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Abstract

The costs of developing mobile robot teams can be reduced if they are designedto exploit
swarm techniques. In this methodology many simple homogeneousunits solve complex tasks
through emergent behavior. The challenge lies in selecting an appropriate control strategy for
the individual units. Complexity in designcostsboth moneyand time, therefore a control strat-
egyshould be just complexenoughto perform the task successfullyin a variety of environments,
relative to someperformancemeasure.To explore the e®ectsof control strategiesand environ-
mental factors on performance,we have conducted two sets of foraging experiments using real
robots (the Minnesota Distributed Autonomous Robotic Team). The ¯rst set of experiments
tested the e±cacy of localization capabilities, in addition to the e®ectsof team sizeand target
distribution. The secondset tested the e±cacy of communication. We found that more complex
control strategies do not necessarilyimprove task completion times, however they can reduce
variance in performancemeasures.This can be valuable information for designerswho needto
assessthe potential costsand bene¯ts of increasedcomplexity in design.

1 In tro duction

Designinga distributed robotic systemusing swarm techniques,whereby simple homogeneousunits
solve a complex task through emergent behavior, is an attractiv e engineeringsolution for many
reasons[Bonabeauet al., 1999]. Analogousto software design,there are obvious advantagesto this
modular approach, including reducing a complex task to a simpler, more manageableone. There
also arises a natural redundancy in the resultant system, as well as the abilit y to scale to task
with minimal tractabilit y issues[Easton and Martinoli, 2002]. The di±cult y lies in determining an
appropriate robot control strategy for a given task.

The key in designing such a distributed system is to create an individual that is just smart
enough,or just complexenough,to solve the problem. Complexity comesat a price, both in money
and time, and by minimizing the complexity, thus the cost, we hope to create a simple, e±cient,
and tractable system. Of coursethe question is \Ho w smart, is smart enough?". In a generalsense,
we believe this is a di±cult question to answer, because,not only is the e±cacy of a control strategy
dependent on the speci¯c task, but also on the environment in which the task is performed.

In exploring the e®ectsof environmental factors and control strategies, we conducted a series
of experiments on real robots, the Minnesota Distributed Autonomous Robot Team (MinD ART),
shown in Figure 1. While there are many tasks that could serve as a testbed (e.g. box-pushing,
mapping, and distributed sensorarray), we choseforaging. In our versionof the task, robots locate
a target in an enclosedarena, pick up the target, and then drop it o®at a designatedhome base.
We used this task in two sets of experiments, whereby we evaluated task performancerelative to
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team size, target distribution, and control strategy. In the ¯rst set of experiments, we considered
the e±cacy of using localization, in addition to the performance e®ectsof team size and target
distribution. In the secondset, we tested control strategies using communication. In both sets
of experiments, it was our hypothesis that the performance would improve (i.e. task completion
times would decrease)with the abilit y to localizeor to communicate. We learned that this wasnot
necessarilythe case,however, wealsolearnedthat wecould minimize varianceof the task completion
times using these more complex control strategies. Our ¯ndings can be valuable information for
designers,becausetypically complex control strategies take more time to design and implement,
more CPU-time to carry-out (thus more battery power), and often require specializedequipment.
These costs may be di±cult to justify , unless the task requires more consistencyin performance
results.

We would like to emphasizethat all of our experiments were conducted with real robots. We
contend that a rigorous study of system designwarrants physical robots, as opposedto simulated,
to examinethe unforeseene®ectsof an embodied control strategy. We will further discussthis issue
of real versussimulated in the following section.

Figure 1: The Minnesota Distributed Autonomous Robotics Team (MinD ART) with the infrared
targets in front and colored landmarks in back. The MinD ART robots searched for the infrared
emitting targets in a search and retrieval task. Landmarks were usedfor homing and localization.

2 Related Work

Most research with multiple robots has focusedon various forms of collaborative work as detailed,
for instance, in [Arkin and Bekey, 1997,Cao et al., 1997,Dudek et al., 2002]. While collaboration
may be essential for sometasks, we are interested in studying tasks that can be done by a single
robot, but where using multiple robots can potentially increaseperformance by decreasingthe
time to complete the task and/or by increasing the reliabilit y. Sample tasks include mapping a
large area [Thrun, 2001], placing a distributed sensornetwork [Earon et al., 2001], and cleaningup
trash [Parker, 1996].

