Thermal Updraft Profiling with an Array of Show Drones
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Abstract— Localized thermal convective updrafts in the at-
mosphere, commonly referred to as thermals, serve as a signif-
icant source of energy-efficient flight for birds, human pilots,
and autonomous aircraft. Measuring the vertical airspeed
distribution within these updrafts to estimate their strength
and characteristics is a significant empirical challenge. In this
study, we introduce a proof-of-concept distributed thermal
measurement system that uses small, cost-effective multirotor
drones equipped with standard sensors, eliminating the need
for specialized airspeed instruments. These drones estimate
updraft strength by analyzing performance parameters such
as power consumption or rotor rotation speed. First, we
conducted extensive investigations in a simulated environment
that incorporated varying windy conditions to establish the
relationship between the updraft speed (the vertical speed
of the air) and the performance parameters of the drones.
Following this, we conducted outdoor experiments involving up
to 49 multirotor drones to demonstrate the effectiveness of the
distributed measurement system in action. By advancing our
understanding of thermal updrafts, this research contributes
valuable information to analyze avian flight behavior and also
facilitates the development of realistic simulation environments.
These advancements can enhance the design of thermal-utilizing
self-driving algorithms for unmanned aerial vehicles (UAVs),
paving the way for more efficient and adaptive robotic systems.

I. INTRODUCTION

HEN the sun heats the ground, the ground warms

the layer of air directly above it, creating a Rayleigh-
Bénard instability [1]. These systems often result in coherent
structures known as thermal plumes (or simply thermals), i.e.
localized columns of rising air encompassed by a downdraft
caused by the displacement of colder air. Within the thermal,
air rises to thousands of meters above the ground. This
process is responsible for the formation of cumulus clouds
and has a significant impact on the transport of energy and
humidity in the mixed layer of the atmosphere [2].

The measurement of thermal updraft phenomena could
be of relevance for fundamental meteorological sciences, by
better understanding atmospheric convection and its con-
sequences on Global Circulation Models [3]. On a local
scale, thermals are also frequently used as a free source
of energy by many bird species on their long migrations
[4] and foraging activities [S5]-[7] as well as by humans for
leisure activity using aircrafts such as gliders, paragliders
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Fig. 1. Overview of the concept of the experimental setup. A fleet
of multirotor drones is used as a distributed sensor array to estimate the
motion of the air from the rotor rotation speeds.

or hanggliders [8]. In the same manner, autonomous flying
vehicles (mostly gliders but also other UAVs) could benefit
from understanding and using these updrafts for a potential
increase of their energy efficiency [9], [10]. The thermal
air velocity field estimated from distributed measurements
could be used to create an internal thermal model for
training Al-driven vehicles and advancing previous research
on thermalling gliders [11]-[16].

As a large-scale phenomenon, atmospheric convective up-
drafts are impossible to measure in a laboratory setting, while
in-situ measurements are very challenging and consequently
very scarce and have been performed only with limited
resolution in time or space [17]-[20]. However, in the past
decade, a new possibility arose for measuring the atmosphere
due to the emergence of very capable commercial drones at
low prices.

Multirotors (hereafter referred to as drones), in particular,
have proven to be a very flexible and cost-effective solution
for probing our atmosphere for meteorological measurements
[21], [22], in particular for horizontal wind estimation [23]—
[26]. Measurements of vertical movements of the air are
much scarcer: to our knowledge, there is one work in which
fixed-wing drones were used [27], and one experiment that
used a multirotor drone [28].

Within the diverse emerging portfolio of drones, we are
particularly interested in show mini-drones used for aerial
displays for the following reasons: i) they have reached very
small physical size and weight due to legal, logistics and
safety requirements and thus their interference with the air
mass is as low as possible; ii) they possess professional-
grade, RTK-based, cm-level positioning capabilities due to
commercial show quality requirements; iii) they are available
at relatively low price and in large quantities, and can be
inherently controlled easily as a swarm with proper software,
available even open-source [29].



Here we propose a method for an indirect measurement
of the air velocity field within thermals using a fleet of such
show mini-drones as a distributed sensing array, without the
need to carry specialized measuring equipment onboard (Fig.
1). Looking for characteristic flight performance indicators
such as power consumption or rotor rotation speed upon
encountering different updrafts, we achieve distributed, spa-
tiotemporal sampling of air velocities.

