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First-person view (FPV) drone racingis a televised sport in which professional
competitors pilot high-speed aircraft through a 3D circuit. Each pilot sees the
environment from the perspective of their drone by means of video streamed from an
onboard camera. Reaching the level of professional pilots with an autonomous drone

is challenging because the robot needs to fly at its physical limits while estimating its
speed and location in the circuit exclusively from onboard sensors’. Here we
introduce Swift, an autonomous system that can race physical vehicles at the level of
the human world champions. The system combines deep reinforcement learning (RL)
insimulation with data collected in the physical world. Swift competed against three
human champions, including the world champions of two international leagues, in
real-world head-to-head races. Swift won several races against each of the human
champions and demonstrated the fastest recorded race time. This work represents a
milestone for mobile robotics and machine intelligence?, which may inspire the
deployment of hybrid learning-based solutions in other physical systems.

Deep RL?® has enabled some recent advances in artificial intelligence.
Policies trained with deep RL have outperformed humans in complex
competitive games, including Atari*®, Go> %, chess®, StarCraft'°, Dota
2 (ref. 11) and Gran Turismo'>®, These impressive demonstrations of
the capabilities of machine intelligence have primarily been limited
to simulation and board-game environments, which support policy
search in an exact replica of the testing conditions. Overcoming this
limitation and demonstrating champion-level performance in physi-
cal competitionsis along-standing problem in autonomous mobile
robotics and artificial intelligence™ .

FPV droneracingisatelevised sportin which highly trained human
pilots push aerial vehicles to their physical limits in high-speed agile
manoeuvres (Fig.1a). The vehicles used in FPV racing are quadcopters,
which are among the most agile machines ever built (Fig.1b). During a
race, the vehicles exert forces that surpass their own weight by afactor
of five or more, reaching speeds of more than 100 km h™ and accel-
erations several times that of gravity, even in confined spaces. Each
vehicle is remotely controlled by a human pilot who wears a headset
showingavideo stream from an onboard camera, creating animmersive
‘first-person-view’ experience (Fig. 1c).

Attemptsto create autonomous systems that reach the performance
of human pilots date back to the first autonomous drone racing com-
petitionin2016 (ref. 17). A series of innovations followed, including the
use of deep networks to identify the next gate location'®?°, transfer
of racing policies from simulation to reality?* and accounting for
uncertainty in perception®?*, The 2019 AlphaPilot autonomous drone
racing competition showcased some of the best research in the field®.
However, the first two teams still took almost twice as long as a profes-
sional human pilot to complete the track?*¥. More recently, autono-
mous systems have begun to reach expert human performance® .
However, these works rely on near-perfect state estimation provided

by an external motion-capture system. This makes the comparison with
human pilots unfair, as humans only have access to onboard observa-
tions from the drone.

Inthisarticle, we describe Swift, an autonomous system that canrace
aquadrotor at the level of human world champions using only onboard
sensors and computation. Swift consists of two key modules: (1) a per-
ception system that translates high-dimensional visual and inertial
information into a low-dimensional representation and (2) a control
policy that ingests the low-dimensional representation produced by
the perception system and produces control commands.

The control policy is represented by a feedforward neural network
and is trained in simulation using model-free on-policy deep RL*.
To bridge discrepancies in sensing and dynamics between simula-
tion and the physical world, we make use of non-parametric empiri-
cal noise models estimated from data collected on the physical
system. These empirical noise models have proved to be instru-
mental for successful transfer of the control policy from simulation
toreality.

We evaluate Swift on a physical track designed by a professional
drone-racing pilot (Fig. 1a). The track comprises seven square gates
arrangedinavolumeof 30 x 30 x 8 m, forming alap of 75 minlength.
Swift raced this track against three human champions: Alex Vanover,
the 2019 Drone Racing League world champion, Thomas Bitmatta,
two-time MultiGP International Open World Cup champion, and
Marvin Schaepper, three-time Swiss national champion. The quad-
rotors used by Swift and by the human pilots have the same weight,
shape and propulsion. They are similar to drones used ininternational
competitions.

The human pilots were given one week of practice on the race track.
After this week of practice, each pilot competed against Swiftin several
head-to-head races (Fig. 1a,b). In each head-to-head race, two drones
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Fig.1|Droneracing. a, Swift (blue) races head-to-head against Alex Vanover,
the 2019 Drone Racing League world champion (red). The track comprises
sevensquare gates that must be passedinorderineachlap. Towinarace,a
competitor has to complete three consecutive laps before its opponent.

b, Aclose-up view of Swift, illuminated with blue LEDs, and a human-piloted
drone, illuminated withred LEDs. The autonomous drones used in thiswork rely

(one controlled by a human pilot and one controlled by Swift) start
fromapodium. Theraceis set offby anacoustic signal. Thefirst vehicle
that completes three full laps through the track, passing all gates in the
correctorder in each lap, wins the race.

Swift won several races against each of the human pilots and achieved
the fastest race time recorded during the events. Our work marks
the first time, to our knowledge, that an autonomous mobile robot
achieved world-champion-level performancein areal-world competi-
tive sport.

The Swift system

Swift uses acombination of learning-based and traditional algorithms
to map onboard sensory readings to control commands. This map-
ping comprises two parts: (1) an observation policy, which distils
high-dimensional visual and inertial information into a task-specific
low-dimensional encoding, and (2) a control policy that transforms
the encoding into commands for the drone. A schematic overview of
the systemis shownin Fig. 2.

