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Abstract

Digital wireless communication networks are vital in mader
life. However, these networks rely on centralized infrastr
ture that is extremely vulnerable to disaster or attack. &é&s

to improve the communication environment in post-disaster
scenarios by developing groups of mobile communication re-
lay robots, ocommbotsthat can be deployed to replace dam-
aged infrastructure. The job of a commbot is to position it-
self so as to maximize overall network performance, which
presents a rich and complex distributed learning and cbntro
problem. We have implemented three distributed algorithms
and have tested them in simulation on a variety of instances
of the commbots problem. We present results from these sim-
ulations and compare and contrast the different approaches

Introduction Figure 1:Commbot research prototypes. The robots are based on
Digital wireless communication networks are an increas- an off-the-shelf hobbyist kit, augmented with a low-powBIVA
ingly vital tool in modern life. We rely on GSM, GPRS,  based Linux computer equipped with an 802.11b WiFi adapter.
and WiFi networks every day for voice, email, text messag- Robot hardware is accessed through the Player device atterf
ing, Web access, and other digital interactions. While unde (Vaughan, Gerkey, & Howard 2003).
nominal conditions such networks generally function effi-
ciently and reliably, the centralized infrastructure oniabh
they depend is extremely vulnerable to disaster or attack.
We need look no further than the aftermath of September
11, 2001 or hurricane Katrina in 2005 to see proof of the
fragility of digital network infrastructure and the unfart
nate consequences of a municipal communication break-
down. When mobile phones stop functioning, victims can-
not call for help, rescue workers cannot coordinate wittheac
other, and government officials cannot obtain the situation
awareness that they need.

We seek to improve the communication environment in
such post-disaster scenarios by developing self-orgamizi . .
communication networks that can be deployed on demand e propose to address these issues by endowing the re-
to replace damaged infrastructure. One solution in this di- 12yS With physical mobility. We envision small, inexpen-
rection is for the rescue teams to carry their own digital SIV&: mobile robots that act as digital radio relays (Fig)re
repeaters, placing them in the environment where needed. With appropriate coordination and control, a system of such
This approach has two major disadvantages. First, the hu- COmmunication robots, arommbotscould form a mobile
mans must know enough about radio characteristics to de- &d hocnetwork (MANET) to support rescue operations and
cide where relays are needed. Given the complexity of RF logistics. Such a network could carry whatever digital-traf

to assume that paramedics, for example, would be able to de-
cide where to drop relays as they explore a building. Given
the high frequencies (and thus short wavelengths) typgicall
used in digital radios, a small move (e.g:, 1 meter) can
have a large impact on signal quality. Second, the resulting
physical arrangement of relays is fixed. The static nature of
the arrangement severely limits the ability of the network t
adapt to changes in its environment, whether from the mo-
bility of users or the loss of one or more robotic teammates
(because of limited battery life, malfunction, etc.).

propagation patterns in indoor environments, it is unséigli  fiC IS necessary for the task, including text, audio, andwide
The same approach could be used to create a digital radio
Copyright © 2006, American Association for Artificial Intelli- ~ network where no previous infrastructure existed, suchasii

gence (www.aaai.org). All rights reserved. biological field research, or planetary exploration.



In this paper, we present preliminary work on the comm-
bots problem, focusing on the underlying issues of control
and coordination. We have implemented three distributed
algorithms and provide a comparative study of their perfor-
mance in a simulation environment. We hope to motivate
other researchers to apply their expertise to this intiergst
and important problem.

Problem Statement

The application area that motivates our work is communi-
cation support in post-disaster situations. Consider a res
cue crew entering a large office building after a major earth-

quake. The radios carried by the rescuers become increas-

ingly unreliable as they penetrate deeper into the building
To avoid losing communication with each other and with
their command facilities outside the building, rescue per-
sonnel are able to drop commbots that act as radio relays.

The relays are effectively disposable, and hundreds may be

deployed in a single scenario.