To achieve this, first, we conducted Software-In-The-
Loop (SITL) simulations to work out the measurement
methodology and to investigate the relation between directly
measured flight parameters and indirectly estimated vertical
wind velocity. Simulations also serve as a means for validat-
ing the concept before real experiments and showcase how
our method works under controlled and known conditions.
As a next step, we follow our custom-designed calibration
protocol using real drones in open air to investigate the
performance and quantify the possible reality gap between
simulations and field experiments. Finally, we perform dis-
tributed measurements with a relatively large drone fleet.

II. METHODS

The proposed procedure for estimating airspeed consists
of two phases. First, each drone needs to be calibrated
(preferably in still air) to find the exact functional form
between the directly measured performance parameter, such
as the rotor rotation speed, and the indirectly estimated
airspeed. Then in the second phase, the calibrated drone can
be utilized to estimate the velocity of the air by hovering at a
given location. Additionally, we can perform measurements
with previously uncalibrated drones by combining the two
phases, and perform the calibration and the measurement
with post-processing.

A. Calibration protocol

The calibration protocol uses a predefined spatio-temporal
trajectory where the drone moves upwards and downwards
with a set of desired speeds for predefined time intervals,
with a period of hovering in between to stabilize. This
procedure was repeated with increasing desired speeds to
map the entire range of vertical velocity relative to the air.
The desired horizontal velocities were kept at Oms~! at all
times to avoid drifting sideways by the wind. We studied this
protocol both in simulation and in field experiments.

B. Simulation

1) Simulation Runs: A software-in-the-loop (SITL) ap-
proach was utilized to study this system in a simulation.
Microsoft AirSim [30] was used as the base flight simulator
environment engine. Simulated drones with a dedicated fork
of the ArduCopter 4.4 SITL firmware [31] were controlled
using a multi-UAV control framework, Skybrush [29] (de-
veloped by CollMot Robotics Ltd).

Each drone moved along a predefined trajectory with the
protocol explained above, where the magnitude of the de-
sired vertical velocity for the upward and downward motion

ranged from 0.5 to 3.5 ms~! in increments of 0.5 ms~1.
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Fig. 2. Performance of the drones in the simulations and corresponding
fitted curves in windless conditions with different updraft strength.
Markers correspond to the mapping between local averages of the pulse
width of the speed controller (uy) as a proxy for rotor thrust and local
averages of the actual vertical velocity (Vyy), in the presence of different
updrafts indicated by the color. The dotted lines are the corresponding best
fit for each simulation, where the color of the line match that of the markers.
The inset on the top left corner shows the match between the estimated
updraft (W, horizontal axis) and the actual updraft (Wz, vertical axis)
resulting from the simulation. The red dashed line indicates Wz = W.

The constant-speed sections were kept for 20 seconds, with
10 seconds of hovering between consecutive vertical motion
phases. This protocol was repeated for (horizontal) wind
magnitude of 0 ms~!, 2.5 ms~! and 5 ms~! in 6 different
directions. The vertical velocity of the air (modeled as a
homogeneously distributed vertical wind to mimic different
down- and updrafts) was also varied, ranging from -3.5
ms~! to 3.5 ms~!. These settings were set in the AirSim
framework as environmental parameters.

The low-level flight controller of the drone (ArduCopter)
logged the required status information about the flight, which
was analyzed offline after the simulated experiments.

2) Analysis: The resulting flight logs were split into time
intervals (windows), i.e., periods of constant desired velocity.
At the beginning of each window, there is a transient phase
of acceleration, where the actual velocity may significantly
differ from the final target velocity. Based on the flight
logs, we conservatively assumed that the drone stabilized its
velocity within 10 seconds. Therefore, for each 20-second
window, only the last 10 seconds were used for the analysis.
Furthermore, to accommodate for errors in the alignment of
the time windows, the last second of each window was also
omitted.

