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A B S T R A C T

One of the most critical applications undertaken by Unmanned Aerial Vehicles (UAVs) and Unmanned Ground
Vehicles (UGVs) is reaching predefined targets by following the most time-efficient routes while avoiding
collisions. Unfortunately, UAVs are hampered by limited battery life, and UGVs face challenges in reachability
due to obstacles and elevation variations, which is why a coalition of UAVs and UGVs can be highly effective.
Existing literature primarily focuses on one-to-one coalitions, which constrains the efficiency of reaching
targets. In this work, we introduce a novel approach for a UAV-UGV coalition with a variable number of
vehicles, employing a modified mean-shift clustering algorithm (MEANCRFT) to segment targets into multiple
zones. This approach of assigning targets to various circular zones based on density and range significantly
reduces the time required to reach these targets. Moreover, introducing variability in the number of UAVs
and UGVs in a coalition enhances task efficiency by enabling simultaneous multi-target engagement. In our
approach, each vehicle of the coalitions is trained using two advanced deep reinforcement learning algorithms
in two separate experiments, namely Multi-agent Deep Deterministic Policy Gradient (MADDPG) and Multi-
agent Proximal Policy Optimization (MAPPO). The results of our experimental evaluation demonstrate that
the proposed MEANCRFT-MADDPG method substantially surpasses current state-of-the-art techniques, nearly
doubling efficiency in terms of target navigation time and task completion rate.
1. Introduction

The potential of using Unmanned Aerial Vehicles (UAVs) and Un-
manned Ground Vehicles (UGVs) in various scenarios has garnered
significant attention from researchers in recent years. Regarding rev-
enue, the global autonomous vehicle market for UGVs generated USD
2.24 billion in 2022 and is projected to reach USD 4.08 billion by
2030 [1]. Simultaneously, the market for UAVs is expected to nearly
double in value (from USD 24.9 billion to USD 52.3 billion) over
eight years, from 2022 to 2030 [2]. Currently, these vehicles are
employed in diverse domains, including surveillance, search and res-
cue, inspection, inventory checking, mapping unknown terrains, and
planetary exploration [3]. This has led researchers to explore deploying
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various UAV-UGV combinations for complex tasks like navigation in
environments with obstructions. The collaborative UAV-UGV systems
have shown promise in intelligence surveillance, reconnaissance, object
localization, and crucially, path planning in obstructed environments.

UAVs offer the advantage of high altitude and a broad line of
sight, while UGVs have longer battery duration and can execute pre-
cise operations on ground objects. However, both UAVs and UGVs
face significant limitations. UGVs are constrained by limited vertical
reach, and UAVs are hampered by a limited power supply, leading to
restricted operational range and duration [4,5]. Collaborations between
UAVs and UGVs can significantly enhance task execution efficiency
by overcoming these individual limitations. In collaborative systems,
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UAVs can access destinations beyond the reach of UGVs. Conversely,
UGVs can transport UAVs to conserve their battery life and are better
equipped to handle ground objects with greater payload capacity. A
homogeneous swarm of UAVs or UGVs often struggles with distant and
time-intensive missions, particularly in mission-critical applications. In
complex, obstructed environments, a robust UGV can autonomously
transport a UAV beyond its flight range, supplying power and substan-
tially increasing its operational range. In turn, the UAV assists the UGV
by accessing high-altitude destinations with fewer collision risks. How-
ever, integrating multiple UAVs and UGVs for efficient path planning
in obstructed terrains poses significant engineering challenges.

Recent research has explored deploying multiple UAVs or UGVs for
specific complex tasks. A study proposed a multi-UAV homogeneous
system utilizing the Multi-Agent Deep Deterministic Policy Gradient
(MADDPG) algorithm for optimized target assignment and collision-
free path planning [6]. However, this approach does not incorporate
UGVs, and many recent works focus on such homogeneous systems.
Zhang et al. introduced an Imitation Augmented Deep Reinforcement
Learning (IADRL) approach for a UGV-UAV coalition, where both vehi-
cle types complement each other in performing difficult tasks [7]. Yet,
their methodology is limited to one UAV and one UGV system while
addressing UAV-UGV coalitions in terrains with obstacles. Although
a collaboration of UAVs and UGVs solves the problems of limited
reachability of UGVs and limited battery of UAVs, in general, such a
coalition comes with certain challenges. The huge computational cost
and the lack of a proper framework to establish communication and
collaboration between those agents are some of the major problems.
Existing works on such coalitions are usually not tailored to create a
suitable framework for the UAV-UGV coalition to carry out complex
path-planning tasks that reduce computational costs and ensure proper
communication among multiple agents. They are also usually inflexible
regarding the number of UAVs and UGVs in a coalition since only
one UAV and one UGV comprise the coalitions in most cases. In path-
planning tasks with randomly distributed predefined targets, reaching
all the targets with minimal collisions and time is essential. These
observations have motivated us to develop an efficient framework to
effectively enhance collaboration among multiple UAVs and UGVs in
obstructed environments by developing a novel approach to mitigate
these problems.

In this paper, we introduce a novel approach, MEANCRFT, for one-
to-many collaboration among UGVs and UAVs, utilizing MEAN-Shift
clustering to deploy UAV-UGV Coalitions using Reinforcement learning
For reaching aerial and ground Targets. The MEANCRFT employs
heuristic methods to segment target locations into zones, followed
by individualized training for vehicles to navigate efficiently in an
obstructed environment. This model enables the variability in the count
of UAVs and UGVs in a single coalition. This approach mainly aims
to find fast and collision-free paths toward multiple ground and aerial
targets, exploiting the collaborative capabilities of UAVs and UGVs. The
use of heuristics in the MEANCRFT simplifies the zonal segmentation
of target locations and the complexity of the path-planning task. To
address the challenges of reaching all targets in an obstructed envi-
ronment while minimizing time steps, avoiding collisions and ensuring
task completion, we have employed different Multi-Agent Deep Rein-
forcement Learning or MADRL frameworks to train UAV-UGV coalitions
for efficient path planning. Ultimately, the goal of the approach is to
reach all the targets within a limited time delay and minimal number
of collisions among unmanned aerial or ground vehicles.

Our work introduces novel contributions to the field of path plan-
ning through the innovative dimension of a UAV-UGV coalition. The
primary contributions are:

• We have developed a modified mean-shift clustering algorithm
that assigns multiple targets to different zones based on target
density. The clustering also assigns multiple UAVs and UGVs
within each zone to address complex path-planning challenges.
Using target density as a decisive factor enables our approach to
2

reduce coalition travel time.
• The variability of the UAV-UGV coalition has been enhanced
through extended training governed by advanced multi-agent
deep reinforcement learning algorithms, which in turn helps to
avoid obstacles and increase system robustness.

• Extensive numerical analysis on a custom environment created us-
ing OpenAI’s gym platform, shows that the developed MEANCRFT-
MADDPG significantly reduces the number of steps to com-
plete tasks and increases task completion rates compared to
state-of-the-art models.

This paper is systematically organized: Section 2 reviews relevant
literature on the UAV-UGV coalition, Section 3 discusses the system
model and assumptions, Section 4 details the proposed approach, Sec-
tion 5 describes the experiment and its results, and Section 6 concludes
the paper with a summary and future research directions.

2. Related work

UAVs and UGVs have seen an unprecedented rise in a multitude of
fields, notably path planning, and search and rescue missions. However,
due to the limited battery of UAVs and the limited reachability of UGVs,
both types of vehicles are restrained in their movement in many path
planning and target-reaching scenarios. Many researchers have pro-
posed several approaches to solve this complex path-planning problem
for a smart implementation of a functional UAV-UGV coalition.

Bellingham et al. [8] have developed a novel mathematical ap-
proach based on Mixed-Integer Linear Programming (MILP) that de-
signs nearly optimal routes toward a goal for multiple UAVs with
constraints like no-fly zones and the highest speed and turning rate of
the UAVs. Based on genetic algorithms, Shima et al. [9] solved this
problem, having special considerations including task prioritization,
coordination, time restraints, and flying trajectories. An approach based
on particle swarm optimization (PSO) principles was presented by
Cruz et al. [10]. In recent years, Babel et al. tackled the issue of
cooperative flight route planning while minimizing the overall mission
time, provided that the UAVs arrive at their destinations simultaneously
or sequentially with predetermined time delays [11].

A computationally effective mathematical model based on cell-
winning suppression (CWS) was developed by J. Liu et al. for multi-
target task assignment in a complex battlefield environment with at-
tacking and defensive UAVs on two sides [12]. Yan et al. [13] proposed
a path-planning algorithm for the UAVs based on improved Q-learning
in an antagonistic environment. A multi-UAV-enabled homogeneous
system to optimize target assignment and path planning has been
proposed in [6]. The authors in [14] have dealt with the path planning
problem for a ground target tracking scenario through an obstructed
environment by using the line of sight and artificial potential field to
construct their reward. Another group of authors in [15] introduced
a method to implement local online path planning in unknown rough
terrain by a UGV. However, the aforementioned works in literature
have only considered homogeneous vehicles (Only UAVs or only UGVs)
in their respective field. A collaborative approach to heterogeneous
vehicles has been ignored in these studies.

