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The design and implementation of a vision-based geolocation tracking system for uninhabited aerial vehicles is

described.The geolocation tracking system for the uninhabited aerial vehicles includes avionics, a gimballing camera

with feedback isolation and command loops, and a ground station. The point of interest is locked in the camera image

by maintaining the center of the image frame to frame. An architecture for a geolocation tracking estimator is

developed and demonstrated. The estimator has the unique characteristics of beingmodular so that it can work with

different camera systems and different avionics components, compensate for random and bias uncertainties, run in

real time, and deliver a consistent estimate of the location and uncertainty of the object being tracked. Flight results

using the SeaScan uninhabited aerial vehicles show consistent results for two- and three-dimensional tracking of

stationary and moving targets.

Nomenclature

B��� = uniform bias distribution for variable ���
of width B

F��� = field of view for the ��� axis
f��� = dynamics functions for the ��� states
g��� = measurement output functions for the ���

measurement
KPOI = Kalman gain in the geolocation square root

sigma point filter estimator
na = number of states in the augmented system

(prediction step of square root sigma point filter)
nC-POI = number of measurements of the C-POI
nPOI = number of states in the point of interest

state vector
nw = number of disturbances
n2a = number of states in the secondary augmented

system (update step of square root sigma point
filter)

�p; t; s� = pan, tilt, scan of gimbal; components of xGIM

pSCR
���-max = maximum number of pixels in the ��� axis of an

image
Q��� = process noise covariance, where ��� 2

�NAV;ATT;GIM; POI�
Ra, Rb = Earth equatorial, polar radii
Rav��� = vector length from center of Earth to the ��� states
RC2

C1
= rotation matrix from C1 to C2

R��� = sensor noise covariance, where ��� 2
�C-POI;GIM�

SPOI = Cholesky factor (square root) of the point of
interest error covariance matrix

u = path variable
v��� = sensor noise, where ��� 2 �C-POI;GIM�
Wm,Wc = weights for mean, covariance in the square root

sigma point filter estimator
w��� = process noise, where ��� 2

�NAV;ATT;GIM; POI�
X�, X , X c = predicted, updated, centralized state sigma points
xATT = three-dimensional attitude of the uninhabited

aerial vehicles
xGIM = three-dimensional pointing of the camera sensor

by the gimbal
xPOI = state vector of the point of interest
x̂POI = estimate of point of interest state
xNAV = three-dimensional position/navigation of the

uninhabited aerial vehicles
xx2 = secondary states,��xTNAV;xTATT;xTGIM�T
Y�, Y, Yc = predicted, updated, centralized measurement

sigma points
ySCRC-POI = center of the projected point of interest in the

camera image, in screen coordinates (pixels)
yGIM = measurement of the three-dimensional pointing

gimbal
���� = pixel length scale factor for the ��� axis
���� = characteristic function for Gaussian or uniform

distribution
��; �;  � = roll, pitch, yaw of uninhabited aerial vehicles,

components of xATT

���a = augmented state/covariance in square root sigma
point filter estimator

���POI-B = variable of point of interest state with added
shipset uncertainty bound

���coordtype = type 2 fNAV;ATT;GIM; POIg, coord 2
fLLA;ECEF;CAM;ENU; SCRg

Introduction

T HE implementation of uninhabited aerial vehicles (UAVs) is
envisioned for a wide variety of missions, such as defense,

search and rescue, special emergency services [1], and fire fighting
[2]. A recent application that nicely uses groups of UAVs is search
and rescue in hurricane season [3]. During hurricane Katrina in
September 2005, the Navy lent 10 Evolution-class UAVs with visual
cameras to the search process, whichwere used to relay pictures back

Presented as Paper 6246 at the AIAA Guidance, Navigation, and Control
Conference, Keystone, CO, 21–24 August 2006; received 24 February 2009;
revision received 23 November 2009; accepted for publication 23 November
2009. Copyright©2009 byMarkCampbell andMatthewWheeler. Published
by the American Institute of Aeronautics and Astronautics, Inc., with
permission. Copies of this paper may be made for personal or internal use, on
condition that the copier pay the $10.00 per-copy fee to the Copyright
Clearance Center, Inc., 222 Rosewood Drive, Danvers, MA 01923; include
the code 0731-5090/10 and $10.00 in correspondence with the CCC.

∗Associate Professor, Sibley School of Mechanical and Aerospace
Engineering; mc288@cornell.edu. Associate Fellow AIAA.

†Special Projects Lead, 118 East Columbia River Way; Matt.Wheeler@
insitu.com.

JOURNAL OF GUIDANCE, CONTROL, AND DYNAMICS

Vol. 33, No. 2, March–April 2010

521

http://dx.doi.org/10.2514/1.44013


to command. Also, five Fire-Fox-class UAVs with thermal sensors
were used to search for survivors [4].

Maturing algorithms and technologies, increased defense funding,
anddecreasedcomponentcostshaveallowedUAVstobebuilt atmany
different levels, from the university level [5,6] to the small industry
level [7–11] and, of course, to the sophisticated level of large industry,
typically for defense purposes [12,13] such as Predator and Global
Hawk. Universities use UAV testbeds to validate research algorithms
in a realistic setting.With a typical flight time of�30 min, however,
alongwith commoncomputational andpower constraints that require
algorithms to run off-board on the ground, universityUAVs can be far
from a final industry-built UAV validation.

A key technology in UAV systems currently being explored is the
tracking of stationary or moving ground targets using visual cameras
for payloads. The tracking system requires the complex integration
of several hardware components (camera, UAV, Global Positioning
Systems (GPSs), and attitude sensors) and software components
(camera image processing, inner loop and path planning control, and
estimation software) to develop realistically accurate estimates of the
object being tracked. Off-the-shelf digital cameras, which have been
developed inexpensively recently by the electronics industry for
consumer usage, have enabled both industry and academia to dras-
tically reduce the cost of the UAVand payload system.

