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Path Planning Using 3D Dubins Curve for Unmanned Aerial Vehicles

Yucong Lin and Srikanth Saripalli

Abstract— We present a path planning algorithm based on
3D Dubins Curves [1] for Unmanned Aerial Vehicles (UAVs) to
avoid both static and moving obstacles. A variation of Rapidly-
exploring Random Tree (RRT) [2] is used as the planner. In tree
expansion, branches of the tree are generated by propagating
along 3D Dubins Curves. The node sequence of shortest length
together with Dubins curves connecting them is selected as the
path. When the UAV executes the path, the path is checked for
collision with updated obstacles’ states. A new path is generated
if the previous one is predicted to collide with obstacles. Such
checking and replanning loop repeats until the UAV reaches the
goal. The algorithm was validated through flight experiments
using a small quadrotor UAV. In total, 6 flights to avoid static
obstacles, 24 flights to avoid virtual moving obstacles and 20
flights to avoid real moving obstacles were performed. The
efficacy of the algorithm was tested in office conditions and
a parking structure. In all the situations our algorithm was
able to reliably plan paths in real time and command the UAV
to avoid obstacles.

I. INTRODUCTION AND RELATED WORK

In the recently released Unmanned Aerial System (UAS)
Integration Roadmap by Federal Aviation Association
(FAA) [3], UAS is expected to expand its application
to several civil domains such as commercial photography,
cargo transport, critical infrastructure monitoring and disaster
response. According to the document, “sense and avoid”
capacity is one of the technological challenges to integrate
UAS into National Airspace Systems (NAS). In “sense and
avoid”, an UAV should be able to maintain a self-separation
and avoid collision with other obstacles.

One approach for obstacle avoidance was to control the
UAV’s heading to turn away from obstacles([4], [5], [6]). The
desired yaw was calculated based on the relative geometry
between the UAV and obstacles. Such methods required less
computation power but could not guarantee optimality of
the path. Other works tried to tackle aircraft collision avoid-
ance by solving optimization problems. Control forces, path
length and execution time were optimized while collision-
free constraints needed to be observed. Different optimiza-
tion methods were used, to name a few, Mixed Integer
Linear Programming [7], Interior-Point Based Nonlinear
Programming [8], and better-initial-guess plus gradient based
optimization [9]. In the works, a simplified aircraft dynamic
model was used and the algorithms were not verified in
real flight tests. Optimal control was another approach for
obstacle avoidance. Linear Quadratic Gaussian Control was
used in [10] and Model Predictive Control in [11]. In them, a
relatively accurate dynamic model of the vehicle was needed.
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The models were complex, not easily accessible and specific
to a single type of vehicle. Several works [12], [13], [14] used
Velocity Obstacle and its extensions for moving obstacle
avoidance. They calculated velocities or control inputs of the
robot that would induce collision and avoid such velocities
or control inputs in action to prevent collision. However,
they relied on a relatively accurate velocity measure of
the obstacle. Partially Observable Markov Decision Process
(POMDP) was used in [15], [16] to generate avoidance
action. The action options were limited by the search space
of large dimension.

A more fundamental problem—path planning in dy-
namic environment was studied in [17], [18], [19], [20]
by sampling-based planning. Sampling-based planning had
the advantages [21]: 1) able to find a feasible motion plan
in relatively short time and guaranteeing probabilistic com-
pleteness. 2) applicable to very general dynamic models. 3)
allowing trajectory-wise checking and therefore requiring no
explicit enumeration of constraints. Probabilistic Roadmap
was applied to path planning in state-time space in [17],
[18]. A dimension of time was included to deal with moving
obstacle. This resulted in a large sampling space. RRT han-
dled systems with differential constraints effectively and was
applied to autonomous driving in [20]. Different extensions
to RRT were used in [22], [23] to avoid moving obstacles.
The obstacles motion pattern was assumed to be represented
by Gaussian Process and could be pre-learned. Multiple
methods were proposed for UAV static obstacle avoidance,
for example, Potential Field [24], Cross Entropy based on
sampling in trajectory space [25] and alternate route via an
expanding elliptical search [26]. It was yet to verify that they
can be extended to moving obstacle avoidance.

