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Abstract—Tasks such as surveillance, search and rescue op-
erations, or disaster mapping require exploring unknown envi-
ronments in the shortest possible time. Furthermore, when these
tasks are performed by multiple robots, team coordination is
crucial to achieve the desired efficiency. In this spirit, this paper
proposes a method that introduces notions about each robot’s
dynamics into the planning process. We formulate novel costs
into the Vehicle Routing Problem (VRP) to maintain each drone’s
inertia, required for efficiency. The costs of exploring regions are
calculated based on the individual state of each robot, such as
their speed and orientation, to favour distinct behaviours. The
proposed solution is implemented on RACER, a state-of-the-art
decentralized exploration system. The original implementation
of RACER is modified to integrate our method, including a
different optimization library to solve the VRP. To validate our
approach, we conduct exhaustive experiments in four maps, with
two and four agents and varying initial conditions, comparing our
proposal with the state-of-the-art method. The results illustrate
the advantages of incorporating knowledge about the team’s
dynamics into the planning process, demonstrating improvements
in the efficiency and effectiveness of exploration in unknown
environments.

Index Terms—drone, exploration, coordination, dynamics

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs), commonly known as

drones, play a pivotal role in a multitude of applications.

Their great mobility enables vantage points for tasks such as

surveillance, search and rescue operations, or exploration of

unknown spaces [1]–[3]. In time-critical tasks, such as search

and rescue, it is of vital importance that all operations are

performed in an efficient and coordinated manner. Drones are

mainly constrained by their reduced flight time. Therefore, it

is important to ensure efficient planning, such as reducing still

hovering, to maximize utilisation of the battery.

Achieving efficient exploration of previously unknown envi-

ronments using UAVs requires overcoming several challenges,

including path planning, coordination among multiple agents,

and robust navigation. A number of state-of-the-art exploration

approaches exist, such as [3]–[5]. However, these approaches

do not consider the dynamics of each agent when planning.

The efficiency of drones highly depends on inertia changes

during the flight, benefiting from swift flights instead of slow

hovering and abrupt turns [6].

(a) Traditional distance-based exploration

(b) Our dynamics-aware exploration

Fig. 1: Behaviors of traditional (1a) and our (1b) exploration

methods. Bright and dark regions represent explored and

unexplored areas, respectively. In 1a, the areas to explore

are assigned based on the traversed distance by drones. Our

method aims to leverage drone behaviours based on current

drones’ dynamics. For example, if the red drone moves with

fast dynamics, it prioritizes exploring the whole corridor to

maintain its high velocity, while the blue drones explore the

remaining rooms with slower motions as depicted in 1b.

This paper proposes the development of a collaborative

exploration approach that leverages drone-specific dynamics

for coordination, ultimately improving mission performance.

Based on the principle that maintaining drone dynamics is

beneficial, we argue that considering dynamics in exploration

can improve exploration efficiency. For example, when ex-

ploring unknown areas, some agents might maintain their

dynamic behaviour in exchange for missing certain regions.

Other agents then target the remaining regions while planning

in already explored space. This is achieved by incorporating

notions about each agent’s dynamics by means of different

costs in a Vehicle Routing Problem (VRP). The VRP solves

the dynamics-aware task assignment for exploring the envi-

ronment, enabling collaborative behaviour in the team. To

implement our algorithm, we extended RACER [7], a state-
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of-the-art exploration method. Then, we validate our approach

by extensive evaluation of the exploration performance.

II. RELATED WORK

Robotic exploration has been a topic of extensive research

aimed at enhancing the ability of robots to efficiently gather

information about a previously unknown environment.

The use of drones for exploration is a common practice due

to their mobility and speed when traversing space. Most explo-

ration strategies are based on the concept of frontiers [6], [8],

defined as the boundaries between explored and unexplored

areas [9]. In order to improve the efficiency of the planning,

Rapidly-exploring Random Trees [10] are a common approach

[11]–[13]. Methods that aim to enhance efficiency in planning

encompass a range of techniques. Some consider surface

frontiers to sample viewpoints only where high information

gain is expected [11]. Others propose a specific exploration

strategy [14] or focus on the safety of both the robot and

the environment, with the objective of enabling the most

efficient exploration possible [15], [16]. The importance of

dynamics in drone exploration has been considered before in

low-level planning [6]. However, its application to high-level

planning and multi-robot coordination remains unexplored. All

the previous approaches consider single drone exploration. The

use of multiple drones is beneficial in terms of performance,

but it also introduces the problem of coordinating the robot

team.

