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HMA-SAR: Multi-Agent Search and Rescue
for Unknown Located Dynamic Targets in
Completely Unknown Environments
Xiao Cao , Mingyang Li , Yuting Tao , and Peng Lu , Member, IEEE

Abstract—Multi-Agent Search and Rescue (MASAR) tasks,
challenged by unknown environments and the unpredictablemove-
ments of unknowndynamic targets, suffer from inefficiencies in tra-
ditional map coverage techniques which require repeated sweeps.
Addressing this, our study introduces a novel MASAR framework
based on Multi-Agent Reinforcement Learning (MARL), featur-
ing innovative elements like state, reward, and network structure
design, alongside a Heterogeneous CurriculumTraining algorithm
and a hybrid decision mechanism. These components collectively
enhance performance in dynamic environments, improve model
generalization, and mitigate issues like sparse rewards and policy
bias. In gridmap simulations, our approach,HMA-SAR(Heteroge-
neousMulti-Agent Search and Rescue Framework), demonstrated
consistent superiority over the traditional frontier-based method
and other MARL algorithms, in metrics such as success rate, steps
count, and the number of targets fetched. The practical applicabil-
ity of our approach was further validated through experiments in
Gazebo and real-world scenarios. Additionally, scalability tests in
grid maps revealed substantial improvements in success rates and
task completion times with increased agent deployment.

Index Terms—Cooperative multi-agent search and rescue
(MASAR), dynamic targets, heterogeneous curriculum training
algorithm, hybrid decision mechanism, multi-agent reinforcement
learning.

I. INTRODUCTION

MULTI-AGENT Search and Rescue (MASAR) has be-
come a focal point in research, notably for its applica-

tions in disaster scenarios such as fires and earthquakes [1], [2].
Traditional MASAR tasks involve agents covering the entire
unknown terrain while simultaneously avoiding collisions, and
searching for static targets [2], [3]. In contrast, this letter intro-
duces a more complex task: agents are tasked with searching for
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unpredictable moving targets in unknown indoor areas. These
agents are expected to go beyond basic exploration; they need
to estimate target positions using a map that is only partially
explored, along with time-sequenced trajectories, all while fos-
tering effective collaboration. The scenario parameters, which
include an area size that is variable but has an upper limit, and
a constant initial target count, serve to clarify and define the
context.
Traditional MASARmethodologies, primarily aimed at rapid

and exhaustive environmental exploration [4], [5], often fall
short in scenarios with unpredictably moving targets that may
revisit previously explored areas. This results in missed tar-
gets only being identified by multiple coverage attempts, re-
ducing overall efficiency. The dynamic nature of these tar-
gets presents agents with an exploration-exploitation dilemma:
whether to venture into new areas or revisit old ones based
on recent observations. To address this, most approaches em-
ploy mathematical programming methods, utilizing optimiza-
tion solvers likeCPlex [6] and branch-and-bound algorithms [7],
or decentralized solutions that exploit specific problem fea-
tures [8]. However, it’s crucial to recognize that almost all
existing MASAR planning methods depend on pre-known
target motion dynamics and initial position data [9], which
might not always be available in real-world settings. Con-
versely, learning-based methods offer advantages in such sce-
narios by eliminating the need for pre-evaluated target motion
dynamics.
Multi-Agent Reinforcement Learning has emerged as an ef-

fective solution to the complex challenge of balancing explo-
ration and exploitation. Existing studies, such as [10], [11],
and [12], have shown progress in target search using agents’
observations and joint maps, primarily focusing on static tar-
gets. Despite advances in handling non-adversarial, dynamic
targets in known environments [13], there remains a significant
research gap in addressing unknown environmentswithmovable
targets. Additionally, few studies have explored the challenges
associated with sparse rewards in indoor settings, where agents
struggle with long-distance navigation to unfamiliar areas, hin-
dered by conventional reward structures that don’t incentivize
exploration.
To overcome limitations in dynamic target search on varied

maps and terrains, we present the HMA-SAR (Heterogeneous
Multi-Agent Search and Rescue) Framework. This integrates a
specialized state and reward design, a heterogeneous curriculum
training paradigm, and a hybrid decision. Our contributions are:
� Proposing a novel multi-agent search and rescue frame-
work based on multi-agent reinforcement learning that
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addresses the limitations of existingmap coveragemethods
in dynamic target search scenarios.

