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Market-Based Coordination of UAVs for
Time-Constrained Remote Data Collection and Relay

Amir Ajorlou, Abdollah Homaifar, Albert Esterline, Jay G. Moore, and Robert J. Bamberger

Abstract— This paper studies the coordination problem for a
team of unmanned aerial vehicles (UAVS) that frequently collects data
from a set of unmanned ground sensors (UGSs) and delivers it to a
ground station (GS). We formulate this problem as a continuous, two-
boundary time-constrained version of the multi-traveller salesmen
problem. We present a market-based coordination mechanism that
uses the concepts of price, revenue, and cost and a sequence of
first-price, one-round auctions conducted by the GS to efficiently
distribute data collection tasks among team members. This approach
promises robustness, adaptation, and graceful degradation in dynamic
environments. We have two main contributions. First, we have used
time-varying prices to model different levels of importance for the
tasks. Secondly, we have modified the way revenue is anticipated
so that UAVs may take into account dependencies among tasks
by looking ahead. A behavioral parameter is used to adjust this
anticipated revenue to problem requirements experimentally. We have
shown how this parameter allows UAVs to learn appropriate bidding
strategies. This coordination system has been validated in simulation.

Keywords— Coordination, market-based, auction, multi-UAV.
I. INTRODUCTION
U SE of sensor technologies for remote battlefield applica-
tions has greatly increased over the last few years. Unat-
tended ground sensors (UGS) can be used to perform various
mission tasks even in locations that cannot be penetrated by
other means. To exploit applications of remote UGS systems,
timely data transmissions back to a control center should be
provided. Considering the limited communication range of the
UGSs and the typically large distances between them and the
control center, a team of cooperating unmanned aerial vehicles
(UAVs) can be employed to frequently collect data from the
UGSs and to transfer it back to the control center.
In this paper, we focus on the coordination problem of
a team of UAVs that is employed to frequently visit a set
of remote UGSs, collect data from them, and return to the
ground station to deliver the collected data. We consider a two-
boundary time constraint on data delivery time. In particular,
for any given UGS, the time between two successive data
deliveries should stay between a lower and an upper bound.
This constraint is imposed by the nature of UGS applications,
in which data delivered early may not contain new information
(as in reconnaissance and surveillance), and late-delivered data
may not be useful anymore and may result in hazardous
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situations (as in target detection and situation awareness). The
coordination system should also satisfy a constraint on energy
consumption. This can be operationalized by requiring the
coordination method to optimize the average distance travelled
per data delivery. Under these conditions, this problem can be
formulated as a continuous and time constrained version of
the multi-traveller salesmen problem (MTSP).

Multi-agent systems operating in dynamic environments are
highly prone to failures of many kinds, and it is crucial for
the coordination method to be robust to these failures. This
leads to the topic of distributed coordination mechanisms. One
promising method of this type is market based coordination,
in which frequent auctioning, time limited contracts, and time-
dependent prices ensure robustness in the face of the loss of
team members and the failures of individuals [1].

Inspired by the TraderBots market-based coordination ap-
proach of Dias et al. [2] and the original Contract Net Protocol
of Smith [3], we propose a distributed negotiation protocol that
uses the concepts of cost, revenue, and profit to efficiently
distribute available tasks among team members through a
sequence of simple first-price, one-round auctions. The desire
of each agent to maximize its individual profit can lead to a
globally near optimal plan for the entire team provided there
are well-defined costs and price functions.

We present two main contributions. To begin with, this is
the first market based approach that uses the concept of time-
varying price, which can result in a desirable balance between
importance and cost. Secondly, we introduce the concept of
anticipated revenue functions that enable team members to
take into account the dependencies among tasks by looking
ahead to the future even when the auction structure allows
trading only single tasks at a time. A behavioral parameter,
called the aggression rate, is used to adjust the anticipated
revenue functions in light of previous performance. We have
shown how choosing different aggression rates can lead to
different bidding strategies.