The ultimate performance of the vision-based geolocation track-
ing system for production UAVs is also a challenge because of
several key characteristics. First, production UAVs typically use one
of several choices for hardware components, such as inertial
navigation and camera or gimbal systems. Thus, it is desirable to
have a modular geolocation estimator that uses only the output data
products of these components (and their uncertainty models), not
additionalmodels, such as of the aircraft. Thisminimizes the changes
to the geolocation estimator for eachUAV. Second, productionUAVs
will vary in their characteristics across a shipset (multiple UAVswith
the same components), particularly their output data products and
biases. Thus, it is desirable to have one estimator that can be used for
all UAVs in the same shipset, requiring the need to fuse information
about both sensors and bias uncertainties. Third, most small UAVs
have small processors because of their limited size and power
requirements. Thus, it is desirable to reduce computation in the esti-
mator asmuch as possible tomeet the given requirements. Fourth, the
output of the estimator must be statistically accurate in geolocating
the point of interest. Although these four characteristics have been
posed in general form, specific requirements placed on these char-
acteristics by the actual application will drive the final solution; this
paper presents a general form of an estimator that can be adapted to
these final requirements.

Several research groups are using UAVs with vision systems, with
applications such as road following [14], refueling, and obstacle
avoidance [15]. For the target tracking application, Ridley et al. [5]
and Grocholsky et al. [16] have implemented UAV systems with
cameras using decentralized fusion (information filtering) concepts;
the cameras were typically not gimbaled. Several groups have
implemented gimbaling camera systems on UAVs [17,18], a few
with initial target tracking results [6,19]. Ivey and Johnson have
compared different filtering techniques for UAV tracking showing
similar results [20]. Kaaniche et al. [21] presented a traffic surveil-
lance approach with UAVs using a graph cut formulation and a
verification step. Several groups have also developed tight, fast
trajectory planning loops that use vision feedback [22–24]. Most of
these works typically only address one or several, but not all, of the
aforementioned requirements for vision tracking systems for produc-
tion UAVs; none address variation of uncertainties across UAVs in
the same shipset.

This paper develops and empirically validates a vision-basedUAV
geolocation system for production UAVs, while addressing each of
the aforementioned requirements. The proposed geolocation archi-
tecture is decentralized in that it directly uses sensory (or estimation)
based data from the UAV, including the attitude and navigation
estimates. This decentralized architecture allows the estimator to be
easily used with different UAV components, including different
UAVs, using the a priori known estimation statistics from the

components. A modified version of the square root sigma point filter
(SR-SPF) is used [25], as it has been shown to be more accurate than
the extended Kalman filter [25], works nicely in real time, and easily
integrates additional object (target) models. Two key extensions of
the estimator are developed here. First, a modular architecture is
developed, including a modular update step that enables the use of
UAV data from other software modules and reduces computation.
Second, unobservable biases are modeled and integrated with the
estimator to produce consistent estimates. Empirical flight data and a
truth measure of the point of interest (which is not available during
typical flights) are used to model the biases, posed in the form of a
uniform (U) densitymodel. Using thismodel, an additional estimator
is added that fuses the estimated mean and covariance from the
geolocation estimator with the uniform bias density. The result is a
consistent estimate of the object location and uncertainty, even across
a range of production UAVs. Flight-test results are shown for
stationary and moving targets using the SeaScan UAV, demon-
strating consistent results. The SeaScan is a long-endurance (24	 h)
UAV developed by the Insitu Group.

The paper is laid out as follows. The next section gives an overview
of the decentralized estimation architecture, followed by detailed
descriptions of the geolocationmodels, the square root estimator, and
the confidence bound estimator in the presence of uniform bias
uncertainties. The subsequent section details the SeaScan UAVand
its components. The final section presents a summary of the SeaScan
UAVand the flight-test results for stationary and moving objects.

Geolocation Problem

Key elements of the geolocation problem are shown in Fig. 1. A
point of interest (POI: object, target, feature, etc.) on the ground is
stationary or potentially moving. The aircraft (Fig. 1a) points a
camera using a gimbaling payload mount inside the nose of the UAV
at the POI. An image of the POI is then projected into the screen
(SCR, where y is horizontal and z is vertical) frame, as denoted by
C-POI in Fig. 1b. Because the aircraft is moving, and the POI is
potentially moving, the camera gimbal must adjust its pointing
angles in real time to maintain the C-POI inside the image frame.

The sensor measurement C-POI in Fig. 1b is a single point (the
center of the object in this case) inside the SCR frame, in units of
pixels. The derivation of this measurement equation occurs later in
the paper; to summarize, however, this measurement equation ySCRC-POI
is a nonlinear function of the UAV position (NAV), UAV attitude
(ATT), POI position, turret gimbal pointing angles (GIM), and sensor
noise vSCRC-POI:

y SCR
C-POI � gC-POI�xNAV;xATT; xGIM; xPOI; v

SCR
C-POI� (1)

where x��� denotes a specific state vector. The objective of geoloca-
tion is then to estimate the position of the POI using this measure-
ment, or x̂POI. Complicating this problem are uncertainties in the
aircraft position and orientation, turret gimbal angles, camera
specifications and measurements, and disturbances such as turbul-
ence and engine vibrations.

Modular Geolocation Estimator

The most straightforward estimator that could be designed for the
geolocation problem uses models of the ATT and NAV, GIM, and
POI because the outputmeasurement [Eq. (1)] is a function of each of
these states. Specifically, a single model and measurement can be
written in block form as

_xNAV

_xATT

_xGIM

2
4

3
5

_xPOI

2
664

3
775�

fNAV�xNAV;xATT;wNAV�
fATT�xATT;wATT�
fGIM�xGIM;wGIM�

2
4

3
5

fPOI�xPOI;wPOI�

2
664

3
775 (2)
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yNAV
yATT
yGIM

2
4

3
5

ySCRC-POI

2
664

3
775�

gNAV�xNAV; vNAV�
gATT�xATT; vATT�
gGIM�xGIM; vGIM�

2
4

3
5

gC-POI�xNAV;xATT;xGIM;xPOI; v
SCR
C-POI�

2
664

3
775 (3)

where w���, v��� denote the process, sensor noises. The dynamics
models, f���, for the NAV, ATT, and GIM states are developed based
on known principles and vehicle specifics, and are typically
nonlinear; separate tracking models can defined for stationary or
moving POIs using fPOI. The measurement functions, g���, typically
measure the states, x���, and include the nonlinear screen geolocation
measurement defined in Eq. (1).

