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Unlocking aerobatic potential of quadcopters: 
Autonomous freestyle flight generation and execution
Mingyang Wang1,2, Qianhao Wang1,2, Ze Wang2,3, Yuman Gao1,2, Jingping Wang1,2, Can Cui1,2,  
Yuan Li1,2, Ziming Ding1,2, Kaiwei Wang3, Chao Xu1,2, Fei Gao1,2,4*

Quadcopter drones are capable of executing complex aerobatic maneuvers when controlled manually by skilled 
pilots but are limited to simple aerobatic actions when flying autonomously in open spaces. As such, this 
study introduces a comprehensive system that enables drones to generate and execute sophisticated aero-
batic maneuvers in complex environments with dense obstacle distributions. A universal representation is 
proposed, succinctly capturing flight as a series of discrete aerobatic intentions. These intentions consist of 
topology and attitude changes, which can be combined in various ways to describe intricate flight maneu-
vers. A spatial-temporal joint optimization trajectory planner is also introduced to generate dynamically fea-
sible trajectories that are as smooth as possible and devoid of collisions. In addition, we investigate unique 
yaw sensitivity issues in aerobatic flight and identify the inherent influence of differential flatness singulari-
ties on yaw rotations while avoiding associated dynamics issues. A series of ablation studies confirmed the 
necessity of these spatial-temporal joint optimization and yaw compensation strategies. Additional simula-
tions and physical experiments validated the stability and feasibility of our proposed system for improving 
uncrewed aerial flight. The proposed system enables drones to autonomously achieve flight performance 
usually reserved for professional pilots, unlocking boundless potential for aerobatic flight evolution in un-
crewed aerial vehicles.

INTRODUCTION
Aerobatic flight involves complex maneuvers that are not typically 
performed during normal vehicle operation, given that they are in-
herently dangerous because of the unstable attitudes required. How-
ever, these aerial feats are critical for the survival of several flying 
animals and are often performed instinctively. For example, sparrow-
hawks (1) and falcons (2) can rapidly alter speed and direction through 
vertical or inverted flight to pursue prey or evade obstacles. Bats (3) 
are adept at executing midair flips and hanging upside down from 
cave ceilings, whereas ravens (4) showcase impressive aerobatics to 
attract their peers. For these species, aerobatic maneuvers offer in-
creased adaptability and agility in complex environments, serving as 
critical survival skills that are necessary for predation, roosting, and 
mating. This raises the following question: Could aerial vehicles 
benefit from aerobatic skills to achieve maneuverability similar to 
these species, enhancing their flying capabilities and adaptability in 
complex environments?

Trained human pilots have already demonstrated their ability to 
perform aerobatic flight, and one can draw insights from their flight 
performance. Specifically, quadcopters are capable of first-person-view 
(FPV) freestyle flight and can execute aerobatic maneuvers similar to 
those observed in nature. FPV human pilots can remotely manipu-
late quadrotors to perform frequent large-attitude tumbles, featur-
ing high-speed obstacle shuttling, from a first-person perspective 
using head-mounted display devices (5). Demonstrations of human-
controlled FPV freestyle flights illustrate the dynamic agility of 
quadrotors in navigating complex environments, highlighting the 
immense potential of aerobatic flight.

Aerobatic flight offers opportunities to enhance the applicability 
and performance of aerial vehicles in practical tasks through ad-
vanced maneuverability. For instance, these vehicles can acquire sensor 
data from critical angles; during missions where sensor perception is 
limited, aerial aerobatics allow access to positions and orientations 
that are otherwise unattainable with conventional flight, thereby 
facilitating the collection of sensor data from optimal viewpoints. 
Moreover, they can launch supplies upward by performing aerobatic 
maneuvers to deliver items to otherwise inaccessible locations, such 
as propelling sensor probes into volcanic craters. In addition, aerial 
vehicles can engage in search and rescue operations within narrow 
spaces. By using aerobatic maneuvers, they can swiftly navigate 
through tight gaps that horizontal flight cannot access, aiding in 
the timely location of injured individuals. Last, these vehicles assist 
crewed spacecraft in safely navigating through space debris or a me-
teoroid belt. In this scenario, the spacecraft must maneuver through 
hazardous obstacles at various angles while maintaining gentle move-
ments to minimize overload on both the astronauts and the vessel.

The difficulties associated with these tasks can be summarized by 
two principal components. First, there is a necessity for diverse ma-
neuver types. These missions require aerial vehicles to perform vari-
ous aerobatic maneuvers tailored to specific scenarios, necessitating 
user intentions to impose constraints on flight actions. For instance, 
the vehicle may need to execute a 90° roll while flying through a 
designated window into a building. As the number of desired inten-
tions increases, defining the problem within a generalized framework 
becomes more difficult, making the search for solutions increasingly 
challenging. Second, there is a need for the aircraft to execute actions 
safely. Commercial aerial vehicles currently struggle with performing 
agile aerial maneuvers, and the complexities of obstacle avoidance 
in challenging environments further complicate successful execu-
tion. Although previous studies have addressed the limitations of 
drone control and perception, there has been relatively little focus 
on the rationale for aerobatic trajectories themselves.
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These challenges can be illustrated by FPV freestyle flight, in 
which pilots perform aerobatic maneuvers that produce visually 
notable effects on the basis of a flight environment. During freestyle 
sessions, drone pilots envision a future quadcopter flight path and 
the associated changes in orientation. They then use their skills to 
translate this vision into breathtaking aerobatics. However, these 
aerobatic maneuvers unfortunately all rely on the remote control of 
master-level pilots. Despite substantial advances in artificial aircraft 
within both industrial (6) and academic (7, 8) settings, achieving 
full autonomy for executing aerobatic maneuvers in complex envi-
ronments, similar to those traversed by birds or elite pilots, remains 
an unresolved challenge. As such, we aimed to unlock the bound-
less aerobatic potential of uncrewed drones (see movie S1).