To tackle these multiple-agent target assignment and path planning
problems, different deep reinforcement learning (DRL) frameworks
have been used in the existing literature. Reinforcement learning refers
to goal-oriented algorithms that help to attain objectives along a par-
ticular dimension over repetitive steps by being rewarded or punished
for good and bad actions, respectively. Usually, a Q-table is main-
tained to store the state–action pairs in the Q-learning, a basic form
of reinforcement learning. When neural networks are associated with
reinforcement learning, it is called DRL [16]. Deep Q-Network (DQN)
is an early implementation of DRL, that approximates a state-value
function in a Q-Learning framework (Basic reinforcement learning)
with a neural network [17]. Consequently, various improvements have
come in recent years in the field of DRL [18]. Deep Deterministic Pol-

icy Gradient (DDPG), Multi-agent DDPG (MADDPG), Proximal Policy
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Optimization (PPO), and Multi-agent PPO (MAPPO) are the state-
of-the-art additions in this field. DDPG is an actor-critic, model-free
algorithm based on the deterministic policy gradient that can operate
over continuous action spaces. It combines the actor-critic approach
with insights from DQN. MADDPG can be considered just the multi-
agent version of DDPG [19], and it is considered a state-of-the-art
algorithm in the multi-agent reinforcement learning field. On the other
hand, PPO is a policy gradient method for reinforcement learning [20],
whereas, MAPPO is essentially the multi-agent version of this [21–23].

Qie et al. [6] have proposed a multi-UAV-enabled homogeneous sys-
tem to optimize target assignment and path planning using a MADDPG
algorithm, which has achieved excellent performance. However, their
developed system is only applicable to homogeneous UAVs. Another
group of authors in [24] have used a modified K-means clustering
algorithm and MAPPO for trajectory design in disaster areas with
homogeneous UAVs only. Li et al. [25] have also used PSO-based
clustering along with a MAPPO-based algorithm to design a trajectory
planning algorithm for situations that require urgent communication.
In path planning problems, using a clustering method to manage the
targets or destination areas better is a great way to improve perfor-
mance. Chen et al. [26,27] have exploited density-based clustering
methods to get improved performances in coverage path planning
problems with UAVs. These studies also do not consider UGVs as a
coalition approach to solving path-planning problems.

Extensive research on coalitions of UAVs and UGVs is a relatively
new venture. Ropero et al. designed a UAV-UGV collaborative system
for planetary exploration where the goal is to reach a set of target
points while minimizing the traveling distance [28]. In a UAV-UGV
coalition, UAVs play a major part in planning the path and guiding
the collaborative system. Lee et al. proposed a solution to a problem
where a UAV shepherds a swarm of UGVs [29]. Zhang et al. used
Imitation Augmented Deep Reinforcement Learning (IADRL), which is a
mix of Imitation Learning and DRL, to address the issue of the enormous
complexity of UAV-UGV collaboration [7]. In their approach, a UGV
carries a UAV up to the point where it is unable to navigate vertically to
reach the target. The UAV can then be launched to do the assignment
and arrive at the destination. To increase the operating range of the
UAV, the UGV also serves as a charging station. In their work, they
assumed their environment without any obstacles and assigned one
UAV to a single UGV.

Although the above-discussed works have helped improve and over-
come a lot of challenges in combined hybrid UAV-UGV systems, there
are still some limitations that need to be addressed. Most of the
existing works have not considered a collaboration of multiple UAVs
and UGVs in an obstructed environment, which enhances the variability
of vehicles and the robustness of the system. These observations have
motivated us to develop a framework, namely MEANCRFT, to en-
hance collaboration between multiple UAVs and UGVs in an obstructed
environment.

3. System model of MEANCRFT

This section provides information about the proposed system along
with a detailed depiction of the terms and variables used in it. Fig. 1(a)
depicts the 2D model of different components and their relationship to
the developed model along with a 3D representation in Fig. 1(b).

In the proposed 2D environment, UAVs and UGVs navigate to reach
the targets by avoiding obstacles, where the set of UAVs and UGVs
is denoted by  and , respectively. Each aerial target is represented
y 𝑝 ∈  and each grounded target is represented by 𝑤 ∈  ,

where,  and  are the set of the positions of all aerial and grounded
targets within a zone. The position of each aerial and grounded target
can be denoted by (𝑥𝑝, 𝑦𝑝), and (𝑥𝑤, 𝑦𝑤), respectively. The position
of a UAV at any time step 𝑡 is represented by (𝑥𝑎(𝑡), 𝑦𝑎(𝑡)), where,
𝑎 ∈  and the position of a UGV at any time step 𝑡 is (𝑥 (𝑡), 𝑦 (𝑡)),
3

𝑔 𝑔 o
Table 1
Notations and their meaning.

Notation Description

 The set of center points of the unmanned aerial vehicles (UAVs)
 The set of center points of the unmanned ground vehicles (UGVs)
 The set of center points of the obstacles
 The set of center points of the aerial targets
 The set of center points of the grounded targets
𝐹𝑎 The set of grid points traveled by a UAV 𝑎 ∈  to reach a target
𝐿𝑔 The set of grid points traveled by a UGV 𝑔 ∈  to reach a target
𝜇𝑖 Deterministic policy of agent 𝑖
𝜃 Set of policy parameters
∇𝜃𝑖𝐽 (𝜇𝑖) The gradient of 𝜇𝑖
(𝜃𝑖) The loss function
 Experience Replay

where, 𝑔 ∈ . The set of obstacles is denoted by 𝐵 and each ob-
stacle position is represented by (𝑥𝑏, 𝑦𝑏), where, 𝑏 ∈ 𝐵. Let 𝐹𝑎 =
(𝑥𝑎(0), 𝑦𝑎(0)), (𝑥𝑎(1), 𝑦𝑎(1)),… , (𝑥𝑎(𝑛), 𝑦𝑎(𝑛))} be the path of a UAV in
zone, and 𝐿𝑔 = {(𝑥𝑔(0), 𝑦𝑔(0)), (𝑥𝑔(1), 𝑦𝑔(1)),… , (𝑥𝑔(𝑛), 𝑦𝑔(𝑛))} be the

ath of a UGV in a zone, where, 𝑛 is the number of time steps in an
pisode.

As depicted in Fig. 1(a), the developed framework, MEANCRFT,
as two main functional parts. At first, the entire area of deployment
s divided into zones based on the density of the targets exploiting

modified mean-shift clustering algorithm. In Fig. 1(a), we can see
hat the targets on the map are divided into two zones or clusters.

e assume that UAVs and UGVs are deployed in the environment to
each targets. Two different coalitions are sent to each of the zones.
fter reaching a zone, UGVs deploy the UAVs that have been trained to
each the assigned aerial targets while the UGVs get to ground targets.
e need the UAVs to be within a certain range of the UGVs so that

hey can return to the UGV in due time. For this purpose, we set the
ones’ radius 𝑅 based on the UAVs’ flying range 𝑉 . They navigate in
he environment avoiding collisions with obstacles and other vehicles.
fter reaching, the UAVs return to their nearest UGV and the coalitions
ove to the next zone when the assigned zone has been cleared. In this
ay, the developed model can cover all the targets receiving minimal
amage within a short amount of time. A widespread application of our
ork can be a post-earthquake rescue mission in a collapsed building,
here all the means of ground entry are blocked. In this scenario, the
eveloped model can efficiently plan a path and reach the location
f inhabitants who require help. In such an application, high task
fficiency and minimal time are of utmost importance, which our model
chieves. We have also assumed that the positions of the targets were
nchanging. Within a zone, the agents are informed about the position
f their reachable targets, the position of the obstacles, and the position
f other agents. Moreover, in the 2D environment, the UAVs do not
ollide with the UGVs as they operate at a higher altitude. Table 1
ummarizes the major notations used in this paper.

. Design details of MEANCRFT

In this section, we provide a comprehensive explanation of our
oalition approach to reach targets in an obstructed environment. At
irst, we will delve into a detailed explanation of the methodology
or dividing the targets into multiple circular zones using a heuristic
ased on a modified version of mean-shift clustering to deploy a specific
umber of coalitions into those zones for planning a safe route to reach
ll those targets. In the latter phase, we briefly discuss the two different
ADRL models, namely MADDPG and MAPPO, that we used to train
ur coalitions for efficient path planning and obstacle avoidance.
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Fig. 1. Visual representation of the relationships between key elements of UAV-UGV enabled network.
4.1. Zone division: Assignment of targets into zones

The first step of our approach is to divide the targets 𝑃 into suitable
zones. For the selection of zones, we have designed a modified version
of the mean-shift clustering algorithm that divides the overall area into
circular zones based on target density. Coalitions travel from zone to
zone, clearing the targets in them. Algorithm 1 gives a formal depiction
of the proposed algorithm for the division and assignment of the targets
into zones. It takes as input a radius value 𝑅, which is the flight range
of the UAVs in our system, and the set of points 𝑃 in the environment.
As output, it gives the set of center points of all the circular zones it
calculated, 𝐶.

4.1.1. Mean-shift clustering
The generic Mean-Shift clustering [30] is a centroid-based sliding

window clustering algorithm focused on finding out the center point
of each cluster. It has been implemented in Algorithm 1. Mean-shift
clustering suits our purpose for mainly two reasons: (1) It is a density-
based approach since we also want to detect the areas with the highest
target density to create the zones, and (2) It creates a zone with a
certain radius. This algorithm chooses an initial point and creates a
sliding window with a specific diameter. This diameter in the model is
a function of the UAV flight range. It works by updating candidates for
center points to be the mean of the points within the sliding window.