An estimator developed with Eqs. (2) and (3) is referred to here as
being “centralized” because it includes models of all components of
the system and generates estimates of all states including the aircraft
NAVand ATT states. The benefit of this estimator is that it will be the
most accurate, as geolocation is truly a function of all of these states.
The centralized estimator also develops estimates of the correlations
between the states. The drawback of this estimator is that most
production UAVs already have sensors and software onboard for
estimating aircraft NAVandATT states. Also, a larger estimator such
as thiswill bemore sensitive to tuning.Andfinally, the computational
burdenof such a large estimatorwill be relatively high. In the case of a
stationary POI, the estimator will require a model with 19 states.

Because NAVand ATTestimators typically already exist on many
production UAVs inside the avionics suite, a modular form of the
estimator is proposed here to simplify (and speed up) the estimation
process, yet achieve similar performance as compared to the
centralized version. The model, in this case, only includes the POI
states, whereas the measurement is simply the screen coordinates of
the C-POI:

_x POI � fPOI�xPOI;wPOI� (4)

y SCR
C-POI � gC-POI xPOI;

xNAV

xATT

xGIM

2
4

3
5; vSCRC-POI

0
@

1
A (5)

The measurement output is written in block form to denote the
“secondary” states explicitly (NAV, ATT, GIM). In the case of the
NAVandATT states, estimates are provided by the onboard avionics,
denoted as �x̂NAV; x̂ATT�, with square root covariances of �PNAV;
PATT�. In the case of the GIM states, direct sensor measurements
from gimbal encoders are available, with sensor noise modeled as
Gaussian (G) and white, or xGIM �N �yGIM; RGIM�. The least-
squares update step for this estimator is similar to that of a fully
centralized geolocation estimator taking into account all system
states, but producing only estimates of the POI states. Thus, it is less
complicated than, faster than, and less sensitive to tuning of the other
estimators.

Figure 2 shows the proposed modular architecture of the geoloca-
tion estimator in a block diagram. The model prediction step has
reduced to only propagating the POI states; thus, models for aircraft
NAV, ATT, and GIM are not required. The update step is more
complicated because of the stochastic dependency on the NAV, ATT,
and GIM states. In this case, the outputs (estimates, covariances) of
the onboard estimators for the NAVand ATT states and the measure-
ments of the GIM pointing are used directly. In the case of a
stationary POI, the proposed modular estimator requires only four
states (compared to 19 for a centralized solution).

Tracking Models

Bar-Shalom et al. [26] detailed a number of models for target
tracking that can be used in Eq. (4). One of themost general forms is a
randomwalk on each velocity state in three dimensions.With no loss
of generality, thiswork assumes that the POI is a stationary ormoving
vehicle to givemore accurate tracking results for these types of POIs.
The nonlinear model in this case is written as

_xLLAPOI

_yLLAPOI

_zLLAPOI
_V
_�
_!
_a

2
666666664

3
777777775
�

VS���=Re
VC���=�C�xENUPOI �Re�

0

a
!

�!=�!
�a=�a

2
666666664

3
777777775
	

0

0

0

0

0

w!
wa

2
666666664

3
777777775

(6)

wherexPOI � �xLLAPOI ; y
LLA
POI ; z

LLA
POI �T is the three-dimensional position in

latitude, longitude, and altitude (LLA, where x is the latitude, y is the
longitude, and z is the height) coordinates (typically in degor rad, deg
or rad, and m asl); V, �, !, and a are the velocity, heading, turn rate,
and acceleration, respectively; Re is the radius of the Earth; C��� and
S��� denote the cos��� and sin���, respectively; and ���� are model
tuning parameters based on probable motions of the target [26].

Fig. 1 Overview of the geolocation problem: a) POI on the ground, potentially moving, with a UAV in the air and a camera pointing at the POI; and

b) onboard camera view (CAM axis), with the camera projecting the image of the POI onto a screen (SCR), denoted as C-POI. The measurement

ySCR
C-POI � �y

SCR
C-POI; z

SCR
C-POI� is the center of the C-POI in units of pixels in the SCR coordinate system.

Fig. 2 Block diagram of the modular geolocation estimator. Solid lines

indicate real-time data; dashed lines indicate preprogrammed data.
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There is process noisewPOI � �w!;wa�T on the acceleration and turn
rate dynamic equations thatmodel typicalmotions of ground objects.
For the subsequent discrete implementation of the estimator, these
dynamics are discretized and combined with a discrete form of the
output equation:

xPOI;k	1 � xPOI;k 	�t�fPOI�xPOI;k� 	 wPOI;k�
� fDPOI�xPOI;k;wPOI;k� (7)

y SCR
C-POI;k	1 � gC-POI xPOI;k	1;

xNAV;k	1
xATT;k	1
xGIM;k	1

2
4

3
5; vSCRC-POI;k	1

0
@

1
A (8)

Note that more precise and typically complex integration routines
such as Runga–Kutta could also be used with no loss in generality.

Measurement

The measurement equation, Eqs. (1), (5), and (8), is a nonlinear
function of the UAVand POI states, and yields the C-POI location in
SCR coordinates, in units of pixels. Figure 1b shows the coordinate
systems and notation used to derive the measurement question. For
simplicity, it is assumed that the GPS antenna, center of the aircraft
axes (ABC, where x is aligned with the fuselage of the UAVand z is
vertically down), and camera axes (CAM, where x is the camera line
of site and z is vertically down) are all located at the same point (this

could be relaxed). It is noted that, in this derivation, k is dropped for
notational simplicity.