The potential for uncrewed aerobatic flight has led to extensive 
research in recent years. Song et al. (9) and Kaufmann et al. (7) de-
scribed the use of reinforcement learning and model predictive con-
trol in high-speed drone racing, outperforming champion pilots. 
During these flights, quadrotors attempt to make drastic attitude 
changes to pass through certain gates more quickly, possibly even 
pitching downward. However, this type of racing maneuver only 
considers the outcome and lacks the capability to respond to re-
quired arbitrary attitude changes, which are the primary difficulty of 
aerobatic flight. In the pursuit of aerobatic maneuvers, Chen et al. 

(10) and Lupashin et al. (11) achieved multiple flips using quadrotors 
by segmenting the maneuver into different phases. Although this 
segmented control technique considers attitude changes in aerobatic 
trajectories, it neglects the three-dimensional (3D) shape of aerobatic 
maneuvers. In contrast, vertical circles and arcs have been used to fit 
specific aerobatic maneuvers known as power loops (see Fig. 1A): 
360° pitch rotations executed in a shape similar to a circle (12, 13). 
However, not all aerobatic maneuvers (14) can be accurately ap-
proximated using predefined arc-shaped geometries, particularly in 
complex environments. The techniques discussed above focus solely 
on achieving a specific type of aerobatic maneuver and are unable to 
generate more complex maneuvers (10–13). In comparison, a more 
rational approach is to specify key waypoints and their correspond-
ing velocities or attitudes within a given trajectory, enabling the 
execution of more intricate aerobatic maneuvers. Building on this 
concept, Jackson et al. (15) attempted to use quadcopters to perform 
360° flips in a simulated environment, whereas Tal et al. (16) and 
Lu et al. (17) demonstrated the execution of power loop and split-S 
maneuvers for vertical takeoff and landing (VTOL) aircraft, incor-
porating a combination of maneuvers. However, the aerobatic tra-
jectories generated in these studies require repeated fine-tuning of 
key trajectory parameters. As such, it is nearly impossible to gener-
ate dynamically feasible flight trajectories without extensive tuning 

Fig. 1. An illustration of the proposed strategy for aerobatic maneuver representation, generation, and execution. (A) Users are asked to envision their desired 
aerobatic maneuver as a discrete sequence of spatial and attitudinal representations. (B) The flight corridor guarantees both trajectory topology and defined collision-free 
spaces. (C) Planner adjusts the position of the attitude to ensure smoother and more rational transitions along the trajectory while satisfying attitudinal intentions. (D) Yaw 
compensation prevents numerical instability issues resulting from differential flatness singularities, ensuring consistency between planned trajectories and control com-
putations. Additional algorithm details can be found in Materials and Methods and Supplementary Materials.

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



Wang et al., Sci. Robot. 10, eadp9905 (2025)     16 April 2025

S c i e n c e  R o b o t i c s  |  R e s e ar  c h  A r t i c l e

3 of 13

experience. In short, existing research does not adequately capture 
the primary aim of aerobatic flight, which requires a consideration 
of human intention to generate various types of maneuvers. Fur-
thermore, these techniques struggle with object avoidance and are 
thus limited to flying in open, obstacle-free environments. Thus, in 
more complex scenarios, these conventional strategies cannot en-
sure the generation of dynamically feasible trajectories.

The autonomous and safe execution of aerobatic maneuvers in 
complex environments has relied on previous research into highly 
dynamic quadrotor flight, with substantial progress made in recent 
years. Now, vision-based (18, 19) and LIDAR (light detection and 
ranging)–based (20, 21) inertial odometry techniques have achieved 
high-precision localization, improving on the prior constraints of 
external localization systems (22, 23). Modern drones are now capable 
of executing smooth flight, even at high speeds, by using dependable 
perception (24), control (25, 26), and trajectory planning (27) modules 
(28, 29). In addition, spatial and end-state constraints allow drones 
to maneuver through tilted narrow gaps (27, 30) or land on rapidly 
moving inclined platforms (31–33), achieving flight attitudes above 
90°. Compared with the manual specification of key parameters for 
a given trajectory (15–17), this optimization approach, which involves 
setting both obstacle avoidance and attitude constraints, enables agile 
flying while ensuring dynamic feasibility. The resulting trajectory is 
more viable as a result, and the method itself exhibits excellent scal-
ability. However, extending trajectory optimization methods in-
tended for agile flying directly to aerobatic maneuvers yields two 
unresolved issues. First, the attitude constraints for agile flight 
(27, 30–33) remain dependent on the position, which does not fun-
damentally differ from the traditional approach used to specify way-
points and their attitudes. Although trajectory optimization can ensure 
dynamic feasibility, it cannot arbitrarily combine the required aero-
batic maneuvers. Second, the methods discussed above take advantage 
of differential flatness mapping for multirotor crafts (26, 34) during 
both planning and control. This mapping has been proven to exhibit 
singularities in SO(3) space, the group of all rotations in 3D space 
(35), which often occur when the drone is inverted or exhibits 
pitch or roll angles of 90°. Although normal drone flight (attitude 
of at most 60°) typically avoids singularities, aerobatic maneuvers 
that span the entire SO(3) space are bound to pass near them, 
which poses new challenges for generating dynamically feasible 
aerobatic trajectories.

