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This paper presents the development and flight-testing of an obstacle avoidance system that can provide a rotary-wing unmanned aerial
vehicle (UAV) the autonomous obstacle field navigation capability in uncertain environment. The system is composed of a sensor, an
obstacle map generation algorithm from sensor measurements, an online path planning algorithm, and an adaptive vehicle controller. The
novel approach of path planning presented in the paper is the integration of a newly developed receding horizon (RH) trajectory
optimization scheme with a global path searching algorithm. The developed RH trajectory optimization scheme solves the local nonlinear
trajectory optimization problem using approximated vehicle dynamics, maneuverability constraints, and terrain constraints within the
finite range of the sensor. The global path searching by dynamic programming algorithm finds the shortest path to the destination to
provide the initial guess to the RH trajectory optimization. The spline-based direct solver, Nonlinear Trajectory Generation (NTG), solves
the RH trajectory optimization in real time and updates the solution continuously. The developed system is implemented within the
Georgia Tech UAV Simulation Tool (GUST) and on the onboard computer of the Georgia Tech UAV test bed. Simulations and flight tests
carried out for the benchmark scenarios and with sensor-in-the-loop flight tests demonstrated the viability of the developed system for
autonomous obstacle field navigation capability of a UAV.
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1. Introduction

As the technologies for autonomous flight are being devel-
oped, the role of Unmanned Aerial Vehicles (UAVs) is
expected to evolve from the major areas of current gener-
ation UAVs such as reconnaissance and surveillance to the
areas traditionally undertaken by manned aircraft or those
that have been considered unachievable with the past tech-
nology base.1 Early UAV systems have had limited onboard
computing power, mainly for the guidance and control of
vehicle to follow an operator planned flight path or mission
plan. However, recent breakthroughs in electronics, sensors,
microcomputers, and communications have widened the

possibility of UAV systems to be equipped with powerful
microcomputers, an array of sensor suites, and global com-
munication links, thus enabling UAVs to have potential
capabilities to execute complex missions more efficiently and
cost effectively than the manned systems. These growing
potentials of UAVs have motivated several studies on differ-
ent applications of future UAV systems, not only for military
but for various civilian purposes too. Cooperative combat,
unmanned cargo delivery over high risk areas, urban sur-
veillance, search and rescue, urban traffic monitoring, severe
weather observation, and even surveillance on the disaster
site inaccessible to humans are such envisioned areas of
applications for autonomous UAVs, and they have motivated
various research studies.2�5

Indeed, many of future applications require that the UAV
systems are capable of operating in uncertain and/or ob-
stacle rich environments. Even though a UAV is in a highly
uncertain environment, it is important to minimize human
involvement to achieve mission objectives successfully, or
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more often, it may be impossible for a human operator to
operate a UAV safely in such environments. Thus, it becomes
necessary for UAVs to have situation awareness capability
without human intervention as well as an ability to react
autonomously to dangerous situations during its flight. One
such ability, crucial to the safety of the vehicle and its mis-
sion, is the capability to detect and avoid obstacles autono-
mously in its flight path.

Various methods of autonomous obstacle avoidance
have been well established for almost half a century, es-
pecially in the robotics area as a subject of path or motion
planning.6�8 Several of the motion planning approaches
developed for robotics is based on heuristics, interested in
finding a global path with completely known obstacle field
information or local real-time determination of a path
using sensor information. Potential Field Navigation
(PFN),9 Visibility Graph (VG),10 Voronoi Diagram (VD),11

and Rapid Random Tree (RRT)12,13 methods are popular
path planning methods in the robotics area, which have
found later applications in the UAV area as well. Many of
such traditional approaches focus on finding the path to
target position without considering differential dynamic
constraints in its problem formulation, resulting, in gen-
eral, in trajectories that may be difficult to follow. However,
path planning for obstacle avoidance in the context of a
UAV has to consider the feasibility of the vehicle motion in
addition to other constraints. First, the vehicle needs to
stay within the operational flight envelope at every
moment of flight for its internal safety, even when avoiding
an obstacle. Secondly, mission or tactical objectives may
require the deviation from the original path to be mini-
mized, for it is highly likely that the planned path is the
result of a complex and deliberate pre-flight mission
analysis and any significant deviations could compromise
the overall mission goals. The minimization of any such
deviations and the possibility of mission abort for safety
reason require a path planning method other than heur-
istics to find the best path satisfying the mission objectives
as well as the safety of the vehicle, which can be somewhat
of conflicting requirements.