By moving the center point to the average of the window’s points at
each iteration, the sliding window is moved toward areas with higher
densities. The number of points inside the sliding window determines
how dense it is. Naturally, it will eventually gravitate toward locations
with larger point densities by adjusting to the window’s mean of the
points. The sliding window is moved following the mean of the points
inside it and it keeps moving until there is no longer any direction in
which a shift can accommodate any center point for the window. This
process is continued until all the points fall inside a cluster. As Mean-
Shift Clustering is used for identifying clusters, there can be situations
where multiple windows overlap. In that case, the sliding window with
the most points is kept. The data points are then assigned based on the
sliding window that contains them.

4.1.2. Modified mean-shift clustering

The developed Algorithm 1 is based on a modified version of the
aforementioned Mean-Shift clustering algorithm. Firstly, we take the
radius of the zones 𝑅 and the list of the targets’ coordinates 𝑃 in the
environment as inputs. The radius of the zones is a preset value that
4

Algorithm 1 Modified Mean-Shift Clustering
Input: 𝑅 ⟵ Radius of UAV Zones, 𝑃 ⟵ Set of points in the

environment
Output: 𝐶 ⟵ Center of Zones
1: 𝐶 ⟵ ∅
2: while there are points in 𝑃 do
3: 𝑄 = 𝑃
4: 𝑇 ⟵ Constant
5: 𝑘 ⟵ Constant
6: while 𝑘 do
7: 𝑈 ⟵ ∅
8: for 𝑞 ∈ 𝑄 do
9: 𝑍 ⟵ ∅

10: for 𝑞′ ∈ 𝑄 do
11: if 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑞, 𝑞′) ≤ 𝑅 then
12: 𝑍 ← 𝑍 ∪ 𝑞′

13: end if
14: end for
15: 𝑉 = 𝑚𝑒𝑎𝑛(𝑍)
16: 𝑈 ← 𝑈 ∪ 𝑉
17: end for
18: 𝑀 = 𝑚𝑒𝑎𝑛(𝑈 −𝑄)
19: if 𝑀 ≤ 𝑇 then
20: break
21: end if
22: 𝑄 = 𝑈
23: 𝑘 ← 𝑘 + 1
24: end while
25: Initialize 𝐺 as empty set
26: 𝐺 ← 𝐺 ∪ 𝑞, ∀𝑞 ∈ 𝑄
27: 𝐶 ← 𝐶 ∪ {𝑔},∀𝑔 ∈ 𝐺
28: for each 𝑝 ∈ 𝑃 do
29: for each 𝑐 ∈ 𝐶 do
30: if 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑐, 𝑝) ≤ 𝑅 then
31: 𝑃 .𝑑𝑒𝑙𝑒𝑡𝑒(𝑝)
32: end if
33: end for
34: end for
35: end while
36: return 𝐶
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is dependent on the functional range of the drones. Here, 𝑇 and 𝑘 are
constant values that are set to accept cluster centers within a specific
range and 𝑄 is a copy of the list of data points on which it will perform
the clustering. We use Mean-Shift clustering from the lines 3 to 26
which returns the centers of the densest zones in the environment that
can form a cluster.

First, an empty list 𝑈 is taken which will be used to store the center
of the windows. Next, we take a random point as the center of a window
and determine the points inside it. We assign these points in a list 𝑍
and then determine the centroid of 𝑍. This is the current center of
the window which is saved in 𝑈 . This process is continued till all the
points are inside a window, the center of which is in 𝑈 . 𝑄 is a list that
is used to contain the center of the window in which a point resides.
Initially, it is the point itself, and as the process continues, its value is
updated (line 22). This process is repeated at most 𝑘 times to constantly
update 𝑄 for each point in the given dataset. In each update, the value
of the window center can change. The magnitude of this change is
determined in line 19. If this value is more than the threshold value
𝑇 , it means that the window has moved significantly. Otherwise, the
shift is not too significant and the current centers are used as the final
cluster centers. Finally, after finishing, the non-repeating center values
are used as the cluster centers. We add them to a list 𝐶 in line 27 and
use it to find out all the coordinates that are inside a zone by comparing
their distances with the center points stored in 𝐶. Then in line 31, we
delete the points from the coordinate list 𝑃 that are within 𝑅 distance
from each element in 𝐶 since they are already assigned to a zone. We
keep repeating this process of Mean-Shift clustering and assigning the
points into zones until all the points in 𝑃 are assigned properly into a
zone. This calculates new center points and the process continues until
no points are left unassigned and all the center points are in the list 𝐶.
This is how our proposed heuristic works, based on a densest-area-first
approach.

In a typical scenario, when a significant number of targets are
available, going from one target to another for a coalition becomes
much less efficient when we consider the number of times a UAV
has to leave a UGV, reach a target, and return to the UGV. As the
number of aerial targets can vary, selecting the nearest aerial target
and moving on to the next one requires a lot of time and battery.
Our Modified Mean-Shift Clustering approach saves a huge amount of
time and battery by dividing the available targets into zones based on
density, serving as a great advantage to our proposed solution. Each
of these zones has a radius 𝑅 based on the flight range 𝑉 of a UAV.
This allows the coalitions to reach specific zones and deploy UAVs
where they can freely move around reaching available targets without
unnecessarily returning to UGVs. This increases the number of targets
that are reached while simultaneously decreasing the time required to
finish the tasks.

We have designed this zoning algorithm because we want to use the
battery capacity and flight range 𝑉 of the UAV as decisive factors for
choosing our zones. As every zone has to be covered by the coalitions
to reach all available targets in the environment, dividing the targets
based on density reduces the overall zone count. Again, as the number
of UAVs in a coalition can be variable, we ensure maximum target-
reaching efficiency within a zone by sending maximum available agents
in it to reduce overall time.

After dividing the target areas into zones, one or multiple coalitions
are sent to each zone based on the requirements. When a coalition
enters a zone, the UAVs can be deployed to reach the aerial targets
by avoiding obstacles and other agents. In the meantime, the UGV in
the coalition can navigate through the obstructed terrains and reach the
ground targets. When the battery of a UAV reaches a critical level, the
target assignment for the UAV will stop and it will immediately land
on the nearest available UGV. This ensures maximum utilization of the
battery life of the UAV and also clears the zones rapidly.
5

Fig. 2. Flowchart of the proposed solution framework.

4.2. Assignment of coalition to zones

After grouping all the targets into various circular zones, we deploy
MADRL-trained coalitions in each of those zones to reach the targets
while avoiding collisions. The sequential steps for our solution to assign
the coalitions into zones are depicted in Fig. 2 and the step-by-step
procedure can be described as follows,

ep 1: At first, the number of coalitions, 𝐾 are sent to a zone.
ep 2: After that, the trained models of UAVs and UGVs are deployed to

cover the targets. A coalition is considered available only when
all the deployed UAVs have landed on the available UGVs after
clearing the zone.

ep 3: When a zone is cleared, the previously assigned 𝐾 coalitions are
available, which are then assigned to the next target zone.

ep 4: Steps 2 and 3 are repeated until all the zones have been cleared,
and subsequently all the targets are reached.

The coalitions will follow a specific set of steps when they reach
the zone that they are assigned to: the UGVs will navigate to reach the
ground targets after deploying UAVs. The UAVs will also roam to reach
the aerial targets. During this process, if a UAV needs to land, it will
signal its nearest UGV. The UGV will pause its current activity, wait for
the UAV to land, and after landing, resume its function.

It should be noted that we have trained the UGVs first as they
require less complex inputs for training. This is because the only
function a UGV has is to reach its assigned target. For actions such as
UAV landing, it only needs to pause its function which does not require
training. On the other hand, UAVs need to reach their assigned targets
and return to their nearest UGV. This makes the task more intricate and
also requires the information of the nearest UGV in their observation
space. This is why, we first train the UGVs and use this trained model to
get some UGV coordinates in an environment. Next, in the UAV training
scenario, we used these demo coordinates as input in the observation
space of the UAV. This way, the first half of the UAV training is to reach
the assigned target. The next half is to ‘‘land’’ on the nearest UGV, the
position of which is provided by our demo data. In this way, we divided
our training into two parts and used our UGV-trained model to train our
UAVs. Ultimately, these two separate training models are combined in
the full simulation environment.

