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II. C ONTROLLER D ESIGN
We control our quadrotor using a nonlinear MPC [1],
with the ACADOS toolkit [2]. The MPC minimizes the cost
function:
Z T
J=
||x(t) − xref (t)||2Qx + ||u(t) − uref (t)||2Ru dt
t=0

+ ||x(T ) − xref (T )||2P

(6)
We use the model described in section I with u =
[ccmd φ̇cmd θ̇cmd ψ̇cmd ]T and x = [p v φ θ ψ]T . The
sampling time is h = 0.05s and the horizon Nh = 10 which
gives T = 0.5s. The weights are:
Fig. 1. Schematics of the multirotor model with the used coordinate
systems.

Abstract— This is an extremely brief description of the
methods used by team Dédale, a participant in the Game
of Drones competition. We describe the control method used,
the planning method used for each tier as well as the gate
localization scheme for tiers 2 and 3.
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multirotor mass
position vector x, y, z
velocity vector vx , vy , vz
world frame z
body frame z
rotation matrix from body to world frame
drag matrix
roll angle
pitch angle
yaw angle
total thrust command
euclidean norm
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All parameters are set by approximation/experimentation and
may not be optimal. We limit |φ| ≤ 85 deg, |θ| ≤ 85 deg,
|φ̇cmd | ≤ 120 deg/s, |θ̇cmd | ≤ 120 deg/s and |ψ̇cmd | ≤
60 deg/s.
III. P LANNING METHOD

B. Tiers 2 and 3

We assume a low level controller allows for controlling
the attitude and thrust. The equations of motion are:
ṗ = v

Ru = diag(0, 0.05, 0.05, 0.05)

For tier 1, we use a new planning method developed by
ourselves. It does not rely on waypoints, but on gate sizes so
that it is more optimal i.e. the constraint is that the trajectory
passes through the gate and not just a point. The method
will determine which optimal point at the gate it will pass
through. It uses non linear optimization and gives faster
trajectories then the state of the art (at least 30%). It gives
up to 3 times faster trajectories then polynomial methods
described in [3], [4] and [5].
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A. Tier 1

I. MAV MODEL
TABLE I.

P = Qx = diag(10, 10, 10, 0.1, 0.1, 0.1, 0, 0, 0.01)

(2)

φ̇ = φ̇cmd

(3)

θ̇ = θ̇cmd

(4)

ψ̇ = ψ̇cmd

(5)
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We use a method inspired by the method described in
[6]. We linearly interpolate between points before and after
the gate with a constant speed and let the MPC follow the
trajectory to the best of its ability (since it is not absolute
feasible).
IV. G ATE DETECTION
We use transfer learning with tensorflow (RCNN) to detect
gates with a bounding box [7]. We are able to localize the
gates given that we know their sizes beforehand (through
PnP). However since some gate sizes and shapes vary dramatically, the performance of our method is subpar. We will
need at least two images with two detections to calculate
their scale. We did not implement this solution and took the
fixed size as the one with the most compatible gates. In the

future we plan to implement a semantic segmentation scheme
[8] to make the localization more accurate.
V. A DVERSARIAL TACTICS
A. Tier 1
Since we are considerably faster then the state of the art,
there is, for the most part, no need for adversarial tactics.
Mainly we may need it at the start of the race. For this
reason we use the following rule: when we are close to the
opposing drone (distance < 0.6) and if it is closer then us
to the next gate, we translate our reference trajectory 20 cm
in the direction of the projection of p1 − p2 on z W for 5
seconds, with p1 the position of our drone and p2 that of
the opposing drone.
This assumes that the trajectory generated offline is at
least 40 cm (20 cm for the drone size + 20 cm trajectory
translation) away from any obstacle in the z W direction
(correct assumption). It also assumes that we will be ahead
of the other drone after 5 seconds with no collision (may not
hold).
B. Tier 3
We do not use any adversarial tactics as we did not train
our network to detect the adversary drone.
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