� Addressing sparse rewards in indoor environments through
reward shaping based on the hybrid decision mechanism.

� Demonstrating the effectiveness of specific modifications
in our training method through ablation studies and val-
idating the superiority of our approach over the state-of-
the-art MARL and traditional methods. Furthermore, the
feasibility of our method is affirmed through both Gazebo
simulations and real-world experiments.

The following sections will delve into related work (Section
II), background and problem formulation (Section III), details
of our framework (Section IV), and an analysis of the training
process, results, and conclusions (Sections V, VI, and VII re-
spectively).

II. RELATED WORK

A. Conventional MASAR

To effectively tackle the autonomous exploration challenge
in MASAR environments, rescue agents must traverse vari-
ous areas within an unknown terrain to chart the environment
and identify potential victims [14]. MASAR can be classified
into two categories based on its objectives: target-oriented and
coverage-oriented. In target-oriented MASAR, the distribution
of the targets within the environment are initially known. Con-
versely, in scenarios where the MASAR environment remains
unknown, coverage-oriented strategies are employed [15].
In the context of coverage-oriented MASAR, the primary

goal for rescue agents is to navigate through unfamiliar terrains
to map these areas and seek potential victims [4]. The most
prevalent technique for exploring unknown spaces is frontier
exploration [5]. This method propels the agents towards the
frontiers, which are the boundaries between explored and un-
explored territories. However, this approach can become ex-
tremely time-intensive when applied to extensive maps, as it
requires navigating to frontier points across the entire map [16].
Other strategies for addressing coverage-orientedMASAR tasks
include methods like the one in [17], which creates a spiral
trajectory based on the agent’s current location and areas already
explored, to cover uncharted regions efficiently.
Despite these methodologies, most coverage-oriented solu-

tions do not inherently integrate victim or target detection into
their search algorithms. This omission restricts their adaptability
and effectiveness in dynamic MASAR contexts [15]. Arnold
et al. propose a cooperativeMASARsystemaimed at both victim
detection and exploration in [18]. In this system, agents are
guided by predefined sets of behaviors, limiting their flexibility
in response to evolving situations.

B. DRL and Curriculum Learning-Based MASAR

Deep Reinforcement Learning (DRL) empowers agents with
enhanced search and rescue capabilities through iterative train-
ing processes. In [19] and [14] an agent explores uncharted
territories by selecting one point in the map as a navigation tar-
get. Transitioning to multi-agent systems, Ceyer’s work in [10]
marks a significant contribution by introducing novel observa-
tion encodings tailored for the independent actor-critic method,

effectively addressing unique challenges. This approach em-
ploys MARL to coordinate agents in exploring unknown envi-
ronments while minimizing collisions. Here, agents adopt a de-
centralized training and execution model, referred to as DTDE.
In a similar vein, [11], [12] advocate for CTDE–centralized
training for decentralized execution–and utilize MAPPO and
MADDPG for terrain exploration. While the aforementioned
methods are largely geared towards map coverage, [13] extend
MARL techniques to target search applications. It outlines an
approach for estimating the locations with the highest probabil-
ity of containing targets, and then the agent is driven to arrive
there.
Curriculum Learning, an approach guiding agents from sim-

pler to more complex scenarios, has been shown to expedite
convergence and has found applications in Search and Rescue
(SAR) tasks. For instance, [20] introduces a strategy that incre-
mentally increases the number of obstacles, while [21] gradually
enlarges the environment’s size. To mitigate the issue of catas-
trophic forgetting,where agents tend to forget previously learned
skills as the curriculum becomes more challenging, [21] also
puts forth a mixed training strategy. This involves interspersing
simpler maps with complex ones, allowing agents to reinforce
prior skills while assimilating new knowledge.