There, the available targets are first divided into zones. Then only
the trained models for UGVs are used to move coalitions to their
assigned zones. After reaching the zones, the UGVs deploy UAVs, and
together, they move in the environment to reach all the targets inside
the zone. The UGVs will navigate in the environment to reach their
assigned targets, avoiding obstacles and other UGVs, while at the
same time, UAVs will also move around the environment, avoiding
obstacles and other UAVs to reach assigned aerial targets. When UAVs
are done reaching their respective targets, they move to their nearest
UGV location. The selected UGV for landing pauses its model until the
UAV lands. After that, it resumes its model to reach ground targets.
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4.3. Constraints for MADRL training

From Table 1, we know that 𝐹𝑎 and 𝐿𝑔 are the path lengths of UAV
𝑎 ∈  and UGV 𝑔 ∈ , respectively. The goal of this work is to minimize
these path lengths while keeping the journey of the vehicle safe and free
from collisions, which can be denoted as,

𝑚𝑖𝑛(
∑

𝑎∈
𝐹𝑎 +

∑

𝑔∈
𝐿𝑔). (1)

There are certain constraints that we need to follow while achieving
the sole objective. The following constraints are set that need to be
satisfied:

(𝑥𝑝, 𝑦𝑝) ∈ 𝐹𝑎, ∀𝑝 ∈  , ∃𝑎 ∈  (2)

(𝑥𝑤, 𝑦𝑤) ∈ 𝐿𝑔 , ∀𝑤 ∈  , ∃𝑔 ∈  (3)

(𝑥𝑏, 𝑦𝑏) ∉ 𝐹𝑎, ∀𝑏 ∈ , ∀𝑎 ∈  (4)

(𝑥𝑏, 𝑦𝑏) ∉ 𝐿𝑔 , ∀𝑏 ∈ , ∀𝑔 ∈  (5)

(𝑥𝑎(𝑡), 𝑦𝑎(𝑡)) ≠ (𝑥𝑎′ (𝑡), 𝑥𝑎′ (𝑡)), ∀𝑎, 𝑎′ ∈  (6)

(𝑥𝑔(𝑡), 𝑦𝑔(𝑡)) ≠ (𝑥𝑔′ (𝑡), 𝑥𝑔′ (𝑡)), ∀𝑔, 𝑔′ ∈  (7)

∀𝑎, (𝑥𝑎(𝑛), 𝑦𝑎(𝑛)) = (𝑥𝑔(𝑛), 𝑦𝑔(𝑛)) (8)

The goal of this work is to minimize the sum of all the UAVs’ path
length 𝐹𝑎, and all UGV’s path length 𝐿𝑔 , as depicted in Eq. (1). At
a given time, each UAV and UGV is assigned one aerial target and
one grounded target, respectively. Constraint in Eq. (2) specifies that
each aerial target’s position (𝑥𝑝, 𝑦𝑝) is covered by a UAV’s path 𝐹𝑎, and
similarly, Eq. (3) signifies that every ground target (𝑥𝑝, 𝑦𝑝) is covered
by a UGV’s path 𝐿𝑔 . Moreover, the path of a UAV and a UGV, denoted
by 𝐹𝑎 and 𝐿𝑔 , respectively, is free from collisions with any obstacle
(𝑥𝑏, 𝑦𝑏), as denoted in constraints of Eq. (4) and (5). Constraints (6)
and (7) denote that each UAV 𝑎 ∈  must not collide with another
UAV 𝑎′ ∈  and each UGV 𝑔 ∈  must not collide with another UGV
′ ∈ , respectively. The constraint in Eq. (8) specifies that a UAV must
ome back to its nearest UGV and have the same position as the UGV
t the 𝑛th step, which is the final step of an episode.

.4. MADDPG framework

In reinforcement learning, the dynamic problem is defined by the
arkov Decision Process (MDP). An MDP model is formally defined
ith five components: state, action, reward, transition probability,
nd discount factor. When an agent acts in a single-agent scenario, it
eceives a reward and traverses to a new state from the environment
hich is determined by a transition probability. The environment is

ypically modeled as an MDP, whose solution means identifying a
olicy that maps from the state space to a distribution across the action
pace to maximize the cumulative reward. A key assumption in this
ituation is a stationary environment. Since each agent’s reward and
tate transitions are influenced by the actions of other agents, this
remise cannot be applied to multi-agent frameworks. In addition,
very agent must maximize its cumulative reward, which is determined
y the other agents’ policies. Hence, multi-agent versions of the popular
lgorithms are required. Deep Q-Network (DQN) is an early imple-
entation of deep reinforcement learning (DRL), that approximates a

tate-value function in a Q-Learning framework with a neural network.
onsequently, DDPG and Multi-agent DDPG (MADDPG) are two of
he state-of-the-art additions in this field. The DDPG is an actor-critic,
odel-free algorithm based on the deterministic policy gradient that

an operate over continuous action spaces. It combines the actor-critic
pproach with insights from DQN.
6

A MADDPG algorithm can be used to solve target assignment and
path planning problems and it is considered as a multi-agent variation
of DDPG [19] in the multi-agent reinforcement learning field. Its core
concept is to centralize training while decentralizing execution (CTDE).
Because they do not utilize the information of other agents, the deep
Q-learning network (DQN) and DDPG perform poorly in multi-agent
systems. The MADDPG method gets around this problem by relying on
the observations and actions of other agents. There are two networks
for each agent: an actor network and a critic network. The actor
network calculates the action to be taken based on the agent’s current
state, whereas the critic network assesses the action taken by the
actor network in order to improve the actor network’s performance.
An experience replay buffer is employed to retain a set amount of
training experience and random reads are performed on it to update
the network. This is done to break correlations in the training data and
avoid divergence. The actor-network only gets observation information
during the training phase, however, the critic network gets information
from other agents’ actions and observations. The critic network is only
involved in the training phase, and after training, every agent uses
only the actor-network. As the actors are not connected to each other
and guide the agents individually in the execution phase, decentralized
execution is achieved.

4.4.1. State action representation
In the developed system, we consider each of the vehicles to be an

agent. The agents in each of the training phases have an action space
and a state space. The action space of each UGV and UAV consists
of its velocities along both the 𝑋 and 𝑌 axes in a geometric system.
Therefore, the action space of UAV 𝑎 ∈  can be defined as 𝜉𝑎 = (𝑢𝑎, 𝑣𝑎);
and the action space of UGV 𝑔 ∈  as 𝜉𝑔 = (𝑢𝑔 , 𝑣𝑔). The state space of
each UGV and each UAV is denoted by 𝑜𝑔 and 𝑜𝑎, respectively. The state
space of a specific UGV agent 𝑜𝑔 consists of the relative position of all
the grounded targets in the environment, the relative position of the
obstacles in the environment, the agent’s own velocity as well as its
own position, and the relative position of other UGVs in respect to the
agent. Similarly, in the case of UAVs, the state space of a specific UAV
agent 𝑜𝑎 consists of the relative position of all the targets and obstacles,
the relative positions of other UAVs with respect to the agent, and the
agent’s own velocity and position. However, as UAVs require a position
to land after reaching targets; therefore, the relative position of its
nearest UGV is also added, along with a binary variable that indicates
whether the UAV has reached its assigned target or not. This value is 0
when the target has not been reached and it is 1 when the UAV reaches
the target. This informs the UAV that it has reached its assigned target
and now it can start the process of landing on a UGV. Both of these
are additions to a UAV agent’s state space. These inputs are used to
train the models in separate environments. After the training phases
are done, the trained models are deployed in a combined environment
where both the UGVs and UAVs collaborate to reach the targets in the
obstructed environment.

4.4.2. Training process
In each training scenario, there are 𝑁 agents. Each agent has its

own deterministic policy 𝜇𝑖. The policies are parameterized by 𝜃 =
{𝜃1, 𝜃2,… , 𝜃𝑁}. For an agent 𝑖, the gradient of the deterministic policy
𝜇𝑖 can be written as

∇𝜃𝑖𝐽 (𝜇𝑖) = E𝑥,𝑎∼[∇𝜃𝑖𝜇𝑖(𝑎𝑖|𝑜𝑖)∇𝑎𝑖𝑄
𝜇
𝑖 (𝑥, 𝑎𝑖, 𝑎2,… , 𝑎𝑁 )|𝑎𝑖=𝜇𝑖(𝑜𝑖)], (9)

here, 𝑥 is the state space which is equal to {𝑜1, 𝑜2,… , 𝑜𝑁}, 𝑄𝜇
𝐼 (𝑥, 𝑎1, 𝑎2,

… , 𝑎𝑁 )|𝑎𝑖=𝜇𝑖(𝑜𝑖) is the 𝑄− 𝑣𝑎𝑙𝑢𝑒 function, 𝑎𝑖 is the action of the agent 𝑖,
𝑜𝑖 is the observation of each agent 𝑖,  is the experience replay where
each tuple is (𝑥, 𝑥′, 𝑎1,… , 𝑎𝑁 , 𝑟1,… , 𝑟𝑁 ) as a record of the experiences
of all agents. After the actions of all agents have been executed, 𝑥′ is
used to represent the new state of the environment. 𝑟𝑖 is the reward of
agent 𝑖. The loss function (𝜃𝑖) is given by

𝜇 2
(𝜃𝑖) = E𝑥,𝑎,𝑟,𝑥′ [(𝑄𝑖 (𝑥, 𝑎𝑖, 𝑎2,… , 𝑎𝑁 ) − 𝑦) ], (10)



Ad Hoc Networks 160 (2024) 103519S. Brotee et al.

A
t
o
𝑟

𝑟

4
v
t
r
s
T
g

Algorithm 2 MADDPG pseudo-code
1: 𝐸 ⟵ Number of episodes
2: 𝑇 ⟵ Number of time steps
3: 𝑁 ⟵ Number of agents
4: Initialize replay buffer 
5: for 𝐸𝑝𝑖𝑠𝑜𝑑𝑒 = 1 to 𝐸 do
6: Initialize a random process  for action exploration
7: Receive initial state 𝑥
8: for 𝑡 = 0 to 𝑇 do
9: for 𝑖 = 1 to 𝑁 do

10: select action 𝑎𝑖 = 𝜇𝜃(𝑜) +𝑡
11: end for
12: end for
13: Execute actions 𝑎 = (𝑎1,… , 𝑎𝑁 ) and observe reward 𝑟 and new

state 𝑥′

14: Store (𝑥, 𝑎, 𝑟, 𝑥′) in replay buffer 
15: for 𝑖 = 1 to 𝑁 do
16: Sample a random minibatch of 𝑆 samples (𝑥, 𝑎, 𝑟, 𝑥’) from 
17: Set 𝑦 = 𝑟𝑖 + 𝛾𝑄𝜇′

𝑖 (𝑥′, 𝑎′1,… , 𝑎′𝑁 )|𝑎′𝑘=𝜇′𝑘(𝑞𝑘)
18: Update critic of agent 𝑖 by minimizing the loss using Eq. (10)
19: Update actor of agent 𝑖 using the sampled policy gradient via

Eq. (9)
20: end for
21: Update target network parameters for agent 𝑖:

𝜃′𝑖 ←←← 𝜏𝜃𝑖 + (1 − 𝜏)𝜃′𝑖
22: end for

where,

𝑦 = 𝑟𝑖 + 𝛾𝑄𝜇′
𝑖 (𝑥′, 𝑎′𝑖 ,… , 𝑎′𝑁 )|𝑎′𝑗=𝜇′𝑗 (𝑜𝑗 ). (11)

The value of (𝜃𝑖) is used to update the critic network, 𝑄𝜇
𝑖 , and it

is in turn helping to train the model.

