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Abstract. The ability of robots to quickly and accurately localizeitheeigh-
bors is extremely important for robotic teams. Prior apphes typically rely
either on global information provided by GPS, beacons andrtarks, or on
complex local information provided by vision systems. listbaper we describe
our trilateration approach to multi-robot localizationhieh is fully distributed,
inexpensive, and scalable [15]. Our prior research [14li$ed on maintaining
multi-robot formations indoors using trilateration. Tp&per pushes the limits of
our trilateration technology by testing formations of rsbim an outdoor setting
at larger inter-robot distances and higher speeds.

1 Introduction

The main contributions of this paper are: (1) a presentatfaur trilateration approach
to multi-robot localization (i.e., each robot locates itighbors), and (2) a set of ex-
perimental results obtained with our trilateration apptoander outdoor conditions.
These experimental results highlight the advantages odyjgpiroach and clarify its lim-
itations. The outdoor experiments are conducted in an @mirient with varying terrain
(e.g., grass, dirt, and concrete), rocks, protruding wetst, leaves, pine cones and other
ground protrusions. Also, there was a considerable amdulush and wind (over 9 me-
ters per second). Despite this, the robots are able to niraimtgh quality formations.

The organization of this paper is as follows. Section 2 itiees our trilateration ap-
proach to localization, which is fully distributed and asss that each robot has its own
local coordinate frame (i.e., no global information is reqd). Each robot determines
its neighbors’ range and bearing with respect to its own egwic, local coordinate
system. After such localization, sensor values and othierabn be exchanged between
robots in a straightforward manner. Next, sections 3, 4 addsgribe our trilateration
implementation and current robot platforms. Sections 6 aptesent results from our
experiments. Section 8 summarizes and concludes the paper.

2 Localization via Trilateration

The purpose of our trilateration technology is to createugh hardware module to ac-
curately localize neighboring robots, without global inf@ation and/or the use of vision



systems. Our localization technology does not precludeisieeof other technologies.
Beacons, landmarks, vision systems, GPS [6], and pherosrameenot necessary, but
they can be added if desired. It is important to note thatdlateration approach is not
restricted to one particular class of control algorithmsis useful for behavior-based
approaches [1], control-theoretic approaches [2, 3], matbema algorithms [4], and
physicomimetics [5, 16, 17].

In 2D trilateration, the locations of three base points are known as well as the di
tances from each of these three base points to the objectdodlezed. Looked at visu-
ally, 2D trilateration involves finding the location whehaé¢e circles intersect. Thus, to
locate a robot using 2D trilateration the sensing robot rknetv the locations of three
points in its own coordinate system and be able to measutandiss from these three
points to the sensed robot.

2.1 Measuring Distance

Our distance measurement method exploits the fact thatitoawvels significantly more
slowly than light, thereby enabling us to employ a Differefirc Time of Arrival tech-
nigue. To tie this to 2D trilateration, assume that each rdias one radio frequency
(RF) transceiver and three ultrasonic acoustic transdudére ultrasonic transducers
are the “base points.” Suppose robot 2 simultaneously eani®F pulse and an ultra-
sonic acoustic pulse. When robot 1 receives the RF pulseoétlinstantaneously), a
clock on robot 1 starts. When the acoustic pulse is receiyeeagch of the three ul-
trasonic transducers on robot 1, the elapsed times are dethpthese three times are
converted to distances, according to the speed of soun&uBedhe locations of the
acoustic transducers are known, robot 1 is now able to Uageti@tion to compute the
location of robot 2 (precisely, the location of the emittexgpustic transducer on robot
2). Of the three acoustic transducers, all three must bebtaypd receiving, but only
one must be capable of transmitting.

Measuring the elapsed times is not difficult. Since the spdesbund is roughly
340.2 meters per second at standard temperature and greissakes approximately
2.9 ms for sound to travel one meter. Times of this magnitudeasily measured using
inexpensive electronic hardware.