This paper applies RRT-based path planning method to
moving obstacle avoidance by UAV. The method works in
real time, requires no accurate UAV dynamic model and is
also applicable to static obstacle avoiance. In the method,
nodes are connected by propagating along a 3D Dubins curve
in tree expansion. Collision checking considers the evolution
of the UAV and obstacles’ states with time. At the start of
path execution, the path is checked for collision with updated
obstacle states. If it is predicted to result in collision, a new
path will be generated. The rest of the paper is composed
of problem formulation, algorithm description, experiment
validation and extension to real scale problems.

II. PROBLEM FORMULATION

The UAV’s kinematic model is

y(t) = f(y(t),u(?)), ut) € U. (1)



where y € R" is the state of the system. u € R™ is
the control input to it. U sets the control limit. The exact
model used in this paper is described in experiment part
(section 1V).
To avoid obstacles, the UAV must observe the constraint:
fori=1,2,..N,,Vt € [0,t5], 2
1x(t) = %0, ()|l = L
where xo,(t) is the estimated position of obstacle O; at t.
It estimated by extrapolating from O;’s current position and
current velocity:
x0,(t) = x0,(to) + v(to) * (t — to) 3)
For static obstacles v(¢p) = 0. This indicates that the UAV
must be able to maintain a distance above L; to each obstacle
O, along the whole path. Other physical constraints include
height limit and geofence. They are represented by

S(x(t))<0 “4)
Among all feasible paths, the one of the shortest length is
selected. The optimization problem is

fr argmin / ds
f
f

Where the path is represented by a function f(x,y,z) = 0.
x € R3 is the 3D coordination along the path. The path starts
from the UAV’s initial position xy and ends in the goal x,.
ds = +/dx? + dy? + dz? is the curve length.

In summation, the path planning problem is defined as:
Given the initial UAV state y(0) = yo and the control limit
U, generate an optimal path f*(x,y,z) = 0 defined by (5)
that satisfies constraints in equations 1, 2 and 4.

&)

III. METHOD DESCRIPTION

This section describes 1) RRT tree expansion; 2) the loop
of execution.

A. Tree Expansion
A tree node is defined as

(6)
y is the UAV’s state. Cost is the length of trajectory from
the tree root to the node and cost-to-goal from the node to
the goal. Goal_reach is the flag indicating if the node is able
to reach the goal. The state is defined as:

node = {y, cost, cost-to-go, goal_reach}

y = (I7yasz7vzavy7vz) (7)
It contains the UAV’s position, velocity, yaw (). For con-
venience, the paper represents a node ¢ with the first four
components (4, Yy, Zq, ¥q) When the rest components need
not be mentioned. Node connection is the process to generate
a trajectory connecting two nodes or return that not one
is available. 3D Dubins curve is used in node connection
because: 1) it allows to assign initial and final heading of
the UAV as well as position. 2) it is the shortest curve
that connects two points with a constraint on the curvature
(determined by UAV’s turning radius) of the path and with
prescribed initial and terminal headings. To connect node
(z0, Y0, 20,%0) to (x1,y1,21,%1), a 2D Dubins curve C' is
first created from (g, Yo, ¥0o) to (x1,y1,%1) as in [27]. It is
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then extended to 3D by assigning z = zo+1(z,y)/l(x1,y1)*
(21 — z0) to each (x,y) in C, where I(z,y) stands for the
length along C from (g, yo) to (x,y). The next step is to
propagate the UAV’s kinematic model along the 3D Dubins
curve until reaching the end or being blocked by obstacles. If
the end is reached, the propagated trajectory is the connection
between the two nodes. Otherwise a connection does not
exist due to collision with obstacles. Figure 1 shows the
propagated trajectory (black dots) along the Dubins curve
(blue) connecting ng = (0,0,0.5,0) and ny = (4,2,2,0).
An approximated kinematic model of Parrot ARDrone was
used. The model is described in section IV.

Here the trajectory from the propagation instead of the
original Dubins curve is used as the node connection because
the model for propagation considers the UAV’s kinematics
property and the propagated trajectory is able to approximate
the UAV’s real trajectory.

plot

Fig. 1: To propagate along a 3D Dubins curve using an approximated kinematic model
of an ARDrone. Blue line is the Dubins curve and black dots are propagated trajectory.
The Dubins curve starts at (0,0,0.5) and ends at (4,2, 2). Both the starting and
ending yaw are 0.