2



Trash collecting is an example of foraging, which is a widely used testbed application for dis-
tributed systems,for example[Carpin et al., 2002,Drogoul and Ferber, 1992,Goldbergand Mataric,
2002] and our previous work [Rybski et al., 1998,Rybski et al., 2002]. In addition to theseexperi-
mental studies, researchers have developed predictive models of foraging behavior. In [Martinoli et
al., 1999], a probabilistic model was developed and veri¯ed using simulation and somereal robot
experiments. Similarly in [Lerman and Galstyan, 2002], a mathematical model was developed
and used to study the e®ectsof interference among robots. Optimal foraging theory models are
mathematical models used in biology to model foraging behaviors of animals [de Bourcier, 1996,
Seth, 2000].

The e®ectof group size on performance has been well studied. For instance, [Hayes, 2002]
presents a quantitativ eanalysisof the tradeo®sbetweengroup sizeand e±ciency in collectivesearch
tasks. The analysis can be used to predict the optimal number of robots required to complete a
task in the most e±cient way. The study was done only using simulation.

In [Hayeset al., 2000] simulated and real exploration strategiesare comparedon an exploration
problem whererobots start on onesideof an arenaand have to reach a target areaon the other side.
The study comparesreal robots, a sensorbasedsimulation, and a probabilistic simulation model
with the objectiveof assessingthe consistencybetweensimulation and real robots. The performance
(how long it takes for all the robots to reach the target area) is analyzed for di®erent number of
robots and for collaborative robots versusnon collaborative robots, where a collaborative robot is
one that turns on its own beaconas soon as it seesthe beaconin the target area. Collaborative
robots perform consistently better than non collaborative robots. However, the performancequickly
reachesa plateau which stays constant even when the number of robots increases.

There have also beena handful of studies to evaluate the e±cacy of communication strategies
applied to the foraging task. Balch and Arkin [Balch and Arkin, 1994] conducted an extensive in-
vestigation into the impact of various communication strategieson three separatetasks, including
foraging. Communication strategieswere basedon indirect communication basedon cuesfrom the
environment. (This form of communication, called stygmergy in the biology literature, is commonly
used in robotics, for example in [Arkin, 1992,Beckers et al., 1994,Michaud and Yu, 1999].) Sug-
awara et al. [Sugawara and Watanabe, 2002, Sugawara et al., 1999] also looked at the e®ectsof
indirect communication in regardsto collection patterns and team e±ciency using both experimen-
tal results and a mathematical model. The conclusionof both is that communication can improve
performance.

It is reasonableto assumethat communication will assist in foraging, sinceit is a strategy that
hasevolved in nature. It is widely known that bees\dance" to communicate the direction of pollen
sources[Seeley, 1989] and ants communicate the location of prey with pheromonetrails [HÄolldobler
and Wilson, 1978]. To our knowledge, biologically-inspired communication strategies for foraging
on small scale robots have yet to provide performance improvements as predicted by the above
mentioned work.

In those studies, the majorit y of the experiments were conducted in simulation and were not
fully implemented on real robots. Simulation is important to establish the potential of control
and communication strategies,but our results serve as a caution to designers,that simulation may
be deceiving. Easton and Martinoli [Easton and Martinoli, 2002] had similar ¯ndings in a stick
pulling experiment using Khepera robots and its simulation environment Webots. They found
that the real robot performancewas consistently (and we would say signi¯cantly) lower than the
predicted performance basedon simulation. They attribute this discrepancy to sensorerror and
robot entanglement. It has often been shown (see,for instance, [Drogoul and Ferber, 1992]) that
small changesin the behaviors of an individual robot can greatly modify the global behavior of the
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group.
We are interestedin studying the problem of robot control strategiesfrom a rigorous experimen-

tal standpoint. We want to examinethe kinds of unforeseene®ects(such as robot entanglement or
hardware malfunction) that are causedby the implementation of algorithms on real robots. Such
details may be overlooked or be impractical to implement in a simulation study. While someof
the observed e®ectsmay be unique to our hardware, we hope that by analyzing the data from real
robots we can uncover caseswhere the performancedeviates from the expected norm.

We've observed this di±cult y in earlier research involving reinforcement learning [Hougenet al.,
1998] on real robots where we were training a robot to solve a nonlinear control problem. Setting
up the experimental environment so that the robot would seea proper set of training exampleswas
much more di±cult to do than previous simulation work suggested.

3 Rob otic Hardw are

Each MinD ART robot, as seencloseup in Figure 2, is constructed out of LEGO Technic blocks,
which are lightweight, easy to work with, and ideal for rapid protot yping. The chassisis a dual-
treaded skid-steer design,allowing the robot to turn in place. The gripper is an articulated cargo
bay that graspsand transports targets. Bumpers,which areusedfor obstacleavoidance,are located
both just beyond the front of a robot's treads and on the back. Infrared sensorsare mounted on
each sideof the robot and in the front to detect targets. Targetstransmit an omnidirectional stream
of infrared light (modulated at 40 KHz) that is detectable at a range of approximately 70 cm. A
light-bulb beaconservesas communication among robots.

