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Abstract: Many birds in the natural world are capable of engaging in sustained soaring within
thermal updrafts for extended periods without flapping their wings. Autonomous soaring has the
potential to greatly improve both the range and endurance of small drones. In this paper, the extended
Kalman filter (EKF) thermal updraft center prediction method based on ordinary least squares (OLS)
is proposed to develop the autonomous soaring system for small drones, and an adaptive step size
update strategy is incorporated into the EKF. The proposed method is compared with EKF thermal
updraft prediction methods through simulated experiments. The results indicate that the proposed
prediction method has low computational complexity and fast convergence speed and performs more
stably in weak thermal updrafts. The above advantages stem from the OLS providing an approximate
distribution of the thermal updraft around the drone for the EKFE. This empowers the EKF algorithm
with ample information to dynamically update the thermal updraft center in real time. The adaptive
step size update strategy further accelerates the convergence speed of this process. In addition, flight
experiments were conducted on the Talon fixed-wing drone platform to test the autonomous soaring
system. During the flight experiment, the drone successfully engaged in static soaring within thermal
updrafts, effectively hovering and gaining energy. Throughout the approximately 40 min flight
duration, the drone only utilized its propulsion for about 8 min. This demonstrated the effectiveness
of the autonomous soaring system using the EKF thermal updraft center prediction method based on
OLS. Finally, by analyzing and discussing the differences between the simulation experiment results
and the flight experiment results, some improvement strategies for the current work are proposed.

Keywords: autonomous soaring; static soaring; drones; bioinspired methods; EKF; OLS

1. Introduction

With the continuous expansion of applications for small fixed-wing drones [1], diverse
scenarios and task requirements have imposed higher demands on their endurance and
adaptability to different environments. However, the limited onboard energy capacity and
storage constrain the extension of their endurance capabilities. Thermal updrafts are widely
distributed across regions such as hilly areas, deserts, urban centers, farmlands, lakes, and
swamps. Raptors like vultures [2—4], frigatebirds [5-7], steppe eagles [8], bats [9], desert
eagles, and vultures [10] can engage in static soaring within thermal updrafts, soaring in
the high altitudes for extended periods without flapping their wings. By emulating the
soaring behavior of birds within thermal updrafts, it is possible to significantly enhance the
endurance of drones at a relatively low cost, enabling small drones to undertake long-range
missions with extended flight times. Consequently, the static soaring of small fixed-wing
drones has become a prominent research topic in the realm of drones in recent years,
prompting scholars to conduct extensive research in this field.
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Real-time perception for the wind field is a prerequisite for drones to achieve static
soaring. Various sensors, such as ultrasonic anemometers [11], porous probes [12], and
wind vane sensors, can provide real-time perception of updrafts. However, these sensors
are difficult to install and come at a high cost, particularly for small drones. Hence,
researchers have been devoted to developing updraft perception methods that do not
require additional sensors. Edwards [13], inspired by the Netto pressure altimeter principle
of conventional gliders, proposed an updraft perception method based on the rate of
energy change. This method relies solely on GPS, airspeed indicators, and the drone’s
descent polar curve to calculate the magnitude of updrafts in real time. Addressing roll
situations, Edwards [14] supplemented the energy-based updraft perception algorithm,
investigating the relationship between circling guidance parameters and energy efficiency.
Langelaan [15] and Pachter [16], by fusing data from onboard sensors such as GPS and
airspeed indicators and utilizing filtering algorithms, estimated the three-dimensional wind
field in real time to consequently perceive updrafts. Currently, there is relatively limited
research regarding the precision of perception achieved by such methods.

. . Akos, building upon the previous research findings, summarized the typical flight
W\pattems of gliders and birds within thermal updrafts. These patterns involve entering and
1ol ) circling within thermal updrafts upon detection, leading to a sustained increase in altitude.

VX When the strength of the thermal updraft is insufficient to achieve altitude gain, the circling
is terminated, and the search for a new thermal updraft is initiated [17]. Therefore, real-

/7 ime and accurate prediction of the distribution of thermal updrafts can enable drones to

engage in static soaring within them. Methods for predicting the distribution of thermal

WUL W updrafts around drones can currently be categorized into two types: model-free regression
qﬂﬂ;‘-/ estimation methods and model-based parameter estimation methods.
S« Model-free regression estimation methods use statistical learning techniques to pre-