Several market-based coordination mechanisms for multi-
robot task allocation have been developed during the last
decade. The M+ [4] architecture, based on a greedy algorithm,
was the first market based approach to multi-robot task alloca-
tion. MURDOCH [5] is an online task assignment algorithm
that assigns a newly created task to the fittest available robot.
TraderBots [2] models a multi-robot team as an economy
of self-interested agents that try to maximize their individual
profits. Agents with enough resources (viz., leaders) can also
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form sub-teams by making a plan and offering it to other
team members to improve efficiency. Given appropriate cost
and revenue functions, this method can lead to a near globally
optimal allocation. Although TraderBots considers interrelated
costs among the tasks, it does not deal with constrained tasks.

Hoplites [6] seems to be the first market based approach
to constrained task execution. In Hoplites, agents frequently
exchange information on their intended actions and locally
select their actions; this is called passive coordination. In case
of constraint violation, agents actively propose and bid on joint
plans to resolve the constraint. The performance of Hoplites
is validated in perimeter sweeping [6] and, more recently,
in constrained exploration [7], where robots should maintain
communication with the base station during exploration of a
hazardous area. Lemaire et al. [8] puts soft time constraints on
subtasks of a complex task to synchronize subtask execution.
Then the cost of a plan is defined to be the sum of the distance
cost of the plan and a cost term corresponding to the quality
of the time-constraint satisfaction for the tasks in the plan.
Agents, therefore, will try to reduce the deviation from the
expected execution time while trading tasks.

In generic market based task allocation systems, the prior-
ities of tasks are determined by the tasks’ costs. The lower
the cost, the more demand to perform it. It is clear, however,
that in some situations we are willing to give higher priority
to an important task even though it has a high execution
cost compared to the other tasks. Parker’s ALLIANCE [9],
which is not market based, is able to model task importance
levels by assigning different impatience increments to different
(robot,task) pairs. Since a task will be undertaken by the
first available robot whose impatience for it exceeds a pre-
specified threshold, tasks will be attempted in the order of
their importance.

I11. PROBLEM DEFINITION

Consider a set of n UGSs deployed in a remote area. A
team of m UAVs is employed to frequently visit these sensors,
collect their data, and deliver it to the ground station (GS). We
are looking for a continuous task allocation mechanism that
satisfies the constraint

T,<T/,—T/<Tyg i N1<j=n

on data delivery time while optimizing the team average for
the distance travelled per data delivery. T/ denotes the i*"
data delivery time for the j** sensor, and T, and Ty are,
respectively, the lower and upper bounds on the time between
two successive data deliveries for any sensor.

To express the form of a solution, we define sensor-visit
tasks. Each sensor-visit task consists of visiting a sensor,
collecting its data and returning to the GS to deliver the
collected data. At the beginning of the mission, the GS creates
n sensor-visit tasks corresponding to the n UGSs and assigns
them to UAVs via negotiation. Upon receiving a sensor’s data,
the GS renews the corresponding task and reassigns it to
some team member. We refer to the time when a task has
been created or renewed as the task’s creation time. Also, we
define the data delivery time of a task to be the time passed
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from the task’s creation time to the time when that task’s data
is received by the GS. The above problem statement can be
reformulated using the terms just introduced as the problem
of continuously allocating sensor-visit tasks to UAVs such that
the data delivery times of all these tasks fall within the time
interval [Tz, Tyl

IV. APPROACHES AND IMPLEMENTATION

We approach this hard time-constrained task allocation
problem using a market based coordination mechanism. The
n sensor-visit tasks created at the start of the mission are
assigned by the GS to UAVs via a sequence of first-price
single-task auctions. A UAV inserts a task awarded to it into its
current plan, where the task remains until the UAV delivers
the corresponding data to the GS. Upon receiving a task’s
data, the GS renews the corresponding task and reassigns it
to some team member by a new auction. Below, we describe
the process of auctioning, bidding and clearing in detail.

At each time step, the GS offers all unassigned tasks to the
UAVs by means of a broadcast message. The sensor locations,
the task creation times, and the prices of offered tasks are
contained in this message. The price of a sensor-visit task
determines the amount of virtual money that will be given to
a UAV that completes the task within the time window. On
receiving the message from the GS, each UAV computes the
marginal cost of adding each offered task to its current plan (as
will be explained immediately below). A UAV then submits a
bid on the task most profitable for it. The profit earned by a
UAV for a task is the difference between the UAV’s cost for
doing the task and the price (determined by the GS) of the
task. The bid message returned by a UAV should indicate the
task and the corresponding profit. The GS evaluates all bids
received and finds the one showing the most profit. It then
assigns the task in this bid to the UAV that submitted the bid.
The GS repeats the same process for the remaining tasks at
the next time step.

