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²École Nationale de l’Aviation Civile (ENAC), Université de Toulouse, 31400 Toulouse, France.

ABSTRACT

Each year, hundreds of thousands of hectares are
devastated by wildfires, causing severe impacts
on biodiversity and major economic losses. In
this context, better understanding of wildfires for
rapid and effective response is essential. We aim
to develop methods of wildfire analysis using a
drone fleet to provide accurate information for
optimal intervention. This work forms part of
this project with a focus on smoke analysis. The
chaotic behaviour of fires, and the high temper-
atures makes the safe deployment of drones in a
wildfire context a challenging task, leading to a
lack of data for smoke and fire analysis. To ad-
dress this gap, we present an experimental setup
leading a public dataset of temporally synchro-
nised and spatially calibrated images and point
clouds of smoke plumes in a controlled environ-
ment. Using three 3D LiDARs Livox-MID360
and five heterogeneous HD cameras, this setup
is the first to make multi-view and multi-LiDAR
data of smoke scenes available1. A proof-of-
concept demonstration is presented, featuring a
simulation of a swarm of drones interacting with
a dynamic smoke plume represented by a 3D
point cloud obtained with the described setup.

1 INTRODUCTION

1.1 Context
Due to climate change and rising summer temperatures,

which are breaking new records every year, wildfires are be-
coming increasingly frequent. Whether caused by arson, ac-
cident or natural causes, they are extremely devastating and
seem difficult to predict. These extreme fires have a direct
impact on the natural environment and the health of living
beings (including humans), as they are very difficult to con-
trol and release toxic fumes that severely affect air quality
[1]. Given the increasing frequency of wildfires, it is essen-
tial to be prepared and to manage these fires as effectively as

*Email address: gaetan.perez@laas.fr
1Git repo available here : https://github.com/Typos91/LiCamFlow

possible in order to minimise their socio-ecological impact
[2]. In this context, a drone fleet equipped with LiDARs 2

and cameras could gather data of the smoke to analyse it and
try to model in order to predict the short-term evolution of
the smoke plume and the fire. This information could prove
useful to firefighters on the ground in helping them devise a
strategy to contain the fire. To our knowledge, we are the first
to build a dataset combining LiDAR and images to capture
smoke rising, allowing to explore diverse methods for smoke
understanding. This opens the door to exploit new kind of
data for drone control or machine learning tasks.

1.2 Related work

The presented setup tries to link computer graph-
ics/computer vision works on smoke reconstruction, to po-
tential robotics applications that can be done with drones in
the context of wildfires.

LiDAR for environment observation. Since several years
now, LiDARs have become a central component in several
robotics fields and for different purposes. In autonomous
vehicles fields, combining several LiDARs enables to build
a precise map of the surrounding environment with min-
imised blind spots, making localisation, object tracking and
decision-making more robust [3] [4] [5]. LiDARs were also
impressively impactful in agriculture fields since it can help
to monitor and characterise the state of crops and trees [6],
using different types of vehicles [7][8][9][10].
As LiDARs are mainly used in robotics for object detection
and navigation, data accuracy is critical, in this context some
work show interest to the interaction with aerosols or in ad-
verse weather, but usually considering it as noise that reduces
performances [11] [12] and not to observe their properties.

Camera-LiDAR sensor fusion. Even if 3D LiDAR is now
a widely used component in robotics they have, like all sen-
sors, limitations in some cases. The discrete representation of
the environment and the absence of colour information makes
it hard to characterise the targets. It is then widely recognised
that sensor fusion gives more promising information. Specif-
ically in the case of LiDARs, Camera-LiDAR sensor fusion
was the first association to rise in literature starting from the

2Please note that when speaking about LiDARs or 3D LiDARs, we refer
to mid-range sensors (around 100m), unless otherwise stated.
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pioneer KITTI dataset [13].
Even though this sensor combination is majorly used in the
case of autonomous vehicles, and object detection, we found
very few works referring to Camera-LiDAR sensor fusion in
case of dynamic phenomenon observation, and more specifi-
cally fluid flows like in this study.

