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A path-planning algorithm using direct collocation with nonlinear programming is demonstrated in both

simulation and flight tests. Direct collocation, which approximates the states and controls with piecewise

polynomials, has been widely applied in space vehicles and manned aircraft, but has only seen limited use in

unmanned aerial vehicle applications. The algorithm is successfully used to generate a path that produces maximal

surveillance time of a moving or stationary ground target by a sensor mounted on an unmanned aerial vehicle while

compensating for aircraft performance ormission constraints. Flight tests of the path-planning algorithm operating

in real time onboard an unmanned aerial vehicle are also presented. These tests include surveilling a stationary and

moving target with a video camerawhile compensating for anywind effects. Additionally, the effect of the use of road

data in planning the path is simulated by tracking a second unmanned aerial vehicle flying a predefined pattern.

Nomenclature

Cm = camera axes to unmanned aerial vehicle axes
transformation matrix

Ix;y = image dimensions in pixels
K = camera intrinsic-properties matrix
n = number of unmanned aerial vehicles
P = position of unmanned aerial vehicles relative to the

target
Pl = pixel coordinates
Pm = overall parameter vector
Ps = state vector for n unmanned aerial vehicles
pc = control vector for n unmanned aerial vehicles
q = number of targets
R = unmanned aerial vehicle direction cosine matrix
r = number of nodes
s = position of a target on a road, m
Th = horizon time, s
u = unmanned aerial vehicle control vector
ua = approximated control vector
ul = longitudinal acceleration command, m=s2

u� = bank-angle command, rad
Vt = true airspeed, m=s
x, xt = north position of unmanned aerial vehicle and target, m
xa = approximated state vector
xc = state vector at a collocation point
xt = target state vector
xu = unmanned aerial vehicle state vector
y, yt = east position of unmanned aerial vehicle and target, m
� = defect vector

� = segment length, s
 = heading, rad

I. Introduction

A S THE roles of unmanned aerial vehicles (UAVs) in military
and civilian use are expanded, the need arises for increased

autonomy. An integral step in increasing UAV autonomy is the
ability for automatic path planning considering external events or
situations. The ability to simply command a UAV to observe a target
and have the UAV plan the best flight path given sensor
characteristics, obstructions, target motion, multiple targets, or
multiple UAVs would be useful. We propose an implementation for
a path planner using direct collocation with nonlinear programming
and present flight-test results. The direct collocation method
provides an easyway to account for both the performance limits of an
unmanned aircraft and the characteristics of an onboard sensor.

Focusing on the observation task at hand, Rysdyk [1] examines the
effect of wind on a UAV observing a ground target using a gimbaled
camera. He shows that it is possible for the aircraft to maintain a
constant line of sight to the target in the aircraft body frame, such as
aiming a wingtip at a target. The implementation we preset uses a
downward-facing camera, however, themethod could accommodate
changes in camera orientation. Frew et al. [2] use a group of fixed-
wing aircraft to follow a road using visual information or to track
ground targets by uploading Global Positioning System (GPS) data.
Circular and sinusoidal paths are used to maintain a set distance if
targets move too slowly for the UAVs. The algorithm was
successfully flight-tested. Dobrokhodov et al. [3] also present
research with similar goals. They use a small gimbaled camera to
track and estimate position coordinates of a moving target. The
target-tracking algorithm was designed to be robust in the presence
of target-tracking loss.

Direct collocationwith nonlinear programming (DCNLP) is based
on research by Hargraves and Paris [4] on a low-Earth-orbit booster
problem and a supersonic aircraft time-to-climb algorithm. The
DCNLPmethodwas first introduced byDickmanns andWell [5] as a
general method for solving nonlinear optimal control problems. The
method has seen wide use in spacecraft and satellite research. The
problem of low-thrust spacecraft trajectories is investigated in [6–9].
In particular, Herman and Conway [6] use higher-order Gauss–
Lobatto quadrature rules instead of the original trapezoidal and
Simpson rules. This change allows for increased accuracy with a
reduced number of subintervals. The number of nonlinear
programming parameters is smaller as a result. Rendezvouses
between two power-limited spacecraft of different efficiencies are
studied by Coverstone-Carroll and Prussing [7], showing that
DCNLP can be applied to more than one vehicle. Several authors
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[8,10] note that no a priori assumptions about the optimal control
solution are required for DCNLP to converge to a solution. In [9],
DCNLP is identified to be in a general class of direct transcription
methods. The relationship between the original optimal control
problem and the approximation afforded by DCNLP is examined.
Horie and Conway [11] study optimal aeroassisted orbital intercept
using DCNLP. They note that the direct method allowed for easy
inclusion of the complicated heating limit constraints required for
this problem, compared with the two-point boundary-value-problem
formulation, which is an indirect method.Additionally, theyfind that
DCNLP has an advantage over the two-point boundary-value-
problem formulation in terms of problem size and robustness. Direct
collocation has also seen use in atmospheric applications. Notably,
aircraft conflict resolution in three dimensions for multiple aircraft is
investigated in [12]. Betts and Cramer [13] use direct collocation for
a commercial aircraft trajectory optimization subject to path
constraints imposed by the Federal Aviation Administration. The
authors note that the method allows for a natural implementation of
these constraints and is robust while rapidly producing a solution.