Assumptions

Because of the need to make them small, light, and inexpen-
sive, we assume that the commbots are relatively simple. A
commbot can move slowly and uncertainly within some lim-
ited range of its original location, and it has no knowledfje o
the positions of its fellow robots. Commbots do not have a
map of their environment, nor do they carry precise sensors
(e.g., scanning laser range-finders) that would allow theem t
build maps. The robots doot share a common coordinate
system or have any knowledge of the relative locations of
their teammates. A commbot’s primary sensor is its radio;
it is by discovering and interacting with its neighbors,tbot
immediate and distant, that a commbot must decide how to
act.

We assume that the commbots are uniquely identifiable
(e.g., by MAC address), and that they use a common
MANET routing protocol, such as AODV (Perkins, Belding-
Royer, & Das 2003), OLSR (Clausen & Jacquet 2003),
or TBRPF (Ogier, Templin, & Lewis 2004). The routing
protocol is responsible for establishing and updatingesut
through the network. This protocol provides the commbot
with the following information:

¢ list of immediate (one hop) neighbors
e list of all outgoing routes, where a route comprises

— the list of nodes through which the route passes

— areal-valued metric quantifying the quality of the route
Additionally, the commbot can determine, with some un-
certainty, its pose relative to where it was originally @ec
(probably through odometric integration). Given this info
mation, the commbot must decide where to move, within
some predefined radius of its initial location.

Obijective function
The global goal is to optimize network performance, which

can be measured in many ways. For the purposes of the ex-
periments presented in this paper, we use an objective func-

tion that seeks to minimize the number of components in

the communication graph, as well as to maximize the total
quality of routes. We are given

e (' set ofn commbots

e R(i,4): indicator function that returns 1 if there exists a
route from commbot to commbot;, 0 otherwise

e (i, 7): real-valued function that returns the quality of the
best route from commbatto commbot;

We define the utilityl of an arrangement of commbots as
follows:

U=>" > aR(i.5)QG,j) - B-R(,})

ieC jeC,j#i
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The first term is the total quality of all outgoing routes from
commboti; the second term is a penalty for any nodes that
commbot; cannot reach. Our goal is to position the comm-
bots so as to maximizg.

A key characteristic of this problem is that the route qual-
ities are not knowr priori, nor can they be predicted. The
value of Q(i, j) for some configuration of commbots can
be determined only experimentally by moving the robots
into that physical configuration. Furthermore, the impact
on global utility of moving a single commbot is effectively
unbounded. Consider a star-like configuration, in which the
central commbot is the only route between the other 1)
commbots: a single move of that central commbot could
change the global utility between the minimum and maxi-
mum attainable values.

In other words, despite being additive across robots, the
objective function is not decomposable, monotonic, or con-
vex. As aresult, the only way (to our knowledge) to guaran-
tee a globally optimal solution is to enumerate and evaluate
all possible configurations. Since the number of configu-
rations grows exponentially with the number of commbots,
this brute force approach is clearly intractable. In additi
the brute force approach is impossible in practice to execut
because it requires global knowledge of the positions of all
the robots and a way to synchronously command them in or-
der to explore the space of configurations. The goal of our
work is to develop distributed algorithms that provide par-
simonious tradeoffs between solution quality and overhead
(e.g., running time, battery usage). We aim for techniques
that efficiently explore the space of configurations and find
good but not necessarilgptimal, solutions.

Related Work

The problem of controlling mobile communication relays
has received some attention in the robotics community. One
approach is to deploy the robots in a convoy, with robots in
the rear deciding when to stop in order to maintain a com-
munication link back to a command center (Nguyen, Far-
rington, & Pezeshkian 2004). This technique will build a
single route from a command center to the front-most robot,
but could not build a more general network to service mul-
tiple users and/or command centers. Another approach is
to analyze the environment and use spatial reasoning with
heuristics (e.g., try to maintain line of sight) to decideardn
relays should be placed (Konoligéal. 2004). This method



