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This paper presents a new approach for autonomous motion planning for aircraft suffering

from a loss of thrust emergency. Specifically, we show how modifications to the Closed Loop

Rapidly exploring Random Trees (CL-RRT) framework combined with controlled energy

dissipation can enable rapid and effective kinodynamic motion planning. This CL-RRT Glide

algorithm uses closed loop prediction not only for node connections, but also to estimate the

remaining energy and prune infeasible paths. This greatly speeds up the search process, which

is essential for emergency situations. In addition, we improve the ability of the gliding aircraft to

reach a goal position and energy state. We do so by creating a Dissipative Total Energy Control

Scheme (TECS). Dissipative TECS enables the glider to lose excess altitude in order to reach

a desired energy level. Simulation results illustrate how the proposed methods enable faster

motion planning. We also integrate the system into a small UAV system and experimentally

demonstrate autonomous glide planning and execution during a motor-failure event. This type

of algorithm can primarily benefit unmanned aircraft, but can also serve to assist pilots in

stressful, emergency situations.

Nomenclature

𝜙 = Euler attitude roll angle of aircraft.

𝜃 = Euler attitude pitch angle of aircraft.

𝜓 = Euler attitude yaw angle of aircraft.

𝜌 = Atmospheric density.

𝑔 = Acceleration of gravity.
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𝑉 = Airspeed magnitude.

𝑉𝑑𝑒𝑚 = Demanded airspeed.

𝑄 = Dynamic pressure.

𝐿 = Lift force.

𝐷 = Drag force.

𝑌 = Side force.

ℓ = Roll moment.

𝑚 = Pitch moment.

𝑛 = Yaw moment.

𝑆 = Planform area.

𝐶𝐿 = Lift force coefficient.

𝐶𝐷 = Drag force coefficient.

𝐶𝑌 = Side force coefficient.

𝐶ℓ = Roll moment coefficient.

𝐶𝑚 = Pitch moment coefficient.

𝐶𝑛 = Yaw moment coefficient.

𝑏 = Wingspan.

𝑐𝑚𝑎𝑐 = Mean aerodynamic chord.

𝛼 = Angle of attack.

𝛽 = Angle of sideslip.

𝜙𝑑𝑒𝑚 = Demanded roll angle.

𝜃𝑑𝑒𝑚 = Demanded pitch angle.

𝐵 = Control damping.

𝑇 = Control period.

𝜂 = 𝐿1 point angle.

𝛾 = Flight path angle.

𝑎𝑠 = Lateral acceleration.

ℎ = Altitude.

ℎ𝑑𝑒𝑚 = Altitude demand.

𝜖 = Energy balance weighting.

𝐾 = Control gain.

𝐾𝑑 = Control damping gain.
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𝐾𝑖 = Control integral gain.

𝛿𝑡 𝑓 𝑓 = Feedforward throttle component.

𝜏 = TECS time constant.

𝐴 = Cross sectional area.

𝐾𝑔 = Glide dissipation gain.

I. Introduction

Sudden loss of thrust can occur in aircraft due to engine damage, loss of fuel, or problems with a range of

propulsion system components. This event forces the aircraft to glide, dramatically reduces aircraft range, and often

necessitates rapid decision-making in order to safely land. For example, the US Airways Flight 1549 bird-strike incident

started with a bird-strike and ended with an emergency landing only 210s later. Post-accident studies showed that the

35s needed to identify the failure was sufficient to prevent a return to the departure runway [1]. Recent works have

shown that Flight 1549 may have only had 16s to act before the best landing site was out of range [2]. Safe recovery of a

gliding aircraft requires 1) failure diagnosis, 2) landing site identification, and 3) trajectory planning. Substantial past

work have addressed diagnosing aircraft failures [3, 4] and identifying best landing sites from a set of runways [2, 5].

This paper focuses on the third challenge: trajectory planning for an aircraft after failure has occurred. This paper

presents a novel approach to rapidly determining a motion plan that enables a safe landing while ensuring path feasibility

and avoiding obstacles. Human pilots have demonstrated the ability to quickly plan and execute safe landings with loss

of thrust, but this remains a highly challenging task. Autonomous aircraft cannot rely on an expert pilot to handle such

situations. There is a need for motion planning algorithms that can handle loss of thrust situations and enable safe

landings under such challenging conditions. Such algorithms could improve the safety of manned, remotely piloted, and

autonomous aircraft.

(a) (b) (c)

Fig. 1 The experimental platform, the ZOHD Drift small UAV, is shown in (a). The RRT motion planner is
illustrated in (b). The flight path of a successfully planned glide landing is shown in (c).

While there has been substantial past research into motion planning for aircraft, the examination of rapid motion
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planning for gliding flight remains less explored [6] [7] [8] [9] [10]. The application of path planning for a gliding

aircraft presents some unique constraints for path planners. First, range and flight time are severely reduced, creating

a need for methods that generate motion plans very quickly. Second, aircraft without thrust are restricted to relying

on gravitational potential energy in order to sustain flight. While potential and kinetic energy can be traded for each

other there are additional constraints on the aircraft velocity. High speeds result in faster energy dissipation, but the

lift-to-drag ratio usually varies with velocity. The gliding speed must also lie between certain bounds to prevent stall

(too slow) or structural damage (too fast). Finally, damaged aircraft must avoid certain areas to ensure the safety of those

on the ground [11]. Individuals and property on the ground can be harmed by loss of control due to the emergency,

falling debris, intentional fuel-dumps. This means that the desired planner must be able to consider obstacles and ensure

they are avoided.

These unique challenges limit the types of planning algorithms that can be used for a loss of power situation.

Planning speed, avoiding obstacles, and respecting the vehicle constraints are more critical than achieving optimal

path cost. Determining the ability of a gliding vehicle to reach the goal is a necessary part of planning feasible glide

trajectories. The safety of the final flight path depends on an accurate prediction of the final altitude of the flight path.

If the path plan results in a final altitude that is too high, then the aircraft will be unable to execute a landing; if the

altitude is too low, then it will crash. While many motion planners use simplified dynamics or heuristics to predict

the trajectory, these approximations are not suitable for the many real-world cases. This is because prediction errors

can cause the aircraft to crash, land in the wrong place, or fly in a manner that risks the safety of those on the ground.

Therefore, we believe motion planning with forward prediction is most appropriate. Such planners like Closed Loop

Rapidly Exploring Random Trees (CL-RRT) create motion plans by propagating control inputs through an accurate

dynamic model [12]. This enables predictions of the aircraft states and overall energy. Such planners generate feasible

trajectories relatively quickly, but optimization takes substantially longer. For loss of power situations, we are satisfied

with any suboptimal, feasible trajectories that enable safe landing. The experiments presented in this paper produced

a feasible trajectory for a small UAV system and a low performance processor. The feasible trajectory is generated

in an average time of around 3.5 seconds using the onboard processor. This cost the UAV on average 5 meters of the

initial starting altitude of 60 meters above the goal, but the UAV was still able to consistently reach the goal a horizontal

distance of 215m away during multiple tests of the algorithm.

This work presents and experimentally validates a new planning methodology that is tailored specifically to sudden

loss of power and resulting gliding flight, highlighted in Fig. 1c. Our proposed algorithm has the following features:

1) If a feasible path exists for the closed loop system, the algorithm is probabilistically complete; that is, the feasible

path will be found in finite iterations.

2) Only a feasible path to the landing site is returned.

3) The return path is safe from collisions with known obstacles.
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4) The vehicle reaches the goal at the correct energy state such that the standard error | 𝑉2

𝑉2
𝑑𝑒𝑚

− 1| + | ℎ
ℎ𝑑𝑒𝑚

− 1| < 𝜂,

where 𝜂 = 0.1 is the error threshold.

5) The planning algorithm generates motion plans within seconds.

The new contributions this paper makes to the existing research are 1) the addition of a path cost heuristic based on

forward simulation, 2) the design and use of a novel energy control scheme, Dissipative TECS, for rapid dissipative

trajectories, and 3) the experimental validation of the algorithm.

The following presents a variation on the closed loop random sampling method, adapted for aircraft suffering

from loss of thrust, hightlighted by the illustration in Figure 10b. The planner adds heuristic-based pruning based

on simulating the flight dynamics to the goal from each node sample. If the total path cost exceeds a threshold, the

node is considered infeasible and rejected. A glide controller allows the dissipation of excess energy on the way to the

goal. Finally, the algorithm is implemented on an experimental autonomous aircraft shown in Figure 10a to validate its

performance during a controlled loss of thrust scenario.

