a
short dual tone multifrequency (DTMF) signal immediately
followed by a wideband signal. The DTMF signal is similar to
ones used for touch-tone telephone dialing and consists of two
sinusoids, the frequencies of which are used to identify the
robot emitting the sound. We use a digital signal processing
algorithm based upon the Goertzel algorithm [9] that can
efficiently recognize and identify the DTMF signal, even in
the presence of a large amount of noise. Once a DTMF tone
is detected and identified, the sensing robot begins a time
delay estimation algorithm or may respond by emitting its
own sound beacon. In our implementation, the DTMF signal
is successfully identified only if it is detected above a certain
energy threshold for four consecutive 8 ms frames. Since the
DTMF detection algorithm is much less computationally ex-
pensive than the time delay estimation algorithms, it is useful
to gate the more computationally demanding algorithms with
this initial DTMF detection.

B. Estimating relative distance and bearing angle

In our robot platforms, sounds are acquired on stereo
microphones using generic sound hardware with a sampling
rate of 16000 Hz. To obtain accurate relative distance mea-
surements, the clocks on the different sensing robots need to
be synchronized to within a sample period, corresponding
to an uncertainty of approximately 2 cm from the speed
of sound. Unfortunately, conventional network time synchro-
nization algorithms such as NTP cannot provide this accuracy
due to time delays in the underlying network drivers and



Fig. 3. Interaural time difference (At2 — At1) of arrival for measuring the
bearing angle of the sound source.

TCP/IP stack in the robots’ operating system. We instead use
a pair of sound measurements between two robots to estimate
their relative distance as well as their clock differences. Robot
11 initiates a sound beacon which is heard by itself and robot
19 at times ¢;, ;, and ¢;, ;,, using their own respective clocks.
Robot iy responds by emitting its sound beacon which is
subsequently heard by itself and robot 4; at times ¢;, ;, and
ti, i, respectively. The time of flight of the sound between the
two robots can then be accurately calculated using At;, ;, =
Atiz,h = [(ti17i2 - til,il) - (tiQ,iz - tiz,h)}/z

The relative bearing of a robot emitting a sound is estimated
from ITD of arrival of the wideband acoustic signal on the
left and right microphones. As shown in Figure 3, the time
difference of arrival At = Atg — Aty gives the relative
bearing angle of the sound source through:

qbztan*l————,—,—,_—,—,—,—,—,—,—, (D)

where c is the speed of sound, and d is the microphone sep-
aration. Since a sound source located symmetrically behind
the microphones, s’ in Figure 3, gives rise to the same ITD
as one in front of the microphones, s, there will be a front-
back ambiguity in the relative bearing of the robot emitting
the sound.

The accuracy of the relative distance and bearing calcu-
lations is determined by the accuracy of the time delay es-
timates. We employ the generalized cross-correlation (GCC)
method for determining the time-of-arrival of the wideband
signal at the microphones [10]. This method pre-whitens the
spectrum of the measured signal before performing the cross-
correlation computation:

%:argmang—(——————————f————, (2)
f

where X (f) and S(f) are respectively the Fourier transforms
of the measured signal and the known source signal, and
denotes complex conjugation. Because wide-band signals are
used in the sound beacons, this cross-correlation computation
is able to achieve good temporal resolution while being robust
to errors in relatively noisy environments.

Unfortunately, we do not know the optimal source signal
S(f) to use in the cross-correlation computation, due to
uncertainties in the transfer functions of the speaker as well
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as microphones used to generate and measure the sounds.
The wideband signal waveform in the sound beacons are
filtered through these transfer functions, and this modified
source signal needs to be estimated for optimal detection
accuracy. To overcome this difficulty, we employ a newly
developed deconvolution algorithm to initially estimate this
filtered source signal [8]. The algorithm estimates the filtered
sound source signal in addition to the room impulse response
by optimizing

2
i /dt|xm — B (8) % 5% + Am (D hom (),
3)

where M is the total number of measurements for the esti-
mating task, s(t) is the filtered source signal to be estimated,
and h,,(t) is the nonnegative coefficients of the room im-
pulse response associated with the m!" measurement ., (t).
Equation 3 is formulated in a Bayesian framework to infer
the optimal sparsity regularization parameters \,,(t). Using
this estimated source signal in the cross-correlation algorithm
results in better detection and time resolution accuracy in the
acoustic measurements.