To detect beaconactivation and to identify landmarks for homing, a CMUCam [Rowe et al.,
2002] is mounted on top of a servo-controlled turret. The CMUCam is a small CMOS-based
digital cameraattached to a Scenix SX microprocessorwhich captures frames and performs color
segmentation on the image. Blob statistics of 2-3 frames per secondare computed and sent to the
robot's on-board computer, the Handyboard [Martin, 1998]. The frame rate is a limitation of the
slow serial port (9600bps) and clock speedof the Handyboard, which is a 2MHz MC68HC11-based
microcontroller with 32K of RAM. Power is provided to the cameraand Handyboard by two 9.6V
NiCad battery packs.

In our initial experiments that tested the e±cacy of localization, the robots were equipped
with cadmium sul¯de (CdS) photoresistors to detect the presenceof light bulb landmarks, which
were used for homing and localizing. Light bulb landmarks complicate localization becausethey
are indistinguishable from one another. Localization time is reduced when using the CMUCam
becauselandmarks can be employed that are uniquely identi¯able by color.

4 Rob ot Soft ware

Developed in the multi-tasking languageInteractive-C 3.1 [Wright et al., 1996], the control soft-
ware consists of a set of parallel sensory-motor behavior processes,similar to the subsumption
algorithm [Brooks, 1986]. Each processis responsible for handling one segment of the robot's con-
trol code by mapping sensorsto actuators. When a processis activated by a sensor(e.g. when
collision detection is activated by a depressedbumper), it tries to control the actuators. In order
to resolve con°icts between processesrunning in parallel, each processis given a unique priorit y
and control of the robot goes to the processwith the highest priorit y. Subsetsof sensory-motor
behaviors constitute a state in our ¯nite state machine controller.
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Figure 2: A MinD ART robot constructed out of LEGO Technic blocks.

4.1 Finite State Mac hine Con troller

There are three subtaskscomprising the search and retrieval task, including ¯nd a target, grab a
target, and return a target to the home base. These three subtasks correspond to the states of
our ¯nite state machine controller as shown in Figure 3. In the initial state, Find Target, a robot
searches for targets, heads toward a previously seentarget (in our localization experiments), or
headstoward an activated beacon(in our communication experiments). Once a target is detected
with the robot's infrared sensors,the control system switches to the Grab Target state which is
responsible for maneuvering the robot such that the target ¯ts into the gripper. If the robot
successfullygrabs the target, the control system switches to Return Target, which will return the
robot to the drop-o®location.

4.2 Behavior Hierarc hies

As stated above, each of the states consists of a subset of sensory-motor behaviors executing in
parallel, vying for motor control. Behaviors operate independently and are given accessto the
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Figure 3: The high-level ¯nite-state machine controller usedin our search and retrieval task. Labels
on the arrows between the three states indicate state transition events. Within each state, the
corresponding sensory-motor behaviors are listed in order of precedencefrom top to bottom. To
the left of each behavior is the sensorthat triggers it. The precedenceof the behaviors is shown to
the right.

motors by an arbiter, basedon priorit y. In Figure 3, the state Find Target contains a list of its
behaviors in order of priorit y, from the lowest Search for Targets to the highest Detect Target .
The sensorlisted to the left of each behavior triggers its activation. Control of the motors is given to
the behavior with the highest priorit y, which is currently active. The following is a brief description
of each of the sensory-motorbehaviors of Find Target.

Search for Targets drivesthe robot forward unlessthe CMUCam detectsa beacon. Can option-
ally changethe robot's heading at random intervals.

Orien t to Target directs the robot towards position of a previously-seentarget (in localization
experiments). The robot veri¯es its heading every 30 seconds.If the target cannot be found
at location of sighting, the robot searchesfor location of the next target on the stack.

Av oid Obstacles directs the robot away from a triggered bumper.

Detect Target monitors infrared sensorsfor target signals. Detection of target signal triggers
state transition to Grab Target.

The four behaviors of the Grab Target are listed in order of priorit y in Figure 3. They are as
follows.

Approac h Target usesinfrared sensorsto center the robot in front of a target. When the target
is aligned, this behavior drives the robot forward. In somecommunication experiments, the
beaconis activated as well.
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Av oid Obstacles (di®erent from the Av oid Obstacles behavior of Find Target) assumesbumpers
are activated by collisions with the target and attempts to center the gripper on the \obsta-
cle", as opposedto turning away from it.

Redo Approac h movesthe robot to approach a target from a di®erent angleafter several failed
attempts to grasp it.

Grasp Ob ject monitors touch sensorinside the gripper which is indicativ e of a target within its
grasp. When activated, this behavior stops the motors, closesthe gripper, and signals the
¯nite state managerto switch the controller to the Return Target.

