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Abstract— Team work is essential to multiple mobile robot
systems. An important question is, which robot should imple-
ment which action? In our previous work, we presented a
trade-based task allocation approach for coordinated multi-
robot exploration, which simulates the relationship between
buyers and sellers in a business system, to achieve dynamic
task allocation by using a mechanism of unsolicited bid. This
paper still addresses the problem of coordinating multi-robot
exploration while presents an improved trade-based approach
to raise the efficiency of task allocation by using the Hungarian
method. The proposed approach has been implemented and
evaluated in simulation. The experimental results demonstrate
the total exploration time can be significantly reduced by
the improved trade-based approach compared to previous
approaches.

I. INTRODUCTION

Exploration of an unknown environment is a fundamental
problem in robotics. It requires an agent to cover the un-
known area while building a model of the environment from
sensor data so as to achieve the purpose of exploration. Some
exploration missions are very well known, such as the Moon
exploration and the Mars exploration.

Compared with single agent, using multiple agents has a
number of potential advantages [1], [2]. For example, a team
of robots is able to complete an exploration mission faster
than a single robot. The key to gain the advantages is coordi-
nation. Without coordination, it will not only lower mission
efficiency, but also lead to the failure of the entire mission
in extreme cases. An essential problem of coordination is
task allocation, in other words, we need to answer such a
question: which agent should execute which task [3]? Fig. 1
shows an example of multi-agent coordination. Four robots
explore an unknown environment cooperatively. The result
of task allocation is that different robots are responsible for
exploring different rooms.

There are generally two types of mechanisms for task
allocation, centralized and decentralized. The advantage of
centralized mechanism is that the optimal plans can be
found. Nevertheless, this mechanism is ineffectual for large
teams with more agents. There is no central planner in
the decentralized mechanism. Robots use locally observable
informations to make their plans. This mechanism has a good
adaptability and strong robustness, but the solutions it got are
often sub-optimal.

The investigation context of this paper is the problem
of exploring an unknown environment with a homogeneous

Fig. 1. Four robots explore an unknown environment cooperatively. The
green robot has completed the exploration of room 0, is moving to next
room. The yellow robot is exploring room 1. The red robot is exploring
room 2, and the orange robot is moving to room 3.

team of cooperative robots. The objective is to explore the
entire environment, while minimizing the time needed to
complete the overall exploration. In our previous work [16],
we developed a lightweight and robust decentralized system
based on trade rules for coordinated multi-robot exploration,
which is designed to simulate the relationship between
buyers and sellers in a business system. The robot which
plays the role of buyer makes a request for an exploration
task to the robot which plays the role of seller, then the seller
robot analyzes the received requests and assigns the tasks
to the buyer robots reasonably. An obvious characteristic
of this technique is the ability to assign multiple tasks to
multiple robots at a time. Nevertheless, the previous strategy
can not guarantee the global optimal task allocation plan for
the whole exploration mission will be found. Therefore, in
this paper, we present an improved trade-based approach for
efficient task allocation, in which the buyer robot is able
to make a request for several exploration tasks to the seller
robot, and the latter will assign the exploration tasks to the
buyer robots by using the Hungarian method [15].

The remainder of the paper is organized as follows:
Section II describes an overview of some related works;



followed by the discussion of the requirements of multi-
robot exploration, described in Section III; subsequently,
Section IV describes our improved trade-based approach;
Section V describes the experimental results obtained with
our approach; the paper is concluded in Section VI.

II. RELATED WORK

Yamauchi [4] presented a cooperative, decentralized and
fault-tolerant multi-robot exploration strategy based on the
concept of frontiers. In his approach, robots share perceptual
information, but maintain separate global maps. Each robot
makes its own decisions about where to navigate. Whenever
a robot arrives at a new frontier, it sweeps its sensors
and constructs a local evidence grid representing its current
surroundings. This local grid is integrated with the robots
global grid, and also broadcast to all of the other robots.

Burgard et al. [5] designed a coordination component
based on the approach of Yamauchi. This component applies
a probabilistic method which takes the cost of reaching a
frontier and its utility into account simultaneously. The cost
is given by the distance of traveling to a frontier and the
utility is given by the size of the unexplored area that a
robot can cover from this frontier with its sensors. Whenever
a frontier is assigned to a robot, the utility of the visible
unexplored area of this frontier is reduced to all of the other
robots.