The observation policy consists of a visual-inertial estimator
that operates together with a gate detector?, which is a convolu-
tional neural network that detects the racing gates in the onboard
images. Detected gates are then used to estimate the global position
and orientation of the drone along the race track. This is done by a
camera-resectioning algorithm®* in combination with a map of the
track. The estimate of the global pose obtained from the gate detector
isthen combined with the estimate from the visual-inertial estimator
by means of aKalmanfilter, resulting inamore accurate representation

32,33

only ononboard sensory measurements, with no support from external
infrastructure, such as motion-capture systems. ¢, Fromleft to right: Thomas
Bitmatta, Marvin Schaepper and Alex Vanover racing their drones through the
track. Each pilot wears aheadset that shows avideo stream transmitted inreal
time fromacameraaboard their aircraft. The headsets provide animmersive
‘first-person-view’ experience. c, Photo by Regina Sablotny.

of the robot’s state. The control policy, represented by a two-layer
perceptron, maps the output of the Kalman filter to control commands
for theaircraft. The policy is trained using on-policy model-free deep
RL*insimulation. During training, the policy maximizes areward that
combines progress towards the next racing gate® with a perception
objective that rewards keeping the next gate in the field of view of
the camera. Seeing the next gateisrewarded because itincreases the
accuracy of pose estimation.

Optimizing a policy purely insimulationyields poor performance on
physical hardware if the discrepancies between simulation and reality
arenot mitigated. The discrepancies are caused primarily by two factors:
(1) the difference between simulated and real dynamics and (2)
the noisy estimation of the robot’s state by the observation policy when
provided with real sensory data. We mitigate these discrepancies by
collecting a small amount of datain the real world and using this data
toincrease the realism of the simulator.

Specifically, we record onboard sensory observations from
the robot together with highly accurate pose estimates from a
motion-capture system while the drone is racing through the track.
During this data-collection phase, the robot is controlled by a policy
trained insimulation that operates on the pose estimates provided by
the motion-capture system. The recorded data allow to identify the
characteristic failure modes of perception and dynamics observed
through the race track. These intricacies of failing perception and
unmodelled dynamics are dependent on the environment, platform,
track and sensors. The perception and dynamics residuals are mod-
elled using Gaussian processes® and k-nearest-neighbour regression,
respectively. The motivation behind this choice is that we empirically
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Fig.2|The Swift system. Swift consists of two key modules: a perception
systemthat translates visualand inertial information into alow-dimensional
state observationand a control policy that maps this state observation to
control commands. Control commands specify desired collective thrustand
body rates, the same control modality that the human pilots use.a, The
perception system consists of a VIO module that computes a metric estimate of
the dronestate from cameraimages and high-frequency measurements
obtained by aninertial measurement unit (IMU). The VIO estimate is coupled
with aneural network thatdetectsthe corners of racing gatesintheimage

found perception residuals to be stochastic and dynamics residu-
als to be largely deterministic (Extended Data Fig. 1). These residual
models are integrated into the simulation and the racing policy is
fine-tuned in this augmented simulation. This approachis related to
the empirical actuator models used for simulation-to-reality transfer
inref. 37 but furtherincorporates empirical modelling of the percep-
tion system and also accounts for the stochasticity in the estimate of
the platform state.

We ablate each component of Swift in controlled experiments
reported in the extended data. Also, we compare against recent work
that tackles the task of autonomous drone racing with traditional
methods, including trajectory planning and model predictive con-
trol (MPC). Although such approaches achieve comparable or even
superior performance to our approachinidealized conditions, such as
simplified dynamics and perfect knowledge of the robot’s state, their
performance collapses when their assumptions are violated. We find
that approaches that rely on precomputed paths?®? are particularly
sensitive to noisy perceptionand dynamics. No traditional method has
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stream. The corner detections are mapped to a 3D pose and fused with the VIO
estimate using aKalman filter. b, We use model-free on-policy deep RL to train
the control policy insimulation. During training, the policy maximizes areward
that combines progress towards the centre of the nextracing gatewitha
perception objective to keep the next gate in the field of view of the camera. To
transfer theracing policy from simulation to the physical world, we augment
the simulation with data-driven residual models of the vehicle’s perceptionand
dynamics. Theseresidual models are identified from real-world experience
collected ontheracetrack. MLP, multilayer perceptron.

achieved competitive lap times compared with Swift or human world
champions, even when provided with highly accurate state estima-
tion from a motion-capture system. Detailed analysis is provided in
the extended data.

Results

Thedroneracestake place onatrack designed by anexternal world-class
FPV pilot. The track features characteristic and challenging manoeu-
vres, such as a Split-S (Figs. 1a (top-right corner) and 4d). Pilots are
allowed to continue racing even after a crash, provided their vehicle
is still able to fly. If both drones crash and cannot complete the track,
the drone that proceeded farther along the track wins.
AsshowninFig.3b, Swift wins 5 out of 9 races against A. Vanover, 4 out
of 7racesagainst T. Bitmatta and 6 out of 9 races against M. Schaepper.
Out of the 10 losses recorded for Swift, 40% were because of a colli-
sion with the opponent, 40% because of collision with a gate and 20%
because of the drone being slower than the human pilot. Overall, Swift
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Fig.3|Results. a, Lap-time results. We compare Swift against the human pilots
intime-trialraces. Lap timesindicatebest singlelap timesand best average
timesachievedinaheat of three consecutive laps. The reported statistics are
computed over a dataset recorded during one week on the race track, which
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wins most races against each human pilot. Swift also achieves the fastest
race time recorded, with a lead of half a second over the best time
clocked by ahuman pilot (A. Vanover).