The behaviors of Return Target are listed in order of priorit y in Figure 3. They are as follows.

Head Home drivesthe robot back to the homebaseusing either landmarks for homing or local-
ization for navigation to a speci¯c (x; y) position.

Av oid Obstacles is identical to Av oid Obstacles in Find Target.

Detect Target monitors infrared sensorsfor new targets. In localization experiments, the lo-
cation is stored for future use. In some communication experiments, the robot stops and
activates its beaconfor a ¯xed amount of time in an attempt to recruit other robots to that
location.

Release Ob ject activates when target is home, stops the robot, drops the target, and signals
¯nite state managerto switch to Find Target.

4.3 Lo calization

The MinD ART localization method assumesthe existenceof three collinear landmarks at known
positions. In this work, light bulb landmarks were identi¯ed by CdS photoresistors. Subsequently ,
wehaveapplied the method usingcoloredlandmarks and the CMUCam, which signi¯cantly reduced
processingtime of the localization algorithm. The identi¯ed landmarks are usedto resolve a robot's
(x; y; µ) position in a global frame of reference. Figure 4 illustrates the analytical solution to this
localization problem.

The values of L 1 and L 2 are programmed into the robot a priori and are assumednever to
change. The robot measuresthe anglesto the three landmarks with respect to its own orientation
(Á1, Á2, and Á3)1, thus °1 = (Á1 ¡ Á2) and °2 = (Á2 ¡ Á3). The angles® and ¯ and the distance
to the center landmark D are solved for and from thesevalues,the robot's global pose(x; y; µ) can
be calculated. In our approach, the robot's orientation µ is measuredwith respect to the global x
axis.

This localization method typically estimatesthe robot's position to within 25cm and its orien-
tation to within 5 degrees.However, it will fail if it cannot resolve three distinct landmarks, such
as if a landmark is occluded.

5 Exp erimen tal Description

Weconductedtwo distinct setsof experiments to test the e±cacy of localization and communication
during a search and retrieval task. Additionally , we tested the impact of environmental factors and

1For the sake of clarit y, only Á2 is shown in the ¯gure.
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Let a = sin (° 1)=L1

Let b = sin (° 2)=L2

Let c = cos(° 1 + °2)sin (° 1)=L1

Let d = (b¡ c)=sin(° 1 + °2)
D =

p
1=(a2 + d2)

¯ = ¼¡ (° 1 + °2) ¡ tan ¡ 1(a=d)
® = ¼¡ ¯ ¡ ° 2

x = D ¤ sin (®)
y = D ¤ cos(®)
µ = ¼+ tan ¡ 1(y=x) ¡ Á2

Figure 4: Three-landmark localization used by the robot. The lines connecting the robot to each
landmark represent the robot's line of sight. The position of Landmark-2 is the origin of the
coordinate system. To avoid problems with symmetry, the robot is only allowed to move in the
positive X direction. The values of a;b;c & d are computed through algebraic manipulations
involving the Law of Sinesand various other trigonometric identities.

team size. In the ¯rst set of experiments, the type of search strategy (based on the abilit y to
localize), distribution of targets, and number of robots were varied. In the secondexperiment, the
duration and intent of communication was varied.

5.1 Scalabilit y and localization exp erimen ts

In this set of experiments, the robots started from a ¯xed location, searched an area for targets,
and returned targets to one of three drop-o® zones. Experiments were run with one-, two-, and
four-robot con¯gurations. The robots were not explicitly aware of each other, treating each other
as obstaclesif they collided. Targets were distributed either uniformly or nonuniformly (i.e. all
placed in one far corner of the arena). For each of thesecon¯gurations, experiments were run with
and without localization. Without the abilit y to localize, a robot's search for targets was random.
With localization, the search waspurposeful,aimed at a known target location. Figure 5 illustrates
the experimental setup.

For each of the experiments, the time that a robot returned a target to a drop-o® zone was
recorded and averagedover ¯v e runs. Table 1 shows the averagetime in secondsthat it took to
retrieve all targets, as well as the standard deviation in completion times acrossall trials. The
left half of the table contains results for uniformly distributed targets, while the right half is for
a nonuniform distribution. Results acrosscolumns di®er by team size, and rows di®er by use of
localization.