Gerkey and Matarić [6] proposed an auction-based task
allocation approach for decentralized multi-robot coordina-
tion. The auction proceeds in five steps: task announcement,
metric evaluation, bid submission, close of auction and
progress monitoring/contract renewal. This strategy has been
implemented and tested in a general task allocation system
called MURDOCH, which is built upon a principled, re-
source centric and publish/subscribe communication model.

Zlot et al. [7] introduced a market-based task allocation
approach for multi-robot exploration. This technique borrows
the market architecture which seeks to maximize benefit
while minimizing cost, thus aiming to maximize utility. The
benefit is information gained by visiting a goal point, the
cost is the estimated distance traveled to reach the goal, then
the utility is the difference between the benefit and the cost.

Besides, there are some other approaches developed with
various policies [8], [9], [10], [11], [12].

III. MULTI-ROBOT EXPLORATION

There are two basic requirements in multi-robot explo-
ration known as robot navigation and task allocation.

Mobile robot navigation includes three fundamental prob-
lems: map learning, localization and path planning. In a
given environment, a robot should be able to determine a
collision-free trajectory from its current location to a desired
target location. This is known as path planning. To compute
the path, a map of the environment should be known, it
is built from a set of sensor data acquired by the mobile
robot. The problem of map learning is commonly referred as
simultaneous localization and mapping (SLAM). During the
path following process, the mobile robot needs to know its

exact position and orientation in the environment at all times.
This is known as localization. A multi-robot navigation
system should also address the possible interference between
robots. For instance, a robot should take the motion of other
robots into account to avoid congestion or collision [17].

Multi-robot task allocation (MRTA) should handle the
problem of determining an appropriate mapping between
robots and tasks. A task can be an exploration of the
unknown space of environment. The key of the effective task
allocation for multi-robot systems is to iterate the assignment
in order to deal with changes in the tasks, the robots and the
environment [3].

IV. IMPROVED TRADE-BASED APPROACH

A business system is mainly made up of buyers and
sellers. The relationship between them is known as exchange
relation. Buyers can use money to purchase goods or services
from sellers, then sellers collect money and sell goods or
services to buyers. Our approach in this paper is built on the
simulation of this relationship, the model is as follows:

Trade =< R,M,T,P,C > (1)

where R represents the mobile robots. M represents the
whole mission to be completed, which consists of several
tasks, M = {m0,m1, . . . ,mn}. T represents the time needed
(i.e. the benefit obtained) to complete the whole mission.
P signifies the task allocation plan. C signifies the set of
cost to complete the whole mission, C = {c0,c1, . . . ,cn}.
The proposed approach contains two phases which are role
allocation and task allocation.

A. Role allocation

The role allocation is to solve the problem of which robot
should be buyer and which robot should be seller. A simple
and effective way is to number the robots in the team, and
the robot which is not in task broadcast its number, then
evaluates the received numbers from others after a period of
time. If there is a number smaller than its own, then this robot
will play the role of buyer. The details of our implementation
are given in Algorithm 1.

B. Task allocation

Once the idle robot has determined its own role, it should
enter the task allocation phase. For the buyer robots, the
first thing to do is to choose one or more tasks to bid
for and estimate the corresponding task cost. In the present
study, the task is to explore an unknown region identified by
topologizing the grid map of the environment [17], and the
estimated task cost is the distance between the robots’ current
position and the target position computed by the wavefront
propagation algorithm [13]:

cm
r = wave f ront(pos(r), pos(m)) (2)

where cm
r represents the estimated task cost c for the robot r

to complete the task m. After completing the cost estimate,
the buyer robot should send a purchase request to seller robot



Algorithm 1 Trade-based role allocation for robot r
1: if robot r is not in task then
2: broadcast its number r
3: if time < timeMax then
4: receive messages
5: time← time+1
6: else
7: robot← seller
8: for each received number r

′ do
9: if r

′
< r then

10: robot← buyer
11: break
12: end if
13: end for
14: end if
15: end if

for the new task. We called this model the unsolicited bid
mechanism. The purchase message contains three informa-
tion:

pumsr = {r,M
′
,C
′}

M
′
= {mi, i ∈ N+},C

′
= {ci, i ∈ N+}

M
′ wave f ront−→ C

′
(3)

where pumsr represents the purchase message pums sent by
buyer robot r, r in the message means the number of the
buyer robot, M

′
signifies the set of identifiers of the task, and

C
′

denotes the set of estimated task cost ci where ci = cmi
r .

After the bidding process, the buyer robot will receive a
message on whether to get the task from the seller robot
or not. If the buyer robot gains a task, it will enter into the
motion planning process. Otherwise, it will return to the role
allocation phase for a new task.

