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Decision Making for Multi-Objective Multi-Agent
Search and Rescue Missions
Hend AlTair1 , Tarek Taha2 , Jorge Dias3 and Mahmoud Al-Qutayri4
Abstract— In this paper we introduce a novel rewarding
scheme for the classical POMDP formulation. The proposed
scheme aims to reinforce preference of objectives. It ensures
that a high-priority preferences get high accumulative rewards,
solve ambiguities and it can be conducted before the lowpriority-preference. In order to show conﬂicting of objectives,
context of search and rescue has been selected for this paper. It
involves heterogeneous team with potential conﬂicting multiobjective situations. Our rewarding scheme has been tested
in simulated scenarios using multiple POMDP solvers. Results
obtained from the simulated experiments show that the system
is able to represent an impact on the human (ﬁrst responder)
through enforcing priority of objectives and iteratively optimize
policies to better suit the ﬁrst responder and the search and
rescue mission goals.

I. I NTRODUCTION
Deploying robots in hazardous situations reduces human exposure to dangerous environments and increases the
efﬁciency of responding to these incidents. Examples of
incidents might vary from small ﬁres [1], oil spillage [2],
earthquake [3], to nuclear incidents [4]. In emergencies,
particularity the large scale ones, systems that allow seamless
collaboration between teams of robots and humans are highly
desirable [5]. A seamless collaboration requires a number
of components: coordination (includes mission planning,
task allocation and role assignment); context-awareness; and
decision-making; are some of the main collaboration components.
In search and rescue decision-problem there are multiple
objectives that can be easily conﬂicting with each other. A
simple example of decisions is to decide between taking
a longer path to rescue a victim instead of optimal path
that has a danger. An agent in this case wants to stay
away from danger and at the same time he wants to rescue
the victim as soon as possible. The problem model is
expressed with multiple objectives and therefore multiple
rewards. A methodology based on rewarding procedure has
recently been the focus that led to form other types of
reward functions from state-based R(s,a) [6] to belief-based
ρ(b, a) [7] and hybrid reward function [8]. Multi-objective
rewards has been introduced by Soh and Demiris [9]. The
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rewards are formed in a vector that consists rewards of all
objectives. In order to solve the conﬂicting of the actions
performed there should be a mechanism that ensures priority
of objectives to be maintained so that speciﬁc policy will be
applied before another. Wray and Zilberstein [10] introduced
a new approach of POMDP utilizes the multi-objectives
rewards (time and autonomy) to ﬁnd a path for a single
agent using lexicographic ordering. Roijers et. all proposed
using Optimistic Linear Support (OLS) to calculate policy’s
multi-objective values which he also applied for single agent
problems [11].
In this article we propose a method to priorities objectives in a reward function of Multi-Objectives Partially
Observable Markov Decision Process (MOPOMDP). The
method proposed in this paper is an alternative to the existing
solutions with an easier implementation. It ensures that highpriority objectives are given higher accumulative rewards,
so that a higher inﬂuence on the decision process than
low-priority objectives. We applied it for multi-agent multiobjective problem which we did not see in the literature.
The proposed method was evaluated in a Search and Rescue
scenario that involves a heterogeneous team composed of a
robot and human with different complimentary skills. The
search and rescue operations incorporate search and rescue
parameters such as risk, energy and time into the decisionmaking through a re-deﬁnition of the reward function.
The paper is organized as follows: ﬁrst we brieﬂy mention
the POMDP model parameters. Then, we explain the multiobjectives reward functions, and introduce a reference search
and rescue scenario to be used for evaluation. Finally, the
results of 50 test cases are discussed followed by a summary
of the ﬁndings and a discussing the future work.
II. BACKGROUND
POMDP is an extension of Markov Decision Process
(MDP) to partial observability. A POMDP for n agents
is deﬁned as n, S, A, T , R, γ, O, O, h, b 0  where
S is a ﬁnite set of states. In addition, A = ×i Ai is the
set {a1 , ..., aj }of J joint actions. Ai is the set of actions
available for agent i . At each time step one a= a1 ,...,an  is
taken. Furthermore, T the transition function which deﬁned
the probability of going to state s  when in state s under
action a ,p(s  |s, a). R(s, a) is the reward function. A reward
is given for taking an action a when in state s. There is a
γ that discounts the future reward. The partially observable
part is added by O, the set of observations, and O which is
the observation model p(o|a, s  ). Finally, h is the horizon
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and b 0 ∈ P(S), is the initial state distribution at time t.
P(S) donates the set probability distributions over S.
In POMDP’s an agent’s state is not directly observable,
or observable with a noise. Therefore, a probability distribution, known as belief state b(s), over all states should be
maintained. At each time step the agent will have a belief
state b(s). The agent then takes an action a while observing
o from the environment which will change its state from s
to s’. In consequence, the belief state b(s) will be updated
b(s’).
For multiple objectives problems it was ﬁrst introduced in
[9] the vector of reward functions instead of classical reward
function. An accumulative discounted reward is counted for
each objective. An approach to priorities a set of objectives
was proposed using the goal programming lexicographic
method in the reward preference [10]. It was applied for one
agent. In this paper, we propose to use weighting factors in
the reward function in a multi-agent multi-objective scenario.
III. R EWARD F UNCTION
At each horizon of the problem solving a joint reward
is calculated for the multiple objectives. It is represented in
equation 1
N

