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I. I NTRODUCTION
Fixed-wing unmanned aerial vehicles (UAVs) offer significant performance advantages over rotary-wing UAVs in
terms of endurance and efficiency. However, traditionally
these vehicles have been severely limited with regards to
maneueverability. In this paper, we present a motion planning
approach for enabling highly maneuverable fixed-wing UAVs
in complex environments. Our approach generates collisionfree trajectories in real-time for a fixed-wing aircraft while also
accounting for the uncertainty associated with post-stall aerodynamics through adaptation. We believe that our approach has
the potential to dramatically increase the range and endurance
of unmanned systems in constrained subterranean and urban
environments which may span for many miles.

Fig. 1. Results of post-stall motion planning with fixed-wing UAV. RRT
is used to generate a collision-free seed for the trajectory optimizer, which
is able to exploit the post-stall aerodynamics to execute a collision-free 90
degree Herbst-like maneuver. Blue 3D grid represents voxelized map.

III. A PPROACH
II. R ELATED W ORK
In comparison to rotorcraft UAVs [8], relatively little work
has been done to explore the use of fixed-wing UAVs as a
platform for mobile roboitcs. This is primarily because fixedwing UAVs, in traditional, low angle-of-attack flight regimes,
have limited the maneuverability when compared with their
quadcopter counterparts. However, fixed-wing vehicles have
the potential to be as maneuverable as rotorcraft, if the vehicle
is able to leave low angle-of-attack domains. Some of the earliest and most notable work in post-stall maneuvers with fixedwing UAVs is presented in [17], where researchers explored
transition to-and-from a prop-hang configuration. This was
preceded by work in [11], which sought to generate real-time
trajectories for a planar ducted-fan UAV with aerodynamic surfaces. The control of fixed-wing UAVs in post-stall flight was
also advanced through the exploration of post-stall perching
[13], where a library of trajectories was used to enable robust
perching performance. Motion planning for fixed-wing UAVs
was also explored in [9], where a library of funnels exploited
invariance of initial conditions to navigate safely through an
obstacle field in real-time. The initial work was limited to
simple planar model representations, but then was extended to
higher dimensional models which could exploit the full angleof-attack envelope. More recently, researchers have explored
real-time trajectory motion-planning of fixed-wing UAVs using
simplified models restricted to low angle-of-attack domains
[1]. Researchers have also explored methods for offline motion
planning, using a combination of randomized motion planning
and trajectory optimization [7].

We believe that to navigate in complex environments which
are unknown a-priori, we must be able to generate sophisticated trajectories in real-time that exploit the full flight envelope for fixed-wing vehicles and achieve “supermaneuverability” [3]. Trajectory libraries, while commonly used to reduce
online computational burdens, often become computationally
expensive and result in sub-optimal solutions when the vehicle
state space is large (>6) and the environment is complex [10].
In addition, our approach must be able to handle complicated
physics models, with complex aerodynamics, which are, in
general, not differentially flat.
In this paper, we present a method which consists of
randomized motion planning, direct trajectory optimization,
and indirect trajectory optimization to enable post-stall motion
planning with an update rate of at least 50Hz. We explore
a receding horizon control strategy, rather than a real-time
two-degree-of-freedom design [14]. Using a two-degree-offreedom design requires methods for guaranteeing trajectory
tracking over some finite horizon (e.g. tube MPC), and therefore adds an additional layer of computational complexity. We
hypothesize that if we can replan trajectories fast enough and
account for uncertainty, this may be sufficient to achieve robust
performance.
A. Dynamics Model
Building off the work in [13], we use a threedimensional model of a fixed-wing UAV with a propeller
in a “puller” configuration. We define our state as x =
{xr , yr , zr , φ, θ, ψ, δ1 , δ2 , vx , vy , vz , ωx , ωy , ωz }. Here r =

T
xr , yr , zr
represents the position of the center of mass


T
in the world frame Oxr yr zr , θ = φ, θ, ψ
represents the

T
set of z-y-x euler angles, δ = δ1 , δ2
are control surface

T
deflections due to the right and left elevons, v = vx , vy , vz
is the velocityof the center
T of mass in the body fixed frame
represents the angular velocity
Oxyz , ω = ωx , ωy , ωz
of the body the body-fixed frame. We can then write x =
{rT , θ T , δ T , vT , ω T }T .
The equations of motion then become
ṙ = Rrb v
θ̇ = R−1
ω ω
v̇ = f /m − ω × v
ω̇ = J

(m − ω × Jω)

i

where fw represents the force due to the wing, fδi represent
the forces due to the control surfaces, fti represent the forces
due to the thrust sources. Rbti is the rotation matrix that defines
the orientation of the thrust source with respect to the body
fixed frame. Rbδi is the rotation matrix that defines the control
surface reference frame with respect to the body fixed frame.
The forces acting on the wing are given as
fw = fn,w ey =

1
Cn,w ρ|vw |2 Sw ey
2

(3)

where Cn,w comes from the flat plate model in [4] and
vw,z
is given as Cn,f p = 2 sin αw . Here αw = arctan vw,x
and
vw = v + ω × rw , where rw is the distance from the center
of gravity to the wing centroid.
To model forces our control surfaces, we use
fδi = fn,δi eyδ =

1
Cn,f p ρδi |vδi |2 Se eyδ
2

(4)

where vδi is the velocity of the ith control surface in the
control surface reference frame given as
vδi = Rδi (v + ω × rh + vbw ) + (Rδi ω + ωδi ) × rδi . (5)
Here rh represents the displacement from the vehicle center
of mass to the control surface “hinge” point, Rδi represents
the rotation matrix that transforms vectors in the body-fixed
frame into the control surface frame, ωδi is the simple rotation
rate of the control surface in the control surface frame.