In our problem, two types of cost contribute to the marginal
cost of adding a new task to a plan:

1) the cost due to the additional distance that the UAV
should travel—the distance cost—and

2) the cost due to the latency that performing this task will
cause in the data delivery time of the other tasks already
in the plan—the time cost.

We consider the distance cost of adding a new task T, to
a plan Py, as Costyist(Peur, Thew) = Ue % d, where u, is
the unit distance cost and d is the marginal distance that a
UAV must travel when adding T, to P.,.. Incorporating
this cost term in the bid evaluation results in a hill climbing
approach to minimizing the sum of the distances travelled by
the UAVSs since it assigns an available task to a UAV with
the lowest distance cost. Adding a task T,,.,, t0 a Plan P,
also increases the data delivery time of the tasks already in the
plan and thereby may change the revenue associated with these
tasks as the revenue depends on the data delivery time. A UAV
can use the revenue function R, shown in Fig. 1a, to calculate
the revenue it will earn by completing the tasks already in
its plan. In the same way, it can calculate the revenue from
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completing these same tasks after accepting T,...,. The time
cost is the difference between these two revenue values.

Using this revenue function R, however, may not result in a
good bidding strategy. This is because the data delivery time
of an offered task depends on future tasks that a UAV may
win, but R does not account for this dependency. To address
this issue, we introduce an extension to the revenue function,
which we call the anticipated revenue function, R 4. The value
R(t), where t is the data delivery time of an offered task
based on the current plan, reflects the average revenue that
a UAV expects to earn by adding that task to its plan and
performing it. Using this modified revenue function, when a
UAV evaluates its bids, it considers not only the tasks already
in its plan but also the average length that its final plan may
have. Therefore, R4 may take on a non-zero value for a task
that would be delivered before T, according to the UAV’s
current plan (see Fig. 1b). Instead of the revenue function R,
a UAV will use its anticipated revenue function R4 for bid
evaluation. The time cost of adding T,,c,, t0 P, can thus be
formulated as

C OSttime ( Pcur ’ Tnew)

> Ralte,, —tr)—

T€Peur

>

T€Peur

where tp_, . is the time at which the UAV expects to finish its
current plan, ty is the creation time of task T, and At is the
marginal time that accepting T,,.,, will add to the completion
time of the current plan.

By including the time cost into the marginal cost, a UAV
takes into account the time constraints while evaluating its
bids. So, to cover both minimization of the sum of the
distances travelled by the UAVs and the time constraints on
data deliveries, we take the marginal cost to be the sum of the
time cost and the distance cost:

COSt(Pcum Tnew)

Ra(tp,,, + At—tr)

cur

COStdist(Pcurv Tnew) +
COSttime(Pcurv Tnew)

Calculating the marginal cost itself is NP hard since it requires
replanning for the new set of tasks. For simplicity, we use
a heuristic in which we insert the new task in all possible
positions in the current plan and choose the one that minimizes
the distance cost of the new plan.
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Turning to the communication complexity of our coordi-
nation approach, since only the most profitable task is sold
in each auction, each UAV needs to submit only its most
profitable bid. This results in a light communication load, with
O(m) messages per auction (where m is the number of UAVS).

A. Cautious Bidding

The most straightforward method for bidding is simply to
use the original revenue function as the anticipated revenue
function in bid evaluation:

Po

Ra(t) = { 0

where t is the time passed from the task creation time.

Following the cautious bidding strategy, a UAV just consid-
ers its current plan in evaluating its bid on an offered task T.
If the delivery time of T based on the current plan is before
Ty, it will not bid on it and will not take the risk of accepting
T in the hope that tasks it may win in the future will push the
delivery time of T into the desired window.