Assume that the three-dimensional UAV and POI position states
are in LLA coordinates, denoted as xLLA

NAV � �xLLANAV; y
LLA
NAV; z

LLA
NAV�T and

xLLA
POI � �xLLAPOI ; y

LLA
POI ; z

LLA
POI �T , respectively. These three-dimensional

position states are converted to Earth-center–Earth-fixed (ECEF)
coordinates using

xECEFNAV � C�yLLANAV�C�xLLANAV��zLLANAV 	 R2
a=Rav;NAV �

yECEFNAV � S�yLLANAV�C�xLLANAV��zLLANAV 	 R2
a=Rav;NAV�

zECEFNAV � C�xLLANAV��zLLANAV 	 R2
b=Rav;NAV� (9)

and

xECEFPOI � C�yLLAPOI �C�xLLAPOI ��zPOI 	 R2
a=Rav;POI �

yECEFPOI � S�yLLAPOI �C�xLLAPOI ��zPOI 	 R2
a=Rav;POI�

zECEFPOI � C�xLLAPOI ��zLLAPOI 	 R2
b=Rav;POI� (10)

where Ra and Rb are the equatorial and polar radii,

Rav;NAV�
������������������������������������������������������
R2
aC�xLLANAV�2	R2

bS�xLLANAV�2
p

, and Rav;POI������������������������������������������������������
R2
aC�xLLAPOI �2	R2

bS�xLLAPOI �2
p

.
The next step is to recognize that theUAV,C-POI, andPOImust all

lie in a straight line in any given coordinate system; this is shown in
Fig. 1b as the CAM–POI vector. In ECEF coordinates, the projected

C-POI in the camera image can bewritten as a function of a line in the
following manner:

xECEFC-POI
yECEFC-POI
zECEFC-POI

2
4

3
5� xECEFNAV

yECEFNAV

zECEFNAV

2
4

3
5	 u

0
@ xECEFPOI

yECEFPOI

zECEFPOI

2
4

3
5 � xECEFNAV

yECEFNAV

zECEFNAV

2
4

3
5
1
A (11)

where u is termed the path variable. The projected C-POI in ECEF
coordinates can also be written by rotating the C-POI from the CAM
axes to the ABC axes to the aircraft in local level East–North-up
(ENU) axes and finally to the ECEF coordinate system, or

xECEFC-POI

yECEFC-POI

zECEFC-POI

2
64

3
75� RECEF

ENU R
ENU
ABCR

ABC
CAM

xCAMC-POI

yCAMC-POI

zCAMC-POI

2
64

3
75	

xECEFNAV

yECEFNAV

zECEFNAV

2
64

3
75

� RECEF
CAM

xCAMC-POI

yCAMC-POI

zCAMC-POI

2
64

3
75	

xECEFNAV

yECEFNAV

zECEFNAV

2
64

3
75 (12)

where the following rotation matrices are defined:

RECEF
ENU �

�S�yLLANAV� �S�xLLANAV�C�yLLANAV� C�xLLANAV�C�yLLANAV�
C�yLLANAV� �S�xLLANAV�S�yLLANAV� C�xLLANAV�S�yLLANAV�

0 C�xLLANAV� S�xLLANAV�

2
4

3
5

RENU
ABC �

S� �C��� C���C� � 	 S���S� �S��� �S���C� � 	 C���S���S���
C� �C��� �C���S� � 	 S���C� �S��� S���S� � 	 C���C� �S���
S��� �S���C��� �C���C���

2
4

3
5

RABC
CAM �

C�p� �S�p� 0

S�p� C�p� 0

0 0 1

2
4

3
5 C�t� 0 �S�t�

0 1 0

S�t� 0 C�t�

2
4

3
5 C�s� �S�s� 0

S�s� C�s� 0

0 0 1

2
4

3
5

and xATT � ��; �;  �T denotes the roll, pitch, and yaw of the aircraft,
and xGIM � �p; t; s�T denotes the pan, tilt, and scan of the turret
gimbal.

Setting Eqs. (11) and (12) equal to each other andmultiplying each
side by �RECEF

CAM ��1 then yields

RCAM
ECEF

0
@ xECEFPOI

yECEFPOI

zECEFPOI

2
4

3
5 � xECEFNAV

yECEFNAV

zECEFNAV

2
4

3
5
1
Au� xCAMC-POI

yCAMC-POI
zCAMC-POI

2
4

3
5 (13)

In Fig. 1b, xCAMC-POI is the linear distance between the camera and image
plane, or screen. Because the undistorted full-scale image to the
operator is not a requirement, this distance can be set arbitrarily.
Defining xCAMC-POI � 1, the first row of Eq. (13) is used to find the path
variable u:

u�

2
4RCAM

ECEF�1�

0
@ xECEFPOI

yECEFPOI

zECEFPOI

2
4

3
5 � xECEFNAV

yECEFNAV

zECEFNAV

2
4

3
5
1
A
3
5�1 (14)

where R�i� indicates the ith row of R.
Finally, as shown in Fig. 1b, the C-POI in the SCR coordinate

system, or themeasurement, can bewritten as a function of theC-POI
in CAM coordinates as

y SCR
C-POI �

xSCRC-POI
ySCRC-POI

� �
� yCAMC-POI=�y

zCAMC-POI=�z

� �
(15)
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where � is the pixel length scale factor, which is written in terms of
the camerafield of view (F) andmaximumpixels of the camera (p) in
each axis:

�y �
tan�Fy=2�
pSCR
y-max

; �z �
tan�Fz=2�
pSCR
z-max

The measurement output equation is then written in its final form by
substituting yCAMC-POI and z

CAM
C-POI from the second and third rows of

Eq. (13) into Eq. (15):

y SCR
C-POI �

RCAM
ECEF�2�=�y
RCAM
ECEF�3�=�z

� �
u

0
@ xECEFPOI

yECEFPOI

zECEFPOI

2
4

3
5 � xECEFNAV

yECEFNAV

zECEFNAV

2
4

3
5
1
A (16)

with LLA to ECEF conversions in Eqs. (9) and (10) and the path
variable u from Eq. (14).