Fluid flow Observation. Fluid flow observation is an im-
portant concept in various fields like fluid mechanicals but
also computer graphics or machine-vision. Several tech-
niques to extract the volumetric fluid flow information were
designed in the past. One of the most famous techniques was
the Particle Imaging Velocimetry (PIV), it regroups a set of
techniques reviewed first by [14] which uses lasers illuminat-
ing a fluid flow with tracers particles, and capturing the scat-
tering effect of the laser on these tracers across time, to get
an information of the local dynamics of the fluid and follow-
ing it in time. A similar approach was to capture the scatter-
ing effect of a flow particles (without tracers) in participating
media like smoke [15] [16]. However, the scattering effect
depends on the relative size of the particles in relation with
the laser wavelength making this technique dependent of the
composition of the media studied. PIV technique is a pioneer
in fluid flow volumetric observations as it enables to perform
3D reconstruction of the flow using multiple cameras [17].
However, the observation is usually made on small volumes
and needs an important setup that must be installed in a labo-
ratory which is therefore not adapted in our case.
A widely used alternative to these setups involving lasers, and
usually made for small-scale studies, is the tomography. It
consists of sets of 2D views of the subject, which are used
to build a 3D volumetric reconstruction. Tomography proved
to be very useful especially for gas and smoke observation,
which is more complex to observe with the PIV method. [18]
uses optical flow algorithm and a specific noisy background
to record transparent non-stationary gas flow with 16 cam-
eras, and builds a 3D reconstruction of refractive index of the
gas enabling to determine physical properties of the gas. [19]
takes low-resolution 2D views as an input to flow tracking by
adding physical constraints through the Navier-Stokes equa-
tion and a pressure solver usually used in simulations. Re-
cently, Saclarflow [20] became a huge milestone specifically
in 3D smoke reconstruction, presenting physically-based sim-
ulated smoke voxel grids trained with real data. By releasing
the dataset they used to train their model, it opened the door
to new machine learning-based tomography techniques [21]
for smoke flow observation. This work aims to follow on
from fluid flow tomography works, and add LiDAR data, giv-
ing geometrical precision to the observations. We think that
these data may be of interest outside the computer graphics
community with the addition of LiDAR data. At larger scales,
other types of sensors can be used for flow observation. More
specifically with smoke, RADARs and Doppler LiDARs are
used to observe smoke density and speed information at long
range [22], enabling to study precisely the speed fields inside

a wildfire smoke plume. However, these sensors are not made
for mobile robotics and need to be static to be used.
Other methods involving images for smoke plume observa-
tion can be used, such as satellite imagery or using a fleet of
drones. [23] deploys a fleet of drones, in which a leader drone
observes a plume using a camera and controls four other
drones to optimise observation. These drones use only cam-
eras to observe the plume and then generate a 3D coloured
point cloud from the images recorded using the COLMAP al-
gorithm. However, our work and objectives focus on the use
of a camera-LiDAR combination to directly get a 3D point
cloud from the sensors and improve the quality of the gener-
ated point cloud obtained when using solely COLMAP.

Datasets. In both robotics and computer graphics,
datasets are of great importance since they enable testing al-
gorithms developed with real-world conditions, showing the
limits but also opening new subjects. However in robotics,
those algorithms are generally not used directly for control
but for closely related topics like computer vision tasks or lo-
calisation.
As mentioned previously, the Scalarflow [20] dataset had ma-
jor a impact on the computer graphics community in smoke
observation; however, the lack of situation diversity in the se-
quences prevents proper generalisation.

2 MULTI-VIEW AND MULTI-LIDAR ACQUISITION

In order to build a coherent dataset, we want to be able
to merge image and point cloud data. These can be used if
sensors are spatially calibrated (meaning that the frame trans-
formation between each sensor is known) and temporally syn-
chronised.