2.2 Channeling Acoustic Energy into a Plane

Ultrasonic acoustic transducers produce a cone of eneogga line perpendicular to
the surface of the transducer. The width of this main lobet{fe inexpensive 40 kHz
transducers used in our implementation) is rougi; To produce acoustic energyin a
2D plane would require 12 acoustic transducers in a ring efttgee base points would
hence require 36 transducers. This is expensive and isaparger drain. We adopted
an alternative approach. Each base point is comprised comsstic transducer point-
ing downward. A parabolic cone [15] is positioned under ttaas$ducer, with its tip
pointing up toward the transducer (see Figure 2 later inghjger). The parabolic cone
acts like a lens. When the transducer is placed at the vilftoed! point” the cone “col-
lects” acoustic energy in the horizontal plane, and foctisissenergy to the receiving



acoustic transducer. Similarly, a cone also functions énréverse, reflecting transmit-
ted acoustic energy into the horizontal plane. This workeeexely well — the acoustic
energy is detectable to a distance of 3.5 m. which is adedoatur needs. Greater
range can be obtained with more power (the scaling appeaesdoite manageable).

2.3 Related Work

Trilateration is a well-known technique for robot localipa. Most approaches (in-
cluding ours) are algebraic, although recently a geometethod was proposed [7].
Many localization techniques, including those involvinigateration, use global coor-
dinates [8]; however ours relies on local coordinates only.

MacArthur [9] presents two different trilateration systerfihe first uses three acous-
tic transducers, but without RF. Localization is based andifferences between dis-
tances rather than the distances themselves. The thregtigdoansducers are arranged
in a line. The second uses two acoustic transducers and RFetteod similar to our
own. Unfortunately, both systems can only localize poiiriffont” of the line.

Cricket [10] is another system that makes use of RF and oliras for localiza-
tion. It was developed to be used indoors. Compared to odersysvhich does not
require fixed beacons, the Cricket requires beacons attdotfexed locations in order
to function. This is not practical for mobile robot localiin in outdoor environments.

Our particular approach was inspired by the CMlillibot project. They also use
RF and acoustic transducers for trilateration. Howevee, @usize limitations, each
Millibot has only one acoustic transducer (coupled withgintiangle cone, rather than
the parabolic cone we use). Hence trilateration is a cotih@ endeavor that involves
several robots. To perform trilateration, a minimum of ghk&illibots must be stationary
and serve as beacons at any moment in time. The set of thtematg robots changes
as the robot team moves. The minimum team size is four rolzotd {s preferably
five). Initialization generally involves having some robobhake L-shaped maneuvers,
in order to disambiguate the localization [11]. Our apploaperates with as few as
two robots (but is scalable to an arbitrary number), dueégtiesence of three acoustic
transducers on each robot (see below).

In terms of functionality, an alternative localization et in robotics is to use
line-of-sight infra-red (IR) transceivers. When IR is rzegl, signal strength provides
an estimate of distance. The IR signal can also be modulafg@dvide communication.
Multiple IR sensors can be used to provide the bearing tortresinitting robot (e.g.,
see [12,13]). We view this method as complementary to our, iawvever, our method
is more appropriate for tasks where greater localizatiaui@zy is required. This is
especially important in outdoor situations where waterovay dust could change the
IR opacity of air. Similar issues arise with the use of carmexad omni-directional
mirrors/lenses, which require far more computational poavel a light source.

3 Our Trilateration Approach

Our trilateration approach to localization is illustraiad=igure 1. Assume two robots,
shown as circles. An RF transceiver is in the center of easbtré&ach robot has three



acoustic transducers (also callete points), labeledA, B, andC. Note that the robot's
local XY coordinate system is aligned with the L-shaped cumftion of the three
acoustic transducers, as shown in the fighlae, Y pointsto the front of the robot.

Robot 2

Robot 1
X

Fig. 1. Three base points in an XY coordinate system pattern.

In Figure 1, robot 2 simultaneously emits an RF pulse and andic pulse from
its transduceB. Robot 1 then measures the distanads, andc. Without loss of gen-
erality, assume that transceiv@of robot 1 is located atr13,415) = (0,0) [15].°3 In
other words, lef be at(0, d), B be at(0, 0), andC be at(d, 0), whered is the distance
betweem andB, and betwee andC (see Figure 1).