Figure 4 and Extended Data Table 1d provide an analysis of the fast-
est lap flown by Swift and each human pilot. Although Swift is globally
faster than allhuman pilots, it is not faster on all individual segments
of the track (Extended Data Table 1). Swift is consistently faster at
the start and in tight turns such as the split S. At the start, Swift has a
lower reaction time, taking off from the podium, on average, 120 ms
before human pilots. Also, it accelerates faster and reaches higher
speeds going into the first gate (Extended Data Table 1d, segment 1).
In sharp turns, as shown in Fig. 4c,d, Swift finds tighter manoeuvres.
One hypothesis is that Swift optimizes trajectories on a longer time-
scale than human pilots. It is known that model-free RL can optimize

long-term rewards througha value function’®. Conversely, human pilots
plantheir motion onashorter timescale, up to one gate into the future®.
Thisis apparent, for example inthe splitS (Fig. 4b,d), for which human
pilots are faster in the beginning and at the end of the manoeuvre,
but slower overall (Extended Data Table 1d, segment 3). Also, human
pilots orient the aircraft to face the next gate earlier than Swift does
(Fig. 4c,d). We propose that human pilots are accustomed to keeping
the upcoming gate in view, whereas Swift has learned to execute some
manoeuvres whilerelying on other cues, such asinertial dataand visual
odometry against featuresin the surrounding environments. Overall,
averaged over the entire track, the autonomous drone achieves the
highest average speed, finds the shortest racing line and manages to
maintainthe aircraft closer toitsactuation limits throughout therace,
as indicated by the average thrust and power drawn (Extended Data
Table 1d).

We also compare the performance of Swift and the human champions
intime trials (Fig. 3a). Inatime trial, asingle pilot races the track, with
the number of laps left to the discretion of the pilot. We accumulate
time-trial data from the practice week and the races, including train-
ing runs (Fig. 3a, coloured) and laps flown in race conditions (Fig. 3a,
black). For each contestant, we use more than 300 laps for computing
statistics. The autonomous drone more consistently pushes for fast
lap times, exhibiting lower mean and variance. Conversely, human
pilots decide whether to push for speed on alap-by-lap basis, yielding
higher mean and variance in lap times, both during training and in
the races. The ability to adapt the flight strategy allows human pilots
to maintain a slower pace if they identify that they have a clear lead,
so as to reduce the risk of a crash. The autonomous drone is unaware
of its opponent and pushes for fastest expected completion time no
matter what, potentially risking too much when in the lead and too
little when trailing behind*°.

Discussion

FPVdroneracingrequiresreal-time decision-making based on noisy and
incomplete sensory input from the physical environment. We have pre-
sented an autonomous physical system that achieves champion-level
performanceinthis sport, reaching—and at times exceeding—the per-
formance of human world champions. Our system has certain structural
advantages over the human pilots. First, it makes use of inertial data
froman onboard inertial measurement unit®. This is akin to the human
vestibular system*, which is not used by the human pilots because they
arenotphysicallyintheaircraftand do not feel theaccelerationsacting
onit. Second, our system benefits from lower sensorimotor latency
(40 ms for Swift versus an average of 220 ms for expert human pilots®).
Ontheother hand, thelimited refresh rate of the camera used by Swift
(30 Hz) can be considered a structural advantage for human pilots,
whose cameras’ refresh rate is four times as fast (120 Hz), improving
their reaction time*,

Human pilots are impressively robust: they can crash at full speed,
and—ifthe hardware still functions—carry on flying and complete the
track. Swift was not trained to recover after a crash. Human pilots are
alsorobust to changesin environmental conditions, such asillumina-
tion, which can markedly alter the appearance of the track. By con-
trast, Swift’s perception system assumes that the appearance of the
environment is consistent with what was observed during training. If
this assumption fails, the system can fail. Robustness to appearance
changes canbe provided by training the gate detector and the residual
observation model in a diverse set of conditions. Addressing these
limitations could enable applying the presented approachin autono-
mous drone racing competitions in which access to the environment
and the drone is limited®.

Notwithstanding the remaining limitations and the work ahead, the
attainment by an autonomous mobile robot of world-champion-level
performance in a popular physical sport is a milestone for robotics
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the time behind Swift. The time difference from the autonomous droneis
computed as the time sinceit passed the same position on the track. Although
Swiftis globally faster thanall human pilots, itis not necessarily faster on all
individual segments of the track. b, Visualization of where the human pilots are
faster (red) and slower (blue) compared with the autonomous drone. Swift is
consistently faster atthe startandintight turns, such as the splitS. ¢, Analysis
ofthe manoeuvre after gate 2. Swiftinblue, Vanoverin red. Swift gains time
against human pilotsin this segment as it executes a tighter turn while

and machine intelligence. This work may inspire the deployment of
hybrid learning-based solutions in other physical systems, such as
autonomous ground vehicles, aircraft and personal robots, across a
broad range of applications.
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Methods