Although direct collocation has been widely used in space
applications and more moderately for full-sized aircraft, it has seen
limited use in UAV applications. It has been applied to unmanned
glider [14,15] dynamic soaring and powered-UAV [16] dynamic
soaring, wherein the aircraft recovers energy from the atmosphere
by crossing wind velocity gradients. The authors noted that
DCNLP was well suited to solving this problem. Borrelli et al. [17]
investigate the method to provide centralized path-planning along
with collision avoidance for UAVs. The collision avoidance applies
to both other aircraft and ground-based obstacles. Misovec et al. [18]
use a collocation method to generate flight paths while con-
sidering the radar signature of the UAV. The method is not DCNLP:
rather, it uses the NTG [19] package developed at the California
Institute of Technology (collocation, but not solved with nonlinear
programming).

The main contribution of this research is to apply DCNLP to the
problem of tracking moving or stationary targets with one or more
UAVs. The objective is to generate, in real time onboard the UAV, a
path that provides maximum viewing time for a sensor mounted in
the UAV. The target position is assumed to be known at all times.
This assumption is made because target recognition and localization
is not a trivial problem. In addition, the effect of using known road
data in the DCNLP algorithm is examined. Based on the preceding
reviewed literature, DCNLP is a good candidate for the work (no
specific initial guesses, use of complicated objective and constraints,
ability to trade accuracy for computation speed, and general
robustness). The research is intended to be flight-tested on the
Pennsylvania State University Applied Research Lab/Aerospace
Engineering (ARL/PSU) testbed UAV. This UAV is described in the
following section.

For use in future work, a computer vision algorithm was
developed to locate 75-cm red balls on the ground using the
Webcam. The algorithm runs a color filter on the image and then
finds the red blobs with the appropriate size and shape. With terrain
data obtained from the USGS, a virtual worldmodel of the flight area
was used to calculate the position of the red balls on the ground.
Because the orientation of the aircraft and Webcam is known, the
computer finds the GPS coordinates of the red balls by projecting the
line-of-sight vector onto the terrain surface and calculating the point
of intersection. This localization algorithm has not yet been used in
conjunction with the path planner and is mentioned as a proposed
solution to the target localization problem.

II. UAV Testbed Description

The UAV used in this research is a modified Sig Kadet Senior.
This aircraft has a payload of about 5 lb, gross weight of 14 lb, and an
80-in. wingspan. The payload includes a CloudCap Piccolo
autopilot, a Ampro single-board computer equipped with a 1.4-GHz
processor, a universal serial bus (USB) Webcam or a digital camera,
and a 4000-mAh lithium polymer battery. The camera is hard-
mounted to the airframe and points downward. TheWebcamused for

the work described in this report is a Logitech Ultra Vision USB
Webcam with a 75-deg horizontal and 54-deg vertical field of view.
Video output has a resolution of 640 by 480 pixels and is captured
using OpenCV [20], an open-source computer vision library created
by Intel in C��. The UAV is also able to accept a 4-megapixel
Canon digital camera. A picture of the UAV is shown in Fig. 1. The
ARL/PSU UAV team has three Piccolo-equipped UAVs, two with
onboard single-board computers. More information on the aircraft
can be found in [21]. The Sig Kadet platform has proved itself to be a
reliable platform for research. Over the summer and fall of 2006 and
summer of 2007, the team has logged over 40 flights. Much of the
work in the fall of 2006 involved achieving flight with two UAVs
simultaneously to support future collaborative research efforts [22].

III. Overview of DCNLP

Direct collocation with nonlinear programming is a method for
solving optimal control problems with any type of nonlinear
constraints and objective functions. Consider a nonlinear dynamic
system with a set of nonlinear equality and/or inequality constraints:

_x� f�x; u� (1)

c �x; u� � 0 (2)

where x and u are the state and control input vectors. We seek the
control input u�t� that minimizes a scalar objective function of the
form

J�
Z
tf

t0

��x; u� dt (3)

In general, any number of the state variables can have their initial
values x0 or their final values xtf specified, and the final time tf can be

fixed or free to vary. In this paper, we consider a problem inwhich the

Fig. 1 ARL/PSU testbed UAV.
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initial conditions and final time are specified and the final state vector
is free to vary. The DCNLP method provides an approximate
numerical solution to this problem by discretizing the state and
controls into a set of equally spaced points in time called nodes. A
receding-horizon approach is used in conjunction with DCNLP to
make the optimization problem tractable for missions of any
significant length of time. The optimization is performed over a finite
length of time, denoted as the horizon time Th. The optimization is
then repeated after a set amount of time has passed, called the horizon
update interval. The update uses the latest data available from the
aircraft.