C. Sparse Reward

Sparse rewards arise from agents receiving rewards infre-
quently during their tasks. For instance, in exploration scenarios,
agents are typically rewarded only when they discover unex-
plored regions. The study in [14] provides rewards solely at the
completion of tasks or when unveiling new areas, whereas [19]
implements negative rewards for agents until new regions are
uncovered. However, these methods often overlook scenarios
where agents have to traverse large areas that have already been
explored and offer no rewards to guide agents’ movements.
Addressing the challenge of sparse rewards often involves

supplementing primary rewards with additional ones. One such
method, as posited by [22], utilizes an Intrinsic Curiosity Mod-
ule, motivating agents to explore further by assigning higher
rewards to unfamiliar states.However, this approachnecessitates
the incorporation of three more neural networks, complicating
the learning process. [14] modifies the action space where
actions are not one-step movements but are paths leading to
frontier points. The rewards, in this case, are tallied based on
the number of grids newly discovered during this journey. Yet,
when the entirety of the map has been scouted but some targets
remain undetected, both this reward and action design falter.

III. BACKGROUND AND FUNDAMENTALS

A. Problem Formulation

The MASAR task, as we define it, integrates multi-agent
exploration with target estimation, employing posterior data
from multi-agent trajectories and exploration information. Each
agent operates in a discrete action space, corresponding to the
four cardinal directions: up, down, left, and right. The environ-
ments, characterized bywalls, dead ends, and long corridors, are
unknown indoor settings with no prior information on their size
or layout, except for a known maximum size. The primary goals
are efficient target search and collision avoidance. Agents are
initiated from random yet strategically close positions, simulat-
ing real-world scenarios such as deploying rescue robots from
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Fig. 1. The transition of the target’s probability distribution over time is
analyzed under the assumption that there is only one target and the observing
robot remains stationary. Initially, the probability that the target is located in
each square is set to 1

3 . The probability distribution converges to
2
7 ,

3
7 ,

2
7 .

adjacent areas. They are tasked with developing search strate-
gies for targets, utilizing their trajectories and exploration data.
Based on the agents’ trajectories and exploration information,
and assuming random target movements, agents can infer the
probability of targets being in various locations.
To illustrate this, consider a simplified example shown in

Fig. 1, where both the robot and target can move to neighbour
grids or stay still. Initially, all squares have a target probability
of 1

3 . When considering the next step, we assume the robot stays
still and does not detect the target, starting our analysis with the
blue square.
� Loss: If the target moves out of the blue square, there is a
probability ’loss’ of 1

3 × 1
2 = 1

6 , since it can stay or move
right.

� Gain: The blue square can ’gain’ probability of 1
3 × 1

3 = 1
9

if the target moves into it from the green since the target
in the green square can stay, move left or move down.

Combining these results,we derive the updated probability for
the target in the blue square by subtracting the ‘loss’ and adding
the ’gain’, yielding 1

3 − 1
6 + 1

9 = 5
18 . The probability distribu-

tion attains stability when ‘loss’ equals ’gain’ between adjacent
squares. In the context of the blue and green squares, this balance
results in a 2 : 3 ratiowhen ‘loss’ equals ’gain’. Applying similar
logic, we find that the stable ratio of probabilities for the blue,
green, and red squares is 2 : 3 : 2. This equilibrium reflects an
equalized probability flux between these squares, implying that
probability distribution is stable.

B. Challenges and Open Issues

The field of multi-agent reinforcement learning for explo-
ration is fraught with challenges: Environmental Dynamics,
Model Generalization, Sparse Reward, and Policy Bias, both
inherent to MARL and specific to exploration tasks.
1) Environmental Dynamics: Environmental dynamics refers
to the changing probabilities of state transitions and vari-
ations in rewards for actions within an environment. It
comes from the uncertainties in the decisions made by
other agents, various shapes, sizes, and elements in the
environmental maps, and the stochastic distribution of
target locations.

2) Model Generalization: Considering the diverse range of
exploration maps, developing strategies with broad appli-
cability is crucial.

3) Sparse Reward: Standard reward systems for exploration
tasks do not incentivize agents to revisit previously
mapped areas. This becomesmore problematic in complex
terrains, such as dead ends. For instance in Fig. 2, when an

Fig. 2. Black grid is an obstacle, white grids are explored, and the green grid
represents an unknown grid.

agent goes down a long dead end, the way back, already
mapped, offers no new exploration rewards. This factor
intensifies the challenge of efficient exploration.

4) Policy Bias: Agents can collide with obstacles frequently
in the early stage of training, causing penalties frequently.
This can lead agents to adopt conservation strategies that
do not explore tight paths even though theremay be a large
area behind them.