Each time a robot localized,it remainedstationary for 18secondswhile collecting and processing
the landmark data2. This 18-seconddelay had a signi¯cant e®ecton the overall time to complete
the task, as re°ected in the nonuniform distribution half of the table. There are two major reasons
for factoring out localization overhead. First, to ¯nd the potential payo® for improvement of the
localization technique, and secondto determine how much overhead the system can a®ord while

2This slow speed is due to the fact that Interactiv e-C is an interpreted language, all °oating point processingon
the MC68HC11 is done in emulation (there is no hardware FPU), and the Handyboard's CPU clockspeed is only
2MHz.
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Figure 5: The experimental environment was roughly 5:4 m on a side. All experiments contained
nine targets and eight obstacles. Three lightbulbs were placed at known locations and were used
to determine position and orientation. Obstaclesare relatively low and do not block a robot's view
of the landmarks. The obstaclesdo block a robot's view of the targets.

still improving task performance.
In practice, instantaneouslocalization would benearly impossibleto achieve, but it is reasonable

to assumethat the 18secondscould besigni¯cantly reduced. In preliminary testing, wehavealready
reduced localization times to 5 secondsby using the CMUCam. We will discussthis issuefurther
in the Conclusionssection.

In looking at how localization a®ectsperformance,it can be seenfrom Table 1 that, asexpected,
there was no improvement when retrieving uniformly distributed targets. This is becausea robot
rarely encountered other targets while returning to home base,but even if it did, the target may
have already been picked up by the time the robot returned. This, and localization errors that
sent the robot in the wrong direction, actually degradedperformance when using localization in
the uniform distribution experiments.

In the experiments with nonuniformly distributed targets, there wasa performanceimprovement
only when factoring out localization overhead. We expected signi¯cant improvements in this case,
becauserobots almost always encountered other targets when returning to base,thus a robot could
navigate directly from hometowards the cache of targets. However, the computational overheadof
localization outweighedthis bene¯t of purposeful search.

T tests were run to determine the signi¯cance of the non-localization versuslocalization trials
and the non-localization versusinstant localization trials. When comparingthe times for completing
the entire task, only the two- and four-robot trials with the instant localization and nonuniform
target distribution were statistically signi¯cant at the 95% con¯dence interval (one-tailed, two-
sample t test, p = 0.0482 and p = 0.0291 for the two- and four-robot cases,respectively.) All
other localization results (instant or otherwise) were not statistically signi¯cant from the non-
localization cases. However, the variance of the two robot localization casewith the nonuniform
target distribution was closeto being signi¯cant at the 95% con¯dence interval (one-tailed, two-
samplef test, p = 0.0638).
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uniform nonuniform
# of robots 1 2 4 1 2 4
no localize 934 458 374 1672 1058 587

mean localize 1108 478 344 1911 1030 593
instant localize 932 467 323 1195 *720 *444

no localize 179 65 46 263 187 106p
variance localize 282 101 84 304 80 82

instant localize 301 98 63 286 84 56

Table 1: The top half of the table (mean) is the averagetime in secondsfor the last target to be
dropped at home base. The bottom half (

p
var iance) is standard deviation of completion times

acrossall trials. Results acrosscolumns di®er by team size,and rows di®er by useof localization.
The left half contains times for uniformly distributed targets, while the right half is for a nonuniform
distribution. Star (*) indicatesstatistically signi¯cant di®erenceat the 95%con¯dencelevel between
instant localize and no localize results of the samecolumn.

One bene¯t of localization that we did ¯nd is how quickly the robots were able to ¯nd a new
target onceit had droppedoneo®. Table2 illustrates the averagetime. Onceagain, the localization
and instant localization results were compared against the no localization results for statistical
signi¯cance. For this data, the meansof all three of the instant localization with nonuniform target
distributions weresigni¯cant (one-tailed, two-samplet test, p = 0.0085,p = 0.0032,and p = 0.0371
for the one-, two- and four-robot cases.) The variances of the two- and four-robot localization
caseswere statistically signi¯cant (one-tailed, two-samplef test, p = 0.0006,and p = 0.0125for
the two-, and four-robot cases).The variancesof the two- and four-robot instant localization with
nonuniform target distributions werealsosigni¯cant (one-tailed, two-samplef test, p = 0.0004,and
p = 0.0004,for the two- and four-robot cases).All other localization results (instant or otherwise)
were not statistically signi¯cant from the corresponding non-localization results.

uniform nonuniform
# of robots 1 2 4 1 2 4
no localize 83 57 64 150 181 142

mean localize 96 65 79 131 139 152
instant localize 89 65 72 *78 *86 *94

no localize 65 36 57 104 136 100p
variance localize 101 55 54 96 *77 *63

instant localize 99 55 51 93 *57 *49

Table 2: The top half of the table (mean) is the average time in secondsfor a robot to ¯nd a
target after dropping o® another. The bottom half (

p
variance) is standard deviation of target

search times acrossall trials. Results acrosscolumns di®er by team size, and rows di®er by use
of localization. The left half contains times for uniformly distributed targets, while the right half
is for a nonuniform distribution. Star (*) indicates statistically signi¯cant di®erenceat the 95%
con¯dence level betweeninstant localize and no localize results of the samecolumn.