To apply DCNLP over a finite time interval, the horizon time is
divided into n equal segments of length � s. The endpoints of these
segments are the nodes. The states and controls from the equations of
motion are defined at these nodes, and the segments between the
nodes are approximated. In this case,we follow themethod presented
by Hargraves and Paris [4]. Hermite polynomials of order 3
approximate the state trajectories, and controls are represented
linearly. Hermite polynomial segments are used for the state
interpolation because a segment can be defined completely using the
endpoint values and first derivatives at the endpoints. This
corresponds to x and _x, which are given at each node. The poly-
nomial coefficients are given in Eq. (4), where t is nondimensional
segment time. Thus, for the ith segment, the approximated states and
controls are

xai�t� � �2�xi � xi�1� � _xi � _xi�1�t3

� �3�xi�1 � xi� � 2 _xi � _xi�1�t2 � _xit� x
uai�t� � ui � �ui�1 � ui�t

(4)

To ensure that the approximating polynomials accurately
represent the equations of motion, the derivative of the midpoint of
each polynomial segment, _xai�12�, is compared with the equations of
motion evaluated at the midpoint, f�xai �12�; uai�12��. This collocation
of the approximated and actual derivatives gives the method its
name. Carrying out the expansion for the interpolated states at the
collocation points (accounting for the nondimensionalized segment
time) results in

x ci � �xi � xi�1�=2� �� _xi � _xi�1�=8 (5)

Additionally, the slope of the interpolated states at the collocation
points are

_x ci ��3�xi � xi�1�=�2�� � � _xi � _xi�i�=4 (6)

The defect is defined as

� � f�xci ; uci� � _xci (7)

When� is driven toward zero by choosing appropriate values of xi
and xi�1, the approximating polynomials will accurately represent
the equations of motion if a cubic polynomial is capable of doing so.
Thus, the constraints on the problem are�� 0 (additional limits on
the states and controls at each node to account for aircraft
performance and mission limits), and the states and controls at the
first node are held constant.

A. Specific Parameterization

To use a nonlinear solver, the states and controls at each node are
collected into a single-column parameter vector. The following
paragraph details the layout of this vector. Letxu be the state vector of
an aircraft, let xt be the state vector of a target, and let u be the aircraft
control vector. For the simplified dynamic model, the states are the
north and east positions of the UAV and target, �x; y; xt; yt�, airspeed
of the UAV, �Vt�, and heading of the UAV, � �. The controls are
longitudinal acceleration command �ul� and bank-angle command
�u��.

x u �

x
y
Vt
 

2
664

3
775 u� ul

u�

� �
xt �

xt
yt

� �
(8)

The complete dynamic model is given next for one aircraft and one
target. The aircraft equations account for a constant wind speed:

_x� _xu1 � Vt cos� � � VwindN

_y� _xu2 � Vt sin� � � VwindE

_Vt � _xu3 � ul
_ � _xu4 � g tan�u��=Vt

_xt � _xt1 � VtgtN

_yt � _xt2 � VtgtE

(9)

Now letps be the vector of all the states of allnUAVs andq targets
at a single node, and let pc be the vector of all n control vectors (for
each UAV) at a single node (targets do not have control inputs):

p s �

xu0
xu1
..
.

xun�2
xun�1
xt0
xt1
..
.

xtq�2
xtq�1

2
66666666666666664

3
77777777777777775

pc �

u0
u1
..
.

un�2
un�1

2
666664

3
777775

(10)

Now the problem matrix Pm is assembled for r node points:

P m �
ps0 ps1 . . . psr�2 psr�1
pc0 pc1 . . . pcr�2 pcr�2

� �
(11)

The states are organized in thematrix such that each row contains the
values of a single (particular) state at each node point. However, the
nonlinear solver requires a vector of all the problem variables.
Therefore, the problem matrix is reshaped by transposing it and
inserting each column sequentially into the parameter (problem)
vector. The final parameter vector is not shown, to conserve space.

The complete list of problem constraints specific to the preceding
formulation is given in Eq. (12). Note that the initial state and
controls x0 and u0 are the state and controls of the UAV and target at
the time the optimization is started and remain constant for the
optimization. Through the use of constraints on the bank-angle
command u�, the turn rate can be limited. Similarly, longitudinal
acceleration is limited by the constraint on ul:

�� 0

x0 � x0
u0 � u0

Vmin � Vti � Vmax

ulmin
� uli � ulmax

u�min
� u�i � u�max

(12)

When the path planner is started, an initial guess for the path over the
horizon is required. BecauseDCNLP itself requires no specific initial
guess to converge, the current heading and speed of the UAV is used
to extrapolate a straight path out to the end of the horizon time.

B. Objective Function

The desired behavior for the UAV is to maximize sensor coverage
of the target. The objective function chosen to achieve this behavior
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is defined next:

J �
Z
tf

to

�w1u
2
l � w2u

2
� � w3��x � xt�2 � �y � yt�2� � w4Jtiv�

(13)

The first two terms penalize control effort (longitudinal
acceleration and bank angle), and the third term weights the square
of the distance to the target. The fourth term, Jtiv, is a target-in-view
cost function that has its minimum value when the target is at the
center of the image plane of the onboard camera and reaches its
maximum value when the target is out of the camera frame. This
function is described in more detail next. Note that the third term
(distance to target) is required so that in the case that the target is too
far away to be viewed by the aircraft, it will attempt to get closer to the
target. In the DCLNP solution, the cost function is calculated by
performing a numerical integration of Eq. (13) along the state and
control trajectory defined by the nodes. The objective function is
readily expanded to include cost associated with multiple aircraft by
including additional control-effort and distance-to-target terms. The
target-in-view cost can be also expanded to include multiple aircraft,
as discussed next.

