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a b s t r a c t

Task allocation is one of the main issues to be addressed in multi-robot systems, especially when the
robots form coalitions and the tasks have to be fulfilled before a deadline. In general, it is difficult to
foresee the time required by a coalition to finish a task because it depends, among other factors, on the
physical interference. Interference is a phenomenon produced when two or more robots want to access
the same point simultaneously. This paper presents a new model to predict the time to execute a task.
Thanks to this model, the robots needed to carry out a task before a deadline can be determined. Within
this framework, the robots learn the interference and therefore, the coalition’s utility, from their past
experience using an on-line Support Vector Regressionmethod (SVR). Furthermore, the SVRmodel is used
together with a new auction method called ’Double Round auction’ (DR). It will be demonstrated that by
combining the interferencemodel and theDRprocess, the total utility of the system significantly increases
compared to classical auction approaches. This is the first auction method that includes the physical
interference effects and that can determine the coalition size during the execution time to address tasks
with deadlines. Transport like tasks run on a simulator and on real robots have been used to validate the
proposed solutions.

© 2012 Elsevier B.V. All rights reserved.
1. Introduction

Multi-robot systems can provide several advantages compared
to single-robot systems, for example: robustness, flexibility and
efficiency. To make the most of these potential benefits, several
problems have to be solved, specially when two or more robots
can constitute coalitions to execute tasks. Of all the issues reported
in the specialized literature, this paper focuses on the methods to
select the best robot or set of robots to execute a task, which is
commonly referred to as the ‘Multi-Robot Task Allocation’ (MRTA)
problem.

In [1] Gerkey and Mataric, broke down the MRTA problem
in three orthogonal axes: Multi-task robots (MT) vs. Single-task
robots (ST) depending on whether multiple tasks can be assigned
to the same robot or not; Single-robot tasks (SR) vs. Multi-robot
tasks (MR), where SR means that only one robot can be assigned
to a task, while MR means that several robots (a coalition) can
concurrently execute a task; and finally, Instantaneous assignment
(IA) vs. Time-extended assignment (TE) where in IA the allocation
is made by not taking into account the future incoming tasks.
In terms of this taxonomy, the present work is concentrated on
the ST-MR-IA problem. Moreover, special attention is paid to the
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tasks that have to be fulfilled before a deadline, in which case
the knowledge of how long the coalition will take to finish a task
is essential in order to determine the proper alliances. The time
needed to finish a task is frequently unknown. Thus, in general,
anticipating if certain coalitions can meet the task’s deadline or
estimate their utility can be quite difficult. In this context, it is very
arduous to accurately model the execution time of a task because
it depends on many complex and dynamic factors, among which
this paper will center its attention on the physical interference.
Interference appears when some individuals of a community
compete for a shared resource. In Multi-robot systems, a frequent
situation occurs when two or more robots need to access the
same point simultaneously. It has been demonstrated in different
studies [2,3], that physical interference has an important impact
on the system performance. This effect can be dramatic when the
system has to address tasks with deadlines because interference
increases the time needed by the coalition to finish the task and,
therefore, diminishes the coalition utility. This paper proposes a
new MRTA method for creating coalitions of mobile robots in real
time scenarios, that is, in environments where the tasks must be
executed before a deadline. When a coalition finishes a task before
its deadline, the system obtains the maximum utility associated
with that task. Otherwise, the utility decreases following some
time function. The goal of the proposed method is to maximize
the total utility obtained by the system. Auction methods have
been thoroughly studied and they are frequently used as a task
allocation solution. Furthermore, the current MR auction methods
cannot predict the expected execution time of a task nor the
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coalition size, thus, they are unsuitable for real time situations.
To solve the stated problem, this work presents a new auction
method, called Double Round auction (DR). The DR auction is
used together with a model of the physical interference, based
on Support Vector Regression (SVR) [4], to predict how long the
task execution will last. This paper also analyzes the effect of
the task progress’ monitoring on the system performance. The
experimental results presented here show that, using a correct
interference model, the task execution time can be predicted
and, therefore, the monitoring processes and their sensorial and
communication resources, are not necessary. To test the proposed
system a foraging-like task is used, where multiple robots can
cooperate to transport the same object. The experiments have
been obtained using both a simulator and a set of four real
robots (Pioneer 3DX). The results prove that the new proposed
method clearly outperforms those obtained with classical auction
mechanisms. The main goals of this paper are:

• To present a newMRTAmethod that takes into account physical
interference and uses this information to estimate the tasks’
execution time.
• To describe a coalition formation procedure that can determine

on-line the size of the workgroup required to meet the tasks’
deadlines.
• To develop a newauctionmethod, calledDouble Round auction,

that improves the classical auction approaches in terms of total
utility achieved in environments with deadlines.

This paper extends and analyzes in greater detail our previous
work on MRTA algorithms explained in [5]. Although the double
round conceptwas preliminarily introduced in [6], herewe include
a detailed description and analysis of the algorithm, an error
recovery strategy and new experimental results, including tests on
real robots.

The paper is organized as follows: Section 2 reviews the rele-
vant work in MRTA with special attention paid to auction meth-
ods; Section 3 presents a formal definition of the problem to solve
and details the real time foraging task; Section 4 explains the tech-
niques used to predict the execution time; Section 5 introduces the
Double Round auction task allocation algorithm; the experimental
results are shown and analyzed in Section 6 and, finally, the con-
clusions and future work are presented in Section 8.