The use of an optimization approach could be an answer
to resolving such conflicting requirements of obstacle
avoidance for UAVs, for it can directly address vehicle
dynamics, performance limits, and mission objectives in a
single framework for solution. In our previous studies, op-
timization-based approaches were proposed for the optimal
obstacle avoidance with envelope protection in two-
dimensional space.14�17 The basic idea of our past studies
was finding the optimal avoidance trajectory that satisfied
the limit envelope in a single optimization-based frame-
work, formulating the obstacle avoidance problem as a
trajectory optimization problem with nonlinear constraints
of specific limit parameters, and solving the problem with

a real-time trajectory optimizer. The framework was im-
plemented into the onboard software of the UAV test bed at
Georgia Tech.18 In addition, the framework was evaluated
successfully through simulations and initial flight tests
using virtual objects17 and was extended to continuous
vertical obstacle avoidance with the sensor in the loop.19

While the avoidance was restricted to 2D plane, our
early approach utilized the real-time optimization for the
in-flight selection of the horizontal or vertical trajectories
by computing and comparing the two different sets of
solutions. Our past studies focused on optimal avoidance
for single obstacles, and did not necessarily include all
practical aspects of autonomous obstacle avoidance. In
contrast, the present study20 greatly expands the past
outcomes to the three-dimensional trajectory optimization
considering obstacle detection with real sensor, avoidance
of multiple obstacles, and continuously changing obstacle
environment.

In theory, the optimization problem can be formulated
with any nonlinear dynamics and complex constraints,
however in practice, it often becomes impossible to get the
full horizon optimal solution of the nonlinear problem in
real time by the limited onboard computing power. For this
reason, many online optimizations take the approach to
solve the finite horizon problem such that the onboard
computer can solve the optimization problem. This
approach solves the finite horizon open loop solution in real
time and uses the initial part of it to control the vehicle
while continuously updating the solution as the time
advances. This approach is called model predictive control
(MPC) or receding horizon control (RHC) and has been
widely applied to the path planning problem of UAVs.21�24

It is well known that MPC can provide a nice way of con-
trolling the nonlinear system with constraints. In fact, the
receding horizon optimization scheme provides a way to
take into account the capabilities or limitations of the ob-
stacle detection sensor. State-of-the-art sensors such as
vision cameras and laser sensors have limited detection
range and update rates. Solving a complete global path
beyond the sensor range usually consumes considerable
computation time. In addition, although the global path can
be computationally achievable in off real time, it might be
useless if the measured obstacle shape varies largely at the
next sample time. Therefore, it is relevant to set the horizon
of optimization within the sensor range, especially in tra-
jectory optimization problems wherein the fast update of
the feasible local trajectory has more significance than
global optimality.

This paper presents the optimization-based path plan-
ning framework improved from our past work,19 as shown
in Figs. 1 and 3.20 The framework has architecture that is
composed of an online optimal trajectory generator and a
vehicle controller. The trajectory generator produces the
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reference command trajectory, and the controller has
the role of trajectory follower and the vehicle stabilizer. The
optimal trajectory generator is a hybrid path planner that
the receding horizon (RH) trajectory optimizer is combined
with a global path searching. The purpose of the combi-
nation is mostly to complement the incompleteness of the
local trajectory planning and the dynamical infeasibilities of
the fast global path searching.

In order to solve the RH trajectory optimization problem
in real time, the proposed framework uses the Nonlinear
Trajectory Generation (NTG) algorithm.25,26 For simulations
and flight tests, the framework is integrated with the
Georgia Tech Unmanned Aerial Vehicle Simulation Tool
(GUST)27 and is implemented as part of the onboard soft-
ware of the UAV test-bed, a rotary-wing UAV based on the
Yamaha RMAX airframe. The performance of the framework
has been evaluated both in simulations using GUST and in
flight tests. The benchmarking cases presented by Mettler
et al.28 were used for the evaluations. In addition, a suc-
cessful flight demonstration of the integrated framework
with an obstacle detection sensor was carried out.

2. Online Path Planning Framework

2.1. Framework architecture

As depicted in Fig. 1, the integrated framework is designed
as the architecture composed of the real-time optimal
trajectory generator and the vehicle controller. The optimal
trajectory generator is integrated in parallel with the exis-
ting baseline planner, which plays the role of generating
command trajectory for the nominal waypoint navigation.
The switching between the two trajectory planners is
achieved automatically, that is, the obstacle avoidance

commands override the nominal waypoint guidance com-
mands if a colliding obstacle appears within the sensor
range.