4.4.3. Reward calculation
For training the vehicles in their respective environments, a multi-

agent deep reinforcement learning setup has been exploited. In such
setups, appropriate reward structures are necessary in order to get
acceptable behavior from agents, i.e., the UAVs and UGVs in their re-
spective environments. In the developed UAV and UGV environments,
multiple homogeneous agents are trained to reach the available targets
in an acceptable manner. To attain such outputs, we have to come
up with a reward structure that encourages multiple agents to reach
their targets efficiently. At the same time, the agents also need to avoid
any obstacle collisions while on their way to the targets. For this, the
assigned reward value for each agent is divided into some components
which are affected by some parameters of the environment and are
different for each environment type. For encouraging the agents to
reach targets, the distance between agents and targets is considered.
For collision avoidance, the agent-agent distance as well as the agent-
obstacle distance is also considered. It should be noted that for various
reward components, a function 𝑇𝑖(.) is used which accepts distance as
input and returns a reward value.

4.4.3.1. UGV reward components. The detailed calculation of different
reward component of the UGV reward structure can be determined as
follows,

(a) Reward Based on Distance to Targets: In each type of envi-
ronment, there can be multiple targets with multiple agents
where the agents together need to find a way to reach all the
available targets efficiently. To do so, a reward component 𝑟1 is
assigned based on the distance between all targets and agents.
Specifically, the minimum distance between available targets
and agents is taken into consideration. To assign such a reward,
7

at first, the distance between all UGV agents to each ground
target 𝑤 is calculated and stored in a set 𝑑𝑤. From all these
values, the minimum distance, min(𝑑𝑤) of each ground target
𝑤 to its closest UGV is taken. After calculating, we sum the
minimum values and assign this negative reward component to
each agent.

𝑟1 = 𝑟1 + 𝑇1(−𝑚𝑖𝑛(𝑑𝑤)), ∀𝑤 ∈  (12)

(b) Reward Based on Agent-Agent Collision: While navigating the
environment, the agents must avoid colliding with other agents.
For this, a reward component, 𝑟2 has been derived, where the
agents are punished for being within collision distance of each
other.
Here, we have considered an area around each agent and named
it Danger Zone, whose width is 𝜎𝑉 and 𝛿𝑉 is the maximum
distance between agents during which collision happens. Fig. 3
shows an example scenario of the danger zones for agents.
Whenever the danger zones of two agents overlap or collide,
i.e., the distance between agents, 𝑑𝑉 < (𝛿𝑉 + 𝜎𝑉 ), we call it fake
collision. A negative reward is given to the fake colliding agents
based on the size of the overlap area. The more the overlapping
area, the more the magnitude of the negative reward. If agents
actually collide, the agents get the maximum negative reward
value and the collision information is recorded for evaluation.
The reward value can be estimated as follows,

𝑟2 = 𝑟2 − 𝑇2(𝛿𝑉 + 𝜎𝑉 − 𝑑𝑉 ) (13)

(c) Reward Based on Vehicle-Obstacle Collision: Another reward
component, 𝑟3 is taken that considers the collision between
agents and obstacles. It works similarly to the agent-agent colli-
sion component where, like agents, obstacles also have a danger
zone area 𝜎𝑂 around them, as depicted in Fig. 4. The maximum
distance between an agent and an obstacle when a collision
happens is 𝛿𝑂. When danger zones overlap, i.e. the distance
between an agent and obstacle, 𝑑𝑂 < (𝛿𝑂+𝜎𝑂), a negative reward
is added to the agent colliding. This value also increases as the
length of the overlapping area increases. This reward value. 𝑟3
can be determined as follows,

𝑟3 = 𝑟3 − 𝑇3(𝛿𝑂 + 𝜎𝑂 − 𝑑𝑂) (14)

fter calculating each of the reward components for each UGV agent,
heir sum is the final guiding reward for navigating the agents through
bstructed terrain to reach targets. The reward function for the UGV,
𝐺 can be estimated as follows,

𝐺 = 𝑟1 + 𝑟2 + 𝑟3 (15)

This reward is assigned to each UGV using the MADDPG framework.

.4.3.2. UAV reward components. The training environments are di-
ided based on the type of vehicle that is being trained. However, due
o the similarities in the training environment of UAVs and UGVs, the
eward structure for the UAVs is almost similar to the UGV’s reward
tructure. The UAV agent reward is divided into some components.
he description and the method of calculation of these components are
iven below.

(a) Reward Based on Distance to Targets: Similar to the UGV en-
vironment, we have a target encouragement reward component
𝑟4 which sums the distance of each target, 𝑝 ∈  to its closest
agent. This distance value is converted to a negative reward
which forms the reward component. It should be noted that for
the UAV scenario, when a UAV reaches its assigned target, 𝑟4
becomes zero and the rest of the reward components still remain
active.

𝑟 = 𝑟 + 𝑇 (−𝑚𝑖𝑛(𝑑 )), ∀𝑝 ∈  (16)
4 4 1 𝑝
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Fig. 3. Agent-agent collision.
Fig. 4. Agent-obstacle collision.
(b) Reward Based on Agent-Agent Collision: Agent-agent collision
is more severe for aerial vehicles as they are more sensitive to
collision than ground vehicles. For this reason, the same danger
zone concept is adopted from UGVs, where each agent has a
danger zone, 𝜎𝑉 around it, and when two danger zones overlap
or cause a fake collision, a negative reward component 𝑟5 is
added to the agent reward. This component helps the UAVs learn
to avoid colliding with each other while navigating. The reward
component, 𝑟5 can be determined as follows,

𝑟5 = 𝑟5 − 𝑇2(𝛿𝑉 + 𝜎𝑉 − 𝑑𝑉 ) (17)

(c) Reward Based on Agent-Obstacle Collision: In the obstructed
environment, the UAVs also need to navigate through obstacles
to reach the targets safely. For this, a reward component 𝑟6 has
been used similar to the UGV environment of danger zone 𝜎𝑂
and a negative reward based on the overlapping area of agents
and obstacles is provided, which can be calculated as follows,

𝑟6 = 𝑟6 − 𝑇3(𝛿𝑂 + 𝜎𝑂 − 𝑑𝑂) (18)

(d) Reward for Returning to Nearest UGV: Although both of the
environments have very similar functions, a key difference in the
UAV environment is that the UAVs need to return to their nearest
UGV after reaching their targets. To encourage such behavior,
another reward component 𝑟7 is added for the UAV. Here, if a
UAV has not reached its assigned target, it receives a negative
reward of magnitude 𝑟𝑇 . After reaching the target, this reward
gets replaced with a reward value based on the distance 𝑑ℎ
between the UAV and its nearest UGV.

𝑟7 = 𝑟7 − 𝑇1(𝑑ℎ) (19)

The final UAV reward is calculated by adding each of the reward
components together and the reward function 𝑟𝐴 for each agent can be
determined as follows,

𝑟𝐴 = 𝑟4 + 𝑟5 + 𝑟6 + 𝑟7 (20)

After calculating, we use this reward to train the UAVs.
8

4.5. MAPPO framework

As a form of reinforcement learning method, Deep Q-Network or
DQN became very popular. It was a simple and easy approach to train
models to run in simulations in an effective way. But, it also has a fair
amount of drawbacks. Notably, DQN tends to be unstable. Being an
offline method and policy iteration method, DQN is very data efficient.
But because of the way it does this, it is unstable and it cannot learn
some difficult environment. One of the alternative solutions to this
was the application of policy gradient methods. These methods work
by calculating an estimator of the policy gradient and using the value
in a stochastic gradient ascent algorithm. So, if you have a policy 𝜋𝜃 ,
based on the reward signal, some direct loss 𝐿 and propagate it back
directly to the network. To overcome the instability, multiple steps of
optimization on 𝐿 using the same sample or trajectory were suggested.
However, this was not justified and it often caused large policy updates
which were based on a small amount of data. Trust Region Policy
Optimization, or TRPO, was an alternative approach that tried to deal
with the issue of instability while not sacrificing data efficiency.

𝜋𝜃𝑜𝑙𝑑 is the old policy and after updating, we get the new policy,
𝜋𝜃 . The ratio of the new policy is maximized by the old policy and
is multiplied by the advantages 𝐴̂𝑡 which basically means how much
a certain action is than the actual on-policy action. This is essentially
trying to change the network in a way such that, the policy tries to
maximize the advantage. TRPO worked really well in a lot of situations,
but its main drawback is that it is very complicated. It was difficult to
implement and not compatible with architectures that included noise
or parameter sharing. This led to the proposition of Proximal Policy
Optimization or PPO which had the data efficiency of TRPO, while
being easier and quicker to understand and implement.