requires a map of the environment, which is not available in ~ The distributed algorithms, explained in detail below,
the problem we study in this paper. are a local form of simulated annealing, a modified ver-
Auction- and market-based techniques have been used bysion of distributed breakout (Yokoo & Hirayama 1996), and
many researchers to solve multirobot coordination problem auction-based team formation. Because a single commbot
(Diaset al. 2005). The algorithms include iterated first-price  does not have access to global state information, it cannot
auctions of single-robot tasks (Gerkey & Matari¢ 2002) and directly evaluate the objective function given in Equation
combinatorial auctions of multirobot tasks (Dias 2004). A Instead it uses the following local (unbounded) approxima-
persistent question in such synthetic markets is how to de- tion, in which the outer summation over all commbots is
termine bidding rules when individual robots cannot disect  removed:
evaluate the global objective function (Toveyal. 2005). , N o
The problem that we address differs from those studied in Uli) = Y aR(i,5)Q,j) — B-R(i,5)  (2)
previous work primarily in that the global objective furani JEC,jF#i
IS not sgpa_lr_able or other_vwse decomposable across rObOtS’The three distributed algorithms ugg(i) to estimate the
which significantly complicates the process of deciding on ijity of 4 configuration from the perspective of commiot
local utility values.
Another field of research that has investigated optimiza- ;
tion in distributed environments is the work from the dis- LocaI, annealing . )
tributed constraint optimization (DCOP) community (Modi ~ The first approach we applied to this problem was a lo-
et al. 2003; Mailler & Lesser 2004). This work focuses callged version of the S|_mulated a_mnealmg algorlthm (Kirk
on solving problems that are naturally distributed and need Patrick, Gelatt, & Vecchi 1983). Simulated annealing works
to be optimized, but make three key assumptions that make by selecting a random next state and if that next state has a
them difficult to adapt to the commbots problem. First, this Petter utility than the current one, the state is changed. If
line of work assumes that the robots know their relation- however, the next state is worse than or equal in value to
ships with one another. As was mentioned in the problem the current utility, the move is taken with probability=
description, commbots are not aware of their impact on the where for the sake of this paper= 0.5.
overall utility until they actually sample a particular dion There are several reasons to choose local simulated an-
uration. The second assumption is that the global utility nealing as an approach to solving the commbots problem.
function is monotonic. This assumption is also not valid First and foremost, one of the key characteristics of the
because the goal is to optimize route quality, which cannot commbots problem is that the robots do not know the utility
be estimated without considering the route as a whole. In of a state without first sampling it. This leads to a com-
fact, the overall utility of the route might be very negative mon problem seen in distributed learning where robots have
until the final critical robot is placed into the correct posi  to trade off getting up-to-date utility estimation througpk:
tion. The third invalid assumption is that communication ploring new states or exploiting current knowledge to abtai
between the agents is perfect. This is certainly not true be- a good solution. Simulated annealing is a good method to
cause the motion of the commbots may cause the communi- use, because even when the utility of moving to another po-
cation network to vary from being completely connected to sition is perceived to be suboptimal, robots will still move
completely disconnected, making communication impossi- there with some probability, thereby updating their estama
ble. In addition to not addressing many of the difficulties as  In this implementation, the estimation of the value of a po-
sociated with this problem, DCOP algorithms are designed sition is a running average of the last five samples taken at
to produce optimal results and because of that do not scale that position. This estimation does not explicitly takeoint
very well. Scalability is a key requirement of the commbots accountthe position of any of the other robots in the environ
problem, so approximate algorithms that are highly scalabl ment, which eliminates the need for the robots to explicitly

are preferred to optimal solutions. communicate. For the most part, this technique works be-
cause each robot is trying to move to its best position which
Algorithms makes the system as a whole climb the utility gradient. To

We have implemented two centralized and three distributed Pootstrap the estimation process, at startup, each rolest do
algorithms. The centralized algorithms are enumerative ON€ Sample from each of its potential positions before-start
brute force and simulated annealing. Because of the expo- INg the annealing process.