To tackle these challenges, we propose a new training
paradigm: combining a unique multi-agent reinforcement learn-
ing algorithm with a specialized curriculum training method.
The following sections will detail this innovative approach.

IV. HETEROGENEOUS MULTI-AGENT SEARCH AND RESCUE
FRAMEWORK: TRAINING PARADIGM AND HYBRID DECISION

MECHANISM

We present a novel multi-agent search and rescue framework,
termed the HMA-SAR as outlined in Fig 3. It consists of three
key components.
1) State, Reward, and Network Structure Design: A special-
ized state and reward function design is tailored specifi-
cally for addressing the Sparse Reward encountered in
search and rescue tasks, as described in Subsection III-B.
This is coupled with a robust neural network structure
explicitly designed to tackleModel Generalization.

2) Heterogeneous Curriculum Learning: A Heterogeneous
Multi-Agent Learning Algorithm is formulated in tandem
with a Curriculum Learning algorithm. It is specially
designed to tackle Policy Bias and the Environmental
Dynamics caused by other agents’ decisions and the map
differences in shapes, and sizes. However, we find it is
robust enough toworkwell with the stochastic distribution
of target locations. To address Policy Bias, we forbid
collision in training to offer agents greater opportunities
to explore narrow paths, which helps eliminate the biased
performance that overly favours the exploration of open ar-
eas. RegardingEnvironmental Dynamics, we implement
sequential policy updates to allow agents to effectively un-
derstand and predict each other’s strategy. To mitigate the
impact ofmap differences, we adopt a curriculum learning
approach gradually increasing the effect of the difference
in maps’ sizes and shapes by restricting the maximum
environment step t (the number of steps an agent can
take before resetting the environment). This strategy is
illustrated in Fig. 3 b). For two different maps depicted in
i), limiting the maximum environment step t, as shown
in ii), results in identical explorable areas, represented by
circles of the same radius. As t increases (from ii) to iii)
and then to iv)), the differences in explorable areas are
more pronounced.

3) Hybrid Decision Mechanism: This serves as a conditional
trigger for deciding whether to employ a rescue algorithm
for action generation instead of the neural network during
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Fig. 3. The subfigure (a) outlines the framework of HMA-SAR, comprising three distinct parts: blue lines represent the interactions between agents and their
environment, red lines illustrate the process of sequential policy updates, and orange lines demonstrate the curriculum learning process. Subfigure (b) shows how
curriculum learning mitigates the impact of map differences (as seen in (i)) by capping the maximum environmental step. Through panels (ii), (iii), and (iv),
it becomes apparent that as this maximum step limit increases, the diversity in explorable areas (blue grids) for agents on the same maps also grows. Black grids
indicate obstacles and grey grids denote areas beyond exploration.

Fig. 4. Here is the architecture of our neural network MLP-Mixer. The input (timestamp map) includes four types of data: the unknown area data (grey grids),
the occupied area data (black grids), the vacant area data (blue grids), and coordinate data (colourful dots). After convolution blocks, we add a reshape operation
to flatten the data. After the channel block, the data is transposed. In the HMA-SAR context, as an actor, the network outputs four action probabilities; as a critic,
it outputs a single state value. Notations “3*3”(“2*2” or “5*5”) and “C” specify kernel sizes and output channels, respectively.

tests. It aims to prevent agents from getting stuck in some
maps and real-world scenarios.

A. State, Reward, and Network Structure Design

Wedefine the state of each agent as a timestampmap as shown
in Fig. 4, containing four types of data:
� Unknown area data: The grey grids of timestamp map in
Fig. 4. Symbolized by 0.5, it represents areas that are yet
to be explored and might contain obstacles or be empty.

� Occupied area data: The black grids of timestamp map in
Fig. 4. Indicated by 1, it denotes the presence of obstacles
in those areas.

� Vacant area data: Represented by the blue grids in the
timestampmap shown in Fig. 4, with shades corresponding
to values between 0 and 0.3. These values reflect the
elapsed time since the last observation, with lower values
indicating more recent sightings.

� Coordinate data: In the timestamp map for agent i, the
trajectory of agent i over the last three environment steps is
represented by dots in yellow, red, and green, correspond-
ing to the values −4.5, −5.5, and −6.5 respectively. The
positions of other agents are denoted by purple dots, each
with a value of 5.5. Overlaps use the highest value.