Square Root Sigma Point Filter with a Modular Update

Using the square root implementation of the sigma point filter
developed in [25] as a basis, the estimator is extended to have a
modular update step for reduced computation and complexity. The
key development is the reduction of the prediction step to only
include POI states and the use of statistics of the secondary state
variables (NAV, ATT, GIM), known in real time from estimators and
measurements onboard the aircraft in the update step.

The discrete dynamics and measurement output of the system are
defined inEqs. (7) and (8), withnPOI POI states,nC-POI measurements
and sensor noises, and nw disturbances. The disturbance and sensor
noises are assumed to be zero-mean Gaussian processes with
covariances ofQPOI andR

SCR
C-POI, respectively. An initial POI state and

lower left triangular, square root factors of the covariance, xPOI;0,
SPOI;0, are also assumed.

An augmented state vector is defined first as

x a;k �
xPOI;k

wPOI;k

� �
(17)

The dimension of the augmented state vector is xa;k 2 Rna , where
na � nPOI 	 nw. The initial augmented state estimate and square root
covariance are assumed to be

x̂a;0�E�xa;0��
xPOI;0

0

" #
; Sa;0��E��xa;0� x̂a;0��xa;0� x̂a;k�T ��1=2

�
SPOI;0 0

0
����������
QPOI

p

" #
(18)

Next, 2na 	 1 sigma points are defined:

Xa;0 � � x̂a;0 x̂a;0 � ena 	 �fSa;0 x̂a;0 � ena � �fSa;0 �

�
XPOI;0

Xw;0

" #
(19)

where �f is a scaling for the distance of the sigma points from the
mean, and ena is a na 
 1 vector of all ones. A set of associated
weights is then defined, which can be used to find the sample mean/
covariance:

W0
m �

�2f � na
�2f

; W0
c �

�2f � na
�2f

	 3 �
�2f
na

W �Wi
m �Wi

c �
1

2�2f
; i� 1; � � � ; 2na (20)

where m and c denote mean and covariance, respectively.
The modular, square root SPF algorithm is now given using three

steps: prediction, modular conversion, and update.

Modular Sigma Point Filter Prediction

The SPF prediction step propagates each of the 2na 	 1 sigma
points through the nonlinear dynamics [Eq. (21)] and evaluates the
sample mean [Eq. (22)] and predicted, centralized sigma points
[Eq. (23)]. In the case presented here, the prediction step is based on
the POI model given in Eq. (7), where nPOI � 7:

X i�
POI;k	1 � fDPOI�X i

POI;k;X
i
w;k�; i� 0; . . . ; 2na (21)

x̂ �POI;k	1 �
X2na
i�0

Wi
mX i�

POI;k	1 (22)

�X c0�
POI;k	1 X c�

POI;k	1 �

��X 0�
POI;k	1� x̂�POI;k	1 X 1�

POI;k	1� x̂�POI;k	1 � � � X
2na�
POI;k	1� x̂�POI;k	1 �

(23)

Compared to the centralized case, which performs prediction
calculations on na � 18 states (for nPOI � 7), this algorithm
performs prediction calculations on only nPOI � 7 states.

Modular Sigma Point Filter Conversion

The modular update step requires additional information, namely,
estimates and covariances for the NAV, ATT, and GIM states.
Therefore, the state vector in Eq. (17) is further augmented to include
these states, as

x 2a;k	1 �
xPOI;k	1
vSCRC-POI;k	1
xx2;k	1

2
4

3
5 (24)

where xx2;k	1 � �xTNAV;k	1;xTATT;k	1;xTGIM;k	1�T are secondary states
that were not a part of the prediction step. The dimension of the
secondary augmented vector is x2a;k	1 2 Rn2a
1, where n2a �
nPOI 	 nC-POI 	 nx2 states.

In this application, as shown in Fig. 2, it is assumed that aircraft
NAVand ATTestimators exist on the aircraft, yielding state estimate
and square root covariance pairs, denoted as �x̂NAV;k	1; SNAV;k	1�
and �x̂ATT;k	1; SATT;k	1�, respectively. The gimbal pointing angles
are measured directly, yielding a measurement and square root noise

covariance, denoted as �yGIM;k	1;
������������������
RGIM;k	1

p
�. Therefore, the pre-

dicted state of the new augmented state vector is

x̂ �2a;k	1 �
x̂�POI;k	1
v̂SCR;�C-POI;k	1
x̂�x2;k	1

2
4

3
5�

x̂�POI;k	1
0

x̂NAV;k	1
x̂ATT;k	1
yGIM;k	1

2
4

3
5

2
6664

3
7775 (25)

The square root covariance associated with the secondary states is
defined as

S�x2;k	1 �
SNAV;k	1 0 0

0 SATT;k	1 0

0 0
������������������
RGIM;k	1

p
2
4

3
5 (26)

The centralized, predicted sigma points are now redefined from the
first augmented state vector in Eq. (23) to a secondary augmented
state vector as

Fig. 3 Bias integration into the estimator to create accurate probability

bounds.
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Predicted sigma points for the secondary augmented state vector are
calculated by adding the mean, or

X�POI;k	1
XSCR;�

C-POI;k	1
X�x2;k	1

2
4

3
5

�
X c0�

POI;k	1 	 x̂�POI;k	1 X c�
POI;k	1 	 x̂�POI;k	1 � e2n2a

XSCR;c0�
C-POI;k	1 XSCR;c�

C-POI;k	1
X c0�
x2;k	1 	 x̂�x2;k	1 X c�

x2;k	1 	 x̂�x2;k	1 � e2n2a

2
4

3
5 (28)

Finally, the sigma point weights are updated to the augmented state
vector with a larger number of states in the system. As shown in
Eq. (20), only the central (0) sigma point weights must be updated:

W0
m �

�2f � n2a
�2f

; W0
c �

�2f � n2a
�2f

	 3 �
�2f
n2a

(29)

This step primarily repackages the estimator and data into an
appropriate form for the modular update.