The target-in-view cost is calculated by transforming the target’s
world coordinates into image plane coordinates (pixel location,
Pl � �Plx Ply �T) using a homography [23] (see Fig. 2). This
transformation takes into account the attitude of the UAV, its
position relative to the target, the focal length of the camera, the
sensor size of the camera, and the orientation of the camera as it is
mounted in the airframe. The homography matrix calculation is
given in Eq. (14):

H � KCmT � KCm
R �RP
0 1

� �
(14)

where K is the camera intrinsic-properties matrix, Cm is the rotation
matrix between camera axes and aircraft axes, R is the direction
cosine matrix of the UAV’s Euler angles, and P is the position of the
UAV relative to the target in world coordinates. The pixel
coordinates are then calculated from the world coordinates in
Eq. (15):

�P l �HP Pl � �1= �Plz�� �Plx �Ply �T (15)

This calculation can be simplified by removing the appropriate Z-
coordinate rows because the model uses 2-dimensional motion at a
fixed altitude. In this formulation, we account only for the roll
attitude and heading of the aircraft, further simplifying the preceding
calculation. Pitch attitude is assumed to be zero, but the effect of pitch
could readily be added if more detailed equations of motion are used.
We also assume a fixed camera looking out from the bottom of the
fuselage of the aircraft. However, different camera installation
orientations and a gimbaled camera are accounted for by the Cm
matrix. The target-in-view cost is zero if the target is in the center of
the images and varies parabolically to the edge of the image,where its
reaches its maximum value of 1. Outside of the image bounds, the
cost function is held constant at one. The target-in-view cost for a

single aircraft and a single target is given by Eq. (16):

Jtiv �min

�
max

�
4P2

lx

I2xmax

;
4P2

ly

I2ymax

�
; 1:0

�
(16)

where Ixmax
and Iymax

are the size in pixels of the image plane. For
multiple aircraft performing surveillance on a single target, the
minimum Jtiv of all aircraft is used. Thus, the cost is based on the
aircraft that has the best view of the target, and it is assumed that there
is no particular benefit gained from multiple aircraft simultaneously
observing the target. Figure 3 shows a visualization of the target-in-
view cost.

As a final overview of the entire process, the problem is
parameterized by the method in Sec. III.A. The problem is then
solved by searching for the parameter vector [transformed form of
Eq. (11)] that minimizes objective function (16) subject to
constraints (7) and (12).

IV. Implementation Issues and Initial Flight Tests

Initially, we chose to write a separate path-navigator program. It
would read the path output from the optimization and send turn rate
commands to the autopilot. The reason for this was to have greater
control over how the path is followed. Only limited control is
available through the gains on the autopilot. However, the onboard
computer must run the path planner, the path navigator, and any
image-capture software. In light of the requirement to run the path
planner in real time, it would be best to offload asmany tasks from the
onboard computer as possible. Additionally, there would be
increased programming complexity because communications
between the path navigator and planner would be required. The
autopilot is provided with a software development kit that makes
communications with it trivial. Therefore, we chose to convert the
path-planner output to a set of waypoints to be sent to the autopilot
instead of continuing to work separately on the path-navigator
algorithm.

The connection between the path-planning algorithm and the
Piccolo autopilot is then fairly simple. Once a path is computed, the x
and y coordinates of each node are converted to latitude and
longitude. The string of points is converted to the proper format and
sent to the Piccolo (using the CloudCap Software Development Kit).
Because there is a processing lag, after sending the waypoint list, the
path planner chooses the correct waypoint on the list to which to
command the autopilot to fly. The autopilot will then follow this path
until the next update. Speed commands are sent directly by
periodically checking where the UAV is on the computed path and
sending the appropriate speed command.

A. Integrating External World Data

The initial work for the path-planner algorithm resulted from fairly
simple requirements: create a path such that the time spent with the
sensor on the target is maximized. However, by expanding the
requirements, the planner becomes more useful. One such way to
increase capability of the planner is to include external information of
the surrounding area (e.g., roads). With the use of known roads, the
planner becomes less reliant on observations of target motion to be
able to predict future positions. For example, if the path planner has
road data for the area it is observing, it may be reasonable to assume

Fig. 2 Axes used in the homography. Fig. 3 Plot of the target-in-view objective function.
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that a vehicle will follow the road it is on, and therefore, the path
planner already knows the path the vehicle will most likely take.
With this information, the path planner has access to amore complete
model of where a vehicle might go. As shown in Fig. 4, estimates of
target speed V and position s along the road are used to make a
prediction. Because the vehicle’s motion is 1-dimensional along a
road, the equation of motion is simply

_s� V (17)

The vehicle’s location is given by

�xt; yt� � f�s� (18)

Two simulation results using this feature are given in Sec. V.A.