For robot 1 to determine the position Bf on robot 2 within its own coordinate
system, it needs to find the simultaneous solution of thredimear equations, the in-
tersecting circles with centers located®gtB andC on robot 1 and respective radii of
a, b, andc:

(z2B — 214)° + (y2B — y14)* = @° 1)
(x2 — 218)* + (y25 — y18)° = V° (2
(zap — 210)? + (Y25 — v10)* = 2 3

Given the transducer configuration shown above, we get [15]:

=+ d U
I2B = T Ya2B = T
An interesting benefit of these equations is that they carirbplified even further, if
one wants to trilaterate purely in hardware [14].

By allowing robots to share coordinate systems, robots camtunicate their in-
formation arbitrarily far throughout a robotic network.rFexample, suppose robot 2
can localize robot 3. Robot 1 can localize only robot 2. IfgbB can also localize
robot 1 (a fair assumption), then by passing this infornmatm robot 1, robot 1 can

3 Subscripts denote the robot number and the acoustic treesdthe transducek on robot 1
is located at{1.4,y14).
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Fig.2. The acoustic transducers and parabolic cones (left). THRFEX&oustic sensor printed
circuit board (middle), and the completed trilaterationdule (top-down view, right).

now determine the position of robot 3. Furthermore, rob@rdations can also be de-
termined. Naturally, localization errors can compoundhaspath through the network
increases in length, but multiple paths can be used to atlevhis problem to some
degree. Heil [15] provides details on these issues.

In addition to localization, our trilateration system cdsoabe used for data ex-
change. Instead of emitting an RF pulse that contains nerrdton but only performs
synchronization, we can also append data to the RF puls@l&ooordinate transfor-
mations allow robot 1 to convert the data from robot 2 (wh&ithe coordinate frame
of robot 2) to its own coordinate frame.

4 Trilateration | mplementation

Figure 2 illustrate how our trilateration framework is emtly implemented in hard-
ware. Figure 2 (left) shows three acoustic transducerstipgidown, with reflective
parabolic cones. The acoustic transducers transmit aet/ee4¢0 kHz acoustic signals.

Figure 2 (middle) shows our in-house acoustic sensor bdded®ted as “XSRF”
boards, forExperimental Sonic Range Finder). There is one XSRF board for each
acoustic transducer. The XSRF board calculates the tinfierélifce between receiving
the RF signal and the acoustic pulse. Each XSRF containgg@rated circuit chips. A
MAX362 chip controls whether the board is in transmit or reeenode. When trans-
mitting, a Microchip PIC microprocessor generates a 40 kblzad. This signal is sent
to an amplifier, which then interfaces with the acoustic$arcer. This generates the
acoustic signal.

In receive mode, a trigger indicates that an RF signal hans heard and that an
acoustic signal is arriving. When the RF is received, the R®Rard starts counting.
To enhance the sensitivity of the XSRF board, three stagaspfification occur. Each
of the three stages is accomplished with a LMC6032 operaltemplifier, providing a
gain of roughly 15 at each stage. Between the second andstiige there is a 40 kHz
bandpass filter to eliminate out-of-bound noise that cath feaaturation. The signal is
then passed to two comparators, set at threshol@is0¥DC. When the acoustic energy



exceeds either threshold, the XSRF board finishes courtidigating the arrival of the
acoustic signal.

The timing counts provided by each of the XSRF boards is senMiniDRAGON*
powered by a Freescale 68HCS12 microprocessor that pesfiirentrilateration cal-
culations. Figure 2 (right) shows the completed trilaieramodule from above. The
MiniDRAGON is outlined near the center and the three XSRFRt®are outlined at
the bottom.

4.1 Synchronization Protocol

Trilateration involves at least two robots. One transntiis acoustic-RF pulse com-
bination, while the others use these pulses to computatférdte) the coordinates of
the transmitting robot. Hence, trilateration is a one-taagnprotocol, allowing multiple
robots to simultaneously trilaterate and determine thé&ipasf the transmitting robot.
Our “token passing” scheme to allow robots to take turnssimatiing is not used for
the experiments in this paper, to simplify the experimeaégign. Only leader/follower
experiments are presented herein.