In each loop of tree expansion, a sample is taken as in [28]
and nodes in the tree are sorted ascendantly according to
heuristics. The heuristics is based on the length of 3D Dubins
curve between each node and the sample. In sorted order
each node is connected to the sample. If the connection
is blocked by obstacles, the trajectory is not abandoned
if its length exceeds half length of the 3D Dubins curve.
Intermediate nodes' of the trajectory are added to the tree.
This strategy increases the tree density to make sure the
probability of finding a feasible path. When the trajectory
is fully collision-free, end and intermediate nodes are both
added to the tree. When a node is added to the tree, its
cost is set as the trajectory length from the root to it.
A connection between the node and the goal is attempted
to build. If a connection exists, cost-to-go of the node is
set as the trajectory length from the node to the goal.
To generate the path, the goal-reachable node g+ with the
smallest sum of cost and cost-to-go is selected. The node
sequence connecting the root to the goal via ¢x along with
Dubins curves between the nodes is the generated path.
Figure 2 shows the grown tree (yellow branches) with only
2 samples and the generated path (red). A static obstacle is
used.

! An intermediate is acquired node every Nj,; propagating steps. In this
work, Njn= 5.



goal

Fig. 2: Tree expansion with only 2 samples in a single static obstacle situation. Tree
branches are trajectories propagated along Dubins curve (yellow). End and intermediate
nodes are also added as nodes (blue cross). The red curve shows the generated path

B. Loop of Execution

The loop of execution uses a repetitive path replanning
strategy to compensate the inaccuracy of the UAV’s kine-
matic model and that of the prediction of obstacles’ motion.
It is summarized in algorithm 1.

Algorithm 1 Execution Loop()

1: repeat

2: Update the UAV’s state and obstacles’ state

3: Estimate UAV’s state after At and use it as the tree root.
4: for At do

5: TreeExpand()

6: end for

7: PathGeneration()

8: if No path then

9: if Obstacles are close then

10: Use local path planner to avoid

11: else

12: Goto the line 2

13: end if

14: end if

15: Update the UAV’s state and obstacles’ state

16: Check if the generated path is still collision-free

17: if not then

18: Remove the blocked nodes and their children from the tree
19: Goto line 7

20: end if

21: Start from ¢1, execute the path for At;

22: At t1, update the UAV’s state and obstacles’ state

23: In parallel, predict the UAV’s state after At, obtaining y (¢1 + At). Check
if the path is still collision free if starting from y(t1 + At)

24: if not then

25: Goto line 2.
26: else

27: Goto line 21.
28: end if

29: until Reach the goal

In an execution loop, updated states of the UAV and
obstacles are first acquired (line 2). The UAV’s state after
At is estimated by propagating the kinematic model along
previous planned path. It is used as the tree root (line 3). The
tree is expanded for At and the path is generated (line 4
to 7). If a path is not available (line 8 to 14), a tree is
rebuilt with updated UAV’s and obstacles’ states and path
is re-generated if the obstacles are far away. Otherwise,
the UAV needs to avoid the obstacles reactively. The path
from line 7 won’t be executed immediately but will be
checked for collision with updated UAV’s and obstacles’
states (line 15 and 16). If there is collision, the blocked nodes
with their children will be removed from the tree. After that,
a new path is generated (line 17 to 20). These steps correct
the path based on updated UAV’s and obstacles’ states to
compensate inaccurate prediction of UAV’s and obstacles’
states in planning. Next, the adjusted path is executed by
the UAV for At. At the start of execution, the states of the
UAV and obstacles are updated. The UAV’s state is used

to obtain the predicted state after At. The predicted state
is used together with obstacles’ states to check if the path
is still collision-free after At. If not, a new path needs to
be created (line 25). Otherwise, the same path is followed
(line 27).

IV. EXPERIMENTS AND RESULTS

Multiple flight experiments were conducted to validate our
algorithm. An off-the-shelf Parrot ARDrone was used as the
UAV platform. An optical flow sensor is used for velocity
estimation and odometry is used as the position system. An
ARDrone receives commands from a computer and transfers
its onboard sensor readings to it. The communication uses
wifi. Technical details of ARDrones can be found in [29].

(a)

atan(u,,u, )

(b)

Fig. 3: Approximated kinematic model of the ARDrone. (a) describes the model for x
and the same for y and z. As in the figure, velocity v, and velocity command u,, are
transformed into the body reference frame (TB). The error between them is used as
the input to a P-controller. The output of the controller is thresholded by ARDrone’s
acceleration of saturation a,,q to obtain the desired acceleration v. The velocity
output of the model @ is calculated by integrating v, and transforming back to the
world reference frame (Inv(TB)). As in (b), the desired yaw speed vy is obtained with
another P-controller. The input is the error between atan(uy,us) and the current
yaw . vy thresholded by the saturation value \i/maw gives the yaw rate .