B. Real-Time Implementation

A C�� version of the path-planning algorithm capable of
running in real time was developed and is planned to be integrated
with the ARL/PSU intelligent controller software [21]. The path
planner is being tested as a standalone version before integration. The
SNOPT [24] package was selected for use as the nonlinear solver
based on recommendations of others who have used it. Because
SNOPT has a C�� and MATLAB interface, it can be integrated
with both the intelligent controller software and with the existing
MATLAB simulation. Verifying the correctness of the C��
implementation compared with the MATLAB implementation is
aided by the ability to use the same solver in both languages. The
C�� version of the path planner is used in flight test.

A second change was the use of the analytical derivatives of the
objective function. Initially, numerical derivatives were used.
However, numerical derivatives are slow compared with analytical
derivatives, and the path planner is intended to operate online. Of
course, analytical derivatives can be very complicated and tedious to
obtain. Computer algebra packages such asMathematica or Maxima
can be used to calculate the full derivative, but the resulting
expression is very long and most likely contains redundant
calculations. If the derivatives of smaller sections of the objective
function are taken, the final objective and constraint Jacobian can be
obtained using the chain and product rules of differentiation. This
results in a longer but more manageable analytical derivative.

Several compromises must bemade for the DCNLPmethod to run
in real time. Processing time is essentially driven by the complexity
of the objective function. The most complex part of the current
objective function is the target-in-view cost, which requires
calculation of the pixel coordinates given the real world coordinates
of the target and position and orientation of the UAV. Furthermore,
an analytical expression for the integral over the collocation points
cannot be written, unlike the distance-to-target and control-effort
costs. Numerical integration is used, which adds more computation
time. Several options present themselves for real-time operation. The
first is a reduction in the number of nodes. This would result in fewer
calculations at the expense of reduced accuracy in the interpolating
polynomials used to approximate the UAV and target equations of
motion. In turn, this means that the generated path would have a
greater probability to exceed the physical limitations of the UAV
(such as turn rate). However, by reducing the horizon time, this effect
can be mitigated. A second option is to increase the horizon update
interval. This means that the UAVwould follow a generated path for
a longer amount of time, without the benefit of an update of the
world state.

C. Hardware-in-the-Loop Simulation

Before flight tests were performed with the path planner operating
in real time onboard the UAV, hardware-in-the-loop (HIL)
simulation was performed with the same computer that is flown on
the UAV. Several combinations of horizon time, number of nodes,
and horizon update interval were tested to find settings that would be
best to flight test. A stationary target was used in the simulation.
These HIL simulations test the ability of the path planner to generate
a viable path and to do so within the horizon update interval. The
standard setup used in simulation was 11 nodes, a 30-s horizon time,
and a horizon update every 1.5 s. Using 11 nodes, the algorithm takes
around 3 s on average and up to 6 s to generate a new path. This
produced a very smooth cloverleaf pattern around a stationary target,
however, it was too slow to use in real-time operation because of the
very short path update interval. Increasing the update interval to 6 s
allowed the path planner to generate a new path before another
update was required. Although this was satisfactory, the path
generation was still fairly slow at 3 s per path. To obtain a shorter
path-generation time, the path planner was tested using 7 nodes and a
20-s horizon time. On average, the path planner requires around 1 s to
generate a new path in this configuration. Using an update interval of
4 s with these settings generates a viable path while maintaining a
buffer between the time required to generate a path and the path
update interval. The two configurations tested in flight tests are given
in Table 1. The Results section discusses the advantages and
disadvantages of these configurations.

V. Results

The limits shown in Table 2 were used in the following simulation
and flight-test results. They are based on the estimated performance
limitations of the Sig Kadet Senior. As a safety margin, the bank-
angle limit is lower than that of which the UAV is capable.

A. Simulation Results

The path-planning algorithm was implemented initially in
MATLAB. The optimal paths were solved in MATLAB using the
fmincon() function. The MATLAB implementation served as a
model for the C�� implementation to be run onboard the UAV.
The following are selected results from the simulation.

The first case, shown in Fig. 5, is a single UAV with a stationary
target. The resulting trajectory is a cloverleaf pattern. Initially, the
UAVaccelerates tomaximumspeed to close the distance to the target
and then drops tominimum speed to surveil the target. The cloverleaf
pattern develops because of the bottom-pointing camera. The UAV
must fly directly over the target to allow the camera to capture a view
and then double back to capture another view. The second selected
case is a single UAV and stationary target in the presence of a 15-kt
steady wind. Figure 6 shows the ground track of the UAV for this
case. The generated optimal path is a figure-8 pattern that makes only
upwind turns. The UAV flies across the target while drifting
downwind before making an upwind turnaround. When the UAV
arrives near the target, there is an initial excursion away from the