The trajectory generator continuously computes and
updates the reference command trajectory by solving a
finite-horizon optimal control problem starting from the
current state, and the adaptive nonlinear controller follows
the computed optimal command trajectory. The structure of
the adaptive controller is illustrated in Fig. 2, which is
composed of the outer-loop, an adaptive reference position
tracker, and the inner-loop, an adaptive vehicle attitude
controller and stabilizer.29

The architecture has the advantage that the trajectory
generator does not have to concern about the accurate
dynamics of the vehicle, uncertainties and measurement
errors, as the adaptive controller is assumed to maintain
the stability of flight while following the reference tra-
jectory as close as possible while compensating for
measurement noise, unmodeled dynamics, and other dis-
turbances.

2.2. Hybrid use of global path searching and RH
trajectory optimization

Figure 3 depicts the detailed structure of the real-time op-
timal trajectory generator of Fig. 1. As shown in Fig. 3, the
RH trajectory optimization is combined with the global path
searching module. Most past studies on the combined use of
global and local path planning utilized offline or slow
computation of the global path with known obstacle field
information, and the local path planner was used to adjust
the global path to be dynamically tractable. The hybrid
method proposed in this paper is slightly different from past
studies. The global coarse path is computed online using
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Fig. 1. Two-layer architecture of the online path planning framework.
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Fig. 3. Detailed structure of the RH trajectory optimizer.

Fig. 2. The structure of the adaptive vehicle controller.29
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Dynamic Programming30 over the obstacle field approxi-
mated by cuboids. Then, the coarse path is used as the
initial guess for the local trajectory optimizer.

3. Obstacle Grid Generation

The present study uses a laser sensor, LIDAR, for obstacle
detection that scans vertically the forward of the vehicle
with limited range and the output is the point-cloud, the
collection of spatial points hit by laser in the scanning
region. The point-cloud collected at every sampling is used
to construct the obstacle grid.

3.1. Grid mapping

The point-cloud is mapped on to a three-dimensional grid of
square cross section with preselected height. The size of the
square cross section is selected based on the maximum-
sensor range, and the grid is attached to the vehicle and
moves with the vehicle as illustrated in Fig. 4.

As the LIDAR fitted to the vehicle can scan vertically
only, in order to get 3D obstacle geometry the vehicle is
commanded to make oscillatory yawing motion with preset
frequency and yawing amplitude. For every scan, the ver-
tically sampled point-cloud is mapped onto the grid with
preselected safety margins in the horizontal plane. The
purpose of the safety margins while filling the grid with
actual laser hit points is to create a safe boundary wrap-
ping the actual obstacle. Figure 5 illustrates the approach
used in the obstacle grid generation. Every point of point-
cloud is mapped and accumulated on the grid with dis-
cretized horizontal position such that only the highest
point at the same grid position is saved on the grid array,
resulting in a conservative construction of the obstacle
field surfaces.

Once the obstacle grid is filled, every grid point is filtered
with a simple 1st-order spatial filter or averaged with the
neighboring points within specified boundary to smooth the
grid surface. A smooth obstacle boundary is beneficial to
the trajectory optimizer that uses the gradient of the
detected obstacle surface in its numerical procedure for the
convergence to a feasible avoidance trajectory.

Fig. 5. A LIDAR (Sick LD-MRS HD) is mounted to scan vertically (left) and the point cloud is mapped on the grid with safety margin.

Fig. 4. Coordinate definitions (guidance frame: left, grid frame: right).
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The proposed method for obstacle grid generation sup-
poses a robust obstacle detection system; in fact, it may be
vulnerable to any false measurement. Even though the
spatial filter and the averaging can filter out spiky false
measurements, unlike other occupancy map generation
methods utilizing the probabilistic approach,31 the confi-
dence of the measurement and the time variation of it are
not taken into account in the current approach. However,
for a conservative obstacle avoidance that imposes more
importance on safety than agility, the current approach is
computationally simple and fast.

The generated obstacle grid with safety margins is pri-
marily used for the RH trajectory optimizer. In addition,
approximate cuboids of the obstacles are constructed from
the grid for the global path searching module, which is used
to obtain an initial guess for the RH trajectory optimizer.