II. Background

A. General Motion Planning

The path planning problem can be broken down into three generalizable sub-areas: the completeness and optimality

of the search algorithm, the efficiency and feasibility of the node connections, and the cost estimation of the system.

Many popular planning algorithms fall into two categories, either graph search algorithms like A* and Theta*, or

random sample algorithms like probabilistic road maps (PRMs) and Rapidly-exploring Random Trees (RRT) [13] [14]

[15] [16]. RRTs were developed as an alternative for quickly searching large sample spaces in a non discrete manner

[16]. While probabilistically complete, the basic RRT implementation makes no guarantee of optimality. There have

been now common RRT variations developed that provide asymptotic optimality. RRT* connects new samples to the

lowest cost near node and then rewires other near nodes to create a lower cost path [15]. RRT# has been shown to do an

even better job at finding an optimal path than RRT* by processing the optimization step as a separate queue of nodes

most likely to be in the optimal path [17]. However, modifications are needed to account for dynamic system constraints.

Path planners with nonholonomic constrained trajectories, motion primitives, and closed loop forward prediction have

been proven to give feasible and efficient node connections [10] [18].

There are a few cases where path planning has been implemented on fixed-wing aircraft. One common approach is

to use a motion primitive based architecture for generating dynamically feasible paths that are pre-computed for rapid

path planning [19]. The work in [20] showed an application of motion primitives that connect nodes of an RRT path

planner to navigate an agile fixed wing aircraft to maneuver around tight spaces and obstacles towards the goal. An RRT

path planner was also used in [21] to plan for a fixed wing aircraft navigating through an urban space. Primitives have
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also been suggested for path planning in situations where an aircraft becomes damaged or disabled, such as in [22].

For complex, nonlinear, multi-DoF systems, such as aircraft, forward simulation of the vehicle dynamics is a

promising approach for motion planning. This enables prediction of the closed loop response to transitory periods

and disturbances which may not be possible to compute off-line [18] [23] [24]. Such methods can also incorporate

uncertainty. The works of [25] and [26] demonstrate an application of a chance constrained RRT planner, which

builds on CL-RRT by propagating the mean and covariance of the state distributions. The ability to accurately predict

the vehicle state and trajectory make closed-loop prediction an effective tool. Past works have utilized CL-RRT on

quadcopters [27] and fixed-wing aircraft [28], but have not examined loss of thrust scenarios. In a loss-of-thrust event,

motion planners can use closed-loop prediction to ensure a feasible and safe landing.

B. Handling Loss of Thrust

We have identified random sampling plus closed-loop prediction as an effective planning method for loss of thrust.

However, several additional technical challenges must be addressed in order to ensure effective planning. First, an

important piece of energy-constrained path planning is a good cost estimate method. This estimate has multiple uses

when planning paths. Traditionally, a running cost estimate has been used to keep track of the cost to get from one node

to another [23]. For energy constrained path planning, it can serve a different purpose. Closed-loop prediction can be

used to compute the reachability of not only a node, but the goal itself [29]. At any point, this makes sure that there

is still enough energy left over to glide to the goal from a sampled node during the planning process. Rich literature

already exists on gliding flight. However, we have identified some areas for potential improvement. Previous algorithms

have not accounted for constraints when expanding the search tree to ensure that the goal is reachable from each node

and on the final path. The work in [5] determines the reachability of the goal for a loss of thrust scenario prior to

planning the path, but this does not take into account scenarios where obstacles might make the goal out of range. There

has been other work done for glide path planning using three-dimensional dubins paths [30]. This method provides

rapid solutions to the glide path and is well-suited to obstacle-free environments. In contrast, the method proposed in

this paper is well-aligned with scenarios that feature obstacles or complex vehicle dynamics. Note that the analytical

methods in [30] could be combined with an RRT as an initial check in case such a simple solution is possible. Finally, a

different approach to path planning is to create an initial route that allows for safe landing sites in an emergency situation

along the way [31].

Altitude management is another important challenge for autonomous gliding aircraft. A gliding aircraft that has no

thrust loses its ability to sustain altitude under its own power, and it must gradually descend to maintain its airspeed.

There is also the need to manage the aircraft altitude and dissipate excess energy on the descent to reach a target or

landing site at a specific lower altitude. Previous work has examined using neural networks to determine optimal glide

trajectories, but this only minimizes altitude loss rather than managing excess altitude that an aircraft might have [6] [32].
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There have also been attempts at designing different trajectories that are intentionally sub optimal, so the aircraft loiters

to a lower altitude [33] [9]. These paths make planning more difficult since they steer the aircraft away from the desired

path, create more chances for collisions, and do not allow for feedback control of altitude to account for disturbances.

Spoilers, slipping flight, and other control surfaces can be used for feedback control of altitude loss rate, but not all

aircraft, especially low-cost drones, have these control inputs and these add additional complexity to the vehicle.

In summary, previous work in path planning has yet to address the unique additional challenges associated with

sudden loss of thrust. Existing feasibility checks do not ensure that all nodes can reach the goal. In addition, feedback

control for managing altitude and energy for a glider, and dissipating it in a safe manner using only elevator control

input, have yet to be proposed. This work aims to address these limitations by modifying a random sample path planner

to prune nodes that are out of range of the goal, adding an energy dissipation control strategy, and implementing this

algorithm in real time on an experimental UAV platform. The subjects of failure detection, landing site selection, wind

effects, and obstacle perception, are relevant to this work but are outside the current scope of this project. These could

be modeled and incorporated in the closed-loop prediction of the path planner, which would be the subject of future

research.

III. Fixed Wing Aircraft Dynamics and Control
This work focuses on enabling safe-landings of fixed-wing aircraft suffering from loss of power. We assume full

6-DoF aircraft dynamics and neglect flexible modes. The aircraft is capable of regulating roll, pitch, and yaw, but lacks

thrust. We use standard aircraft terminology to describe the aircraft states and controls.

Our planning architecture focuses on determining the trajectory that ensures the aircraft XYZ trajectory and speed

are appropriate for a safe landing. This means that the aircraft maintains controlled flight, does not collide with terrain,

avoids no-go areas, and lands at a safe speed. Other dynamic constraints such as structural or acceleration limits can be

easily incorporated.

There are two strategies that are used to independently control the lateral and longitudinal aircraft dynamics. The

lateral control primarily determines how the aircraft turns in the horizontal plane. This is useful when following

simple two dimensional trajectories, like a straight line between way-points or a circular turn. The longitudinal control

determines how the aircraft manages its kinetic and potential energy in the vertical plane. These two controllers limit the

turning, climbing, and descent rates of the aircraft. The path planner accounts for these controllers during the forward

simulations. As Fig. 2 illustrates, an 𝐿1 controller [34] is used for lateral control while the Total Energy Control System

(TECS) is used for longitudinal control. These two controllers combine to generate roll and pitch set-points that are then

passed to respective attitude PID controllers that determine the resulting control surface deflections. This architecture is

similar to that in [27].
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Fig. 2 Overall waypoint controller diagram. The 𝐿1 controller steers the aircraft on a path heading towards the
waypoint, while the TECS controller balances the demanded speed and climb rate. The items highlighted in red
show what is absent when the TECS Control is switched to the Dissipative TECS.

A. 𝐿1 Controller

For the lateral control, an established method is chosen based on the L1 non-linear control strategy developed in

[34] and utilized in the Ardupilot open source flight controller project for automatic flight modes. It has been shown

to work very well with small unmanned aerial vehicles and is widely utilized in open-source software [35]. The 𝐿1

controller takes in the airspeed 𝑉 , the heading relative to the 𝐿1 point 𝜂 on the desired trajectory shown in Fig. 3,

and accounts for the pitch angle of the aircraft 𝜃. The controller computes a desired lateral acceleration, 𝑎𝑠, and then

maps this to a desired roll angle, 𝜙𝑑𝑒𝑚. The basic 𝐿1 control equations are shown in 1 - 3. The aggressiveness of the

controller is based on the length of 𝐿1 along the desired flight path ahead of the vehicle; the shorter that 𝐿1 is, the more

aggressively the controller pulls the vehicle towards the trajectory. The damping 𝐵 and period 𝑇 terms are used to tune

the aggressiveness of the controller. Overall, the commanded lateral acceleration, 𝑎𝑠, is directly proportional to the

vehicle velocity, so the controller adjusts to account for the airspeed of the vehicle. This helps it to reject disturbances

from wind and follow the trajectory more closely. The 𝐿1 point also gives the controller an element of anticipation of

the path, enabling it to perform better than pure linear proportional derivative controllers when following a curved path.

