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Abstract— Autonomous drone racing requires powerful per-
ception, planning, and control and has become a benchmark
and test field for autonomous, agile flight. Existing work usually
assumes static race tracks with known maps, which enables
offline planning of time-optimal trajectories, performing lo-
calization to the gates to reduce the drift in visual-inertial
odometry (VIO) for state estimation or training learning-
based methods for the particular race track and operating
environment. In contrast, many real-world tasks like disaster
response or delivery need to be performed in unknown and
dynamic environments. To make drone racing more robust
against unseen environments and moving gates, we propose
a control algorithm that operates without a race track map
or VIO, relying solely on monocular measurements of the
line of sight to the gates. For this purpose, we adopt the
law of proportional navigation (PN) to accurately fly through
the gates despite gate motions or wind. We formulate the
PN-informed vision-based control problem for drone racing
as a constrained optimization problem and derive a closed-
form optimal solution. Through simulations and real-world
experiments, we demonstrate that our algorithm can navigate
through moving gates at high speeds while being robust to
different gate movements, model errors, wind, and delays.

I. INTRODUCTION

Autonomous drone racing has become popular in the
research community due to the availability of fast and
agile quadrotors [1], [2]. Since drone racing requires high-
performance algorithms for perception, state estimation,
planning, and control [3], [4], [5], it is considered a chal-
lenging benchmark and a driver for progress in autonomous
flight [2]. The field has made tremendous progress recently,
with maximum speeds evolving from 2m/s in 2018 [6] to
more than 25m/s in 2023, even matching human pilots [4].

Prior work has almost exclusively considered the race
track, i.e., the poses and sizes of the gates, to be known
and static. This has allowed for planning and tracking of
time-optimal paths and trajectories [5], [7], [8] or training
learning-based state-estimation and control algorithms for
the particular track [4], [9]. Moving gates are rarely ad-
dressed, with only one notable exception [9]. Even then, the
perception/planning module cannot generalize to substantial
changes in the race track or operating environment. Onboard
state estimation is commonly addressed via visual-inertial
odometry (VIO) [10]. As VIO tends to accumulate large
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Fig. 1: Quadrotor (colored) and gate (black) trajectories and the acceler-
ation commanded by our control algorithm (green) for flying through a
fast-moving gate (7m/s top speed) solely based on line-of-sight (LOS)
estimates. It can be seen that the normal acceleration, which is proportional
to the LOS rate, increases as the quadrotor gets closer to the gate.

drift in situations involving motion blur, low-texture envi-
ronments, and high dynamic range [8], VIO algorithms for
high-speed drone racing use a race track map and perform
localization relative to the gates to reduce drift [8], [9].

The common assumptions of static and known operating
environments differ from many real-world applications like
search and rescue [11], inspection of large structures, and
delivery. In such scenarios, an accurate map is often unavail-
able, and drones can often only perceive their environment
with monocular cameras. Also, operating environments are
often dynamic and subject to wind, requiring vision-based
algorithms that can react to strong environmental changes
and disturbances. The gaps between indoor drone racing on
known and static tracks and applications in unknown and
dynamic environments limit the applicability of solutions
developed for drone racing on such real-world tasks.

Therefore, our goal in this work is to develop a drone
racing algorithm that does not require a race track map and
is robust to changes in the environment, particularly moving
gates. Specifically, we do not rely on VIO to provide position
and velocity information. As a result, the relative position
and velocity of the gate with respect to the quadrotor are
unknown in our setup. The only information about the gates
we assume to be available to the control algorithm is an
estimate of the gate’s bounding box in the camera frame of
a monocular camera mounted on the quadrotor, which can
be obtained using standard detection algorithms [12], [13].

