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Abstract. The abilit y of robots to quickly and accurately localize their
neighbors is extremely important in swarm robotics. Prior approaches
generally rely either on global information provided by GPS, beacons,
and landmarks, or complex local information provided by vision systems.
In this paper we provide a new technique, based on trilateration. This
system is fully distributed, inexpensive, scalable,and robust. In addition,
the system provides a uni¯ed framework that merges localization with
information exchange between robots. The usefulnessof this framework
is illustrated on a number of applications.

1 Goal of Our Work

Our goal is to create a new \enabling technology" for swarm robotics. Sincethe
concept of \emergent behavior" arisesfrom the local interaction of robots with
their nearby neighbors, it is often crucial that robots know the location of those
neighbors. Becausewe do not want to imposea global coordinate systemon the
swarm, this meansthat each robot must have its own local coordinate system,
and must be able to locate neighbors within that local coordinate frame. In con-
trast to the more traditional robotic localization that focuseson determining the
location of a robot with respect to the coordinate systemimposedby an environ-
ment (\Where am I?" [1]), we focus on the complementary task of determining
the location of nearby robots (\Where are You?"), from an egocentric view.

Naturally , it is useful for robot 1 to know where robot 2 is. It is also useful
for robot 2 to sendrobot 1 somesensorinformation. Combining this knowledge
is imperative { e.g., robot 1 receivessensorinformation from robot 2 at location
(x; y) with respect to robot 1. With our technology this combination of knowledge
is provided very easily. By coupling localization with data exchange,we simplify
the hardware and algorithms neededto accomplishcertain tasks.

It is important to point out that although this work wasmotivated by swarm
robotics, it canbeusedfor many other purposes,including morestandard collab-
orative robotics, and even with teams of humans and robots that interact with
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each other. It is alsonot restricted to oneparticular classof control algorithms {
and in fact would be useful for behavior-based approaches [2], control-theoretic
approaches[3,4], motor schema algorithms [5], and physicomimetics [6].

The purposeof our technology is to create a plug-in hardware module that
provides the capability to accurately localize neighboring robots, without us-
ing global information and/or the use of vision systems.The use of this tech-
nology does not preclude the use of other technologies. Beacons, landmarks,
pheromones,vision systems,and GPS can all be added, if that is required. The
systemdescribed in this paper is intended for usein a 2D environment, however,
extension to 3D is readily achievable.

2 Lo calization

Two methodologies for robot localization are triangulation and trilater ation.
Both methods compute the location of a point (in this case, the location of
a robot) in 2D space.In triangulation , the locations of two \base points" are
known, as well as the interior anglesof a triangle whosevertices comprise the
two basepoints and the object to be localized.The computations are performed
using the Law of Sines.In 2D trilater ation, the locations of three basepoints are
known aswell as the distancesfrom each of thesethree basepoints to the object
to be localized.Looked at visually, 2D trilateration involves¯nding the location
where three circles intersect.

Thus, to locate a remote robot using 2D trilateration the sensingrobot must
know the locations of three points in its own coordinate system and be able to
measuredistancesfrom thesethree points to the remote robot. The con¯guration
of thesepoints is an interesting research question that we examinein this paper.

2.1 Measuring Distance

Our distance measurement method exploits the fact that sound travels signi¯-
cantly more slowly than light, employing a Di®erencein Time of Arriv al tech-
nique. The samemethod is usedto determine the distance to a lightning strike
by measuringthe time betweenseeingthe lightning and hearing the thunder.

To tie this to 2D trilateration, let each robot have one radio frequency(RF)
transceiver and three ultrasonic acoustictransceivers.The ultrasonic transceivers
are the \base points." Supposerobot 2 simultaneously emits an RF pulse and
an ultrasonic acoustic pulse. When robot 1 receives the RF pulse (almost in-
stantaneously), a clock on robot 1 starts. When the acoustic pulse is received
by each of the three ultrasonic transceivers on robot 1, the elapsedtimes are
computed. Thesethree times are converted to distances,according to the speed
of sound. Since the locations of the acoustic transceivers are known, as well as
the distances, robot 1 is now able to use trilateration to compute the location
of robot 2 (precisely, the location of the emitting acoustic transceiver on robot
2). Of the three acoustic transceivers,all three must be capableof receiving, but
only one of the three must be capableof transmission.
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Measuring the elapsed times is not di±cult. Since the speed of sound is
roughly 10870 per second(at standard temperature and pressure),then it takes
approximately 76 microsecondsfor sound to travel 100. Times of this magnitude
are easily measuredusing inexpensive electronic hardware.