dict thermal updrafts from onboard wind speed measurements. Lawrance [18] utilized
Gaussian process regression to create wind speed maps based on multiple location mea-
surements to predict thermal updrafts. He further extended this approach by introducing
temporal components that account for wind field drift and variations [19]. Singh [20]
incorporated time components into Gaussian regression to obtain temporal wind speed
maps. Lee [21] employed a generalized neural network to create distribution maps of
updrafts within a region, but this approach is computationally intensive. Woodbury [22]
combined reinforcement learning with predicting updraft behaviors to guide drones in
energy harvesting. Model-free regression estimation methods can avoid prediction errors
caused by model inaccuracies, but they often come with high computational requirements.
With the simultaneous development of onboard computers and mathematical tech-
niques, there is hope that this issue can be resolved. For example, recently introduced
intelligent low-latency control [23] and robust control [24] algorithms, proposed by scholars,
show extensive potential in the application of static soaring for small drones.
Model-based parameter estimation methods involve iteratively updating thermal
updraft model parameters based on prior models and observed data. Allen [25] established
a thermal updraft model based on convective velocity scale and convective mixing layer
thickness parameters using extensive empirical data. This model has been widely adopted
in subsequent wind field prediction simulations. Allen [26] also introduced a batch pro-
cessing approach based on a data storage queue to predict the thermal center and radius
of updrafts, providing an important reference for later research. Building upon Allen’s
work, Edwards [13] proposed the weighted centroid method based on the Wharington
thermal updraft model, designed an advanced search strategy based on ordinary least
squares (OLS) to predict thermal updraft parameters, and validated that this approach was
more reliable than Allen’s. Subsequent research extended the application of techniques like
Kalman filtering [27], particle filtering [28], and unscented Kalman filtering [29] to thermal
updraft parameter prediction. Depenbusch et al. [30], inspired by Edwards” work, proposed
a method for mapping wind field cloud diagrams and wind field intensity probability
distribution diagrams in an expanded area based on perception results. This effectively
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utilizes perception data to predict wind fields. Notter et al. [31] introduced a method based
on particle filtering that predicts the positions and intensities of multiple thermal updrafts.
They validated its effectiveness through numerical simulations based on actual flight data.
Model-based fitting methods for thermal updrafts have relatively lower computational
and storage requirements. They are currently the mainstream methods for thermal updraft
prediction in the application of small drones.

The Wharington model is the most widely used thermal updraft model in the study of
static soaring. Mainstream methods for the parameter estimation of this thermal updraft
model include OLS and filtering methods. The OLS method has drawbacks: (1) the
prediction accuracy of thermal updraft parameters is significantly affected by wind field
perception noise and (2) the real-time prediction of thermal updraft parameters is poor,
requiring specific trajectories and sufficient data for accurate predictions. In comparison,
filtering prediction methods can estimate thermal updraft parameters in real time. However,
existing filtering methods require sufficient state and observation quantities for accurate
parameter estimation, posing challenges for the stability of prediction algorithms and the
computational capacity of small drones.

Addressing the limitations of both methods, this paper introduces an E F thermal
updraft center prediction method based on OLS. This method offers advantages such as
low computational load, rapid convergence, and hlgh stab111 uiding small drones in
static soaring within thermal updrafts in real time. ,(;,j

During the iteration process, this method uses O S to €stimate thermal updraft inten-
sity and radius, employing the updraft magnitude on the current position as an observation,
and employs an EKF to estimate the thermal updraft center in real time. Since the OLS
provides an approximate distribution of thermal updrafts around the drone, it reduces
the complexity of thermal updraft center prediction, allowing the EKF to utilize only one
observation. This enhances stability and facilitates real-time updates of the thermal updraft
center with minimal computational load.

Furthermore, this paper introduces an adaptive step size thermal updraft center up-
date strategy into the EKF. This strategy significantly enhances the algorithm’s convergence
speed. Employing this strategy, even when dealing with weaker intensity thermal up-
draft fields and initial predicted center points at the thermal’s edge, the algorithm swiftly
converges to the real thermal updraft center.

The autonomous soaring system using the EKF thermal updraft center prediction
method based on OLS has undergone flight testing on the Talon fixed-wing drone platform.
In this test, the thermal updraft center point will be updated at a frequency of 1 Hz. The
system will employ the L1 navigation algorithm to guide the drone in a circling flight
around the real-time predicted thermal updraft center. During the testing process, the
drone successfully engages in static soaring within the thermal updrafts, continuously
hovering and harvesting energy from the updrafts. Throughout the approximately 40 min
flight duration, the drone only utilizes its propulsion for about 8 min.

The chapter arrangement of this paper is as follows. Section 2 provides the constitution
of the autonomous soaring system and proposes the EKF thermal updraft center prediction
method based on OLS. Section 3 conducts simulation experiments and flight experiments
to validate the effectiveness of the proposed EKF thermal updraft center prediction method
based on OLS. Section 4 analyzes and discusses the differences between the simulation
experiment results and the flight experiment results, and the improvement strategies for
the current work are proposed. Section 5 provides conclusions and recommendations.

2. Autonomous Soaring System
2.1. Constitution of the Autonomous Soaring System

The autonomous soaring system was built on the PX4 open-source flight controller,
as illustrated in Figure 1. This system consisted of three components: the wind field
perception system, the thermal updraft prediction system, and the navigation system.
They all collectively subscribed to real-time sensor messages provided by the PX4 system
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to carry out their respective functions. The wind field perception system was used to
obtain the current wind speed at the drone’s position. The thermal updraft prediction
system continuously updated the thermal updraft center based on the current wind speed
information at the drone’s position. The navigation system was responsible for controlling
the drone to track the center of the thermal updraft in real time through the L1 guidance
algorithm, enabling static soaring. The wind field perception system and the thermal
updraft prediction system are two unique components specifically designed for static
soaring of the drone. They will be detailed in the following sections.

- ~
Wind field EF— ", re e
perception system E ; pd !
Wind on drone’s /
current position £
Thermal updraft
prediction system

thermal updraft
center (X, Y.)