For the seller robot, homogeneously, the first step is to
select one or more tasks and estimate the corresponding task
cost (the seller robot itself is also the object of task alloca-
tion). Then it should collect the purchase message from the
buyer robot within a given bidding period. After this period,
the seller robot will stop receiving the purchase message
and evaluate the purchase requisitions received by using the
Hungarian method, then assign the tasks to each buyer robot
for reasonably. The Hungarian method is a combinatorial
optimization algorithm which can solve assignment problems
in polynomial time O(n3). The implementation details can
be summarized by the following four steps:

1) Construct a n× n cost matrix, n is the total number
of the robots which have made task request. If there
are more tasks than robots or conversely, we add zero
columns or rows.

2) Subtract the elements of each row by the row mini-
mum. Afterwards, subtract the elements of each col-
umn by the column minimum.

3) Find the minimum number of lines required to cover all

the zeros across rows and columns. If the number of the
lines is n, the optimal task allocation plan can be given
by selecting a combination from the modified cost
matrix in such a way that the sum is zero. Otherwise,
go to step 4.

4) Find the smallest element which is not covered by
any of the lines, then subtract it from each uncovered
element and add it to each covered element. Go back
to step 3.

Suppose the seller robot has received two purchase mes-
sages: {r1,{m0,m1},{c0,c1}} and {r2,{m0},{c0}}, then the
3× 3 cost matrix (include the seller itself, for example,
{r0,{m1},{c1}}) could be represented below:

A =

 ∞ r0(c1) 0
r1(c0) r1(c1) 0
r2(c0) ∞ 0

 (4)

The task allocation message sent to buyer robot includes
two information:

tamsr = {r,m} (5)

where tamsr represents the task allocation message tams sent
by seller robot r, r in the message means the number of the
seller robot, m signifies the identifier of the task. The robot
which has completed a task will update its task list, and also
broadcast to all teammates.

V. EXPERIMENTS
Our approach has been implemented and evaluated in

Stage [14] a 2.5D multiple-robot simulator. The simulation
experiments were conducted by using a group of Pioneer
2-DX robot equipped with a laser range finder which can
provide 361 samples with 180 degrees field of view and a
maximum range of 8 meters. Each robot can localize itself
based on an abstract localization device which models the
implementation of SLAM. The ratio between real-world time
and simulation time is about 1:3. All experiments reported in
this paper were carried out on a system with an Intel Core 2
Duo E8400 3.00GHz processor, an Intel Q43 Express chipset
and two DDR2 800MHz 1024MB dual channel memory.

To evaluate our trade-based approach, we compared our
approach to an auction-based approach and used a different
number of robots to conduct several experiments in various
environments, Fig. 2 depicts two maps used in our simulation
which are enclosed spaces with 14 meters long and 16 meters
wide. The exploration team size is varied from two to six
robots. The results of our experiments is given in Fig. 3.

Fig. 3. shows a comparison of the exploration time be-
tween our improved trade-based approach and an auction-
based approach respectively in the map A (top) and the map
B (bottom). From this it can be seen that the exploration time
by using our approach is successfully reduced compared to
the auction-based approach. On the one hand, the proposed
approach introduced the unsolicited bid mechanism to sup-
port the ability to assign multiple tasks to multiple robots
at a time. On the other hand, it integrated the Hungarian



Fig. 2. Two environment maps used in our simulation: map A (left) and
map B (right).
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Fig. 3. Exploration time of our approach compared to an auction-based
approach for the map A (top) and the map B (bottom).

method, which is an efficient method for solving assignment
problems, to improve the coordinated planning of the entire
multiple robot system. Moreover, due to the NP-hard of
multi-robot exploration, the experimental results is an non-
uniform linear dispersion.

VI. CONCLUSIONS

In this paper, we presented an improved trade-based task
allocation approach for coordinated multi-robot coordination.
The trade-based method is designed to simulate the rela-
tionship between buyers and sellers in a business system,
and dynamically allocate the task by using a unsolicited bid
mechanism. However, the origin version can not guarantee
the global optimal solution will be found, i.e. the task
allocation plan for the whole mission is sometimes not
optimal. This paper introduced the Hungarian method to

raise the efficiency of task allocation. In contrast to the
previous strategy, this version allows the buyer robot sends
the purchase request to the seller robot for several tasks, then
the seller robot evaluates the purchase requisitions and assign
the tasks by using the Hungarian method. The experimental
results demonstrate that, the time needed to accomplish the
exploration mission has been significantly reduced by the
improved trade-based approach.
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