The problem of multi-drone exploration requires solving

the coordination between the agents. This can be solved by

assigning regions to explore based on distances to the drones

as the environment is discovered [7]. By not accounting for

dynamics, the agents might inefficiently change their inertia.

The assignment might be more intelligent with different op-

erating modes that balance exploration and exploitation [5].

However, this method does not explicitly account for coop-

eration between different drone’s dynamics. Other methods

try to first obtain a global estimate of the map to generate

efficient trajectories and also perform global task assignment

[4]. However, this method is centralized and does not adapt to

each agent’s dynamics.

III. METHOD

A. Overview

The aim of our method is to efficiently explore an unknown

environment by taking advantage of the distinct dynamics

exhibited by the agents within a robot team.

In order to achieve this, exploration tasks are allocated adap-

tively, taking into account the current dynamics of each agent

and adjusting the assignment accordingly. For instance, robots

with current high velocities can be assigned to cover a greater

distance faster in a straighter path, reducing changes in speed

and direction, and resulting in a high level of coverage but

possibly missing regions. Conversely, robots with current low

velocities can be assigned to the areas left behind by the other

drones so that they can explore them. An illustrative example

can be found in Figure 1. By incorporating information about

the drone dynamics of the team into the planning process, our

approach aims to favour behaviours for each agent to enhance

exploration efficiency.

B. Problem definition

Consider the unknown bounded environment to explore

modelled as a voxel map, where each voxel is denoted by

m ∈M. A team of drones, k ∈ K, moves with depth sensors

to observe the environment. The final goal of the exploration

is to obtain the occupancy value of all the unexplored mu.

For that, agents must coordinate to explore different regions

of the map. The environment is partitioned in a grid with cells

h ∈ H, containing a set of unexplored voxels, Mh. Denote

Hk as the set of grid cells that agent k has to explore. The goal

of the coordination module is to assign h ∈ Hk to maximize

the efficiency of the mission.

Assuming a decentralized setup with range-limited commu-

nication between agents, a common approach is to solve the

assignment problem via pair-wise interaction, simplifying the

task allocation into sub-problems such that

min
H1,H2

C1(H1) + C2(H2), (1)

where C denotes the cost of each agent for exploring each set

of locations.

C. Planning for coordination

The problem of minimizing the cost of agents traversing

a set of locations is known as the Vehicle Routing Problem

(VRP). We use this formulation to solve (1). The VRP

is defined over an undirected graph, G = {V, E}, where

nodes are locations to visit, corresponding to h and edges

are connections between them. Notably, the VRP defines a

common initial location known as the depot where all agents

must depart from and return. Let X = {xk
ij}, for i, j ∈ V ,

be the set of decision variables that indicate whether an agent

k traverses the route from i to j or not. The edges are also

weighted by cij , which indicates the cost to go from location

i to location j, e.g., the distance between the two locations

or the time to reach one from the other. The VRP solves the

following optimization problem

min
X

∑
i

∑
j

cijx
k
ij , s.t. (2a)

∑
k

∑
i

xk
ij = 1 ∀j ∈ V \ {0}, (2b)

∑
k

∑
j

xk
ij = 1 ∀i ∈ V \ {0}, (2c)

∑
k

∑
i

xk
i0 =

∑
k

∑
j

xk
0j = |K| , (2d)

∑
i,j∈S

xk
i,j ≤ |S| − 1, ∀S ⊂ V \ {0}, S �= ∅, (2e)

xk
ij ∈ {0, 1} ∀i, j ∈ V, (2f)

where (2b), and (2c) ensure that each location must be

visited only once, (2d) ensures that all vehicles start and depart



(a) Distance cost (b) Orientation cost

Fig. 2: Representation of the terms that are used during cost

calculation. 2a illustrates the vector and terms employed in the

calculation of the cost of the agent moving from its position

to j, while 2b does so with the cost of moving from i to j.

from the depot, (2e) removes possible sub-tours where the

depot is not included and (2f) imposes the binary condition

on the decision variables.