Using these windows, median and standard deviation
statistics were calculated for the actual vertical velocity (Vyy),
the Rotor Control Pulse Width (RCPW) signal of the flight
controller (u), which is proportional to the rotation speed
of the rotor, roll angle (v), pitch angle () and power.
Since we are only interested in the vertical component of



TABLE I
RESULT OF THE FITTED PARAMETERS FOR THE SIMULATION USING (4)

A (1075m—2s3) 8.207 4 0.020

ugo (us) 1598.656 + 0.039
Wi (ms™1) —0.0589 + 0.0031
TABLE II

FITTING PARAMETERS AND THEIR STATISTICS, INCLUDING THE
REDUCED-X? (x2) FOR EACH FITTING FUNCTION.

Function parameter average =+ s.d. X2
sioned A (1078 m=253) 105 £ 26
uagdmﬁc ugo (1) 1562 + 42 | 2.19 + 0.84
4 Wy (ms—1) 04 + 3.0
. AT (1078 m~1s2) 264 + 2.6
linear ugo (1is) 1546.5 + 7.8 091 £ 0.44

the velocity, we must take only the vertical component of
lift generated by the rotors, i.e., we must replace u with
uy = ucos @, where ¢ is the tilt angle and calculated as

¢ = arctan (\/ tan? @ + tan? 1/)

Following the flight dynamics model used by AirSim [33],
the solution to steady state (where the net force vanishes) in
vertical flight is

< VP >2=sign (< VET >) (d <ug > =V) (1)

with
r_ 8CTW§qaxD4 Ly = 2mg
SClinumax ' pSClin

where Wy is the vertical speed of the air, < V{?ir >=<

Vu > — Wy is the vertical velocity of the drone relative
to the air, m and S are the mass and cross-section area of
the vehicle, respectively, D and wp,,x are the diameter and
maximum angular velocity, and C'r is the thrust coefficient of
the propellers. uyax is the maximum pulse width of the speed
controller Pulse Width Modulation. Cy;y, is the linear air drag
coefficient. p is the air density and ¢ is the gravitational
acceleration. @’ and b’ were defined to provide a compact
formula. Conversely,

<uy >=a sign (< VG >) |< VHT >]2 +b Q)

a = (a/)—lz Sclinumax . b _ Il/ _ UmaxTg
8CTw? D*’ a  ACtpw?,. D*

where a and b correspond to the free parameters to be
used in the fit that follows. We have established the relation
between these quantities and the air velocities by fitting a
“signed quadratic” function

flx) = a®/|z| = 2*sign (x) 3)

with the following form:

<ug>=A-f(<Vy>-Wyz)+ugpo, “4)

where A and ug o are the parameters for the fit.
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Fig. 3. Example of the calibration protocol for a single drone. (a) The
dashed green line represents the vertical speed of the drone. (b) Adjusted
pulse width of the speed controller (RCPW), the indicator of the rotor
rotation speed with adjustment made based on the tilt angle ¢. Colored line
segments in panels (a) and (b) depict the window averages, with their lengths
indicating the time period used for calculation and their color corresponding
to the values in the colorbar. (¢) The estimated offset, subtracted from the
RCPW, is presented as a function of time (x-axis) and altitude (y-axis). The
color gradient encodes the offset value, ranging from negative (blue) through
zero (white) to positive (red). (d) Mapping of the vertical velocity (Vi) as a
function of the RCPW. Circles represent the scatter plot of the mean values
of RCPW and Vi taken within each window, as illustrated in panels (a)
and (b). The color of each circle indicates the temporal progression of the
measurement, from the first (purple) to the last (red). The solid black line
represents the linear function that best fits the data.

C. Multidrone Field Experiment

A fleet of 49 identical quadcopter “show” mini-drones
were placed in a square grid configuration on an open field
exposed to atmospheric air movements. In the air, each
drone was 7 meters away from its closest neighbor. The
quadcopters used were the Pixel show drones from Light
Dynamix Ltd. [32], featuring a diagonal wheelbase of 233
mm and total takeoff weight of 400 g, with an F9-P dual-
band Real-Time Kinematics (RTK) Global Navigation Satel-
lite System (GNSS) receiver, receiving RTK corrections from
a base station through the Skybrush system. The autopilot
firmware was ArduCopter 4.4 (identical to the one used in
the SITL simulations).