The aerobatic potential of quadrotors was investigated in this 
study by introducing a comprehensive system capable of generating 
any desired aerobatic maneuver in the presence of obstacles while 
circumventing the blocks stemming from differential flatness singu-
larities. First, we proposed a universal representation of aerobatic 
trajectories that supports any combination of aerobatic motions, as 
shown in Fig. 1A. Specifically, we delineated two essential character-
istics of these trajectories: spatial topology and attitude variations. 
The former can be simplified as a sequence of crucial topological 
waypoints, whereas the latter can be generalized as a sequence of 
vital attitudes, collectively referred to in this paper as aerobatic in-
tentions. Users can succinctly express their aerobatic intentions on 
the basis of envisioned maneuvers, bypassing a complex and difficult 
tuning process. Second, we meticulously designed a series of differ-
entiable metrics that consider aerobatic intention, safety, and dynamic 
feasibility (Fig. 1C). We leveraged these metrics and transformed the 
basic requirements of an aerobatic trajectory into a numerical op-
timization process, which can be efficiently solved to generate the 

desired aerobatic maneuvers, even if the initially designated way-
points are infeasible. Third, we extensively analyzed sensitivity issues 
near the singularity point, caused by differential flatness mapping 
(see Fig. 1D). To bypass this issue, we developed a mapping strategy 
called yaw compensation mapping (YCM). This approach avoids 
possible numerical instabilities and ensures that the aerobatic trajec-
tory satisfies dynamic feasibility requirements.

Our system was deployed in two different classical freestyle FPV 
drone models with different wheelbases and distinct flight capabili-
ties (Fig. 2B). A ground station provided a visual representation of 
environments and generated aerobatic trajectories, where the user 
provided intended aerobatic motions (see Fig. 2C). Our system also 
used known maps as input (Fig. 2A) to provide users with an intui-
tive demonstration of flight trajectory generation. This is a natural 
requirement for FPV freestyle flight because even the most skilled 
pilots require familiarity with the flight environment before exe-
cuting aerobatic maneuvers. The drone, equipped with embedded 
computing devices, hosts an entirely autonomous navigation algo-
rithm responsible for trajectory planning, localization, and control 
(Fig. 2D). Extensive simulations and physical experiments con-
firmed that our system achieved fully autonomous aerobatic flight 
previously unattainable by other models, allowing drones to outper-
form human pilots.

RESULTS
The viability of the proposed system was assessed using both simu-
lations and two distinct flight challenges conducted in real-world 
environments. The first experiment was intended to validate the 
practical applicability of the proposed system in real freestyle sce-
narios, whereas the second aimed to verify the stability during extreme 
maneuvers in confined spaces. In addition to these two experiments, 
we also conducted flight comparisons with one of the top drone pilots 
in China. The results demonstrated that our proposed system per-
formed aerobatic maneuvers comparable to those of professional 
aviators while consistently attaining higher success rates across 
test scenarios. Corresponding simulations illustrated the process 
of generating trajectories on the basis of specified intentions and 
quantitatively verified the necessity of key system modules through 
ablation analysis.

Large-scale aerobatic flight
The proposed system ensures safe autonomous aerobatic flight for 
drones in vast, unstructured environments. As depicted in Fig. 3, A 
and B, this experiment involved an unstructured setting that included 
both artificial objects and natural foliage, spanning a large volume 
measuring 100 m by 40 m by 20 m. This classic scene is ideal for human 
pilots to showcase their aerobatic skills, with bridges and abundant 
trees providing rich visual references that require visually complex 
maneuvers during flight. By premapping the environment and in-
putting the aerobatic intentions, we generated a 220-m-long aero-
batic trajectory that seamlessly combined three classic maneuvers. 
Figure 3C illustrates the flight trajectory and associated attitude 
change for each maneuver. The included yaw compensation strategy 
allowed the drone to maintain its heading in the direction of flight 
throughout the process, preventing any superfluous yaw rotations 
when the attitude was fully reversed. The smooth and continuous 
angular velocity curve in Fig. 3D further verifies this effect. A de-
tailed analysis of the YCM and the differential flatness singularity 
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can be found in the “Yaw compensation mapping” section and Sup-
plementary Methods.

Furthermore, to avoid excessive tracking errors that could lead to 
crashes, the proposed system aims to generate aerobatic trajectories 
that are as smooth and gradual as possible, eliminating overloads 
caused by drastic changes in thrust or angular velocity. In this ex-
periment, the upper limit of the net thrust during trajectory plan-
ning was set to only 1.5 times the acceleration due to gravity, 
whereas the maximum angular velocity was restricted to 4 rad/s. 
These physical parameters are easily achievable for almost any quad-
copter. Benefiting from strict dynamic constraints imposed on the 
aerobatic trajectory, both the thrust and angular velocity were rigor-
ously confined within their respective intervals throughout the en-
tire planned trajectory. Figure 3D depicts key flight data, including 
position and attitude tracking errors, net thrust, and three-axis an-
gular velocity. We used additional color bands to highlight the time 
intervals during which these aerobatic maneuvers were executed. 
During the time intervals of 2 to 4 s, 8 to 10 s, and 16 to 18 s (while 
maneuvers were being performed), positional errors did not exceed 
15 cm, and the attitude tracking error remained within 12°. These 
tracking errors did not exhibit a noticeable increase compared to the 
transitional phases between aerobatic maneuvers (i.e., time intervals 
of 4 to 8 s and 10 to 16 s). Trajectory optimization strictly con-
strained the net thrust and angular velocity to remain within the 
generous upper limits of the dynamic parameters, ensuring that the 
drone could easily execute aerobatic maneuvers. For more details on 
trajectory optimization, refer to the “Trajectory representation” and 
“Problem formulation” sections. Video footage of this experiment is 
provided in movie S2.

Successive aerobatic maneuvers in confined spaces
The experiments discussed previously highlighted the impressive 
performance achieved by the proposed system in large-scale aero-
batic flight scenarios. In comparison, the experiment shown in Fig. 4 
was intended to evaluate system capabilities for generating aerobatic 
trajectories in confined spaces, which require drones to perform ma-
neuvers near obstacles. As illustrated in Fig. 4C, the experiment re-
stricted aerobatic flight to within the narrow range of a motion 
capture system (36) at a height of only 3.5 m. Tunnels, circular gates, 
and flags were strategically positioned in the environment and served 
as obstacles. Aerobatic intentions were incorporated into the system, 
which generated agile aerobatic trajectories designed to avoid obsta-
cles. This included shuttling through circular gates in reverse and fre-
quent passage through tunnels (see Fig. 4B and movie S3).

