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Abstract We addressthe Online Multi-R obot Task Al location (OMRTA) problem.
Our approach relies on a computational and sensingfabric of networked
sensorsembedded into the environment. This sensornetwork acts as a
distributed sensorand computational platform which computes a solu-
tion to OMRTA and directs robots to the vicinit y of tasks. We term this
Distributed In-Net work Task Allo cation (DINT A). We describe DINT A,
and show its application to multi-rob ot task allocation in simulation,
laboratory, and �eld settings. We establish that such network-mediated
task allocation scaleswell, and is especially amendable to simple, het-
erogeneousrobots.
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1. In tro duction

We focus on the intentional cooperation of robots toward a goal (
Parker, 1998). Within such a setting, a natural question is the assign-
ment of robots to sub-goalssuch that the ensemble of robots achieves
the overall objective. Following (Gerkey and Mataric, 2004)we call such
sub-goals,tasks, and their assignment to robots, the Multi-R obot Task
Allocation (MRTA) problem. Simply stated, MRTA is a problem of
assigningor allocating tasks to (intentionally cooperating) robots over
time such that somemeasureof overall performanceis maximized.

We focus on the online version of the problem (OMRTA), where 1.
tasks are geographically and temporally spread, 2. a task schedule is
not available in advance, and 3. robots need to physically visit task
locations to accomplish task completion (e.g., to push an object). Our
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approach to OMRTA relies on a computational and sensing fabric of
networked sensorsembeddedinto the environment. This sensornetwork
acts asa distributed sensorand computational platform which computes
a solution to OMRTA and directs robots to the vicinit y of tasks. To make
a looseanalogy, robots are routed from sourceto destination locations
in much the sameway packets are routed in conventional networks. We
term this, Distributed In-network Task Allo cation (DINT A).

There are �v e advantagesto doing the task allocation in this manner:

1 Simplicit y: Since the task-allocation is done in the network,
robots may be very simple, designedspeci�cally for optimal task
execution (e.g., specialized end e�ectors) rather than computa-
tional sophistication. Further, robots do not need conventional
localization or mapping support.

2 Comm unication: Robots are not required to be within commu-
nication range of each other. The network is usedfor propagating
messagesbetweenthe robots.

3 Scaling: There is no computation or communication overhead
associated with increasingthe number of robots.

4 Iden tit y: Robots are not required to recognizeeach other.

5 Heterogeneit y: Robots may be of di�eren t types,and needonly
a common interface to the sensornetwork.

In this paper we make the following contributions. We brie
y review
the details of DINT A1, and demonstrate its application to a system for
spatiotemporal monitoring of environmental variables in nature. We
note that while we study the task allocation problem in the context of
mobile robots, sensornetwork-mediated task allocation can alsobe used
in other settings (e.g., in an emergencypeopletrying to leave a building
would be guided (tasked) to the closestexits by the network).

2. Related W ork

The problem of multi-rob ot task allocation (MRTA) hasreceived con-
siderableattention. For an overview and comparisonof the key MRTA
architectures see(Gerkey and Mataric, 2004), which subdivides MRTA
architectures into behavior-based and auction-based. For example,AL-
LIANCE (Parker, 1998) is a behavior-based architecture that considers
all tasks for (re)assignment at every iteration basedon robots' utilit y.
Utilit y is computed by measuresof acquiescenceand impatience. Broad-
cast of Local Eligibilit y (Werger and Mataric, 2000) is also a behavior-
based approach, with �xed-priorit y tasks. For every task there exists
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a behavior capable of executing the task and estimating the utilit y of
robot executing the task. Auction-based approaches include the M+
system (Botelho and Alami, 2000) and Murdoch (Gerkey and Mataric,
2004). Both systems rely on the Contract Net Protocol (CNP) that
makestasks available for auction, and candidate robots make 'bids' that
are their task-speci�c utilit y estimates. The highest bidder (i.e., the
best-�t robot) wins a contract for the task and proceedsto execute it.
All previous MRTA approachesin the robotics communit y have focused
on performing the task allocation computation on the robots, or at some
centralized location external to the robots. All the sensingassociated
with tasks, and robot localization, is typically performed on the robots
themselves. Our approach relies on a sensornetwork, which performs
event detection and task-allocation computation, allowing robots to be
simple and heterogeneous.