𝐿1 =
1
𝜋
𝐵𝑇𝑉 (1)

𝑎𝑠 =
4𝐵2𝑉2 sin(𝜂)

𝐿1
(2)
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𝜙𝑑𝑒𝑚 = cos(𝜃) arctan(𝑎𝑠/𝑔) (3)

A B

h

V

L
1

a
s

Fig. 3 Diagram illustrates the L1 controller. Resultant lateral acceleration 𝑎𝑠 drives the aircraft towards the
desired path. The control action is overall proportional to the sine of the path angle 𝜂.

B. TECS Controller

This work uses a type of longitudinal control strategy known as the Total Energy Control System (TECS), which

attempts to manipulate the energies of the vehicle shown in Fig. 4. The principle for this type of control is presented in

[36]. This controller has also been widely used in open-source software [35]. The TECS takes in the aircraft’s velocity

𝑉 and altitude ℎ state, as well as the demanded velocity 𝑉𝑑𝑒𝑚 and altitude ℎ𝑑𝑒𝑚, and outputs the demanded pitch angle

𝜃𝑑𝑒𝑚 and the thrust setpoint 𝛿𝑡 .

Total Energy

Kinetic Potential

Thrust

Drag

Elevator

Fig. 4 Diagram shows the transfer of potential and kinetic energy. Thrust affects the total energy, while drag
removes kinetic energy. The elevator controls the difference between the kinetic and potential energy.

With the standard TECS controller, the aircraft thrust is used to add energy to the overall system, and the pitch

control is used to trade energy between kinetic and potential. Generally, thrust is used to add energy to the overall system.

This means that the control state for the thrust PID-FF controller in Equation 7, is the error between the demanded and
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actual aircraft energy.

te =
1
2
𝑉2 + 𝑔ℎ (4)

te𝑑𝑒𝑚 =
1
2
𝑉2
𝑑𝑒𝑚 + 𝑔ℎ𝑑𝑒𝑚 (5)

te𝑒𝑟𝑟 = te𝑑𝑒𝑚 − te (6)

𝛿𝑡 = 𝐾 (te𝑒𝑟𝑟 + 𝐾𝑑
¤te𝑒𝑟𝑟 + 𝐾𝑖

∫
te𝑒𝑟𝑟 𝑑𝑡) + 𝛿𝑡 𝑓 𝑓 (7)

The pitch controller uses a weighted difference to compute the energy "balance", eb, or the difference between the

potential and kinetic energies. The weighting is given by 𝜖 ∈ [0, 2] in Equation 9, which determines what errors the

pitch control favors. When 𝜖 = 1, pitch control will simultaneously control speed and height. For the case where 𝜖 > 1,

speed control will be more accurate while height errors will be greater, which tends to work better for lower speed, high

lift, and high drag aircraft. Finally when 𝜖 < 1, height control will be more accurate while speed errors will be greater,

which tends to work better for higher speed, lower lift, and low drag aircraft. In the case of this work, thrust is neglected.

This means that if thrust is lost, the desired energy balance cannot be maintained for 𝜖 < 2, and the elevator could cause

a stall by trying to maintain altitude.

eb𝑑𝑒𝑚 = (2 − 𝜖)𝑔ℎ𝑑𝑒𝑚 − 𝜖
1
2
𝑉2
𝑑𝑒𝑚 (8)

eb𝑒𝑟𝑟 = eb𝑑𝑒𝑚 − [(2 − 𝜖)𝑔ℎ − 𝜖
1
2
𝑉2] (9)

𝜃𝑑𝑒𝑚 =
1
𝑉𝜏𝑔
(eb𝑒𝑟𝑟 + 𝐾𝑑

¤eb𝑒𝑟𝑟 + 𝐾𝑖

∫
eb𝑒𝑟𝑟 𝑑𝑡 + 𝜏 ¤eb𝑑𝑒𝑚) (10)

C. Dissipative TECS

The TECS framework requires modifications for use with a vehicle that lacks thrust. We propose a Dissipative

TECS, which enables the gliding aircraft to reach lower altitudes quickly. First, the energy balance factor 𝜖 = 2 which

eliminates the altitude component from the energy balance equation in 8 and 9. This completely eliminates altitude

control and only uses the elevator to control speed. With just this modification, the Dissipative TECS causes the gliding
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aircraft to climb in order to absorb excess airspeed, and descend in order to maintain the demanded airspeed. During the

majority of flight, the velocity demand should be set to the velocity that maximizes lift to drag ratio. This maximizes the

aircraft range.

Regulating altitude is challenging because altitude and speed are dependent, and the lack of thrust means that altitude

can not be fully controlled. Changing the pitch angle of the aircraft changes its airspeed and climb rate. Increasing the

steepness of the glide angle increases the airspeed until the lift, drag, and gravitational forces are balanced. Decreasing

the steepness the glide angle to the minimum glide angle decreases the airspeed, but attempting to glide flatter than the

minimum glide angle causes a stall since the forward component of the gravitational force is not enough to overcome

drag and maintain the necessary airspeed and lift force.

In order to successfully land a gliding aircraft, all excess altitude must be eliminated by the time it reaches the

desired landing site and the aircraft must be at a safe landing speed. Without a dissipative controller that simple drones

can use, the planning algorithm would have to create a path of the exact length necessary to dissipate the correct amount

of altitude. This would mean that a planning algorithm would have to spend a lot of time searching paths that would

reach the goal except for being a little too high. Having a feedback altitude controller such as the one proposed below

provides a convenient way for a closed-loop planning algorithm to reach the final goal altitude.

Equation 11 shows the drag force equation which determines the dissipative force as a result of motion through a

fluid. Combining this with the power Equation in 12 creates Equation 13, which determines the rate of energy loss

due to drag. The key observation from this equation is that energy is lost at a rate proportional to the cube of the

vehicle airspeed 𝑉 . Therefore, increasing the aircraft airspeed for a period of time is an extremely effective method of

dissipating excess energy in order to achieve a desired speed at a lower altitude.

𝐷 =
1
2
𝜌𝐴𝑉2𝐶𝑑 (11)

𝑃 = ®𝐹 · ®𝑣 (12)

𝑃𝑙𝑜𝑠𝑠 =
1
2
𝜌𝐴𝑉3𝐶𝑑 (13)

We create a Dissipative TECS by adding a predictive component to the TECS to determine the demanded altitude

for the glide trajectory. Fig. 5 and Equation 14 show how the altitude demand is estimated. The excess altitude should

be calculated relative to the ideal glide trajectory that intercepts the goal. The Dissipative TECS uses the glider’s pitch

control to increase the airspeed proportional to the excess altitude until the total energy of the glider equals the total

energy demanded. The desired control behavior pitches the aircraft down until it approaches the desired glide path.

11



After the excess energy is dissipated, the glider pitches back up and finishes gliding towards the next waypoint while it

returns to the desired glide airspeed

g
h
0

h

h
dem

d

Fig. 5 Diagram shows the control variables of the Dissipative TECS, which increases the drag with a higher
airspeed until the height ℎ of the aircraft equals the ℎ𝑑𝑒𝑚 on the desired glide path angle 𝛾.

ℎ𝑑𝑒𝑚 = 𝑑 tan(𝛾) + ℎ0 (14)

This control behavior is achieved by modifying the TECS pitch control demand according to Equation 15 and 16.