2.1 Setup
The complete setup consists of 3 ”acquisition modules”

plus 2 cameras placed all around a fog machine to minimise
blind spots. An acquisition module corresponds to a fixed
piece with 1 LiDAR Livox MID-360 and 1 camera attached.
The two remaining cameras are not attached to any LiDAR.
For the LiDARs to be able to capture the whole plume, they
are rotated 90° so that the horizontal view becomes the verti-
cal one, and therefore the vertical FOV is no longer a limita-
tion.

Choice of LiDAR. The choice of the LiDAR is crucial, as
it is a balance between what can be assembled on a drone and
the quality of the output data. For this choice, 2 LiDARs were
compared with respect to their mechanical properties (size of
sensor and weight) and the data quality: the Livox MID-360
and the Ouster OS1. Figure 2 gives a visual of the compar-
ison between the two sensors. Two launches of smoke were
performed using the fog machine, one with a Livox MID-360
LiDAR’s recording (2a 2b 2c), and the other using an Ouster
OS1 LiDAR (2d 2e 2f). In figures 2e 2f and 2b 2c, the plume
was extracted from the rest of the point cloud to focus the
comparison on it. The smoke extraction is explained in sec-
tion 3.2.
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Figure 1: Schematic diagram of the final setup for multi-
view/multi-LiDAR acquisition

Unlike the OS1 sensors, the MID-360 LiDAR employs a
different, non-repeatable scanning method, leading to some
holes in the 3D point cloud of the smoke plume, as it can be
seen in figure 2a. However this pattern allows for more ran-
dom distribution of points within the environment, providing
an accurate representation with fewer scans (a maximum of
200,000 points per second for the Livox MID-360 compared
to a maximum of 5.8 million points per second for the OS1).
This difference in point number is clear when comparing fig-
ure 2a with 2d. This is also reflected in the number of points
representing the smoke plume, which is around 2000 points
for the Ouster LiDAR, whereas the Livox returns around 1000
points for the same smoke plume. It is also worth noting that
the reflectivity given by the Livox LiDAR is harder to use
because all points have very low value. On a scale from 0
to 255, with 0-150 values corresponding to diffuse scattering
objects and 151-255 corresponding to total reflection objects,
the returns of the smoke have their intensity value usually be-
tween only 0 and 10 (please note that the computation of the
reflectivity varies depending on the LiDAR manufacturer, but
it is always computed using the ratio of the amount of energy
received relative to that emitted by the sensor).
However, the strength of the Livox LiDAR resides in its size
(65 × 65 × 60mm) and its small weight (285 g with inte-
grated mounting system versus 925 g with mounting system
for the Ouster OS1), making it very appropriate for small
drones easily deployable, which is an important characteristic
in our context. Therefore, even if the Livox MID-360 shows
some limitations in comparison with the OS1, its small size
and adaptability to drone applications make it a better choice
for our setup.

Network. This setup aims to be adaptable to different con-
ditions, in particular, indoor and outdoor conditions in order
to compare data in controlled and uncontrolled environments.
Outdoor conditions also imply longer distances, which means

(a) Livox plume, full
point cloud

(b) Livox plume,
front view

(c) Livox plume, side
view

(d) Ouster plume,
full point cloud

(e) Ouster plume,
front view

(f) Ouster plume,
side view

(g) Rainbow colorbar from low to high intensity/reflectivity

Figure 2: Comparison of a smoke plume detected with 3
Livox MID-360 LiDARs (up) and a smoke plume detected
with one Ouster OS1 LiDAR (bottom). The colour bar repre-
sents the evolution of the point colours with respect to their
intensity (or reflectivity). This information is provided di-
rectly by the sensor, however, each sensor can have a differ-
ent way to compute this value, so they cannot be compared
directly.

longer cables for data transmission. Therefore, an Ethernet
connection must be used. Since USB3.0 cameras are used,
a Raspberry Pi 5 is added to each camera. The cameras are
directly connected to their Raspberry Pi, and the latter are
connected via Ethernet to a switch connected to a router. Fur-
thermore, the Raspberry Pi will be used for temporal syn-
chronisation using the GPIOs to trigger the camera. Figure
1 presents a schematic diagram of the components and the
networking done for this setup. As shown in the figure, all
elements (except for the LiDARs) are connected to a router,
which assigns to them an IP address. This subnet is then used
to access the Raspberry Pis using an SSH connection from
the main computer.