To fly through a moving gate with a quadrotor, the two
trajectories must closely meet at a certain point in time.
We ensure this by using the concept of proportional naviga-
tion (PN) [14], which was originally developed as a missile
guidance law for intercepting moving objects [15]. The PN
law cannot be directly applied to quadrotors due to several
differences between missile and quadrotor control. Also, the
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PN law requires constant and known relative velocity, which
does not match our objective of drone racing (i.e., minimiz-
ing total time) without velocity information. To address these
gaps, we propose a novel PN-informed quadrotor control
algorithm that is the first to pass moving gates using only
monocular line-of-sight (LOS) and IMU measurements. We
visualize an example of flying through a fast-moving gate
in Fig. 1. In summary, our main contributions are:

• We adapt the PN law for an unknown relative velocity
and introduce the PN frame to derive a state-space
model for PN-informed quadrotor control.

• We formulate PN-informed drone racing without full
state estimation and with moving gates as a constrained
optimization problem and derive a closed-form solution.

• We present a Bayesian optimization (BO) based hy-
perparameter optimization strategy to achieve robust
performance for different objectives with our approach.

• We demonstrate through simulation and hardware ex-
periments that our algorithm can pass moving gates
based solely on LOS and IMU measurements while
being robust to different gate motions, wind, and delays.

II. RELATED WORK

A. Autonomous Drone Racing

Many drone racing approaches track a pre-planned path
or trajectory that avoids obstacles and satisfies physical
constraints [5], [16], [17], [18], [19]. Common approaches
for attitude control and trajectory tracking include nonlinear
techniques [20], differential-flatness-based control [3] and
model predictive control (MPC) [16], [21]. Perception-aware
planning and control approaches [22], [23], [24] can also
consider the quality of the state estimates. Planning-based
methods require an accurate state estimate through motion
capture or VIO [10]. Without reliable estimation of the pose
and velocity relative to the gate [8], [9], which requires static
gates at known locations, learning-based methods that skip
the planning stage can be used [2], [4]. In [9], a vision-based
imitation learning policy is trained for trajectory tracking in
a static environment, and the method can generalize to some
gate motion after training. Learning-based MPC with motion
capture has been used to fly through a fast-moving gate [25].
Swift [4] uses a reinforcement learning (RL)-based con-
troller [26] to generate rate commands and VIO [27] for local
position estimation on the track. The RL controller is trained
for the particular race track, and the VIO algorithm requires
a race track map and certain environmental conditions,
which makes generalizing to changing or unseen operating
environments challenging. Recently, [28] demonstrated agile
flight at medium speeds without explicit state estimation,
using the segmented gate edges as an input for an RL policy.
Despite recent advances in learning-based drone racing [4],
[8], [28], these approaches have been limited to known and
static race tracks in controlled environments.

B. Proportional Navigation

Proportional navigation (PN) [14], [15] is a guidance
law for intercepting moving objects based on keeping the

bearing angle between the velocity vectors constant. Several
recent studies [29], [30], [31] address the adaptation of PN
to quadrotors, but they rely on an accurate estimation of
the relative distance and velocity, either via GPS [29], [31]
or ultrasonic sensors [30]. Therefore, these approaches are
unsuitable for drone racing with moving gates based solely
on LOS measurements.

III. PROBLEM SETUP

We consider the control problem of racing through moving
gates without full state estimation. The gates are detected
with a monocular camera mounted on the quadrotor, and a
(potentially noisy) estimate of the next gate’s bounding box
in the camera frame obtained via standard object detection
algorithms [12], [13] is available. Since objects in the real
world often have unknown dimensions, we do not assume
knowledge of the gate sizes, which could otherwise be used
to estimate the relative distance to the gate. Also, we do not
use VIO for state estimation due to its reliance on known
gate locations in high-speed drone racing scenarios [8], [9].
Consequently, the relative position and velocity between the
quadrotor and the gate are assumed to be unknown. As the
lack of position and velocity information and the gate motion
render the drone racing problem very difficult, we make three
assumptions: 1) The gates’ top speeds are lower than the
quadrotor’s maximum speed. 2) The gate opening initially
points towards the quadrotor, and the gate only exhibits
translational motion. 3) After the quadrotor has passed a gate,
the next gate is within the camera’s field of view. We can
then break down the problem of completing the entire race
track into sequentially flying through the next gate in the
field of view.