Table 1 Path-planner configurations used in flight testing

Configuration Nodes Horizon length Update interval

1. 11 30.0 s 6.0 s
2. 7 20.0 s 4.0 s

Table 2 UAV performance constraints

Constraint Value

Stall speed Vmin � 22 kt
Maximum speed Vmax � 50 kt
Maximum longitudinal ulmax

� 10 ft=s2

Acceleration ulmin
��10 ft=s2

Maximum bank angle ��	30 degE

N
s

V

Fig. 4 Path-data illustration.
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target, however, the UAV settles to the relatively repeating figure-8
pattern. The third selected case is the case of two UAVs and a
stationary target. Two identical UAVs are equipped with identical
cameras. To avoid collisions (in practice), oneUAVwas simulated at
300-ft altitude and the other was simulated at 400 ft (anticollision
methods could be included in the problem formulation). Because the
target is stationary, the cloverleaf pattern of the previous calm-wind
case develops for both UAVs. However, because the optimization
considers both aircraft together, the resulting trajectory staggers the
passes over the target so that for amajority of the time, only oneUAV
has the target in view. This behavior is a result of the way the target-
in-view objective function is set up for multiple aircraft. No specific
priority is given to one UAV over another, and there is no benefit
assumed to having both aircraft view the target simultaneously.
Figure 7 shows the paths of the two UAVs, and Fig. 8 shows the
distance of each UAV to the target. The bold sections of the lines in
Fig. 8 indicate when the target was in view of that particular UAV.
Note that the target is alternately covered between aircraft as they
pass over. With two UAVs, the target receives sensor coverage
almost 100% of the time that the UAVs are on location.

The final selected case is a moving target along a road. The initial
MATLAB simulation test of the path plannerwith road data included
simply used a road that makes a 90-deg turn with a 50-ft radius every
300 ft, simulated for 120 s. The path generated is shown in Fig. 9. The
solid gray line represents the target’s path along the road, and the
black dash-dot line is theUAV’s path. Thefield of view of the camera
at a selected point is shown by the dashed box. In this case, the speed

of the target was within the speed range of the UAV. The target is in
view of the UAV’s camera at all times. An interesting situation
occurs when the vehicle is capable of traveling faster than the UAV,
but the vehicle must use a curvy road. The path planner accounts for
this by following the target in a “looser” fashion, making up for the
speed difference by taking advantage of the curves in the road.
Figure 10 illustrates this behavior. For this run, the target speed is set
to 100 ft=s and the maximum UAV speed is 87 ft=s. The path
planner creates a path that cuts across the curves in the road to make
up for the speed difference. Even though the target is moving faster
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than the UAV, the camera is always viewing the target because the
UAV banks to keep it in view. With a gimbaled camera, the banking
would not be necessary.

Two simulation cases not shown here bear mentioning. The first
(trivial) case is when the target is moving in a straight line at a speed
that the UAV is able to match. In this case, the UAV simply flies
directly over the target. However, this simple case makes it clear that
from a coordinate system attached to the target, there is no difference
between amoving target and a steady wind for the UAV. The second
case considers a target moving slower than the stall speed of the
UAV. In this case, the UAV observes the target while it can, breaks
off to allow the target to pass it, and then turns back over the target
and restarts surveillance.

B. Flight Testing

The path planner was flight-tested while operating in real time
onboard the UAV. The test scenarios performed include a stationary
target in calm- and steady-wind conditions, a walking person, a
moving vehicle, and a second UAV flying at a lower altitude. The
results of these tests are discussed subsequently. Figures that show
the ground track of the UAVuse a grayscale aerial photo of the flying
field as the background. The outlined runway is 3100 ft long and
210 ft wide. The end of the ground track is indicated by a triangle.
Also visible are 5 dots that mark the locations of barrels used for
targets. If they are relevant to the results, they are circled and labeled.
For cases with two UAVs, the tracker UAV is shown as a solid line
and the target UAV is shown as a dashed line.

1. Stationary Target

The airfield at which we fly has barrels lining the runway. These
barrels provide convenient targets because they are painted red and
can easily been seen by the camera onboard the UAV. One of these
barrels was chosen as a stationary target to observe. Its latitude and
longitude was input to the path planner before starting the test.
Figure 11a shows the ground track of the UAV while under the
direction of the path planner. The familiar cloverleaf pattern seen in
simulation is readily apparent. Figure 11b is a histogram showing the
time required to calculate each new path update. A majority of the

path updates require under 1 s, and no path update took longer than
the update interval (4 s for this flight), showing that the planner is
operating in real time. For both configurations, the camera has a view
of the target 41% of the time. This percentage is measured by
watching the recorded onboard video after the flight and measuring
the length of each time the target is in view and dividing by the length
of time from the first view of the target to the end of the test.

2. Stationary Target in Steady Winds

Figure 12a shows the results of observing a stationary target in a 5-
ktwind coming from thewest (the left side of thefigure). Thefigure-8
pattern seen in simulation emerges in the flight test. Also note that all
of the turns are made into the wind: this minimizes the ground-track
turn radius. Comparing the path update time histogram (Fig. 12b)
with the calm-wind case shows that compensating for wind requires
slightly more processing time, which is to be expected.
Configuration 2 was used in both of the results shown for the
stationary-target tests (7 nodes, 20-s horizon time, and 4-s update
interval). Configuration 1 produced similar results and was able to
operate in real time. The only significant difference was the amount
of processing time required. For configuration 1, the onboard camera
has a view of the target 41% of the time, and for configuration 2, it
achieves 40% time coverage.

3. Tracking a Moving Ground Target

For the second set of flight tests, a spare Piccolo autopilot was used
as a mobile target. The laptop connected to the ground station runs a
server on the 802.11 wireless network that mirrors the data received
from the autopilots. The computer onboard the tracker UAV
connects to this server over the 802.11 network and is able to receive
all data from the target autopilot.