2. MRTA related works

Nowadays, swarm intelligence and auction based methods
are the MRTA methodologies mostly used. Swarm methods are
inspired by insect colonies’ behavior, such as bees or ants,
where a global action emerges from the interaction between
very simple entities. In general, the swarm systems do not
need communication protocols to coordinate the robots, but the
complexity of the tasks they can carry out is strongly limited.
Most swarm systems can only deal with SR problems with
homogeneous robots. This restriction is superseded in the swarm
system proposed by Ducatelle et al. [7] dealing with tasks without
deadlines. The Low’s et al. swarm method [8] also allows the
coalition formation to execute a task, but with very complex
communication protocols. Moreover, very few swarm methods
address time restricted tasks; an exception being the work by
Oliveira et al. [9], where only a robot can be assigned to each
task. Some swarm methods have tried to reduce the physical
interference effect dividing the environment into several areas
which only some of the robots can access simultaneously [10,11],
but none of these approaches gives a quantitative value of the
interference effect for calculating the expected tasks’ execution
time.
Due to the swarm method limitations, this work is focused
on auction-like mechanisms, based on an explicit communication
protocol to coordinate the robots’ actions. In these kind of systems,
the robots act as selfish agents bidding for the tasks. The bids are
adjusted to the robots’ interest (capacity) to carry out the goal.
Thus, the robot with the highest bid, that is the best robot, wins
the auction process and gets the task. A lot of works have been
done to address SR problemswith auction basedmethods [12–19],
some of them partially adapting ideas originally conceived in the
computer engineering context to solve the task allocation problem.
The Jones’ et al. study [18] takes into account time restrictions
within an auction process where only a robot can be assigned to
each task. The Jones’ method uses a learning SVR model to obtain
the bid value, but does not estimate the execution time. Lemaire’s
auction method [17] allows soft deadlines with a single robot per
task. Other auction like approaches [20,19] can deal with deadlines
but with many restrictions regarding the execution time or the
kind of tasks to execute.

A few auction strategies, such as [21–25], allow us the address-
ing of MR problems, but none of them is able to deal with time re-
strictions associated with the tasks. Acebo and de la Rosa propose
in [26] a swarmbasedmethod,withmany characteristics fromauc-
tion strategies, that solveMR problemswith deadlines, but assume
the execution time to be known in advance. Thus, not one of the
referred methods takes into account the physical interference nor
predicts the execution time of tasks. The MR auction method pro-
posed in this paper overcomes these limitations and increases the
number of finished tasks compared to the classical MRTA auction
approaches.

In [27] Paquet proposes a method to estimate the size of an
agents’ coalition for the Robocup rescue competition. Due to its
computational complexity Paquet’s method cannot be applied on-
line, so the number of robots in each group has to be calculated
before executing the mission. Moreover, this method has not been
executed on robots and, therefore, it does not take into account
the physical effects. Other authors use learning algorithms to fit
the number of robots of each group, for example Dahl et al. in [28]
implement a Q -learning method but with neither deadlines nor
making time execution estimations. Several methods, such as [29]
or [30], make predictions about the time required to finished a
mission in scenarios with only one robot. For multi-robot systems,
Sellner and Simmons in [31] can predict the execution time with
kernel techniques that are similar to the SVR methods shown
in Section 4.2.1, but only for SR scenarios. Thus, to the best of
our knowledge, the method presented in this paper is the first
auction-like algorithm that includes time predictions and physical
interference to address MR problems.

3. Definition of the problem and complexity analysis

This section introduces the general MR problem to be solved
and defines the transport task used to verify the proposed MRTA
methods.

3.1. Problem statement

The task allocation problem is defined as follows: Let T =
{t1, . . . , tm} be a set of m tasks and R = {r1, . . . , rn} the set of n
robots to carry them out. Each task tj has the following character-
istics: the amount of work needed to finish it (taskWorkLoadj), a
deadline (DLj > 0), that is the time instant before which the task
must be finished and, finally, a utility function Uj(fTj) > 0, where
fTj is the time passed since the task tj started. If the execution time
of a task exceeds its deadline, Uj decreases. The Fig. 1(a) shows an
example of a hard deadline utility function, where Uj is constant
and equal Umaxjwhile fTj < DLj and abruptly drops to zero if the



J. Guerrero, G. Oliver / Robotics and Autonomous Systems 60 (2012) 1295–1307 1297
(a) Hard deadline utility
function.

(b) Soft deadline utility
function.

Fig. 1. Utility function (Uj) examples.
task cannot be executed by that time. Another kind of utility func-
tion is used for tasks with soft deadlines, an example of which can
be seen in Fig. 1(b), in this case the value of Uj progressively falls
from fTj = DLj. Both, hard and soft deadline tasks have been used
to test the performance of the proposed methods.

In general, each robot ri has a work capacity associated with
each task tj (workCapacityi,j) that represents the amount of work
that the robot can process per time unit. Thus, the time to fulfill
a task mainly depends on the number of robots of the coalition
assigned to it, the workCapacityi,j of each of them and the physical
interference between robots. Each coalition of robots g , in charge
of a task tj, has a work capacity (groupCapacityg,j), that means the
amount of work that the group of robots can perform per time unit.
Let C be the set of all valid assignments of coalitions of robots to
the set T , an assignment is valid if every robot only belongs to a
coalition and each coalition only executes a task. The goal of the
MRTA method is to find an optimum assignment C∗ ∈ C that
maximizes the sum of utilities, that is:

U =

tj∈T

Uj(fTj). (1)

Certainly, the task execution time and, therefore Uj, depend
on what coalition is assigned to each task. Thus, the stated
question is similar to the Set Partition Problem (SPP), where a
valid partition (C∗) of a set (set of all coalitions) that maximize a
given utility function has to be found [32]. The SPP is a NP-Hard
problem and, therefore, the one proposed in this paper is NP-
hard too. Furthermore, as demonstrated in [33], the SPP cannot be
approximated within a factor of O(m1−ε) ∀ε > 0.

Few approaches have been proposed to solve the SPP in multi-
robot scenarios and in general MR problems. The algorithm by
Vig introduced in [32] has a complexity of O(nk

· m) where k
is the maximum number of robots in a coalition. Service and
Adams in [33] improve the Vig’s results with a newmethod whose
complexity is O(n

3
2 · m) regardless of the value of k. In both cases,

the algorithm’s solution is, in general, suboptimal and does not
take into account the tasks’ deadlines. If the robots can be grouped
in j homogeneous sets, the Service’s and Adams’ algorithm can
provide an optimal solution with a complexity O(n2j

· m). This
algorithm requires aminimumnumber of robots to start executing
a task and, when this number is reached, the utility of the task
is a constant function. The problem proposed in this paper is
indeed more general: the utility function can change over time,
the number of robots needed to execute a task is not limited and
unknown a priori and time restrictions for the tasks are allowed.
Besides, in our task the number of homogeneous groups of robots
can be equal to the number of robots, that is j = n. In this case,
Service’s and Adams’ algorithm complexity is equal to O(n2n

·m).