Modular Sigma Point Filter Update

Themodular SPF update step computes the Kalman gain, updated
mean [Eq. (33)], and updated, square root covariance [Eq. (34)] for
the original nPOI states only [Eq. (32)]. First, the predicted output
sigma points are calculated, along with the mean predicted output:

Y SCR;i�
C-POI;k	1 � gC-POI�X i�

POI;k	1;X
i�
x2;k	1;X

SCR;i�
C-POI;k	1�

i� 0; � � � ; 2n2a ŷSCR;�C-POI;k	1 �
X2n2a
i�0

Wi
mY

SCR;i�
C-POI;k	1 (30)

The centralized output sigma points can then be defined as

h
YSCR;c0�

C-POI;k	1 YSCR;c�
C-POI;k	1

i
�
h
YSCR;0�

C-POI;k	1 �ŷSCR;�C-POI;k	1 YSCR;1�
C-POI;k	1 �ŷSCR;�C-POI;k	1 . . . YSCR;2n2a�

C-POI;k	1 �ŷSCR;�C-POI;k	1

i
(31)

The Kalman gain is calculated for the POI states only by using the
centralized, predicted state and output sigma points:

KPOI;k	1 �
�
�X c�

POI;k	1��YSCR;c�
C-POI;k	1�T

	W
0
c

W
�X c0�

POI;k	1��YSCR;c0�
C-POI;k	1�T

��
�YSCR;c�

C-POI;k	1��YSCR;c�
C-POI;k	1�T

	W
0
c

W
�YSCR;c0�

C-POI;k	1��YSCR;c0�
C-POI;k	1�T

��1
(32)

Note that the modular Kalman gain is nPOI 
 nC-POI rather than
na 
 nC-POI in the centralized case.

The updated state estimate and square root covariance are then
given as

x̂ POI;k	1 � x̂�POI;k	1 	 KPOI;k	1�ySCRC-POI;k	1 � ŷSCR;�C-POI;k	1� (33)

SPOI;k	1 � upf
�����
W
p
� orthf�X c�

POI;k	1

� KPOI;k	1Y
SCR;c�
C-POI;k	1�g; �X c0�

POI;k	1

� KPOI;k	1Y
SCR;c0�
C-POI;k	1�

����������
jW0

c j
p

; sgn�W0
c �g (34)

Note that the QR decomposition, which is the most costly
computation in the filter, is performed on a nPOI 
 �2n2a 	 1�matrix
rather than on a n2a 
 �2n2a 	 1� matrix in the centralized case.

Finally, the augmented state and square root covariance and the
augmented sigma points are recalculated:

x̂ a;k	1 �
x̂POI;k	1

0

� �
; Sa;k	1 �

SPOI;k	1 0

0
����������
QPOI

p
� �

(35)

Xa;k	1

� � x̂a;k	1 x̂a;k	1 � ena 	 �fSa;k	1 x̂a;k	1 � ena � �fSa;k	1 �

�
XPOI;k	1

Xw;k	1

" #
(36)

and the process repeats.

Shipset Estimates: Estimation with Bias Uncertainties

The bias errors typically cannot be estimated online without a
calibration maneuver at the start of each flight and a specialized truth
measure for the general moving POI case. The biases could be
estimated for the stationary POI case because their assumed
dynamics (typically constants) can be differentiated from that of the
POI states [27]. For themoving POI case, however, the bias states are
nearly unobservable; physically, the estimator cannot tell the
difference between a bias and a POI movement. Because the biases
are not observable in the data, they translate directly through the

estimator, adding a bias error in the tracking performance of the
estimator.

The bias errors are not known a priori, as they are typically caused
by mounting uncertainties or attitude estimation errors. Experience
in evaluating these uncertainties across a set of UAVs by the Insitu
Group has shown that these uncertainties are not well modeled as a
Gaussian distribution. For example, a 0 degmounting bias is nomore
likely than a 1 deg bias. For these reasons, the unobservable biases
are modeled here as uniform random variables.

With the definition of the bias errors as uniform random variables
that are unobservable to the sensor measurements, the approach here
is to statistically fuse the geolocation estimates with the uniform bias
densitymodel after each cycle of the estimator. The hypothesis is that
this fused density model, although not Gaussian, is a better
representation of the estimator’s accuracy across all UAVs in a single
shipset. A conceptual view of this is shown in Fig. 3.

More specifically, the a posteriori state estimate of the SR-SPF
geolocation estimator is normal and will be fused with uniform
density representations for all biases. It is known from the central
limit theorem that when many uniform bias errors exist, the
summation of these random variables approaches a Gaussian density
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[26]. However, in this application, the output density can be
dominated by one, or a few, of the biases, thus requiring a more
formal treatment of the fusion process.

To start, it is recognized that the set of measurement equations
[Eqs. (9–15)] can be rewritten in the form

x POI � gPOI ySCRC-POI;
xNAV

xATT

xGIM

2
4

3
5; vSCRC-POI

0
@

1
A (37)

This equation can be expanded about the current SR-SPF estimate of
the POI, along with the NAVand ATT estimates, and GIM measure-
ment, to yield

�xPOI�SHIP � �xPOI�SPF 	
@gPOI
@xNAV

����
xNAV�x̂NAV

��xNAV-B

	 @gPOI
@xATT

����
xATT�x̂ATT

��xATT-B 	
@gPOI
@xGIM

����
xGIM�yGIM

��xGIM-B (38)

where �xPOI�SPF �N �x̂POI; PPOI� is the output of the SR-SPF
geolocation estimator, PPOI � STPOISPOI is the POI covariance, and
�x���-B are unobservable bias uncertainties modeled as zero-mean,
uniform distributions, �x���-B � U�0; B����, where the variable ranges
from �B��� to	B��� with a probability of 1=�2B����.