Both a person walking with the target Piccolo and a truck driving
down the adjacent road were used to test the mobile target-tracking
ability of the path planner. We found that a person walking was not
fast enough to produce much variation in the path (other than the
motion of the path center) of the UAV compared with a stationary
target. Figure 13a shows a typical result. The person, represented by a
dashed line, is walking along the edge of the field heading toward the
northeast. TheUAV, shown as a solid line, repeatedly circles over the
person as hemoves down the field. The settings used for this test are a
30-s horizon time, 10 segments, and 6-s update interval. For this case,
the real-time performance is bordering on exceeding the time
requested for the update interval. When this happens, the path
planner continues to operate, but the UAV traverses a longer portion
of the path before it is updated. In extreme cases, the UAVmay reach
the end of the path before a new update is available and may turn
around to the beginning. This would mean that real-time operation is
not possible. Figure 13b shows that the average time to generate a
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new path is approaching the update interval. This is likely due to the
inclusion of target motion: the optimization requires more time to
converge with more variables in play. The path planner achieved
38% time coverage for the walking person and 40% coverage with
the person running.

To test the performance of the path planner with a faster moving
ground target, a pickup truck driving down a road adjacent to the
airfield was tracked. The target Piccolo autopilot was placed in the
truck. Because of the hilly terrain, there was a limit on how far away

the truck could be before the signal to the target autopilot was lost.
Therefore, only a limited amount of road was available for the
tracking test. The truck drove at 20 mph. Figure 14a shows the
ground track of the truck as a dashed line and the UAV as a solid line.
This test mainly shows the behavior of the path planner when the
target is stopping and starting, because there was not enough space to
safely track the truck with the UAV. There are still some real-time
implementation problems, as shown by the timing plot in Fig. 14b.
The cause of the long processing times was the truck stopping
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completely to turn around. This means that the initial guess at the
correct path would be fairly bad and the optimization would take
longer to converge. A shorter update interval may be advantageous
when tracking amobile target because it would allow formore timely
updates when the target changes direction. As the path planner is
currently configured, it assumes the target will always continue
following its current heading. Using a predictive target model similar
to the road-data model discussed in Sec. IV.A would bring
improvement.

4. Tracking a Flying UAV from Above

Because ground spacewithwhich to test the tracking of a vehicle is
limited surrounding the airfield, a ground vehicle was simulated by
using a UAV flying at a lower altitude than the tracking UAV. Using
the same method discussed in Sec. V.B.3 to upload the target’s GPS
position to the tracker UAV, the target UAV was flown on various
flight plans 300 ft below the tracker UAV. This way, we had much
greater freedom to test the performance of the path planner when
tracking a moving target.

The results shown in this section required a change in the
implementation compared with the previous results. Speed
commands were not sent in the preceding stationary- and slow-
moving-target cases, because the optimal observation airspeed is the
minimum safe airspeed. For the following cases with a fast target,
speed commands in addition to the path waypoints were sent to the
autopilot. We found from an initial test that fixed speeds would not
work even when the observation and target UAVs’ speeds were the

same. Note that speed commands cannot be updated when the path is
being calculated. Because the target’s speed does not vary quickly,
this limitation did not cause a problem. The limitation could be
overcome by using an intermediary program to send commands to
the autopilot.

The initial test tracked aUAV around a simple rectangular pattern.
For this test, the tracker UAV was allowed to match the speed of the
target UAV. Figure 15 shows the start of the maneuver. The tracker
UAV is shown by the solid line and starts from its parking orbit. The
tracker smoothly intercepts the target UAV and assumes position
above it. The path planner generates a path that commands the UAV
to speed up to close the distance to the target. This can be seen at
1400 s in Fig. 15b. As the tracker UAV approaches the target, it is
commanded to slow down, as seen at 1420 s. When the target UAV
turns the corner of its flight plan, the path-planner commands the
UAV to speed up again. When the target UAV turns the corner of its
flight plan, the tracker UAV continues on for a short time until the
path planner updates the path with the new heading of the target.
Figure 16 shows the UAVs on their second time around the pattern.
The trackerUAVovershoots the targetwhen the target turns a corner,
but accelerates to make up ground and decelerates to reacquire the
target. This behavior can be clearly seen in Fig. 16b. Onboard video
was not available for this test because theUAV lost engine power and
crashed, which caused the video to be lost. However, based on the
ground track, the target is estimated to be covered 35 to 45% of the
time.

A following flight retested this scenario with a slightly different
rectangular pattern. When the UAV was allowed to match the
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target’s speed, the coverage time wasmeasured to be 33%.When the
UAV is limited to 10 kt faster than the target, the coverage time is
25%. However, it was clear from both videos that for a significant
amount of time, the target was just out of view of the bottom of the
frame. The optimization and equations of motion assume that the
UAV does not pitch. However, in flight, the UAV is pitched up some
actual amount, which would point the camera forward. We may see
better results by accounting for even a constant amount of pitch angle
based on the trim attitude of the UAV at some nominal airspeed.
However, new analytical derivatives would need to be calculated to
include pitch attitude.