Rn (S, A) ∗ αn
(1)
n=1

where N is number of objectives and α is a weighting factor
which can be generated dynamically using an optimization
algorithm. However, this is beyond the scope of this paper.
In this paper we focus on the idea of using the weight
method in order to reinforce preferences in multi objective
reward. We have found speciﬁc weighting factors for the
scenarios’ objectives through a trial-and-error methodology.
This paper discusses primarily results using these weights.
In the following section we discuss our proposed algorithm
to generate joint rewards of the multiple objectives. The
algorithm enforce the rewards preferences. The algorithm
is an initial attempt to use weighting factors in generating
accumulative rewards.
This algorithm receives rewards that has been assigned
for the objectives but without labelled priorities. The priority
then passed to this algorithm which assign weights to priorities. After that the sum of all rewards is calculated where
every weight is multiplied to the corresponding reward.
Data: Preferred priority of objectives
Result: Weights
for x ← 1 to numOf Objectives do
if x ← 1 then
weightP riority(x) ←x;
else if (x<=numOfObjectives / 2)and(x>1) then
weightP riority(x) ← (x*0.9)/x;
else if x > (numOf Objectives/2) then
weightP riority(x) ← (x/0.9)∗0.3;
end
Algorithm 1: Pseudo code of Algorithm.

IV. E XPERIMENTS AND VALIDATION
A. Priorities Rewards for Search and Rescue Operations
In this section we introduce a reference search and rescue
scenario that we will use to evaluate the proposed changes
to the reward function.
B. Scenario Description
In response to a search and rescue mission, a team has
been dispatched in order to locate and extract a victim present
in the rescue area. This team consists of one robot and one
human (ﬁrst-responder), each with different capabilities, but
collectively are capable of dealing with the rescue situation.
The robot is capable of scanning the area, locating source
of danger, and clearing it. Although human has countless
capabilities, he cannot sense nuclear or dangerous gases
that has no smell. Our aim of this scenario is to keep the
human ﬁrst responder and the victim away from any danger
source as far as possible. Therefore, in this scenario we
limit the role of the ﬁrst responder to evacuate the victim
with less damage possible. The human has the capability to
locate and extract the victim to an safe area. The problem
has been modelled with a known map topology as depicted
in Figure 1. Assuming that there is no collapse or change
in environment. The topology of this map represents the
connectivity between major intersection areas “nodes”, and
it’s assumed to be known ahead. Only one victim is expected
to be in the search and rescue area. For proof of concept
reason, the problem is minimized so that the victim is in
one node and it is assumed that she/he will not be moving.
Similarly, there is one source of danger in one node. The
multi-agent team will start from different locations in an
attempt to locate the victim, and extract him/her to the safe
evacuation location.

Fig. 1. Representation of 6x5 topological map where node c has the danger
D, and node f has the victim V.

C. Model
The problem is modelled in a two slice Dynamic Bayesian
network (DBN) shown in Figure 3.
D. States
The state space described in Table I is the cross product
between the location of each of the two agents (one robots
and one human), as depicted earlier in the topological map
in Figure 1, and the possible locations of the victim and the
danger.
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TABLE I
S TATE SPACE OF THE PROBLEM MODEL
(Quantity) Name

Domain

State

(1) Robot

12 nodes

State
State
State

(1) Human
(1) Victim
(1) Danger

12 nodes
1 node, nV
1 node,nD

Variable Type

Fig. 2. Larger distance from the danger source means less risk which is
illustrated with the circles on the 6x5 map

Fig. 4. Discounted Reward takes into account the different Search and
Rescue parameters such as: time and risk

Fig. 3.