IV. METHODOLOGY

A. Preliminaries

1) Proportional Navigation: The PN law [14], [15] was
originally derived for use in interceptor missiles, but we
consider a quadrotor and a moving gate in the following.
The PN law describes the planar kinematics in an iner-
tial frame, as shown in Fig. 2. We denote the quadrotor
and gate velocity at time t by v(t) and vg(t), but we
omit the dependence on t for brevity. The vector from
the quadrotor to the gate center is denoted by r = [x, y]T

and their distance by r = ∥r∥. We define the line-of-
sight (LOS) as l = r

r and denote by λ the LOS angle
between the x-axis ex and l. The derivation of the PN law
assumes x >> y and a constant relative velocity vrel = ṙ,
i.e., r̈ = 0. Then, we have sin (λ) ≈ λ = y

r , and the LOS
angle evolves via λ̇ = 1

r (ẏ − λṙ), λ̈ = 1
r (ÿ − 2λ̇ṙ − λr̈),

where ÿ = ag,y − ay is the difference between the accelera-
tions ag,y and ay of the gate and the quadrotor in y-direction.
Defining the state as x = [x1, x2]

T = [λ, λ̇]T, the control
input as u = ay and the noise as w = ag,y and using r̈ = 0
allows writing the LOS angle dynamics as[

λ̇

λ̈

]
=

[
ẋ1

ẋ2

]
=

[
ẋ2

1
r (w − u− 2x2vrel)

]
. (1)
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Fig. 2: Kinematics in the derivation of the PN law.

According to the parallel navigation principle [15], the
quadrotor will pass the gate center for a constant LOS an-
gle λ and positive relative velocity, i.e., if x2 = 0 and ṙ > 0.
Assuming zero gate acceleration in y-direction, i.e., ag,y = 0,
a Lyapunov function V (x) = 1

2x
2
2 can be defined [32]. Its

time derivative satisfies V̇ (t) = x2
1
r (−u− 2x2vrel) < 0 if

u(t) = kPNvrel(t)x2(t), kPN > 2, (2)

for all t, where kPN is called the navigation constant. In
summary, the PN law (2) commands an acceleration approx-
imately normal to the LOS that guarantees stability of (1).

The PN-guidance approach can be generalized to 3D [15].
In this case, the LOS-rate is defined as λ̇ = ||ωl||, where ωl

is the angular velocity of l. The commanded acceleration
is perpendicular to both ωl and l and proportional to the
norm of the relative velocity between the quadrotor and the
gate. We adopt the PN law for drone racing to ensure that a
quadrotor flies precisely through and not past moving gates.

2) Quadrotor Dynamics: We define the quadrotor state
as x =

(
pW, qW

B ,vW,ωB
)
, where pW and vW are the position

and velocity in the world frame OW, qW
B is the quaternion

from the body frame OB to OW, and ωB are the body
rates. The control input u = (fth, qc) consists of the total
thrust fth, acting in the positive z-direction ez of OB, and
the desired orientation qc. We use the attitude controller [33]
and approximate the PID rate controller [34] as a first-order
system with time constant τω . This yields the dynamics

ẋ = f(x,u) =


ṗW

q̇W
B

v̇W

ω̇B

 =


vW

qW
B ·
[

0
1
2ω

B

]
1
mRW

B

(
fthez − fB

aero

)
+ gW

1
τω

(
ωc − ωB

)

, (3)

where m is the mass, RW
B is the rotation matrix from OB

to OW, g = [gx, gy, gz]
T is the gravity vector, faero are

the aerodynamic forces, and ωc =
2
τ sgn(qe,0)qe,1:3 with the

error quaternion qe =
(
qW

B

)−1 · qc [33].