Lighting. The dataset targets image-LiDAR connection,
and handling semi-transparent interactions with the back-
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Figure 3: Scheme of the transformations and known positions
given by MoCap. The black lines refer to the position given
by the MoCap. The blue lines refer to positions in the LiDAR
frame. The green lines are the position given in the reference
frame, here the fog machine. The red lines refer to the po-
sition given in the camera frame from where the line starts.
Transformations T are 4×4 homogeneous matrices contain-
ing translation and rotation between two frames. And Ps are
the coordinates of a point given by the LiDAR, in a given
frame.

ground is out of scope. For this reason, we focus on im-
ages where the light makes our understanding easier, and the
background must have as little interaction as possible. This
approach is inspired by Scalarflow [20] but differentiates by
the size of the plume (ours elevates at five metres high, com-
pared to approximately one metre in the Scalarflow dataset).
As the sensors are disposed in a circle all around the smoke
in order to capture not only one face of the smoke but also the
whole plume, a black cloth cannot be set easily, and therefore
the background is visible. However, to tackle this problem,
the lights of the room are turned off, and 4 LED spots are
posted directly towards the smoke plume in such a way that
they do not appear behind the smoke for any camera. With
this configuration, we obtain a nice contrast between the use-
less background and the subject of the images, which will be
useful for the post-processing part.

2.2 Sensor calibration
Many pipelines in computer vision require precise camera

calibration and knowledge of extrinsic and intrinsic parame-
ters. Intrinsic parameters refers to internal characteristics of
the sensor. In the case of a camera the parameters are the fo-
cal lengths, the central point of the sensor and the distortion
effect of the lens. As for the extrinsic parameters, they refer
to the position of the sensor in a given frame (translation and
orientation). Therefore, the sensors were carefully calibrated
using classical chessboard calibration for the intrinsic param-
eters of the cameras. As for the extrinsic parameters (cameras
and LiDARs), motion capture was used.

Motion Capture. When working with cameras and Li-
DARs, especially when the objective is to use them for data
fusion, it is important to have a precise estimation of the sen-

Figure 4: Motion Capture markers (circled in red) on each
module

sors positions, within the same frame. Using a chessboard
detectable by LiDARs and the cameras, it is possible to find
every position relative to one arbitrarily chosen sensor. How-
ever, this technique is heavy to set up and must be redone each
time a sensor is moved intentionally or accidentally. When
doing a setup with dozens of sequences, a dynamic way to
have the sensors positions is needed. The motion capture is
perfectly suited for this task, as it is able to give real-time
positions of the sensors using markers like those presented
in figure 4. The alignment between the motion capture rigid
body origin and the sensors internal frame was done using the
dimensions of the sensors given in their data-sheet meaning
that a static offset between the motion capture rigid body and
the actual sensor frame exists. Data is provided to do a more
precise calibration using a reflective chessboard with motion
capture markers.