AN
| ~ -
7 ! X
7N \
| y
Il gk =3
L’ [ v
=
8 vy * VE e
T / ——w
w g
/’ N —-——w e bl 42
/ / =
<
0 o5 1 1 e 3 a5 4
& 05 G 35
() (b)

position(m)

o
©
Fig. 4: Comparison of kinematic model and a real ARDrone. (a) compares the velocity,

(b) compares the yaw, and (c) compares the position. Variables with the subscript “c”
mean data from the model. Variables without subscripts come from a real ARDrone.

Figure 3 illustrates the approximated kinematic model of

ARDrones used for tree expansion. Figure 3(a) describes
the model for z and the same for y and z. As in the



figure, velocity v, and velocity command u, are transformed
into the body reference frame (TB). The error between
them is used as the input to a P-controller. The output of
the controller is thresholded by ARDrone’s acceleration of
saturation a,,.; to obtain the desired acceleration v,. The
velocity output of the model & is calculated by integrating
v, and transforming back to the world reference frame
(Inv(TB)). As in figure 3(b), the desired yaw speed vy is
obtained with another P-controller. The input is the error
between atan(u,, u,) and the current yaw . v, thresholded
by the saturation value %mm gives the yaw rate 1/) In the
model, the yaw of the UAV is controlled to align with that
of the velocity command. The ARDrone was controlled in
the same way in flight experiments. This way the ARDrone
flew like a fixed-wing aircraft and therefore it could be
considered as a proxy of a fixed-wing UAV. To compare the
model with ARDrone’s actual behavior, both a real ARDrone
and the model were commanded to fly under the command
u = (1,0,0) for 3.5 seconds and their states v.s. time are
plotted in figure 4.

It is observed in figure 4(a) that the velocity v, of the
model and a real UAV has accordance in evolving trend and
the maximal error is around 0.2m/s. A similar pattern is
observed for x position in figure 4(c). Yaw of the model and
a real UAV almost overlap in figure 4(b).

Obstacle | obstacles’ Path path Path
Monitor states Planner Executor
UAV’s
UAV’s state RPY
state command
UAV

Fig. 5: ROS nodes to control the ARDrone in the experiments.
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Fig. 6: Two experiment situations: (a) avoid a static obstacle in an office; (b) avoid
another ARDrone in a parking structure.

Three situations were designed for experiments: 1) avoid
static obstacles in office condition; 2) avoid virtual moving
obstacles; 3) avoid actual moving obstacles. 2) and 3) were
carried out in a parking structure. The UAV was controlled
using Robot Operating System (ROS). Figure 5 depicts the
ROS nodes. The path planner node generates the path and
sends to the path executor node. The latter creates the
velocity command based on the UAV’s current position and
the path using vector field method [1]. The velocity command
is transfered to roll-pitch-yaw command and sent to the UAV.
The planner node also receives the UAV’s state for path
planning. It holds an obstacle monitor to receive updated
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obstacles’ states. In office experiments, the position of static
obstacles were set initially known to the UAV and didn’t
need to update. For virtual obstacles, the monitor read states
from the logged trajectory of virtual obstacles at each time
instant. In actual moving obstacle experiments, the monitor
received states broadcasted by the obstacle.

In all three situations, the origin of the coordinate system
was set to the position of take-off location. The direction of
x was set to the UAVs yaw direction the moment it finished
take-off. This defined the global reference frame. Meter was
used as the length unit. At in algorithm 1 was set to Is.

A. Flight Experiments in Office

The office had a pillar in the center as the obstacle and
table cubes around as the geofence. The UAV need avoid all
of them. The size and locations of the pillar and cubes were
known to the path planner. The start was (0, 0,0.8) and the
goal was (10,0.6,0.5). The pillar located at (7.31,0.2) and
its safety radius was set to 0.6 meter according to the pillar’s
size. The four corners of the geofence were set to (—1.5,0),
(1.2,0), (—1.5,11.58) and (1.2,11.58) based on the office’s
area.

[ flight# I 7T 2 17 3 1 4

| min_dis(m) [ 0.83 [ 0.74 | 0.94 | 0.92
TABLE I: The closest distance between the UAV and
office. The average of them is also presented.