B. Monocular Line of Sight Estimation

Adapting the PN law (2) for drone racing requires estimat-
ing the LOS l and the LOS rate λ̇. We use a monocular cam-
era facing forward with zero camera pitch, i.e., the optical
axis ocam can be expressed in the body frame as oB

cam = ex.
We detect the gate’s bounding box in the camera frame OC at
a frequency fest. As these estimates are noisy due to motion
blur, vibration, and tracking errors, we apply a low-pass filter.
We calculate the LOS in OC from the bounding box center
via the camera intrinsics and the LOS rate as

λ̇ = festarccos
(
lTlprev

)
, (4)

x y

z
g

Gate

vg
l

kl

n ocam
γ

Fig. 3: Proposed control approach for flying through moving gates solely
based on measuring the line-of-sight (LOS) angle γ between the optical axis
of the camera ocam and the LOS l. To ensure that the gate is not missed, we
command a PN-informed acceleration an in the direction n normal to l and
the LOS rotation axis kl via (5). Moreover, we maximize the acceleration
towards the gate, i.e., in the direction l, while enforcing an upper bound
on γ to ensure that the gate always stays within the field of view.

where lprev is the LOS estimate at the previous timestep. We
also compute the rotation axis of the LOS as kl = l× lprev to
determine the direction in 3D space in which the acceleration
given by the PN law must be applied, as explained below.

C. Proportional Navigation without Velocity Measurements

In the original PN law (2), the relative velocity vrel is
assumed to be constant and known. Since the quadrotor in
our setup can and should accelerate toward the gate to mini-
mize time, and velocity estimates are unavailable, we need to
modify (2). Recall that the LOS angle dynamics (1) are stable
if kPN > 2. Since the relative velocity vrel is unknown in
our setup, we define the lumped PN parameter kv = kPNvrel,
which needs to satisfy the condition kv > 2vrel for all vrel.
We denote the maximum speed of the quadrotor as v̄ and
consider the gate velocity to be upper bounded by v̄g, which
implies vrel ≤ v̄ + v̄g =: v̄rel. Then, the condition kv > 2v̄rel
is sufficient for stability. The acceleration given by the PN
law needs to be applied approximately normal to the LOS.
Moreover, the derivation of the PN law considers planar
kinematics. To satisfy these conditions, we calculate the
acceleration vector required for flying through the gate as

an = kPNv̄relλ̇n, n = l× kl, (5)

where the acceleration is applied in the direction n normal
to the LOS l and the LOS rotation axis kl, as visualized
in Fig. 3. In the following, we discuss how to generate this
acceleration with a quadrotor at high speeds while meeting
other requirements for vision-based drone racing.

D. PN-Informed Quadrotor Control for Drone Racing

1) PN Frame: The quadrotor PN law (5) commands an
acceleration normal to the LOS. For drone racing, maximiz-
ing the speed towards the gate, i.e., along the LOS, is also
desirable. For a unified formulation of these objectives, we
define the PN frame OPN as

RW
PN =

[
lW ez × lW lW ×

(
ez × lW

)]
. (6)

As a result, we can express the LOS vector l and the normal
vector n in (5) in OPN as

lPN = RPN
W lW = ex, nPN =

[
0 ny nz

]T
. (7)



We assume that, as the quadrotor is approaching the gate,
the aerodynamic forces act approximately parallel to the
LOS, i.e., faero ≈ −faerol, where faero = ∥faero∥. Then, the
quadrotor acceleration in the PN frame is given by

aPN =
1

m

(
RPN

B fthez − faeroex
)
+ gPN. (8)

This assumption is reasonable if the quadrotor is approx-
imately on course to fly through the gate and if the gate
velocity normal to the LOS is significantly smaller than the
quadrotor velocity towards the gate.

2) Constrained Optimization Problem: We aim to opti-
mize the total thrust fth and the commanded orientation qc
with regard to the following conditions:

1) The acceleration normal to the LOS must satisfy the
quadrotor PN law (5) to fly through the moving gate.