2.2 Channeling Acoustic Energy in to a Plane

Ultrasonic acoustic transducers produce a cone of energy along a line perpen-
dicular to the surface of the transducer. The width of this main lobe (for the
inexpensive 40 kHz transducersused in our implementation) is roughly 30±. To
produceacousticenergyin a 2D plane would require 12 acoustictransducersin a
ring. To get three basepoints would hencerequire 36 transducers.This is expen-
siveand is a largepower drain. Wetook an alternativ eapproach. Each basepoint
is comprisedof one acoustic transducer that is pointing down. A parabolic cone
is positioned under the transducer, with its tip pointing up towards the trans-
ducer (seealso Figure 3 later in this paper). The parabolic coneacts like a lens.
When the transducer is placed at the virtual \fo cal point" the cone \collects"
acoustic energy in the horizontal plane, and focusesthis energy to the receiv-
ing acoustic transceiver. Similarly, a conealso functions in the reverse,re°ecting
transmitted acousticenergyinto the horizontal plane. This works extremely well
{ the acoustic energy is detectable to a distance of about 70, which is more than
adequatefor our own particular needs.Greater rangecan be obtained with more
power (the scaling appears to be very manageable).

2.3 Related W ork

Our work is motivated by the CMU Mil libot project. They also use RF and
acoustic transducers to perform trilateration. However, due to the very small
size of their robots, each Millib ot can only carry one acoustic transducer (cou-
pled with a right-angle cone, rather than the parabolic cone we use). Hence
trilateration is a collaborative endeavor that involvesseveral robots. To perform
trilateration, a minimum of three Millib ots must be stationary (and serve as
beacons)at any moment in time. The set of three stationary robots changesas
the robot team moves. The minimum team size is four robots (and is prefer-
ably ¯v e). Initialization generally involveshaving somerobots make \L-shap ed"
maneuvers, in order to disambiguate the localization [7].

MacArth ur [8] presents two di®erent trilateration systems. The ¯rst uses
three acoustic transducers,but without RF. Localization is basedon the di®er-
encesbetweendistancesrather than the distancesthemselves.The three acoustic
transducersare arrangedin a line. The secondusestwo acoustic transducersand
RF in a method similar to our own. Unfortunately, both systemscanonly localize
points \in front" of the line, not behind it.

In terms of functionalit y, an alternativ e localization method in robotics is
to use line-of-sight IR transceivers. When IR is received, signal strength pro-
vides an estimate of distance. The IR signal can also be modulated to provide
communication. Multiple IR sensorscan be used to provide the bearing to the
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transmitting robot (e.g., see [9,10]). We view this method as complementary
to our own, but that our method is more appropriate for tasks where greater
localization accuracy is required. This will be especially important in outdoor
situations wherewater vapor or dust could changethe IR opacity of air. Similar
issuesarise with the useof camerasand omni-directional mirrors/lenses, which
also requires far more computational power and a light source.

2.4 Trilateration Metho d I

As mentioned above, the location of the \base points" is a signi¯cant research
issue.The intuitiv ely obvious placement, due to symmetry considerations,is at
the vertices of an equilateral triangle. This is shown in Figure 1. Two robots are
shown. The two large circles represent the robots (and the small open circles
represent their centers). Assume the RF transceiver for each robot is at its
center. The acoustic transceivers are labeled A , B , and C. Each robot has an
XY coordinate system, as indicated in the ¯gure.
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Fig. 1. Three basepoints in an equilateral triangle pattern.