The normal behavior of the unmodified TECS for a glider is to completely sacrifice altitude control to maintain the

demanded glide airspeed by setting 𝜖 = 2, which results in the upper condition in Equation 15. This maximizes the glide

range when the aircraft energy is less than or equal to the energy demand, te ≤ te𝑑𝑒𝑚. However, to dissipate excess

altitude potential energy, the gravitational potential energy must be taken into account. This is accomplished in the

second condition of Equation 15 by making the energy balance proportional to the potential energy difference of the

glider if the total energy is greater than the energy demand, te > te𝑑𝑒𝑚. The glide gain 𝐾𝑔 has the effect of emphasizing

the altitude error in the pitch demand control equation. The result is that excess altitude causes a rapid pitch down and

subsequent increase in velocity and when the total energy of the vehicle approaches the total energy demand, the glider

switches to the glide velocity control. The reason for this dual-mode action of the Dissipative TECS is that once the

glider goes below the demanded energy it has no way of returning to the higher energy state. Thus it is very important

that once the energy balance approaches the total energy demand, then it needs to return to a normal glide to sustain

the correct amount of energy to reach the goal altitude through the remainder of the flight. One additional note is that

Equation 10 is identical to Equation 16 except that the last term in the former equation, ¤eb𝑑𝑒𝑚, is zero for a gliding

vehicle. This is because 𝑉𝑑𝑒𝑚 will be at a constant best glide velocity for a gliding vehicle.

eb∗𝑒𝑟𝑟 =


(−𝑉2

𝑑𝑒𝑚 +𝑉
2), te ≤ te𝑑𝑒𝑚

− 𝐾𝑔 (𝑔ℎ𝑑𝑒𝑚 − 𝑔ℎ), te > te𝑑𝑒𝑚

(15)
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𝜃𝑑𝑒𝑚 =
1
𝑉𝜏𝑔
(eb∗𝑒𝑟𝑟 + 𝐾𝑑

¤eb∗𝑒𝑟𝑟 + 𝐾𝑖

∫
eb∗𝑒𝑟𝑟 𝑑𝑡) (16)

A simulation comparison between the three different behaviors of the longitudinal controllers is shown in Fig. 6. A

simple course was set up with two segments separated by a step change in altitude. We also want to reach the final

altitude at a desired velocity of 10 m/s. The first control system tested is the unmodified TECS with 𝜖 = 0.3, which is

used for normal flights with thrust, to see how it behaves during glide. The second control system is the same TECS

controller but with the 𝜖 = 2 which results in a glide velocity controller. This is how the TECS controller is normally

modified when there is no thrust to maintain a constant glide airspeed. The third control is the Dissipative TECS for

altitude loss control. This uses the pitch control to increase the glide velocity for a brief period to rapidly dissipate

excess energy when approaching the goal altitude. The aircraft velocity relative to the desired glide velocity is shown by

the color gradient.
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Fig. 6 Plot of glide control performance compares the behaviors of the unmodified TECS and the Dissipative
TECS. The unmodified TECS control flies a straight path with excess kinetic energy. The Dissipative TECS
initially loses the excess altitude to reach the final glide path to the goal.

The TECS control with 𝜖 = 0.3 does not behave in a desirable manner in the absence of thrust, as revealed by the

simulation altitude plot Fig. 6. Flying during the initial phase where the altitude demand was constant, the aircraft

was nearing stall as the pitch was trying to correct for the altitude error. In addition, near the goal altitude, the glide

speed increased dramatically. The Glide Velocity Control maintained the desired glide velocity, but ignored the altitude

command. Finally, the Dissipative TECS controller showed that it effectively dissipated most of the excess energy
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Fig. 7 Plot of the energy state trajectories for each glide control path from Figure 6. The blue plane shows the
surface of all possible total specific energy states vs. the glider velocity and altitude.
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after the step change in altitude demand without having to fly a long path. The controller rapidly pitched down which

increased the flight velocity at first. Then the controller quickly returned to the desired glide speed and trajectory by

increasing the pitch angle again when the total glider energy approached the estimated energy demand. The energy state

trajectories from each of these controllers is shown by the plot in Fig. 7, which illustrates how closely each controller

can get to the final goal state. It becomes clear how the TECS and Glide velocity controller end their paths too fast and

too high respectively. The Dissipative TECS is able to reach the goal altitude, albeit with a small error in the velocity

of the glider of 0.84 m/s for this case. Although this velocity error could be problematic for a landing approach, the

dissipative control is best suited for the penultimate stage of the gliding flight. For this phase of the flight, an aircraft

needs to reach a waypoint at a specified altitude in line with the runway in order to set up for a landing, leaving plenty of

time for a landing controller to make sure the aircraft is approaching at a safe landing speed.

IV. Planning Algorithm
This section outlines the proposed path planning algorithm for the thrust loss scenario of a fixed wing aircraft.

The proposed algorithm, CL-RRT Glide, is a modified version of the CL-RRT algorithm proposed in [18]. It utilizes

the same principle of sampling points in the navigation control space (the set of all points reachable by the vehicle’s

navigation controller) and forward simulating the vehicle dynamics to determine the feasible vehicle path between

nodes. In this work, the navigation control space is the XYZ inertial position states of the aircraft. Since the goal of

this algorithm is to land the aircraft safely on a predetermined runway, the final stage of the flight path will already be

known. The algorithm will determine how to navigate the aircraft to the location and altitude to set up for the final

landing approach. The planner samples and connects XYZ position states. The full 6-DOF vehicle dynamics are

simulated, but only the XYZ position states are used for sampling and node connections. In addition, in this work,

we often only sample in the XY plane and allow Z to vary. We constrain Z when checking the feasibility of the goal.

The algorithm will naturally plan paths that are not optimal because of the random sampling, which will cause some

loitering behavior that allows the aircraft to lose excess energy. It will also take advantage of the Dissipative TECS

discussed in the previous section to reach the correct final altitude for an approach to the runway. This will reduce the

amount of sampling that the planning algorithm will have to do in order to reach a low enough altitude. It should also be

noted that the reason the Dissipative TECS is not used for reaching every intermediate node is that there is no specified

altitude goal for these nodes. Therefore, it is proposed that the glider should fly as efficiently as possible during the

intermediate waypoints because this could allow future improvements to the planner to account for unforeseen situations

like wind or dynamic obstacles.

Forward simulation can also be used to generate a high-fidelity heuristic that can be leveraged for more efficient

planning. This allows the planning algorithm to account for all of the modeled effects of the dynamics when planning

paths, such as changes to glide path angle due to banking, to ensure that a trajectory can reach the goal. Specifically,
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an upper bound can be generated for the cost to the goal. Leaves of a branch whose cost plus the cost heuristic to

the goal exceeds the threshold are trimmed from the tree. The cost restriction ensures that the goal is feasible: given

enough samples of potential paths, if there exists a feasible path to the goal, the path planning algorithm will find

it. When sufficient constraints are placed on the planner, it is possible to rapidly generate efficient paths with better

consistency than a pure random search algorithm. While the algorithm does not find an optimal path, it is faster and

more computationally simple than an algorithm that progressively optimizes. For emergency type scenarios, we believe

that feasible planners are more appropriate than optimal ones. Additionally, the planner can find a feasible solution for

the dynamics so long as one exists, which we refer to being probabilistically feasible. Even though it is not an optimal

planner it will still successfully find paths even in a demanding scenario where the minimum distance to the goal is right

at the limit of the glide range, although these solutions will be less inherently robust to disturbances like wind.

A. Problem Formulation

Given the sets 𝑿 ⊆ R𝑛𝑥 , 𝒀 ⊆ R𝑛𝑦 , and 𝑼 ⊆ R𝑛𝑢 , the nonlinear dynamics of the vehicle are assumed to be of the

form described by Equation 17

¤𝒙(𝑡) = 𝑓 (𝒙(𝑡), 𝒖(𝑡)), 𝒙(0) = 𝒙0

𝒚(𝑡) = ℎ(𝒙(𝑡), 𝒖(𝑡))
(17)

where 𝒙(𝑡) ∈ 𝑿 are the vehicle states, 𝒖(𝑡) ∈ 𝑼 are the control inputs, 𝒚(𝑡) ∈ 𝒀 are the output states, 𝒙0 ∈ 𝑿 are the

initial conditions of the vehicle states, and 𝑓 and ℎ are continuously differentiable functions representing the system

dynamics in time. Let 𝑿𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒 ⊆ 𝑿 be the subset of vehicle collision states, 𝑿𝑔𝑜𝑎𝑙 ⊆ 𝑿 be the subset of vehicle goal

states, and 𝑼 be the set of allowable control inputs. On the interval [0, 𝑇], 𝑇 ∈ R, let X, Y, and U, the sets of all

bounded functions that map to the state, output and control trajectories respectively. The vehicle control is assumed to

track a reference trajectory 𝒓 (𝑡) given a desired output value 𝒚̂ ∈ 𝒀 and a current output value 𝒚 ∈ 𝒀 based on a control

function Φ : ( 𝒚̂, 𝒚) ↦→ 𝒖 ∈ 𝑼.