𝑟𝑡(𝜃) =
𝜋𝜃(𝑎𝑡|𝑠𝑡)
𝜋𝜃𝑜𝑙𝑑 (𝑎𝑡|𝑠𝑡)

(21)

𝑟𝑡(𝜃) in Eq. (21) is called the probability ratio which is used to simplify
the policy ratio. TRPO tries to maximize the objective:

𝐿𝐶𝑃𝐼 (𝜃) = Ê𝑡

[

𝜋𝜃(𝑎𝑡|𝑠𝑡) 𝐴̂𝑡

]

= Ê𝑡
[

𝑟𝑡(𝜃)𝐴̂𝑡
]

(22)

𝜋𝜃𝑜𝑙𝑑 (𝑎𝑡|𝑠𝑡)



Ad Hoc Networks 160 (2024) 103519S. Brotee et al.

2
2
2

2
3
3

p
r

𝐽

4

r
i
S

4

t
C
a
M
b
t
p
𝑂
t
M
𝐾
d
o
𝐿
t
i
t

5

t
f

5

O
w
U
t
c
g
d

Algorithm 3 MAPPO pseudo-code
1: Initialize 𝜃, the parameters for policy 𝜋 and 𝜙, parameters for critic

𝑉
2: Set learning rate 𝛼
3: while 𝑠𝑡𝑒𝑝 ≤ 𝑠𝑡𝑒𝑝𝑚𝑎𝑥 do
4: Set data buffers 𝐷 as empty list
5: for 𝑖 = 1 → 𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 do
6: Set 𝜏 as empty list
7: Initialize ℎ(1)0,𝜋 ,…ℎ(𝑛)0,𝜋 actor RNN states
8: Initialize ℎ(1)0,𝑉 ,…ℎ(𝑛)0,𝑉 critic RNN states
9: for 𝑡 = 1 → 𝑇 do

10: for all agents 𝑎 do
11: 𝑃 (𝑎)

𝑡 , ℎ(𝑎)𝑡,𝜋 = 𝜋(𝑜(𝑎)𝑡 , ℎ(𝑎)𝑡−1,𝜋 ; 𝜃)

12: 𝑢(𝑎)𝑡 ∼ 𝑝(𝑎)𝑡
13: 𝑣(𝑎)𝑡 , ℎ(𝑎)𝑡,𝑉 = 𝑉 (𝑠(𝑎)𝑡 , ℎ(𝑎)𝑡−1,𝑉 ;𝜙)
14: end for
15: Execute actions 𝑢𝑡, observer 𝑟𝑡, 𝑠𝑡+1, 𝑜𝑡+1
16: 𝜏+ = [𝑠𝑡, 𝑜𝑡, ℎ𝑡,𝜋 , ℎ𝑡,𝑉 , 𝑢𝑡, 𝑟𝑡, 𝑠𝑡+1, 𝑜𝑡+1]
17: end for
18: Compute advantage estimate 𝐴̂ via GAE on 𝜏, using PopArt
19: Compute reward-to-go 𝑅̂ on 𝜏 and normalize with PopArt
20: Split trajectory 𝜏 into chunks of length 𝐿
21: for 𝑙 = 0 → 𝑇 ∕𝐿 do
22: 𝐷 = 𝐷 ∪ (𝜏[𝑙 ∶ 𝑙 + 𝑇 ], 𝐴̂[𝑙 ∶ 𝑙 + 𝐿], 𝑅̂[𝑙 ∶ 𝑙 + 𝐿])
23: end for
24: end for
25: for mini-batch 𝑘 = 1 → 𝐾 do
6: 𝑏 ←←← random mini-batch from 𝐷 with all agent data
7: for each data chunk 𝑐 in the min-batch 𝑏 do
8: update RNN hidden states for 𝜋 and 𝑉 from first hidden state

in data chunk
9: end for
0: end for
1: Adam update 𝜃 on 𝐿(𝜃) with data 𝑏

32: Adam update 𝜙 on 𝐿(𝜙) with data 𝑏
33: end while

Maximizing 𝐿𝐶𝑃𝐼 in Eq. (22) without constraints would create
excessively large policy updates. To penalize policy changes that move
𝑟𝑡(𝜃) away from 1, Eq. (23) was proposed as the main objective:

𝐿𝐶𝐿𝐼𝑃 (𝜃) = Ê𝑡
[

min(𝑟𝑡(𝜃)𝐴̂𝑡, 𝑐𝑙𝑖𝑝(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖)𝐴̂𝑡)
]

. (23)

The main term in Eq. (23) has two parts. The first term is the
Eq. (22), while the second term is the 𝑐𝑙𝑖𝑝(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖)𝐴̂𝑡 which
modifies the objective by clipping the probability ratio. This removes
the incentive for the policy to move beyond the factor of 𝜖, not letting
it move too far and cause instability. The next part is the minimum
function. What it does is take the lower bound of what we know is
possible. As we can have multiple values for which the network can
learn, if anything but the lower bound of the possible values is selected,
there is a higher chance for the learning to collapse or be unstable.
Therefore, selecting the absolute minimum value ensures the safest
form of update possible.

4.5.1. State action representation
Both MAPPO and MADDPG are deep reinforcement learning algo-

rithms where they use the actor-critic network to train agents to take
proper actions based on their observation. Since they also use the same
environment for training, the state action representation for MAPPO is
similar to the MADDPG representation in Section 4.4.1.

4.5.2. Training process
The form of MAPPO used in this experiment is very similar to the

structure of the single-agent PPO but modified for multiple agents. It
9

w

works by learning a policy 𝜋𝜃 and a value function 𝑉𝜙(𝑠). Separate
neural networks are used to represent these functions where variance
reduction is performed using 𝑉𝜙(𝑠). As it is only used during training,
it can use global information not observable to the agent to allow PPO
in multi-agent domains to follow the centralized training decentralized
execution structure. Here, PPO with a centralized value function is
regarded as MAPPO, and in our experiment, MAPPO operates in set-
tings where agents share a common reward for cooperative settings. As
our individual training environments are comprised of homogeneous
agents, parameter sharing is used to improve the efficiency of learning.
PPO has also utilized the decentralized partially observable Markov
decision processes (DEC-POMDP) with shared rewards. This is defined
by ⟨𝑆,𝐴,𝑂,𝑅, 𝑃 , 𝑛, 𝛾⟩. 𝑜𝑖 = 𝑂(𝑠 ∶ 𝑖) is the local observation for agent
𝑖 at global state 𝑠. The transition probability from 𝑠 to 𝑠′ is denoted
by 𝑃 (𝑠′|𝑠, 𝐴) for the joint action 𝐴 = (𝑎1,… , 𝑎𝑛) for 𝑛 agents. Action 𝑎𝑖
is produced from local observation 𝑜𝑖 by agent using policy 𝜋𝜃(𝑎𝑖|𝑜𝑖),
arameterized by 𝜃 and jointly optimize the discounted accumulated
eward,

(𝜃) = E𝐴𝑡 ,𝑠𝑡 [
∑

𝑡
𝛾 𝑡𝑅(𝑠𝑡, 𝐴𝑡)] (24)

.5.3. Reward calculation
As both MAPPO and MADDPG use the same environment, the

eward components used in MAPPO are the same components used
n MADDPG which can be found in the MADDPG Reward Component
ection 4.4.3.

.6. Complexity of MEANCRFT

Note that, the MEANCRFT combines the Modified Mean-Shift Clus-
ering with a MADRL algorithm. Firstly, the complexity of Mean Shift
lustering is 𝑂(𝑡𝑛2), where 𝑡 is the time for processing each data point
nd 𝑛 is the number of data points. Therefore, the complexity of the
odified Mean Shift Clustering is 𝑂(𝑡𝑛3). This algorithm runs once

efore deploying the coalitions in the environment. The second part,
he MADRL algorithm, has variable complexity. In this work, we de-
loyed the MADDPG algorithm that has a computational complexity of
(2𝑁(

∑𝐷𝑎

𝑙𝑎=1 𝜁𝑙𝑎−1𝜁𝑙𝑎 +
∑𝐷𝑐

𝑙𝑐=1 𝜁𝑙𝑐−1𝜁𝑙𝑐 )) where 𝐷𝑎 and 𝐷𝑐 are respectively
he depth for the neural networks in the actor and the critic [31]. For
APPO, the overall time complexity can be expressed as 𝑂(𝑠×𝑏×𝑚×𝑛×
×𝑇 2∕𝐿), where 𝑠 is the max step, 𝑏 is the batch size, 𝑚 is the number of
ata chunks in a mini-batch, 𝑛 is the number of agents, 𝐾 is the number
f mini-batches, 𝑇 is the number of time steps within a trajectory and
is the length of trajectory chunk. It should be noted that, for DRL,

he actual efficiency and runtime can be influenced by various factors,
ncluding the specifics of the neural network architecture, the size of
he environment, and the computing resources available.

. Experimental evaluation

This section describes the details of the simulation platform, the
raining parameters used for training, and the performance metrics used
or evaluation along with simulation results and analysis.