2) The quadrotor should achieve high speed towards the
gate to minimize lap time.

3) While flying towards the gate, the gate must always
stay in the camera’s field of view.

We also consider an upper thrust limit f̄th and formulate the
above requirements as a constrained optimization problem

f∗
th, q

∗
c = argmax

fth,qc

alos (9a)

s.t. aPN =
[
alos nyan nzan

]T
(9b)

fth ∈
[
0, f̄th

]
(9c)

qc ∈ Qfov, (9d)

where aPN is given by (8), an = ∥an∥ with an given by (5),
and Qfov contains all orientations keeping the gate within
the field of view. To simplify this nonlinear optimization
problem, we use the fact that accelerating towards the gate
requires pitching, and applying the normal acceleration (5)
requires rolling, both with respect to the PN frame OPN.
Consequently, we can decompose the rotation from the body
frame OB to OPN into two rotations as

RPN
B = Ry(ϕ)Rx(θ), (10)

where ϕ and θ are the pitch and roll angle, respectively. By
inserting (10) into (8), we can rewrite (9) as

argmax
fth,ϕ,θ

fth sin (ϕ) cos (θ) (11a)[
nyan
nzan

]
=

[
−fth sin (θ)

fth cos (ϕ) cos (θ) + gPN
z

]
(11b)

(9c), (9d),

where we have used that gPN
y = 0 due to the definition of OPN

in (6) and that faero and gPN
x are independent of fth, ϕ and

θ. Solving (11b) for the roll and pitch angle yields

θ(fth) = arcsin

(
−nyan

fth

)
(12a)

ϕ(fth) = arccos

(
nzan − gPN

z√
f2

th − (nyan)2

)
, (12b)

which we can use to rewrite the objective (11a) as

fth sin (ϕ) cos (θ) =
√
f2

th − n2
ya

2
n − (nzan − gPN

z )2. (13)

To keep the gate in the field of view, we impose an upper
bound γ̄ ∈ (0, γcam] on the angle γ between the LOS l
and the optical axis ocam of the camera, where γcam is the
camera’s angle of view. Increasing γ̄ increases the risk that
due to the gate motion, model errors, or disturbances, the gate
leaves the field of view at some point and can no longer be
detected. It follows from oB

cam = ex and (10) that the optical
axis in the PN frame OPN is given by

oPN
cam = RPN

B oB
cam = Ry(ϕ)Rx(θ)ex. (14)

Hence, we can calculate γ in OPN via

cos (γ) = lTocam = eTxRy(ϕ)Rx(θ)ex = cos (ϕ) cos (θ).

By inserting (12), we can express γ < γ̄ as

nzan − gPN
z

fth
≥ cos (γ̄). (15)

It follows from (12), (13) and (15) that the optimal control
input solving the optimization problem (11) is given by

f∗
th = min

(
f̄th,

nzan − gPN
z

cos (γ̄)

)
, ϕ∗ = ϕ(f∗

th), θ∗ = θ(f∗
th).

We can see that increasing the upper bound γ̄ also makes
the control towards the gate more aggressive.

E. Bayesian Hyperparameter Optimization

The racing performance of our control algorithm is af-
fected by two key hyperparameters: The navigation constant
kPN and the upper bound γ̄ on the angle between the camera’s
optical axis and the LOS. To reduce the tuning effort, we use
Bayesian optimization (BO) [35], a common approach for
optimizing black-box functions that are expensive to evalu-
ate. We quantify the performance of a set of hyperparameters
via two metrics: The time to reach the gate tgate and the
distance dcenter to the gate center at the moment of flying
through it. The choice to minimize dcenter is made for two
reasons: First, passing the gate close to its center increases
the robustness against colliding with the gate boundaries.
Second, due to the lack of position information and the gate
movements, we cannot track an optimal trajectory [5], [36],
which would not necessarily go through the gate centers.
To obtain optimal hyperparameters with respect to the two
metrics, we define a reward function

R(kPN, γ̄) = max (0, ct/tgate − cddcenter + c), (16)

where ct ≥ 0 and cd ≥ 0 are weighting factors to trade off
the two objectives, and c ≥ 0 is an offset. In each iteration
of BO, we first fit a Gaussian process (GP) model [37] to the
available parameter-reward samples. Then, we determine the
next set of hyperparameters θ to evaluate by maximizing the
upper confidence bound [35] of the fitted GP by utilizing
its mean and variance. After a few iterations, we obtain
optimized hyperparameters for our control algorithm.