3.2. Foraging with tasks with deadlines

To validate the model explained in the next sections, an
extended version of the classical foraging environment is used,
adding tasks with deadlines in the following way. Some randomly
placed robots must locate objects, randomly placed too, and carry
them to a commondelivery point. Each object to be gathered (j) has
aweight (taskWorkLoadj), a utility function (Uj), and a deadline (Dj).
Each robot i has a load capacity value (loadCapacityi), defined as the
maximumweight that it can carry. Thus, if a robot cannot carry the
entire object at once, it takes a part of it, goes to the delivery point
and comes back to the object for more bits. Therefore, each object
can be considered as a task composed by simpler subtasks, all of
them located at the same place. Of course, this is a particular case,
simpler than the general case previously described but it allows us
to efficiently isolate the interference effect from other factors that
can appear in more complex scenarios. In any case, the methods
that will be proposed can be extended to other kinds of tasks.

Even with its simplicity, this foraging task is similar to many
more realistic missions such as gathering hazardous or waste
material, where the objects are not spread uniformly over the
environment but they are clustered in specific places. The physical
interference effect between the robots assigned to one of this
clusters is very high, and therefore it has a high impact on the
execution time, as has been proved in our previous work [6]. Thus,
a task allocation algorithmmust consider each cluster of objects as
a specific task or as a big object composed of bits that have to be
carried to a delivery point, just as we consider the objects in the
foraging mission presented above.

4. Prediction of the execution time

This section describes the process to predict the execution time
of a specific task for solving MR problems. The prediction is based
on a Support Vector Regression model and on the task definition
given in the previous section. Thus, the expected time to finish a
task performed by a group of robots g is assumed to be:

DLg,j =
taskWorkLoadj
groupCapacityg,j

. (2)

The taskWorkLoadj is easily known before executing the task,
for example, the weight of an object to be transported or the
area of a region to be covered by the robots’ group. However,
it is hard to determine precisely the groupCapacityg,j because it
usually depends on dynamic and a priori unknown factors. Among
all of these factors, it is frequently accepted that the one with
the strongest effect is the physical interference. In this work the
deviation from the ideal capacity of a robot’s team is summarized
in a single term called the interference factor I . Thus, the work
capacity of a group is considered to be:

groupCapacityg,j = idealCapacityg,j − I (3)

where idealCapacity is the model of the group capacity. When
the individual characteristics of the robots are known, the
idealCapacity can be easily estimated as follows:

idealCapacityg,j =


1≤i≤ng

workCapacityi,j (4)
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where ng is the number of robots of the group g . Although this is a
simple model, it proves to be very effective, as will be shown later.
The following subsections will describe how to get both the I value
and the ideal capacity of the group.

4.1. Individual work capacity function

The individual work capacity depends on the characteristics of
the robot and on the kind of task to be executed. In the particular
case of the transport task explained in Section 3.2, it is assumed
that thework capacity of a robot is the amount of an object’sweight
that this robot can transport to the delivery point, per time unit.
Under ideal conditions, that is, in an open environment without
any obstacle between the object and the delivery point, the robot’s
work capacity can be estimated in a simple way. Let ri be a robot,
vi its maximum velocity, dj the distance between the object j and
the delivery point and taskWorkLoadj the weight of the object. The
number of trips between the delivery point and the object that the
robot must make to transport the whole object is 2 · taskWorkLoadj

workCapacityi,j
. If

the acceleration and deceleration time is neglected then for each of
these trips the robot needs dj

vi
time units.Without loss of generality,

it can be considered that a robot needs one time unit to load and
another one to unload each weight unit. Consequently, to load and
unload the full object, the robot will spend 2 · taskWorkLoadj time
units. Therefore, the total time required to completely transport
the object is Ti,j = 2 · taskWorkLoadj

loadCapacityi
(loadCapacityi+

dj
vi

) and, thus, the

work capacity ( taskWorkLoadj
Ti,j

) is:

workCapacityi,j =
loadCapacityi · vi

2 · (loadCapacityivi + dj)
. (5)

From this value, and using the Eq. (4), the idealCapacityg,j of a
coalition g can be immediately calculated.

4.2. Interference prediction

This paper proposes two approximations to estimate the
I value: the off-line interference prediction and an on-line
interference learning procedure. The off-linemethod calculates the
interference value before starting a task and the obtained value
is not changed until the mission is finished. This estimation only
takes into account one task and, therefore, it can only properly
model the interference among robots of the coalition assigned
to that task. The on-line method can modify the I value during
the mission execution, depending on the environment and on
the robot characteristics. Thus, the on-line version also includes
the interference between robots of different coalitions and with
obstacles.

4.2.1. Off-line interference prediction
The creation of an off-line interference model depends on the

task to be executed. To get this model for the objects transport
task used in this study, the following experiment has been carried
out: several robots must transport a unique object, formed by
transportable bits, and the total weight transported by the robots
after 40,000 time units is calculated. Fig. 2 show an example of this
situation, where the square is the object to transport, the robots
are the little circles and the big circle is the delivery point. All
the robots have the same load capacity (2 weight units in the
experimental tests presented) and the same velocity (3 distance
units/time unit), and therefore, they all have the same individual
work capacity. Moreover, the environment does not have any
obstacles only the robots, the object to be transported and the
delivery point. Ten different distances between the object and the
Fig. 2. Execution example for off-line interference prediction experiments.
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Fig. 3. Total transported weight during the experiments to model interference
effect.

delivery point have been tested while the number of robots varied
from 1 to 8. All these experiments have been executed using a
multi-robot realistic simulator developed by the authors, called
RoboCoT (Robot Colonies Tool) [34].