Themultiplicative factors on the perturbation terms in Eq. (39) are
linearized matrices in an output equation, or

CPOI;��� �
@gPOI
@���

����
���2fx̂POI;x̂NAV ;x̂ATT;yGIMg

(39)

The linearized output matrix can be rewritten as a function of the
cross and full covariance matrices, which could then further be
defined in terms of the current, centralized sigma points from
Eq. (27). Dropping the time index k for clarity, this is written as

CPOI;��� � �P����;POI�TP�1���;��� �
�
X c

POI�X c
����T 	

Wc
0

W
X c0

POI�X c0
����T

�

�
�
X c
����X c

����T 	
Wc

0

W
X c0
����X c0

����T
��1

(40)

Equation (39) then simplifies to

�xPOI�SHIP � �xPOI�SPF 	 CPOI;NAV � �xNAV-B 	 CPOI;ATT � �xATT-B

	 CPOI;GIM � �xGIM-B (41)

Equation (41) presents the POI state as a vector of nPOI random
variables for each degree of freedom. Each variable is a single
Gaussian random variable, added to a summation of m uniform
random variables; m� 9 in this case. For the jth POI state, this is
written as

�xjPOI�SHIP � �x
j
POI�SPF 	

Xm
‘�1

Cj;‘POI�x
‘
B (42)

where Cj;‘POI and �x
‘
B are the appropriate entries of CPOI;��� and �x���-B.

The shipset density can be solved formally by using the charac-
teristic functions of each randomvariable. For a zero-mean,Gaussian
random variable with standard deviation �, the characteristic func-
tion is given as

�G��2; !� � e��
2!2=2 (43)

where, for the jth POI random variable, the standard deviation is
found from the jth diagonal element of the covariance matrix, or

� �
����������
Pj;jPOI

q
. Similarly, for a zero-mean, uniform random variable

with a width of�b, the characteristic function is

�U�b; !� �
1

b!
sin�b!� (44)

where, for the ‘th bias, the bound is given as b� B‘.
The characteristic equation of the total (tracking	 bias) density

from Eq. (42) is then simply a multiplication of all individual
characteristic equations, or

�
j
SHIP ��G�Pj;jPOI; !�

Ym
‘�1
Cj;‘POI�U�B‘; !� (45)

The shipset (tracking	 bias) density can then be recovered by taking
the inverse Fourier transform, or

�xjPOI�SHIP � F�1
�
�G�Pj;jPOI; !�

Ym
‘�1
Cj;‘POI�U�B‘; !�

�
(46)

Solving Eq. (46) for the distribution of �xjPOI�SHIP results in a
summation of weighted error functions (erf: twice the integral of the
Gaussian distribution). In the SeaScan application presented here,
the distribution is typically dominated by aGaussian distribution and
one uniformdistribution. In this case, given the jth POI statemodeled
as a Gaussian variable and m� 1 uniform bias variable, the total
density is given as

h��xjPOI�SHIP� �
�1
4B1

erf

�
�xjPOI�SHIP � B1���

2
p
Pj;jPOI

�

	 1

4B1

erf

��xj;POI�SHIP 	 B1���
2
p
Pj;jPOI

�
(47)

The shipset confidence bound is then found by calculating the state

�xjPOI�SHIP, where the probability is given by Pconf. This is written as

P conf �
Z 	�xj

POI
�SHIP

��xj
POI
�SHIP

h��xjPOI�SHIP� d�x
j
POI�SHIP (48)

Although there is no closed form for this integral, it can be calculated
very quickly numerically and, therefore, can be used for online
calculation of POI state estimate confidence bounds.

Seascan Uninhabited Aerial Vehicle

The SeaScan is a long-endurance (24	 h) UAV developed by the
Insitu Group. The UAV has an SE555 processor board to provide
inner-loop control and data management. Flight-path characteristics
can be determined from preprogrammed or in-flight commands, and
include constant radius/altitude orbits, bowtie patterns, and way
point following (from the ground, onboard memory, or a payload
processor). A common operational approach for geolocation is to
have the operator select an altitude and use a joystick to center an
orbit over the POI. If the POI is moving, the operator then continues
to update the UAVorbit center.

The air-to-ground communication is a data link used to com-
municate aircraft status, control, and mission data, as well as to relay
messages from payload modules. The avionics-to-payload commu-
nication is a data link used to send sensor reports to the payload and
receive commands from the payload. The onboard sensors include
roll, pitch, and yaw rate gyros; vertical, lateral, and longitudinal
accelerometers; external temperature sensors; relative pressures of
pitot, alpha, beta, and gamma for wind axes estimation; and absolute
pressures of barometric and manifold.

The SE555 board communicates serially with an onboard video
turret, issuing camera positioning commands as well as aircraft
attitude and stabilization data. The video signal bypasses the SE555
board and is sent directly to a ground receiver via an onboard radio
frequency link. The SE555 board also communicates serially with an
onboard GPS receiver, receiving differential GPS data from the
ground to improve position and velocity solutions.
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Camera and Image Software

The SeaScan contains a digital video camera integrated into an
inertially stabilized pan/tilt nose turret. The camera has an acuity
�50% better than that of the unaided eye at the telescopic end, and it
can resolve POIs such as small boats and logs from 5miles away. The
operator can command the camera to pan back and forth for wide-
area search or to remain locked onto a POI while the aircraft
maneuvers; the latter mode is used here.

Ground software processes the images from the camera.When the
user selects a POI for geolocation, the gimbaling turret and ground
software attempt to maintain the POI in the center of the frame, from
frame to frame. Therefore, the “measurement” of the POI is assumed
to be at the center of the image frame, as shown in Fig. 4.

Hierarchical Control Loops of the SeaScan

To maintain robustness in UAV/turret/tracking components for
geolocation, the measurement/estimation and control/planning soft-
ware for the SeaScan has been decomposed into three loops, as
shown in Fig. 4. The inner-loop control is typical of an aircraft: the
onboard sensors and avionics are used to calculate required control
surface deflections of the vehicle. A reference trajectory (way points
based onUAVorbits, other patterns) is used to guide this control loop.