3. Distributed In-Net work Task Allo cation:
DINT A

As an experimental substrate, we usea particular stylized monitoring
scenarioin which robots are tasked with 'attending' to the environment
such that areasof the environment in which something signi�cant hap-
pens,do not stay unattended for long. We model this using the notion of
alarms. An alarm is spatially focused,but has temporal extent (i.e., it
remains on until it is turned o� by a robot). Alarms are detected by
sensornodes embedded in the environment. For example in a natural
setting, an alarm might be generatedin casean abrupt change in tem-
perature is detected requiring inspection of the area by the robot. The
task of the team of robots is to turn o� the alarms by responding to each
alarm. This is done by a robot navigating to the location of the alarm.
Once the robot arrives in the vicinit y of the alarm, the alarm is deacti-
vated. Thus the robot responseis purely notional in that the task the
robot performs is to arrive at the appropriate location only. The goal
is to minimize the cumulativ e alarm On Time acrossall alarms, over
the duration of the entire experimental trial. Each alarm's On Time is
computed as the di�erence betweenthe time the alarm was deactivated
by a robot and the time the alarm was detected by one of the nodesof
the network.

The basic idea of DINT A is that given a set of alarms (each corre-
sponding to a task) detectedby the network (e.g., nodesdetect motion,
presenceof dangerouschemicals, etc.), every node in the network com-
putes a suggested'best' motion direction for all robots in its vicinit y.
The ensemble of suggesteddirections computed over all nodesis called a



4

Algorithm 1 Adaptiv e Distributed Navigation Field Computation Al-
gorithm (running on every node).

s - current node (or a state)
S - set of all nodes
A(s) - set of all actions possiblefrom node s
C(s;a) - cost of taking an action a from node s
P(s0js; a) - probabilit y of arriving at node s0 given that the robot
started at node s and commandedan action a, stored on node s
� (s) - optimal direction that robot should take

Compute Direction(goal node)
if s == goal node then

V0 = somebig number
else

V0 = 0
while Vt � Vt � 1 > � do

Query neighbor nodesfor their new valuesVt
if received new valuesVt from all neighbor nodess0 then

Vt+1 (s) = C(s;a) + maxa2 A(s)
P

s02 S� s P(s0js; a) � Vt (s0)
Update neighbor nodeswith new value Vt+1 (s)

Query neighbor nodesfor their �nal valuesV(s0)
� (s) = argmaxa2 A(s)

P
s02 S� s P(s0js; a) � V (s0)

navigation �eld. In casemultiple tasks arrive at the sametime, multiple
navigation �elds (one for every task) are maintained in the network and
explicitly assignedto robots. Navigation �elds are assignedto robots
using a greedypolicy.

3.1 Computing Na vigation Field

We assumethat the network is deployed and every node stores a
discreteprobabilit y distribution of the transition probabilit y P(s0jsC ; a)
(probabilit y of the robot arriving at node s0 given that it started at
node sC and was told to execute action a). The reader is referred to
(Batalin and Sukhatme, 2004a) for a detailed discussionon how such
distributions can be obtained.

Algorithm 1 shows the pseudocode of the adaptive distributed navi-
gation �eld computation algorithm, which runs on every network node.
We use value iteration (Koenig and Simmons, 1992) to compute the
best action at a given node. The general idea behind value iteration is
to compute the values(or utilities) for every node and then pick the ac-
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tions that yield a path towards the goal with maximum expectedvalue.
Expected valuesare initialized to 0. SinceC(s;a) is the cost associated
with moving to the next node, it is chosento bea negative number which
is smaller than � (minimal r ewar d)

k , where k is the number of nodes. The
rationale is that the robot should pay for taking an action (otherwise
any path the robot might take would have the samevalue), however, the
cost should not be too large (otherwise the robot might prefer to stay
at the samenode).

Next, as shown in Algorithm 1, a node queries its neighbors for the
latest utilit y valuesV . Once the valuesare obtained from all neighbors,
a node updates its own utilit y. This processcontinues until the values
do not change beyond an � (set to 10� 3 in our experiments). After the
latest values from all neighbors are collected, a node can compute an
action policy � (optimal direction) that a robot should take if it is in
the node's vicinit y.

In combination, the optimal directions computed by individual net-
work nodes,constitute a global navigation �eld. Practical considerations
for robot navigation using this approach are discussedin (Batalin et al.,
2004b).

3.2 Task Allo cation

DINT A assignstasksin decision epochs - short intervalsof time during
which only the tasksthat havearrivedsincethe endof the previousepoch
are consideredfor assignment. The following describes the behavior of
DINT A in a particular epoch e. Let the network detect two alarms A 1
and A2 (Figure 1a) by nodesa1 and a2 respectively in an epoch e. Both
nodes a1 and a2 notify the entire network about the new alarms and
start two navigation �eld computations (using Algorithm 1) - one for
each goal node. Next consider nodes r 1 and r 2 that have unassigned
robots R1 and R2 (Figure 1b) in their vicinit y. r 1 and r 2 propagate the
distancesbetweenthe unassignedrobots and the alarmsA 1 and A2. Four
such distancesare computed and distributed throughout the network.
In the �nal stage, every node in the network has the sameinformation
about the location of alarms and available robots, and distancesbetween
the robots and each alarm. Each node in the network can now decide
uniquely which navigation �eld to assign to which robot. Figure 1c
shows two navigation �elds (one for each robot) generatedand assigned
to the robots. A robot then simply follows the directions suggestedby
network nodes.