This cautious behavior may result in frequent task timeouts.
To illustrate, consider the situation where one or more UAVs
is loitering above the GS and a set of tasks that have just
been created or renewed is offered to them. If T,,,. is the
time required to visit the farthest sensor and come back to the
GS and if T, < Tz, then nobody will bid on any of these
tasks until T, — T,,q. time has elapsed since their creation.
After that, the task associated with the farthest sensor will
be assigned to one of the UAVs, and this UAV will try to
add more tasks that it can perform in the marginal time of
Ty — T to its plan. Note that other UAVs may still need
to wait until the task associated with the next farthest sensor
becomes profitable. It is thus very probable that they will not
be able to perform all the tasks without a timeout.

T, <t<Tpy
otherwise

B. Aggressive Bidding

At the opposite extreme from cautious bidding, there is
aggressive bidding. The anticipated revenue function for this
bidding strategy is

t< TH
otherwise

Po

Ra(t) = { 0
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where t is the time passed from the task creation time.
Following this bidding strategy, each UAV assumes that its
final plan will be long enough to push its delivery times beyond
Tr. As a result, a UAV considers just the upper bound in
its revenue function for bid evaluation. Clearly, this strategy
may result in premature data delivery (i.e., delivery before Ty,
time has elapsed since task creation time) because the lower
constraint on delivery time is ignored.

To illustrate, consider how this strategy affects the distribu-
tion of tasks among team members. Consider the case where
one or more UAVSs is loitering above the GS and a set of tasks
just created or renewed is offered to them. It can be shown
that the UAV that wins the first auction will greedily fill its
plan until either no more tasks are available or the upper time
bound would be exceeded if an additional task were accepted.
After that, the other UAVs will repeat the same procedure for
the remaining tasks, if any. Since this bidding strategy dictates
an order on the UAVs for task allocation, the chance of making
a premature delivery is less for the UAVs earlier in this order
because of the availability of more tasks for filling up their
plans, pushing their tasks’ data delivery times beyond their
time lower bound. Also, some UAVs toward the end of the
order may remain unutilized.

Thus, the order in which UAVs fill up their plans is the
main reason here for premature data delivery, particularly by
UAVs later in the order. It can be shown that, however, even
the earlier UAVSs in this order can deliver data prematurely.

C. Time Varying Price

We suggest varying a task’s price to model the different
levels of importance it may have. Specifically, instead of using
a fixed price Py, the GS uses a time-increasing function P (t)
to motivate UAVs to bid on older tasks. The price of a task
T offered by the GS at time t is P(t — ty), where tr is
the creation time of task T. Since the price is time varying
and the profit is the price minus the cost, the most profitable
task clearly is not necessarily the task with the lowest cost.
In other words, the presence of time varying prices can result
in a balance between task cost and task importance in the
process of task allocation. dP/dt must be great enough so as
to overcome the extra cost an expensive important task may
have compared to the other offered tasks. Time varying price
can improve the performance of the allocation by decreasing
the probability of successive timeouts for a given task.

For simplicity, we choose the linear price function

P(t) = Py (14U, % ),
Ty

where Py is the initial price of the tasks at creation time, Ty
is the upper bound for data delivery time, and u, determines
the increment in the price. Note that the price function is a
function known by the auctioneer (GS) used to calculate the
price that it announces to the UAVs when offering a task ,
and the UAVs will use that price as Pq in their anticipated
revenue functions for that task. Therefore, the revenue that a
UAV will receive upon performing a task depends both on the
time when it accepted the task and the time when it delivers
the data.
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D. Anticipated Revenue Learning

Instead of the extreme anticipated revenue functions of the
cautious and aggressive bidding strategies, we suggest using
a set of anticipated revenue functions that exhibit reasonable
levels of risk. We propose a family of functions {R%3}{,
as shown in Fig. 1c, that represent different levels of risk
acceptability, from the absolutely cautious level of the cautious
bidding strategy (o = 0) to the absolutely aggressive level
of the aggressive bidding strategy (o = 1). This family of
functions can be formulated as

ﬁXPO 0<t$(1—d)-TL
Rey =) (1= QD) <Py (1=0) T, <t<T,

PO TL <tSTH

0 otherwise

where t is the time passed from the task creation time. We call
the parameter o the aggression rate, a UAV that uses RY as
its anticipated revenue function is said to be an a-aggressive
UAV, and the induced bidding strategy is called a-aggressive
bidding. Clearly, RY and R are the anticipated revenue
functions of the cautious and aggressive bidding strategies.