(8)

i

(1)

Here m is vehicle mass, J is the vehicle’s inertia tensor with
respect to the center of mass, f is the total force applied to the
vehicle in body-fixed coordinates, m are the moments applied
about the vehicle’s center of mass in body-fixed coordinates,
ucs are the angular velocity inputs of the control surfaces. Rrb
denotes the rotation from the body-fixed frame to the world
frame, and Rω is the rotation which maps the euler angle rates
to an angular velocity in body-fixed frame.
The forces acting on the vehicle can be written as
X
X
f = fw +
Rbδi fδi + Rrb T gezr +
Rbti fti
(2)
i

where ut is the thrust input, Sdisk is the area of the actuator
disk, ρ is the density of air and vp is the velocity at the
propeller. For a given control surfaces, the angle of attack
becomes
vδ,z
αδ = arctan
(7)
vδ,x
m in the body fixed frame can be given as
X
m = rw × fw +
(rδi × Rδ fδi )

δ̇ = ucs
−1

vbw is the velocity due to the backwash of the propeller. It
can be approximated using momentum theory as,
r
2ut
2
vbw = vbw ex = kvp k2 +
− kvp k2 .
(6)
ρt Sdisk

Here rw = cw ex and rδi = lh ex + Rδ (lδ exδ ).
B. Motion Planning
To achieve real-time planning for fixed-wing vehicles across
the entire flight envelope, we utilize a three-stage, hierarchical
motion-planning strategy consisting of a randomized motion
planner, a direct, and an indirect trajectory optimizer. We
attempt to exploit the advantages of all three trajectory generation techniques to achieve effective receding horizon control
in the presence of obstacles.
1) Randomized Motion Planning: Randomized motion
planning has proved to be an effective strategy for generating
motion plans in complex environments and in the presence of
local minima. Rapildy-exploring Random Trees (RRTs) have
been a particularly powerful tool for solving path planning
problems. However, RRTs often exhibit poor performance
when required to reason about dynamical systems with large
state-spaces. Here, we use a simplified three-state model to
plan a collision-free path with a rapidly exploring random
tree in three dimensions. OctoMap [5], is used represent the
environment and provide information about obstacles. While
the trajectory generated by this process will not be a feasible
path for our aircraft to follow, it will provide a seed to the next
stage of the planner, which will enable the trajectory optimizer
to avoid local minima. Here, we study the motion planning
problem apart from the perception problem and assume that we
have a full map of the environment. However, the nature of our
approach (i.e., receding horizon control), could easily extend
to the case where the field-of-view is limited and trajectories
must be re-planned when provided with new information about
the environment.
2) Direct Trajectory Optimization: Direct trajectory optimization formulates the nonlinear optimization problem by
including both inputs and states as decision variables [18].
A collocation or transcription of the dynamics is then used to
constrain the variables to ensure dynamic feasibility. For this
reason, direct trajectory optimizers are well suited to accept
a set of state variable initializations and are are often more
robust to local minima then indirect methods [18]. Here, we
use a direct transcription formulation of Simpson’s integration
rule as described in [15]. We use a simplified model for

our dynamics, where we assume we have direct control over
the vehicle’s angular acceleration and the effects of control
surface deflections and velocities are negligible. This allows
us to reduce our model from 16 states to 12 states. To solve
our direct trajectory optimization problem, we employ the
Sparse Nonlinear Optimizer (SNOPT) [2]. Results can be
seen in Figure 1. Collision avoidance is formulated as a nonpenetration constraint on the occupancy grid.
C. Indirect Trajectory Optimization
Indirect trajectory optimization approaches, such as backpropagation-through-time (BPTT), real-time recurrent learning
(RTRL), and iterative LQR (iLQR), are typically very susceptible to local minima, but can often be executed much more
rapidly. Our approach takes advantage of this speed advantage
and uses indirect trajectory optimization (BPTT) to quickly
refine the solution from the direct trajectory optimization
routine so that the complete dynamics and constraints are
satisfied. The key to using indirect trajectory optimization
effectively is providing the optimizer with seed values close
to the optimum. To do this, we must find initial values for
the system inputs. The prior optimization step provides us
with the angular accelerations of the vehicle. From these
angular accelerations, the required velocities and positions of
the control surfaces can be solved for analytically.
For a fixed-wing aircraft with a rudder, elevator, and
ailerons, the equations for angular acceleration are given as
Jω̇ + ω × Jω − rw × fw =
(rδa1 × Rδa1 fδa1 ) + (rδa2 × Rδa2 fδa2 )
+ (rδe × Rδe fδe ) + (rδr × Rδr fδr )