1) Calibration: The calibration flight protocol matched
exactly the one used during the simulations. After take-off,
all drones reached the baseline altitude of 20 m above ground
level. All drones performed the protocol in synchrony, keep-
ing the square grid formation mentioned above. During the
calibration phase, 42 calibration flight logs were successfully
retrieved (the rest could not be downloaded for unknown
reasons).

2) Analysis: Since this calibration was run in the field,
there was no guarantee that the vertical velocity of the air
would be zero throughout the experiment. Using all the
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Fig. 4. Estimated RCPW offset for the entire fleet. The heatmaps illustrate the dependency of the uS5e (color-encoded) as a function of time (x-axis)
and altitude (y-axis) for each drone. The relative positions of the plots show the square grid configuration of the fleet during the calibration phase, as
further illustrated in the top right corner. All plots share the same x-axis, y-axis and color encoding. Empty slots indicate that the flight log is not available.

Wmdows corresponding to a desired velocity of vDesired =

0 ms™*, — denoted as “O-window” — we have established
the baseline RCPW under the assumption that a long enough
average of vertical velocity of the air vanishes:

ubasclinc

=< u¢(t) >y Desired = 5)
Consequently, deviations from wub?¢li" in individual O-
window imply local air movements. The method described
already works if the calibration occurs in still air. To extend
beyond that, we introduce a correction term, u‘q’ffset
ugase“ne, to compensate the local air movements during the
calibration procedure. Taking the average of the altitude,
h, the time, ¢, and u"ffbet in each O-window, and using
a linear interpolator, We establish a relation u‘fset (t,h),
which we use to find the local offset for all points Finally
we define the adjusted RCPW as uj ‘fm To
accommodate difference between the drones (such as battery
performance or manufacturing imperfections/tolerance), this
procedure was performed individually for each drone, i.e.,
each drone in the fleet had its own interpolator, which was
determined with its own u22*°!i"® and averages of altitude
and time (Fig. 4). The adjusted RCPW is then the quantity
utilized in the fit to find the mapping between RCPW and
V4, as explained in Section II-B.2.

An additional mapping — denoted “flock mapping” — was
determined by performing a fit with the averages of all the
drones present in the calibration flight. Fig. 3 shows the entire
calibration process for a single drone.

3) Measurement: Flying in the same horizontal grid for-
mation, the same fleet was set to hover (FPsired = ( ms—1)
at an altitude of 100m above the ground for 10 minutes. In
this phase of the experiment, 43 hovering flight logs could
be retrieved successfully.

With a running window of 10 seconds (same as in the
calibration), the average and standard deviation of Vy, ug,
time, latitude and longitude were calculated individually for

:’U¢—

each drone, denoted by < - >jo. Using < ug >10, We
then applied each drone’s mapping function to calculate
the vertical velocity relative to air, V[}‘”’", (i.e., the vertical
velocity in still air), which we could use to calculate the
vertical velocity of the air relative to the ground as a function
of time:

VAlr >10 (t):f (< Ugp >10 (t)) (6)
< W3 >10 (H)=< Vu >10 (t) — f (< up >10 () (7)

In the cases where a drone did not have a mapping
determined in the calibration phase, the “flock mapping” was
used instead.

Since logging is not synchronized between drones, to
ensure synchrony in the updraft data, the time series of
each drone was resampled by taking the average of the
estimated updraft in each non-overlapping (synchronized) 1-
second interval.

To further study the structure of the updraft speed, correla-
tion functions were calculated in space and time as follows:

C (ATi,j) = U (t, r; + Ari,j) > (8)
C(Atr;) = (t+ At,r;) > ©)

<1 (t, I‘i)
< U (t, l'i) U

where r; represents the positions of i-th drone and Ar; ; =
|Ar; j| = |r; —r;| is the relative distance between the i-th
and the j-th drone.

The spatial correlation between pairs of drones in the
subsamples of constant nominal distance was aggregated.
The functional form of spatial correlation was asserted by
using an exponential function, f(x) = e */*, to fit the
median correlation in each subsample as a function of the
median distance.