Two modifications of the traditional VRP are required to

adapt it for drone exploration [7]. First, we relax (2d) to

avoid a common depot as explained in Section III-E. Second,

even if the sum of the costs is optimized, it does not ensure

a balanced workload assignment to agents that can work in

parallel. Therefore, we add a capacity constraint to limit each

agent’s workload. We assign a demand per node h in the VRP

that corresponds to the amount of voxels to explore, |Mh|, and

add the constraint∑
h∈Hi

|Mh| ≤ αk

∑
h∈H

|Mh|, i = 1, 2, (3)

where αk is the percentage of the work that can be assigned

to agent k. This change turns the problem into a Capacitated

Vehicle Routing Problem (CVRP).

D. Dynamics cost

The conventional VRP formulation primarily relies on dis-

tance values to determine costs. The cost associated with

distance represents the total distance that each vehicle (or

agent) must traverse in order to complete its assigned route.

This cost can be approximated based on the Euclidean distance

without considering obstacles or using pathfinding algorithms

such as A* to compute the true distance.

Our approach hypothesises that different agents may incur

different travel costs for the same distance due to variations in

their dynamics. Consequently, the cost ckij for agent k travel-

ling from location i to j is not only dependent on the distance

cost but also on the current dynamics of agent k. High-velocity

agents should be assigned to tasks requiring less directional

change, maximizing their speed advantage. Conversely, tasks

requiring significant directional changes should be handled by

slower agents. Therefore, we consider the following dynamics-

aware cost:

ckij =
dij
‖ �vk‖ +

Cd

(
�ok, �ij

)

2
· ‖ �vk‖ . (4)

The first term in (4) encodes the velocity cost, combining the

distance between cells i and j, dij , and the agent’s velocity,

�vk. This term decreases as the velocity of the agent increases,

favouring fast drones to cover long distances. The second

term is a turning cost where Cd refers to the cosine distance

between the drone orientation vector, �ok, and the travel vector
�ij (see Figure 2) defined as

Cd( �ok, �ij) = 1− �ok · �ij
‖ �ok‖ ·

∥∥∥�ij
∥∥∥
. (5)

This value is multiplied by the velocity to penalize that fast-

moving drones change their direction which would result in

an abrupt inertia change.

E. Implementation

To implement the proposed dynamics cost matrix we must

encode all relevant information into a matrix format suitable

for the optimization library employed, Or-Tools [17], [18]. The

entire code structure of RACER was modified so that it works

with the Or-Tools library, rather than LKH [19], the original

library used by RACER, which does not allow the definition

of our problem.

Figure 3 illustrates the structure of the asymmetric cost

matrix implemented within the RACER framework. We ex-

plain the rationale behind each block and how to include

our proposed costs. Moreover, it is important to note, that

differently from RACER, our approach computes one cost

matrix per drone.

Virtual Depot to Drones

Drones to
Virtual Depot

Virtual Depot to Map

Virtual Depot
to Map

Drones
to

Map

Map to Drones Map to Map

Map
to

Map

Drones to Drones

Fig. 3: Dynamics Cost Matrix implemented in RACER.

• Drones ↔ Virtual Depot: In order to relax (2d), the

depot is transformed into a Virtual Depot. A very small

cost (-1000) from the depot to the drones ensures they

start from their current locations. Similarly, a very high

cost (1000) from the drones to the depot prevents going

back.

• Map ↔ Virtual Depot: Following from the previous,

we assign a high cost from the Virtual Depot to every

map cell (1000) and zero cost from every map cell to

the Virtual Depot. This effectively turns the VRP into

an Asymmetric VRP, where the vehicles are not required

to return to the depot. The final paths are obtained by

removing the edges connecting from and to the virtual

depot.