Considering that our problem is a long-term application, we
employ a learning algorithm to adjust the aggression rates of
UAVs by experiment. The algorithm for adjusting o values
is as follows: we initially set all the a values to 1/2 since
no a priori knowledge of the environment is assumed. The GS
uses two messages, which we call CalmDown and ComeOn,
to inform the UAVs about their performance. ComeOn is a
broadcast message that informs the UAVs that the team’s
overall performance is so cautious that some tasks are timed
out. On receiving a ComeOn message, each UAV increases
its aggression rate by a certain amount in order to change
team behavior to be more aggressive in an attempt to prevent
later timeouts. CalmDown is a unicast message sent to a
UAV that has delivered data prematurely. A premature delivery
implies that the UAV that delivered the data should decrease
its aggression rate to prevent future premature deliveries. Thus,
upon receiving a CalmDown message, the UAV decreases its
aggression rate by a certain amount.

A UAV uses a time-varying step size of u—a, where N is
the number of the control messages it has received, and u,
(which is less than 1) is chosen to be rather large, giving
large steps at the beginning to allow the UAV to settle rapidly
around an appropriate aggression rate. A decreasing step size
avoids overreaction to temporarily bad performance so that
a UAV changes its aggression rate significantly only if its
local performance is consistently bad. It is clear that, using
this learning algorithm, UAVs may end up with different
aggression rates, which induce different bidding strategies for
different team members.

E. ARL+TVP

We can use time-varying price together with anticipated
reward learning. We expect that time-varying price will result
in a more reasonable performance by preventing a large
number of successive timeouts for a given sensor while UAVs
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TABLE |
PERCENTAGE OF TIMEOUTS, PREMATURE DELIVERIES, AND ON-TIME
DELIVERIES
Method % timed out % premature % on time
Cautious 41 0 59
Aggressive 0 28 72
Cautious+TVP 48 0 52
ARL 3 9 88
ARL+TVP 5 12 83
TABLE Il
DATA DELIVERY TIME STATISTICS
Method Longest  Shortest Mean STD
Cautious 7145 181 425 682
Aggressive 210 41 175 37
Cautious+TVP 1030 181 352 219
ARL 600 60 195 37
ARL+TVP 450 50 196 37

adapt their aggression rates to the problem. Indeed, this is
borne out in simulation.

V. SIMULATION AND ANALYSIS

We discussed five market based coordination methods in
the last section. In this section, we study their performance
in simulation. The problem under study consists of a team of
three UAVs and twelve UGSs randomly selected at different
angles and different distances around the GS. The speed of
the UAVs is 25 m/s. The closest UGS is 625 m from the
GS, which requires 50 s for a round trip. The farthest UGS
is 1250 m from the GS, requiring 100 s for a round trip.
We choose T, = 180 s and Ty = 210 s. We have set the
unit distance cost u, to be $0.1/m and the initial price Py to
be $300. This price is chosen to be higher than the distance
cost of travelling to any sensor and back to the GS, which is
2500m x $0.1/m = $250 since the round trip to the farthest
sensor is 2500 m. We set u, to 0.1. Also, u, is 1, implying
that, in the TVP method, the price of a task will double after
Ty time has passed from its creation time if it is still not sold.

Under this setting, we conducted five experiments, each
with a different method. Each experiment was long enough
to exhibit long-run system performance. Table | shows the
percentage of timeouts, premature deliveries, and on-time
deliveries in the five experiments. Table Il shows data delivery
statistics for the five experiments.

From these tables, it can be seen that, with the cautious
bidding strategy, we have a high percentage of timeouts since
a UAV has only Ty — T = 30 s marginal time to add other
tasks to its plan after accepting its first task.

Another disadvantage of the cautious bidding strategy is the
high number of successive timeouts there may be for a sensor.
Table Il shows that the longest data delivery for the cautious
method is 7145 s, indicating 33 successive timeouts for at
least one of the sensors. As the results show, adding TVP to
the cautious method significantly decreased the longest data
delivery time hence the number of successive timeouts, as
claimed in Section IV-C. Adding TVP also greatly reduced
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the mean and standard deviation of data deliveries by short-
ening long deliveries. Adding TVP to the cautious method,
however, has the drawback of slightly increasing the number
of timeouts.