nentially large search space, the brute force approachisvi _. .

able only for small populations of fewer than 10 commbots. Distributed breakout
Simulated annealing, on the other hand, is very efficient and The second algorithm implemented was a modified version
on small populations where we have the brute force solution of the distributed breakout algorithm (DBA). DBA is a hill-
against which to compare, annealing always finds an opti- climbing protocol that is a distributed adaptation of tha-ce
mal solution. Because of the lack of scalability of the brute tralized Breakout algorithm (Morris 1993). DBA works by
force approach, in the experimental results we present the alternating between two modes. During the first mode, the
annealing solution as a surrogate optimum. These global al- wait ok? mode, robots collect from their neighbook?
gorithms, which are not realizable on any physical commbot messages containing current state information. This infor
system, are used only to establish the relative performance mation is then used by each robot to calculate its locally
of the distributed algorithms. optimal state and the improvement in its local utility if it



were to switch to this new state. Each robot then sends to its
neighboramprove? messages containing its improvement
value and then changes to tait.improve?mode.

In the wait.improve mode, the robots colledmprove?
messages from their neighbors. The purpose of the improve
message is to find the neighbor with the highest local im-
provement and to elect it to change its value. If a robot re-
ceives an improve message with a higher improvement than
its own, it is not the leader and does not change its value.
This method provides a relatively stable upward climb in
utility, but can be slower than other techniques because of
its controlled nature. DBA allows at most only half of the
robots to change their value at any given time and takes two
steps to elect a leader.

Each commbot begins in tRANDOMmode, randomly
exploring its local area. Usinlpcation messages received
from neighbors and information from the routing table, the
robot constructs a hash table of tupletafe utility). The
stateis a set of positions (in their respective local frames) for
some subset of the commbots, and titidity is locally cal-
culated according to Equation 2 and averaged over all times
that the robot has observed tlsigte This state / utility ta-
ble is a more detailed memory of past experience than the
memories maintained by DBA or local annealing.

Each robot keeps track of the maximum utility it has seen
so far. After some period of time has elapsed without this
maximum changing, a commbot transitions to tEADER
mode in order to explore particularly promising configura-

Once the robots have elected a leader, the leader changedions. The robot returns to the position where it saw the

its value. The robots serak? messages to one another, and
switch to thewait ok? mode.

The original DBA protocol was designed to solve dis-
tributed constraint satisfaction problems (DCSPs) wheee t
relationship between the variables was known a priori. For
the protocol to work in the commbots domain, several modi-

maximum utility and sendauctionmessages to the neigh-
bors that it had in that state. Eaahctionmessage contains

a desired position for the recipient, along with an estimate
utility for moving to that position. The goal of the leader is
to reconstitute as much as possible of the previous best con-
figuration by offering its neighbors an opportunity to im-

fications were needed. The first of these was to incorporate a Prove their utility. Because its previous neighbors are not

method for estimating the value of links between each of the
robots. Unlike the distributed annealing approach, the DBA
implementation uses pair-wise estimators where the ytilit
of a particular position is estimated based on the currate st
of all the robot’s neighbors. This allows for a more accurate
estimate of a position’s true contribution to the globalityti

but further slows the protocol’s convergence as the robots s
multaneously explore their environment and hill-climb.

One of the other key differences between the local anneal-
ing approach and the DBA approach is in how the robots
choose to explore their environment instead of exploiting
prior knowledge. The DBA algorithm presented in this pa-
per calculates the explicit cost and value of the infornratio
in choosing when to explore an unknown state. The cost is
calculated as a percentage of loss of utility from the opti-
mal solution to the unexplored state. This cost is compared
to the value of information that is measured as the percent-
age of robot/state pairs that would be sampled by moving
to this new position. If the overall gain is nonnegative and
the robot’'s current improve value is zero, then the move
is made. The overall behavior exhibited by this technique
is that the robots perform quite a few exploration moves
early in the search, but as their knowledge and local utility
increases, they become less inclined to make a costly ex-
ploratory move.