Note that the assigned values, including those for coordinates,
are chosen arbitrarily for model clarity as long as they are
different from each other. The focus is on differentiation rather
than the values themselves.

With such a state, the reward function is defined as r = re +
rs. re is defined as:

re = 0.1(4 ∗mex − 30 ∗ ic + i) (1)

wheremex represents the number of new open grids uncovered
by an agent’s action at from state st to st+1. The variable ic is
set to 1 if the agent collides with other agents or obstacles, and
0 otherwise. The term i, a repeat penalty, is applied if an agent’s
position repeats three times within the last 10 environmental
steps. In this case, the A∗ algorithm calculates the shortest path
length pt to the grid with the highest timestamp value at envi-
ronmental step t, as an alternative to targeting an unknown grid
or the most recently explored grid. The value of i is determined
as 1 if pt < pt+1 at step t; otherwise, it is set to -1.

rs is defined as

rs=

{
0.03 ∗∑Nv

i=0(1− ti
0.3 )− 1, when not finding targets,

0.1, when finding a target.
(2)

whereNv corresponds to the quantity of perceivable open grids
within the current viewing range of an agent, ti is the value of
grid i in timestampmap between 0 and 0.3 as described in vacant
area data.
To handle timestampmap inputs, we propose amodel inspired

by MLP-Mixer [23], serving as the structure for both the actor
and critic as depicted in Fig. 3. As illustrated in Fig. 4, the neural
network comprises convolution blocks, a channel block, a token
block, and an output layer. The output layer is a category layer

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on August 26,2024 at 10:09:48 UTC from IEEE Xplore.  Restrictions apply. 



CAO et al.: HMA-SAR: MULTI-AGENT SEARCH AND RESCUE FOR UNKNOWN LOCATED DYNAMIC TARGETS IN COMPLETELY UNKNOWN 5571

when the network serves as the actor and a FullyConnected layer
when the network serves as the critic. Not accounting for batch
size dimensions, the data undergoes reshaping to (32, 6× 6)
after the convolution blocks and is transposed to (6× 6, 32)
following the channel block. Serving as an actor, the network
uses the category layer to output probabilities for each possible
action, with actions selected based on these probabilities using
the roulette wheel selection method. Conversely, when config-
ured as a critic, the network outputs a state value, computed by
a Fully Connected layer, assessing the current state’s worth for
decision-making processes.

B. Heterogeneous Curriculum Training

The Heterogeneous Curriculum Training (HCT) method, de-
rived from the Heterogeneous-Agent Proximal Policy Optimi-
sation (HAPPO) [24], is depicted in Fig. 3. The blue lines
present that agents interact with the environment. The orange
lines present the curriculum learning. The red lines illustrate
the process of sequential policy updates. Following the orange
lines, in HCT, we forbid the collision first and set a constraint
on the maximum environment step t, which is in the range
of [Emin,Emax]. The t is updated following the orange lines
in Fig. 3. At the beginning of training, t equals to Emin. In
each epoch, HCT records the average rewardR and updates the
maximum value Rmax. The consecutive training epochs when
no improvement is observed inRmax is denoted asM. Then we
calculate E

E = min(E+ Emin,Emax), whenM > 100 (3)

The t is randomly selected in a range aboutE and we implement
the t in the advantage function

Ai1:m
π

(
st,a

i1:m
t

)
= Qi1:m

π

(
st,a

i1:m
t

)− Vπ(st)

subject to t ∈
(
E− Emin

2
,min

(
E+

Emin
2

,Emax

))
(4)

For the sake of simplicity in expression, we will omit t
and the related constraints in the subsequent formulas In (4),
Ai1:m

π (s,ai1:m) defines the joint advantage value of agent i : m
executing action ai:m given the state s. Qi1:m

π (s,ai1:m) defines
the joint state-action value of agent i : m. The Qi1:m

π (s,ai1:m)
is defined as

Qi1:m
π

(
s,ai1:m

)
� E

a−i1:m∼π−ii1:m

[
Qπ

(
s,ai1:m ,a−i1:m

)]
(5)

where a−i1:m defines the actions taken by all the agents except
agent 1 ∼ m. In (4), agents have to memorize other agents’
actions to calculate joint Q value. To make each agent focus
on their own actions, HCT introduces dynamic programming to
express the joint advantage function as the summation of single
advantage functions