] &5

Figure 1. The autonomous soaring controller. The blue box is the sensor module, the green box is the

wind field perception module, the orange box is the thermal updraft center prediction module, and
the yellow box is the navigation module.

2.2. Wind Field Perception System

Real-time wind field perception technology is a prerequisite for achieving static soaring
of drones. In this study, a wind field perception system was constructed based on the
current mainstream methods. This system could dynamically perceive both the updraft
and the horizontal wind at the drone’s position in real time. It provided essential references
for the drone’s static soaring within thermal updrafts. The operational framework and data
interfaces of the wind field perception system are illustrated in Figure 2.

ww(u,zL o &"7 . M
[ moving average filtering

sink curve

potential energy

sink rate

Figure 2. Wind field sensing system block diagram. The blue box is the sensor module, and the green
box is the wind field perception module.
(1) Perception of updraft

The real-time estimation of updrafts was achieved using an energy change rate-based
perception method [13]. During the drone’s process of static soaring within updrafts, the
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= W b propulsion was turned off. At this point, the change in aircraft mechanical energy was

Mm»ﬁ?/ P /. influenced by aerodynamic drag and the updraft. Hence,
W u‘,ﬁ/

— s A Ems = Wdra + Wu draft 1)
% W WZZ g 8 p

In this equation, Ems =+ % represents the specific mechanical energy change rate,
comprising the change rates of specific potential energy and specific kinetic energy, and it
can be obtained from GPS and barometric pressure sensors. Wpdrafts can be considered as

the equivalent magnitude of the updraft. Wdrags is the rate of descent of the aircraft and

y can be approximated using the sink curve of the aircraft.
\ \’\l} h Mﬂ‘/ ) The sink rate polar curve establishes a relationship between the airspeed and the
\_ (1 expected sink rate during both stationary air conditions and stable flight. It is a crucial
{90/{' o indicator for evaluating an aircraft’s gliding performance [13]. The sink rate polar curve is
typically approximated using a quadratic function of the airspeed. However, in addition to

this, during coordinated turns, the roll angle causes extra energy loss (Edwards et al., 2016).
\14 " t orM Thus, the comprehensive expression of the aircraft’s sink rate polar curve is as follows:

N W wll Viinko = aVa? + bV, + ¢ o)
\‘2: \lY+ sk A,%(g Viinke = Vainko(sec )
where Vo represents the sink rate at zero roll angle, which is a quadratic curve with
respect to airspeed; Viinkg is the sink rate when the aircraft’s roll angle is not zero.

e

/

(2) Perception of horizontal wind

Using the EKF for horizontal wind estimation, we chose the state variable as X =

ind . . . .
[Vv\\llllrrll dN] . We assumed that the horizontal wind speed remained approximately constant
E
over a short period of time. The selected observation was the airspeed magnitude V,.
Wﬂ W,«/% Under the assumption of small angles of attack and sideslip, it approximately equals the
+6 measurement from the airspeed sensor. Therefore, the state transition equation and the
ﬁ; ﬁtg gil‘ observation equation are

oL : // o Xt — windk _ XY = windf\]_1 3)
W v { "f‘“L windk windf;l >
*—T‘J\l ‘ / 1‘6%..
Vo= \/(VN — windy)? + (Vg — windg)? + Vp?2 )

respectively, where windy represents the northward wind speed, and windg represents
the eastward wind speed.

(38) Accuracy of perception

To validate the accuracy of the wind field perception system, a wind vane sensor
capable of measuring three-dimensional wind field information was installed on the test
prototype platform, and multiple flight experiments were conducted. The wind vane sensor
was tested and calibrated in wind tunnel experiments, demonstrating high measurement
accuracy and providing reference data [32]. The quantitative analysis was conducted on
the wind speed measurement noise relative to the wind vane sensor for the wind field
perception system. Figure 3 presents the noise distribution of the wind field perception
system in comparison with the wind vane sensor. It can be observed that the errors
approximately follow a normal distribution. Table 1 provides the noise parameters for the
wind field perception system.
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Figure 3. Noise distribution of wind measurement in the wind perception system relative to wind
vane sensor.

Table 1. Noise parameters of the wind field perception system relative to the wind beacon sensor.

Parameter Mean Value (m/s) Standard Deviation (m/s)
Windy 0.0626 0.139
Windg 0.0459 0.144
Updraft 0.0783 0.157

2.3. The EKF Thermal Updraft Center Prediction Method Based on OLS

A thermal model that characterizes the distribution characteristics of updraft is a

prerequisite for the research of model-based thermal prediction methods. In this paper, the

“ Wharington thermal updraft model influenced by horizontal wind drift was chosen. This
’ thermal model was based on the following assumptions:

(1) The intensity and radius of the thermal are fixed, and their distribution does not
change with altitude.

