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ABSTRACT

This paper presents a nonlinear model of multi-
rotor drone dynamics selected specifically to be
suited for onboard motion planning using Model
Predictive Control (MPC), and presents a gener-
ally applicable procedure to identify the model
parameters solely based on outdoor flight data.
The model stems from a trade-off between pre-
diction accuracy and computational complexity,
approximating attitude and thrust control loops
as low order linear time-invariant subsystems but
without linearizing the thrust vector orientation,
and including linear aerodynamic drag and a
simplified battery voltage dependency. An open
loop simulation compared to recorded data from
a free flight maneuver motivates the proposed
model complexity in contrast to further simpli-
fications of the proposed model.

1 INTRODUCTION

Despite the current state of computing hardware with a

form factor that is convenient for compact drones, onboard
real-time motion planning and control remains a challenge.
Fully autonomous operation requires state estimation, motion
planning and control all to be executed onboard at a reason-
able update rate. One of the promising techniques for ad-
vanced motion planning and control is Model Predictive Con-
trol (MPC). Literature shows this technique already being ap-
plied for drone control and navigation, most often restricted
to position reference tracking over short horizons using lin-
earized dynamics to limit the computational load [1].
The modeling for simultaneous motion planning and control
using MPC asks for a trade-off between sufficient model pre-
diction accuracy and limited model complexity, to reduce the
computational load of solving a finite-horizon optimal control
problem. In literature, quadrotor models with varying com-
plexity and accuracy have been established, a short review of
which now follows.
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1.1 Related work

A detailed survey of existing kinematic and dynamic
models of quadrotors and their derivation is presented in [2].
This survey covers how in general these models can be de-
rived using the Newton-Euler method or the Euler-Lagrange
formalism, and how given some assumptions on structure
rigidity, symmetry and center of gravity, the most commonly
used basic quadrotor model is derived starting from Newton’s
second law. This basic nonlinear model can be formulated as

p =
v =g+ LRFf, (1
Jw =7 —-w x Jw,

where p is the drone position vector, v the drone velocity
vector, g the gravitational acceleration vector, m the drone
mass, R the rotation matrix from the body to the world frame,
f. the total thrust force, T the body torques, w the angular
rate vector and J the drone inertia matrix. The thrust force
equals the vector sum of all motor thrusts. Often they are
assumed to be aligned with the vertical body axis, such that
the thrust magnitude equals the sum of the individual motor
thrusts. Body torques can be expressed as a function of the
thrust forces and the quadrotor geometry.

The set of equations in Equation 1 still misses a rela-
tion between the orientation, here represented by the rota-
tion matrix R, and the angular rate vector w = [p,q,r]—r
This relation is usually constituted in one of three ways, de-
pending on the used representation of the drone body orien-
tation: through roll-pitch-yaw Euler angles and their deriva-
tives, through quaternion derivatives, or through the deriva-
tive of the rotation matrix itself. In terms of the roll-pitch-
yaw Euler angles ¢, 6 and 1, R is, introducing ¢, = cos(y),
s, £ sin(y), t, £ tan(v):

R =RyRoRy
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The Euler angle derivatives are in that case related to the
angular rates by
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When using the quaternion rotation formulation R(q), the
derivative of the orientation uses the Hamilton quaternion
multiplication to express the derivative of the quaternion as

q= %q ) LOJ [3]. In the third alternative, the derivative of

R can be formulated directly as R = R|wx |, where |[wx |
is the skew-symmetric matrix formed with the elements of w
[4].

The basic model in Equation 1 does not account for aero-
dynamic effects, which is often sufficient for applications
close to the hovering regime. In [2] and [5], a number of
aerodynamic effects and ways to model them are listed, such
as the ground and ceiling effect, the effect of the angle of
attack with respect to the free stream, blade flapping, and in-
terference caused by the vehicle body in the slip stream of
the rotor. Often, an approximation that is linear in the trans-
lational velocity is used such as in [6], as this describes the
dominant aerodynamic effects fairly well even up to signifi-
cant velocities. The velocity induced aerodynamic drag force
is then given by f, = ~RDR." v, with D a diagonal matrix
containing drag coefficients. This drag force is added to the
second line in Equation 1.