Quadrotor simulation

Quadrotor dynamics. To enable large-scale training, we use a high-
fidelity simulation of the quadrotor dynamics. This section briefly
explains the simulation. The dynamics of the vehicle can be written as

Vi
. 0
':’WB qy5° {wB/z}
qWB 1
X= vy |T E(qwg 0} (fprop + o)) + gy | ()]

(‘fB ./_1 (Tprop + Trot * Tacro + Tiner)
Q 1

o~

inwhich ©represents quaternionrotation,p,, ., q,,,,, V,yand w;denote
the position, attitude quaternion, inertial velocity and body rates of
the quadcopter, respectively. The motor time constant s k,,,,c and the
motor speeds Q@ and Q. are the actual and steady-state motor speeds,
respectively. The matrix /is the inertia of the quadcopter and g,
denotes the gravity vector. Two forces act on the quadrotor: the lift
forcef,,, generated by the propellers and an aerodynamic force f,,,
that aggregates all other forces, such as aerodynamic drag, dynamic
lift and induced drag. The torque is modelled as a sum of four compo-
nents: the torque generated by the individual propeller thrusts T,
theyaw torque T, generated by achange in motor speed, an aerody-
namic torque T,.,, thataccounts for various aerodynamic effects such
asbladeflapping and aninertial termT,,.,. The individual components
aregiven as

fprop= Z £, Torop ™ Z THip ;X £, 2)
i i
Tmot = m+p z (ioi' Tiner =~ Wp XJwB 3)
i

inwhichr,;is thelocation of propeller i, expressed in the body frame,
and f;and t; are the forces and torques, respectively, generated by
the ith propeller. The axis of rotation of the ith motor is denoted by {;,
the combinedinertia of the motor and propelleris/,,., and the derivative
of the ith motor speed is ;. The individual propellers are modelled
using a commonly used quadratic model, which assumes that the lift
force and drag torque are proportional to the square of the propeller
speed Q;

£(0) = |:0 0 ¢ Qiz]-r, Q) = |:0 0 ¢4 QﬂT (4)

inwhichc,and c¢;denote the propeller lift and drag coefficients, respec-
tively.

Aerodynamic forces and torques. The aerodynamic forces and torques
are difficult to model with a first-principles approach. We thus use a
data-driven model*. To maintain the low computational complexity
required for large-scale RL training, a grey-box polynomial model is
used rather than a neural network. The aerodynamic effects are
assumed to primarily depend on the velocity v (in the body frame) and
the average squared motor speed Q% The aerodynamic forcesf,, f,and
f,andtorquest,,7,and 7,are estimated in the body frame. The quantities
v,, v,and v, denote the three axial velocity components (in the body
frame) and v, denotes the speedinthe (x, y) plane of the quadrotor.On
the basis of insights from the underlying physical processes, linear and
quadraticcombinations of theindividual terms are selected. For read-
ability, the coefficients multiplying each summand have been omitted:

£ ~ vt oo+ o+ v, ?

£y ~ oyt oluyl+ o+ vy o?

f, ~ vt ulul oy +vi toy, 2+ v, 2+ Uyy U Q?
T ~ Uyt uylo |+ Q4 vy 2+ vyl ?

02 02 02
Y~ Ut U+ Q%+, Q7 +o,u,| Q
T, ~ Uyt

T

The respective coefficients are then identified from real-world
flight data, in which motion capture is used to provide ground-truth
forces and torque measurements. We use data from the race
track, allowing the dynamics model to fit the track. This is akin to
the human pilots’ training for days or weeks before the race on
the specific track that they will be racing. In our case, the human
pilots are given a week of practice on the same track ahead of the
competition.

Betaflight low-level controller. To control the quadrotor, the neural
network outputs collective thrust and body rates. This control
signal is known to combine high agility with good robustness to
simulation-to-reality transfer*’. The predicted collective thrust
and body rates are then processed by an onboard low-level con-
troller that computes individual motor commands, which are sub-
sequently translated into analogue voltage signals through an
electronic speed controller (ESC) that controls the motors. On the
physical vehicle, this low-level proportional-integral-derivative
(PID) controller and ESC are implemented using the open-source
Betaflight and BLHeli32 firmware®. In simulation, we use an ac-
curate model of both the low-level controller and the motor speed
controller.

Because the Betaflight PID controller has been optimized for
human-piloted flight, it exhibits some peculiarities, which the simu-
lation correctly captures: the reference for the D-term is constantly
zero (pure damping), the I-term gets reset when the throttleis cut and,
under motor thrust saturation, the body rate control is assigned prior-
ity (proportional downscaling of all motor signals to avoid saturation).
The gains of the controller used for simulation have been identified
from the detailed logs of the Betaflight controller’s internal states.
The simulation can predict the individual motor commands with less
than1%error.

Battery model and ESC. The low-level controller converts the individ-
ual motor commands into a pulse-width modulation (PWM) signal and
sends it to the ESC, which controls the motors. Because the ESC does
not perform closed-loop control of the motor speeds, the steady-state
motor speed Q,  for agiven PWM motor command cmd; is a function
ofthebattery voltage. Our simulation thus models the battery voltage
using a grey-box battery model*® that simulates the voltage based on
instantaneous power consumption P,

e

Poot= p &)

The battery model*® then simulates the battery voltage based on this
power demand. Given the battery voltage U,,, and the individual motor
command uq,;, We use the mapping (again omitting the coefficients
multiplying each summand)

Qi,ss ~1+ Ubat +. Uemd, i + Uemd,i + Ubat« Uemd,i (6)

tocalculate the corresponding steady-state motor speed Q; ; required
for the dynamics simulationinequation (1). The coefficients have been



identified from Betaflight logs containing measurements of allinvolved
quantities. Together with the model of the low-level controller, this
enables the simulator to correctly translate an actionin the form of col-
lective thrust and body rates to desired motor speeds Qg in equation (1).