3.2. Cuboid obstacle field construction

Figure 6 illustrates the procedure for the construction of
cuboids of obstacle field for use by the approximate global
path search module.

At each sampling time of the global path searching (1 s in
this study), the obstacle blob detection module processes
the current filtered obstacle grid to compute and extract the
rectangular region of obstacles on the grid. The threshold-
based blob detection algorithm is used for this process.
Once the obstacle region is extracted, the heights and the
area of the region are computed to build the cuboids of the
obstacles. Based on the areas and the locations, cuboids
above a specified area are selected for insertion or merging

with the existing obstacle field database structure, and the
database management module is used to handle any chan-
ges in the existing obstacles. The purpose of using cuboids
for obstacles is to facilitate an online computation of the
global path search. The cuboids of the detected obstacles
can easily be constructed while reducing the memory size
needed for a large area of obstacle field, and the transfer of
the whole obstacle database can be done quickly. However,
as a result the obstacle geometry can be over simplified
resulting in inappropriate representation of certain objects
such as wires or slanted walls.

4. Online Path Planning

4.1. RH trajectory optimization

Figure 7 shows the scope of the local trajectory opti-
mization for obstacle avoidance and command trajectory
generation.

The local trajectory problem is formulated as a typical
receding horizon control (RHC) where the objective is to
find an open-loop optimal trajectory within the range of the
sensor, subject to the constraints of vehicle dynamics, safety
clearance, maneuverability limits, and performance limits.
It should be noted that since a local optimal solution is
sought at every instant in time, the collection of local
optima do not guarantee global optimum over the entire
obstacle field.

4.1.1. Problem formulation

The local trajectory optimization is formulated to minimize
the position deviation from the desired straight path to the
target position, given as the cost function by Eq. (1), which

Fig. 6. Online procedure of cuboid obstacle construction. Fig. 7. Scope of the local trajectory optimization.
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is the integral of the weighted quadratic distance to the
target position.

J ¼
Z tf

t0

ðxT � xðtÞÞ
Rx

� �2�
þ ðyT � yðtÞÞ

Ry

� �2

þ ðzT � zðtÞÞ
Rz

� �2�
dt; ð1Þ

where (xT ; yT ; zT) is the target position with respect to the
guidance frame presented in Fig. 4, (xðtÞ; yðtÞ; zðtÞ) is the
current vehicle position, and Rx;Ry;Rz are the penalty
constants to weigh the deviation from the target position
along the associated axes. Appropriate choice of the penalty
constants is needed to take into account the admissible
agility in the avoidance maneuver. For example, a relatively
smaller value of Rx compared to Ry;Rz makes the trajectory
to have more lateral excursions, because the optimizer tries
to minimize the longitudinal distance to the target rather
than the lateral distance.

The target position is chosen as the next waypoint
location by default. As the vehicle approaches the waypoint
within a preselected distance, the target way point is
switched to the next waypoint location. An interesting
aspect of use of target position in the performance index is
that the target point can be selected as the moving position
of a different vehicle, and hence, the same form of the cost
function of Eq. (1) can be applied to the problem of tracking
and formation flight with appropriate sets of constraints.

The position, velocity, and acceleration of vehicle are
defined in the guidance frame that the x-axis is aligned with
the direction to the next waypoint from the previous way-
point as shown in Fig. 4. The vehicle plus the flight con-
troller dynamics is approximated by the following 1st-order
acceleration dynamics as

v ¼
x
:

y
:

z
:

2
64

3
75 ¼

u
v
w

2
4

3
5; ð2Þ

a ¼
u
:

v
:

w
:

2
64

3
75 ¼

ax
ay
az

2
4

3
5; ð3Þ

a
: ¼

a�x
a�y
a�z

2
64

3
75 ¼

1
� x

ð�ax þ axcÞ

1
�y

ð�ay þ azcÞ

1
�z

ð�az þ azcÞ

2
666666664

3
777777775
; ð4Þ

where (x; y; z) are the vehicle positions, v ¼ ½u; v;w�T is the
velocity vector, and a ¼ ½ax; ay; az�T is the acceleration

vector with respect to the guidance frame. axc ; ayc ; azc are
the command accelerations, and � x; �y; � z are the time
constants of respective accelerations. For a practical reason,
the 1st-order acceleration dynamic model was chosen to get
dynamically feasible solutions with the consideration of
online computational efficiency.