III. RAO-BLACKWELLISED PARTICLE FILTER (RBPF)

In this section, we develop the RBPF framework for
estimating the pose states of the robots. In the following, we
assume the number of robots is IV, and the pose state at time
t is given by {x(t),0(t)}, where x(t) = {x;(t)}, are the
translational coordinates and @ = {6;(¢)}, are the heading
angles of the robots. a(t) = {adi(t),agz( )}, denotes the
motion of the robots during the time interval [t — 1,t), with
a rotation ag;(t) followed by a step agq;(f). An acoustic
measurement at time ¢ is given by z(t) = (L), Pnw))
where L, ;) and ¢y ;) are the relative distance and bearing
angles of two robots, with n(t) = {ig, i1} specifying the
indices of the observed and observing robots. The bold
variable t indexes a set of variables from the initial time
t =1 to time {.

The RBPF is similar to other Bayesian filtering al-
gorithms in that it iteratively updates the belief state
P(x(t),0(t)|z(t), a(t),n(t)) using motion and acoustic mea-
surements. It accomplishes this by decomposing the distri-
bution over heading angles 6(t) and translational degrees
of freedom x(t). The heading angles are represented by a
discrete set of IV, particles 6’ (t), each of which is associated
with a conditional distribution over Gaussian translational
variables:

1 .

P(x(t),0(t)) = N, > 8(6(t) — 67 (1) P(x(t)[67(t)). 4)

J

Because the motion and measurement models satisfy the
Markov property, the belief distribution can be iteratively
updated in time:

07 (t) ~ P(6(t)6 (t — 1),a(t)) )



and

P(x(t), 6 (t)]2(t), a(t), n(t)) (6)

= ) Pa(t)x(t), 6" (1), n(t), 1(1))

I(t)
x /dx(t —1)Px()x(t—1),0°(t — 1),a(t))
P(x(t—1),16°(t — 1),2(t — 1),a(t — 1), n(t — 1))

where 7 is a normalization constant, and I(t) = +1 is an
indicator variable denoting whether the bearing angle from
the acoustic measurement corresponds to detecting a robot in
the front or back. Equation 5 depicts the sampling of the new
particles from the motion model, while Equation 6 describes
the joint distribution of a new particle and the translational
coordinates as a product of the measurement model and
motion model. This leads to a EKF algorithm (as detailed
in Section III-A) for updating the mean and covariance of
the translational state belief with respect to this particle, as
well as the marginal probability for estimating the importance
factor of this particle (as detailed in Section III-B):

P(6710) (1) [u(t), a(t), n(t), 1(1))
- / P(x(t), 071D ()](t), a(t), n(t), I(6))dx(t),(7)

where each particle 6 (t) is duplicated into two particles
671 () with I(t) = +1 accounting for the back-front
ambiguity.

A. Updating the mean T (t) and covariance 311 (t) of
P(x(t)|0*1 (1), 2(t), a(t). n(t))

For the [j,1(t)] heading angle particle, the motion model
gives

aqy (t) cos(6,7 (1))
aqy (t) sin(017 (t))
+u/(t) 8

aan (t) cos(On” (£))

aqy (t) sin(On’ (t))
where u/(t) denotes the noise uncertainty in the odometry.
Then, the mean p,_j’l(t)(t) and covariance Z_j’l(t)(t) of
the translational state in the proposal distribution can be
computed from this model.

With a new acoustic measurement of a relative distance
L;,;, and bearing angle ¢;,;,, the distribution over rela-
tive coordinates conditional on the heading angle particle,
PGl (1) = ()61, Liy iy 64, 4, ). can be approx-
imated by a Gaussian with mean zf;l(f)(t) and covariance
RI1(t), where n(t) = {i1,i2} specifies the index of the
observing robot, i1, and the observed robot, is. With this
derived observation, the measurement model is linear:

2,4 (1) = Bx(t) + v (1) ©)
where the matrix B = [0, ..., —I,0...,0, 1,0, ...0] contains the

2 x 2 identity matrix I, and the column positions of —I

665

and I correspond to the indices i; and iy respectively. The
noise term v7/ () (¢) is zero-mean with covariance R7/(®)(¢).
This approximation is more accurate than the standard EKF
approximation, since the mean position p~’ A ) (t) may not
be initially very accurate.