6

A1

A2

(a) Phase 1.
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Figure 1. The three stagesof DINT A in a decision epoch. a) The sensornetwork de-
tects events (marked A 1 and A2) and propagates event data throughout the network.
b) Next, nodes that have unassignedrobots in their vicinit y propagate distances (in
hop counts) from robots to each of the alarms. c) In the �nal stage, every node in the
network has the same information about the location of events and available robots,
and distancesbetweenrobots and each event. Hence,a unique assignment of direction
suggestionat every node can occur.

4. MR TA Exp erimen ts in Sim ulation

In the �rst setof experiments describedhereweusedthe Player/Stage
(Gerkey et al., 2003)simulation enginepopulated with simulated Pioneer
2DX mobile robots. A network of 25 network nodes (simulated motes
(Pister et al., 1999)) was pre-deployed in a test environment of size
576m2. The communication range of the nodes and robots was set to
approximately 4 meters. Robots wererequired to navigate to the point of
each alarm and minimize the cumulativ e alarm On Time. Each alarm's
On Time is computed as the di�erence between the time the alarm
was served by a robot and the time the alarm was detected by one of
the nodes of the sensornetwork. Every experiment was conducted in
the same environment with robot group sizesvarying from 1 to 4, 10
trials per group. The schedule of 10 alarms was drawn from a Poisson
distribution (� = 1

60, roughly one alarm per minute), with uniformly
distributed nodesthat detected alarms.

We measuredcumulativ e alarm On Time for network-mediated task
allocation (i.e., DINT A). As a base casewe compared the results to
the situation where the robots are programmed to explore the environ-
ment using directives from the sensornetwork designedonly to opti-
mize their environmental coverage(Batalin and Sukhatme, 2004a). The
comparison highlights the bene�ts of purposeful task allocation. Fig-
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Figure 2. Comparison between implementation of DINT A and exploration-only .

ure 2 shows the OnTime comparison for DINT A and the exploration-
only case. Clearly, DINT A outperforms the exploration-only algorithm
even though as the environment becomessaturated with robots, the dif-
ferencebecomessmaller. The di�erence is statistically signi�cant (the
T-test p-value is less than 10� 4 for every pair in the data set). Fur-
ther, the performanceof DINT A is stable (small and constant variance)
whereasvariancesproduced by the exploration-only mode changedras-
tically and reduceas the environment becomessaturated with robots.

5. Lab oratory Exp erimen ts with NIMS

The secondset of experiments we discussusea new testbed, currently
under development - Networked Info-Mechanical System(NIMS, 2004).
Figure 3 shows NIMS deployed in a forest reserve for continuous opera-
tion. The systemincludessupporting cableinfrastructure, a horizontally
moving mobile robot (the NIMS node) equipped with a camera, and
a vertically mobile meteorological sensorsystem carrying water vapor,
temperature, and photosynthetically active radiation (PAR) sensingca-
pabilit y. The purposeof NIMS is to enablethe study of spatiotemporal
phenomena(e.g., humidit y, carbon 
ux, etc. ) in natural environments.
Figure 3a schematically shows NIMS with deployed static sensornodes
(assembled in strands) in the volume surrounding the sensingtransect.
Wirelessnetworking is incorporated to link the static sensornodeswith
the NIMS node. The NIMS system is deployed in a transect of length
70m and averageheight of 15m with a total area of over 1,000m2.

The experimental NIMS system operates with a linear speed range
for node motion of 0.1 to 1 m/second. Thus, the time required to map
an entire 1,000 m2 transect with 0.1 m2 resolution will exceed104 to
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NIMS HN

VN

(a) NIMS horizontal (HN) and ver-
tical (VN) nodes and static sensors
(schematically)

(b) NIMS deployed in a forest reserve

Figure 3. NIMS system deployed in the forest reserve for contin uous operation.

105 seconds. Phenomenathat vary at a characteristic rate exceeding
this scanning rate may not be accurately represented. Hencetask allo-
cation is required to focus sampling in speci�c areasdepending on their
scienti�c value. The preliminary experiments using our in-network task
allocation methodology show an order of magnitude improvement in the
time it takes to complete sampling.