In Figure 1, robot 2 simultaneously emits an RF pulse and an acousticpulse
from its transceiver B . Robot 1 then measuresthe distancesa, b, and c. Without
lossof generality, assumethat transceiver B of robot 1 is located at (x1B ; y1B ) =
(0; 0) [11]. Solving for the position of B on robot 2, with respect to robot 1,
involvesthe simultaneous solution of three nonlinear equations, the intersecting
circles with centers located at A , B and C on robot 1 and respective radii of a,
b, and c:1

(x2B ¡ x1A )2 + (y2B ¡ y1A )2 = a2 (1)

(x2B ¡ x1B )2 + (y2B ¡ y1B )2 = b2 (2)

(x2B ¡ x1C )2 + (y2B ¡ y1C )2 = c2 (3)

1 Subscripts denote the robot number and the acoustic transducer. The transducer A
on robot 1 is located at (x1A ; y1A ).
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The form of these equations allows for cancellation of the nonlinearity, and
simple algebraicmanipulation yields the following simultaneous linear equations
in the unknowns:

·
x1C y1C

x1A y1A

¸ ·
x2B

y2B

¸
=

·
(b2 + x1C

2 + y1C
2 ¡ c2)=2

(b2 + x1A
2 + y1A

2 ¡ a2)=2

¸

With the basepoints at the vertices of an equilateral triangle, the coe±cient

matrix can be given by
·
1=2

p
3=2

1=2 ¡
p

3=2

¸
. Unfortunately, the solution to these

simultaneous trilateration equationsare somewhatcomplex and inelegant. Also,
the condition number of the coe±cient matrix is

p
3. The condition number of a

matrix is a measureof the sensitivity of the matrix to numerical operations.Since
distance measurements are quantized and noisy, the goal is to have a condition
number near the optimum, which is 1.0 (i.e., the matrix is well-conditioned).

2.5 Trilateration Metho d I I

There is a better placement for the acoustic transducers(basepoints). Let A be
at (0; d), B be at (0; 0), and C be at (d;0), where d is the distance betweenA
and B , and between B and C (seeFigure 2). Assumethat robot 2 emits from
its transducer B .
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Fig. 2. Three basepoints in an XY coordinate system pattern.

The trilateration equations turn out to be surprisingly simple (see[11]):

x2B =
b2 ¡ c2 + d2

2d
y2B =

b2 ¡ a2 + d2

2d

A very nice aspect of theseequations is that they can be simpli¯ed even fur-
ther, if onewants to trilaterate purely in hardware. Sincesquaring (or any other
kind of multiplication) is an expensive processin hardware, we can minimize the
number of multiplications and divisions as follows:

x2B =
·

(b+ c)(b¡ c)
d

+ d
¸

À 1 y2B =
·

(b+ a)(b¡ a)
d

+ d
¸

À 1
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where \ À 1" is a binary \righ t-shift by 1".
With the basepoints in this con¯guration, the coe±cient matrix is the iden-

tit y matrix, and hence has a condition number of 1.0. Thus not only is the
solution elegant, but the system is well-conditioned. Further analysis of our tri-
lateration framework indicates that, as would be expected, error is reduced by
increasing\base-line" distance d (our robots have d equal to 600). Error can also
be reducedby increasing the clock speedof our trilateration module (although
range will decreasecorrespondingly, due to counter size).

By allowing robots to share coordinate systems, robots can communicate
their information arbitrarily far throughout the swarm network. For example,
supposerobot 2 can localize robot 3. Robot 1 can localize only robot 2. If robot
2 can also localize robot 1 (a fair assumption), then by passingthis information
to robot 1, robot 1 can now determine the position of robot 3. Furthermore, the
orientations of the robots can also be determined. Naturally , localization errors
can compound asthe path through the network increasesin length, but multiple
paths can be used to alleviate this problem to somedegree.Heil [11] provides
details on theseissues.