2) The thermal’s hot center point, denoted as (x, ) in a north-east-down coordinate
system, drifts within the horizontal plane due to the horizontal wind’s velocity.
The magnitude of the updraft at the thermal center is also referred to as the thermal’s
center intensity, denoted as W. The radius of the thermal is denoted as R. The formula for
,j)wvw s culatmg the updraft magnitude at point (x,y) is
vl
"O \M/K D?

w(x,y) = Wexp(—17) ©)

?ybeulx where D? = (x — x.)* + +(y— yc)z represents the square of the distance between the current

point and the thermal’s center point.
The Wharington thermal model influenced by horizontal wind drift can effectively
N L~ \} represent the basic structure of thermals and explain the variations in thermal behavior.
Wi ,w( H'P zm.v 34
' Although it neglects the downdrafts at the edges of the thermal, this simplified model is
g“ﬁ w circk: Vaf,aaf\'a:v‘\lu,,i more suitable for simulation and practical flight scenarios.

\[,(,,,,,)r\l,:'-\lwl The EKF center prediction method based on OLS employs the OLS to estimate the

\ Vyenan gemin intensity and radius of the thermal updraft. This method aims to approximate the distribu-

wf vy tion of thermal updrafts around the drone. The magnitude of the updraft at the current

\j“’"b‘jgdi"m position serves as the observation, and the EKF is utilized to perform real-time estimation
Rosmniny T Tot of the thermal updraft center. The algorithmic framework is illustrated in Figure 4.

X TMY L gt oritelion? .
‘WWW + gl Al ditz f EKF
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and location queue

e W
- v
z“’lﬁ"‘zat"’?/ - OLW~ The estimation of

LS thermal updraft(x,, ye) Adaptive step size
The estimation of .
a Wand R > 4 Kalman gain K
o Wep(5) |
) The prediction of N fres N The error of between
1 1. )'\. v e prediction and measurement
D - (K'K(> L( _‘a‘

L”' Figure 4. Block diagram of the EKF thermal updraft center prediction method based on OLS. The
2 fof> = Bl + =B

’I I

blue box is the sensor module, the green box is the wind field perception module, and the orange box
(T - ,,[,, m= .lW ,X5D’L, N (w)) is the thermal updraft center prediction module.

N N In this method, the least squares technique is employed to approximate the thermal
\lz: W(""I i “""47 updraft intensity W and radius R. By taking the logarithm of both sides of Equation (5), the
nonlinear thermal model can be transformed into a linear model:
e bot-braue oS o

2
“d, 4wl O il In[w(x,y)] = In(W) — % (6)
T
A [, M“’D,(Dm. l"[w‘))/"] In[w(x,y)] is a linear function of D?. Therefore, by establishing an updraft perception
L;ﬂ T ‘f"“‘"", queue over a certain period of time and a position queue from the GPS sensor, the OLS can
SR w70 - Y be employed to approximate the thermal updraft’s intensity and radius.

W-e, Rel= %"L 2 EKF is utilized to update the thermal updraft center point (x., y.) in real time. Accord-
whsle o ' ing to the assumptions of the thermal model, the thermal center will drift along with the
horizontal wind. To reduce errors, a trapezoidal integration formula is employed. As a

t' { N uw* \,,’wl’ result, the system’s state transition equation is given by

D
— le 'l *j(""‘?' St . xt xt17 1 [windk + windg!

L W(:} widgll - ]? fouet B X= {yé] N [yél] *3 windk + windf ™! @

X (D= G-+ 05wy *)‘““1”0 1) 4% .
Y% QSN o_s[wlﬁa)wmlf[x.r))- 4+ where X = [ j represents the center point of the thermal updraft, windy stands for the

1’ ad e w0 W northward wind speed, and windg represents the eastward wind speed.
st vt o  Forastable thermal updraft wind field, the thermal parameters are not expected to
dee ‘a—w\/ P?"change significantly over a short period of time. As a result, the system’s state transition
oy wll

é? W,rmw equation does not include dynamic equations, leading to a state transition matrix given by
in tul |

e
EARI o BN VI S o
J iy ) _ _ 0X 0X 01
f F e 0* WW« eon—t
P:/FP/ Choosing the updraft magnitude at the drone’s current position as the observation,
1=

_+.¢7 and using Equation (5) as the observation equation, the observation matrix is obtained by
linearizing through the Jacobian method:

Yo Sy wtnd
’ZZ& v und 4 M r oh Mexp(_%)
Pz e, H = X = | 2W(ly—y.) D2 )
R exp( RT)
EKF: =0[0 The aforementioned EKF involves only a single observation equation, and the algo-
OLS: D[‘)* rithm update process does not require matrix inversion calculations. This property enables
EP3L bt D the method to run in real time and with stability. The measurement noise and process noise
]
FPU, epQ)/ oy rum okl e W §D/9D EXF?
n (00-200 ok

. prboly 205052017
R B 4 i
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in the algorithm depend on the accuracy of the wind field perception system, and their
noise parameters are derived from the noise information tested, as provided in Table 1.
The initial center for the algorithm iteration is typically located at the edge of the
thermal updraft, resulting in a considerable distance from the true center of the updraft.
This requires the prediction method to have a rapid convergence rate. To address this
need, this paper introduces an adaptive update step size w on top of the existing EKF. Its

gXZigssion is given as follows:
D) w

where wg > 1.0 represents the initial update step size, and ty > 0 is a time constant used to
control the variation of the step size. When t < t(, the update step size gradually decreases
from the initial step size to 1.0. This causes the algorithm-predicted thermal updraft center
to rapidly approach the true thermal updraft center. When t > ty, the algorithm-predicted
thermal updraft center point is already close to the true thermal updraft center, and the
update step size becomes 1.0. This ensures that the algorithm-predicted thermal updraft
center can stably track the true thermal updraft center.