We conducted experiments on a smaller version of NIMS installed in
the lab2. A network of 6 Mica2 motes was pre-deployed in the volume
surrounding the NIMS transect (similar to Figure 3a) in a test envi-
ronment. Experiments were conducted comparing a version of DINT A
with a Raster Scan (RS) as a basecase. RS is an algorithm of choice
when there is no information about the phenomenonlocation (where
the alarms are). RS scansevery point of the transect with a speci�ed
resolution. When the Raster Scanreaches the location of an alarm, the
alarm is consideredto be turned o�.

In our experiment, schedulesof 3, 5, 7, 10 and 20 alarms (henceforth,
events) weredrawn from a uniform distribution to arrive within 10 min-
utes, with uniformly distributed nodes that detected the event. Note
that for actual applications we do not expect to receive/processmore
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Figure 4. NIMS lab experiments: task allocation vs. a raster scan.

than 1 - 10 events in 10 minutes on average. Hencethe caseof 20 events
shows the behavior of the system at the limit.

Figure 4 shows experimental results comparing OnTime performance
of DINT A and RS. The number of events variesbetween3 and 20. Both
algorithms were evaluated from 3 di�eren t starting positions of the mo-
bile node on the transect (drawn from a uniform distribution). The
results were averaged. As can be seenfrom the graph, DINT A performs
9-22 times better on the entire interval of 3-20 events. Note also that
DINT A is stable, as indicated by error bars, and henceis favored for use
in this application sinceit provides reducedbounds on systemrun time
over a simple Raster Scanmethod.

We alsocomparedmobilit y requirements for DINT A and RS methods.
Speci�cally , the useof mobilit y requiresenergy. A measureof energyfor
mobilit y is determined for the purposesof comparison by computing
the total time of the robot motion. Figure 4 shows a comparison of
energy consumption in units of time-in-motion. As expected, DINT A
outperforms Raster Scansigni�cantly. However as the number of events
increasesto in�nit y, DINT A will approach Raster Scanenergyconsump-
tion. Also note, that on the interval [5,20] the slope of the Raster Scan
curve is very small and the energy consumption is insensitive to event
arrival rate.

6. Field Trials using NIMS

The third, and �nal, set of experiments discussedherewereperformed
in �eld trials with the NIMS system. We usedour task allocation system
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Figure 5. NIMS �eld experiments for two policies. a,b) PAR data acquired by
the �rst sensor during one of the �eld experiments. Events generated and serviced
are shown for Time and Distance policies. Note that events are rendered time of
occurrence vs. the PAR value of the event. c) Event OnTime in a form of a zero-
mean Gaussian distributions for Time and Distance policies. The OnTime of events
generated by all 6 sensorsis considered. Dotted (blue or lighter) graphs show the
distributions at original means.
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and compared two policies - Time (tasks with smaller time stamp get
priorit y) and Distance (tasks closer to the robot get priorit y). A set
of experiments was conducted on a NIMS setup deployed in the James
SanJacinto Mountain Reserve. Becauseof spacelimitations, only repre-
sentativ e graphs are presented. Figure 5 shows the representativ e PAR
data from sensor1 collected during the operation of the Time policy
(Figure 5a) and the Distance policy (Figure 5b). Figure 5 also shows
points in time when events weregeneratedand servicedby both policies
for sensor1. Note that events are generatedin responseto 
uctuations
in PAR. As shown on Figure 5, events are generatedproportionally to
the density of the 'spikes' in PAR data and cover all signi�cant 'spikes'
of PAR data.

Figure 5c shows the comparison between the cumulativ e event On-
Time of the Time policy and the Distance policy. For visualization
purposes,in Figure 5cevent's OnTime is presented asa zero-meanGaus-
sian distribution. It follows that the Distance policy hassmaller average
OnTime with smaller deviation.

7. Summary

We presented a novel, sensornetwork-mediated, approach to multi
robot task allocation. Our algorithm DINT A: Distributed In-Network
Task Allo cation solves the online multi robot task allocation problem.
This approach allows us to combine the bene�ts of a sensornetwork
with the mobilit y and functionalit y of robots. The systemcomputestask
assignments distributiv ely in-network while, at the sametime, providing
a virtual sensorand communication device that 'extends' throughout
the whole environment. There are several advantages in using DINT A
asopposedto traditional MRTA approaches. The sensornetwork allows
a robot to detect a goal (alarm, event) even though the alarm is not in
the robot's sensorrange. In addition, robots can usethe sensornetwork
to relay messagesif they are not within communication range of each
other. Further, robots canbevery simple and potentially heterogeneous.
We also presented physical experimental results of using DINT A for
�eld measurements in natural setting using a monitoring infrastructure
composedof mobile robots on cablesand network nodes in the vicinit y
of the cable transect.
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Notes

1. For implementation details of DINT A see(Batalin and Sukhatme, 2004b.)

2. For experimental and other details see(Batalin et al., 2004a).
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