With the motion and measurement model in this form, the
mean and covariance of the conditional Gaussians in RBPF
can be updated using the standard Kalman equations:

Kj,I(t) E—jJ(t)BT(BE—ij(t)BT + RjJ(t))—l
uj,I(t) N_j’l(t) + K (Zf;{i(f) _ Bu_j,l(t))
1) (I — K3+ )71 (10)

where the simple dependency on time ¢ is omitted for brevity.
This update requires inverting 2 X 2 matrices, and is thus very
efficient computationally.

B. Importance  factor — of  particle — w?!'®) =

P61V (1)]z(t), a(t), n(t))

From the derviation in SectionlII-A, we have

P(x(t), 07" (t)|z(t), a(t), n(t))
_ L e eI T L e
(2n|B-21))1/2
]. 1 j, I T j, I\—1 i, I
—3(z”"—Bx)" (R”")™ (2" —Bx)
“Crri)z¢ " D

where the simple dependency on time ¢ is omitted for brevity,
the second line comes from updating the state proposal distri-
bution in the motion model, and the third line is the incorpora-
tion of the measurement observation. The importance weight-
ing of a particle in the RBPF, P(67/(")(1)|z(t), a(t), n(t)),
is computed by integrating Equation 11 over x(¢), yielding:

s W@‘é(z“—Bu*j’I)TQfl<zjv1_B;f“>
7T
(12)
where .
@=Bz"""BT + R (13)

From these importance factors, the resulting particles are
resampled to yield NN, particles, from which the recursion
can be applied to derive the state belief of the next time step.

To summarize the algorithm, at time step ¢ —1, IV, particles
represent possible robot headings with equal weights, 69 (t —
1),j = 1,...,Np, each containing a conditional distribution
over translational positions described by mean p’(t — 1)
and covariance Y7 (¢ — 1). At time step ¢, the belief state is
propagated by first duplicating each particle into two identical
particles to account for the front-back ambiguity originating
from the acoustic bearing measurement. Then, for each of
these particles, the mean and covariance of the translational
degrees of freedom, p/(!)(t) and ¥7-/() (t) respectively, are
updated using the Kalman equations. The importance weights
of the 2 x NN, particles are then estimated, and the particles
are resampled to yield a new set of N, particles that will be
updated at the next iteration.
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Fig. 4. Pose trajectories of the two simulated robots. The numbers 1—
24 indicate the time intervals where the belief states are updated from the
odometry and acoustic measurements. The size of the simulated workspace
is approximately 4600mm x 2400mm.

IV. RESULTS

We present both simulation and experimental results in this
section. The simulation shows how well the RBPF performs
under controlled noise and measurement models, illustrating
the quantitative accuracy of the relative pose estimation
between two robots. In our experiments, we evaluate the
performance of our acoustic measurement processing and
RBPF algorithm on three legged robots in our performance
testbed.

A. Simulation Result

For our simulation, Figure 4 displays the simulated tra-
jectories of two robots. With each time step, robot 1 and
robot 2 are given simulated acoustic measurements giving
relative distance Lo; (or Lis), or relative bearing ¢o; and
¢12. The measurement noise added to the distance estimate
is 0.1L2; and for bearing angle is 0.17m rad. The motion
model for each robot contains noise in the odometry readings
ap, (t) and ag4, (t) with added noise of 0.05 rad and 0.1ag;, (t),
respectively. All measurements are then used to update an
RBPF model to compare localization accuracy with the true
simulated positions.

As the robots move and observe each other, the RBPF is
able to quickly resolve the relative poses of the robots from
unknown initial conditions as shown in Figure 5. Initially
at time step 1, the relative pose of robot 2 is uniformly
distributed across heading angles with a large associated
covariance of the translational state. At time step 2, when
the robots had their first observations of each other, robots
were relatively localized up to a front-back ambiguity orig-
inating from the acoustic measurement as explained in II-
B. Notably, as the robot walked on and the observations
came in, the front-back ambiguity died out and RBPF yielded
precise relative pose estimations, as seen in time steps 3-24
in Figure 5. Meanwhile, Figure 6 shows the means of the
estimated probability distribution of the translation of robot
2 relative to robot 1, compared to the true values.