For obstacle avoidance, the trajectory is subjected to
several constraints, and obviously, the clearance from the
obstacle geometry, Oðxob; yob; zobÞ, is the primary constraint
that the vehicle position should meet at any instance. In
addition, appropriate reduced order models relating the
vehicle performance, structural and other envelope limits to
the motion parameters of the vehicle need to be included as
path constraints.

Initial constraints: Current vehicle position, velocity, and
acceleration are set to the initial constraints of the optim-
ization. By letting the state, x ¼ ½x; y; z; u; v;w; ax; ay; az�T,

xðt0Þ ¼ ½x0; y0; z0; u0; v0; w0; ax0; ay0; az0�T: ð5Þ
Terminal constraints: The vehicle should remain in the
safe and admissible domain of the state at the end of
avoidance. Thus, the terminal constraint is set as

tf ¼ free

xf ¼
xobdetected
x0 þ Rsensor

�
; yf ¼ zf ¼ free

0 � uf � uU

vL � vf � vU
wf ¼ 0

aðtf Þ ¼ free or ½0 0 0�T:

ð6Þ

The terminal time is free, and the terminal speed is set to
be partially free. The terminal longitudinal position is set to
the minimum of the range to the farthest obstacle detected
and the maximum sensor range, Rsensor (200 ft in this study)
in case no obstacle in the current path of the vehicle is
detected. The lateral and the vertical terminal positions are
set to be free and should be outside the space occupied by
the obstacles. The terminal acceleration is user-selectable
based on the policy of the avoidance maneuver. Both cases of
free and zero terminal cases were considered in this study.
In general, a free terminal acceleration tends to result in a
more aggressive maneuver for avoidance of large obstacle
than the zero terminal acceleration case.

Path constraints: A primary path constraint is the clear-
ance to the detected obstacles, which is defined as the
minimum distance to the obstacle at any point of trajectory
as given by

rclrðpðtÞÞ¼Δ min
pob2O

jjpðtÞ � pobjj � Rs; ð7Þ
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where pob ¼ ½xob; yob; zob�T is the vector of obstacle surface,
p ¼ ½xðtÞ; yðtÞ; zðtÞ�T is the vehicle position vector on the
trajectory, jj�jj denotes the Euclidean norm, and Rs is the
required minimum clearance.

As noted previously, the vehicle performance and
envelope limits need to be taken into account in order to
avoid trajectory commands that are outside the perform-
ance limits of the vehicle or to avoid trajectory commands
that are unsafe due to flight envelope limits of the vehicle.
This study supposes that the vehicle performance and flight
envelope limits can be transcribed or reduced to the limits
on the motion variables such as velocities and accelerations
as given below:

0 � u � uU ;

vL � v � vU ;

wL � w � wU ;

VtL � ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
u2 þ v2 þ w2

p � VtU ;

0 � ax
axmax

� �2

þ ay
aymax

� �2

þ az
azmax

� �2

� 1:

ð8Þ

The velocity is constrained individually to reflect the
flying characteristics of the rotorcraft that can perform pure
vertical maneuver, and the vertical speed limits, wL and wU ,
need to be set considering the power limit. As seen in
Eq. (8), this study considers that the optimal avoidance does
not involve any \U" turn trajectory, hence the forward flight
speed is set to be non-negative. The total speed is limited to
maintain the vehicle in reasonable speed boundary, and the
vehicle's maneuverability during the avoidance is limited

by the total acceleration, as given by the ellipsoidal function
in Eq. (8), where axmax

; aymax
; azmax

are the maximum accel-
erations along the x-, y- and z-axes, respectively.

4.1.2. Real-time optimization solver (NTG)

The RH trajectory optimization formulated in terms of
Eqs. (1)�(8) is solved by a real-time optimization solver,
named as Nonlinear Trajectory Generator (NTG), which is a
direct optimization software library developed by Milam.25

NTG converts the optimal control problem (OCP) of a
dynamically flat system into a nonlinear programming
(NLP) using the B-spline approximation of states and
inputs. For a dynamical flat system, all the states and the
inputs can be completely described with a few number of
specific outputs of the system, so-called flat outputs, and its
derivatives.32 In fact, the trajectory optimization problem
described by Eqs. (1)�(8) is a typical flat system with x, y,
and z as flat outputs, for all the differential equations and
the constraints are expressed by the flat outputs and its
derivatives. NTG has been applied to optimal path planning
and optimal control of a dynamic system33,34 and it is
specialized for trajectory optimization of flat systems. NTG
uses NPSOL35 to solve the converted NLP based on the
sequential quadratic programming.