Ai1:m
π

(
s,ai1:m

)
= Qi1:m

π

(
s,ai1:m

)− Vπ(s)

=

m∑
k=1

[
Qi1:k

π

(
s,ai1:k

)−Qi1:k−1
π

(
s,ai1:k−1

)]

=

m∑
k=1

Aik
π

(
s,ai1:k−1 , aik

)
. (6)

Following the blue lines in Fig. 3, HCT updates each agent’s
policy sequence by sequence, the objective of the agent m is

defined as

Eai1:m−1∼π̄i1:m−1 ,aim∼π̂im

[
Aim

π

(
s,ai1:m−1 , aim

)]
= Ea∼π

[(
π̂im

(
aim | s)

πim (aim | s) − 1

)

× π̄i1:m−1
(
ai1:m−1 | s)

πi1:m−1 (ai1:m−1 | s)Aπ(s,a)

]
(7)

where π is the old policy, π̄i1:m−1 is the just updated joint
policy of agent 1 ∼ m, π̂im is the target policy of agent m.
HCT optimizes the policy π̂im parameter θim by maximising
the objective function at time k:

θimk = argmax
θim
k

E t=k,
ai1:m−1∼π̄i1:m−1 ,

aim∼π̂im

[
Aim

π

(
s,ai1:m−1 , aim

)]
(8)

Use GAE [25] to estimate the advantage function and consider
the clip mechanism in PPO, the final policy loss function is

Lpolicy=Es∼ρπθ
,a∼πθk

[
min

(
πim
θim

(
ai | s)

πim
θim
k

(ai | s)M
i1:m(˜s,a),

clip

⎛
⎝πim

θim

(
ai | s)

πim
θim
k

(ai | s) , 1± ε

⎞
⎠M i1:m(˜s,a)

)]
(9)

whereM i1:m is defined below

M i1:m =
πi1:m−1

(
ai1:m−1 | s)

πi1:m−1 (ai1:m−1 | s)Aπ(s,a) (10)

The value loss is

Lvalue = max

(
H (R− Vπ(s), δ) ,

H (R−(Vold(s)+clamp(Vπ(s)−Vold(s),−c, c)) , δ)

)
(11)

where R is the return of state s, and c is the clipping parameter
that constrains the updated value estimates within a specified
range around the original estimates. The function H is

H(x, δ) =

{
1
2x

2 if |x| ≤ δ,
δ
(|x| − 1

2δ
)
otherwise.

(12)

C. Hybrid Decision Mechanism

The hybrid decision mechanism, consisting of a neural net-
work and a rescue algorithm, is used only in the testing phase.
It is a conditional trigger. When an agent i’s position repeats
three times within the last 10 (an empirical number) environ-
mental steps, the agent will generate actions using the rescue
algorithm rather than using the neural network. The algorithm
first identifies the coordinates of the nearest undiscovered grid
gi. If all grids have been explored, it selects the nearest grid
with the largest timestamp value of vacant area data. It then
calculates the path pi using the A∗ algorithm. Importantly, this
mechanism dynamically recalculates both the grid gi and the
path pi if another agent explores the designated grid gi, thus
adapting to the changing environment.
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Fig. 5. Environment examples, each has a unique size, and the shape is
regulated to (60,60) by padding.

Fig. 6. Comparative view of the Gazebo simulation environment (left), real-
world environment layout (middle), and TurtleBots (right). In the left image,
targets are within a purple frame and agents are within a green frame. The
middle image outlines the search and rescue area in red and shows the initial
position of the TurtleBots in orange, with precious positions in the right image.