The goal of the motion planning problem given the above system in Equation 17 is to determine a reference trajectory

r ∈ Y, [0, 𝑇], 𝑇 ∈ R such that the state and output trajectories x ∈ X and y ∈ Y produced by the closed loop response

of the control sequence u ∈ U meet the following criterion:

1) obey the system dynamics in Equation 17, ∀𝑡 ∈ [0, 𝑇]

2) avoid collisions, that is 𝒙(𝑡) ∉ 𝑿𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒 ∀𝑡 ∈ [0, 𝑇]

3) ensure that the goal region is in reach, that is ∀𝒙(𝑡), ∃ r, | 𝒙(𝑇) ∈ 𝑿𝑔𝑜𝑎𝑙 , 𝑡 ∈ [0, 𝑇],

4) reach the goal region, 𝒙(𝑇) ∈ 𝑿𝑔𝑜𝑎𝑙
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B. Procedures

The following are detailed descriptions of the main procedures used in Algorithm 1:

Sample Space: Sample : 𝑿 ↦→ 𝒚̂ ⊂ 𝒀 function returns uniformly distributed independent random desired output

vector sample 𝒚̂ of the state search space 𝑿. This random sample is used to produce the reference input to the controller,

which for this purposes of this project is a point in the horizontal XY plane and does not include a final heading.

Get Nearest Neighbor: getNearest : ( 𝒚̂, 𝑆) ↦→ 𝑣 function takes the result from Sample and finds the nearest node

𝑣 in the search tree 𝑆 to the random sample 𝒚̂ in terms of a given distance function. The distance function is a simple

heuristic used for finding the nearest node and is not used for any steering or control reference. Using an accurate

distance function in RRT is important because shorter paths have a lower probability of collision. A Dubins path length

is chosen for this application of the algorithm to account for the turning limitations. The minimum turning radius of the

vehicle is calculated from the maximum centripetal acceleration allowed, which for the example used in this paper is 2𝑔.

Because the glider can’t fully control altitude and the planner is really only a 2D planner with a feasibility check in the

vertical third dimension, the 2D Dubins path is used as formulated in [18].

Steering: Steer : (𝒚, 𝒚̂) ↦→ r | 𝒓 ∈ Y function takes the random output space sample, 𝒚̂, and the end of the nearest

node reference trajectory, r.end. The function returns a reference trajectory, r, connecting the nearest node (returned

from getNearest) to the random output sample. This is the input to the controller Φ for the closed loop dynamics. In

this work, the distance that the reference trajectory was allowed to extend towards the random sample was limited to a

maximum distance 𝑑 > 0 except in the case of the goal node, such that the euclidean distance | | 𝒚̂ − 𝒚 | | is minimized and

| | 𝒚̂ − 𝒚 | | ≤ 𝑑. This distance limitation helps avoid frequent collisions during the graph exploration, but was not used

when sampling the goal node to make it faster at finding a path to the goal.

Node Propagation: Propagate : (𝒙, r) ↦→ x function takes the last state vector from the nearest node state

trajectory 𝑣𝑛𝑒𝑎𝑟𝑒𝑠𝑡 .x.end and the reference input towards the next node 𝑣𝑛𝑒𝑤 .r and propagates the system dynamics

forward in time. The resulting state trajectory is returned.

Collision Check: CollisionFree : (x, 𝑿𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒) ↦→ {0, 1} Boolean function returns true if every state in the

newly propagated node trajectory 𝑣𝑛𝑒𝑤 .x is in the obstacle free space, that is 𝒙 ∉ 𝑿𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒 ∀𝒙 ∈ 𝑣𝑛𝑒𝑤 .x.

Feasibility Check: Feasible : (𝒙, 𝑿𝑔𝑜𝑎𝑙) ↦→ {0, 1} Boolean function returns true if the potential final goal node

trajectory state 𝑣𝑔𝑜𝑎𝑙 .x.end ∈ 𝑿𝑔𝑜𝑎𝑙 . After every new node is propagated, the vehicle dynamics are propagated to the

goal, in this case the Dissipative TECS is going to be used as opposed to the regular TECS that is used for the normal

nodes that are not the goal. The feasibility check is then used to be sure that the goal is in range of the new node. If the

check returns true, then this means that the newest branch is potentially part of the final path to the goal and should be

added to the search tree. For the application in this paper, the goal region is a point in three dimensional XYZ space,

and does not include a final orientation or heading. The feasibility is checked based on the altitude, or Z dimension, so a

path that goes below some threshold of the desired final altitude is considered infeasible and the new node is pruned. If
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the path goes above the goal because the Dissipative TECS could not reduce the altitude enough, then the new node is

still feasible and will be added to the search tree but more samples still need to be searched until enough energy is lost

for the aircraft to make a successful landing.

Return Final Path: Path : (𝑆) ↦→ r. Given a search tree 𝑆, function returns the final path, the controller reference

trajectory r, once a collision free feasible path is found to the goal node. The path is the set of all the control inputs of

the parents of the final node 𝑣𝑔𝑜𝑎𝑙 , which is returned by the algorithm to be executed by the actual vehicle.

C. Algorithm Description

The main algorithm CL-RRT Glide, detailed in Algorithm 1 and illustrated in Fig. 8, begins with the current state

of the vehicle, the search space, goal space, and obstacle space given. The search tree, a directed graph where each

node has a single parent that represents the set of explored nodes, is initialized with the start node as the origin. The

node object data structure is given by Table 1, where there is a control reference input, a state trajectory of the vehicle

dynamics in response to the reference input which represents the edge to get to the node, and a reference to the parent

node that precedes the new node. The start node, which necessarily does not have a control input or a parent, has a state

trajectory that consists only of the initial vehicle state. The main program loop begins sampling the search space for

the vehicle. The nearest node in the search tree to the random sample is selected by a chosen heuristic, in this case a

minimum length Dubins path was used. The reference control input for the closed loop dynamics is determined from

the random sample. The closed loop dynamics are then propagated from the parent node towards the reference input to

determine the node connection, and the new node is returned.

The next step checks that the state trajectory "edge" to the new node is collision free. If not, the new node is rejected

and the loop starts the next iteration, but if the new node does avoid a collision, then the pruning step begins. The

propagation of the closed loop dynamics towards the goal is leveraged as a high fidelity heuristic to determine the cost

of the path. This cost can be associated with a range of considerations. In this work we use a cost associated with the

finite energy of the gliding aircraft. If the new node cost plus the cost computed by the forward simulation towards the

goal exceeds the maximum threshold, then the node is discarded and the searching loop continues. This ensures that the

final path that is returned does not exceed the upper cost limit, making the algorithm probabilistically feasible. If the

goal is feasible, then the new node is added to the search tree and the goal node is evaluated. If the goal node state

trajectory is collision free and the trajectory end state is in the goal state space, then the main program loop returns

the feasible path by linking the goal node and all its predecessors back to the start. Otherwise if the goal node state

trajectory is not collision free or does not reach the goal state space, then the node is kept in the tree but more planning

is needed. Therefore, the program loop begins to sample more nodes in order to complete the path. If the program loop

reaches the maximum sample limit without finding a feasible path, then the end of the program returns the null set as

the loop expires.
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Table 1 Search Tree Node Data Structure

Field Type Description

𝒚 Vector ∈ R𝑛𝑦 Output Vector
r Trajectory ∈ R𝑛 Control Reference
x Trajectory ∈ 𝑋 State Trajectory
x.end Last State Vector State Vector
𝑃 Node Parent Node

Algorithm 1 CL-RRT Glide Algorithm
1: 𝒚0, 𝒙0, 𝒚𝑔𝑜𝑎𝑙 , 𝑿, 𝑿𝑔𝑜𝑎𝑙 , 𝑿𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒 ⊲ Initial algorithm inputs
2: 𝑣𝑠𝑡𝑎𝑟𝑡 ←Node() ⊲ Initialize start node
3: 𝑣𝑠𝑡𝑎𝑟𝑡 .𝒚 ← 𝒚0 ⊲ Assign start node output as initial output
4: 𝑣𝑠𝑡𝑎𝑟𝑡 .x← {𝒙0} ⊲ Assign start node state trajectory as initial state
5: 𝑣𝑔𝑜𝑎𝑙 ←Node() ⊲ Initialize goal node
6: 𝑆 ← {𝑣𝑠𝑡𝑎𝑟𝑡 } ⊲ Begin search tree with start node
7: for i = 1 to N do
8: 𝒚𝑟𝑎𝑛𝑑 ←Sample(𝑿) ⊲ Sample control space
9: 𝑣𝑛𝑒𝑎𝑟𝑒𝑠𝑡 ←getNearest(𝒚𝑟𝑎𝑛𝑑 , 𝑆) ⊲ Find nearest node