To evaluate how team size a®ectsperformance, we calculated the speed-up Sn and e±ciency
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En for the two- and four-robot teams, which are de¯ned as follows.

Sn =
t1

tn
En =

S1

n

where n is the number of robots and tn is the time it takes n robots to retrieve all targets. The
system is said to have linear speed-up if Sn = n, superlinear if Sn > n, and sublinear if Sn < n.
Results are shown in Table 3. As expected, the e±ciency of two-robot teams was better than the
e±ciency of four-robot teams.

uniform nonuniform
2 robots 4 robots 2 robots 4 robots
S2 E2 S4 E4 S2 E2 S4 E4

no localize 2.04 1.02 2.50 0.62 1.58 0.79 2.85 0.71
localize 2.32 1.16 3.22 0.81 1.86 0.92 3.22 0.81

instant localize 2.00 1.00 2.69 0.76 1.66 0.83 2.69 0.67

Table 3: Speed-upand e±ciency for two- and four-robot teams basedon comparisonof task com-
pletion times. E±ciency valuesof 1 indicate linear speed-up, lessthan 1 indicate sublinear.

5.2 Comm unication exp erimen ts

The experimental setup for the communication experiments was nearly identical to the previous.
The main di®erencewas the use of a single colored landmark, which robots identi¯ed with the
CMUCam. This is in contrast to the three light landmarks of the previous experiments, which
were identi¯ed with CdS photoresistors. Three landmarks were not neededfor these experiments
since the robots did not explicitly localize themselves. The targets were distributed in a single
non-uniform distribution in the corner of the environment furthest from the drop-o® location. All
experiments wererun with four robots. Robots communicated with their light-bulb beacons,which
could be seenby another robot at a maximum range of 2:9 m. Figure 6 shows a view of the
experimental setup. Communication varied by intent and duration.

No Comm unication. This was usedas a baselineexperiment.

Re°exiv e Comm unication. A robot turned its beaconon while trying to pick up a target (i.e.
while in the Grab Target state). Once the robot grabbed the target, the beacon was de-
activated. We consider this a statement of action, not a request for help. When used in
an environment with a single clump of targets, other robots would be attracted to a robot
which was trying to pick up a target from the group. This strategy would most likely be
counterproductive in an environment with a uniform distribution.

Delib erativ e Comm unication. A robot turned on its beaconto requestassistancein picking up
a found target. If a robot encountered a target while on its way to the home baseto drop o®
onethat it had previously picked up, the robot would activate its beaconand stay motionless
for a ¯xed amount of time. We tested three ¯xed durations : 10 s, 20 s, and 30 s.

For each of the experiments, the time that a robot returned a target to the drop-o® zonewas
recordedand averagedover ¯v e runs. Each experiment wasrun until all nine targets wereretrieved.
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Figure 6: The environment in the communication experiments was approximately 7 m x 8 m. All
experiments contained nine targets and eight obstacles. As before, the obstacleswere relatively
low and did not block a robot's view of the landmarks or of each other. However, they did block a
robot's view of the targets.

Wecomparedthe times betweenthe dropping o®of the ¯rst and eighth target, to discount the times
in the experiment when communication had little e®ect. Figure 7 shows the meansand standard
deviations of thesetimes.

In theseexperiments, communication wasintendedasa method of reducing the time that robots
would have to search for targets, thus improving overall task performance. Interestingly, there is
only a slight trend in the meansof the total time to complete the task (seeFigure 7) but nothing
statistically signi¯cant, and no discernible improvements for target search times (see Figure 8).
The variance of both have a very obvious trend, as can be seenfrom the ¯gures. Although f
tests show no statistical signi¯cance at the 95% con¯dence interval, the variance of the 20 second
communication trials were very close to being signi¯cant (one-tailed, two-sampled f test with
p=0.0682 and p=0.0511, for time to completion and target search times, respectively).

What is not obvious from these ¯gures is how the duration for the re°exive communication
experiments ¯ts into this graph since the communication duration was variable. The average
light-on time for the re°exive communication experiments was approximately 16 s with a standard
deviation of 11:6 s. However, the distribution of times is not Gaussian. Instead, most of the
distribution is clumped down in the region close to 10 s and shorter. As can be seenfrom the
histogram of the on-times, shown in Figure 9, the mode of the distribution is lessthan 10 s. The
decreasein variance from the 10 s communication duration experiments to the 20 s communication
duration experiments suggestsa correlation betweenthe length of communication duration and the
performancevariance. As the communication duration of the re°exive communication experiments
is lessthan the 10 s communication experiments, the results match the hypothesisthat the variance
in the re°exive communication results would be greater.