.1. Simulation platform

We have created the simulation training environment based on
penAI’s Gym platform. It has been created to simulate an environment
ith a fixed number of obstacles where a collaborative coalition of
AV-UGV will be deployed to plan a reasonably safe and fast path

oward some targets. We have assumed that the area of the developed
ustomized environment is 2000 × 2000 m2. The position of agents, tar-
ets, and obstacles are distributed randomly following uniform random
istribution at the start of each episode to ensure the robustness of the

ork in varying environments. For the zone radius, we have used 25m,
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Table 2
Parameters used in simulation environment.

Parameters Values

Environment Size 2000 m ×2000 m
Number of Obstacles 1 to 6
Number of UGVs 1 to 4
Number of UAVs 2 to 16
Number of Targets 3 to 20
Speed 1 ms−1

Zone Radius 𝑅 10 m to 25 m
UAV Flight Range 𝑉 50 m

since it is a convenient distance for the size of the vehicles and the
obstacles we chose.

Essentially, in every episode, a new map is given to the training,
which ensures the randomization of the training process. UGVs navi-
gate on the ground surface to reach their destination. They only require
motion along the 2 axes to move on the surface they are on. For
this, we have selected a 2D environment for training the UGV agents.
To create this environment, we have used the environment structure
provided by the Multi-agent Particle Environments (MPE) [32] package
and created our own custom scenario. It uses the geometric coordinate
system where the center of the environment is the origin and the
environment extends from −1 to +1 on both axes. The agents and
landmark components provided by the package are used to build the
environment. Agents are used to represent UGVs while landmarks
are used to represent targets, obstacles, and rough terrains. A similar
environment is used for UAV training. Table 2 summarizes the major
simulation parameter values.

5.2. Training parameters

For training the models in their respective environments using
MADRL, some hyperparameters for each type of training need to be set.
At first, the hyperparameters of the MADDPG and MAPPO algorithms
are set similarly to [19,22], respectively. However, We had to tune
these parameters based on our environment for better performance.
Tables 3 and 4 show the effects of various parameters on the perfor-
mance metrics of our custom environment. For example, in Table 3, we
see that changing the batch size for MADDPG significantly affects the
convergence rate as well as the performance. With a low batch size of
256, the algorithm never converges. From our experiments, it was still
learning after 100𝐾 episodes. Again, with a batch size of 512, it stopped
learning at 20𝐾 episodes, but its performance was extremely poor, only
completing 20% of all the given tasks. This improved to 80% with a
batch size of 768, but it took 80𝐾 episodes to converge. With a 1024
batch size, we completed the training at 40𝐾 episodes and the model
completed 95% of the tasks. Similarly, Table 4 gives us an idea about
the effects of hyperparameters on the MEANCRFT-MAPPO model. For
example, changing the epoch value affects the convergence time of our
model. When the value is 5, it converges slowly and as it goes higher,
the convergence time decreases. However, having a high epoch of 15
decreases the average reward of the model. A lower reward means that
the model is performing worse than it can at a different epoch value.
Therefore, the best epoch value is accepted as 10. Again, not using value
normalization in MAPPO training can slow down the convergence and
also yield a low reward value. Hence, it was applied in our training to
get a better performance.

After conducting numerous experiments to set the suitable values
for the hyperparameters, we have used similar values for both UAV and
UGV training. Here, we use 0.01 as the learning rate for both the actor
and critic network, and a batch size of 1024 is considered for sampling
the memory buffer. The discount factor 𝛾 is set to 0.99 and 0.01 is
used as the value for 𝜏. Table 5 lists the training parameter values of
10

the developed MEANCRFT-MADDG and MEANCRFT-MAPPO systems.
Table 3
Performance at different hyperparameter values for 2 agents in MADDPG.

Learning rate Batch size Convergence Rate of task

0.01 256 No /
0.01 512 Fast 20%
0.01 768 Slow 80%
0.01 1024 Moderate 95%
0.1 1024 No /
0.5 1024 No /
0.9 1024 No /

Table 4
Performance at different hyperparameter values for 2 agents in MAPPO.

Epochs Value normalization Convergence Avg reward

5 Yes Slow High
10 Yes Fast High
15 Yes Fast Low
10 No Slow Low

Table 5
Training parameters used in MEANCRFT-MADDPG and MEANCRFT-MAPPO.

Parameters MADDPG values MAPPO values

𝛼 0.01 /
𝛽 0.01 /
𝛾 0.99 0.99
𝜏 0.01 0.01
Activation / Tanh
GAE 𝜆 / 0.95
Gain / 0.01
Batch Size 1024 25
Memory Size 106 /
Nodes of 1st Hidden Layer 64 64
Nodes of 2nd Hidden Layer 64 64

5.3. Baseline and performance metrics

To compare the performance of the proposed framework, we se-
lected the following approaches to compare with MADDPG and MAPPO
-

• COordinated Policy Optimization (COPO) is a state-of-the-art
MADRL approach that uses bi-level coordination of agents to im-
prove collective performance. Here, In the process of centralized
training, at first, each agent performs individual learning to main-
tain local coordination among themselves through a mechanism
that each agent is primarily influenced by its proximate coun-
terparts through local coordination. Next, the local coordination
process is optimized, which leads to global coordination that can
improve the collective performance of the population [33].

• Multi-agent Distributional Reward Estimation (DRE-MARL)
is a state-of-the-art approach that works by modeling reward
distributions for all action branches. Here, along with the environ-
mental rewards, the potential rewards on other action branches
are also considered to perform more stable critic updating to
achieve better performance [34].

• Single Coalition (Simplified IADRL) is a state-of-the-art DRL
approach, which considers only single UAV-UGV coalition [7].

• CRFT without Zones This approach does not apply modified
mean-shift algorithm-based zoning heuristics.

To evaluate the performance of the studied systems, the following
performance metrics have been used:

• Completion Rate of Tasks: In our scenario, when all the avail-
able targets in the environment have been reached and the UAVs
have reached their closest UGV, we call this a completed task.

Task completion rate is the summation of the total number of
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Fig. 5. Average score per 1000 episodes for 2 UGVs.

completed tasks in the combined scenario divided by the to-
tal number of evaluated episodes, which can be determined as
follows,
∑𝐸

𝑒=1 𝑇𝑒
𝐸

, (25)

where, 𝑇𝑒 is task completion value of an episode 𝑒 and 𝐸 is the
maximum number of episodes. The task completion value of an
episode is set to 1 when an agent performs its task; otherwise, 0.

• Collisions Per 1K Episode: This indicates the total number of
agent-agent and agent-obstacle collisions per 1K episodes, which
can be estimated as follows,
1000
∑

𝑒=1
(𝛼𝑒 + 𝛽𝑒), (26)

where, 𝛼𝑒 and 𝛽𝑒 denote the number of agent-agent and agent-
obstacle collisions for an episode 𝑒, respectively,

• Number of Steps per Episode: The average of the number of
steps required to finish an episode.

• Accuracy: The percentage of targets reached out of the total
number of targets in the environment per episode.

We evaluated our combined model for 1,000 episodes in different
target clusters with different vehicle combinations. For example, 1 UGV
with 2 UAVs, 1 UGV with 3 UAVs etc.

5.4. Simulation results and analysis

This section illustrates the graphical collections of the results we
have collected from our experiment. We have analyzed the results and
explained the behaviors of the coalitions both in training and combined
model testing. To investigate the performance of the developed models,
we randomly vary the numbers of target count (randomly distributed
in the environment), coalition combination, and zone radius along the
𝑥-axis, and show the result of our performance metrics on the 𝑦-axis.

5.4.1. Performance analysis for training
The average reward value per episode is used in RL algorithms to

identify the model’s learning. This is because the main objective of
the model is to have the highest reward possible by exploring and
exploiting its actions. As the entire process is driven by the reward, the
overall state of the trained model can be understood by observing the
average reward per episode after training. If this reward value changes
after each episode, it means that the model is still learning. Again, if the
average reward stabilizes after some episodes, it means that the model
has converged and reached a saturation point, and continued training
11
will not improve the model. Fig. 5 shows the average reward scores of 2
agents for MEANCRFT-MADDPG and MEANCRFT-MAPPO frameworks
as the number of training episodes increases. From the graph, we can
conclude that the training process functioned appropriately since the
reward converges for both of these cases after around 40𝐾 episodes.
Here, we notice that MADDPG’s score converged below the score of
−50, whereas MAPPO converged below the score of −100. Since both
the algorithm environments are the same and use the same reward
structure, the MADDPG framework seems to provide a better reward,
which implies that the MADDPG framework can find shorter or better
paths for reaching the target safely.

5.4.2. Impacts of varying number of targets
Fig. 6 shows the effects of changing the number of targets in the

environment. In this experiment, the number of UAVs and UGVs is fixed
at 8 and 2, respectively, whereas, the radius of each zone is set to 25 m.
We only changed the available targets in the environment from 4 to 12
to observe the changes in the environment. Error bars are included in
all of the graphs of Fig. 6, where we put the lowest and highest value of
all simulation results as the lowest and highest point, respectively of the
error bar of a metric. The results depict that no value exceeded more
than 5% in each direction from the mean, which verifies the robustness
of our results.