A very common approach to avoid the complexity and
nonlinearity of the standard nonlinear model, is to perform a
linearization around the hover state and assume small angu-
lar deviations from this state. Also for drone MPC this is a
popular approach, as it alleviates the computational burden,
but doing so sacrifices prediction accuracy for more dynamic
behavior that deviates significantly from the hover state [1].

Another approach to approximate the full drone model, is
to assume that an attitude controller is already in place, which
is either assumed to track attitude references perfectly as in
[7], or responds as a torsional inertia-spring-damper SISO
system in a fully linear rotational and translational model as
in [8].

Lastly it can be noted that more complex and detailed
models exist, such as [9], in which brushless DC motors and
electronic speed controller models are included. However, to
the best of our knowledge these detailed models are not used
in (online) motion planning and control.

A range of system identification methods is discussed
in [2], covering identification procedures for first principles-
based models, also referred to as white box models, for (lin-
earized) grey box models, and data-based black box models.
Often, however, model parameters are retrieved in a cumber-
some procedure from CAD models, which requires detailed
models for all parts of the quadrotor, and test benches for sep-
arate components such as the motors and propellers [10].

1.2 Contribution and paper structure

This paper proposes a nonlinear multirotor drone model
without a small angle assumption that is specifically selected
to address the trade-off between model complexity and com-
putational efficiency, together with a simple procedure to
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Figure 1: Quadrotor used in the experiments, displaying the axis
convention on the body frame with the roll-pitch-yaw Euler angles,
and outdoor infrastructure with safety nets.

identify the unknown model parameters, that does not require
special facilities other than the sensors that are present in a
realistic outdoor drone application and that do not require dis-
mantling the drone to identify components separately.

The paper is structured as follows. First Section 2
presents the model, next Section 3 describes the identification
procedure and parameter fitting results, and finally in Section
4 a free flight experiment qualitatively validates the proposed
model and identification procedure. This validation compares
the simulation of the proposed model to data recorded in the
experiment, and compares the simulation results with more
simplified versions of the model, justifying the inclusion of
nonlinearity, drag and battery voltage dependency. Lastly the
limitations to the applicability of the model are discussed.

2 PROPOSED DYNAMIC MODEL

The proposed model simplifies the ensemble of the drone
dynamics and the control cascade of attitude control, angular
rate control and motor control into a structure that takes throt-
tle input, roll angle, pitch angle and yaw rate references as in-
put, which is the control level often referred to as the stabilize
or angle flight mode in commonly used flight controllers. The
choice for attitude-throttle inputs in the proposed model is
motivated by the applicability on the popular hardware setup
where a Companion Computer (CC) performs high-level op-
timal control and sends reference inputs to the Flight Control
Unit (FCU)'. This setup shows a significant communication
and processing delay in the order of 0.1 s and the update fre-
quency of state estimates from the FCU to the CC is limited
at 50 — 100 Hz, rendering it infeasible to perform attitude
control which requires a control rate in the order of 400 Hz
[11]. Control with attitude reference inputs however has been
demonstrated with input frequencies around 50 Hz in [8] and
[12], which is realistic for the given setup and still allows dy-
namic control.

The proposed model is schematically shown in Figure 2.
The schematic reads from the top, starting with the control
inputs, to the bottom, towards the output which is the drone

!Computation hardware used for this paper:
FCU: Pixhawk 2.1 Cube Black running ArduCopter 3.7-dev firmware.
(https://github.com/unl-nimbus-1lab/ardupilot)
CC: Nvidia Jetson TX2 running Jetpack 4.3.
Serial communication with MAVLink using the Mavros library.
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