Notably, users were only required to specify the general position 
and attitude of the aerobatic intentions, without the need to meticu-
lously adjust specific position details. This is because the planner as-
sists users in autonomously adjusting the timing and positioning of 
aerobatic intentions along the entire trajectory. Figure 4B depicts a 
scenario in which the original intentions input by the user are spaced 
too closely. As such, the resulting trajectories would likely be infea-
sible if strictly adhering to the rules established by existing methods 
(15–17). In contrast, the proposed system gradually adjusts the aero-
batic intentions toward more rational positions to ensure that the 
generated actions are dynamically feasible. The proposed model can 
also ensure stable execution of highly dynamic trajectories because 
of the strict constraints imposed by dynamic variables. In this ex-
periment, the flight speed at most positions along the trajectory ex-
ceeded 4 m/s, yet position tracking errors generally remained below 

Fig. 2. Hardware and system architecture specifications. (A) A prescanned map includes rich environmental data and provides topological references for user intention 
inputs and trajectory planning. (B) Flight platform hardware components. Colored light strips were installed on the arms of the drone to distinguish its orientation during 
experiments. (C) A visual ground station with an interactive interface was provided to users, allowing them to preview aerobatic trajectories and adjust their input inten-
tions, providing better alignment with their expectations. (D) Localization, planning, and control modules running on the onboard drone computer.
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0.15 m (see Fig. 4A). Furthermore, this aerobatic trajectory was re-
peated eight times in complex environments. The position and attitude 
tracking errors were then calculated at aerobatic intention points dur-
ing each flight (see Fig. 4C). The flight data confirmed that our gener-
ated aerobatic trajectories could be reliably and safely executed.

Combinations of aerobatic intentions
In the previous section, we briefly discussed aerobatic intentions and 
their corresponding generated maneuvers. In this section, we further 
describe various types of aerobatic intentions and the various ma-
neuvers they can flexibly combine to produce flight trajectories. As 

Fig. 3. Large-scale aerobatic flight in an unconstrained environment. (A) Sequential snapshots of the flight trajectory, including a barrel roll (3), power loop (1), and 
split-S (2) from left to right. (B) Detailed close-up snapshots of three classic aerobatic maneuvers when the drone was upside down at its highest point. (C) Environment 
point cloud. The quadrotor attitude and trajectory were recorded and replayed in the visualization software, which showed changes in drone attitude during each aero-
batic maneuver. The red, green, and blue drone axes correspond to the x, y, and z axes in the body frame. (D) Aerobatic flight parameters. The δp term represents the po-
sitional tracking error; X, Y, and Z denote the single-axis error; and ‖δp‖ indicates the total tracking error (the two norm of positional errors along individual axes). The 
τ term denotes the net thrust, Ref. signifies expected values obtained from the planned trajectory, and Meas. represents the two norm of the 3D linear acceleration 
measured by the inertial measurement unit (IMU) of the drone. The δθ term represents the attitude tracking error, which refers to the angular value of the difference be-
tween two quaternions converted into axis-angle representations. In our experiments, a cascaded proportional-derivative controller was used to regulate the drone by 
adjusting the desired attitude on the basis of positional and velocity tracking errors. The attitude corrected by the controller reflects the actual attitude adopted by the 
drone during execution. Fb. denotes the error between the controller-corrected attitude and the theoretically planned trajectory attitude, and Exec. represents the devia-
tion between the actual drone attitude and the controller-corrected attitude. The � term denotes the angular velocity, where ‖ωxy ‖ =

�
ω2

x
+ ω2

y
. Each of these symbols 

can be found in Materials and Methods and Supplementary Materials.
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mentioned in the description of Fig. 1A, the key components of aero-
batic actions include spatial topology and attitude variations, each of 
which can be represented by discrete positions and attitudes. Specifi-
cally, three types of user intentions were defined, as shown in Fig. 5. 
The first type of intention included only position information, wherein 
positions along the whole intention sequence were sequentially con-
nected to represent the associated topology. The second and third in-
tentions also included attitude directions, adding attitude constraints 
to the trajectory and aiming for a position that reached the corre-
sponding attitude. The difference between these two cases is that the 
second type of intention does not constrain the attitude position, 

whereas the third intention requires the trajectory to reach a specific 
attitude while remaining near the current position.

Although these three types of intentions are simple, their combi-
nations can represent various aerobatic maneuvers (see movie S4). 
Here, we present the intentions corresponding to some classic aero-
batic maneuvers. In Fig. 5B, each maneuver is represented by five 
intentions, excluding the starting and ending points, with three of 
these intentions providing attitude information. To emphasize the 
importance of both spatial topology and attitude, we ensured that 
the position information of the five intentions was completely identical. 
By rearranging the order of the five intentions and altering attitude 

Fig. 4. Performing aerobatics while avoiding obstacles. (A) Overview of the aerobatic flight trajectory. (i) The planned trajectory and corresponding speed. (ii) The 
planned trajectory attitude. The attitude angle was defined as the angle between the direction of the drone’s z axis and the direction opposite the acceleration of gravity. 
The attitude of the drone at each sampling point was represented by a circle perpendicular to the z axis. (iii) Environmental obstacles and tracking errors for trajectory 
execution. (B) Specific input intentions for each aerobatic maneuver, corresponding position and attitude for the planned trajectory, and snapshots of the actual flight 
trajectory. The point cloud and trajectory are of the same significance as [(A), iii]. (C) Real aerobatic snapshots and statistics. The quadrotor was equipped with light bars 
on all four arms, with the nose bar colored purple and the tail colored blue. The horizontal coordinates in the box plot represent the indices of the eight aerobatic inten-
tions entered by the user. All data were derived from the eight complete aerobatic flights.
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directions, we effectively generated aerobatic trajectories exhibiting 
various topologies and attitude variations. Furthermore, the first and 
third intentions shown in Fig. 5B feature identical positions and atti-
tude directions. However, because the third intention added position 
constraints, the shape of the trajectory was flattened to achieve an 
inverted attitude at the position specified by the aerobatic intention.