Fig. 6(a) shows the number of steps required to reach the targets
when the number of targets varies in the environment. Here, we see
that the MEANCRFT-MADDPG outperforms COPO, DRE-MARL, and
MAPPO. Moreover, the graph of CRFT without zoning seems to work
just as well as the MEANCRFT-MADDPG one. This is because, to
calculate the number of steps per episode, the agents need to complete
the episode by reaching all the targets. CRFT without zoning tends to
reach all the targets in an episode only when the randomly generated
targets are very close to each other and the targets are minimal in
number. In that case, the battery limitation issue of UAVs does not
harm the performance. In all other cases, the agents fail to reach all the
available targets because of the limited step counts, which represent the
limited battery of a UAV.

Fig. 6(b) demonstrates that the number of collisions per 1000
episodes increases with the increasing number of targets in the en-
vironment, and this happens because when the number of targets is
minimal, most of the UAVs are not deployed in action since the number
of aerial targets is less than the number of available UAVs. Although
the number of UAVs and UGVs in the environment is constant, the
increase in the number of targets enables the UGVs to deploy a higher
number of UAVs to reduce the overall time of the episode. This results
in a higher number of collisions with the increase in the number of
agents. MADDPG also beats the other methods comfortably in terms of
collisions.

Fig. 6(c) illustrates the rate of tasks completed in percentage, which
takes into account only those episodes where all the targets are reached
and all the UAVs have come back to the stationary UGV, and only then
it is deemed as a completed task. Here, the without zoning approach
fails miserably, since with the increase in the number of targets, the
method fails to determine how to get the deployed UAVs back to their
respective UGV which might be very far, which results in the UAVs los-
ing battery and failing to complete the task. The MEANCRFT-MADDPG
works exceptionally well, with an almost perfect rate of success for
the lower number of targets, which decreases a bit, but still retains
an impressive value when the target count gets much larger. DRE-
MARL and COPO maintain a decent performance and perform almost
similarly regarding completing tasks. The MEANCRFT-MAPPO fails
substantially as the number of targets increases. In our experiments,
we realized that MEANCRFT-MAPPO’s on-policy approach works well
when the environment is straightforward. As the agent count and
complexity of the environment increases, it starts to perform worse.
In the developed system, we have tried to fine-tune the environment
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Fig. 6. Impacts of varying the number of targets.
and other parameters; however, it is not significant enough compared
to MEANCRFT-MADDPG.

Fig. 6(d) depicts the target reaching accuracy, which is very similar
to the previous metric. The difference is that here we consider reaching
all the individual targets in an episode, not completed tasks like the
previous metric. We count the ratio of the number of targets reached by
a method to the total number of targets in an episode. The MEANCRFT-
MADDPG always maintains a higher accuracy and this is much more
noticeable as the target count increases. Its performance does go down
slightly as more targets are added, but it still maintains an accuracy
above ninety-five percent. This shows that the developed MEANCRFT-
MADDPG approach is robust against changes in target counts compared
to conventional approaches. Because of the higher complexity of the
environment, MEANCRFT-MAPPO underperforms, and its accuracy also
decreases as the target count increases. CRFT without Zones starts with
an eighty percent accuracy, but because of its limited reachability, its
performance drastically falls as it fails to reach most of the targets. The
two other baseline algorithms, COPO and DRE-MARL, perform almost
similarly but still fall short in comparison with MADDPG.

5.4.3. Impacts of varying the combination of UAV-UGV coalitions
Fig. 7 varies the combination of UAV-UGV coalitions and measures

the performance of the metrics, keeping all the other values in the
environment constant. Here, the radius of the zone is chosen as 25 m,
the target count is set to 10, and the obstacle count can vary. The
combinations of coalitions tested in the experiment are 1–1, 2–6, 2–8,
3–6, 3–8, and 4–8, where the first digit indicates the number of UGVs
and the second digit is the number of UAVs.

Fig. 7(a) shows the steps required for each method when the number
of coalitions varies in the environment. Here, the general trend is that
12
as agent count increases, the number of time steps decreases, which
is self-explanatory as more agents naturally get the job done faster.
The developed MEANCRFT-MADDPG model seems to work much better
than the single coalition or MEANCRFT-MAPPO model in all cases.
COPO comes close to MADDPG when the agent count increases, but
neither COPO nor DRE-MARL can quite reach the performance level of
MADDPG. Since both MEANCRFT-MADDPG and MEANCRFT-MAPPO
use more than a single UAV-UGV pair, they easily outperform the
single coalition method. However, because of the increased complexity
of the UAVs in the custom environment, MEANCRFT-MAPPO is not
as effective as MEANCRFT-MADDPG in reducing the number of steps
needed to reach the targets.

In Fig. 7(b), we demonstrate that the number of collisions per
1000 episodes increases with the increasing number of vehicles in
the environment. The single coalition faces few collisions since it has
only one UGV and UAV. However, in multi-coalition scenarios, this
value increases with the increase in coalition count. The MEANCRFT-
MADDPG and MEANCRFT-MAPPO both have an increasing number of
collisions with the increasing number of agents in the environment.
COPO and DRE-MARL follow a similar trend of increasing collision
counts as the agent number increases as expected. However, the in-
crease in MEANCRFT-MADDPG is much more forgiving compared to
others because of its robustness against complex environments.

Fig. 7(c) illustrates the rate of tasks completed with various combi-
nations of UAV-UGV collision. Within the given experiment, the rate
of completion remains almost constant as the number of coalitions
increases, which means that for the given target count, all the combina-
tions tested have worked reasonably well. Here, MEANCRFT-MADDPG
outperforms the other methods by maintaining a rate above 90%.
Fig. 7(d) shows similar trends we found in the previous graph. The
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Fig. 7. Impacts of varying the combination of UAV-UGV coalitions.
arget reaching accuracy in MEANCRFT-MADDPG is almost 10% better
han the single coalition method and is also consistent as the number
f coalitions increases. The MEANCRFT-MAPPO maintains its accuracy
ith a single coalition method while trying to maintain consistency
s the coalition count increases. This shows that both of the multi-
gent approaches stay robust with an increase in agent count, and
ometimes may even perform better with a higher agent count. In fact,
EANCRFT-MAPPO, COPO, and DRE-MARL perform similarly in this
etric and stay quite close to the performance of MADDPG.

.4.4. Impacts of varying the radius of the zone
In the experiment of Fig. 8, we only vary the radius of zones from

0 m to 25 m to measure and observe the effects of this change on the
onsidered metrics. Here, the target count is fixed at 10, 2 UGVs and
UAVs are deployed in the environment and the obstacle count can

ary.
Fig. 8(a) shows the required number of steps for each of these

ethods with the varying radii of the zones. When the radius is low,
ynamic coalitions work similarly to the single coalition method where
he entire coalition moves to targets individually, or at least as far as
ossible until the UGVs face obstacles, and then deploy UAVs. These
AVs then reach the targets and return to the closest UGV. All multi-
oalition approaches work better than the single coalition method
ecause there are multiple UAVs and UGVs involved, and multiple
argets are being selected at a time. As we increase the radius size, all
ulti-coalition approaches start to get significantly better. Compared

o all the other methods, MEANCRFT-MADDPG has the least number
f steps, and its improvement over the change of radius is much more
rominent. In Fig. 8(b), we demonstrate the number of collisions per
000 episodes. Here, the single coalition has the least collisions because
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it has only 1 UGV and 1 UAV. In our multi-coalition methods, we do
notice a small downward trend as the radius increases. The collision
count is increased with the increasing radius as more agents are de-
ployed per zone. However, as there are a limited number of targets
in the environment, the coalitions require fewer steps to reach all the
targets with the increase in radius size. As a result, the collision count
did not increase significantly. Comparatively, MAPPO faces the most
collisions, while MADDPG makes the least and COPO and DRE-MARL
maintain their average standard as before.

Fig. 8(c) illustrates the rate of tasks completed in percentage. We
note that the rate of completed tasks does not change much with
the change in radius for MEANCRFT-MADDPG. This shows that our
approach is strong against changes in the radius of the zones. COPO
and DRE-MARL slightly underperform since the single coalition method
seems to work better than them in this regard. MEANCRFT-MAPPO
does not perform well because of the increased complexity of the
environment. As the number of targets is already high in the environ-
ment, it starts to struggle from the beginning and maintains a similar
performance. We show the target reaching accuracy in Fig. 8(d), which
shows similar trend as the previous graph Fig. 8(c). Here, MEANCRFT-
MADDPG performs at least 10% better than the other algorithms and
maintains its superior performance as the radius increases.

From the charts and graphs above, we can conclude that while
different metrics show different trends for different configurations, one
of our proposed methods MEANCRFT-MADDPG works much better
than the baseline, the non-zoning method, and MEANCRFT-MAPPO.

6. Conclusions

In this work, we proposed a unique method for one-to-many col-

laboration between a UGV and a few UAVs. Our methodology used
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Fig. 8. Graphs varying the radius of zones.
ustomized training for UGVs and UAVs to develop an efficient coali-
ion needed to navigate through an environment filled with obstacles.
he key contribution of our work is extending the flexibility of the
umber of UAVs and UGVs in a coalition and the quick reaching of
arious target points while avoiding collisions. A distinctive feature
f our method is the division of the targets into various circular
ones based on density and range by utilizing a modified mean-shift
lustering, which was a heuristic we needed to develop to enhance
ur approach. The result of our numerical experiments showed that,
n terms of target navigation time, collision avoidance rate, and task
ompletion rate, the suggested approach performed better or within an
cceptable range when compared to the existing solutions. Our future
ork plan includes implementing this using the MLAgents package of
nity, since Unity has much better built-in properties that mimic the
hysical world really well, and models trained there tend to be much
ore realistic.
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