2.3 Temporal synchronisation

To observe a physical phenomenon, it is necessary to ob-
serve the evolution of the system over time. If several sensors
are used, they must be synchronised so that the data can be
merged with certainty that the same phenomenon is being de-
tected by each sensor. This is particularly important for a
plume of smoke, which is highly sensitive to the slightest dis-
turbance.
Since perfect synchronisation is impossible, we estimate an
offset acceptance. Using the first LiDAR frames of a se-
quence, when the smoke is expelled from the fog machine and
rises, we measure the approximate speed of the rising smoke
thanks to the known timestamps of the point clouds, which
will give an approximation of the smoke speed at the source.
With this technique, the estimated smoke speed is approxi-
mately vsmoke = 3m/s. According to [24], which carried
out a comprehensive study that verified the sensor specifica-
tion, the Livox MID-360 has centimetre accuracy. Therefore,
with this precision limitation we can compute a temporal off-
set acceptance: δt = δx/vsmoke. With the LiDAR precision
δx ≈ 0.01m.
Therefore, we obtain a maximum wanted time offset of δt ≈
3.3ms between sensors.

Camera triggering. In order to synchronise the shots, [20]
uses the same hardware trigger for all cameras. In our case, as
we want a setup that can be adapted to long distances, a single
cable for all the cameras seems more complicated to manage.
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We choose to parallelise the trigger signals, meaning that each
Raspberry Pi associated with a camera will be responsible for
sending the signal. In order for all signals to be sent at the
same time, all Raspberry Pi units must be synchronised (i.e.,
hey must have the same time reference) and receive an in-
struction indicating when the signal should be sent. All this
must be done while keeping in mind that the shots must also
be synchronised with the LiDAR scans. The latter operate at
10Hz and have a scan time of just under 0.1s. We want to be
able to take 2 photos for each scan, which means a frequency
of 20Hz for the cameras. Based on these constraints, we con-
struct the algorithm 1. We use the actual difference between
two LiDAR scans to estimate when to send a signal to trigger
the cameras. Algorithm 2 describes how to obtain the average
value of the timestamps of the three LiDARs and compute the
mean difference between two scans of a LiDAR.
For this algorithm to work properly, all devices must be syn-
chronised so that they all have the same time reference. A
central clock is chosen, to which all other devices (Raspberry
Pi and LiDAR) can synchronise.

Synchronisation protocol. A synchronisation protocol is
a protocol used to synchronise a local clock with that of
a server connected to a physical clock (usually an atomic
clock). For example, the NTP (Network Time Protocol) pro-
tocol allows synchronisation with a server that is accessible
worldwide. These synchronisation protocols generally work
with UDP communication protocols, hence the need for an
Ethernet connection. For synchronisation with reference to a
local physical clock, the PTP (Precision Time Protocol) syn-
chronisation protocol is used [25].

2.4 Acquisition

Image Writing. One of the challenges when storing data
received by a Raspberry Pi is its write speed. Indeed, the
data must be stored faster than the rate at which it is received.
This depends on several factors, such as the image size, its
encoding, and the frame rate. In our case we work with im-
ages measuring a maximum of 1920 × 1200 px, with GRAY8
encoding (greyscale, 8-bit) and at a frame rate of 20 frames
per second, which corresponds to a writing speed of 46 MB/s.
This speed is below most of the SD card’s maximum capac-
ity, but if the frame rate were to be increased, a more specific
storage system should be used.

ROS2 integration. ROS2 is a middleware platform used
for the development of robotic systems. It enables the ex-
change of information between multiple programmes, known
as nodes, via various standardised methods (topics, services
and actions). Thus, for multi-sensory experimentation, it is
a very adapted tool, especially when the various sensors are
connected in some way (for example, with synchronisation or
spatial calibration). Furthermore, ROS2 offers visualisation
tools such as Rviz2 or RQT, which facilitate a comprehensive
understanding of the system.
Therefore, ROS2 was used to record the LiDARs as well as

Algorithm 1: LiDARs - Cameras synchronisation
using PTP and Raspberry Pi

Inputs :
∆Tcameraj : Time Exposure of

the camera i
N : number of LiDAR
K : number of cameras

Temporal Variables:
Tts LiDARi

: LiDAR timestamp
i

Tcapt : Mean Timestamp
between each LiDAR’s timestamp

∆TLiDAR : Mean duration
between 2 scans

t : Current Time of the
computer
Outputs : Trigger signal sent from each

raspberry Pi to their
corresponding camera

1 Initialisation :
2 Start PTP protocol from the computer (master) to

synchronise the devices clock (LiDARs and
Raspberry Pi)