Discrete intentions not only allowed for a distinct representation 
of different aerobatic maneuvers but also offered diverse possibilities 
for combining them. Figure 5A illustrates a complex combination of 
such trajectories, wherein each submaneuver is shown in Fig. 5B. By 
connecting discrete aerobatic intentions, we could easily assemble 
aerobatic maneuvers from single components, creating more intricate 
and sophisticated results. We could also use a chance combination of 

the three types of intentions, as shown in Fig. 5C, to create unexpected 
aerobatic maneuvers. For additional examples of how different combi-
nations of aerobatic intentions lead to various maneuvers, please refer 
to Supplementary Results.

Matching and surpassing human pilots
The proposed system was further evaluated by comparison with a 
professional pilot with 5 years of specialized flying experience. 
S. Zhao has earned second place and several top-eight finishes in 
Chinese drone racing competitions. Although primarily a racer, he 
is also skilled in freestyle flight, especially the power loop. In this 
comparison experiment, he was allowed to operate both his own 
drones and drones that were identical to our autonomous platform. 

Fig. 5. Various aerobatic intentions and their corresponding trajectories. (A) A sophisticated combination of trajectories and associated intentions, divided into three 
categories and connected in sequential order by green lines. Four consecutive aerobatic maneuvers were performed along this trajectory, each corresponding to the 
classic maneuvers shown in (B). (B) Four classic aerobatic maneuvers and their respective intentions. Each maneuver involved slightly different topological sequences, 
attitude directions, or intention types, resulting in completely different trajectories. (C) Aerobatic maneuver generated by a unique combination of intentions that does 
not conform to any established classic aerobatic maneuvers.
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The pilot was given ample opportunity to practice before the com-
petition, allowing him to familiarize himself with the environment 
and fine-tune the drone to his preferred handling settings. Subse-
quently, both the human pilot and the proposed system performed 
identical aerobatic maneuvers, specifically flying backward through 
a series of 1.2 m–by–1.2 m gates. During flight, we focused solely 
on the power loop (the pilot’s preferred event), without introduc-
ing any obstacles other than the gates.

Figure 6A illustrates trajectory shapes and attitude changes during 
10 successful executions of the power loop. The colors and shapes 
indicate that the human pilot maintained an inverted attitude for a 
longer duration, requiring greater horizontal and vertical distances 
to recover the drone to a safe attitude. In contrast, the trajectories 
generated by the proposed system restricted attitude inversion ma-
neuvers to a more compact area. This suggests that when obstacles 
were present in front of the gate, the human pilot was more suscep-
tible to collisions and crashes because of the difficulty of correcting 
the aircraft’s orientation.

We further devised a challenging maneuver involving six con-
secutive power loops, in which the drone was required to travel 
backward through six parallel gates. Figure 6C provides the statistics 

for these attempts. Although the success rate for a single loop by the 
human pilot was relatively high (~70%), the overall success rate under 
continuous flight conditions decreased markedly, with only 3 suc-
cesses of the 24 attempts. Conversely, the algorithm demonstrated 
notable stability, achieving a 100% success rate across five flights. 
Figure 6B provides a comparison between the trajectory of the opti-
mal human pilot flight and that of the algorithm. It is evident that 
the human pilot encountered difficulties in maintaining continuity 
throughout the entire flight. The pilot often found it necessary to 
reduce speed and adjust the drone’s attitude and direction to align 
with the upcoming gate, resulting in trajectories that were charac-
terized by sharp turns, as illustrated in Fig. 6B. Ultimately, Fig. 6 (A 
and B) indicates that the human pilot had difficulty maintaining a 
safe distance from the gates, making them more vulnerable to colli-
sions compared with autonomous drones.

Ablation analysis
This section provides a comprehensive overview of core algorithm 
functionality, encompassing yaw compensation and trajectory op-
timization. The necessity of these features was validated through a 
series of ablation experiments.

Fig. 6. In comparison with human pilot. (A) A comparison of 10 successful power loop maneuvers by the human pilot and the proposed system. The attitude angle was 
defined as the angle between the drone’s z axis and the direction opposite to gravitational acceleration. (B) The best performances from a continuous sequence of six 
power loops performed by both the human pilot and the proposed system. The color bar represents the attitude angle, and the black arrows indicate flight directions. 
(C) Statistics describing the success rate for continuous power loops (see movie S5). Success indicates safe passage through the gate; danger denotes that a near-crash 
occurred but the pilot recovered successfully, allowing the flight to continue; failure refers to unsuccessful maneuvers but no crash occurred; and crash signifies an irre-
trievable fall because of a collision. The success rate was calculated as (successful attempts + dangerous attempts) / (total attempts).
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Yaw compensation
Ablation experiments were conducted to visually demonstrate sen-
sitivity issues near the differential flatness singularity and the func-
tionality of YCM, as shown in Fig. 7A. An aerobatic trajectory was 
generated to represent a classic power loop maneuver, which 
served as the execution trajectory. We used both classic differential 
flatness (26) and differential flatness with YCM to calculate drone 
states along the aerobatic trajectory. These two mapping strategies 
differed only in the calculation of the γ angle. This angle, also 
known as the yaw angle in classic differential flatness, only affected 
the drone heading and z-axis angular velocity in the final calcula-
tions. Additional information is available in the “Yaw compensa-
tion mapping” section and the Supplementary Materials.