2.6 Trilateration Metho d I I + Comm unication

Thus far we have only discussedissuesof localization by using trilateration.
Trilateration method I I provides simplicit y of implementation with robustness
in the face of sensor noise. However, we have not yet discussedthe issue of
merging localization with data exchange.The framework makesthe resolution of
this issuestraightforward. Instead of simply emitting an RF pulse that contains
no information but serves merely to synchronize the trilateration mechanism,
we can also append data to the RF pulse. With this simple extension, robot
2 can send data to robot 1, and when the trilateration is complete, robot 1
knows the location of robot 2, and has received the data from robot 2. Simple
coordinate transformations allow robot 1 to convert the data from robot 2 (which
is in the coordinate frame of robot 2) to its own coordinate frame, if this is
necessary. Trilateration method I I with communication is assumedthroughout
the remainder of this paper.

3 Trilateration Implemen tation

3.1 Trilateration Hardw are

Figure 3 illustrates how our trilateration framework is currently implemented in
hardware. The left ¯gure shows two acoustictransducerspointing down, with re-
°ectiv e parabolic cones.The acoustictransducersare specially tuned to transmit
and receive 40 kHz acoustic signals.

Figure 3 (middle) shows our in-house acoustic sensor boards (denoted as
\XSRF" boards, for Experimental Sensor Range Finder ). There is one XSRF
board for each acoustic transducer. The XSRF board calculates the time dif-
ference between receiving the RF signal and the acoustic pulse. Each XSRF
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Fig. 3. Imp ortant hardware components: (left) acoustic transducers and parabolic
cones,(middle) the XSRF acoustic sensorprin ted circuit board, and (righ t) the com-
pleted trilateration module (beta-version top-down view).

contains 7 integrated circuit chips. A MAX362 chip controls whether the board
is in transmit or receive mode. When transmitting, a PIC microprocessorgen-
eratesa 40 kHz signal. This signal is sent to an ampli¯er, which then interfaces
with the acoustic transducer. This generatesthe acoustic signal.

In receive mode a trigger indicates that an RF signal has been heard, and
that an acoustic signal is arriving. When the RF signal is received, the PIC
starts counting. To enhancethe sensitivity of the XSRF board, three stagesof
ampli¯cation occur. Each of the three stagesis accomplishedwith a LMC6032
operational ampli¯er, providing a gain of roughly 15 at each stage.Betweenthe
secondand third stage is a 40 kHz bandpass¯lter to eliminate out-of-bound
noise that can lead to saturation. The signal is passedto two comparators, set
at thresholds of § 2V. When the acoustic energy exceedseither threshold, the
PIC processor¯nishes counting, indicating the arrival of the acoustic signal.

This timing count provided by each PIC (one for each XSRF) is sent to a
MiniDRA GON2 68HC12 microprocessor.The MiniDRA GON performs the tri-
lateration calculations. Figure 3 (right) shows the completed trilateration mod-
ule, as viewed from above. The MiniDRA GON is outlined in the center.

3.2 Sync hronization Proto col

The trilateration system involves at least two robots. One robot transmits the
acoustic-RF pulse combination, while the others use these pulses to compute
(trilaterate) the coordinates of the transmitting robot. Hence,trilateration is a
one-to-many protocol, allowing multiple robots to simultaneously trilaterate and
determine the position of the transmitting robot.

The purposeof trilateration is to allow all robots to determine the position
of all of their neighbors. For this to be possible, the robots must take turns

2 Produced by Wytec (http://www.evbplus.com/)
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transmitting. For our current implementation we use a protocol that is similar
to a tokenpassingprotocol. Each robot hasa unique hardwareencodedID. When
a robot is transmitting it sendsits own ID. As soon as the neighboring robots
receive this ID they increment the ID by oneand compareit with their own ID.
The robot that matches the two IDs is consideredto have the token and will
transmit next. The other robots will continueto trilaterate. Each robot maintains
a data structure with the coordinate information, aswell asany additional sensor
information, of every neighboring robot.

Although this current protocol is distributed, there area fewproblemswith it.
First, it assumesthat all robots know how many robots are in the swarm. Second,
the removal or failure of a robot can causeall robots to pause,as they wait for
the transmission of that robot. We are currently working on new protocols to
rectify theseissues.