10: 𝑣𝑛𝑒𝑤 ←Node() ⊲ Initialize new node
11: 𝑣𝑛𝑒𝑤 .r←Steer(𝑣𝑛𝑒𝑎𝑟𝑒𝑠𝑡 .𝒚, 𝒚𝑟𝑎𝑛𝑑) ⊲ Determine reference input
12: 𝑣𝑛𝑒𝑤 .x←Propagate(𝑣𝑛𝑒𝑎𝑟𝑒𝑠𝑡 .x.end, 𝑣𝑛𝑒𝑤 .r) ⊲ Propagate dynamics
13: 𝑣𝑛𝑒𝑤 .𝑃← 𝑣𝑛𝑒𝑎𝑟𝑒𝑠𝑡 ⊲ Assign new node parent
14: if CollisionFree(𝑣𝑛𝑒𝑤 .x, 𝑿𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒) then ⊲ Check if state trajectory collides
15: 𝑣𝑔𝑜𝑎𝑙 .r←Steer(𝑣𝑛𝑒𝑎𝑟𝑒𝑠𝑡 .𝒚, 𝒚𝑔𝑜𝑎𝑙) ⊲ Determine reference input to goal node
16: 𝑣𝑔𝑜𝑎𝑙 .x←Propagate(𝑣𝑛𝑒𝑤 .x.end, 𝑣𝑔𝑜𝑎𝑙 .𝒓) ⊲ Propagate dynamics to goal
17: 𝑣𝑔𝑜𝑎𝑙 .𝑃← 𝑣𝑛𝑒𝑤 ⊲ Assign goal node parent
18: if Feasible(𝑣𝑔𝑜𝑎𝑙 .x.end, 𝑿𝑔𝑜𝑎𝑙) then ⊲ Check if goal space can be reached
19: 𝑆 ← 𝑆 ∪ {𝑣𝑛𝑒𝑤} ⊲ Add new node to search tree
20: if CollisionFree(𝑣𝑔𝑜𝑎𝑙 .x, 𝑿𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒)
21: and 𝑣𝑔𝑜𝑎𝑙 .x.end ∈ 𝑋𝑔𝑜𝑎𝑙 then ⊲ Check if trajectory ends in goal space
22: return Path(𝑣𝑔𝑜𝑎𝑙)
23: end if
24: end if
25: end if
26: end for
27: return ∅ ⊲ Return Null if algorithm fails to find path
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Fig. 8 Illustration of the planning algorithm highlighting how the search tree is built. Shown is the difference
between the reference control input, infeasible nodes, feasible nodes, and collision trajectories.

D. Algorithm Performance

The CL-RRT Glide algorithm is compared to a basic CL-RRT algorithm to compare the performance for planning a

path with a gliding vehicle. The only significant difference in the behavior of the two algorithms is the CL-RRT Glide

algorithm adds the the goal sampling and cost heuristic checks for every node sample. Basic CL-RRT on the other hand

only samples the goal at random intervals to see if there is a collision free path from the nearest node to the goal. It does

not ensure that the goal is feasible for the vehicle, so the final path is likely to be too high or too low.

For the comparison, the ZOHD Drift fixed wing aircraft flight dynamics model with the controller described in

Section III is used for the closed loop simulation as the example gliding vehicle. A sample search environment shown in

Fig. 9 was created based on the actual flight field to test the algorithms’ ability to find a path to the approach way-point

location and altitude, which defines the position from which the aircraft can make a safe glide landing along the runway.

Each algorithm was run 1,000 times with a timeout of 1000 node samples in order to evaluate how well on average the

algorithm was able to perform in finding a glide path to the goal. For each algorithm run, a random starting orientation,

starting location in the obstacle free search space, and altitude in the glide range of the approach, were generated to

begin the path planner. From there, the path planning algorithm attempts to find a path along which the glide control

would be able to navigate the aircraft to the approach position while avoiding any obstacles. If the planner fails to find a

path that reaches the goal state space before the maximum number of node samples is reached, the algorithm expires

rather than continue to search indefinitely.

The results of the comparison are highlighted in Table 2. With the CL-RRT Glide algorithm, every node added to

the tree is forward simulated towards the goal to ensure that the vehicle can reach the goal from that node. This goal

feasibility check increased the efficiency of the path planner by stopping the planner from expanding branches with
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Fig. 9 Figure shows the layout of the test mission environment. The obstacles define unsafe regions for the
airplane to fly. There is an approach point that serves as the goal for the path planner from where a safe landing
can proceed along the runway.

Table 2 Algorithm Performance Comparison (1000 trials)

Planner Success Avg Time [s] Avg Samples

CL-RRT 325 6.25 742
CL-RRT Glide 1000 0.0335 12.7

insufficient energy. If there is excess energy after testing the approach point, the algorithm continues sampling until the

approach altitude is in the control space of the glide controller (the set of all controlled states reachable by the glide

controller from a given initial condition), preventing the algorithm from returning a path that ends too high. The average

number of sampled nodes were just 12.7, and the modified algorithm succeeded 100% of the time at finding a path to

the goal before reaching the maximum number of node samples. The base CL-RRT algorithm only succeeded 32.5%

under the same scenario because it wastes samples trying to expand nodes that cannot reach the goal. On average it took

742 node samples each run, and it would have been longer had the planner been allowed to sample indefinitely until it

found a path to the goal. Figure 10 is included to highlight how much more efficient the CL-RRT Glide algorithm is

when expanding the search tree. Because of the cost heuristic, CL-RRT Glide does not expand infeasible nodes where

the vehicle cannot reach the goal. This can be seen by the tree in (a) where algorithm only had to test a few nodes before

it found a path to the goal. The unmodified CL-RRT algorithm wastes much more time trying to expand infeasible

nodes, and its search tree in (b) is much larger before it eventually find a path to the goal. The planning time will likely

grow with the size of the environment.

21



−50 0 50 100 150 200 250 300
West - East [m]

−50

0

50

100

150

200

250

So
ut
h 
- N

or
th
 [m

]

Fi al Alt: 43 m

Start Alt: 70 m, Goal Alt: 40 m
Search Tree
Obstacle
Start
Goal
Search Space
Path Waypoi ts
Fi al Flight Path

(a)

−50 0 50 100 150 200 250 300
West - East [m]

−50

0

50

100

150

200

250

So
ut
h 
- N

or
th
 [m

]

Start Alt: 70 m, Goal Alt: 40 m
Search Tree
Obstacle
Start
Goal
Search Space
Path Waypoi ts
Fi al Flight Path

(b)

Fig. 10 The figures show the difference between the expansion of the CL-RRT Glide (a) and unmodified CL-RRT
(b) algorithms.
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V. Simulation
In order to ensure the feasibility of the samples to the control space from the CL-RRT algorithm, a realistic and

computationally lightweight model of the vehicle dynamics is necessary. For the purposes of this research, the ZOHD

Drift small fixed-wing UAV is used, shown in Fig. 11. The aircraft has a wingspan of 877 mm, a mass of 270 grams,

and an airfoil similar to the AG24. A small brushless motor and lithium battery provide the thrust and an on board flight

controller with a GPS provides communications, sensor feedback and control. The flight controller is compatible with

the Arduplane open source flight control software, which allows new guidance controllers to be easily integrated into

the Arduplane autonomy architecture.

Fig. 11 ZOHD Drift Experimental Vehicle Plat-
form

Table 3 ZOHD Drift Vehicle Attributes

Attribute Value

Wingspan 877 mm
Length 688 mm
Mass 270 grams
Airfoil AG24

The core of the flight dynamics simulation is an accurate representation of the aerodynamic forces and moments

acting on the aircraft. For the purposes of this work, a version of the panel method for approximating the aerodynamics

of a fixed wing aircraft is used, similar to the approach used in [37]. The aircraft is assumed to be a rigid body that does

not flex under the forces, which simplifies some of the force and moment equations. It is assumed that each lifting

surface (left wing, right wing, horizontal and vertical stabilizers) of the aircraft is not affected by the presence of the

other surfaces, and that only the lifting surfaces of the aircraft are capable of generating lift. The control surfaces are

assumed to have local angle of attack and/or sideslip according to the angle of surface deflection. The wind angles (𝛼

and 𝛽) are averaged across each lifting surface, and the angular rates of the aircraft, as well as the overall airspeed, are

considered when computing the relative velocities and wind angles of each lifting surface. The coefficients of lift, drag,

and moment are interpolated with respect to the angle of attack or sideslip from XFOIL simulation data for the given

airfoils of the lifting surfaces on the ZOHD Drift.

Equation 18 gives the formula for the dynamic pressure of the aircraft 𝑄, which is proportional to the product of the

air density, 𝜌, multiplied with the square of the airspeed, 𝑉∞.