5 1 6 [ ave |
0.95 [ 083 [ 087 |
the pillar in six flights in the
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Fig. 7: The logged trajectory of one flight in the office. The red is the planned path
and the black is the executed trajectory. (a) is from a 3D perspective and (b) from a
top view. The green cylinder represents the pillar and its radius is 0.6m.

6 successful flights and 5 failing ones were performed.
Failure was caused by the inaccuracy of position system.
The logged data showed that the UAV’s trajectory were clear
from the pillar and cubes but actually the UAV collided with
them. The magnetometer for yaw measurement was noisy
and made the odometry drift from the real position. We
didn’t make efforts to improve the position system because
localization was not the focus of this paper and a less
accurate position system suffice to demonstrate the planning
algorithm’s efficacy. The minimum distance between the
UAV and the pillar in the 6 successful flights are displayed in
table I. They are all above the 0.6m safety threshold, showing
successful avoidance. Logged trajectory of one flight of them
is plotted in figure 7. It is observed in the figure that the
UAV followed the path even though there were drifts. The
difference of the UAV’s start from the path’s start was due
to the drift when taking off.



(2) (b)

©)

(W] (e)

(g)

(h)

® ()

)

M

Fig. 8: The logged trajectory of the ARDrone (red) at different time instants to avoid two virtual obstacles. The green obstacle flew perpendicular to the original route of the
ARDrone and the blue obstacle flew opposite to the original route. Both obstacles have a safety radius of 1.5m.

B. Avoiding Virtual Moving Obstacles

Virtual Obstacles were logged trajectories of a quadrotor
flying in simulation. hector_quadrotor* ROS package was
used to create them. For example, a virtual obstacle flying
towards the UAV can be created by flying the quadrotor
in simulation from (0,0,0.75) to (10,0,0.75) by velocity
command v = (—1,0,0). The command was constant but
the velocity of the obstacle was not. In all experiments, the
UAV took off from (0,0,0) and tried to fly to (15,0,0.8).
The length unit is meter.

Figure 8 shows the trajectory of the ARDrone (red)
avoiding two virtual obstacles (blue and green) at different
time instants. Their radii stand for safety radii. The blue
obstacle flew towards the ARDrone from (10,0,0.75) to
(0,0,0.75) under the command v (=1,0,0) and the
green one from (5,—5,0.75) to (5,1,0.75) under v
(0,1,0). In the whole procedure, the UAV stayed outside
the two spheres, indicating successful avoidance. More flight
experiments were carried out with different virtual obstacles
and combinations of them. The speed of the UAV was set to
Im/s. The closest distances between the ARDrone and the
obstacles were showed in table II. In the table, vkx10 means
that the obstacle was created to move from (10,0,0.75)
to (0,0,0.75) under command v (—k,0,0). It flew to
the ARDrone head-to-head. vly-k means that the obstacle
started from (k,—k,0.75) and stopped at (k,1,0.75), rep-
resenting an obstacle approaching from the lateral direction.
In row 1 to 4, the UAV avoided obstacles flying towards the
UAV at different speeds. It is observed that the UAV was able
to avoid obstacles of speeds up to 3m/s under the given take-
off and goal position. Row 5 shows the results to avoid only a
perpendicularly moving obstacle. The UAV was able to stay

Zhttp://wiki.ros.org/hector_quadrotor
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well clear of it during the whole trajectory in all 3 flights.
In the next 3 rows, the UAV tried to avoid two obstacles.
One moved head-to-head and another perpendicularly. The
latter started from different locations. For each combination,
the first row shows the smallest distance between the UAV
and the first obstacle. The second row shows that between
the UAV and the second. For all 3 combinations, the UAV
maintained separations to two obstacles larger than safety
threshold 1.5m in every flight. Therefore, the algorithm was
validated in two-obstacle situations.

row# virtual obs 1 2 3 avg
T VIXTO 297 [ 278 | 1.89 | 255
7 VX0 202 [ 169 [ 181 | 1.87
3 V3x10 197 [ 1.86 | 221 | 2.0
7 VAxT0 T34 [ 139 | 1.44 | 1.39
3 VIy7 37T | 374 [ 352 | 3.6
195 | 2.62 | 2.89 | 249