Fig. 3 shows the total transported weight as a function of the
number of robots varying from 1 to 8 and for the following values
of distance between the collecting and the delivery point: D1 =

140 units, D2 = 180 units, D3 = 250 units, D4 = 280 units,
D5 = 330 units, D6 = 360 units and D7 = 400 units. It can be
observed that the transported weight is not proportional to the
number of robots. As pointed out by different authors [3,35,10],
the transported weight is lower than what would be expected if
the robots couldworkwithout interferences. Thus, the interference
effect reduces the group utility compared to the ideal capacity
(see Eq. (4)). The shorter the distance between the collection
and delivery points and the higher the number of robots used,
the stronger the interference effect becomes. For example, Fig. 4
compares the expected total transported weight for the ideal case
and the results obtained through simulations when the distance
between object and delivery point is D1. In this case, with 8 robots
cooperating in the task, the interference reduces thework capacity
of the group down to 41.3% of the ideal situation. The difference
between the expected idealCapacityg,j and the real capacity of the
group from the experiments is the I value.

Among all the methods tested to fit the experimental I values
to analytical expressions [36], the Support Vector Regression (SVR)
model has provided the best performance. It has been proved by
other authors [37], that SVR outperforms the classical regression
methods.

The goal of the SVR method is to find a function, f (x), as flat
as possible, that fits a given set of training data (xi, yi), i = 1..nv

where xi ∈ Rn represents the input data of f (x) and yi ∈ R are the
results. From this data, the function f (x) is:

f (x) =


1≤i≤nv

(αi − α∗i )K(x, xi)+ b (6)



J. Guerrero, G. Oliver / Robotics and Autonomous Systems 60 (2012) 1295–1307 1299
1 2 3 4 5 6 7 8

1000

2000

3000

4000

5000

6000

7000

8000

Number of robots

W
ei

g
h

t
Ideal case
Experimental results
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where αi, α
∗

i are the lagrange multipliers, K(x, xi) is a kernel
function, b is the bias and nv is the number of training data. During
our experiments the radial basis function, shown in Eq. (7), is used
as a kernel:

K(x, xi) = e−γ ∥x−xi∥2 (7)

where γ is a parameter of this kernel. A detailed description of the
SVRmethod can be found in [38]. In the present case, each xi vector
includes two features: the number of robots of the group and the
distance between the object and the delivery point. The expected
value of each coalition, yi, is the I value. Eighty vectors (xi, yi) have
been used to train the model, that is, nv = 80, in such a way that,
when a robot needs to know the group capacity and, therefore, the
expected execution time of a task, the Eq. (6) is applied.

The implementation of the off-line SVR model is based on the
libsvm library developed by Chang and Lin [39]. This library creates
a model file from a given set of training data. In this study, the
ε − SVR method with a radial basis function as kernel has been
used.

4.2.2. On-line interference prediction
In the on-line SVR prediction process, the interference is not

fully modeled before the task execution begins and, while it is in
progress, the robots can adapt it. The on-line interference model is
based on Parrella’s implementation of an on-line SVR method [40]
proposed by Ma et al. [41], where samples can be removed from
the model and new ones added. When the model is updated, the
lagrange multipliers of the Eq. (6) must be modified to ensure
that the f (x) value is still optimum. The experiments performed
show that this method is faster than the off-line version when the
samples arrive one by one. The complexity of the algorithm is, in
the worst case, O(n3

v) · O(kernel), where kernel is the time needed
to calculate the kernel (Eq. (7)).

With the on-line strategy, the robots start the execution with
the off-line model, as described in 4.2.1. When a task finishes,
a new sample (xi, yi) is created with the obtained interference
and the data values, and it is added to the SVR model. Thus, the
number of samples nv increases over the execution time and,
therefore, the on-line SVR algorithm execution time rises too. To
limit the execution time, the number of samples can be bound.
If this number is above the established mentioned bound, the
oldest vectors are removed from the model. Looking for a good
tradeoff between process time and system performance in the
experimental phase of thiswork, themaximumnumber of samples
have been limited to 120.

5. Task allocation: Double Round auction

The task allocation mechanisms, including the groups’ forma-
tion, membership policy and task assignment is described in the
following paragraphs. The DR algorithm splits the classical auction
process into two steps: ‘auction for a task’ and ‘auction for a robot’.
In each task there is a robot, called the task leader, thatwillmanage
an auctionprocess. Thus, several auctionprocesses canbe executed
in parallel; one for each task.

5.1. Leader selection process

Each task must have a single leader which is the robot that
handles the coalition or work group, that is, it will be the
auctioneer. In the initial stage, each robot is looking for a task.
When a robot finds a new task, it tries to lead it. As there
can only be one leader per task, the candidate will execute the
leadership request process that can be seen in Algorithm 1. In
this algorithm the TIME_LEADERSHIP is the time that a robot r1
waits to become the leader and timeinit is the instant when it starts
the process. If r1 receives a leadership request of a better robot
before TIME_LEADERSHIP , it will give up the process. The concept
of ‘better’ depends on the tasks’ characteristics, and in the present
case, the better robot is the robot with the higher workCapacityi,j,
defined in Eq. (5).