-

3. Experiments and Results
3.1. Simulation Experiments
3.1.1. Simulation Environment

:{wo 1-L+10 ,t<t 10)

1.0 , >ty

Based on the Wharington thermal model influenced by the horizontal wind drift
mentioned earlier, a simulation environment was constructed. In a 1000 m x 1000 m area, a
thermal updraft with an intensity of W and radius of R was present. The initial center of
the thermal updraft was located at the center of the area. The intensity and radius of the
thermal updraft remained constant over time. There was a certain horizontal wind within
the area, causing the center of the updraft to drift at the speed of the horizontal wind.

Following the testing of the wind field perception system in Section 2, the perception
of the wind field is approximately influenced by Gaussian noise. Hence, in the simulation
environment, the drone’s perception of the wind field was the true wind field with added
Gaussian noise. The parameters of the Gaussian noise are provided in Table 1.

The entire area was divided into 100 sub-regions, each measuring 100m x 100m. A
smooth curve connected the center points of all the sub-regions, forming a search trajectory.
This trajectory systematically traversed the entire area in a predetermined order, as depicted
in Figure 5.

1000m
R —search trajectory

---  wind drift

® thermal center

J— thermal radius

1
)

Y.
1

i phe

1000m
1
i
1
J--

[

J I ! I
Lo

>
100m

-
woor

Figure 5. Simulation environment of the autonomous soaring system.
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In the simulation environment, the drone operated in two flight modes: area search
mode and autonomous soaring mode. In the area search mode, the drone followed the
search trajectory to systematically cover the entire area. In the autonomous soaring mode,
the drone continuously tracked thermal updraft centers based on the prediction results.
This mode enabled the drone to achieve sustained static soaring.

3.1.2. Case Settings

To better illustrate the advantages of the proposed method, eight cases were set up for
comparative analysis as shown in Table 2. In these eight cases, four different methods to
predict the thermal updraft center were employed for the simulation analysis in two distinct
thermal updrafts. Both the two updrafts had a radius of 300 m, with intensities of 1 m/s
and 2 m/s, respectively. The variation in wind field intensity was designed to investigate
the performance of the thermal updraft prediction methods in strong and weak thermal
updrafts. Cases (a) and (b) utilized the EKF thermal updraft center prediction method
based on OLS proposed in Section 2.3, while cases (g) and (f) employed the existing EKF
thermal updraft center prediction method [26]. This method treats the center coordinates,
intensity, and radius of the thermal updraft as four state variables and uses the current
updraft at the drone’s position as an observation. Due to its larger state space, this method
involved higher computational complexity. Cases (c) and (d) and cases (e) and (f) removed
the adaptive step size update strategy and OLS based on cases (a) and (b), respectively,
aiming to explore the influence of these two factors.

Table 2. Case settings of simulation experiments.

Case Index Updraft OLS Adaptive Update Step Size
(a) W=1m/s,R=300m Yes Yes
(b) W=2m/s,R=300m Yes Yes
(c) W=1m/s,R=300m Yes No
(d) W=2m/s,R=300m Yes No
(e) W=1m/s,R=300m No Yes
(€3] W=2m/s,R=300m No Yes
(8 W=1m/s,R=300m No No
(h) W=2m/s,R=300m No No

Other simulation experiment parameters are provided by Table 3. The parameter
settings in the table are consistent with the Talon fixed-wing drone platform used in the
flight experiments.

Table 3. Parameter setting of the thermal updraft center prediction method.

Parameters Value
Update frequency 1.0Hz
Queue length 25
wy 10.0
to 300s
Updraft threshold 0.314 m/s
Circling radius 80 m
Minimum circling radius 50 m

3.1.3. Simulation Results

The simulation experiments were conducted for the eight cases specified in Table 2.
Figure 6 displays the trajectory plots of the simulation results. In the figures, the initial
centers of all cases are located at the edge of the thermal updraft, approximately 300 m
away from the actual center. Upon comparing the images, it can be observed that the
cases (Figure 6a,b) using the EKF thermal updraft center prediction method based on
OLS proposed in this paper converged to the real thermal updraft center at the fastest
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rate. In comparison with the original EKF thermal updraft center prediction method
(Figure 6g,h), the introduction of either OLS (Figure 6¢,d) or the adaptive step size update
strategy (Figure 6e,f) could improve the convergence characteristics to some extent, but the
improvement was not significant within a relatively short period of time.

updraft(m/s) updraft(m/s)
0
flight path flight path
==wind drift ==wind drift
© real center © real center

® predicted center| ® predicted center

updraft(m/s) updraft(m/s)
2.0

flight path
wind drift
© real center
@ predicted center

flight path
==wind drift
@ real center
@ predicted center|

Figure 6. Cont.
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= wind drift
@ real center
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==wind drift
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@ predicted center]|