To further quantify the localization accuracy, we evaluate
the error expectation over the estimated probability distribu-
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Fig. 5. Updates of the pose of robot 2 relative to robot 1. The shading
of the figure indicates uncertainty of the relative translational position of
robot 2. The blue arrow indicates the position and orientation of robot 1.
The red arrows indicate samples from 100 particles in the RBPF, illustrating
the relative heading angles of robot 2. The numerical labels indicate the time
step of the simulation.
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Fig. 6. The localization result of robot 2 relative to robot 1 in the simulation.
The solid line with dots is the true relative translation of robot 2, while
the dashed line with circles is the estimated relative translation. The 1-24
numbers indicate the time steps.

tion, namely,

Np
E.,, = Z/sz —x1 — X, ||PP(x1,%2|67,03)dx1dx2
J

(14)
and

NTJ
Eg,, = Y |03, — 03] (15)
j=1

for relative translation and heading angle, respectively, where
x%l* is the true translation of robot 2 relative to robot 1
given the j*" heading angle particle, and P(x;, xz|9§j ), 9§j ))
is the estimated joint distribution of the translational states.
63, is the estimated relative heading, while 63, is the true one.
Figure 7 shows the error expectation of the estimated relative
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Fig. 7. Error expectation of a) the estimated relative translation, Fy,, (robot
2 relative to robot 1), and b) the estimated relative heading angle, Ey,, .

translation and heading angle at each time step, indicating
the convergence of the relative localization via the RBPF
framework.

The simulation result qualitatively and quantitatively
demonstrated that RBPF is able to resolve the ambiguities
intrinsic to acoustic measurements and yield precise relative
pose localization. The following examines relative pose lo-
calization among rhree real robots using acoustic sensing in
the RBPF framework.

B. Experimental results

In the implementation, we had three Sony AIBO robots,
indexed by 1, 2, and 3, moving around in a court of
3000mmx4000mm and monitored by a overhead camera,
which offered absolute pose information for evaluating the
acoustic localization result. At each time step, each robot
emitted a sound beacon, and the robot with the following
index responded. Note that to illustrate the localization of
a robot that might never be observed directly, we only had
pairwise measurements between robots 1 and 2 and between
2 and 3. No measurements between robot 3 and 1 were used.
Among the measurements, we distinguished valid acoustic
measurements from bad ones by checking the specially en-
coded structure of sound in the acoustic measurement. With
the estimated acoustic source using the relevant deconvolution
algorithm, the measurement yielded estimates of relative
distance and bearing angle with uncertainty of 0.1L,, and
0.3rad, respectively, where L,,, is the relative distance.

Figure 8 shows a cooperative localization result with the
estimated translational poses of robot 2 and robot 3 relative
to robot 1. The acoustic measurements between robot 1
and 2 at all time steps were valid, while the measurements
between robot 2 and 3 were all valid except at time steps
8 and 9. Again, the measurements between robot 3 and 1
were assumed to be unobservable. The localization result
indicates that the robots were able to cooperatively localize
each other in the case where direct relative measurements
were not available, though direct measurements may lead to
more precise localization.

V. DISCUSSION

To summarize, we have developed an RBPF framework for
cooperative robot localization using relative acoustic measure-
ments. Both simulations and preliminary experiments indicate
that the uncertainties and ambiguities in the measurements
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Fig. 8. Cooperative localization result of robot 2 (dark blue dashed line) and
robot 3 (dark red dashed line) relative to robot 1, compared with the relative
poses estimated from a overhead camera (light solid lines). The numbers
indicate the time steps.

can be successfully accounted for using a probabilistic model.
Further experiments are currently underway to further char-
acterize the accuracy of our methods using more robots in a
more complex environment. Hopefully, these algorithms will
enable acoustic sensing, possibly in conjunction with other
types of sensors, to be used for other robot teams.
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