4.2. Global path searching

The global path searching is based on the directed graph
searching by dynamic programming (DP) over the cuboid
obstacle field, which is constructed online from the filtered
obstacle grid or transferred from the external sources. The
global path searching generates the coarse shortest path to
the destination through the cuboid obstacle field. Figure 8

Fig. 8. Graphical representation of the global path searching method.
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illustrates briefly the overall scheme for the global path
searching method used in this study.

The shortest path connecting the nodes placed around
the obstacle cuboid is computed by DP that finds optimal
path segments while minimizing the backtracking recursive
cost:

f ðnkÞ ¼ min
nk2SðnkÞ

½ck;l þ f ðnlÞ�; ð9Þ

where f ðnlÞ is the optimal cost value of the last part of path,
ck;l is the cost value of the path segment, which is the dis-
tance between the nodes k and l, and SðnkÞ is the set of

nodes including the optimal node nk . If the segment inter-
sects the obstacle cuboid or violates the acceleration limit,
the cost value of the segment is set to a large number.

The acceleration of the segmented path is approximated
by the cubic polynomial path approximation, as shown in
Fig. 9, so the acceleration between the nodes can be
expressed by the linear equation that the maximum value
occurs at both ends. Assuming the initial and terminal
direction of path is aligned to the waypoint direction, y 0

0 ¼
y 0
N ¼ 0, the maximum acceleration can be simply calculated

as given by Eq. (10).
��yðtiÞ ¼ 2a2 þ 6a3ti; i ¼ 0; . . . ;N;

+

max j��yðtiÞj ¼ 2a2 ¼ 2
3ðyN � y0Þ

t 2f

¼ 6ðyðnkÞ � yðnk�1ÞÞV 2

ðxðnkÞ � xðnk�1ÞÞ2
;

a0 ¼ y0;

a1 ¼ y 0
0;

a2 ¼ 3ðyN � y0Þ � ð2y 0
o þ y 0

NÞtf
t 2f

;

a3 ¼ 2ðyN � y0Þ � ðy 0
0 þ y 0

NÞtf
t 3f

;

tf ¼ xN � x0
V

:

ð10Þ

Table 1 summarizes the detailed procedure of the global
path searching algorithm.

5. Software Development

The developed framework, designated as INTOPTOA (INT-
grated OPTimal Obstacle Avoidane), is integrated in the

Fig. 9. Cubic polynomial approximation of segmented path.

Table 1. Global path searching procedure.

Algorithm: Graph construction and global path searching

1. Create nodes around and at the top of the cuboids with
clearance distance.

2. Sort the nodes with respect to the distance from current
position.

3. Find the nodes pair or group of which each node is close to
others within a specified distance, leave one node, and elim-
inate the rest.

4. Adjust the node height if it is inside other cuboids.
5. Construct the graph array based on the final node set.
6. Compute the cost for each feasible pairs of nodes, and during

computation check the feasibility and assign the cost.

6.1 Check the node pairs that intersect any obstacle cuboid,
then assign a big number for its cost value in the graph
array.

6.2 Check the node pairs that may exceed the acceleration
limit, then assign a big number, based on the cubic poly-
nomial approximation of the path between nodes.

7. Run dynamic programming to find the optimal sequence of
nodes.

8. Construct a path array by interpolating the selected node
positions.

9. Clear the nodes and the graph array.

Development and Flight Test Evaluations of an Autonomous Obstacle Avoidance System 11
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simulation tool, the GUST.27 It is also implemented as a part
of the onboard software of the Georgia Tech UAV test bed.
Figure 10 shows a picture of the Georgia Tech UAV test bed
used in this study.

The software was developed and tested in the real-
time simulation environment and the hardware-in-the-loop
evaluation that the GUST could provide. The GUST includes

the sensor models, aircraft dynamic model, and vehicle
interfaces, down to the level of binary serial data, i.e.,
packets, so it enables injection of model errors and/or en-
vironmental disturbances directly into a chosen software
component and/or hardware. It includes a flexible 3D scene
generation capability and re-configurable data communi-
cation routines, enabling a large number of possible hard-
ware-in-the-loop simulations (for example, see Fig. 11).