Algorithm 1 Leadership request algorithm. Robot r1 requests the
leadership of task t
Require: t: task
1: Send a request for t
2: timeinit ← time
3: while time− timeinit ≤ TIME_LEADERSHIP do
4: if new message from r2 then
5: if r2 is already the t leader then
6: Give up the request process
7: return
8: end if
9: if r2 requests t and r2 is better than r1 then

10: Give up the request process
11: return
12: end if
13: if r2 requests t and r1 is better than r2 then
14: Continue
15: end if
16: end if
17: end while
18: r1 is the new task t leader

5.2. Auction for a task

If a robot is promoted to the leadership of a task, it creates,
if necessary, a coalition of robots; that is, a set of robots that
will cooperate to execute a specific task. In that case, the leader
executes Algorithm 2 to decide which is the optimum group size
andwhich robots are part of it. To take this decision, the leader uses
the first step of the DR, called ‘auction for a task’. In this process
the leader is the auctioneer and the other robots bid using their
work capacities. After starting the auction round, the leaderwaits a
fixed time (TIME_AUCTION) for the robots’ bids. Then, it selects the
robots with the highest work capacity using a greedy algorithm,
until it detects that the group is able to reach the task deadline,
that is, until this condition is verified:
DLg,j ≤ DLj (8)
where DLj is the deadline of the task j and DLg,j is the expected
time required by the group g to finish the task, calculated using
Eq. (2). Thus, the expected utility of the task is equal to Uj(DLg,j).
Furthermore, the leader does not include any selected robot in its
group until it receives the confirmation from these robots. This
confirmation is generated during the auction for a robot round,
that will be explained in the next section. Of course, the leader
collaborates in carrying out the task just as any other robot of the
group.
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Algorithm 2 Leader’s auction algorithm.
Require: tj: task to execute
Ensure: List Rp of selected robots and the AWARD message.
1: Send a bid request for the task tj
2: Br ← ∅

3: timeinit ← time
4: while time− timeinit ≤ TIME_AUCTION do
5: if a new bit bi received from robot i then
6: Br ← Br


bi

7: end if
8: end while
9: Sort Br from higher to lower work capacity

10: DLg,j ←∞
11: k← 0
12: Rp ← ∅

13: while i ≤ |Br | and DLg,j ≥ DLj do
14: Rp ← Rp


(robot’s bid Br [k])

15: Update DLg,j using the equation 6
16: i← i+ 1
17: end while
18: for all r ∈ Rp do
19: Bid for the robot r with the value Uj(DLg,j)
20: end for

5.3. Auction for a robot

Whether the deadline has been fulfilled or not, after the auction
for a task round, the leader starts the ‘auction for a robot’ process.
To get the selected robots, the leader bids for them sending the
expected utility of the task. Therefore, now the leader becomes
the bidder and the selected robots are the auctioneers. This can
be seen in lines 18–20 of Algorithm 2. When a robot receives a
bid from a leader, it waits a certain time (TIME_BID_ACCEPTED) for
more bids from other leaders. After this time, the robot selects the
coalitions with the greatest bid, becomes a member and sends a
confirmationmessage (ROBOT_ALIVE) to the corresponding leader.
If the leader doesn’t receive any answer from a robot or receives
a reject message (REFUSE), it removes that robot from its list of
selected robots. On the other hand, a robot is definitely added to
the group, when the leader receives a confirmation message from
it. Algorithm 3 specifies the steps executed by a non-leader robot
to implement the auction for a robot stage.

When the robots implement the on-line SVR method, every
time a task is finished, the leader receives the difference between
the expected execution timeusing only the idealCapacityg,j (Eq. (4))
and the real task duration. From this value, the leader calculates the
I value which, together with the average number of robots in the
group and the distance to the delivery point, makes up a new SVR
sample that is added to themodel. Finally, the leader sends the new
SVR sample to the other robots that use this vector to update their
own SVR models.

5.4. Complexity analysis

The complexity of the proposed algorithms is relatively low
and comparable to the current auction methods. The complexity
of the auction process executed by the leader (Algorithm 2) can
be calculated as follows: Let n be the number of bids received by
the leader, then the complexity to sort the bids (line 9) using the
merge sort or the binary tree sort method is O(n · log(n)). The
interference value estimation (line 15) has a complexity equal to
O(n3

v · kernel) = O(n3
v). Therefore, the complexity of the loop from

line 13 to line 17 is O(n · n3
v). Finally, the last loop (lines 18–20)

has a complexity O(n), and the whole algorithm’s complexity is
Algorithm 3 No leader robot’s auction for a robot algorithm
1: if AWARDmessage, b0, from a leader then
2: Bl ← b0
3: timeinit ← time
4: while time− timeinit ≤ TIME_BID_ACCEPTED do
5: if AWARD message, bi, from a leader then
6: Bl ← Bl


bi

7: end if
8: end while
9: lbest ← best leader in Bl

10: Send a ROBOT_ALIVE message to lbest
11: for all li in Bl and li ≠ lbest do
12: Send REFUSE message to li
13: end for
14: end if

Table 1
Computational and communication complexity of several MRTA algorithms.

Method Computational Communication

Double Round auction A : O(max(nlog(n), n3
vn)) A : O(m)

B : O(n) B : O(m)

[33] O(n2j
·m) –(Service et al.’10)

[23] O(nkm) –(Vig et al.’06)

Dynamic Role [25] A : O(n) A : O(n)
(Chaimowicz ’02) B : O(1) B : O(1)

equal to O(n · log(n) + n · nv + n) ⊂ O(max(n · log(n), n · nv)).
Moreover, the leader has to send a broadcast message asking for
bids in the auction for a task process and, after that, it sends n bids
during the auction for a robot stage. Thus the leader sends a total
of O(2 · n) = O(n) messages.

The complexity of the bidder algorithm during the auction for
a task is O(1) and it also has to send O(1) messages. During the
auction for a robot step the robots execute Algorithm 2 with a
computational complexity of O(n) to select the best leader and
O(n) to send the confirmation messages, where n is the number of
received messages from the leaders. Thus, the complexity is equal
to O(2 · n) = O(n). Finally, it is easy to prove that the number of
messages sent by each robot is O(n) too.

The Table 1 summarizes the computational and communication
complexity of some MRTA algorithms that address MR problems.
In this table n is the number of robots, m the number of tasks,
A the auctioneer complexity, B the bidder complexity, nv the
number of support vectors, k the maximum number of robots in a
coalition, and j the number of homogeneous groups in the Service’s
algorithm.

5.5. Exceptions management

An exceptional situation happens when a robot fails or when
the communication errors cause a failure in the auction process.
The exception management methods are especially useful under a
realistic situation when, for example, a robot runs out of battery,
or when a mechanical error due to a collision happens. This
section analyzes these situations and explains the implemented
mechanisms to recover the system. Thesemechanisms are partially
inspired in Sariel’s work [42].