Fig. 4: Planar (2D) and knot (3D) gate motions used in our experiments.

V. EVALUATION

A. Simulation

1) Setup: We utilize four parameterizations of the gate
position over time: Stationary (0D), linear (1D), planar (2D),
and knot (3D). We use two different constant velocities
for the linear motion, referred to as “slow” (2.5m/s) and
“fast” (5m/s). The planar and knot motions are defined by

pplan(t) = p0 + dplan
[
cωt

1
2c2ωt 0

]T
,

pknot(t) = p0 + dknot
[
s3ωt

(
1 + 1

2c2ωt

)
s3ωts2ωt s4ωt

]T
,

where cα = cos (α), sα = sin (α), and shown in Fig. 4. Un-
less otherwise stated, we set dplan = 2m, dknot = 1m, result-
ing in a top speed and acceleration of 3.1m/s and 4.0m/s2

for the planar and 1.2m/s and 0.9m/s2 for the knot motion.
We combine the software-in-the-loop simulation of

PX4 [34] and Gazebo to simulate the quadrotor dynamics, in-
cluding rotors [38], [39], low-level control, and aerodynamic
forces, as well as our drone racing algorithm for the x500
quadrotor [34] with a mass of 2 kg. The simulation provides
simulated sensor measurements by applying noise to the
ground truth acceleration, angular velocity, and air pressure
for the IMU and barometer sensors. We use the quadrotor’s
true position and attitude to project the gate’s ground truth
position into the camera frame based on its calibration.
To evaluate robustness, imperfections in the vision system
can be simulated by adding noise or introducing a delay
to the bounding box measurements. We use an estimation
and control frequency of 30Hz in all experiments. The
camera angle of view is γcam = 33.5◦. The gates are circular
with a radius of 0.5m to 2m. Unless otherwise stated, we
consider initial distances from the quadrotor to the gate
between 20m and 30m, set the initial velocity to 10m/s
and randomize the angle between the initial velocity vector
and the LOS between −10 ◦ and 10 ◦. For the planar and
knot gate motion, we randomize the initial LOS angle by
initializing the gate position randomly on the gate trajectory.

2) Bayesian Hyperparameter Optimization: We opti-
mize kPN and γ̄ via BO [40], as described in Section IV-E.
For the GP, we use a Matérn kernel [37] with smoothness pa-
rameter ν = 2.5. The estimate of the maximum relative speed
used in (5) is v̄rel = 15m/s. We set the search spaces for
the hyperparameters to γ̄ ∈ [5◦, 30◦] and kPN ∈ [0.3, 3.0].
We consider two reward formulations. The “distance + time”
reward Rd,t uses ct = 10, cd = 3 and c = 0 in (16), aiming
to strike a balance between robustness against collisions with

Gate motion Success rate Time [s]
Rew. Rd,t Rew. Rd Rew. Rd,t Rew. Rd

Stationary 1.00 (1.00) 1.00 (1.00) 4.11 5.28
Linear slow 1.00 (1.00) 1.00 (1.00) 4.03 5.35
Linear fast 0.67 (0.75) 0.92 (1.00) 5.41 5.80

Planar 1.00 (1.00) 0.50 (1.00) 4.01 5.76
Knot 1.00 (1.00) 1.00 (1.00) 4.03 5.41
Total 0.93 (0.95) 0.88 (1.00) 4.32 5.52

TABLE I: Performance of our algorithm for racing through moving gates
for two different formulations of the reward (16). The success rates of flying
through the gates are reported for a gate radius of 1m and 2m (in brackets).