Fig. 4. The architecture of the Version 1.0 Maxelbot.

4 The Maxelb ot

Our University of Wyoming \Maxelb ot" (named after the two graduate students
that designedand built the robot) is modular. A primary MiniDRA GON is used
for control of the robot. It communicatesvia an I2C bus to all other peripherals,
allowing us to plug in newperipheralsasneeded.Figure 4 shows the architecture.
The primary MiniDRA GON is the board that drivesthe motors. It alsomonitors
proximit y sensorsand shaft encoders. The trilateration module is shown at the
top of the diagram. This module controls the RF and acoustic components of
trilateration. Additional moduleshave beenbuilt for digital compassesand ther-
mometers. The PIC processorsprovide communication with the I2C bus. The
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Fig. 5. The Version 1.0 Maxelbot itself.

last module is being built especially for the purposeof chemical plume tracing
(i.e., following a chemical plume back to its source). It is composedof multiple
chemical sensors,and sensorsto measurewind speed and direction. Chemical
plume tracing algorithms will run on the additional dedicated MiniDRA GON.
The completed Maxelbot is shown in Figure 5.

5 Exp erimen ts and Demonstrations

The following subsectionsillustrate di®erent exemplar tasks that we can perform
by using the trilateration framework. It is important to note that given the small
number of Maxelbots currently built (three) most of these tasks are not swarm
tasks per se.Also, most of our control algorithms are currently behavior-based,
and are generally not novel. However, it is important to keep in mind that the
point of the demonstrations is (1) to test and debug our hardware, and (2) to
show the utilit y and functionalit y of the trilateration framework.

5.1 Accuracy Exp erimen t

To test the accuracy of the trilateration module, we placed a robot on our lab
°oor, with transducer B at (000; 000). Then we placed an emitter along 24 grid
points from (¡ 2400; ¡ 2400) to (2400; 2400). The results are shown in Figure 6. The
averageerror over all grid points is very low { 0:600, with a minimum of 0:100and
a maximum of 1:200.

5.2 Linear Formations

Wearecurrently investigating the utilit y of linear formations of robots in corridor-
like environments, such as sewers, pipes,ducts, etc. As stated above, each robot
has a unique ID. Robot 0 is the leader. Robot 1 follows the leader. Robot 2 fol-
lows robot 1. Initially , the three robots are positioned in a line in the following
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Fig. 6. The perceived location of the emitter, versus the actual location.

order: robot 0, robot 1, robot 2, with robot 0 being at the head of the line. The
distance betweenthe neighboring robots is 1200.

The behavior is asfollows.Robot 0 movesforward in a right curved tra jectory
(for the sake of making the demonstration more interesting). Robot 0 continually
monitors how far behind robot 1 is. If the distance behind is greater than 1400,
then robot 0 will stop, waiting for robot 1 to catch up. Robot 1 adjusts its
own position to maintain robot 0 at coordinates (000; 1200) relative to its own
coordinate system. Robot 2 acts the same way with respect to robot 1 (see
Figure 7). The robots maintained the correct separationvery well, while moving.

Fig. 7. Three Maxelbots in linear formation.

5.3 Box/Bab y Pulling

Another emphasisin our research is search and rescue.We have successfullyused
two robots to push (or pull) an unevenly weighted box acrossour lab. However,
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the friction of the box on the °oor results in slippage of the robot tires. This
produces random rotations of the box. Instead, Figure 8 shows a three robot
approach, where one of the robots is not in physical contact with the box.

Fig. 8. Three Maxelbots pulling a \bab y" to safety.

The behavior is as follows. Three robots are initialized in a triangular forma-
tion. Robot 0 is the leading robot while the remaining two robots stay behind
the leader. Robot 1 positions itself such that the leader is at (2400; 2400). Robot
2 positions itself such that the leader is at (¡ 1800; 2400). The asymmetric x val-
uesare usedto compensatefor the 600baselinebetweentransducers,yielding an
isoscelestriangle. Robot 0 moves forward along a left curved tra jectory. Robot
0 continually monitors robot 1 and robot 2. If either of the two robots falls be-
hind, robot 0 will stop and wait for both of the robots to be within the desired
distance of 3400. Note that while robots 1 and 2 are tethered to the baby basket,
robot 0 is not. Hencerobot 0 (with the other two robots and the basket) follows
a fairly well-controlled tra jectory, subject to the limits of the accuracy of our
shaft encoders and standard slippage.