Auction-based team formation

The third algorithm employs local auctions for team forma-
tion. The intuition behind this approachis that it can bepro
itable to explore configurations that are similar to a known
high-value configuration. The algorithm is distributedttwi
each commbot executing the same control code. A comm-
bot has three modes of operatigdANDOM LEADER and
FOLLOWER After a commbot moves, it sends to all its
neighbors docationmessage containing the robot’s current
position in its local frame.

necessarily within communication range, some or all of the
auctionmessages may not be delivered.

Upon receipt of arauctionmessage, a robot that is cur-
rently in theRANDOMor FOLLOWERmModes will compare
the estimated utility to its current utility. If the estineat
utility in the message is greater, the robot will enterfi@_-
LOWERmMode (if not already in that mode) and move to the
desired position. Because multiple leaders may be sending
auctionmessages simultaneously, they are competing for the
attention of their neighbors, possibly causing them to defe
from other teams.

Having constructed a team of followers that are in the de-
sired positions, the leader systematically explores itgllo
area, recording state and utility information. At the end of
this systematic exploration, the team is dissolved and both
leader and followers transition back to tRANDOMmode.

Termination occurs when a robot has not seen a change in
the maximum utility for a sufficiently long period of time.
At this point, if the robot is in thet EADERor RANDOM
mode, it will return to the position where it saw the maxi-
mum utility. A robot in theFOLLOWERmMode will remain
in its current position.

Simulation

To evaluate the relative strengths and weaknesses of each
of the algorithms discussed in the previous section, we con-
structed an abstract version of the commbots problem in a
simulator. Figure 2 shows a screenshot of the simulator with
24 robots. Within the simulation, each robot is implemented
as a separate thread that executes one cycle at a time. During
each cycle, the robot can receive its messages, process thos
messages, and move only once. The robots actually move
between cycles and the movement occurs instantly. To sim-
plify the calculation of the optimal solution, the simutai
discretizes the potential positions of the robots (Figure 2
To ensure that the robots do not get synchronized, the sim-



Figure 2:Screen shot of the commbots simulator with 24 robots.

ulator inserts a random duration sleep to simulate themctio
of movement.

Robots are able to communicate with one another only
if they are in communication range. Currently, we do not
allow robots to communicate over multiple hops in the com-
munications network. This restriction creates unceryaimt
knowing where other commbots are located because they
are not always able to inform each other about their current

state. Messages are delivered instantaneously and without

loss although, in the future, we plan to relax this assunmptio
by introducing loss according to the simulated signal quali
ties between the robots.

On startup, each commbot is placed in a random posi-
tion within the environment and is given knowledge only of
other robots within communication range. As the commbots
move around and in and out of the range of other comm-
bots, the simulator updates their respective routing table
The commbots can check their tables at any time to get an
up-to-date view of the overall quality of the network from
their perspective. For the sake of the simulation, the func-
tion Q(4, j) from equation 1 is computed as

1
C?(Zvj) - l)(i,j)Q
whereD(i, j) is the travel distance of the shortest path from
i to j in the communication network. Although one can
imagine a number of equally valid functions to optimize,
this one was chosen to simulate the loss of signal quality
that occurs over distance.

As the simulation progresses, the simulator measures the
number of movements made by the robots, the number of
messages that are transmitted, and the current global solu-
tion quality. The simulation terminates when all the robots
report that they no longer wish to move.

®3)

Test Setup and Results

To test the various protocols, we set up the simulator to vary
the number of robots while keeping the ratio between com-
munication and movement distance constant and placing the
robots pseudo-randomly in the environment. The following
rules were used to place the commbots:

5000

-5000

-10000

Solution quality

-15000

-20000

Global simulated annealing —+—
Local simulated annealing -----—
Distributed Breakout ----*----

. Auctipn-bass?d team format‘ion

-25000

8
!