Figure 7A displays a case without YCM, in which the computed 
z-axis angular velocity fluctuated extensively, reaching almost 200 rad/s 

when the γ angle was held constant at 0. This caused the heading of the 
drone to rotate 360° within a brief 80-ms interval, which was both un-
necessary and dynamically infeasible. However, in the case with YCM, 
the γ angle was calculated using the desired velocity direction, thereby 
preventing these fluctuations. Despite a 360° variation in γ, the com-
puted z-axis angular velocity remained stable, and the drone avoided 
any additional rotations. This suggests that γ lacks any physical impor-
tance and is not synonymous with the conventional yaw angle, merely 
resembling it near-level flight attitudes. In situations where singulari-
ties are encountered (e.g., aerobatic flight), incorrect γ values can cause 
a heading to rotate inexplicably, causing sensitivity issues near the sin-
gularities. Therefore, it is imperative to use YCM to prevent additional 
drone rotations. In this process, the variable γ is adjusted to ensure that 
physically meaningful z-axis angular velocities remain smooth, there-
by ensuring dynamic feasibility of the computed trajectory.

Fig. 7. Ablation analysis. (A) A comparison of trajectory state calculations with and without YCM. (i) shows attitude variations for the entire trajectory during aerobatic 
flight, whereas (ii) depicts drone states computed with and without YCM. (iii) provides a magnified view of drone attitude and calculated state variables within a total time 
span of 80 ms near T0, representing the moment in the planned trajectory at which the drone attitude completely reverses. (B) Performance comparisons for various op-
timization conditions. (i) shows typical trajectory diagrams for three classic aerobatic maneuvers, optimized for three different conditions. The bar charts included in 
(ii) compare several different metrics, with each bar representing a sample size of 10. To be specific, aerobatic penalty measures the extent to which the trajectory aligns 
with the intended maneuver, with higher values indicating poorer alignment. Energy assesses the overall energy expenditure along the trajectory, and time denotes the 
allocation of execution time. Formulas for these metrics can be found in Materials and Methods. Plots and graphs can be recreated using the released dataset (45).
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Trajectory optimization
An additional ablation experiment was conducted to demonstrate the 
necessity of our proposed spatial-temporal simultaneous optimiza-
tion method, as shown in Fig. 7B. This approach, termed optimize 
time and position (OTOP), simultaneously optimizes the temporal and 
spatial positioning of aerobatic maneuvers along given trajectories, pro-
viding a large solution space for trajectory generation. The following 
techniques were compared in this ablation experiment: Optimize time 
fix position (OTFP) optimizes only the time while fixing the spatial po-
sitions in aerobatic maneuvers, fix time optimize position (FTOP) 
optimizes only the position while fixing the percentage of aerobatic 
maneuver time along a trajectory, and OTOP simultaneously opti-
mizes both attributes. By examining these different techniques, we 
demonstrate the distinct trajectories produced by each condition.

Specifically, we tested three classic aerobatic maneuvers under 
three different optimization conditions. By simply altering the posi-
tions of individual aerobatic intentions, we repetitively generated 
each trajectory 10 times while ensuring that the resulting actions 
remained unchanged. As shown in Fig. 7B, OTFP effectively stabi-
lized the trajectory shapes but required more energy for execution. 
Conversely, although FTOP required the lowest energy consump-
tion, its trajectory shape was distorted by irrational time alloca-
tions. In contrast, OTOP maintained a balance between energy 
savings and time allocation, thereby minimizing the sum of energy 
and time costs. Furthermore, appropriate time and energy alloca-
tions ensured the smooth execution of aerobatic maneuvers. In ad-
dition, OTOP ensured minimal aerobatic penalties, regardless of 
maneuver type. Our proposed system optimized time requirements 
by default, given that trajectory distortions can render the associ-
ated dynamics infeasible. However, we retained the capability to fix 
the spatial positions of aerobatic intentions, catering to users with 
specific requirements for the trajectory shape (see Fig. 5A).

DISCUSSION
The primary goal of this study was to achieve the graceful maneuvers 
performed by birds and professional FPV freestyle pilots, navigating 
complex environments with natural fluidity. To this end, we proposed 
a comprehensive system for the generation and execution of aerobatic 
trajectories. The aerobatic intentions input by users encompassed 
boundless possibilities for generating diverse maneuvers. A meticu-
lously crafted spatial-temporal trajectory optimization algorithm en-
sured the safety, stability, and viability of these trajectories. In addition, 
YCM obviated the safety hazards inherent in executing complex flight 
trajectories. Simulated ablation studies and real-world experiments 
substantiated the efficacy of the proposed system for generating more 
plausible and diverse aerobatic trajectories, which could be safely ex-
ecuted in areas that are densely populated by obstacles. The proposed 
system enables drones to autonomously achieve flight performance 
typically reserved for professional pilots, unlocking limitless potential 
for the evolution of aerobatic flight in uncrewed aerial vehicles.

In the aerobatic demonstrations presented in this study, the drone 
heading was consistently aligned with the direction of travel (the 
heading was calculated using a YCM based on the trajectory velocity 
described in Materials and Methods). However, skilled FPV pilots can 
achieve visually notable maneuvers (e.g., inverted and sideways flight) 
by controlling yaw rotations. Specifying a heading that aligns with 
the direction of travel is merely a means of reducing the dimensionality 
of variables during trajectory optimization, thereby ensuring that 

the aerobatic maneuvers remain as concise and clear as possible. Our 
proposed YCM does not reduce the drone’s freedom to perform yaw 
rotations. Instead, it thoroughly decouples yaw and position within 
a classic differential flatness framework. To achieve additional yaw 
rotations, one simply needs to include the desired heading orienta-
tion in the aerobatic intention while also incorporating yaw variables 
as part of trajectory optimization.