5.5.1. Leaders duplicity
If a leadership request message is lost or if it is received after

the TIME _LEADERSHIP time, a task can have more than one leader.
To solve this problem, a unique identifier is assigned to each robot
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before starting the mission. Each leader periodically broadcasts
a message, called LEADER_ALIVE, with its identifier and the task
position, to announce to the other robots that it is already the
leader of that task. If another robot with a lower identifier and
trying to be the leader of the same task receives this message, it
will leave the task leadership and will communicate it (message
EXIT_LEADER) to the robots of its group. When a robot receives
an EXIT_LEADER message from its leader, it leaves the task and
becomes free to be part of a new group.

5.5.2. Leader failure
Another exceptional situation happens when the leader of a

task fails and cannot keep executing the task. To detect these
situations, the LEADER _ALIVE message is used again, in such a way
that when a robot in a group does not receive any LEADER_ALIVE
message from its leader after a period of time, it will leave the
group. Section 7 describes an example of how this mechanism
works on real robots.

5.5.3. Robot failure
The non-leader robots that belong to a group periodically send

a message to the group leader to inform it that they are still
executing the task. If a leader does not receive any message from
one of its robots after a certain time, itwill remove it from the list of
groupmembers. After this dismissing step, the DLg,j is recalculated
and a new auction round is started by the leader, if necessary.

5.6. The monitoring process

Someof the current auctionmethods need amonitoring process
to evaluate the task progress. In the case presented here, the leader
can periodically receive, during the execution of a task, information
regarding the remainingweight of the object (taskWorkLoadj) to be
transported. The leader of the task uses this information to make
a continuous estimation of the actual task workload remaining
(WL(t)) using a linear equation:

WL(t) = WL(tm)− groupCapacityg,j ∗ (t − tm) (9)

where tm is the time when the leader received real information
about the task’s progress.

In a continual monitoring task progress execution, the leader
knows at each moment the exact value of the taskWorkLoadj, and
therefore, it can start another auction process if the inequality (8) is
not verified. In a non-monitoring task process execution, the leader
only knows the taskWorkLoadj at the beginning of the task, and
then it uses the Eq. (9) to predict the taskWorkLoadj, with a unique
constantWL(tm) during the whole process.

6. Simulation results

In this section we will show the results of several experiments
carried out on a simulator to study the effect of the double round
auction process, the physical interference model, the monitoring
process and the on-line SVR learning.

6.1. Experimental environment

The simulator RoboCoT has been used to obtain the results
presented here. The robots must execute the transport task
explained in Section 3.2. The robots’ architecture is a classical
hybrid 3 layer implementation, where the behaviors are based on
potential fields and Arkin’s motor schemas, a detailed description
of its implementation can be found in [34].

Three different auction methods have been studied:

• Double Round auction (DR): the double auction mechanism
explained in Section 5.
Table 2
Summary of the experiments carried out.

– M_I NM_I M_NI NM_NI

DR × × × ×

SR × × × ×

Greedy ×

• Single Round auction (SR): in this strategy the leader only uses
the auction for a task method. Then, the robots select the first
leader agreement message received.
• Greedy selection: all the leaders try to create aworking group as

numerous as possible, without taking into account the deadline
value or the task characteristics. This strategy is like a SR in
which the leader sends an agreementmessage to all the bidders.

The above indicated task allocation methods have been exe-
cuted combined with the following strategies:

• M_I: the continual monitoring strategy is used together with
the interference model.
• NM_I: the interference model is used, but without monitoring

the progress of the task.
• M_NI: the continual monitoring strategy is used but without

the interference method. That is, the expected execution time
is calculated using only the ideal capacity.
• NM_NI: neither continual monitoring nor interference model

are used.

Table 2 summarizes the experiments carried out, as a combina-
tion of the indicated auction method and monitoring/interference
strategies. The greedymethoddoes not implement anymechanism
for limiting the coalition’s size, so it only makes sense to combine
it with the NM_NI strategy.

6.2. Experiments with the SVR off-line model

To validate the SVR off-line model, two kinds of scenarios have
been analyzed: homogeneous, where all the tasks have the same
utility, and heterogeneous, where each task can have a different
utility function.

6.2.1. Homogeneous utility functions
In the homogeneous utility functions experiments all the tasks

have a hard deadline function with the same maximum utility
Umax. In this way, the goal of the system is to finish as many tasks
as possible before the deadline. Additionally, the objects must be
transported as soon as possible even if they are over their deadline
and their utility is already zero. In the auction for a task process,
the leader tries to create a group to meet the tasks’s deadline,
without considering the task’s utility. This utility is only taken
into account in the auction for a robot stage, therefore, if all the
tasks have the same utility, both the double and the single auction
methods will give the same result. Thus, in this section only the
single auction process is used, and the correctness of the SVRmodel
can be studied regardless of the kind of the auction model used.

All the experiments have been conducted using 10 robots and
3 objects to gather, with a weight equal to 40 weight units and
the same deadline. This deadline time starts when the object
appears in the environment. All objects and robots are located in
a 788 distance units long by 451 distance units wide workspace.
Fig. 5 shows a typical initial situation, where the squares represent
the objects to collect, the delivery point is the big circle at the
right of the image and the robots are the little circles. Despite
having only 3 objects in the environment, when an object is
fully transported to the delivery point, another one immediately
appears at a random point of the working area. Thus, the initial
conditions are maintained throughout all the mission execution.
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Fig. 5. Initial location of the robots during the simulations.

The robots have a load capacity of 2 weight units and a maximum
velocity of 3 distance units per time unit. To simplify the analysis,
the robots know the situation of each object in the environment,
this information is provided by some central agent or user. The
robots carry out the described mission during 30.000 time units.
After this period, the time required to transport each object and
the number of objects gathered is computed.