Figure 6. Simulation of the flight trajectory of the eight cases in Table 2. (a) EKF thermal updraft
center prediction method based on OLS with adaptive update step size strategy in the updraft
(W =1m/s, R =300 m). (b) EKF thermal updraft center prediction method based on OLS with
adaptive update step size strategy in the updraft (W = 2.0 m/s, R = 300 m). (c) EKF thermal updraft
center prediction method based on OLS with fixed update step size strategy (step size is 1) in the
updraft (W =1m/s, R =300 m). (d) EKF thermal updraft center prediction method based on OLS
with fixed update step size strategy (step size is 1) in the updraft (W = 2.0 m/s, R = 300 m). (e) EKF
thermal updraft center prediction method with adaptive update step size strategy in the updraft
(W=1m/s, R =300 m). (f) EKF thermal updraft center prediction method with adaptive update
step size strategy in the updraft (W = 2.0 m/s, R = 300 m). (g) EKF thermal updraft center prediction
method with fixed update step size strategy (step size is 1) in the updraft (W =1 m/s, R = 300 m).
(h) EKF thermal updraft center prediction method with fixed update step size strategy (step size is 1)
in the updraft (W =2.0 m/s, R = 300 m).

To provide a more intuitive comparison of the convergence speeds of thermal updraft
center predictions for different cases over an extended period of time, the following conver-
gence curves are defined. The vertical axis of the curve represents the distance ratio, which
signifies the ratio between the current predicted center’s distance to the thermal updraft
center and the initial predicted center’s distance to the thermal updraft center. In this way,
the values of all convergence curves for different cases on the vertical axis fall within the
range of [0,1], enabling a direct comparison. Figure 7 presents the convergence curves for
the eight cases shown in Figure 6.

By observing Figure 7, we can further validate the conclusions drawn earlier, and
it is evident that the improvement in convergence speed due to OLS was significantly
higher than that achieved through the adaptive update step size strategy. Additionally,
by comparing the convergence curves of the solid and dashed lines in the figure, it can be
noted that as the thermal updraft intensity increased, the convergence speed of all methods
also accelerated. This was attributed to the increased gradient of the updrafts due to the
higher intensity. However, for the EKF thermal updraft center prediction method based
on OLS proposed in this paper, halving the intensity of the thermal updraft only had a
marginal impact on its convergence speed. This indicates that the method holds promising
applications in environments with weak thermal updrafts.
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Figure 7. The convergence curves for the eight cases. Solid lines represent the case with W =1.0m/s,
while dashed lines represent the case with W = 2.0 m/s, and different colors represent the use of
different thermal updraft center prediction methods.

3.1.4. Interpretation of the Results

The improvement in the convergence speed due to the adaptive update step size
strategy was easy to explain. In the initial stages, using a larger step size was helpful for
quickly approaching the real center, as the initial predicted center was often far from the
actual center. As the predicted center became closer to the real center, reducing the step
size could alleviate “oscillating convergence”.

On the other hand, what was the role of OLS? As mentioned in Section 2.3, OLS
operates by predicting the intensity and radius of the thermal updraft based on a small
amount of data. To further elucidate the role of OLS in the prediction method and how
it significantly enhanced the convergence speed, Figure 8 is plotted, and it displays the
predicted results for thermal updraft intensity and radius under case b.
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(a) Prediction for thermal updraft radius. (b) Prediction for thermal updraft intensity.

Figure 8. The prediction results of thermal intensity and thermal radius in case b, where the orange
curve is the real thermal intensity and real thermal radius, and the blue curve is the thermal intensity
and thermal radius predicted by OLS.
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Observing the graph reveals that the EKF thermal updraft center prediction method
based on OLS did not accurately predict the thermal updraft intensity and radius. The
predicted results differed significantly from the actual thermal updraft intensity and radius
and exhibited considerable fluctuations. The thermal updraft intensity and radius provided
by the OLS were not meaningful for reference.

This discrepancy arose because the thermal updraft intensity and radius were fitted
using OLS only based on a small number of data points collected over a short period of time.
Furthermore, these data points were concentrated around the drone, leading to inevitable
overfitting, where the fitting result performed well on the given data points but poorly on a
global scale. This issue explained why the OLS required a large amount of data for accurate
prediction of thermal updraft parameters and was the reason behind its high latency and
slow computation.

So, what exactly is the role of OLS? This requires shifting the focus away from the
parameters of thermal updraft intensity W and radius R themselves and instead looking
for other intermediate variables to explain the effect of OLS. One explanation provided in
this paper is as follows:

Although the OLS based on a small number of data points collected over a short
time can lead to overfitting, the overfitted results are relatively accurate for predicting the
updraft values in local regions. On the other hand, the EKF updates the thermal updraft
center in real time using the updraft magnitude on drone’s current position. Therefore, it
does not require a global distribution of thermal updrafts (which would demand significant
computational resources), instead relying on the local thermal updraft distribution around
the drone. This real-time provision of local updraft predictions can satisfy the convergence
requirements of the EKFE.

To verify the above explanation, consider a specific scenario where the true thermal
updraft intensity and radius are known. In this scenario, the method can converge more
rapidly and accurately to the actual thermal updraft center, providing a valuable reference
for the predicted updraft. For case b, a comparison between the predicted updraft based
on the actual thermal updraft radius and intensity and the predicted updraft based on OLS
is shown in Figure 9.
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Figure 9. The predicted updraft of the drone’s current position based on Equation (5) in case b. The
blue curve is the prediction result based on OLS, and the orange curve is the prediction result based
on the real intensity and real radius.