𝑄 =
1
2
𝜌𝑉2
∞ (18)
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The forces and moments acting on the wings are listed in Equations 19. The left and right lift coefficients 𝐶𝐿𝑤𝑙
and

𝐶𝐿𝑤𝑟
, drag coefficients 𝐶𝐷𝑤𝑙

and 𝐶𝐷𝑤𝑟
, and pitch moment coefficients 𝐶𝑚𝑤𝑙

and 𝐶𝑚𝑤𝑟
are interpolated from the Xfoil

data for the AG24 at the respective angles of attack for each wing. The wing force and moment coefficients are also a

function of the aileron deflection 𝛿𝑎, which is the output of the Roll PID controller in navigation controller from Fig. 2.

The force coefficients are averaged and multiplied times 𝑄 and the wing area 𝑆𝑤 to get the lift force 𝐿𝑤 and drag force

𝐷𝑤 . The roll moment ℓ𝑤 is computed from the difference in the lift forces between the left and right wings times a

quarter of the wingspan 𝑏𝑤 (the lift force is assumed to be acting halfway between the fuselage and the wingtip for each

wing half). The pitch moment 𝑚𝑤 is computed from the average pitch moment between the two wings times the mean

aerodynamic chord 𝑐𝑚𝑎𝑐, 𝑄, and 𝑆𝑤 plus the lift and drag forces times their respective moment arms 𝑥𝐴𝐶𝑤
and 𝑧𝐴𝐶𝑤

.

𝐿𝑤 = −𝑄𝑆𝑤
(𝐶𝐿𝑤𝑙

(𝛼, 𝛿𝑎) + 𝐶𝐿𝑤𝑟
(𝛼, 𝛿𝑎))

2

𝐷𝑤 = −𝑄𝑆𝑤
(𝐶𝐷𝑤𝑙

(𝛼, 𝛿𝑎) + 𝐶𝐷𝑤𝑟
(𝛼, 𝛿𝑎))

2

ℓ𝑤 = 𝑄𝑆𝑤
𝑏𝑤

4
(𝐶𝐿𝑤𝑙

(𝛼, 𝛿𝑎) − 𝐶𝐿𝑤𝑟
(𝛼, 𝛿𝑎))

2

𝑚𝑤 = −𝑄𝑆𝑤𝑐𝑚𝑎𝑐

(𝐶𝑚𝑤𝑙
(𝛼, 𝛿𝑎) + 𝐶𝑚𝑤𝑟

(𝛼, 𝛿𝑎))
2

+ 𝐿𝑤𝑥𝐴𝐶𝑤
cos𝛼

+ 𝐷𝑤 (𝑥𝐴𝐶𝑤
sin𝛼 + 𝑧𝐴𝐶𝑤

cos𝛼)

(19)

The forces and moments acting on the horizontal stabilizer are listed in Equations 20. The lift coefficient 𝐶𝐿ℎ𝑠
and

drag coefficient 𝐶𝐷ℎ𝑠
are interpolated from the Xfoil data for the symmetric airfoil NACA 0010 at the local angle of

attack. The horizontal stabilizer force and moment coefficients are also a function of the elevator deflection 𝛿𝑒, which is

the output of the Pitch PID controller in navigation controller from Fig. 2. The force coefficients are multiplied times 𝑄

and the horizontal stabilizer area 𝑆ℎ𝑠 to get the lift force 𝐿ℎ𝑠 and drag force 𝐷ℎ𝑠 . The pitch moment 𝑚𝑤 acting on the

aircraft is also computed from the forces times the respective moment arms 𝑥𝐴𝐶ℎ𝑠
and 𝑧𝐴𝐶ℎ𝑠

of the horizontal stabilizer

aerodynamic center from the aircraft center of gravity.

𝐿ℎ𝑠 = −𝑄𝑆ℎ𝑠𝐶𝐿ℎ𝑠
(𝛼, 𝛿𝑒)

𝐷ℎ𝑠 = −𝑄𝑆ℎ𝑠𝐶𝐷ℎ𝑠
(𝛼, 𝛿𝑒)

𝑚ℎ𝑠 = 𝐿ℎ𝑠 (𝑥𝐴𝐶ℎ𝑠
cos𝛼 + 𝑧𝐴𝐶ℎ𝑠

sin𝛼)

+ 𝐷ℎ𝑠 (𝑥𝐴𝐶ℎ𝑠
sin𝛼 + 𝑧𝐴𝐶ℎ𝑠

cos𝛼)

(20)

The forces and moments acting on the vertical stabilizer are listed in Equations 21. The lift coefficient 𝐶𝑌𝑣𝑠 and drag

coefficient 𝐶𝐷𝑣𝑠
are interpolated from the Xfoil data for the symmetric airfoil NACA 0010 at the local angle of sideslip.

The force coefficients are multiplied times 𝑄 and the vertical stabilizer area 𝑆𝑣𝑠 to get the side force 𝑌𝑣𝑠 and drag force

𝐷𝑣𝑠 . The roll and yaw moments ℓ𝑣𝑠 and 𝑛𝑣𝑠 acting on the aircraft are also computed from the forces times the respective
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moment arms 𝑥𝐴𝐶𝑣𝑠
and 𝑧𝐴𝐶𝑣𝑠

of the vertical stabilizer aerodynamic center from the aircraft center of gravity.

𝑌𝑣𝑠 = −𝑄𝑆𝑣𝑠𝐶𝑌𝑣𝑠 (𝛽)

𝐷𝑣𝑠 = −𝑄𝑆𝑣𝑠𝐶𝐷𝑣𝑠
(𝛽)

ℓ𝑣𝑠 = 𝑌𝑣𝑠𝑧𝐴𝐶𝑣𝑠
cos 𝛽 + 𝐷𝑣𝑠𝑧𝐴𝐶𝑣𝑠

sin 𝛽

𝑛𝑣𝑠 = −𝑌𝑣𝑠𝑥𝐴𝐶𝑣𝑠
cos 𝛽 − 𝐷𝑣𝑠𝑥𝐴𝐶𝑣𝑠

sin 𝛽

(21)

While the fuselage is not a lifting surface and is not considered to have much effect on the aerodynamics of the

aircraft, it can add a significant amount of drag. Because of that, a drag force 𝐷 𝑓 for the fuselage is computed from 𝑄

times the cross sectional area 𝑆 𝑓 and 𝐶𝐷 𝑓
to account for the inefficiencies caused by having a fuselage in Equation 22.

𝐷 𝑓 = −𝑄𝑆 𝑓𝐶𝐷 𝑓
(22)

Equations 23 sum and convert the wind axes forces components into body axes force components using the wind

axes rotation matrix R𝑏𝑊 .

R𝑏𝑊 =



cos (𝛼) cos (𝛽) − cos (𝛼) sin (𝛽) − sin (𝛼)

sin (𝛽) cos (𝛽) 0

cos (𝛽) sin (𝛼) − sin (𝛼) sin (𝛽) cos (𝛼)


F = R𝑏𝑊



𝐷𝑤 + 𝐷ℎ𝑠 + 𝐷𝑣𝑠 + 𝐷 𝑓

𝑌𝑣𝑠

𝐿𝑤 + 𝐿ℎ𝑠


, M =



ℓ𝑤 + ℓ𝑣𝑠

𝑚𝑤 + 𝑚ℎ𝑠

𝑛𝑣𝑠



(23)

The forces and moments are processed in a 6 DOF simulation of the aircraft dynamics using the Euler-Lagrange 2nd

order method to predict the states of the next time step [38]. This method provides numerical stability and enables

trajectory predictions with relatively large time steps. This is critical because the CL-RRT planning method relies on

numerous forward simulations.

Strong agreement has been shown between the predicted closed loop flight paths of the simulated aircraft as

compared to the real experimental ZOHD Drift. While the simplifying assumptions of the aerodynamic forces do

reduce the accuracy, the reduced computational complexity enables rapid planning with small, low-power computers.
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VI. Experimental Setup
The glide planning algorithm was integrated into a small fixed wing autonomous aerial vehicle. This enables us to

demonstrate the computational performance of the algorithm, the predictive performance of the simplified models, and

the overall integration of the physical system. The glide path planning had to meet constraints of being fast enough to

compute a path rapidly in real time after a loss of thrust in order to minimize altitude loss, and reliably choose a safe

path for a successful landing.