(a) Map 1: Office (b) Map 2: Pillar

(c) Map 3: Rooms1 (d) Map 4: Rooms2

Fig. 4: Environments employed in the experiments. Map 4a

and 4b belong to the experimental setup of RACER. Map 4c

and 4d present two different, larger scenarios.

• Drones↔ Drones: To ensure motion and avoid collisions

in the beginning, these costs are set to artificially high

numbers.

• Map ↔ Map: This is were the dynamics-aware costs

are implemented. For cells within five metres, dij is

computed using the A* algorithm, and the Euclidean

distance otherwise. The drone velocities and orientations

are those available when the matrix is created.

• Drones ↔ Map: Similarly, the costs to reach map cells

are computed as described above using (4). Also, the cost

to reach the drones is set to zero to allow the AVRP as

mentioned before.

IV. EXPERIMENTS & RESULTS

The experiments aim to evaluate the efficiency and potential

benefits of the implemented method, focusing on exploration

performance.

A. Setup

A variety of environments were included, with different

structure and size. The same simulation setup used in RACER

[7] was employed, which utilizes a multi-rotor simulator and

RViz for visualization. The mission was executed in four

different environments. Office and Pillar, in Figures 4a and

4b, are part of the experimental setup of RACER. These

environments were employed to assess the efficacy of the

method in comparison to the original RACER algorithm.

Additionally, Rooms1 and Rooms2 are two larger scenarios,

as illustrated in Figures 4c and 4d, respectively.

B. Baselines & Metrics

We want to validate the potential advantages of consid-

ering the dynamics of the drones in the planning process.

Therefore we compare our method, OrDyn (Dynamics Or-

Tools), integrating the multiple cost matrices pipeline and

the dynamics cost with Or (Or-Tools), which just accounts
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(a) Office (b) Pillar (c) Rooms1 (d) Rooms2

Fig. 5: Exploration times comparing Or and OrDyn for

two (top) and four (down) drones in four environments with

Single Corner configuration. The plots represent the mean and

standard deviation for 5 missions. OrDyn outperforms Or in

most environments and performs on par in the rest.

for distance costs and employs a single cost matrix. Per

exploration mission, we measure the total exploration time [s]
and the map completeness [%] over time. The mission finishes

after the map completeness reaches 100%, the mission time

surpasses 180s or the map completeness remains unchanged

for 50 or more updates. The planning time for all the methods

is negligible compared to other pipeline parts and, due to the

page limit, the results were not included. Each baseline is run

five times in each scene and the mean and variances for the

different metrics are presented to account for stochasticity in

the planning process.

C. Exp1: Exploration Efficiency

In this experiment, we compare the exploration performance

of our system with teams of two and four drones. Drones start

the exploration from one corner of the map, named Single
Corner configuration. This is considered the most realistic

configuration for exploring an unknown environment, with

drones initiating their journey from one side of the map.

The resulting exploration times presented in Figure 5 show

that our method, OrDyn, outperforms the non-dynamics ver-

sion, Or, in all the environments by incorporating information

about the dynamics of the team into the planning process. In

environments like Office and Rooms2, where the layout allows

drones to maintain their dynamics without continuous turning,

a performance improvement was observed. Furthermore, in

Pillar, with an open-like layout, and Rooms2, with a more

complex layout, an improvement in performance can still be

observed.

The experimental results indicate that an increase in the

number of agents leads to enhanced coordination and overall

performance. The method benefits from enhanced team dy-

namics with four drones, resulting in more efficient explo-

ration.

Figure 6 illustrates a comparison of map completeness in the

four environments, showing that OrDyn outperforms Or. It

might be observed that our method fall behind in environments

like Pillar or Rooms1. This may be due to some agents

initially being slower in covering missing regions, but they

subsequently catch up, resulting in faster overall exploration.



(a) Office (b) Pillar

(c) Rooms1 (d) Rooms2

Fig. 6: Map completeness over time for Or and OrDyn
in all environments with four drones and Single Corner
configuration. The mean and standard deviation for 5 missions

is represented.