3 Wait until time is synchronised (indicated in LiDAR
message)

4 For each LiDAR read Tts LiDARi

5 for t← t0 to t0 + 1s do
6 Tcapt,∆TLiDAR ←

get mean timestamp(t,N)
7 end
8 Starting Acquisition :
9 while Aquisition active do

10 for j ← 1 to K do
11 Compute

Ttriggerj ← Tcapt −
∆Tcameraj

2 +∆TLiDAR

// Estimate next time to
Trigger each camera
corresponding to its time of
exposure

12 end
13 Tcapt,∆TLiDAR ←

get mean timestamp(t,N)
14 for j ← 1 to K do
15 while PTP synced clock() < Ttriggerj do
16 Wait
17 end
18 Send Trigger // This must be done

in parallel thanks to the
PTP calibration between the
Raspberries

19

20 end
21 end
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Algorithm 2: get mean timestamp
Inputs : t : Current Time of the computer

N : number of LiDAR
Outputs: Tcapt : Mean Timestamps between all

LiDARs
∆TLiDAR : Mean duration between 2 scans

1 for i← 1 to N do
2 Read Tts LiDARi from ROS2 message of LiDAR i

// recall that LiDARs and
computer’s clocks are
synchronised

3 end
4 Compute Tcapt ← mean(Tts LiDARi) // Compute

mean of timestamps
5 Compute ∆TLiDAR = Tcapt(t)− Tcapt(t−∆TLiDAR)
6 Return :
7 Tcapt,∆TLiDAR

the motion capture positions, enabling the computation of the
position of each sensor in the same frame with the smoke cen-
tred in (0,0). It was also used to send the information of when
to trigger the cameras to each Raspberry Pi.

3 DATA POST PROCESSING

Different types of setups were tested, all respecting the
imposed constraints (sensors all around the smoke, temporal
synchronisation, spatial calibration, ...). So, the first step of
the post-processing step was to qualitatively evaluate the data
in order to strike a balance between data quality and ease with
which the experimental setup can be reassembled in the same
or different conditions.

3.1 Images
As smoke is a semi-transparent substance, it is difficult to

isolate, especially when the background is not plain. There-
fore, we apply simple filters to try to remove the background
without degrading too much the quality of the smoke in the
image. The first step is to compute the median value of the
background using images without smoke and then to subtract
this from the images containing smoke. We finally apply a
threshold filter to complete the background de-noising.

3.2 Point clouds
Merging clouds. To visualise the smoke as a single point

cloud, the three point clouds sent by the LiDARs must be
merged. To do so, the position given by the motion capture
system is used to project all the points in the same global
frame. Figure 3 gives the transformation matrices to apply to
project a point on the global frame (ref frame in the figure).
Another possibility which was not used here is to use the ICP
algorithm with all LiDARs 2 by 2 to find all the needed trans-
formations.

Labelling and Smoke extraction. The first challenge in

(a) Octree reference map with-
out the smoke

(b) Octree map with new smoke
voxels

Figure 5: Visualisation of the octree map created to label and
extract the points corresponding to the smoke plume.