Even the most adept FPV freestyle pilots require a familiarity with 
the flight environment before engaging in aerobatic maneuvers. Our 
system also relies on known maps, which requires constraining drones 
to follow preplanned trajectories with known obstacles. In scenarios 
where detailed maps are unavailable, the trajectories generated by 
the proposed system can serve as a robust global guidance, allowing 
for the swift avoidance of unknown obstacles through a real-time, high-
frequency replanning module. This strategy, which combines global 
planning for guidance with local replanning for rapid obstacle avoid-
ance, has been validated for its reliability in numerous studies (37–
39). Furthermore, manually input intentions can directly affect the 
quality of aerobatic maneuvers because the trajectories generated 
under extreme intent constraints often prioritize dynamic feasibility. 
Our experience suggests that a well-defined topology of intentions is 
more effective than fine-tuned positional adjustments. More examples 
of aerobatic maneuvers can be found in Supplementary Results. The 
proposed system uses widely used classical geometric drone controllers 
(25), thereby neglecting model mismatch issues. The consideration of 
more precise aerodynamic models [i.e., nonlinear model predictive 
control (40) or higher-order residual dynamic models (7, 41)] would 
likely provide enhanced control outcomes compared with those pre-
sented in this article.

Overall, the proposed system is designed to address deficiencies 
in existing aerobatic flight trajectory planning algorithms, as mea-
sured by feasibility and safety in intricate environments. It should also 
be acknowledged that aerobatic flight poses a systemic challenge, de-
manding high standards for the perception, localization, planning, and 
control of aerial vehicles. Designing a comprehensive flight system 
that fully exploits the potential of these vehicles for achieving au-
tonomous real-time aerobatic flight in unknown environments rep-
resents a promising research direction with considerable potential 
for advancement.

MATERIALS AND METHODS
System architecture
A comprehensive strategy was developed for aerobatic maneuver in-
tention input, trajectory generation, and execution, as shown in Fig. 2. 
Similar to the way in which experienced aerobatic pilots prefer to fa-
miliarize themselves with new environments before performing aero-
batic maneuvers, it is necessary to build a 3D map of the environment 
beforehand (see Fig. 2A). These environmental details not only served 
as topological references and obstacle constraints for trajectory gen-
eration but also provided localization assistance for high-speed drone 
flights, as detailed in Fig. 1B and the “Corridor generation” section in 
Supplementary Methods. Aerobatic maneuvers are based on aerobatic 
intentions, as shown in Fig. 1A and explained in the “Aerobatic pa-
rameterization” section. We created a Unity-based visual interactive 
program for ground station operations. Figure 2C and movie S4 il-
lustrate how the human-machine interface facilitated user input of aero-
batic intentions and visualized trajectory outcomes for fine-tuning 
by the user. Our system’s primary feature is an aerobatic planning 
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module, which generates high-quality trajectories (Fig. 1C). As such, 
comprehensive explanations are given in the “Trajectory representa-
tion” and “Problem formulation” sections. The issue of yaw sensitivity 
during aerobatic flights was addressed as shown in Fig. 1D, with the 
“Yaw compensation mapping” section and Supplementary Methods 
providing essential information. In addition, Supplementary Methods 
contain further detail concerning system control, localization, and 
hardware-related system aspects.

Aerobatic parameterization
As discussed in the Introduction, aerobatic maneuvers exhibit dis-
tinct and identifiable characteristics known as aerobatic intentions. 
We categorized these features using trajectory topologies within the 
environment and attitude changes achieved during the maneuvers, 
which can be further defined as key waypoints and attitude sequenc-
es, respectively. These two features can be expressed as follows

where K is the number of input intentions and σk ∈ S2 is a vector in 
the world frame, indicating the quadrotor thrust direction. The Pσ 
term is a key waypoint, which can be used to generate a flight corri-
dor sequence  in a known environment . Taking the power loop 
as an example, this trajectory typically involves a 360° flip around 
the obstacle along the pitch axis, as shown in Fig. 1A. According to 
this description, trajectories around obstacles represent the topology 
of the trajectory in the environment, which can be further illustrated 
using a series of specific waypoints. The 360° flip along the pitch axis 
represents the attitude change in this maneuver, which can also be 
summarized by a few key attitudes.

Yaw compensation mapping
Yaw compensation involves analyzing specific mathematical formu-
las and proofs. This section briefly introduces the background that 
led to this issue (“Differential flatness” section), the driving mecha-
nisms (“Sensitivity around singularity” section), and our primary ap-
proach to resolving the issue (“Yaw compensation strategy” section). 
For more detailed information, please see Supplementary Methods.
Differential flatness
Multicopters exhibit differential flatness properties, which allow the 
drone’s state x and the input u to be expressed as algebraic functions 
of carefully selected flat outputs ζ(t) and their derivatives. The dif-
ferential outputs for quadrotors can typically be expressed as follows

where p ∈ ℝ
3 is the position of the quadrotor and γ ∈ SO(2) repre-

sents the rotation angle that affects the quadrotor’s z axis. Differential 
flatness mapping eliminates differential constraints in the system dy-
namics equations and reduces the dimensionality of the trajectory rep-
resentation space, thereby facilitating trajectory generation for drones 
(25, 26, 34). For this reason, differential flatness is commonly used in 
planning and control modules, achieving impressive flight outcomes.
Sensitivity around singularity
One disadvantage of differential flatness is the presence of singularities. 
Watterson et al. (26) demonstrated the impossibility of constructing 
a differential flatness mapping without introducing a singularity. As 
such, conventional techniques relocate these singularities to regions 