The lowest variance in drop times occurred when using the 20 secondsdeliberative communi-
cation strategy. For communication durations lessthan 20 seconds,the robots often did not have
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Figure 7: Means and standard deviations of the times to complete the task for each of the com-
munication strategies. The standard deviation graph, on the right, shows a discernabletrend. The
labelson the x axis stand for the di®erent communication experiments. None=none, Ref.=re°exiv e,
Del.10=10 s deliberative, Del.20=20 s deliberative, Del.30=30 s deliberative.

enough time to reach the target before the beaconturned o®, which helps to explain the higher
variance in the times. For the 30 secondcommunication, where the searching robots would have
ample time to reach the transmitting robot, the variance increases.We conjecture that communi-
cation is most advantageouswhen information regarding available targets is given in such a way
as to not interfere with other robots acquiring targets and returning to home base. Interference
between robots can occur when more than one robot attempts to retrieve the sametarget at the
sametime, as well as when robots get too closeto a communicating robot and impedethe latter's
progress.This happen most often when the recruited robot reachesthe communicating robot before
the former detects the target that the latter detects. One example of this is if the communicating
robot occludes the target from the sensorsof the recruited robot. We believe the potential for
interferencebetweenrobots causesthe larger variations in drop o®times.

To analyzethis, we needto take a closerlook at how the robots perform and the times necessary
to do certain tasks. The CMUCam turrets can rotate 360 ± and survey the robot's surroundings in
5 seconds.However, as the sizeof the beaconin the camera'simage plane directly a®ectswhether
it will be detected, the further the robot is away from the beacon,the lesslikely it will detect it.
Thus, it may take several rotations of the turret before a beacon is identi¯ed. Once the beacon
is found, the robot rotates its body to face the beaconso that it can drive toward it. The robots
can rotate 180± in 5 secondsand can translate at a maximum of 0:17 m=s. Using these ranges
and approximating probabilities for each of the values, we calculated the mean interference time
for each of the deliberative experiments as

E(x) =
5sX

i =0

5sX

j =0

2:9mX

k=0

p(i; j ; k) ¤ (C ¡ B i ¡ Oj ¡ Dk=:17m)

where p(i; j ; k) is the probabilit y of (i ^ j ^ k), C is communication duration, B is time to ¯nd
a beacon,O is time to rotate the robot's body to aim at the beacon,and D is distance between

13



  None    Ref.  Del.10s Del.20s Del.30s 
0

50

100

150

200

250

300

Communication Strategy

S
ec

on
ds

  None    Ref.  Del.10s Del.20s Del.30s 
65

70

75

80

85

90

95

100

Communication Strategy

S
ec

on
ds

Means with standard deviation (
p

variance) errorbars Standard deviations only

Figure 8: Meansand standard deviations of the times the robots took to retrieve a new target after
dropping oneo®(i.e. target search time) for each of the communication strategies. Again, we seea
discernabletrend in the standard deviation, as shown in the graph on the right. The labels on the
x axis stand for the di®erent communication experiments. None=none, Ref.=re°exiv e, Del.10=10 s
deliberative, Del.20=20 s deliberative, Del.30=30 s deliberative.

the robots. Probabilities were uniformly distributed acrossO and D, but were varied acrossB .
The greater the distance between robots, the higher the probabilit y of needingmultiple passesto
¯nd the beacon. From these, an estimate of the amount of time that a robot will interfere with
another can be calculated. Theseresults and the mean travel time, or the averagetime the robot
had to travel towards the communicating robot (once it hasoriented its body properly), are shown
in Table 4.

Communication Duration
10 seconds 20 seconds 30 seconds

Mean InterferenceTime 0.9971 5.8964 13.8634
Mean Travel Time 2.8500 11.7006 21.6406

Table4: Interferencetime is the time in secondsthat the recruited robot will interfere with the com-
municating robot. Travel time is the time in secondsthat the recruited robot has to drive towards
the communicating robot, once it has found the beaconand properly oriented itself. Interference
times are overestimated becausewe did not consider travel time for obstacles.

The meaninterferencetimes are overestimatesbecausewe did not take into account the time to
do obstacle avoidance. The targets are situated between several obstacles,thus a recruited robot
will probably have to navigate an obstacle to get to the beacon. Additionally , the position of the
remaining targets a®ectsthe probabilit y of interferenceoccurrences. If a target is detected before
the robot reachesthe beacon,target acquisition takesprecedence.
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Figure 9: Histogram of the beacon-ontimes observed in the re°exive communication experiments.
It shows that, while on times were variable, the majorit y were in the 5 to 10s range. This givesa
senseof comparisonto the deliberative communication experiments where on times were ¯xed.