V. TRAINING

The HMA-SAR Framework was trained across a dataset [19]
comprising 5663 grid world environments, each sized 60× 60.
These environments showcase a variety of open area sizes, as
depicted in Fig. 5. To simulate noise interference, the visual
range of one agent fluctuates between 4 and 5 units.
The training adopted a curriculum learning approach, ini-

tially setting E and the maximum environment step t as 10.
If the average reward of a training epoch does not surpass the
highest reward of the previous 200 consecutive epochs, E is
increased by 10 and t is randomly selected from the range
(E− 5,min(E+ 5, 250)). The training concludes once E ex-
ceeds 250. This process was executed on a system equippedwith
a 3080Ti, with a batch size of 1850. As shown in Fig. 5, grid
maps are employed for training. Agents start randomly within
a 3-unit radius circle, simulating close-proximity starts. They
move one unit per step in four directions (up, down, left and
right). Six targets, initiated randomly, also move one unit per
step in four directions without colliding with obstacles, staying
within the map limits. Two training scenarios depicted in Fig. 7
are introduced: In scenarioα, dynamic targets are initiated at the
beginning, whereas in scenario β, targets are initiated after 50%
of the area has been explored, and at least two targets are initiated
in the explored areas, representing missed detection scenarios
where targets have been overlooked.

VI. EXPERIMENT RESULTS

A. Experiment Setting

Experiments have been conducted in three settings: grid
worlds (see Fig. 5), Gazebo, and real-world physical environ-
ments (see Fig. 6).We have demonstrated HMA-SAR’s superior
performance through quantitative analysis in the grid map and
have validated its feasibility with TurtleBots in both Gazebo
and real-world environments. For the grid maps, we have ran-
domly chosen 250 scenarios from the test sets and have limited

Fig. 7. Scenarios α&β: α presents the scenario where targets are initiated at
the beginning and β presents the scenario where targets are initiated after 50%
area has been explored. Targets are distributed in both explored and unexplored
areas.

the maximum number of steps in each environment to 250.
In these grid worlds, collisions have been prohibited; agents
have remained stationary if moving would result in a collision.
Additionally, agents have been positioned nearby. InGazebo,we
have initiated two TurtleBots and also introduced three walking
men, who are designated as dynamic targets, as shown in Fig. 6.
In the real world, three TurtleBots and walking men carrying
colourful boards served as dynamic targets. There were a total
of six targets, and the three walking men reset their positions
once all were detected.

B. Comparative Study

We have conducted a comprehensive benchmark study to
evaluate the efficacy of the HMA-SAR method in contrast with
HAPPO, HAPPO-NC, MASAC [26], MAPPO [27], and the
frontier-based exploration technique [28].
1) HAPPO: The state-of-the-art MARL algorithm, permits
collision actions during training. The environment resets
upon any collision.

2) HAPPO-NC:This isHAPPObut collisions during training
are disallowed. The agent will stay still if its action leads
to a collision.

3) MASAC: One of the common MARL algorithms, agents
update policies synchronously considering return and the
richness of actions.

4) MAPPO: One of the common MARL algorithms, provid-
ing stable synchronous policy updates.

5) Frontier-based exploration: Agents are programmed to
gravitate toward the nearest frontier points.

We propose five indicators, ‘Success Rate (SR)’, represent-
ing the percentage of successful tests; ‘Average Step Count
(ASC)’–which denotes the average number of environment steps
per test across 250 different maps; ‘Variance of Step Count
(VSC)’, indicating the variability in the number of steps per
test; ‘Average of Fetched Targets(AFT)’, reflecting the average
number of targets detected; and ‘Variance of Fetched Targets
(VFT)’, showing thevariability in the number of targets detected.
The results in scenario α and β are shown in Tables I and II.
In Scenario α, HMA-SAR markedly excelled in comparison

to both the MARL and conventional methodologies. As delin-
eated in Table I, given two agents operating within a constraint
of 250 environmental steps, HMA-SAR achieved an SR of
97.61%, considerably exceeding those of HAPPO (82.07%),
HAPPO-NC (80.48%), MASAC (76.49%), MAPPO (75.70%),
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TABLE I
SCENARIO α: PERFORMANCE METRICS OF HMA-SAR AND BASELINES