processing LiDAR data once all point clouds are merged is
the segmentation. More specifically, our aim is to identify
which points correspond to the smoke plume so that we can
extract them from the rest, as shown in figure 2, or just label
them.
There are several segmentation algorithms, such as those
based on the RANSAC algorithm, which attempts to iden-
tify specific shapes within the point cloud [26]. Other ma-
chine learning-based methods improve segmentation perfor-
mance by also detecting dynamic objects [27]. In our case,
we are seeking to extract a dynamic object with a poten-
tially highly variable shape, rendering RANSAC-based algo-
rithms ineffective. Furthermore, given the limited (or even
non-existent) availability of LiDAR smoke data, the use of
machine learning-based algorithms appears ill-suited.
Consequently, the decision was made to use a simpler ap-
proach, albeit one that is less adaptable to real-world situa-
tions. Given that the plume of smoke is the only dynamic
object in the scene, each point cloud can be compared to a
reference map created beforehand using data of the surround-
ing environment that excludes the smoke.
The reference map is the sum of the first point clouds of a
sequence, without the smoke, and then converted into an oc-
tree grid. Then, for each new point cloud of the sequence,
we generate a new octree which is compared to the reference
map. All the voxels of the octree that were not here in the
reference map are considered to contain points of smoke. To
avoid outliers, a statistical outlier removal filter is applied to
the remaining point cloud. Figure 5 shows two octree grids,
one with and the other without the smoke. The voxels cor-
responding to the smoke are inside the red shape in figure
5b. The extraction of smoke can be applied in real time dur-
ing the experimentations or afterwards using the C++ PCL
library [28].

4 CASE STUDY : SWARM DRONE GUIDANCE

To demonstrate the usefulness of this data in the context
of a drone swarm, we present an implementation of drone
swarm guidance based on 3D point clouds recorded using the
setup described in this paper. We aim to simulate a case of a
drone swarm observing a smoke plume with a LiDAR sensor
and reacting to its evolution.
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(a) Point clouds seen by each manager drone (each colour corre-
sponds to one drone) and the original point cloud in transparent red.

(b) Point clouds seen by each worker drone (each colour corresponds
to one drone) following a circle around the centroid point computed
by managers and the original point cloud in transparent red

Figure 6: Manager and worker drones organised to observe
the smoke plume. Each circle represents a drone.

Simulated LiDAR. In order to replicate a real-world sce-
nario as closely as possible, in which each drone has its own
incomplete perception of the smoke, a basic LiDAR simula-
tion is integrated into each drone. To create this simulated
LiDAR, the real specifications of the Livox MID-360 LiDAR
are used to create a volume where the drone can perceive the
point cloud. We arbitrarily decide to keep only the 30% clos-
est points in order to not detect the points behind the surface,
as it is the case with a real LiDAR. Guidance. Following the
idea of [23], we organise the fleet with one manager group
and one worker group, each one composed of 3 drones. The
first group aims to give a global description of the smoke
plume, computing its centroid and main directions of prop-
agation based on their LiDAR observation. To do so, they are
set to a static position facing towards the smoke (assuming
that the approximate plume position is already known) and
far from the plume (but still in the LiDAR range) to have a
global view of the scene. Each drone computes the centroid
position of their perceived point cloud with their simulated
LiDAR, as described previously. Then, the mean of com-
puted centroids is calculated and sent to the worker drones
group. In figure 6a, the manager drones are displayed joining
their positions to observe the smoke plume and compute the
centroid. When receiving their target, the workers will join

a circular formation and rotate around the smoke, facing to-
wards the centroid at a closer distance than the managers. In
figure 6, the worker drones are added; they circle around the
centre of the smoke plume calculated by the manager drones.
Each colour displayed on the smoke plume corresponds to a
worker drone’s perception.

5 CONCLUSION AND FUTURE WORKS

We presented in this paper an experimental setup to record
synchronised and spatially calibrated smoke images and point
clouds in a controlled environment, with an application to
drone swarm control. We believe that this data can be use-
ful for smoke recognition and drone control around smoke
plumes, and a simple example of application is described en-
abling to better understand our view. The objective of this
dataset is also to provide data that can be used for smoke mod-
elling and behaviour learning.
Current works are looking to complete this dataset with a
larger range of situations, from a controlled environment with
adjusted lighting to an outside environment with natural con-
ditions (wind, sunlight, dynamic background, ...), and devel-
oping maximum swarm drone coverage of a smoke plume
using the presented data.
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