Policy training

We train deep neural control policies that directly map observations
o, in the form of platform state and next gate observation to con-
trol actions u, in the form of mass-normalized collective thrust and
body rates**. The control policies are trained using model-free RLin
simulation.

Training algorithm. Training is performed using proximal policy
optimization®. This actor-critic approachrequires jointly optimizing
two neural networks during training: the policy network, which maps
observations to actions, and the value network, which serves as the
‘critic’ and evaluates actions taken by the policy. After training, only
the policy network is deployed on the robot.

Observations, actions and rewards. An observationo, € R* obtained
from the environment at time ¢ consists of: (1) an estimate of the current
robot state; (2) the relative pose of the next gate to be passed on the
track layout; and (3) the action applied in the previous step. Specifi-
cally, the estimate of the robot state contains the position of the platform,
its velocity and attitude represented by a rotation matrix, resultingina
vector in R®. Although the simulation uses quaternions internally, we
use arotation matrix to represent attitude to avoid ambiguities’. The
relative pose of the next gate is encoded by providing the relative posi-
tion of the four gate corners with respect to the vehicle, resultingina
vector in R™2. All observations are normalized before being passed to
the network. Because the value network is only used during training
time, it canaccess privileged information about the environment that
isnotaccessible to the policy*®. This privileged information is concat-
enated with other inputs to the policy network and contains the exact
position, orientation and velocity of the robot.

For each observation o,, the policy network produces an action
a, € R*in the form of desired mass-normalized collective thrust and
body rates.

We use a dense shaped reward formulation to learn the task of
perception-aware autonomous drone racing. The reward r, at time
step tis given by

_ ,prog perc cmd _ .crash
r=rProg 4 ppercy pemd_ ¢ (7)

in which rP¢ rewards progress towards the next gate®, r* encodes

perception awareness by adjusting the attitude of the vehicle such

that the optical axis of the camera points towards the centre of the

nextgate, '™ rewards smooth actions and r*"is abinary penalty that

isonly active when colliding with a gate or when the platform leaves a

predefined bounding box. If r*"is triggered, the training episode ends.
Specifically, the reward terms are

r?rog — /11 [d?f{e _ dtGate] ®

e’ = A,explAs - 6gan1]
ri™=24a7 + Aslla, - a, | )
perash_ {S.O, if p, <0 orin collision with gate

0, otherwise

inwhich dtc'“edenotes thedistance from the centre of mass of the vehi-
cletothe centre of the next gate attimestept, 6., represents the angle
between the optical axis of the camera and the centre of the next gate

and af are the commanded body rates. The hyperparameters4,,..., As
balance different terms (Extended Data Table 1a).

Training details. Data collectionis performed by simulating 100 agents
inparallel thatinteract with the environmentin episodes of 1,500 steps.
At each environment reset, every agent is initialized at arandom gate
on the track, with bounded perturbation around a state previously
observed when passing this gate. In contrast to previous work**4>%,
we do not perform randomization of the platform dynamics at training
time. Instead, we perform fine-tuning based on real-world data. The
training environmentisimplemented using TensorFlow Agents®. The
policy network and the value network are both represented by two-layer
perceptrons with 128 nodes in each layer and LeakyReLU activations
withanegative slope of 0.2. Network parameters are optimized using
the Adam optimizer with learning rate 3 x 10 for both the policy
network and the value network.

Policies are trained for a total of 1 x 10® environment interactions,
which takes 50 min onaworkstation (i912900K, RTX 3090, 32 GBRAM
DDRS). Fine-tuning is performed for 2 x 107 environment interactions.

Residual modelidentification

We perform fine-tuning of the original policy based on asmallamount
of data collected in the real world. Specifically, we collect three full
rolloutsinthereal world, corresponding to approximately 50 s of flight
time. We fine-tune the policy by identifying residual observations and
residual dynamics, which are then used for traininginsimulation. During
this fine-tuning phase, only the weights of the control policy are
updated, whereas the weights of the gate-detection network are kept
constant.

Residual observation model. Navigating at high speeds results in sub-
stantial motion blur, which can lead to a loss of tracked visual features
and severe drift in linear odometry estimates. We fine-tune policies
with an odometry model that is identified from only a handful of trials
recorded inthereal world. To model the driftin odometry, we use Gauss-
ian processes®, as they allow fitting a posterior distribution of odom-
etry perturbations, from which we can sample temporally consistent
realizations.

Specifically, the Gaussian process model fits residual position,
velocity and attitude as a function of the ground-truth robot state.
The observation residuals are identified by comparing the observed
visual-inertial odometry (VIO) estimates during a real-world rollout
with the ground-truth platform states, which are obtained from an
external motion-tracking system.