TABLE II
SCENARIO β: PERFORMANCE METRICS OF HMA-SAR AND BASELINES

and the frontier method at 23%. Importantly, while HMA-SAR
has the lowest ASC and highest AFT, indicating HMA-SAR
finds more targets using less time, the corresponding variance
VSC and VFT in HMA-SAR are smaller than others, presenting
that HMA-SAR is more robust facing various maps.
In Scenario β, as shown in Table II, the comparison re-

sults echo those found in Table I. Despite an overall de-
crease in SR, HMA-SAR stands out with an impressive SR of
80.88%, substantially higher than HAPPO (55.78%), HAPPO-
NC (39.84%), MASAC (25.90%), and MAPPO (22.31%). No-
tably, the frontier-based exploration only achieved a 1.2% SR,
underscoring its inefficacy. This emphasizes the challenges map
coverage algorithms face, particularly with dynamic targets
whose unpredictablemovements allow them to repeatedly evade
detection and return to previously explored areas. The ineffec-
tiveness of map coverage methods in dynamic adaptation be-
comes evident as they require unnecessary revisiting of already
explored areas to locate elusive targets. Similar to scenario α,
HMA-SAR owns the lowest ASC and highest AFT, indicating
HMA-SAR findmore targets in less time, and the corresponding
variance VSC and VFT in HMA-SAR is smaller than other
MARL algorithms, presents that HMA-SAR is more robust
facing various maps.

C. Scalability Study

In our study, we have specifically assessed the scalability of
HMA-SAR by examining its SR andASCmetrics in response to
escalating agent group sizes, ranging from 2 to 5. For each group
size, we have kept the environment setting as Section VI-A and
conducted these experiments under two distinct scenarios.
Fig. 8 delineates the trend in SR and ASC as agent numbers

rise. Notably, the SR peaks at 100% from an initial 97.61%
when the agent count reaches 4 and maintains this efficacy
with 5 agents. Concurrently, ASC showcases a decline, moving
from 125.91 to 81.65 as the agent numbers swell from 2 to 5.
Fig. 9 showcases trends analogous to those previously observed
in Fig. 8, with the SR curve ascending and the ASC curve
descending. Specifically, SR reaches its zenith at 99.60% when
there are 5 agents, while the ASC values achieve their nadir,
registering at 110.42, also with 5 agents.

Fig. 8. Scenario α: Trend of SR and ASC as the agent number increases.

Fig. 9. Scenario β: Trend of SR and ASC as the agent number increases.

Fig. 10. Rviz and Gazebo results in scenarios α and β.

D. Experiments in Gazebo and Real-World Environment

In our experiments using Gazebo and real-world settings, we
tested scenarios α and β. The Gazebo experiments included two
TurtleBots and introduced three walking men as targets, where
any human figure entering the detection range was immediately
removed from the experiment’s target list. The walking men
were initiated from randompositions following random trajecto-
ries. In scenario α, human figures were detectable right from the
start, while in β, they remained undetected for the first 30 steps,
to simulate evasion due tomovement. Results depicted in Fig. 10
illustrate that in scenarioα, TurtleBots achieved target detection
by covering the entire map, whereas in β, they demonstrated
a balance between exploration and search, without needing to
cover the entire map.
Further insights were gained from Gridmap and Gazebo ex-

periments. Agents trained under scenarioα developed a strategy
for comprehensive map coverage, while those in scenario β
became adept at detecting overlooked targets. Subsequently,
in the real-world experiments, we replicated these scenarios:
In scenario α, to demonstrate the capability of complete map
coverage, no human figures were included in the environment.
In contrast, scenario β featured six human figures with colourful
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Fig. 11. Real-world experiments with three TurtleBots: Colored lines indicate
their trajectories, with dual perspectives shown on the left and right of the same
horizontal plane.

boards as dynamic targets. First, three walking men with colour-
ful boards began their randommovements from random starting
points. Once all were detected, they reset and restarted their
randommovements from new positions within already explored
areas, thereby stepping into roles as potentially missed targets.
They would be detected by the TurtleBot’s Yolo algorithm
once within its detection range. The final trajectories are shown
in Fig. 11. More details can be found in the video linked at
https://youtu.be/0yFJ-mrWTvc.

VII. CONCLUSION

In this letter, we introduced a multi-agent search and rescue
problem that has received limited attention in the literature. We
presented a novel multi-agent SAR method, HMA-SAR, which
incorporates unique state and reward designs, algorithmic con-
structs, and a hybrid decision mechanism. Comparative studies
demonstrated that our HMA-SAR surpasses the performance
of both frontier-based methods and other MARL algorithms.
Looking forward, our future endeavours will focus on 1) en-
abling HMA-SAR to accommodate maps of arbitrary sizes,
thereby transcending the constraints of maximummap size; and
2) training a universal model adaptable to a range of agent group
sizes.
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