6 Conclusions

We have analyzed how the performance of a robotic team is a®ectedby environmental factors,
the number of robots, and the search strategy employed by these robots. We expected that lo-
calization would greatly assist the robots in the non-uniformly distributed environment but not
in the uniformly-distributed environment. What we found was that localization did not improve
performance,and in somecases,actually degradedperformance. This was due to the time that it
took to localize. By using the CMUCams to localize on three unique and collinear landmarks, we
can drop our localization time down to 5 s. While this is an improvement over 18 s, the overheadof
repeated invocations of the localization routine still noticeably reducedperformanceas compared
to instant localization. If the time to localize was completely discounted (instant localization), the
robots were much faster at ¯nding their way back to a new target onceone had beendropped o®.

Another hypothesiswe had wasthat adding more robots would greatly increasethe performance
of the team, but continually increasing the number of robots wouldn't be as bene¯cial. This was
proven true in that four robots generally didn't improve the performanceover two robots as much
as two robots did over one. Additionally , we observed signi¯cant interferencebetween the robots
whenthey tried to obtain targets in the non-uniformly distributed environment, which addedfurther
evidenceto this claim. However, when analyzing the variancesof the task completion times for
theseexperiments, in nearly all cases,the variancescan be seento decreaseasthe number of robots
increased. Thus, while the averageruntime may not improve as much when adding more robots,
the performanceof the team will becomemore consistent. Theseresults show that someknowledge
about the structure of the environment is very important when choosing a search strategy for a
team of robots.

The communication experiments weredesignedto test the robot's abilities to lead each other to
a single clump of targets. One hypothesiswas that onceone robot located the group of targets, it
would lead the others to that group and thus the overall time to pick up the targets would decrease.
Interestingly enough,there was no statistically signi¯cant di®erencein the time necessaryto com-
plete the entire task betweenany of the communication experiments and the non-communication
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experiments. Instead, a trend towards minimization of the variance in the performancewas found.
Robots that communicated typically had reducedvariance in the time to complete the task as well
as in the time to retrieve a new target after dropping one o®. While these variances were not
statistically signi¯cant at the 95% con¯dence interval, the 20 s communication experiments were
very nearly so as comparedto the other values.

Another hypothesisfor the communication experiments was that the duration of the communi-
cation would a®ectthe team's overall performanceand that some\critical" duration exists which
would maximize the performance. If performance is measuredin performance reliabilit y (lack of
variance), then performance was the best in the 20 s communication experiments. Increasing or
decreasingthe communication time increasedthe variance and thus decreasedthe reliabilit y.

Other researchers have found that critical valuesof communication duration have beenshown
to improve the performance of robotic systems [Sugawara et al., 1999]. In these experiments,
the duration of the communication was an exponent of a power law that re°ected how the task
completion time wasrelated in the number of robots. Our resultsshow that communication duration
can be usedto describe performanceas a measureof reliabilit y as well.

We found that re°exive communication turned out to be too variable to perform as well as the
other deliberativestrategies. This suggeststhat communication that relieson the interactions of the
robots with their environment would have to becarefully engineeredto work properly. Additionally ,
we hypothesizethat such communication may work better when usedwith larger swarms, but more
experimentation is necessaryto determine whether this is the case.

With that said, this hand-waiving of an implementation detail raisesan important issue. These
implementation details are preciselywhy we think real robots are necessaryfor this type of analysis.
It is too easy to discount or underestimate the e®ectsof even simple implementations on real
hardware. It may be that a perfect implementation or perfect knowledgeabout the environment (or
even almost perfect) can improve performance,but we all know, nothing is perfect in real hardware.
In [Balch and Arkin, 1994], communication was shown to improve performance,but nearly all of
the experiments were done in simulation where the e®ectsof speci¯c actions on the performance
of the system (such as cooperative carrying or consuming of a resource)can be abstracted away.
The details involved in physically implementing a system which can carry heavy objects or can
consumeliquid from a spill may a®ectthe performanceof the team in ways that those results did
not illustrate. Considerableengineeringe®ort may be necessarybeforethe robots would be able to
e®ectively achieve their tasks at the rates reported in this work.

As a point of comparison, the MinD ART require the use of the behaviors in the Grab Target
state to grasp a target. The time that it takes the robots to accomplish this is therefore heavily
dependent on the interactions betweenthe robots and their environment. To better quantify this,
the times that the robots turned their beaconson in the re°exive communication experiments, as
illustrated in Figure 9, were also the times that the robots spent in the Grab Target state. As
can be seen,thesetimes were quite variable which illustrates the complexity that can arise from a
simple operation implemented on robots operating in the real world.
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