6 | vIxI0&vIy-5 | 497 | 545 | 204 | 206
27T [ 1.80 | 2.65 | 2.39

7| vIxI0&vly-6 | Y5y | g1 | 172 | 162
297 [ 276 | 247 [ 273

8 | vIXI0&vIy-7T | T3 | T8 | 158 | 1.63

TABLE II: The minimum distances (m) between the UAV and virtual obstacles in

multiple experiments. vkx10 means that the obstacle was created to move from
(10,0,0.75) to (0,0,0.75) under command v = (—k,0,0). It flew to the
ARDrone head-to-head. vly-k means that the obstacle started from (k, —k,0.75)
and stopped at (k, 1, 0.75), representing an obstacle approaching from the side. The
unit is meter. Rows 1-5 are situations involving only one obstacle and rows 6-8 involve
two obstacles. There flights were conducted for each type of obstacles. The average
minimum distances are also presented.

The efficacy of replanning was demonstrated in the proce-
dure to avoid the obstacle v1y-7 as in figure 9. The obstacle’s
speed was close to zero when the UAV took off. The path
generated by the planner was a straight line to the goal
(figure 9(a)). Later the obstacle speeded up and the straight
line path would result in collision. Therefore, a new path was
created (figure 9(b)) with the UAV’s current position as the
start. The UAV was able to avoid the obstacle by following
the new path until reaching the goal (figure 9(c) and 9(d)).



(2) (b) (©)

(d) (e

(h)

® ()

)

M

Fig. 10: The logged trajectory of the UAV (the red dot curve) at different time instants to avoid a real moving obstacle. The sphere represents the logged obstacle’s position at
each instant. Its radius represents the obstacle’s safety radius and is 1.5m. In all the figures, we observe that the UAV (left end of the red curve) always stays outside the sphere,

indicating the success of avoidance.

2(m)

2m)

¥im) xm)

2(m)

()

©

Fig. 9: A replan example: in (a) a straight path (red) would not cause collision due
to the small initial speed of the obstacle (green sphere of 1.5m radius). The obstacle
however speeded up in (b) and the planner abandoned the previous straight path and
created a new path to avoid the obstacle. The black dots mean the executed trajectory
when following the path.
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Fig. 11: The logged trajectory (black) and planned path (red) of the flight in figure 10.

C. Avoiding an Actual Moving Obstacle

Another ARDrone was used as the moving obstacle (fig-
ure 6(b)). It was controlled by a separate laptop. Its states
were transmitted to the laptop through Wifi. They were
next transmitted to the laptop controlling the host ARDrone
through ethernet. This way the planner knew the states of
the moving obstacle. The obstacle ARDrone flew towards
the host UAV’s taking-off position by following a straight
line. The host ARDrone needed to avoid it and reach the
goal. In the experiment, both ARDrones first took off and
started to hover. When both of them were in stable hover,
the obstacle ARDrone started to fly towards the host one and
the host one started the execution loop in algorithm 1.

Figure 10 demonstrated a full avoidance procedure. Each
figure shows a different time instant. The red is the logged
trajectory of the UAV and the sphere is the obstacle. The
end of the trajectory stands for the position of the UAV at
the same moment as the obstacle. The obstacle started at
(7.753,—0.145,0.735) and stopped at (2.43,—0.04,0.71).
The UAV started from (0.11,0.08,1.11) and stopped at
(14.74,0.3,0.85). The obstacle was commanded to fly at
0.5m/s and the UAV at 1m/s. In the figures, the UAV never
enter the sphere whose radius is the safety distance (1.5m
in our case). This proves that UAV successfully avoided the
obstacle. The full trajectory for the same flight is plotted
with the planned path in figure 11.

flightF] 1 2 3 4 5 6 7 8 9 10
viI.0 [258 [ 1.74 [2.65[229 (228|211 [3.45][2.33]241[1.63[2.35
v:0.5 [255]1.99 222198158 [ 1.44]1.90 | 1.99[2.373.83[2.19
TABLE III: The closest distance (in meter) between the UAV and the moving obstacle.
The speed of the obstacle is 0.5m/s and that of the UAV is 0.5m/s or 1.0m/s. We carried
out 10 flights for each speed. Only the minimum distance at 6th flight of 0.5m/s is
slightly below the 1.5m safe separation threshold. All the rest flights successfully prove

the efficacy of collision avoidance. The last column is the average minimum distance.
Multiple flights were conducted with the obstacle’s speed
at 0.5m/s and the UAV’s speed at 0.5m/s or 1.0m/s. In