The UAV test-bed is equipped with two onboard com-
puters, Onboard1 and Onboard2. Onboard1 is for the ve-
hicle guidance and control and Onboard2 is for in-flight
experimental functionalities such as vision tracking, for-
mation flight, image processing, etc. In order to minimize
the impact of the computation delay of the optimization on
vehicle stability and control, the INTOPTOA was im-
plemented in Onboard2.

The INTOPTOA receives vehicle navigation data (pos-
ition, velocity, acceleration, attitude, and attitude rate) and
sensor outputs via data-link. The scanned raw point-cloud
by the sensor, Sick LD-MRS, is sampled and filtered through
the interface module in Onboard1, and the processed out-
put is transmitted through the data-link to the INTOPTOA.
Figure 12 shows a block diagram representation of the
on-board integration of INTOPTOA.

Fig. 10. UAV test-bed at Georgia Tech: the airframe is Yamaha
RMax.

Fig. 11. A capture of the simulation in GUST.
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6. Flight Test Evaluations

6.1. Benchmark tests

In order to evaluate the performance of the developed
INTOPTOA algorithms, the benchmark test cases proposed
by Metler et al.28 were used in simulations as well as in flight
tests. A summary of the benchmark cases and the theoretical
time-optimal solutions for each case are given in Fig. 13.
While all six benchmark cases were tried in simulations, the
flight tests included bench3 through bench6 cases only. For
safety reasons, the base flight altitude in flight tests was set
to 120 ft. In each case, the maximum speed was set to 10 ft/s
and the acceleration limit was set to 1.6 ft/s2, similar to the
cases reported in [28]. As same or similar obstacles could
not be readily built or available, virtual obstacles were used
instead in the flight tests. The virtual obstacles for each of
the benchmark cases were simulated in the ground control
station and the data was transferred to the senor module on
Onboard1 during flight in order to emulate real sensor data.

A summary of the flight test results in terms of the time
taken for the obstacle avoidance maneuvers are shown in

Table 2. As noted in Table 2, the flight test evaluations of the
benchmark cases were carried out twice, the first time on 22,
November 2011 and the second time on 26, December 2011,
designated as FT1 and FT2, respectively in Table 2. The
theoretical values, designated as baseline, are also included
in Table 2 for comparison. While all the four benchmark
cases (bench3 through bench6) were performed successfully,
the bench3 case involving the avoidance of a slanted wall
resulted in the vehicle going around the wall instead of going

Fig. 13. Benchmarking cases for obstacle avoidance and theoretical time-optimal baseline solutions.28

Table 2. Summary results of benchmark flight tests.

Cases Baseline (sec) FT1a (sec) FT2b (sec)

bench3 39.3 72.0 41.0
bench4 42.1 41.0 42.0
bench5 41.7 42.0 44.0
bench6 39.8 39.0 40.0

aFT1: first flight test (22, Nov. 2011).
bFT2: second flight test (16, Dec. 2011).

Onboard2 Onboard1

INTOPTOA

pointCloud

Trajectory commands
generated by INTOPT

INTOPTOA commands 
are bypassed to outer-loop

extMan0

extMan1

Feedback information

: Internal data

: Datalink

MMM

MM

niiin

onoo

n00

11

lolo

Sensor 
I/F

Trajectory 
Planner

LIDAR

Outer 
Loop

Inner 
Loop

Fig. 12. Implementation of INTOPTOA on UAV test-bed.
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Fig. 14. (Color online) 2nd flight test result for bench3: slanted wall obstacle, the test resulted in a successful `go over the obstacle'
maneuver.
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Fig. 15. (Color online) 2nd flight test result for bench4: cube obstacle, the test resulted in a successful `go around the obstacle' maneuver.
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Fig. 16. (Color online) 2nd flight test result for bench5: wall baffle, the vehicle successfully passed in between the walls.
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Fig. 17. (Color online) 2nd flight test result for bench6: cube baffle, the vehicle successfully passed in between the cubes.
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over it during the first run, giving rise to a considerably larger
avoidance time. Post-test evaluations of the results showed
that a sensor data saturation error caused the algorithm to
read the height of the wall to be much larger than its actual
size, and thus, giving rise to the erroneous `go around the
wall' as the optimal solution. The error was later corrected
for the second flight test runs and the INTOPTOA algorithm
performed flawlessly for all the benchmark cases. A com-
parison of the avoidance maneuver times in Table 2 shows
that the INTOPTOA performance is quite comparable to the
theoretical time-optimal (Baseline) results for all of the four
benchmark cases.