5 Maxelbot Platforms

Our University of Wyoming “Maxelbot” (hamed after the twoagiuate students who
designed and built the robot) is modular. The platform is aviib, made by The Ma-
chine Lab®. Figure 3 (left) shows four Maxelbots. A primary MiniDRAGQOIs used
for control. It communicates via arfC bus to all other peripherals, allowing us to
plug in new peripherals as needed. Figure 3 (right) showarttgtecture. The primary
MiniDRAGON is the board that drives the motors. It also morstproximity sensors
and shaft encoders. The trilateration module is shown atapef the diagram. This
module controls the RF and acoustic components of trilateraAdditional modules
have been built for digital compasses, thermometers, aachidal plume tracing [14].
The PIC processors provide communication with tH@ bus.

6 Trilateration Accuracy asa Function of Velocity and Distance

In [14] we presented the accuracy of our trilateration témh@ on stationary robots,
to a distance of one meter. In this paper we present resulss ficoving Maxelbot on
a treadmill from 0.5 to 3.5 meters behind a stationary Mastkefilaced ahead of the
treadmill, at two speeds: 0.32 m/s and 0.64 m/s. Hence we aasuming the accuracy
of the performance of the whole system, including the &ilation module and our
physicomimetics control algorithm. The results shown &= meant range of the
error = ideal_distance — measured_distance (in cm), as measured physically with
aruler (see Tables 2 and 1). Above 3.5 m the acoustic sigltidoecause the acoustic
energy falls below the threshold éf 2 VDC and hence is not detected.

4 Produced by Wytec (http://www.evbplus.com/)
5 See http://www.themachinelab.com/MMP-5.html
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Fig. 3. Maxelbots and the architecture.

The mean error in X is very smakk(1%), which means that the side-to-side posi-
tion of the Maxelbot is very close to the desired positiore Titean error in Y is larger,
and at higher distances the Maxelbot lags more behind thieedgsosition (but the
mean error is< 5%). However, note that the range in error is less at the higblecity.
The increased momentum of the robot helps filter sensor noise

Table 1. Mean and range of error of the followers’ X position at diffiat distances and velocities.

Ideal Distance (cm)
50 100 150 200 250 300 350
0.32 m/4/0.0+ 0.2/0.3+ 0.3]-0.3+ 0.3-0.6 + 0.40.6 +- 0.51.9+ 0.6/0.6 + 0.6
0.64 m/4/0.0+ 0.6(0.34+0.3)-1.3+ 0.9-1.0+£1.01.0+ 1.01.9+ 1.1]0.0+ 1.3

Velocity

Table 2. Mean and range of error of the followers’ Y position at diffiat distances and velocities.

Ideal Distance (cm)
50 100 150 200 250 300 350
0.32m/4-1.0+ 1.6 0.0+ 1.3|-1.3+ 2.5-1.94+ 3.2-1.3+ 5.1]-5.0+ 10.2 -5.0+ 7.6
0.64 m/g/-5.7+ 0.6-0.6+ 1.9-3.8+ 2.5(-5.1+ 3.8-3.2+ 4.4-14.0+ 3.8/-16.5+ 3.8

Velocity

7 Outdoor Experiments

This section presents three experiments that test theetalgon system outside. In par-
ticular, the Maxelbots are run in a region in the center ofltméversity of Wyoming



campus. This region consists mostly of grass, of averaggh&icm, interspersed with
concrete sidewalks, trees, rocks, leaves, and other ddihrsgrass hits the bottom of
the Maxelbot. Although generally flat, the ground slope daange rapidly (within 0.6
m), by up t020°, at boundaries. Results presented below are averaged wwéndie-
pendent runs, each taken over a 20 minute interval. The sgfebd robots is approx-
imately 0.55 m/s. For these experiments we are forced tohestitateration readings
themselves as an estimate to the quality of the formatioveristhe accuracy of the
results in the prior section, this is a reasonable and maapproach.

7.1 Accuracy of aLinear Formation

The first experiment has three Maxelbots in a linear forrmatithe purpose of this
experiment was to determine the effect of having the midalet occlude the acoustic
signal between the first and third Maxelbots. The first folbomiddle robot) tries to
keep the leader at (0 cm, 63.5 cm) with respect to its localdinate system. The
second follower tries to keep the leader at (0 cm, 145 cm) wé#pect to its local
coordinate system.