0 0.1 0.2 0.3
0

0.2
0.4
0.6
0.8
1

Time delay Tbb [s]

Su
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s
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rgate = 0.5m rgate = 1m rgate = 2m

Fig. 5: Impact of delays in the vision-based LOS estimation (e.g., due to
camera latencies, inference times) on the success rate of passing the gates.

the gate and minimizing time. The “distance” reward Rd

reward uses ct = 0, cd = 5, and c = 3, corresponding to a
conservative “racing” approach where the primary goal is to
successfully fly through the gates. We perform 25 iterations
for BO, each consisting of 2 runs per gate motion (excluding
the stationary gate as it is the easiest to fly through). The opti-
mized hyperparameter values are kPN = 2.10 and γ̄ = 21.05◦

for the reward Rd,t and kPN = 1.11 and γ̄ = 8.91◦ for the
reward Rd. This shows that the combined reward Rd,t results
in a more aggressive control behavior and allows having the
gate closer to the boundary of the field of view.

3) Results and Discussion: We simulate 60 runs with
different initial conditions for both reward formulations,
evenly spread across all gate motions. The success rate of
flying through the gates and the time to reach the gates tgate
are provided in Table I. Our approach achieves a high success
rate of at least 88%, and the same hyperparameters perform
well for different gate motions. The linear fast and planar
gate motions are the most challenging, likely because their
high speeds violate some of the assumptions in the derivation
of the PN law in Section IV-A.1. Although kPN ≤ 2 for the
reward Rd, high performance is achieved due to overestimat-
ing the relative velocity. The combined reward Rd,t leads
to shorter times to pass the gates and higher top speeds
(14.6m/s vs. 11.0m/s), and we use it in the following.

We also evaluate the robustness of our algorithm against
time delays in the perception, using the stationary, linear fast,
and planar gate motions. For this, we consider delays of up
to 300ms in the LOS estimation. As shown in Fig. 5, even
a large delay of 100ms has little effect on performance for
gate radii of 1m and 2m.

One of the key properties of our control algorithm is
that it does not require knowledge of the relative speed
between the quadrotor and the gate and instead uses a
fixed overestimation v̄rel. We compare this approach to the
ideal case when the relative speed is known. To obtain
very different relative speeds, we consider initial distances
to the gate of 30m and 150m, leading to top speeds of



Top speed [m/s] Knowledge about vrel dcenter [m]

15

Estimate: v̄rel = 30m/s 4.72± 1.03
Estimate: v̄rel = 20m/s 1.01± 0.22
Estimate: v̄rel = 10m/s 1.02± 0.34

Perfect knowledge 0.42± 0.19

25

Estimate: v̄rel = 30m/s 0.65± 0.05
Estimate: v̄rel = 20m/s 0.70± 0.35
Estimate: v̄rel = 10m/s 4.84± 0.45

Perfect knowledge 1.19± 0.43

TABLE II: Comparing our approach to overestimate the relative veloc-
ity vrel to be v̄rel with the idealized case that vrel is known at all times.

Gate motion PN-based accel. contr. [31] PN-informed contr. (ours)
Linear 0.35 0.69
Planar 0.41 0.56

TABLE III: Comparison against [31], which assumes velocity information
to be available, in terms of the success rate of passing a 0.5m radius gate.

Runs Distance to gate center [m] Top speed [m/s] Time [s]
1 0.39 13.36 4.21
2 0.30 12.31 4.50
3 0.39 12.51 4.58

TABLE IV: Real-world experimental results with simulated gate visuals.

around 15m/s and 25m/s. We use the knot gate motion
and set dknot = 5 to match the increased initial distance. The
results for different estimates v̄rel are provided in Table II.
We observe that performance is poor if the maximum relative
speed is vastly over- or underestimated. However, if the
estimate is reasonable, our algorithm performs comparably
to the idealized case, highlighting the robustness of our
approach to different gate motions. We observe that using
the true relative speed performs worse for the higher top
speed, likely because that approach violates the assumption
of a constant factor kPNvrel in the original PN law (2).