The next results show flights test with the path planner using road
data. In this case, the road is simply the flight plan of the target UAV.
The current position along the flight plan and speed of the target
UAV is sent to the tracker UAV. The path planner then uses this
information in predicting the future path of the target when
generating a new trajectory. A figure-8 flight plan was used for the
target UAV. The first scenario has the tracker UAV limited to
15:4-m=s (30-kt) minimum airspeed, and the target can travel at
10:3 m=s (20 kt). Figure 17a shows the ground track, and Fig. 17b
shows that for the majority of the time, the tracker UAV is at its
minimum-allowed airspeed. For this scenario, the target coverage
time was 27% of the total time.

The second scenario tested with the figure-8 road was the case
when both target and tracker UAV can fly at the same speed. The
ground track of the UAVs is shown in Fig. 18a and is continued in
Fig. 18b. The speed of the target UAVwas set to 15:4 m=s (30 kt) to
match the minimum-allowed airspeed of the tracker from the
previous scenario. The average path-calculation time for this and the
previous scenario is 1.5 s. Although the target is tracked closely, the

tracker UAV is never able to maintain position directly over the
target UAV. It seems to consistently lag approximately 2–3 s behind
the target. Thismay be due to the latency involved in downlinking the
target’s position to the ground station and then resending it to the
tracker UAV. This apparent lag could be corrected by applying a
correction to the position of the target UAV on its path proportional
to its speed and the estimated latency. In this scenario, the target
coverage time was 69% of the total time.

The following figures show a frame capture from the onboard
video. Figure 19a shows a person walking while dragging two red
balls (for increased visibility in the video). Figure 19b shows a target
UAV flying 300 ft below. The person and UAV are circled in white.

VI. Discussion

Of the two configurations flight-tested (Table 1), configuration 2
performed adequately in all cases. This configuration maintained a
significant margin between path-calculation time and the update
interval. The average path-calculation time for configuration 2 was
around 1.5–2 s using an update interval of 4 s,whichmakes processor
resources available for other tasks such as image processing.
Configuration 1, which used more nodes and a longer horizon time,
worked in the simpler stationary-target scenarios, however, its
performance sufferedwhen amobile target was used due to its longer
update interval.

To achieve the computation speed necessary to use this method in
real time on this particular processor, analytical derivatives for the
objective and constraint gradients are required. This hampersmaking
even small changes to the objective or constraint functions (useful in
research), because the derivatives must be recalculated, which is
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tedious and can introduce errors. However, writing analytical
derivatives is not impossible, and they only need to be written once if
the general mission scope of the UAV does not change.

Although the method depends entirely on the convergence of the
nonlinear solver, the UAV is not physically at risk from invalid path
solutions. The system is set up to send only waypoint and speed
commands to the autopilot, and simple checks can be implemented to
ensure that invalid commands are not used. Therefore, the UAV can
be prevented from proceeding along a trajectory that would cause
harm or cross boundaries.

Neglecting pitch angle does reduce observation performance. This
could be corrected by including pitch in the actual observation, but a
more useful fix may be to simply add pitch to the camera-orientation
matrix instead of adding to the equations of motion. This would
avoid adding parameters to the optimization problem, while
accounting for aircraft pitch. The pitch angle could be scheduledwith
airspeed. If the target observation is assumed to take place at a
constant airspeed, the pitch angle could be held constant over the
horizon time.

Note that the algorithm is being run on a processor released in
2004. During flight tests, observed CPU usage averaged
approximately 50%. Thus, with proper setup, a simple image-
processing routine to track a specific target could be integrated. With
the release of more powerful processors since 2004, including low-
power multicore designs, it is reasonable to state that the method
presented would be useful in a more complete airborne package.

VII. Conclusions

The direct collocationmethod is shown to be able to capture views
of the targets in allflight-test scenarios and, inmost cases, tomaintain
a reasonable amount of sensor coverage, given the limitations of the
particular system tested (a single nongimbaled camera). In addition,
there was great similarity between the simulated and actual flight-test
results in these scenarios. This shows that despite the simplifying
assumptions made, the method performs well in actual flight.

We also found that a motion model that predicts future target
motion greatly enhances path-planning performance. However, the
simple straight-line target-motion assumption did perform well for
targets that are slow or not highly agile. Modelingwind effects is just
as important as modeling target motion in any path-planning
application. A moving target and a steady wind have the same effect
on theUAV’s pathwhen transformed into the target’s local reference
frame. In addition, a steady wind can even sometimes be
advantageous when observing a target, because it can be used to
lessen the speed difference between the UAV and target. This
advantage may only be useful for smaller low-flying UAVs such as
the one used in this work.

In practice, the nonlinear solver is generally robust in terms of
providing a valid solution. The number of nodes used in the
optimization is critical for ensuring real-time operation of a path

planner using direct transcription methods. Paths that use fewer
nodes may be less optimal, but they can be updated more frequently,
which is important for incorporating changing sensor data. However,
a reduction in the number of nodes must be accompanied by a
reduction in horizon-time length to maintain accurate dynamics
interpolation. This reduction, of course, reduces target-motion antici-
pation. Although the method can be computationally expensive,
especially for larger problem sets, we believe that we have shown a
viable and useful compromise between the number of optimization
parameters and the real-time observation results achieved.
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