Fig. 6 shows the time required to finish the tasks when the
deadline is 900 time units. The bar with a label 0.6 represents the
percentage of tasks whose execution time exceeds the deadline by
60% ormore. The bar labeled 0.5 represents the percentage of tasks
executed within 1.5 and 1.6 times the deadline time, and so on.
Negative labels represent the tasks that have fulfilled the deadline.
For example, the bar with −0.2 are the tasks that required more
than 0.7 but less than 0.8 of the deadline time. As can be seen, the
greedy strategy correlates poorly the execution timeof the task and
its deadline. However, the number of tasks executed close to the
deadline increaseswhen the SRmethod is used. For example, using
the greedy strategy, 17.31% of tasks exceed the deadline time by
60%, but in theworst case of the experimentswith auctionmethods
(strategy M_NI) this percentage is only 6.64%. Table 3 shows the
percentage of tasks executed before the deadline (column t ≤
DL) and the tasks that needed less than 1.1 of the deadline to be
finished (column t < (DL + 10%)). Note that column t ≤ DL is
included in the percentage of column t < (DL+ 10%). From these
data, it can be observed that the interference SVR model clearly
improves the results, especiallywhen it is usedwithoutmonitoring
(NM_I). It is also noticeable that the monitoring strategy can in
some cases decrease the number of tasks that fulfill the deadline.
This happens because the interference frequently stops or slows
down the task progress. In this situation, the time needed to finish
the task is estimated erroneously and condition (8) is not verified
anymore. Thus, the task leader tries to recruit new robots for its
coalition, increasing the interference and finally behaving like the
greedy strategy. As will be seen in Section 6.2.2, even the greedy
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(a) Greedy results. (b) NM_NI results.
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(c) NM_I results. (d) M_NI results.
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(e) M_I results.

Fig. 6. Time required to finish the tasks with homogeneous utility functions and a deadline equal to 900 time units.
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(a) Results with the greedy strategy. (b) NM_NI results.
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Fig. 7. Time required to finish the tasks with soft deadline heterogenous utility functions (see Eq. (10)) and a deadline equal to 900 time units. The double round auction
process has been used.
Table 3
Percentage of tasks executed before the deadline (column t ≤ DL) and tasks that
need less than 10% of its deadline to finish. The deadline is equal to 900 units and
the utility function is homogeneous.

– t ≤ DL t < (DL+ 10%)

Greedy 30.87 42.57
NM_NI 12.56 23.86
NM_I 36.67 54.27
M_NI 16.16 37.36
M_I 15.18 30.38

strategy increases the number of tasks finished before its deadline,
the utility of the system is increased thanks to interference model
and to the DR auction. Finally, it is worth mentioning that more
experiments with a deadline equal to 1500 and 1200 have been
carried out and very similar results have been obtained in all cases.
Thus, in these cases, the use of the interference model and, very
specially, the SRmethod improve the othermethods. Furthermore,
when the deadline is increased the difference between NM_I and
M_I is reduced because is more likely that condition (8) was
verified.

6.2.2. Heterogeneous utility functions
The results of the experiments carried out with heterogeneous

utility functions, are explained here. In this situation the utility can
be soft or hard and their maximum values can vary from one task
to another. The goal of the system is to maximize the total utility
given by Eq. (1). Moreover, it will be proved that with this type of
task, the DR auction process increases the total utility compared to
the SR auction and the greedy strategies.

In these experiments the robots have to transport 400 objects
and the total time needed to transport all of them is calculated.
Fixing the number of objects at 400, the maximum utility that
the system can generate is always the same. As in the single
round experiments, there are only 3 objects in the environment
simultaneously, when an object is completely transported, another
one appears randomly placed in the environment. All the tasks
have a deadline of 900 time units, but their maximum utility Umaxj
value can be different. Two utility functions have been tested, a
hard deadline one and the following soft deadline function:

Uj =


Umaxj if fTj < DLj

Umaxj
0.07DLj

(fTj − DLi)+ 0.07DLj
sino

(10)

whereUmaxj is themaximumutility of the task j,DLj is the deadline
of this task and fTj is the time required to finish it.

Fig. 7 shows the time required to finish the tasks with the
soft deadline function (10), using the DR auction process and
heterogeneous utilities. Themeaning of the bars is the same aswas
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Table 4
Percentage of tasks executed before the deadline (column t ≤ DL) and tasks that
need less than 10% of its deadline to finished (column t ≤ (DL+10%)). The deadline
is equal to 900 units and the utility function is heterogeneous following the Eq. (10).
The double round auction process has been used in all cases.

– t ≤ DL t < (DL+ 10%)

Greedy 37.88 48.48
NM_NI 25.30 37.40
NM_I 29.30 50.50
M_NI 25.25 55.05
M_I 26.76 50.00

explained for Fig. 6. Similarly to the SR method and homogeneous
utilities, the graphic shapes show a best correlation between the
deadline and the number of tasks finished when the DR auction
method is applied compared to the greedy strategy. Table 4 shows
the percentage of tasks fulfilling their deadline (column t ≤ DL)
and the tasks that needed less than 1.1 times their deadline to
finish (column t < (DL + 10%)). Once again, the greedy and the
NM_I strategies obtain the greatest percentage of tasks that strictly
meet the deadline. The same experiments have been repeatedwith
hard deadline functions obtaining very similar results.

It has to be remembered that, apart from the results shown for
the deadline fulfillment, the main stated goal of the methodology
is to maximize the total utility of the system. Accordingly, it will
be shown next that the DR auction with the interference method,
clearly increases the total utility of the system, outperforming the
results of the other strategies.

Fig. 8 shows the total utility (see Eq. (1)) when the soft deadline
function is used. As can be seen, the M_I and NM_I strategies
present very similar results, therefore, it can be stated that the
proposed interference model correctly predicts the evolution of
a task without any monitoring process. Moreover, in both cases
the total utility has been increased by about 40% compared to
the greedy method. In addition, this figure also highlights the
impact of the interference on the system. Thus, the results of
the methods that do not use the interference model (M_NI and
NM_NI) and the results of the greedy system are very similar.
Finally, the utility produced by the robots that use the single round
auction strategy (SR) is also very similar to the greedy experiments
results. Therefore, the auction for a robot round included in the DR
methodology clearly increases the system performance.