avg
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all of them, the obstacle ARDrone took off at (7.5,0,0)
and fly along a straight line until reaching (—2,0,0.75).
Table III lists the smallest distance between the obstacle
and the UAV in all flights. From the table, the smallest
distance of only one flight was slightly below the safety
threshold (1.5m). This proves the efficacy of the algorithm to
avoid a real moving obstacle. Flight videos are available at
http://www.youtube.com/watch?v=ggS5-x0rjNM. Efficacy of
the algorithm in avoiding virtual and actual moving obstacles
were examined using logged position data based on optical
flow. The logged position had similar drifts as in office
condition although no physical collision occurred. In the
absense of more accurate position systems such as motion
capturing system, optical flow was used for positioning both
the UAV and obstacles. The experiments were made as proxy
to obstacle avoidance with positioning system of higher
accuracy such as GPS.

D. Insights from Experiments

In the experiments, moving obstacles followed straight
lines. It is fitted by equation 3. However, equation 3 will fail
to predict the motion of obstacles that moves along a curve.
In this case, the obstacle’s heading needs to be considered
in prediction. It is found in the virtual obstacles experiment
that the algorithm was unable to deal with obstacles faster
than a certain speed given a fixed initial distance between the
UAV and the obstacle. A local planner to generate reactive
avoidance motion was needed. Implementing and integrating
the local planner is one of future works. From the experiment
in the office, we observed that drifts of the odometry caused
collision with obstacles. This implied that the algorithm will
fail with low accuracy of position systems.

V. EXTENSION TO REAL SCALE AIRCRAFTS

In our experiments, a small quadrotor was used and
therefore the scale for distances (~ 20m) and velocities
(~ 1m/s) were relatively small. Such scales are far away from
that in National Airspace System. Therefore, this section
discusses the possibility to apply the algorithm to problems

of increased scale.
\/T_)
X

obstacle

Fig. 12: The figure to demonstrate a simplified 2D moving obstacle avoidance case.

First analyze the relation between the minimum distance
to detect the moving obstacle L, the speed of the UAV v; and
the speed of the obstacle v,s. Refer to figure 12, a simplified
2D case is studied: a UAV starts from A(0, 0) with velocity
(v1,0) and detects an obstacle at B(L,0) of the velocity
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(—vobs, 0) at time ¢t = 0. We need to calculate the minimum
allowable value of L with which the UAV is able to avoid
the obstacle. Assuming that the UAV has a full yaw rate w
and therefore the smallest turning radius p = wwv;. A full
avoidance maneuver is first turning left for 90 degrees and
fly forward and then turn back to the goal. According to the
figure, the UAV should first move along the quarter circle
AC then along the straight line C'D. The position of the
obstacle as a function of ¢ can be expressed as

(Iobs’ yobs) = (L - 'Uobsta 0) (8)
When the UAV is on curve AC, its position is
(us yu) = (psin(wt), p(1 — cos(wt))) ©)

Therefore the square of distance between the UAV and the
obstacle is

F(t) = (L — vopst — psin(wt))? + p*(1 — cos(wt))?,
™
here t € [0, —
where t € | 20.))
Suppose that the safety radius is s, a successful avoidance
requires

(10)

f(t)>s, Ve e [0, 45) (11)
this is equivalent to
min f(t)>s?, t € [0, 5-) 12)

To calculate the minimum value of f(t) via its first order
derivative requires solving a transcendental equation. There-
fore, we turn to solve a less strict problem by requiring that

(L — vopst — psin(wt))? > s2, Vt € [0, =) (13)

This an sufficient but unnecessary condition of (11). Solving
it, we have

vt € [0, %), L>s + vopst + psin(wt) (14)
15)

Since wopst + psin(wt) increases monotonically in [0, 7-),
we have

or L< — s+ vgpst + psin(wt)

L>s +p+ VobsT
2w

or L< —s

(16)
(17)
(17) obviously does not hold. Therefore, a sufficient but

unnecessary condition for the UAV avoid the obstacle when

it follows curve AC is

VobsT

L>s+p+ —— (18)
2w

There is another condition when the UAV follows the straight
line DC, it is not listed here because (18) is sufficient to
analyze how scale affects the safe-avoidance condition. In 18,
the inequity still holds when multiplying L, s, v.ps by the
same scale, assuming a fixed w. This means, for an UAV
and obstacles with larger speeds, the scale of the distance
for obstacle detection and the safety radius must also be
increased based on the speed.