III. RESULTS
A. Simulation

Equation 4 was used on an initial fit performed against
the results of simulations in which the updraft was absent.
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Time evolution of the estimated vertical velocity profile of the air illustrated at different moments, as indicated in the top right corner of each

panel. The top left panel additionally shows the positions of the drones, represented by crosses. The heatmaps display the color-encoded linear interpolation
of the estimated vertical velocity of the air at each drone’s location, with blue indicating air moving downwards and red representing upwards movement.
All heatmaps share the same set of axes and color encoding. The top row presents heatmaps separated by 60 seconds, while the bottom row offers a more
detailed view of the evolution of the velocity field over time, separated by 10 seconds.

The optimal parameters are presented in Table I. The fits
to the results of the remaining simulations were performed
keeping the values of A and g, fixed, leaving W7 as the
parameter to fit. See Fig. 2 for an example of the fits in
windless conditions. The results show that in the simulation
data, this method can reliably predict the present updraft,
yielding Pearson’s correlations p € [0.9996,0.99999],n =
11,p € [10726,10711]). Since our model does not depend
on either the roll or the pitch angles, these statistics attest to
the robustness of the method.

B. Field Experiments

1) Calibration: Equation (4) was used to find the mapping
between RCPW and VUA“. However, despite being supported
by theory and the simulation work, the resulting fits to the
experimental data of many drones did not yield satisfactory
results. In Table II, the best parameter values are shown,
where one can see the large standard deviation of W —
the desired output of this project — and the large deviation
from data in x2. For this reason, a linear approximation
(f* (x) = A’z + f) was applied here to fit the experimental
data, showing a much better agreement between its predicted
values and the observed values. See Table II and Fig. 3d.

2) Measurement: The running averages of the 10-second
windows were calculated and were passed to each drone’s
optimal fit of linear function, f*. From this, we calculated
the vertical velocity of the drone relative to the air and
finally the vertical velocity of the air relative to the ground.
Since these calculations were performed individually for
each drone, what was achieved is, in fact, an estimated
vertical velocity of the air as a function of time and space.
Finally, the updraft was resampled into synchronized 1-
second intervals. Fig. 5 shows the spatial distribution of

the estimated updraft at different points in time, depicting
a relatively smooth time evolution between the completely
independent measurements'.

Equations (8) and (9) were used to calculate the spatial and
temporal correlations functions of the updraft velocity (Fig.
6a and 6b). By fitting an exponential function, the charac-
teristic length was found to be A = 145.4 & 3.0 m, which
is approximately 20 times the distance between neighboring
drones. To estimate the characteristic time scale, a linear
function, f (At) = A (At —tp), was fitted to the points
of positive correlation. The crossing of this line with the
horizontal axis was taken as the estimated time scale and
was found to be ¢y = 186.00 £0.37 s. The anisotropy of the
spatial correlation was also studied by taking the correlation
between pairs of drones in the same row (Fig. 6¢) or the same
column (Fig. 6d). The characteristic lengths were found to
be A\, = 121.3+6.8 m and Ay = 252 & 18 m, respectively.

IV. DISCUSSION

We presented a novel method for measuring the velocity
profile of atmospheric convective updrafts using a fleet of
affordable multirotor mini-drones. This approach included
a comprehensive set of Software-in-the-Loop simulations,
during which a drone flew in specific states in order to devise
and assess the relationship between flight states and updraft
speed. This mapping was achieved using only windless sim-
ulation flight logs and was evaluated through function fitting
to all simulated flight logs, including those collected in windy
conditions. The very high accuracy and precision of this
method demonstrate strong robustness against varying wind

For a more detailed visualization of this updraft field, please refer to the
video in the following link: https://youtu.be/H7tvBqT5z4Y
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Fig. 6. Spatial and temporal correlations present in the estimated
vertical velocity of the air. (a) Correlation between time series of the
updraft speeds estimated by every possible pair of drones as a function of
their relative distance. The violin plots aggregate the correlation attained
from all pairs of drones with constant nominal distance (i.e., distance in the
design square grid). In each violin plot, solid lines at the top and bottom
show the extreme values, the solid line in the interior shows the median,
and the dotted line indicates the sample mean. The red dashed line shows
the best fit of the function C*(Ar) = e~2A7/* and optimal value of A
is presented on the legend. (b) Autocorrelation functions for the updraft’s
vertical speed time series as estimated by all drones, where the solid black
line represents the mean, p, of the sample and the gray shaded area shows
the lo-deviation from the mean. The red dashed line shows the result of
the fit of a linear function, A (¢ — tg), to the portion of the correlation
function up to the first crossing with the horizontal axis. The optimal value
for to is shown on the legend. (¢) and (d) show the spatial correlation of
the updraft time series (similarly to panel (a)) separately along the 2 main
axis of the grid created by the drones. Note that wind may considerably
affect the characteristic length.