(9)

If we assume that δa1 = δa2 , and that δ̇a1 = δ̇a2 , we have
Jω̇ + ω × Jω − rw × fw




0
− (fn,δa1 + fn,δa2 )(−lha,x cδa2 + lδa ) − fn,δr lh,z sδr 
(fn,δa1 + fn,δa2 )lha,y sδa2


(fn,δa1 − fn,δa2 )lha,y cδa2
=  fn,δe (−lhe,x cδe + lδe ) 
(10)
fn,δr (lh,x cδr + lδr )

The above exhibits a hierarchal structure, where the aileron
inputs can be solved for first, followed by the rudder input,
followed by elevator input given the state of the aircraft body
and the angular accelerations. In fact, the control surface
velocities can be solved for analytically by finding the roots
of a sixth order polynomial in the case of roll, and a fourth
order polynomial in the case of pitch and yaw.
This can be illustrated by considering the roll dimension.
We know that
fn,δa = sin αa ρ|vδa |2 Sa = ρvδa ,z |vδa |Sa

(11)

and
vδa = Rδa (v + ω × rh + vbw ) + Rδa ω × rδa + ωδa rδa ezδ .
(12)

To find the angular velocity of the aileron, we must solve
c20 = vδ2a1 ,z (vδ2a1 ,x + vδ2a1 ,y + (vδa1 ,z + rδa ωδa )2 )
−

vδ2a2 ,z (vδ2a2 ,x

+

vδ2a2 ,y

2

+ (vδa2 ,z + rδa ωδa ) ).

(13)
(14)

D. Local Direct Adaptive Control
In this work, we also present a means of reasoning about
unknown dynamics. If we assume that our unknown dynamics
can be captured by constant parameters, we can use the
notion of adaptive control Lyapunov functions [6] to compute
adaptive feedback laws. These feedback laws utilize a direct
adaptive control paradigm- that is, they do not attempt to
identify unknown parameters. Rather, they attempt to adjust
the control laws in the presence of unknown parameters to
more effectively achieve the control objective [16].
The adaptive control Lyapunov function formulation is
provided in [6]. Given the system
ẋ = f (x) + F(x)θ + g(x)u,

(15)

V (x, θ) is an adaptive control Lyapunov function, if it is a
control Lyapunov function (clf) for the augmented system
T 


∂Va
+ g(x)u.
(16)
ẋ = f (x) + F(x) θ + Γ
∂θ
While the original treatment of adaptive clfs sought to prove
that systems were globally adaptively stabilizable, these adaptive clfs can also be computed for locally to a trajectory. In
[12], sum-of-squares programming was used to find locally
valid adaptive clfs. However, linear optimal control can also be
used to find these local controllers with reduced computational
burden. By applying time-varying LQR to the augmented
system
ẋ = f (x) + F(x)θ + g(x)u

(17)

θ̇ = 0

(18)

we can find a V (x, θ) which is valid in the neighborhood of
a trajectory.
This provides a local direct adaptive controller which can
dramatically improve trajectory following in the presence of
unknown dynamics. To test this direct adaptive controller, we
explored performance in the longitudinal “perching problem”
[13], where a small, unpowered glider in steady-level flight
must exploit post-stall aerodynamics to accurately land with
low-velocity at a specific point in space. In one simulationbased experiment, we parameterized the flat plate lift, drag,
and moment coefficients of a glider with an unknown offset
and greatly improved perching performance without multiple
iterations (see Figures 2 and 3). Furthermore, because the
adaptation law in this paradigm is a function of the system
state, we can augment the existing fixed-wing state with the
parameter estimates and incorporate parameter adaptation as
part of our final indirect optimization stage. This would not
only allow for local direct adaptation to unknown parameters,
but also for online modification of the nominal trajectory to
facilitate faster parameter convergence.

Fig. 2. Perching in the presence of unknown dynamics: With adaptation.
The vehicle center of mass (blue dot) still reaches the goal state (green dot)

Fig. 3. Perching in the presence of unknown dynamics: Without adaptation.
The vehicle center of mass (blue dot) overshoots the goal state (green dot).

IV. D ISCUSSION
In this paper, we proposed an approach for real-time receding horizon control with fixed-wing UAVs that can exploit
post-stall aerodynamics. We also proposed an approach for
direct adaptive control along trajectories to compensate for
unmodeled dynamics. Future work will seek to integrate these
two approaches to enable robust post-stall motion planning in
the presence of unmodeled dynamics and changing environments. We will also begin to explore the use of predictive
perception models to allow for planning beyond the line-ofsight. We believe that by enabling fixed-wing UAVs to achieve
rotorcraft-like maneuverability in the presence of obstacles, we
will dramatically increase the range of unmanned systems in
complex and tightly-constrained environments.
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