Specifications of a MH-6/AH-6 little bird helicopter is
used to test the path planning algorithm for increased scale
problem. Its cruise speed is 69.45m/s, maximum speed is
78.19m/s and climb is 10.5m/s. In the path planning problem,
the helicopter needs fly from (0, 0, 55.2) to (966, 41.4, 55.2)



and avoid an obstacle moving with speed 69.45m/s from
(486.15, 0, 48.62) to (0,0, 48.62) with a safety radius 69.45.
Meter is the unit. To compare, we assume a small UAV
whose specifications differ from that of little bird up to a
scale of 69.45. That means it has a cruise speed of 1m/s,
the maximum speed 1.13m/s and climb 0.15m/s. It will
fly from (0,0,0.8) to (14,0.6,0.8) and avoid an obstacle
moving with speed 1m/s from (7,0,0.7) to (0,0,0.7) with
a safety radius 1. In both cases, the time for tree expansion
At = 1.0s. The kinematic model in experiment section is
used but the gains for the real scale helicopter are lowered
to avoid overshooting. The nodes number of the expanded

run# | nodes Tength(m)
! 692 1076.4
2 570 1017.22
3 589 1011.91

TABLE IV: Path planning for a real scale helicopter. Column 2 lists number of tree
nodes after tree expansion after 1s and the lengths of generated paths are shown in
column 3. We ran path planning algorithm for 3 times.

run# | nodes [ length(m) length compare(m)
I 928 14.27 990.94
2 936 14.233 988.48
3 898 14.233 988.48

TABLE V: Path planning for a small UAV. Number of tree nodes after tree expansion
after 1s (column 2) and the length of generated path (column 3). Column 4 lists the
length in column 3 multiplied by the scale. We ran path planning algorithm for 3 times.

tree and the length of paths generated from the tree are
shown in table IV. The algorithm was run for three times.
For comparison, the same data for the small UAV case are
listed in table V. Column 4 of the table shows the lengths
multiplied by the scale. They are close to column 3 of
table IV. This is one of the evidences that the path planning
algorithm works for different scale problems. Comparing
column 2 of two tables, it is observed that the real scale
problem generates less nodes in the tree. This is because a
lower control gain is used and the step size to propagate
along a Dubins curve changes less than the scale. Given that
the length of a Dubins curve change in scale, propagating it
costs more time. It does provide more intermediate nodes for
each branch but the allowed number of samples and therefore
number of Dubin curves to propagate is reduced. The net
effect was the reduced number of nodes. Figure 13 shows
the path generated for the two problem of different scales.
This gives another evidence of our algorithm’s adaptability
to scales.

vim)

(@)

Fig. 13: Generated path for a real scale problem (a) and a small scale problem (b).

VI. CONCLUSION AND DISCUSSIONS

We developed a path planning method for UAVs to avoid
both static and moving obstacles. 3D Dubins curve is used
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to initialized node connection in the RRT tree. The tree
is expanded by propagating the UAV’s kinematic model
along the Dubins curve while checking collisions. The node
sequence from the root to the goal with the smallest length
as well as Dubins curves connecting them are the generated
path. The path is checked with updated states of the UAV
and obstacles while being executed by the UAVs. A new
path is created if the previous one is estimated to end in
collision. Such checking and replanning loop makes sure
that UAV’s inaccurate kinematics model and approximated
prediction of obstacles motion can be compensated. The
algorithm is validated by multiple flight experiments to avoid
static obstacles, virtual and real moving obstacles.

We only validated the algorithm in indoor and less-open
outdoor environment. Optical flow based odometry was used
as the position system and a quadrotor was used as the
proxy of a fix-wing UAV. In the next step, we are going to
use a fixed-wing UAV flying in open outdoor environment
to further validate the algorithm. GPS will be used as the
position system. This paper only considers neutrual moving
obstacles. A more difficult case is to avoid obstacles that
are also able to manoeurve to avoid collision. To deal with
such reciprocal avoidance problem, common rules of aircraft
behavior need to be introduced into path planning. For ex-
ample, both aircraft manoeurve to the right when avoidance.
This paper assumes that obstacles’ states are available to the
UAV and active sensing is not needed. To deal with general
obstacles, our algorithm needs to be combined with onboard
obstacle detection to achieve full “sense and avoid”.
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