-30000
0

10 20 30 40 50 60

Number of robots

Figure 3: Utility of various techniques for solving the commbots
problem.

e Thefirst robot is placed at a random location.

e Every commbot must be within some maximum distant
dmaz 10 at least one other commbot.

e Every commbot must be no closer th@p;,, to all other
commbots.

The communication range for the commbots was fixed at
300 units and the movement radius was 80 units. We set
dmin = 150 andd,,.,, = 350 to ensure that every comm-
bot had at least one position from which it could commu-
nicate with another commbot and that the overlap between
the commbots was kept to a minimum. For the tests we var-
ied the number of robots in the environment from 5 to 100,
testing at 5-robot intervals. We generated one scenario for
each of the data points and ran each protocol 10 times to
minimize the effects of variance caused by the randomized
nature of the protocols.

The results of the tests can be seen in Figures 3, 4, and 5.
Looking at Figure 3, one can see that none of the proto-
cols does as well as the centralized simulated annealing ap-
proach. Although not shown in these graphs, we ran the
brute force algorithm and compared the results with the cen-
tralized annealing method for a small number of commbots
(n < 10). The global annealing approach does exactly as
well as the brute force search and takes considerably less
time with the brute force approach taking nearly 25 minutes
to compute a solution for nine commbots on a dual-3 GHz
Pentium-based desktop.

Also notable on this graph is that it appears that DBA out-
performs the other methods. This is a bit deceptive as the
variance (not shown because it cluttered the graph) in the
samples was very large, making the difference between the
protocols seemingly insignificant. Looking at Figure 5 we
can see that local simulated annealing makes fewer moves
before converging on a solution. In power-critical applica
tions such as this one, this is a very desirable feature. In
addition, notice that all the distributed techniques usesfe
robot movements to converge on a solution than the cen-
tralized annealing approach. This is a result of the cooling
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Figure 4:Communication usage of distributed techniques for solv-
ing the commbots problem.
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Figure 5:Number of moves made by the commbots before conver-
gence.

schedule of the annealing process, which can be changed tocommbots. The data that we have gathered so far suggest

converge faster, resulting in fewer moves.

that simple message-passing schemes in which the robots’

Between the distributed protocols, the local annealing state retention is purely local are insufficient for thisipro
process uses the least communication because it uses ndem.

communication at all. One can see that DBA uses more mes-

We hypothesize that significant benefit can be had by fo-

sages than auction-based teams, however. Thisis mostlikel cusing future algorithm developmenton two key areas: shar-
caused by the two-step nature of the DBA protocol, which ing state information more widely, and recognizing and ex-
causes every robot to send messages to each of its neighborgloiting patterns in the observed states. In addition te fur

on every cycle.

ther algorithm design and simulation, in the near future we

From the results, a number of interesting findings can be will deploy and test teams of physical commbots with hu-
seen. The most profound finding is that the distributed pro- man users. Our hope with this work is to motivate other re-
tocols do not do significantly better even when they use more searchers to engage with us in studying the commbots prob-
communication and robot movements. We suspect that the lem, which exhibits both theoretical richness and reallsior

cause of this lies in the way the global utility is being cal-
culated and the ability of the individual robots to undemsta
their effect on it. In an effort to promote scalability, dilet
protocols in this paper restrict their interactions to thei-
mediate neighbors and use only this localized information
to make their decisions. However, the global utility is not
an aggregation of the local utilities of the commbots, but is
in fact related to the routes that are created in the network.
This means that local estimations are very likely to be poor
in determining the effect that any one commbot has on the
overall network’s quality.

The results are not entirely discouraging because they
suggest that if the robots can discover information through
abstraction and aggregation, they may be able to make
better localized decisions. It also suggests that partial
centralization-based techniques like cooperative miediat
(Mailler 2004) or regional or hierarchical auctions may be
very good at solving these problems effectively and effi-
ciently.

Summary

We introduced theommbot problenof controlling a group

of mobile communication relay robots in order to maximize
network performance. We implemented three distributed al-
gorithms and presented results from simulations in which
we tested these algorithms on randomized populations of

importance.
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