We treat each dimension of the observation separately, effectively
fitting aset of nine 1D Gaussian processes to the observationresiduals.
We use a mixture of radial basis function kernels

1 _
K(z;,2)) = o? exp(—z(zi -z))L 2z, - Zj)j +0?2 (10)

inwhich Listhe diagonallength scale matrix and 6;and o, represent the
dataand prior noise variance, respectively,and z;and z;represent data
features. The kernel hyperparameters are optimized by maximizing
the log marginal likelihood. After kernel hyperparameter optimiza-
tion, we sample new realizations from the posterior distribution that
are then used during fine-tuning of the policy. Extended Data Fig. 1
illustrates the residual observationsin position, velocity and attitude
in real-world rollouts, as well as 100 sampled realizations from the
Gaussian process model.

Residual dynamics model. We use a residual model to complement
the simulated robot dynamics®. Specifically, we identify residual
accelerations as afunction of the platform state sand the commanded
mass-normalized collective thrust c:
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a,.s =KNN(s, ¢) (11)
We use k-nearest neighbour regression with k = 5. The size of the dataset
used for residual dynamics modelidentification depends on the track
layout and ranges between 800 and 1,000 samples for the track layout
used in this work.

Gate detection

To correct for drift accumulated by the VIO pipeline, the gates are used
as distinct landmarks for relative localization. Specifically, gates are
detected in the onboard camera view by segmenting gate corners®.
Thegreyscaleimages provided by the Intel RealSense Tracking Camera
T265areused asinputimages for the gate detector. The architecture of
the segmentation network is a six-level U-Net* with (8, 16, 16, 16, 16, 16)
convolutional filters of size (3, 3, 3, 5, 7, 7) per level and a final extra
layer operating on the output of the U-Net containing 12 filters. As the
activation function, LeakyReLU with a = 0.01is used. For deployment
onthe NVIDIAJetson TX2, the network is ported to TensorRT. To opti-
mize memory footprintand computation time, inferenceis performed
in half-precision mode (FP16) and images are downsampled to size
384 x 384 before being fed to the network. One forward pass through
the network takes 40 ms on the NVIDIA Jetson TX2.

VIO drift estimation

The odometry estimates fromthe VIO pipeline® exhibit substantial drift
during high-speed flight. We use gate detection to stabilize the pose
estimates produced by VIO. The gate detector outputs the coordinates
of the corners of all visible gates. A relative pose is first estimated for
all predicted gates using infinitesimal plane-based pose estimation
(IPPE)**. Given this relative pose estimate, each gate observation is
assigned to the closest gate in the known track layout, thus yielding a
pose estimate for the drone.

Owingtothelow frequency of the gate detections and the high qual-
ity of the VIO orientation estimate, we only refine the translational
components of the VIO measurements. We estimate and correct for
the drift of the VIO pipeline using a Kalman filter that estimates the
translational drift p, (position offset) and its derivative, the drift veloc-
ity vq. The drift correction is performed by subtracting the estimated
drift states pyand v, from the corresponding VIO estimates. The Kalman
filter state xis given by x =[p], v4l' € R®.

The state x and covariance Pupdates are given by:

Xi1=FXiy P =FPF'+Q, (12)
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Onthebasis of measurements, the process noise is set to g,,s = 0.05
and g, = 0.1. Thefilter state and covariance are initialized to zero. For
each measurement z, (pose estimate from a gate detection), the pre-
dicted VIO drift x} is corrected to the estimate X} according to the
Kalman filter equations:

Ky = PRHUH PR HL+R) Y,
Xj = Xp + Ki(z, — H(XY)),
P = (I- KH)Py,

(14)

inwhich K, isthe Kalmangain, Ris the measurement covariance and H,is
the measurement matrix. If several gates have been detectedinasingle
cameraframe, all relative pose estimates are stacked and processed in
the same Kalman filter update step. The main source of measurement
erroristheuncertainty in the gate-corner detection of the network. This
error in the image plane results in a pose error when IPPE is applied.

We opted for a sampling-based approach to estimate the pose error
from the known average gate-corner-detection uncertainty. For each
gate, the IPPE algorithmis applied to the nominal gate observation as
wellasto 20 perturbed gate-corner estimates. The resulting distribu-
tion of pose estimates is then used to approximate the measurement
covariance R of the gate observation.

Simulation results

Reaching champion-level performance in autonomous drone racing
requires overcoming two challenges: imperfect perception and incom-
plete models of the system’s dynamics. In controlled experiments in
simulation, we assess the robustness of our approach to both of these
challenges. To thisend, we evaluate performancein aracing task when
deployedinfour different settings. In setting (1), we simulate a simplis-
tic quadrotor model with access to ground-truth state observations. In
setting (2), wereplace the ground-truth state observations with noisy
observations identified from real-world flights. These noisy obser-
vations are generated by sampling one realization from the residual
observationmodel and are independent of the perception awareness
of the deployed controller. Settings (3) and (4) share the observation
models with the previous two settings, respectively, but replace the
simplistic dynamics model with more accurate aerodynamical simula-
tion®. These four settings allow controlled assessment of the sensitivity
ofthe approachto changesinthe dynamics and the observation fidelity.