The aggressive bidding strategy avoids timeouts but allows
a moderate percentage of premature deliveries. It, however,
has fewer premature deliveries than the cautious method has
timeouts. This is because, with the cautious method, all UAVs
contribute to timeouts while, with the aggressive method, the
main contribution to premature deliveries is made by the UAVs
at lower orders as described in Section 1V-B.

As can be seen from Fig. 2 and table I, both methods
using anticipated revenue learning have significantly decreased
the number of deliveries not within the time window. These
methods achieved this decrease by adapting the team mem-
bers’ behaviors to the problem through learning appropriate
aggression rates. Interestingly, these two methods have pushed
the mean of the delivery times right into the middle of the
[Tr, Ty] window. Compared with ARL, ARL+TVP improved
the longest delivery time by 25 percent, as we expected, at the
cost of a slight increment in the number of premature deliveries
and timeouts. They both have the same standard deviation,
however, because, although TVP has pushed deliveries long
after Ty toward the mean, it has more deliveries after Tg.

All five approaches stabilized their performance quite
rapidly, as can be seen in Fig. 2. The only exception may
seem to be the cautious method. In fact, even this method
has stabilized its local performance by 25Ty. But, since
its stabilized performance is much worse than its overall
performance before stabilizing, the transition time to move the
overall performance to the stabilized local performance is quite
long. It can also be seen from Fig. 2 that the performances of
ARL and ARL+TVP during learning are very good. This is
important since online learning should have good performance
even before convergence.

In both ARL and ARL+TVP, the UAVs have found their
roles quite rapidly. ARL ended up with a team of 0.3-
aggressive, 0.65-aggressive, and 0.7-aggressive UAVs, and
ARL+TVP ended up with a team of 0.28-aggressive, 0.52-
aggressive, and 0.6-aggressive UAVS. It is notable that the
aggression rates with ARL are less than those with ARL+TVP
as the latter provides additional motivation to take tasks by
increasing their prices.

V1. CONCLUSION

In this paper, we studied the problem of collecting data from
a set of unmanned ground sensors (UGSs) using a team of
cooperating unmanned aerial vehicles (UAVS) and delivering
the data to a ground station (GS). This problem was formalized
as a continuous, two-boundary time-constrained version of the
multi-traveller salesmen problem. We implemented a market-
based coordination approach that uses the concepts of price,
revenue, and cost to assign sensor-visit tasks to team members
through a sequence of first-price, one-round auctions con-
ducted by the GS. The data delivery time of an offered task is
determined by the time-length of the UAV’s final plan, which
depends on the tasks it may win in the future. To handle these
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Fig. 2. Percentage of the tasks not delivered within the time window [T, T'y] in (a) Cautious, Aggressive, and Cautious+TVP, and (b) ARL, and ARL+TVP.
The graphs show the cumulative performance from the beginning of each experiment.

dependencies, we introduced anticipated revenue functions as
a variation of our original revenue functions to enable a UAV
to estimate the expected time-length of its final plan based
on its current plan length. We approximate this function by
a family of functions represented by a single parameter, the
aggression rate, and learn an appropriate member of this class
by adjusting this parameter experimentally; we refer to this
as anticipated reward learning (ARL). Learning allows the
UAVs to adapt to problem requirements and to other team
members’ activities so that they may easily recover from
other members’ failures, accommodate team modifications,
and gracefully degrade while some members malfunction.

Simulations have shown good performance for this method.
The mean data delivery time after learning was pushed exactly
to the middle of the desired time window with an accept-
able standard deviation. Adding time-varying prices (TVP)
significantly shortened the longest timeout by providing more
revenue for tasks that are more liable to timeout. The initial
values of aggression rates influence the performance of the
system during learning. We initialized all aggression rates to
1/2, assuming no a priori knowledge about the environment.
Where some a priori information is available, however, one
can try to find better initial values. If, in addition, the problem
layout is known in advance, we can run the program offline
and start the real application with the learned values.

Future work will include extending anticipated revenue
functions to other domains with dependencies among tasks.
Also, one could try approximating the anticipated revenue
function with other families of functions. Furthermore, we
could use a learning method for the creation-time price, which,
with TVP, can affect the rate of change in importance, and,
with ARL, can affect the team members’ aggression rates.
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