The only baseline conducting experiments comparable to
ours is [31], which directly commands the acceleration from
the PN law to the PX4 acceleration controller. In contrast
to our approach, [31] assumes a velocity estimate to be
available via GPS and controls the speed to a relatively low,
constant value of 5m/s. For a fair comparison, we constrain
the pitch angle by setting γ̄ = 3.5◦ to achieve a similar
top speed and use the same gate radius of 0.5m and gate
motion parameterizations as [31], with gates moving at 1.25
to 5m/s. The success rates of flying through the gates given
in Table III show that our PN-informed controller clearly
outperforms the approach [31] although we assume strictly
fewer parts of the state estimate to be available.

B. Hardware Experiments

1) Setup: We conduct real-world experiments in an un-
controlled outdoor environment with a quadrotor with 2 kg
mass and 25m/s maximum speed. We implement the LOS
calculation and the control algorithm in ROS2 [41] and use
a UXRCE-DDS bridge for communication with PX4.

2) Simulated Gate Visuals: To evaluate our algorithm in
a repeatable way, we first simulate the gate visuals using
position estimates obtained via GPS (not used for control).
We simulate a point cloud for the gate, project it into the
camera frame, and use its bounding box to calculate the LOS.
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Fig. 6: Trajectories in our end-to-end hardware experiments. We emulate
the gate motion using a truck and manually pull up the quadrotor right
before impact. The extrapolation (dashed) based on the last velocity results
in a predicted distance to the gate center of about 0.9m.

This setup allows us to accurately compute the distance to the
gate center as the relative position of the quadrotor and the
gate are known. We use kPN = 2 and γ̄ = 15◦ and conduct
three runs with the linear slow gate motion, each time starting
from a stable hovering state. During the experiments, a wind
speed of about 3m/s is measured. All runs are successful,
and the results provided in Table IV demonstrate consistent
performance at high speeds of more than 12m/s.

3) End-to-End Experiment: Due to the challenges of
moving a gate at a desired speed without motion capture, we
emulate the gate movement with a truck. We use YOLO [42]
for detection and Nanotrack [43], [44] for tracking and
use kPN = 2 and γ̄ = 20◦. We smooth the tracking estimates
to prevent LOS jumps that could destabilize the algorithm.
The perception pipeline has a latency of about 60ms. The
truck drives at a speed of 8 to 10m/s, and the quadrotor is
initially 40m away. Once the truck is successfully detected
and tracked, we start our drone racing algorithm. We pull
up the quadrotor right before impact to avoid damage.
By extrapolating the quadrotor trajectory based on the last
velocity before pulling up, we can predict a distance of 0.9m
to the center of the truck’s bounding box; see Fig. 6. The
duration of the approach, including the extrapolation, is 4.9 s,
and the quadrotor reaches a speed of 23.6m/s, which is only
slightly below the speed achieved in [4] under controlled
conditions. The experiment demonstrates that our control
algorithm can be integrated with a computer vision stack on
real hardware and achieve high speeds while being robust
to sensor noise, delays in perception and control, wind, and
unmodeled aerodynamic effects.

VI. CONCLUSION AND FUTURE WORK

We have proposed a control algorithm for drone racing
with moving gates based solely on monocular LOS and IMU
measurements. We demonstrate through simulation and real-
world experiments that our approach is effective at flying
through moving gates at high speeds without knowing their
relative position and velocity and robust to different gate
motions, noise, wind, and delays. While we have shown that
keeping the gate within the field of view can be enforced
with our controller, the necessity for this condition is still
a limitation of our method. Our experiments are focused on
drone racing, but we consider this work an important step
toward vision-based agile flight in dynamic environments
without relying on accurate maps and full state estimation.
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