Inall four settings, we benchmark our approach against the follow-
ing baselines: zero-shot, domain randomization and time-optimal.
The zero-shot baseline represents a learning-based racing policy*
trained using model-free RL that is deployed zero-shot from the training
domain to the test domain. The training domain of the policy is equal to
experimental setting (1), thatis, idealized dynamics and ground-truth
observations. Domain randomization extends the learning strategy
fromthe zero-shot baseline by randomizing observations and dynam-
ics propertiestoincrease robustness. The time-optimal baseline uses
aprecomputed time-optimal trajectory®® thatis tracked usingan MPC
controller. This approach has shown the best performance in com-
parison with other model-based methods for time-optimal flight>5%¢,
The dynamics model used by the trajectory generation and the MPC
controller matches the simulated dynamics of experimental setting (1).

Performanceis assessed by evaluating the fastest lap time, the aver-
age and minimum observed gate margin of successfully passed gates
and the percentage of track successfully completed. The gate margin
metric measures the distance between the drone and the closest point
onthe gate when crossing the gate plane. A high gate marginindicates
that the quadrotor passed close to the centre of the gate. Leaving a
smaller gate margin can increase speed but can also increase the risk
of collision or missing the gate. Any lap that results in a crash is not
considered valid.

Theresultsare summarized in Extended Data Table 1c. Allapproaches
manage to successfully complete the task when deployed in ideal-
ized dynamics and ground-truth observations, with the time-optimal
baseline yielding the lowest lap time. When deployed in settings that
feature domain shift, either in the dynamics or the observations, the
performance of all baselines collapses and none of the three base-
lines are able to complete even a single lap. This performance drop
is exhibited by both learning-based and traditional approaches. By
contrast, our approach, which features empirical models of dynamics
and observation noise, succeeds inall deployment settings, with small
increases in lap time.

The key feature that enables our approach to succeed across
deployment regimes is the use of an empirical model of dynamics
and observation noise, estimated from real-world data. A comparison
between an approach that has access to such data and approaches
that do notis not entirely fair. For that reason, we also benchmark
the performance of all baseline approaches when having access to
the same real-world data used by our approach. Specifically, we



compare the performance in experimental setting (2), which fea-
tures the idealized dynamics model but noisy perception. All baseline
approaches are provided with the predictions of the same Gaussian
process model that we use to characterize observation noise. The
results are summarized in Extended Data Table 1b. All baselines ben-
efit from the more realistic observations, yielding higher completion
rates. Nevertheless, our approach is the only one that reliably com-
pletesthe entire track. Aswell as the predictions of the observation
noise model, our approach also takes into account the uncertainty
of the model. For an in-depth comparison of the performance of
RL versus optimal control in controlled experiments, we refer the
reader toref. 57.

Fine-tuning for several iterations
Weinvestigate the extent of variations in behaviour acrossiterations.
The findings of our analysis reveal that subsequent fine-tuning opera-
tions resultin negligible enhancementsin performance and alterations
inbehaviour (Extended DataFig. 2).

In the following, we provide more details on this investigation. We
start by enumerating the fine-tuning steps to provide the necessary
notation:

1. Train policy-0 in simulation.

2. Deploy policy-Ointhereal world. The policy operatesonground-truth
data from a motion-capture system.

3. Identify residuals observed by policy-0 in the real world.

4. Train policy-1by fine-tuning policy-0 on the identified residuals.

5. Deploy policy-linthereal world. The policy operates only ononboard
sensory measurements.

6. Identify residuals observed by policy-1in the real world.

7. Train policy-2 by fine-tuning policy-1on the identified residuals.

We compare the performance of policy-1and policy-2 in simu-
lation after fine-tuning on their respective residuals. The results
are illustrated in Extended Data Fig. 2. We observe that the dif-
ference in distance from gate centres, which is a metric for the
safety of the policy, is 0.09 + 0.08 m. Furthermore, the difference
in the time taken to complete a single lap is 0.02 £ 0.02 s. Note
that this lap-time difference is substantially smaller than the dif-
ference between the single-lap completion times of Swift and the
human pilots (0.16 s).

Drone hardware configuration

The quadrotors used by the human pilots and Swift have the same
weight, shape and propulsion. The platform design is based on the
Agilicious framework®®. Each vehicle has a weight of 870 g and can pro-
duce amaximum static thrust of approximately 35 N, whichresultsina
static thrust-to-weight ratio of 4.1. The base of each platform consists of
anArmattan Chameleon 6” main frame thatis equipped with T-Motor
Velox 2306 motors and 5”, three-bladed propellers. An NVIDIA Jetson
TX2 accompanied by a Connect Tech Quasar carrier board provides
the main compute resource for the autonomous drones, featuring
asix-core CPU running at 2 GHz and a dedicated GPU with 256 CUDA
coresrunningat1.3 GHz. Although forward passes of the gate-detection
network are performed on the GPU, the racing policy is evaluated on
the CPU, with oneinference pass taking 8 ms. The autonomous drones
carry anIntel RealSense Tracking CameraT265 that provides VIO esti-
mates*® at 100 Hz that are fed by USB to the NVIDIA Jetson TX2. The
human-piloted drones carry neither aJetson computer nor aRealSense
cameraand areinstead equipped with a corresponding ballast weight.
Control commands in the form of collective thrust and body rates
produced by the human pilots or Swift are sent to acommercial flight
controller, which runs on an STM32 processor operating at 216 MHz.
Theflight controller is running Betaflight, an open-source flight-control
software®.

Human pilotimpressions

The following quotes convey the impressions of the three human cham-

pions who raced against Swift.

Alex Vanover:

» These races will be decided at the split S, it is the most challenging
part of the track.

