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Abstract
In a disaster environment no single agent knows the
disaster situation completely. So, rescue agents share their
information in order to identify rescue tasks that are then
allocated. In this paper we model the allocation problem as
a reverse combinatorial auction and we apply some
existing algorithms to solve it. Our results have been
compared with the RoboCup classification of 2005.
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Introduction
Scheduling concerns the allocation of limited resources to
tasks over time. It is a difficult problem that often requires
ad hoc solutions. This is the case of the rescue scenario of
the RoboCup rescue project [1]. In a simulated
environment of an earthquake in a city and its first 300
cycles of simulation, rescue agents and victim agents
interact. As in a real scenario, no agent has complete
knowledge about the situation of the disaster.
Coordination is required to share information about the
situation and actuate consistently, so rescue agents
collaborate to diminish the consequences of the disaster.

Auctions provide such a framework: agents make bids
that represent their task performance preferences. A
central agent, using the knowledge of the bids, can then
make a final decision. In the rescue domain, in particular,
when different tasks must be tackled at the same time, the
appropriate framework is a combinatorial auction. In this
paper we present the application of combinatorial
auctions to coordinate the rescue agents in the RoboCup
environment following the methods described in [5] and
[6].

Rescue Domain Description
Disaster rescue is a complex domain in which it is hard to
conduct real life experimentation. For this reason, we
have used the simulator provided for the RoboCup [1] to
simulate a disaster environment caused by an earthquake.
In this simulated scenario, there are collapsed buildings,
fires, blocked highways, people in a state of panic looking
for a safe place and rescue agents such as fire brigades,
ambulance teams, police forces and rescue headquarters.
These last ones have to coordinate all kinds of rescue
agents.

Rescue agents gather information on the area where they
are placed, and report it to a central agent (station or
office). This information includes victim localization,
blocked roads, and fires. Next, the central agent facilitates
information about some rescue tasks to an idle agent.

There are several communication and capability
constraints
in
this
scenario
[3].
Regarding
communication, for example, ambulance agents cannot
detect victims and spend too much time looking for them.
In this sense, effective communication among
heterogeneous rescue agents about the position of victims
is crucial to rescuing them.

When deciding which resource agent should be assigned
to a rescue task, a central agent has partial knowledge of
the current situations of the agents. All the information
concerning the agents’ situations must be gathered in
communication messages that require some time
(simulation cycles in the RoboCup simulator). Rescue
agents, conversely, know which actions are required to
tackle a given task by considering several factors such as:
blocked roads, other distended victims close to them, and
their own survival rooms (since they can also be
damaged), among others. It therefore seems appropriate
that rescue agents are able to express their task
preferences before central agents allocate them.

With regard to planning and scheduling, agents have to
make decisions about task execution. These decisions are
related to which victim (in the case of an ambulance
team) agents have to rescue first in order to maximize
benefits from the system, such as reaching and rescuing
the highest number of victims while minimizing damage
in the surrounding area. In the case of police forces, for
example, they need to determine which roads they should
unblock first, taking into account that other kinds of
rescue agents can be stopped by these blocked roads [2].
Besides, in the case of fire brigade agents, they first need
to extinguish fires in buildings containing the highest
number of potential victims.

Two main problems can be distinguished in this scenario:
planning which tasks should be performed first (for
example, a plan to rescue a victim should not be made
before the road is unblocked) and scheduling which
resources are used to perform the tasks. In previous works
[2] we have studied temporal dependencies related to the
planning problem. In this paper, we do not consider task
dependencies and only deal with the allocation of a set of
agents to rescue tasks.

combinatorial auction is performed once every 4
simulation cycles.

Bid Generation
The rescue agents generate bids corresponding to
combinations of tasks to be performed in sequential order.
Bids consist of a list of tasks and the costs assumed by the
agents to carry out these tasks. The cost is determined by
the sum of distances from the agents to the tasks.

Reverse Combinatorial Auction Formulation
A traditional reverse combinatorial auction is a type of
combinatorial auction in which the buyer wants to obtain
a set of items, M={1,2,…,m}, and the sellers submit a set
of asks, B={B1,B2,…,Bn}. An ask is a tuple Bj=(Sj,aj),
where Sj ⊆ M is a set of items and aj, aj ≥ 0 is an asking
cost. How to determine the combination of winner bids
(i.e. the ones that minimize the cost) is known as the
winner determination problem. The integer programming
formulation for the winner determination problem
consists of labeling the asks as winning or losing so as to
minimize the buyer’s cost under the constraint that the
buyer obtains each item:
n

Min

∑a
j =1

j

xj

subject to

∑x

j |i∈S j

j

≥ 1 i = 1,2,..., m

(1)

The Xj variable can take 0 or 1 value and there is one for
each bid Bj. It means that if Xj=1, Bj is accepted. The
constraint ensures that at least one bid is allocated for
each item.

Rescue Formulation
In the rescue domain, the problem of assigning rescue
agents to rescue tasks can be formulated as a reverse
combinatorial auction problem. To do so, we consider
that central agents are buyers, and rescue agents are
sellers who are submitting asks for rescue tasks. We then
define the following 4-step communication protocol:
1.

The rescue agents send the local tasks they can detect
in their surroundings.

2.

The central agents receive the tasks from the rescue
agents and return the complete list of tasks to each
agent.

3.

With information about all the tasks, the rescue
agents send bids corresponding to combinations of
tasks to the central agents.

4.

The central agents determine the winners, using the
winner determination algorithm for combinatorial
auctions, and send the results to the rescue agents.