Figure 9 indicates that although the OLS could not accurately predict the thermal
updraft radius and intensity with a small amount of data, compared with the predictions
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based on the actual thermal updraft radius and intensity, the error of the OLS’s updraft
predictions gradually reduced as the algorithm iterated. This reduction continued until
convergence was achieved, resulting in slight fluctuations within a small range. This
demonstrated that the OLS could approximate the distribution of thermal updrafts around
the drone using a small number of data points. As a result, it assisted the EKF in converging
quickly to the true thermal updraft center point with relatively low computational load.

3.2. Flight Experiments
3.2.1. Configuration

(1) Drone platform
This study was based on the Talon fixed-wing drone platform (as shown in Figure 10)

to conduct various flight tests in order to validate the effectiveness of the methods and
systems. The general parameters of the drone are provided in Table 4.

Figure 10. Talon fixed-wing drone platform.

Table 4. General parameters of the Talon fixed-wing drone.

Parameters Value
Wing span 1.718 m
Wing area 0.545 m?
Mean chord length 0.185m
Length 1.100 m
Weight 1.050 kg

Through CFD simulation analysis and flight testing of the Talon fixed-wing drone, its
gliding performance and sink rate polar curve were obtained, as shown in Figure 11. The
overall differences between the two methods of obtaining the sink rate polar curve were
minimal. Considering the impact of environmental winds and sensor errors during flight
testing, CFD simulation data were used to adjust the flight data. This adjusted result was
considered the final sink rate polar curve for the Talon fixed-wing drone. From the graph, it
can be observed that the Talon fixed-wing unmanned aircraft exhibited the minimum sink
rate of 1.69 m/s at an airspeed of 8.53 m/s. Additionally, its optimal gliding performance,
with a maximum lift-to-drag ratio of 7.5, occurred at an airspeed of 11.08 m/s.
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Figure 11. Glide performance of the Talon fixed-wing drone.

(2) Sensors

This platform was equipped with devices such as accelerometers, gyroscopes, magne-
tometers, barometers, airspeed sensors, GPS, and a data link. The detailed configuration of
the sensors is shown in Figure 12 and Table 5.

data link

electric

hi wing airspeed tube
propeller machine 4 wind vane

ESC autopilot\ v
battery
RC receiver nose wheel
landing gear
Figure 12. The configuration of sensors in Talon fixed-wing drone platform.
Table 5. The sensor model of the Talon fixed-wing drone.
Components Model
Processor STM32F765/STM32F100
IMU ICM-20689 /BMI055
Magnetometer IST8310
Barometer MS5611x2
Airspeed meter MS5525
GPS NEO3-GNSS
Data link P9-Radio
Electric machine X4120/KV480

(3) Flight controller

During the flight tests, the takeoff and landing phases were controlled by the pilot.
Once the drone reached the designated altitude under manual control, it was switched into
autonomous soaring mode. In this mode, the propulsion system was turned off. When
significant updrafts were not detected, the drone glided along the planned trajectory at the
optimal glide speed, searching for thermal updrafts. Upon sensing significant updrafts, the
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EKF thermal updraft center prediction method based on OLS would update the thermal
updraft center in real time at a frequency of 1 Hz, guiding the drone in static soaring. If the
drone’s altitude dropped below a safety threshold or its airspeed fell below a safe speed, the
propulsion system would automatically engage, guiding the drone back along the planned
trajectory to regain the mission altitude before resuming autonomous soaring. In the event
of low battery levels displayed on the ground station, the pilot would switch back to manual
control mode to initiate the drone’s landing. The logic for transitioning between these
flight modes is illustrated in Figure 13, and the corresponding flight parameter settings are
provided in Table 6.

Auto soaring mode

whether the updraft

reaches the threshold ?

v

search thermal thermal airflow
airflow by track parameters prediction
v
Whether it is below
Security the safe altitude ?
protection Whether it is below
the safe airspeed ?

Whether the mission
altitude has been reached?

Mission mode

Figure 13. Switching logic between flight modes.

Table 6. Flight parameter settings of the autonomous soaring controller.

Parameters Value
Mission airspeed 12m/s
Mission altitude 250 m
Safe altitude 80 m
Safe airspeed 6.5m/s
Gliding airspeed 11.0or 8.5m/s
Circling radius 80 m

(4) Experimental site

The flight experiments were conducted in a suburban area in northern China, as shown
in Figure 14. The experimental site featured a concrete runway approximately 200 m in
length, which served as the takeoff and landing strip. In addition, the experimental site also
had two undeveloped construction areas (marked in Figure 14). These two construction
sites, compared with the surrounding environment, had no vegetation or buildings to
provide shade. Under the sun’s exposure, they could quickly heat up, generating updrafts.
Therefore, the experiments took place between 7 June and 14 June in the year 2022, from
14:00 to 16:00 local time, ensuring clear weather conditions during each session. Within
this time frame, the heating of the Earth’s surface by the sun reached its peak, making it
conducive to generating thermal updrafts.
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Figure 14. Top view of the experimental site.