* Thiswasthe best race! Iwas so close to the autonomous drone, I could
really feel the turbulence when trying to keep up withiit.

Thomas Bitmatta:

» The possibilities are endless, thisis the start of something that could
change the whole world. On theflip side, 'maracer,Idon’t want any-
thing to be faster than me.

« Asyou fly faster, you trade off precision for speed.

« It’sinspiring to see the potential of what drones are actually capable
of.Soon, the Aldrone could evenbe used as a training tool to under-
stand what would be possible.

Marvin Schaepper:

« Itfeels different racing against amachine, because you know that the

machine doesn’t get tired.
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Data availability

All (other) data needed to evaluate the conclusions in the paper are
presentinthe paper or the extended data. Motion-capture recordings of
therace events withaccompanying analysis code canbe found in the file
‘racing_data.zip’on Zenodo at https://doi.org/10.5281/zenodo.7955278.

Code availability

Pseudocode for Swift detailing the training process and algorithms
can be found in the file ‘pseudocode.zip’ on Zenodo at https://doi.
org/10.5281/zenodo0.7955278. To safeguard against potential misuse,
the full source code associated with this research will not be made
publicly available.
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Extended DataFig.1|Residual models. a, Visualization of the residual
observationmodel and the residual dynamics modelidentified from real-world
data.Black curves depict theresidual observedin the realworld and coloured
linesshow 100 sampled realizations of the residual observation model. Each

plotdepictsanentirerace, thatis, threelaps.b, Predicted residual observation
forasimulated rollout. Blue, ground-truth position provided by the simulator;
orange, perturbed position generated by the Gaussian process residual.



Article

z[m]
N

8
Extended DataFig.2 | Multi-iteration fine-tuning. Rollout comparison after fine-tuning the policy for one iteration (blue) and two iterations (orange)




Extended Data Table 1| Network parameters and detailed metrics show how our Swift system compares with other
approaches

a b
Hyperparameter Value Approach Lap time in seconds Gate margin in meters Completion in %
~ (discount factor) 0.99 Zero-Shot Transfer [33] 4.92 0.57—0.41 42
e (importance ratio clipping) 0.2 Domain Randomization 1 0.34—0.23 19
A1 1.0 Time-Opt. Traj. + MPC [26] 1 0.51—0.41 19
Ao 0.02 Ours 5.26 0.56 — 0.44 100
A3 -10.0
Aq -2e-4
As -1e-4
C
Ground-truth observations Noisy observations
Approach Lap timein seconds Gate margin in meters Completion in % Lap time in seconds Gate margin in meters Completion in %
% Zero-Shot Transfer [33] 4.88 0.63 — 0.46 100 1 n/a—n/a 0
2 Domain Randomization 5.06 0.60 — 0.47 100 1 0.43—0.30 9
% Time-Opt. Traj. + MPC [26] 4.60 0.50 — 0.25 100 1 0.48 —0.29 9
§ Ours 4.88 0.63—0.46 100 5.26 0.56 — 0.44 100
-%‘ Zero-Shot Transfer [33] 1 0.62—0.62 4 1 0.41—0.21 9
v Domain Randomization 1 0.28 —0.28 4 1 0.47 —0.45 9
% Time-Opt. Traj. + MPC [26] 1 n/a—n/a 0 1 0.23—0.23 4
& | Ours 5.20 0.51—0.30 100 5.42 0.48 —0.23 100
d
Autonomous Drone Vanover Bitmatta Schaepper
Speed Power Thrust Time Length| Speed Power Thrust Time Length| Speed Power Thrust Time Length| Speed Power Thrust Time Length
inm/s inwW inN ins inm inm/s  inW inN ins inm inm/s inW inN ins inm inm/s inW inN ins inm

Segment 1 ‘ 6.52 548.14 19.80 127 8.27 562 34891 1496 142 7.98 5.93 36578 1587 136 8.07 492 201.06 1047 159 7.82

Segment 2 13.72 852.20 29.01 1.82 25.01 13.83 863.85 29.22 183 25.31 13.72 85436 2895 189 25.94 10.76  508.29 19.97 236 2535
Segment 3 13.70 798.69 2760 196 26.89 13.86 853.69 28.98 2.09 28.91 13.16 727.36 2550 223 29.35 1266 636.78 2347 240 30.34
Segment 4 13.43 1047.05 33.69 1.61 21.62 1297 95347 3162 160 20.72 13.47 103591 3339 1.67 22.53 1311 88553 2995 177 23.20
Full Race 13.11 866.48 29.16 17.46 228.85 | 1296 84350 28.65 1796 232.79 | 1289 82250 27.96 18.74 24152 155 62353 2295 2116 244.49

a, Training hyperparameters. b, Comparison with baselines that are provided with the same observation noise model used by our approach. ¢, Evaluation in simulation, with idealized dynamics
(top) versus realistic dynamics (bottom) and ground-truth observations (left) versus noisy observations (right). We report the fastest achieved collision-free lap time in seconds, the average and
smallest gate margin of successfully passed gates and the percentage of track completed. We compare our approach with a learning-based approach that performs zero-shot transfer, with and
without domain randomization during training, as well as a traditional planning and control approach?. d, Comparison of the average speed, power, thrust, time and distance travelled for each
pilot during the fastest flown race. Best numbers are indicated in bold.
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