Figures 14 through 17 show flight test results for the
four benchmark cases from the second flight test runs.
Results from two trials for each case are shown in these
figures. The bottom-right subplot of each figure shows the
accelerations — command generated by the INTOPTOA
(shown in red) and the vehicle response (shown in blue). It
is seen that the commanded acceleration from the opti-
mized solution is limited to the specified limit in all cases.
The upper right subplot in each of these figures shows that
the actual vehicle speed is maintained to be roughly 10 ft/s
as desired. The left-side subplots of these figures show the
vehicle trajectory and altitude.

6.2. Flight test with the sensor-in-the-loop

The INTOPTOA algorithms were further evaluated in flight
after a 2D scanning LIDAR was integrated onto the UAV test
bed. As described in the obstacle grid section of the paper,
3D images of the obstacle field were obtained by yawing the

Fig. 19. (Color online) INTOPTOA flight test results with a 2D LIDAR sensor.

Fig. 18. (Color online) Video scene capture of the UAV test-bed
successfully avoiding a tree obstacle during flight test.
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vehicle at a frequency of 0.2 Hz and yaw attitude sweep of
40�. The first test involved avoidance of a tree of roughly
50 ft in height. For safety, the base flight altitude was set to
60 ft and the obstacle clearance was set to 50 ft. The vehicle
speed was set to 10 ft/s and the acceleration limit was set
to 1.65 ft/s2, roughly similar to the benchmark test cases.
The tests were conducted twice for the same obstacle. The
LIDAR could detect the actual height and geometry of the
tree roughly, L:60 ft�W:60 ft�H:50 ft, and the INTOPTOA
algorithm resulted in safe vertical avoidance of the tree in
both trials. Figure 18 shows a video scene capture of the
avoidance during the test.

The avoidance trajectory results are shown in Figs. 19
and 20. In Fig. 19, the actual avoidance trajectory along
with vehicle altitude, speed and acceleration versus time
are shown. The vehicle speed was maintained to be close
to 10 ft/s and the commanded acceleration (shown in red
in the lower right sub-plot of Fig. 19) resulting from
INTOPTOA stayed within the set limit. The projected front
view with the detected obstacle in terms of laser hits
(shown as red dots) is presented in Fig. 20. It is seen
from Fig. 20 that the detected obstacle width is roughly
50 ft. With the initial flight path along the centerline of
the obstacle, a lateral avoidance maneuver with the speci-
fied clearance of 50 ft requires the vehicle to maneuver

with a greater lateral deviation from the initial straight line
path as compared to a vertical deviation, hence, resulting
in the vertical avoidance as the optimal trajectory from
INTOPTOA.

7. Conclusion

This paper presents an integrated optimal obstacle avoi-
dance framework for trajectory planning of rotary-wing
UAVs. The framework is composed of the receding horizon
trajectory optimizer that solves the finite-horizon trajectory
optimization problem using a real-time nonlinear solver
and the online global path search algorithm based on the
optimal graph search by dynamic programming. In addition,
it includes the obstacle grid generation using the 2D LIDAR
for obstacle detection. The output of the global path
searching is used as initial guess for the receding horizon
local path optimizer.

The developed framework is implemented in the Georgia
Tech UAV Simulation Tool (GUST) and on the onboard
computer of the UAV test-bed at Georgia Tech. Simulation
and flight test evaluations were carried out for the obstacle
benchmark test cases from the literature using virtual ob-
stacles. The framework was tested in a series of flight tests
after the integration of an onboard 2D LIDAR obstacle
detection system. Both simulation and flight test evaluations
have revealed that in order to arrive at a complete solution
to the problem of trajectory optimization of a UAV flight
in an uncertain environment, it is important to combine a
global search algorithm with a local trajectory optimizer.

The initial flight test evaluations demonstrated success-
fully the performance of the optimal obstacle field navigation
of the developed framework. However, the evaluation results
drew out the fact that the performance was heavily tied to
the robust performance of the obstacle detection system.
Future work is needed for further understanding of this close
tie between the obstacle field navigation algorithms and the
obstacle detection system. In addition, the developed fra-
mework needs further expansion to include obstacle field
measurements from different sources towards building a
collaborative autonomy system for obstacle field navigation.
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