Since each message can be sent/received in a simulation
cycle, the protocol requires four cycles. Consistently, a

Solving the Winner Determination Problem
Winner determination algorithms are aimed at solving the
optimization problem defined by a combinatorial auction
as explained in the previous section. For our particular
problem, we have used a formulation based on [5]. It is an
A* search algorithm where the bids are organized in a
structure called a bidtree. The bidtree is used to define a
heuristic to order the bids in the A* search according to
[6].

The Bidtree Formulation
A bidtree is a binary tree whose principal purpose is to
support content-based lookup of bids [6]. The tree depth
is m+1, where m is the number of tasks in the problem.
The bids appear in the leaf nodes. Each level of the
bidtree represents one task and the in and out branches
show if the task belongs or not to the bid. For example,
suppose we have some victims at some simulation time
with the following identifications, Id_1, Id_2, Id_3, Id_4,
and assume that our ambulance central has received the
following bids, B1(s1, 30), B2(s2, 27), B3(s3, 17), B4(s4,
32), B5(s5, 39), B6(s6, 14), B7(s7, 12), B8(s8, 65), B9(s9,
24), B10(s10, 33), with the corresponding set of tasks as
follows:
si= (s1=[Id_2, Id_4], s2= [Id1, Id_2], s3=[Id_1], s4=[Id_2,
Id_4], s5=[Id_1, Id_2, Id_3], s6=[Id_4], s7=[Id_1],
s8=[Id_1, Id_2, Id_3, Id_4], s9=[id_1, id_4], s10=[id_3,
id_4]).
Taking into account that bid B3 has the same task set as
bid B7 and that the cost of B3 is higher than the cost of
B7, B3 can be erased from the bid set as it will never
generate an optimal solution. The same is true for bid B4
with regard to bid B1.

Bid ordering
Taking into account how many times the tasks appear in
the bids (bid count), the tasks can be ordered with either
an increasing or a decreasing bid count. Using the
increasing bid count, the order of tasks for the bidtree is:

id_1, id_4, id_2, id_3. The bidtree with this sorting is
shown in Figure 1.
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The steps of the algorithm are shown in Figure 3. This
algorithm is exponential in the worst case, when bÆ ∞
(b=number of bids), and finds the optimal solution,
always the least costly path in the search tree, if any
exists.
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Set C(allocbest) = {}
For each b from Bl
1. b=one bid from set Bl.

Figure 1. Bidtree with increasing bid count

2. alloc={}

On the other hand, taking into account a decreasing bid
count, the order that we get is: id_3, id_2, id_1, id_4. The
bidtree for this case is presented in Figure 2.
.

3. Bc(alloc)= B – Bq(alloc) – (alloc) (3)
4. Bo=Bc(alloc)∩Br
5. if Bo != {} then
bj= one bid from Bo which has the lowest cost.
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Figure 2. Bidtree with decreasing bid count

else
Backtracking
7. Return to point 3.

Generating the Search Tree
The bidtree is used to generate the search tree. The
algorithm based on A* for generating the search tree is
presented below.

Figure 3. Algorithm to generate the search tree for the winner
determination in combinatorial auctions based on A*

Let B = {B1, B2,…Bn} be the set of bids submitted to be
considered in the winner determination process. Let
Bc={Bc1, Bc2,…Bcm} be the subset of bids of B that do
not include any tasks that have already been allocated and
which are still available to be appended to the search
path. Let Bl={Bl1, Bl2,…Bln} be the subset of bids in the
leave nodes of the left subtree of the bidtree (in branch).
These are the bids in shaded squares in Figure 2. Let Br=
{Br1, Br2,…Brn } be the subset of bids in the leave nodes
of the right subtree of the bidtree (out branch). These are
the bids in unshaded squares in Figure 2. Let allocbest be a
subset of B which is the best allocation found so far (i.e.
with the minimum cost), and C(allocbest) be the total cost
of allocbest. Let Bo={Bo1, Bo2,…Bon } be the set resulting
from Bc ∩ Br. Analogously, let Bq(Bi)= {Bq1,Bq2,…Bqn}

Regarding the decreasing order of our example (Figure
2), the Bl set is {B8, B5, B10}, and the Br set is {B2, B1,
B9, B7, B6}. First, alloc B8 is explored. Since B8
contains all tasks, no further exploration is carried out.
So, B8 is the first feasible solution found for the
algorithm. Next B5 is explored. Regarding the Bc set, for
instance, the B and Bq sets for alloc = B5 are as follows:
B={B1, B2, B5, B6, B7, B8, B9, B10}, Bq(B5)= {B1,
B2, B7, B8, B9, B10}. And according to step 3:
Bc(allocB5)= B-Bq(B5)-B5, Bc(allocB5)= B6, and Bo=Bc
∩ Br, so Bo=B6. As Bo is composed just for one bid, no
bid ordering which takes cost into account is required.
Since {B5, B6} is a combination that contains all the
tasks, it is another feasible solution. Finally, the total
search space generated is presented in Figure 4. The best

allocation found allocbest is {B5,B6}. And the cost
C(allocbest)= 55.
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As a future work, we are thinking about introducing the
expected utility theory [7] to improve the planning
process in the ambulance team agents. In this sense, the
utility attained by agents from scheduling victim rescues
is maximized. We are also thinking of applying our
approach to one decentralized scheduling model.
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Figure 4. Search tree. Solutions provided in bold squares.

With the increasing bid ordering (Figure 1), the solution
of the problem is the same. However, the number of
nodes explored is higher. This is something that has been
already studied in [6]. The ideal task ordering is one in
which the left subtree (the in branch) is always maximally
larger than the right subtree (the out branch).
Regarding our example, the ambulance agents who have
submitted bids B5 and B6 are the winners and can carry
out the set of tasks in their correspondent bids.
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