A. Hardware Components

The hardware setup is assembled from the autonomous flight controller and sensor components available from

mRobotics. The heart of the system is the Control Zero flight control board, which is a full feature flight controller

arranged into a tiny package, perfect for fitting on board the ZOHD Drift. The flight controller has multiple IMU

sensors with three axis accelerometers, gyros, magnetometers, and a barometer built in. A GPS receiver and airspeed

sensor provides accurate three dimensional positioning, groundspeed, and windspeed velocity data. There are two radio

connections to the flight controller, one for the remote control and one for the flight data and telemetry that is provided

to the ground station. Additional computing capability is provided by a Raspberry Pi Zero, a miniature single board

computer that fits inside the airplane. A diagram of the full hardware layout is shown in Fig. 12.

B. Software Architecture

Our computing architecture consists of two computing systems. First, we have a low-level flight control system

which performs feedback control of the aircraft based on information from the IMU and GPS system. We use a mRo

Control Zero for the flight control hardware. The flight control software is based on the Arduplane open source flight

autonomy project [35]. The Arduplane flight autonomy software already has extensive code to handle flight control,

navigation, and communication tasks. This existing architecture was leveraged to create a custom flight control software

library that uses our feedback control architecture. A new flight mode was created that replicates a loss of thrust

emergency and switches the primary controller over to the glide controller.

In addition, we have a second, more powerful computer that focuses on path planning. This planning (guidance)

computer communicates way-point reference input commands to the flight control computer. When the aircraft loses

thrust, the planning computer is responsible for running the CL-RRT Glide algorithm to find a safe flight path to the

approach waypoint and then uploading that flight path to the flight controller. In order to maximize the execution speed

of the CL-RRT Glide algorithm, the code was written in Cython, a compiled version of Python that can be nearly as

efficient as C++. The combination of simplified models, stable numerical solvers, and C++ implementation results

in relatively rapid ( 4s) motion plan generation using a Raspberry Pi Zero single board computer (single core 1GHz

processor).
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Planning Algorithm Flight Control Servo Output Aircraft Dynamics

Sensor Data

(IMU/GPS/Airpseed)

+

-

Waypoints

(b)

Fig. 12 Diagram in (a) shows the layout of the flight autonomy hardware on board the ZOHD Drift experimental
drone platform. The block diagram in (b) provides a visual representation of how the hardware components
interact to control the aircraft.
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C. Experiment Plan

In order to test the CL-RRT Glide algorithm and full experimental system, a mission was designed for the flight

field and virtual obstacle map shown in Fig. 13. The flight field chosen for the experiments has 75,000 sq meters of

open space outside of Atlanta, GA. The virtual obstacles were added to the search space to create a more challenging

environment for the path planner to navigate. A clear landing point was specified and an approach waypoint 150 meters

downwind and 20 meters above ground level was set as the goal for the glide algorithm to reach for setting up a safe

landing. This experiment design tests all aspects of autonomous loss-of thrust planning with the exception of four

technical parts. The focus of the experiment is on the core technical contributions of this paper (motion planning

and execution). First, we neglect failure detection because we assume a complete loss of thrust could be determined

automatically by an autopilot. Second, we neglect perception of potential obstacles/no-go zones because it is outside the

scope of this work. Obstacles or no-go zones are easily loaded in a pre-defined map and may only require accurate

navigation (rather than perception with onboard sensors) to demonstrate the algorithm. Third, we neglect the process of

identifying the best goal and assume it is already known. This may be a big assumption for small UAVs which would

likely need to land in an unstructured environment due to lower altitudes and limited infrastructure. If multiple potential

landing areas do exist, then they could be ranked using simple heuristics such as 2D Dubins distance. Alternatively,

optimization methods could be used to first determine the best goal such as those described in [5]. Finally, we also are

testing in favorable, low wind conditions because the current motion planning does not account for these random effects

in the dynamics.

Fig. 13 Mission map shows the same test environment overlayed onto a satellite image of the flying site.

The flight plan begins with a manual takeoff and then switches to an automatic circling while the airplane climbs to

a mission altitude of 80 meters. Then the aircraft flies a way-point mission around the field, at which point it loses thrust

at the far end of the field by switching to the glide flight mode. This triggers the CL-RRT Glide algorithm to begin
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planning the flight path to the approach way-point. The algorithm begins from a contingency point representing where

the aircraft will be after 5 seconds of flight in order to account for the time that the planner takes to find a path. The

planner only returns a flight path that can feasibly reach the approach point within a certain threshold. The Dissipative

TECS controls the aircraft at the demanded glide velocity for each intermediate waypoint, and for the final approach

waypoint it dissipates the excess altitude. After reaching the approach waypoint, the aircraft glides along the runway

until it lands.

VII. Flight Data
The experimental flight system was successfully tested three times. Fig. 14 shows a three dimensional plot of the

flight paths. For each flight, the path planner found a different route to the approach waypoint, reaching the desired

position within 20m and the desired altitude within 5m each time. The paths also successfully avoided the virtual

obstacles. Despite external disturbances from the wind, the closed loop controller was able to account for this unmodeled

effect.
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Fig. 14 The plot shows the glide paths from each of the three experimental tests of the path planner. Each one
was successful at finding a path that avoided all of the obstacles and reached the landing site.

Fig. 15 shows the flight path projected onto the horizontal plane along with the way-points from the CL-RRT glide

path planner and the predicted glide path. The two dimensional view shows strong agreement between the predicted and

actual flight paths, indicating that the simulated flight dynamics are a good predictor of the actual flight dynamics of the

vehicle. The first way-point that the planner returned is the contingency point, or the point that the planner started from a

few seconds ahead of where the aircraft was heading to account for the delay in planning. From there each way-point was
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chosen by the planner to navigate around the obstacles and maintain enough altitude to reach the approach way-point.
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Fig. 15 The plot shows the full planning result from one of the path plans, along with the X-Y position of the
flight path.

Fig. 16 shows the altitude control performance during the glide portion of the flight. The plot starts when the

aircraft loses power and begins to enter a glide. The altitude initially increases because the aircraft is traveling slightly

faster than the desired glide speed, so the aircraft gains some altitude as it approaches the demanded speed. From there,

the glide descent follows a very similar trajectory to the predicted trajectory from the planner forward simulation. Once

the aircraft starts heading towards the approach waypoint, the controller begins the process of correcting for the excess

altitude. The controller accomplishes this by briefly increasing the aircraft velocity, thereby increasing the vehicle

drag and the energy dissipation rate. As the error between the demanded and actual altitude decreases, the controller

decreases the velocity and the aircraft resumes flying the desired glide path to reach the approach waypoint within 8

meters of the desired 20 meter altitude above ground level. The total horizontal path distance that the vehicle covered

from the start to the goal approach point in this example is 345m. It is estimated from the glide slope that the aircraft

could have flown a maximum horizontal distance of about 450m from the initial energy state of 60m altitude above,

215m away from the goal and a starting velocity of 12m/s. This is an ideal test that is simultaneously near the aircraft’s

glide range while still requiring the Dissipative TECS to account for the excess altitude before the aircraft reaches the

goal.

These experimental tests demonstrate the performance and relevance of the planning algorithm for fixed wing

aircraft. Multiple tests were performed and each time the planner was able to find a feasible path to the goal and execute

an emergency glide landing. The time that the planning took was also manageable and did not prevent the aircraft from

executing a safe path. The experimental results show that the paths returned by the planner, which were feasible for the

dynamics model of the aircraft, could be successfully executed by the aircraft in real time. The controller was also able
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Fig. 16 The plot shows the altitude of the same gliding flight, showing both the actual aircraft altitude and the
altitude predicted by the planner. The closed loop controller was able to correct the error.

to correct for the slight disturbances and errors during the flight to execute the path and avoid the obstacles in the search

space.

VIII. Conclusion
This work presented and experimentally demonstrated a new approach for loss-of-thrust aircraft motion planning.

The proposed method builds on sampling-based planning with closed-loop prediction (CL-RRT), but adds new methods

for evaluating nodes and executing spatial trajectories with finite energy. We showed that our methods provide

improvements over a standard implementation of CL-RRT and provided experimental data on overall performance. The

planner was shown to be successful operating in real time. Also, the glide controller was able to correct for excess

altitude, and the control systems and models were able to handle real-world conditions. Several flights were performed

with a loss of thrust event and a successfully planned and executed safe landing at a designated landing site. Wind

is a particularly important factor that was not explored in this work, as well as identification of UAV landing sites in

unstructured environments. While the experiments demonstrated good results, they were performed under reasonably

benign conditions. We anticipate that small winds would be rejected by the onboard feedback control, but larger winds

could substantially alter the vehicle trajectory. Feedback control could be complemented with feed-forward behaviors.

For example, an onboard weather model that is used in the CL-RRT* vehicle simulation predictions.
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