The results of the experiments with the hard deadline function
are shown in Fig. 9. The NM_I presents the best results, increasing
by about 43% of the total utility of the system compared
to the greedy strategy. Moreover, the non-monitoring strategy
outperforms themonitoringmethods. The utility of the SR strategy
is slightly lower than the greedy method one, but, as it was shown
in Fig. 6, using the SR strategy clearly results in the execution time
of the tasks being more concentrated around the deadline.

6.3. On-line SVR experiments

In this subsection the impact of the on-line interference learn-
ing on the total utility generated by the system will be analyzed.
In these experiments 7 homogeneous robots must transport 200
objects using the soft deadline utility function, the NM_I together
with the double round auction. Two kind of experiments have been
conducted:

• Experiments without errors: in this case the robots know
without any error all the experiment parameters, that is the
robot’s velocity and distance to the delivery point.
• Experiments with errors: in these experiments the velocity

known by the robots is wrong. While the real velocity is 3.0,
they suppose it is equal to 0.8 distance units per time units. This
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Table 5
Total utility of the on-line SVR experiments.

Off-line SVR On-line SVR

Without errors 10802 11851
With errors 6 290 10226

wrong velocity is used to get the ideal individual work capacity
in Eq. (5). Thus, it can be observed what happens when there
are errors in the kinematic model of the robot.

As has been explained in Section 5.3, when a leader finishing a
task sends the information about the task, the number of robots in a
working group, and therefore its work capacity, can change during
the execution of a task.

Table 5 shows the total utility of the system with both strate-
gies, on-line and off-line SVR. It can be observed that when there
are no errors in the system, the on-line SVR algorithm increases by
9.7% the utility compared to the off-line strategy.When the system
has to deal with errors in the kinematic model this improvement is
more remarkable and equal to 62.5%. Thus, it can be stated that the
methods proposed here can correctly model the main phenomena
that distort the ideal behavior of a MRTA system, that is: the phys-
ical interference produced by obstacles and robots from the same
and other coalitions and the kinematic errors.

7. Experiments with a multi-robot platform

To finish the experimental phase, some of the previously
described experiments have been executed using real robots. In
particular, to test the DR auction methods and the interference
model, four Pioneer 3DX, shown in Fig. 10, have been used. Each
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(a) Pioneer-3DX. (b) The four robots used during the experiments.

Fig. 10. Images of the robots Pioneer-3DX.
Fig. 11. Initial location of the robots during the experiments.

vehicle, whose localization is calculated by odometry, is equipped
with a ring of 16 regularly spaced sonars and has a maximum
speed of 0.25 m/s. The robots are endowed with a Via Epia mother
board with an Eden 600 MHz processor, 512 MB of RAM that
execute a Ubuntu 8.04 linux distribution and a wireless card for
the communications. Furthermore, a access point has been used
to allow the communication between robots. The well-known
Player server [43] has been used for interacting with the robots’
hardware. To accomplish themission the robots have to collect two
objects randomly placed in a 10 m long by 5 m wide workspace.
Fig. 11 shows the initial location of the four robots for one of these
executions. The marks O2 and O1 on the floor, are the objects to
gather and the D label, in the center of the image, is the delivery
point.

Fig. 12 shows some snapshots taken during the task execution.1
In Fig. 12(a) robot 1 is getting closer to the delivery point D,
meanwhile robot 2 is moving towards object 1. Fig. 12(b) shows
robots 3 and 4 collaborating to transport O2. Next, Fig. 13 shows
the behavior of the system when a leader fails and how the robots
recover the initial situation using the exception management
mechanisms explained in Section 5.5. Fig. 13(a) shows the initial
situation, where three robots are assigned to the object O2 and

1 See videos in http://www.youtube.com/user/jguerreroSRV
only one to O1. In Fig. 13(b) the O1’s leader fails (it is manually
withdrawn from the environment). Finally, Fig. 13(c) shows that
a new leader is assigned to task O1, only 15 s after the old leader
failed. The system behavior during the experimentwith real robots
has been, in all cases, just as expected and in accordance with the
described methods. Thus, it is proved that the described methods
can be implemented on real robots without highly demanding
requirements.

8. Conclusions and future work

This paper has presented a new auction method to fulfil the
deadlines of a set of tasks using multi-robot coalitions. Because
the stated problem is NP-hard, it has to be solved with a
heuristic approach. One of the main problems to solve in real
time environments is to predict the execution time of a task. This
prediction is especially complex when the task has to been carried
out by a coalition of robots because of the physical interference,
among other factors. Several authors have pointed out the impact
of the interference on the system performance, but none of them
has used this information in an auction process. Thus, the method
presented in this paper is the first auction based one that takes
into account the interference effect and the firstMRTAmethod that
can determine the coalition size to satisfy real time restrictions. To
determine the coalition size, we have proposed a SVR basedmodel
to predict the execution time. Our method has been tested with
transport tasks using both off-line and on-line SVR methods, on a
simulator and on real robots. The results of the experimental tests
show that the results of the classical auction mechanisms can be
improved combining the interferencemodel and the double round
auctionmethod.Moreover, the SVRmodel renders unnecessary the
monitoring of the task progress.

The work presented has some challenging aspects to add and to
improve.We areworking to use a preemption auctionmethod, that
is, a method that allows the exchange of robots between working
groups. We will extend these experiments to other kind of tasks,
such as exploration or surface cleaning. Moreover, we will study
other on-line SVR sample substitution strategies and a classical
task planning algorithm.
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(a) Robot 1 is getting to the delivery point and robot 2 is
going toward to object 1.

(b) Robots 3 and 4 are moving towards object 2.

Fig. 12. Some snapshots of the execution on real robots.
(a) Initial situation. (b) The O1’s leader is withdrawn from the environment.

(c) System recovery.

Fig. 13. System recovery example when a leader fails.
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