5.4 Ph ysicomimetics Formations for Chemical Plume Tracing

As a test of our hardware using a true swarm control algorithm, we implemented
arti¯cial physics (AP) on the robots [6]. Figure 9 shows three Maxelbots self-
organizing into an equilateral triangle.

As hasbeenshown in prior work [6,12] a goal force can be applied to AP for-
mations, such that the formation movestowards the goal, without breaking the
formation apart. We have useda light sourcefor our goal, and have had success
using the digital compassto drive the formation in a given direction. Sinceoneof
our research thrusts is chemical plume tracing (CPT) [13], we intend to usethe
CPT module (described above) as our goal force. The objective of CPT is to lo-
cate the source(e.g. a leaking pipe) of a hazardousairborne plume by measuring
°ow properties, such as toxin concentration and wind speed.Simulation studies
in [13] suggestedthat faster and more accurate source localization is possible
with collaborating plume-tracing vehicles.We constructed the CPT module to
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Fig. 9. Three Maxelbots using AP to self-organize into an equilateral triangle.

test this hypothesis on real ethanol plumes. In this section, we compare CPT
performanceof a singleMaxelbot implementation againsta distributed approach
using three Maxelbots.

As the trace chemicalweemploy ethanol, a volatile organiccompound (VOC),
and measurethe chemicalconcentration usingFigaro TGS2620metal-oxide VOC
sensors.The single Maxelbot carries four of thesesensors,mounted at each cor-
ner, while there areonly three chemicalsensorsin the distributed implementation
{ onesensorper Maxelbot. In both versions,the HCS12microprocessorperforms
analog-to-digital conversion of sensoroutput, and then navigates according to
a CPT strategy. We employ one of the most widely-used CPT strategiescalled
chemotaxis, which advancesthe vehiclein the direction of an increasingchemical
gradient.

For our ¯rst experiment, we performed 23 CPT evaluation experiments in a
small 60 £ 110 room, using an ethanol-¯lled °ask as the chemical source,with
the single, more capableMaxelbot. The separation between the sourceand the
starting location of the Maxelbot was7:50 on average.Each run terminated when
the Maxelbot came within 500of the ethanol °ask (a CPT success), or after 30
minutes of unsuccessfulplume tracing. Of the 23 test runs, 17 weresuccessfulin
locating the source(a 74% successrate), with the averagelocalization time of
18 minutes (¾t = 6:2 minutes). Theseresults are consistent with those reported
in the literature [14], although our de¯nition of a CPT successis decidedly more
stringent than the typical completion criterion usedby others.

For our secondexperiment we useda much larger 250 £ 250 indoor environ-
ment. This environment is far more di±cult { out of 9 trials, the singleMaxelbot
only succeededtwice, for a successrate of 22.2%. The variance in the time to
successwas very large; 3:30 and 17:30minutes respectively (¾t = 9:9 minutes).
A typical movement trace is shown in Figure 10 (left). The Maxelbot's path
indicates that it is having a very di±cult time following the chemical gradient
in this larger environment.

For our third experiment, we ran 10 experiments with the distributed Max-
elbot implementation. As mentioned above, each of three Maxelbots carriesonly
onechemical sensor.A triangular formation is maintained by the AP algorithm.
Each Maxelbot sharesthe chemical sensorinformation with its neighbors, and
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Fig. 10. Visualization of a sample CPT trace for each implementation. The large,
dark rectangular blocks are obstacles (i.e., bulky laboratory equipment); the emitter
is shown with the diamond shape, and each Maxelbot is depicted as a triangle. The
Maxelbot path is drawn using a lightly-shaded line; for the multi-Maxelb ot trace, the
singular path is computed by averaging the locations of the three Maxelbots.

