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Abstract— Autonomous micro aerial vehicles still struggle
with fast and agile maneuvers, dynamic environments, imperfect sensing, and state estimation drift. Autonomous drone
racing brings these challenges to the fore. Human pilots can
fly a previously unseen track after a handful of practice runs.
In contrast, state-of-the-art autonomous navigation algorithms
require either a precise metric map of the environment or a
large amount of training data collected in the track of interest.
To bridge this gap, we propose an approach that can fly a new
track in a previously unseen environment without a precise
map or expensive data collection. Our approach represents the
global track layout with coarse gate locations, which can be
easily estimated from a single demonstration flight. At test time,
a convolutional network predicts the poses of the closest gates
along with their uncertainty. These predictions are incorporated
by an extended Kalman filter to maintain optimal maximum-aposteriori estimates of gate locations. This allows the framework
to cope with misleading high-variance estimates that could
stem from poor observability or lack of visible gates. Given
the estimated gate poses, we use model predictive control to
quickly and accurately navigate through the track. We conduct
extensive experiments in the physical world, demonstrating
agile and robust flight through complex and diverse previouslyunseen race tracks. The presented approach was used to win
the IROS 2018 Autonomous Drone Race Competition, outracing
the second-placing team by a factor of two.
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Video: https://youtu.be/UuQvijZcUSc
I. I NTRODUCTION
First-person view (FPV) drone racing is a fast-growing
sport, in which human pilots race micro aerial vehicles
(MAVs) through tracks via remote control. Drone racing provides a natural proving ground for vision-based autonomous
drone navigation. This has motivated competitions such as
the annual IROS Autonomous Drone Race [17] and the
recently announced AlphaPilot Innovation Challenge, an
autonomous drone racing competition with more than 2
million US dollars in cash prizes.
To successfully navigate a race track, a drone has to
continually sense and interpret its environment. It has to be
robust to cluttered and possibly dynamic track layouts. It
needs precise planning and control to support the aggressive
maneuvers required to traverse a track at high speed. Drone
racing thus crystallizes some of the central outstanding
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Fig. 1: A quadrotor flies through an indoor track. Our
approach uses optimal filtering to incorporate estimates from
a deep perception system. It can race a new track after a
single demonstration.

issues in robotics. Algorithms developed for drone racing can
benefit robotics in general and can contribute to areas such
as autonomous transportation, delivery, and disaster relief.
Traditional localization-based approaches for drone navigation require precomputing a precise 3D map of the environment against which the MAV is localized. Thus, while
previous works demonstrated impressive results in controlled
settings [18], these methods are difficult to deploy in new
environments where a precise map is not available. Additionally, they fail in the presence of dynamic objects such
as moving gates, have inconsistent computational overhead,
and are prone to failure under appearance changes such as
varying lighting.
Recent work has shown that deep networks can provide
drones with robust perception capabilities and facilitate safe
navigation even in dynamic environments [9], [8]. However,
current deep learning approaches to autonomous drone racing
require a large amount of training data collected in the same
track. This stands in contrast to human pilots, who can
quickly adapt to new tracks by leveraging skills acquired
in the past.
In this paper, we develop a deep-learning-aided approach
to autonomous drone racing capable of fast adaptation to
new tracks, without the need for building precise maps or
collecting large amounts of data from the track. We represent
a track by coarse locations of a set of gates, which can
be easily acquired in a single demonstration flight through
the track. These recorded gates represent the rough global