DBN POMDP problem representation

The typical extension of the reward function assigns
reward knowing the action and start state R(s, a). Our reward
function is deﬁned in Equation 2, where any action taken in
a particular state will have rewards linked to each of the
objectives, and α is a weighting factors used to tune the
contribution of each objective reward in the total reward.
R(S, A) = Rexv (S, A) ∗ αexv + Rcld (S, A) ∗ αcld

E. Actions
This represent the set of joint actions that the agents can
perform to achieve the common objectives. In our model,
the robotic agent can perform the following set of actions:
Ar = {U p, Down, Right, Lef t, Stop, ClearDanger}.
The human can perform the following actions: Ah =
{U p, Down, Right, Lef t, Stop, ExtractV ictim}.
F. Observations
Once in a certain state/node, the agents can observe the presence of either a victim or a danger
in the current node/location. This set is the cross
product of whether the robot or the human sees a
victim or a danger in a certain location: O =
{yesV icN oDan, noV icY esDan, noV icN oDan}.
G. Reward Functions
Figure 4 illustrates how the two objectives compute the
Reward output, based on different goals such as ”Risk” and
”Time”. Precisely, the reward function can be deﬁned as tuple
of four rewards R :< Rexv , Rcld , Rr , Rt > where the reward
for extracting victim Rexv and the reward for clearing danger
Rcld are the positive rewards, deﬁning the ultimate goals of
this particular search and rescue scenario. On the other hand,
the human rescuer is penalised for moving toward danger
source through a negative reward function Rr . The danger
zones are shown in Figure 2. Similarly, agents are penalised
for travelling un-necessary steps (consuming extra energy
and wasting precious rescue time) through the negative time
reward function Rt .

+Rr (S, A) ∗ αr + Rt (S, A) ∗ αt

(2)

In our modelling process, the map is known in advance,
and we exploit that knowledge to assign the reward values.
The risk reward function Rr is represented in Equation 3

−50/Dd , Dd > 0
Rr =
(3)
−50
, Dd = 0
where Dd is the distance from the human location to danger
location. The time reward Rt considers the time of travelling
assuming that the speed is constant
Rt = −2 ∗ Dn

(4)

where Dn is distance from current location to next location.
This might be an over simpliﬁcation of the problem, but
the intention is to generalize the problem once the reward
modelling is ﬁnalized.
V. S IMULATED E XPERIMENTS AND T EST C ASES
In this scenario we used the minimum number of agents
which are two with 4 objectives to be conducted. Simplifying
the problem is the least we need to prove the concept we are
proposing which we can solve multi-agent multi-objective
POMDP with speciﬁc priority of objectives through using
weighting factors. We have implemented a code to simulate
critical 50 test cases from the states space. Since in the
scenario there are 12 nodes (locations) a robot and human
can be in any of those nodes. The priority of objectives
that is passed to the models are ordered as follows: clear
danger, extract victim, distance of human from danger, and
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ﬁnally time of traveling. In order to show the result we have
conducted the same 50 test cases on the model proposed
in this paper and another model which is a straight-forward
model to enforce the priority without weighting factors. We
refer to the model without weighting factor as Model 1 and
the one with weighting factor as Model 2.
VI. R ESULTS AND D ISCUSSION
In this paper we show part of the results that we got from
the experiments that has been conducted. Number of steps
(time or actions) before conducting an objective with high
priority is one of the ways to show the efﬁciency of the
proposed algorithm. Figure 5 shows the results of the 50
test cases on the two models Model 1 and Model2. The
ﬁgure illustrates the total number of steps for the ﬁrst two
objectives(clear danger or extract victim) for both models.
The number of steps to clear danger for both models are
almost the same. However, for extracting victim which is
the second objective the number of steps to execute this task
in Model 2 is less than Model 1. This shows that the victim
can be extracted faster using the proposed algorithm. This
means that we can ensure to have less number of steps not
only to achieve the objective with the highest priority but also
to achieve the other objectives with the less steps possible.
We have solved the model 2 (with the proposed algorithm)
using two POMDP solvers; Perseus and Symbolic Perseus.
Figure 6 illustrates the number of steps to conduct the same
ﬁrst two objectives (clear danger and extract victim). As it
is shown that using Symbolic Perseus solver with the same
proposed algorithm for weighting factors to generate rewards
can have less number of steps for both objectives.

Fig. 5. Comparison between the number of steps it took the two models
to achieve the ﬁrst two objectives: clear danger and extract victim

VII. C ONCLUSIONS AND F UTURE W ORK
In this paper we proposed an algorithm using weighting
factors to apply multi-objective reward functions to better
optimise common objectives in search and rescue scenarios.
The results of the 50 test case shows that model generated
using the proposed algorithm follows the preferred priority
of the objectives and can conduct the objectives with high
priority with less steps. This is a key promising solution and
for future work we intend to apply an optimization algorithm

Fig. 6. Comparison between the number of steps it took models solved
by Persues and Symbolic Persues to achieve the ﬁrst two objectives: clear
danger and extract victim

that generalize the weighting factors. We are, also, planning
to test the robustness and the scalability through conducting
experiments on different problems and with different number
of objectives.
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