then each Maxelbot independently computesthe direction to move. Becausethe
formation force is stronger than the goal force, the formation remains intact,
and serves as a mechanism for moving the formation along a consensusroute.
Despite the fact that each Maxelbot sensesfar lesschemical information than
before (and the total number of chemical sensorshas decreasedfrom four to
three), performanceincreasedmarkedly! Out of 10 trials, the distributed imple-
mentation successfullyfound the chemical sourcesix times, for a 60% success
rate. Also, this implementation showed a far more consistent sourceemitter ap-
proach pattern, with an averagesearch time of just seven minutes (and ¾t = 5:8
minutes). A typical path can be seenin Figure 10 (right). Snapshotsof an actual
run can be seenin Figure 11.

Fig. 11. Three Maxelbot CPT test run; robots are moving from left to right.
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Metric Single Maxelb ot Three Maxelb ots
SuccessRate 22.2% 60.0%
Search Time 630.0 sec(¾= 594:0) 415.0 sec(¾= 349:4)
Contact Duration 532.5 sec(¾= 668:2) 677.5 sec(¾= 361:2)

Table 1. CPT performancemeasuresfor both implementations: the swarm-basedMax-
elbot implementation outperforms the single Maxelbot version on each evaluation met-
ric (standard deviation values are given in parenthesis).

Performance statistics for each CPT implementation are given in Table 1.
Successrate is simply the percentage of trials in which a Maxelbot drove within
one foot of the emitter. Search time is a measureof how long it took for the
Maxelbots to ¯nd the emitter, computed for trials where the emitter was found.
The contact duration is the total length of time that a Maxelbot was within one
foot of the chemical emitter. To make the comparison fair for both implemen-
tations, the duration given for the Maxelbot swarm implementation includes at
most one Maxelbot per time step. In practice, however, there is great value in
having multiple Maxelbots near the emitter, for instance in order to identify a
potential sourceand then extinguish it [13]. To place this in perspective, for the
distributed implementation, when oneMaxelbot is near the source,all three are
near the source. However, if one is using the single Maxelbot implementation
the successrate is 22.2%.Hence, the probabilit y of having three of these inde-
pendent non-collaborating robots near the sourceis approximately 1% (0:2223),
as opposedto a successrate of 60%.

6 Summary

This paper describesa novel 2D trilateration framework for the accurate local-
ization of neighboring robots. The framework usesthree acoustic transceivers
and one RF transceiver. By also using the RF to exchangeinformation between
robots, we couple localization with data exchange. Our framework is designed
to be modular, so that it can be used on di®erent robotic platforms, and is
not restricted to any particular classof control algorithms. Although we do not
rely on GPS, stationary beacons,or environmental landmarks, their use is not
precluded.Our framework is fully distributed, inexpensive, scalable,and robust.

There are several advantagesto our framework. First, the basic trilateration
equationsare elegant and could be implemented purely in hardware. Second,the
systemis well-conditioned, indicating minimal sensitivity to measurement error.
Third, it should provide greater localization accuracythan IR localization meth-
ods, especially in outdoor situations. The quality of the accuracy is con¯rmed
via empirical tests.

To illustrate the general utilit y of our framework, we demonstrate the ap-
plication of three of our robots on three di®erent tasks: linear formations, box
pulling, and geometric formation control for chemical plume tracing. The trilat-
eration hardware performed well on all three tasks. The ¯rst two tasks utilize
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behavior-based control algorithms, while the latter usesarti¯cial physics (AP).
The latter is especially interesting, becauseit demonstrates the application of
a true swarm-basedcontrol algorithm. One of our primary research interests is
chemical plume tracing, using AP. In order to accomplish this task, a special
chemical sensingmodule has also been built in-house. On the third task AP is
combined with the chemical sensingmodule to perform chemical plume trac-
ing. Experimental results indicate that a small swarm of lesscapableMaxelbots
easily outperforms one more capableMaxelbot.

Op en Source Pro ject URL

http://www.cs.u wyo.edu/» wspears/maxelbot provides details on this project.
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