that are far from the normal flight. For example, a singularity occurs 
when a robot is pitched at a 90° angle from the hover position (34) or 
when the robot is fully inverted (26). In aerobatic maneuvers, states 
reachable by a drone span the entire SO(3) space, which necessitates 
addressing these issues. The influence of singularities on differential 
flatness mapping involves two contributions. First, the quadcopter 
state and inputs cannot be computed at the singularity. Second, nu-
merical instabilities near the singularity can produce unnecessary yaw 
rotations in the drone (yaw sensitivity issues), even with a smoothly 
planned trajectory for γ. Although singularities are mathematically 
unavoidable, certain engineering practices can avoid undefined states 
through conditional checks. Our proposed technique primarily ad-
dresses numerical instability concerns near these points.
Yaw compensation strategy
Fundamentally, γ represents the rotation angle extending from the 
quadrotor’s z axis, although it cannot be considered as the Euler yaw 
angle. Previous studies (30, 32, 33, 42, 43) tend to confuse the γ an-
gle in differential flatness with the Euler yaw angle because the two 
are nearly equivalent during low-speed stable flight. However, the 
disparities between them become more apparent as the flight angle 
increases, bringing the aircraft closer to the singularity range. As 
such, we refrained from simplistically treating γ as the yaw angle for 
planning purposes during aerobatic maneuvers. Here, we introduce 
the variable d(t) ∈ ℝ

3 to represent the quadrotor heading (instead 
of the angle γ) as follows

This expression allows us to represent the differential flatness variable 
ζ(t) as a function of �̃(t) = {p(t), d(t)}. By constraining and optimiz-
ing the variables with physical significance (d), we can ensure that sen-
sitivity issues around the singularity do not affect the heading during 
aerobatic flight. It is worth noting that d and p are completely decou-
pled, indicating that after introducing d, rotation around the z axis re-
mains unrestricted. In aerobatic maneuvers, the quadrotor’s head 
direction always aligns with the forward direction. Hence, we directly 
define the heading direction as the velocity direction (i.e., d = ṗ).

Trajectory representation
A 3D M-piece polynomial spline p(t) = {p1(t), … , p

M
(t)} ∈ ℝ

3 was 
used to represent the flat-output trajectory. Here,  T={T1,… ,T

M
}∈ℝ

M

>0
 

represented the durations of all pieces, and TΣ =
∑M

i=1
Ti denoted 

the total time for the whole trajectory. We defined the ith piece 
spline as a D-degree polynomial

where D = 2s − 1 and s are the order of the relevant integrator 
chain, ci ∈ ℝ

2s×3 is the coefficient matrix for each piece, and 
β(t) =

[
t0, t1,… tD

]T
 is the natural basis. The spatial and temporal 

profiles of the trajectory were efficiently deformed during optimi-
zation by adopting the minimum control effort (MINCO) (27) as 
the trajectory representation method. The core feature of MINCO 
is a linear-complexity smoothing map c =M(q,T), where 
q = {q1,…, q

M−1} are the intermediate waypoints. According to 
theorem 2 in (27), this mapping directly constructs a minimum 
control trajectory for a 3D s-integrator chain using any specified 
initial and terminal conditions. In this way, by optimizing the 

σ = {σ1, … , σ
K
} (1)

Pσ = {pσ
1
, … , pσ

K
} (2)

ζ(t)={p(t), γ(t)}={px(t), py(t), pz(t), γ(t)} (3)

γ(t) = (d(t), p(t)) (4)

pi(t) = cT
i
β(t), ∀ t ∈

[
0,Ti

]
(5)
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trajectory parameters (q and T), we can change the shape of the 
trajectory in the spatial and temporal dimensions.

Problem formulation
The trajectory optimization problem can be formulated as follows

where the function in Eq. 6A represents the control effort and time 
allocation. We can adjust the weight λt to achieve a trade-off between 
trajectory smoothness and aggressiveness. Equations 6B and 6C rep-
resent the inequality and equality constraints related to the trajectory 
parameters (q and T), specifically encompassing dynamic constraint, 
corridor constraint, and others. Equation 6D ensures compliance 
with aerobatic constraints, where tσ

k
 denotes the time for an aerobatic 

intention along the entire trajectory and  = {tσ
1
, … , tσ

K
}. We re-

moved all constraints in Eqs. 6A to 6D by formulating penalty func-
tions or substituting variables. The resulting trajectory generation 
problem can thus be reformulated as an unconstrained optimiza-
tion problem

where λ⋆ is the weight of the penalty function ⋆ and the sub-
scripts ⋆ = {e, t, a, c, d} represent the control effort e, time allo-
cation t , aerobatic intention a, corridor topology c, and dynamic 
feasibility d. This unconstrained problem can be solved using an 
efficient optimizer called L-BFGS (limited-memory Broyden-
Fletcher-Goldfarb-Shanno) (44). The detailed definitions of all 
constraints, along with the transformation into an unconstrained 
optimization function, can be found in Supplementary Methods.

Statistical analysis
We used three statistical analysis methods: bar charts (Fig. 7B), box 
plots (Fig. 4C and fig. S6C), and violin plots (fig. S7B). The bar chart 
displays the mean of the data. The box plot summarizes the data dis-
tribution by showing the median and interquartile range (IQR), with 
whiskers extending to 1.5 times the IQR; data points beyond this 
range are considered outliers and are represented in the figure. Violin 
plots are a hybrid visualization method that combines the distribu-
tion information of kernel density estimation with key summary sta-
tistics from box plots. Each “violin” shape has two symmetrical halves 
representing the probability density of the data at different values, 
with wider sections indicating higher probability concentrations. The 
kernel density estimator is the estimated probability density function 
of a random variable. For any real values of x, the kernel density esti-
mator’s formula is given by

where xi are random samples from an unknown distribution, n is the 
sample size, h is the bandwidth parameter, and K( ⋅ ) is the kernel 
smoothing function, and we used Gaussian kernel in our analysis. 
All original data can be found in our publicly available datasets (45), 
with the sample sizes for each statistical analysis indicated in the 
figure captions.

Supplementary Materials
The PDF file includes:
Methods
Table S1
Results
Figs. S1 to S7
References (46–60)

Other Supplementary Material for this manuscript includes the following:
Movies S1 to S5
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