Table 3 summarizes the quality of the results. This firsbf@ér maintains position
quite well. The second follower does exhibit some diffi@dtdue to occlusion, since
it does lag a bit behind the ideal distance. However, evehigidase the distance is
approximately only 10% off from the ideal distance. Alsog #tandard deviation is
acceptably low.

Table 3. Accuracy of the two followers’ X and Y positions in a linearfioation (results in cm).

Ideal | Mean | Std. dev.
Follower1l-X O -1.5 0.8
Followerl-Y| 63.5 | 67.1 1.0
Follower2-X 0 0.3 4.8
Follower2-Y| 145 | 159.8 4.1

7.2 Accuracy of Non-Linear Formations

The second and third experiments examine the effect ofipnsitith respect to the
quality of the results (trilateration accuracy can be affiddoy the difference in the
bearing of one robot with respect to another [15]). We try difterent configurations
of the robots. In the first, there are three robots. The righbdver tries to keep the
leader at (-48 cm, 91 cm) with respect to its local coordisggem. The left follower
tries to keep the leader at (53 cm, 91 cm) with respect to dallocoordinate system. In
the second configuration we use four Maxelbots in a diamonddton. In this latter
experiment the wind speed near the ground ranged from 4 t¢9 m/

Table 4 shows the XY-coordinates derived from the trilgterareadings, for both
configurations. From this table, it can be seen that the mar@ngery close to the ideal.



Table 4. Accuracy of the followers’ X and Y positions in a both fornais (results in cm).

Triangle Diamond
Ideal | Mean | Std. dev.|| Ideal | Mean | Std. dev
Follower1-X -48 | -53.0 3.3 61 62.2 1.8
Followerl-Y| 91 97.8 2.8 61 54.9 2.8
Follower2-X| 53 57.2 4.8 -61 | -64.3 4.3
Follower2-Y| 91 96.0 3.6 61 54.7 3.6
Follower3-X - - - 0 1.0 5.1
Follower3-Y| - - - 122 | 111.8 4.6

The standard deviation is somewhat higher, reflecting theerdifficult environmental
conditions. However, very good formations are maintaingdhle trilateration system
despite ground disturbances, wind, dust, and relativedh speed (Y has at most an
error of roughly 11%). Results are averaged over five indépenruns. Thus far no
position-dependent effects have been noticed (other tistende, as is expected).

7.3 Trilateration Reliability Results

A detailed data analysis has been performed on the retigbilithe trilateration sys-
tem during the outdoor experiments. The RF failure rated%®.The rate at which the
RF pulse is received but acoustic pings are not receivedl(@irae receivers) is only
1%. Almost every acoustic failure was isolated, and not eoasve. Consider the inter-
pretation of these results. Given that acoustic pings areate rate of approximately
four per second (4.17 Hz), this implies that 1% of the time, Mexelbots ran for only
0.25 seconds on old data. Only once were two consecutives jring row not received,
yielding one 0.5 second gap in readings.

Of all of our tests, the factor most important to success Wwase@mperature. Below
roughly & C the electronics failed. Given that our components areuggedized, this
is not surprising.

8 Summary

This paper describes a 2D trilateration framework for thst, faccurate localization
of neighboring robots. The framework uses three acousticsttucers and one RF
transceiver. Our framework is designed to be modular, soitikan be used on differ-
ent robotic platforms, and is not restricted to any particalass of control algorithms.
Although we do not rely on GPS, stationary beacons, or enwiental landmarks, their
use is not precluded. Our framework is fully distributeskxpensive, and scalable.

To illustrate the general utility of our framework, we derstrated the application
of our new robots in outdoor situations. The results fronséhexperiments highlight
the accuracy of our trilateration framework, as well asitgent limitations (range and
environmental temperature). For all of the Maxelbots teind Y positions are within
roughly 11% of the desired values.



Open Source Project URL

The open source URL http://www.cs.uwyo.edwspears/maxelbot provides schematic
details and videos of this project. We thank the Joint GroRobotics Enterprise for
funding portions of this work.
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