conditions. Subsequently, this procedure was shown to be
effective in field experiments with multirotor drones, despite
the additional complexities presented by real atmospheric
flows, such as wind gusts and turbulence. While analyzing
the data, we observed a considerable simulation-to-reality
gap, and the data analysis pipeline required customization
to effectively address the results of the field experiments.
We note here that wind had very little, if any, effect on
the procedure in the simulations; however, this shall be
verified in field experiments, where external measurements
of the wind need to be performed, preferably under diverse
conditions. Moreover, these future experiments could be used
to validate our assumptions, for example, to assess how long
an average should be taken to define the baseline RCPW.
However, if the measurement is performed immediately after
the calibration (as in the case reported here), one could
assume that the wind does not change significantly and, as
such, its effect is accounted for in the calibration mapping,

as part of the calculated tilt angle.

The flight logs of 43 independent measurements of indi-
vidual drones showed high similarity between nearby mea-
surements, allowing us to calculate temporal and spatial char-
acteristics of air movement dynamics. The resulting updraft
estimates describe smooth and consistent spatial fluctuations,
which strengthens the validity of our findings.

The proposed framework relies on drones flying within
the updraft, and by doing so, they affect the flow within
the thermal. We aimed to minimize this effect by selecting
small and lightweight drones with a relatively large distance
between them. We also used relatively sparse spatial resolu-
tion as we wanted to cover areas as large as possible with
the 49 drones that were available for this test measurement.
However, considering the current industry standards, the
number of minidrones (weighting typically less than 0.5kg)
in such a system could easily be scaled up to include even
thousands of units with centimeter-level positioning accuracy
(similarly to the largest drone shows nowadays), allowing for
a reduction in spacing while covering even larger areas (or
even volumes) and creating highly detailed “tomographs” of
the updraft. Alternatively, future experiments could include
drones performing dynamic measurements with continuous
motion to scan the air with an increased spatial resolution,
by sacrificing temporal resolution.

Unlike the method proposed by [27], our approach em-
ploys multirotor drones, which offer several advantages over
fixed-wing drones. Namely, the ability to hover in place
without the need for a minimum velocity. This capability
allows persistent point measurements in small areas or in
locations that are challenging to reach. Furthermore, it could
be used not only to measure but also to monitor severe
weather events, as pointed out in [34]. The fleet proposed
here could be used to study convective updrafts in detail,
similarly to what was achieved for the vertical profile of
horizontal wind [35]-[37].

In summary, the unique controllability, maneuverability,
compact size, and large-scale availability of show mini-
drones offers an exciting opportunity for researchers to gain
unprecedented insights into the dynamics of the air in general
and of convective updrafts, in particular. These measurements
also pave the way for the development of future autonomous,
energy-efficient UAV control mechanisms along the entire
path from data-driven realistic simulations to reality.

The potential impact of this research extends beyond
thermal profiling and its use in innovative applications.
The modality shift from drone shows to meteorological
measurements is similar to the story of GPUs that were first
required by the gaming industry but now provide the basics
of many scientific calculations. Similarly, these off-the-shelf,
commercially available drones are not even customized for
meteorological studies, but their inherently accurate state es-
timation and detailed logging capabilities allow for the direct
and indirect measurement of a wide variety of environmental
variables, such as temperature, pressure, horizontal and ver-
tical wind, etc. In addition, the simple scaling of show drone
fleet size offers unprecedented volumetric, spatio-temporal



mapping possibility of these variables with the mini drones
as a standalone three-dimensional sensor array. In our data-
driven world, these measurements can deepen the scientific
understanding of meteorology and can also facilitate weather
and climate predictions and model development.
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