3.2.2. Results

Figure 15 illustrates the altitude variation curve of the drone during the flight tests.
The black line represents the takeoff and landing phases, the blue line represents the flight
phase when the drone engaged its propulsion system to enter the mission mode, and the
green line represents the flight phase when the drone deactivated its propulsion system
for autonomous soaring. Throughout the entire flight experiment, the drone flew for
approximately 40 min, with only about 8 min spent in powered flight mode. Observing the
three segments marked with black circles in the altitude variation curve revealed that the
drone’s altitude declines significantly slowed down or even achieved altitude gain. This
demonstrated that the drone successfully performed static soaring within updrafts and
acquired energy.

300

~—— Auto soaring mode
1 —— Take off and Landing

—— Mission mode with propulsion|

0 500 1000 1500 2000 2500
time(s)

Figure 15. Altitude variation during the flight test. The static soaring segments are marked with
black circles.

Figure 16 presents the 3D trajectory map of the drone throughout the entire flight test.
The flight paths corresponding to the three segments of static soaring indicated in Figure 16
are labeled with black circles, and the thermal updraft centers predicted by the method
during static soaring are also marked. The autonomous soaring system guided the drone to
circle around the predicted thermal updraft center, thereby enabling the drone to perform
static soaring within thermal updrafts.
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Figure 16. A 3D trajectory map of the flight experiment.

Throughout the flight, the drone circled around the real-time predicted thermal updraft
center, successfully performing static soaring within thermal updrafts and continuously
acquiring energy. This demonstrated that the autonomous soaring system constructed
using the EKF thermal updraft center prediction method based on OLS could effectively
guide small drones in performing static soaring.

4. Discussion

Figure 17 zooms in on the static soaring flight trajectories from Figure 16 and displays
the perceived updrafts. In “Static Soaring 1” and “Static Soaring 3”, the drone detected
two stable thermal updrafts, but their intensities were too weak to maintain the drone’s
altitude. As a result, the drone experienced a gradual descent until it exited static soaring.
Upon observing the images, it became apparent that as the drone’s altitude changed, its
perceived updraft also changed. This contradicts the assumption in Section 2.3 that the
distribution of updrafts does not vary with altitude. This difference could potentially affect
the drone’s performance in static soaring within weaker updrafts. This issue arises from
limitations in the wind perception system. Since the current wind perception system can
only operate with power off, the drone is unable to maintain altitude in weaker updrafts.
In contrast to natural birds, which can compensate for altitude loss by flapping their wings
slowly, the drone lacks this capability. In future research, it may be worthwhile to consider
constructing a wind perception system that includes a power component and to develop an
autonomous soaring controller capable of maintaining the drone’s altitude with minimal
power in weaker updrafts.

In “Static Soaring 3,” The drone utilized a high-intensity thermal updraft to achieve
altitude gain with the power off. However, this updraft appeared to be unstable, as the
drone encountered descending airflows during flight, contrary to the predicted results.
Natural flows in the real world often involve complex turbulence. The Wharington ther-
mal updraft model used in this paper is a simplified one and may not account for such
complexities. One approach to address this issue is to establish a more detailed wind field
model with more parameters. However, this is expected to increase the complexity of the
prediction method and impose a higher computational load on the small drones. Therefore,
addressing this issue requires the collaborative development of mathematical methods and
onboard miniaturized computers.
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Figure 17. Static soaring flight paths during the flight test.

5. Conclusions

This paper employed an EKF thermal updraft center prediction method based on OLS

to establish an autonomous soaring system for small drones. This system, via real-time
perception of the updraft on drone’s current position, continuously estimated and updated
the thermal updrafts center within the environment, guiding the small drone in static
soaring. The conclusions drawn from this work are as follows:

)

@)

®)

The thermal updraft intensity and radius obtained by the prediction method showed
significant differences and large fluctuations compared with the true values. This was
due to the overfitting phenomenon resulting from the OLS only using a small number
of data points. However, the overfitting results of the least squares method were
effective in localized areas, enabling the accurate prediction of updrafts around the
drone. Thus, the OLS could significantly reduce the complexity of the EKF thermal
center prediction, allowing for real-time and stable updates of the center with minimal
computational load.

The adaptive step size update strategy significantly enhanced the convergence char-
acteristics of the original EKF, leading to rapid convergence. This strategy enabled
the prediction method to adapt to weak updrafts. Even if the initial predicted center
point were at the edge of the thermal, the method could swiftly converge to the actual
thermal updraft center.

The developed autonomous soaring system was tested in flight on the Talon fixed-
wing drone platform. The thermal updraft center was updated at a frequency of
1 Hz. The L1 navigation algorithm guided the drone to circle in flight around the
predicted thermal updraft center. In the flight test, the drone successfully engaged
in static soaring within thermal updrafts, continuously hovering and gaining energy.
Throughout the approximately 40 min flight duration, the drone only utilized its
propulsion for about 8 min. This confirmed the effectiveness of the autonomous
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soaring system using the EKF thermal updraft center prediction method based on
OLS on guiding small drones effectively in static soaring.

(4) The current autonomous soaring system can only operate in an unpowered state.
In future work, there is a plan to create an autonomous soaring system for small
drones that considers propulsion. This system can maintain the drone’s altitude using
minimal power in weaker thermal updrafts. This enhancement will significantly
boost the drone’s mission capabilities and energy harvesting from wind fields, thereby
expanding its application scope.
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