(a) Two Drones w/Or (b) Four Drones w/Or

(c) Two Drones w/OrDyn (d) Four Drones w/OrDyn

Fig. 7: Final trajectories of Or and OrDyn for two and four

drones with a Single Corner configuration in the Rooms2 map.

Notice how the red drone in the case of two drones using

OrDyn, and the red and purple drones in the case of four

drones using OrDyn take advantage of velocity inertia and

exhibit further and.

Final trajectories in Rooms2 can be seen in Figure 7.

The trajectories generated by Or exhibit a high degree of

directional variability, whereas those produced by OrDyn
show a notable reduction. This is observed in Figure 7c for

the red drone and in Figure 7d for the red and purple drones.

D. Exp2: Alternative Starting Configurations

In this experiment, alternative initial configurations are

tested to analyse the impact on performance. Firstly, in Center,

all drones start in the center of the map. In Corners, each

drone starts in a different corner of the map. In executions

with two drones, the drones start from opposite corners.

Exploration times regarding the Center configuration are

presented in Figure 8. The results align with the previous

experiments as our method, OrDyn, continues to outperform

Or, indicating its robustness across different initial conditions
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(a) Office (b) Pillar (c) Rooms1 (d) Rooms2

Fig. 8: Exploration times comparing Or and OrDyn for two

(top) and four (down) drones in four environments with Center
configuration. The plots represent the mean and standard

deviation for five executions. The same conclusions as in the

Single Corner configuration hold.
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(a) Office (b) Pillar (c) Rooms1 (d) Rooms2

Fig. 9: Exploration times comparing Or and OrDyn for two

(top) and four (down) drones in four environments with Center
configuration. The plots represent the mean and standard

deviation for five executions.

where the drones can collaborate closely. As an alternative

setup, where drones are not initially close in space, we test

the Corners case. Results, presented in Figure 9, show that

although drones are initiating the exploration independently

from separate positions, OrDyn still outperforms Or.

Finally, Figure 10 illustrates the trajectories for teams of

four drones in the Rooms1 and Pillar maps, both in the

Center and Corners configurations, respectively. Regarding

the Center configuration, in Rooms1, despite the map layout

being more complex, requiring abrupt turns and manoeuvres,

our method, OrDyn, achieves a faster exploration than Or as

a result of the enhancement in collaboration between drones.

In the case of Corners, when drones start from separate

positions, collaboration is constrained. Nevertheless, OrDyn
continues to outperform Or in all settings.

V. CONCLUSION

In order to improve efficiency in the exploration of unknown

environments with drones, this paper has presented a method

that allows to incorporate knowledge about the dynamics of

a team in the planning process. This is done by proposing a

novel dynamics cost into the VRP to incorporate information

of their dynamics into the planning process. The method was

integrated by extending and modifying components from a



(a) Pillar w/Or (b) Pillar w/OrDyn (c) Pillar w/Or (d) Pillar w/OrDyn

(e) Rooms1 w/Or (f) Rooms1 w/OrDyn (g) Rooms1 w/Or (h) Rooms1 w/OrDyn

Fig. 10: Final trajectories of Or and OrDyn for four drones with the Center and Corners configuration in the Pillar and

Rooms1 maps. In the Rooms1 environment, we observe that the layout requires abrupt turns continuously in order to be fully

explored. But OrDyn still outperforms Or.

state-of-the-art exploration system, RACER. Extensive exper-

iments have been performed in simulated environments to

validate the proposed method in different scenes, number of

drones in the team and different initial configurations. The

experimental results show improvements in exploration effi-

ciency. Furthermore, the results suggest that the improvements

clearly appear when the agents cooperate rather than improv-

ing single agent performance, emphasising the significance of

agent collaboration and the impact of initial configurations.

From the positive results, future work will further study

variants of the dynamics cost. Additionally, exploring other

features apart from the dynamics such as different capabilities

in terms of traversability safety (e.g., aerial and ground robots),

or sensor configurations in a similar setup is promising to

enhance agent collaboration and improve the overall mission

performance.
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