The middle loop inertially stabilizes the turret/gimballing camera.
Because variations from image to image are very fast compared to the
geolocation (position) tracking, it is more robust to decouple these
loops. Insitu has several approaches for “sensing” from the image in
this loop, including pixel tracking [28], blob and particle filter
tracking [29], and opticalflow [30]. In this experiment, pixel tracking
was used, in which a subset of the pixels from one frame to the next
are matched to calculate the shift in the image. With this calculation,
along with an estimate of the time delay for this calculation, the axes
of the turret are then commanded to keep the C-POI within the image
center as well as reject disturbances (such as from engine vibration).

The outer loop is the planning loop, in which the SeaScan plans its
orbit (or way points) to improve geolocation performance. This is a
slower control loop than the inertially stabilized camera and can be
coupled to other vehicles or to operator commands. During the
experiments described here, only orbit commands were used and
operators continually adjusted the center of theUAVorbit tomaintain
its location over the target. There are a variety of factors in UAV
planning that could be used to improve geolocation performance; an
overview of some of these factors along with experimental results
with respect to the SeaScan is given in [31,32].

Geolocation Uncertainties

Uncertainties in geolocation can be attributed to many factors.
This is most easily seen by examining the sensor measurement,
Eq. (1), in which the measured screen coordinates of the POI are a
nonlinear function of the UAV position and attitude, turret attitude,
and image processing. Uncertainties in any/all of these can affect the
uncertainty in the tracking estimator. In addition, these uncertainties
can arise during the mission, from mission to mission, or from UAV
to UAV, especially in production UAVs.

Because the SeaScan and ScanEagle from the Insitu Group are
productionUAVs, numerous calibration andflight tests have led to an
understanding of the categories of uncertainties within this family of
UAVs. Table 1 shows a summary of the uncertainty sources, along
with the type of uncertainty (process noise, sensor noise, or bias). To
quantify these uncertainties, especially those with bias character-
istics, a series of tests were performed. Examples of tests include
ground calibration of many UAVs, flight testing using video and
known ground features (and accurate differential GPS), and wind-
tunnel tests.

Uncertainties with sensor noises are nicely approximated as zero
mean and Gaussian, and can typically be quantified/verified through
calibration and statistical analyses. Similarly, process noises such as
engine vibration and turbulence can be estimated through wind-
tunnel and flight tests. Sensor biases and time delays, some of which
manifest themselves as a bias and are therefore modeled here
similarly, are more challenging. These biases are caused by several
sources, such as using nonideal sensors, mounting alignment errors,
image processing delays on the ground, and nonideal attitude and
navigation estimation hardware and software. In addition, these
factors can also vary from UAV to UAV.

Some biases have been shown by the Insitu Group to be nearly
constant for a single UAV, such as alignment and time delays,
whereas others have been shown to be slowly varying, such as atti-
tude and navigation biases. The constant biases could be evaluated
in-flight through a calibration maneuver, or on the ground. But, these
tests are challenging because the constant biases would have to be
clearly delineated from the slowly time-varying biases. Finally, tests
performed by the Insitu Group have shown a distribution of bias
uncertainties across multiple UAVs to be non-Gaussian, that is, there
is not one very likely estimate of the biases. Therefore, a uniform
distribution of the biases is assumed. Because of International Traffic
in Arms Regulations (ITAR) restrictions, the true values of these
statistics unfortunately cannot be published. However, as an intuitive
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Fig. 4 Control loops for geolocation using the SeaScan UAV; hardware components of the SeaScan UAV are also shown.

Table 1 Uncertainties in the geolocation problem

System variables affected Type of uncertainty

Source NAV ATT GIM Process noise Sensor noise Sensor bias

Aircraft avionics ——
p

—— ——
p p

Turret gyro —— ——
p

——
p p

GPS
p

—— —— ——
p p

Turbulence ——
p

——
p

—— ——

Engine vibrations ——
p

——
p

—— ——

Camera alignment —— ——
p

—— ——
p

Time delays
p p p

——
p p
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example, consider a 1 deg bias in pointing (either from the gimbal or
aircraft) and a UAV flying in a 500 m orbit at an altitude of 500 m. In
this case, the constant biaswill cause a 12m error in the POI estimate,
which oscillates between the two axes of the ground plane. Larger
(and more) biases scale this error higher.

Experimental Flight-Test Results
Using the Seascan UAV

A set of flight tests were performed on 6 October 2005. A ground
“truth” for the POI, denoted as xTRU, was set up using a GPS antenna
and receiver in a car near the flight-test range. Over 2 h of flight tests
were recorded for both stationary and moving POIs. Telemetry data
were saved for the aircraft and the camera data, as well as the truth.
The following is a set of estimation results based on this flight-test
data. Figures plot the estimation errors, denoted as eSPF � x̂ � xTRU;
thus, an error of zero indicates an estimator performing very close to
the truth. Also in the figures, “SPF 2� bound” refers to theP � 0:95
probability bound, as defined from the square root error covariance
derived from Eq. (34); “SPF 2� bound	 bias” refers to the P �
0:95 probability bound, as defined from the shipset distribution and
probability calculations in Eqs. (46) and (48). It is noted that the
specific performance data are left off due to ITAR restrictions, but the
implementation and relative comparisons are still clear.

Stationary Point of Interest: Two-Dimensional Estimator

Figure 5 shows the tracking two-dimensional (latitude and
longitude) estimates for a stationary POI using the developed
geolocation estimator and a terrain altitude model, that is, the POI
altitude is assumed to bemeasured directly. The standard deviation of
the estimation error over one full orbit was 0:29L. For the SPF bound
case, the average bound width was 0:65L, and the true POI location
stays within the bounds only 28.9% of the time. For the
SPF bound	 bias case, the average bound width was 4:5L, and the
true POI location stays within the bounds 95.8% of the time.

The following observations can be made. First, the true POI
location stays within the bounds as defined by the SPF bound	 bias
estimator 95.8% of the time, which is consistent with the estimator
and density models. If only the SPF bounds are used, the true POI
location stays within the bounds only 28.9% of the time, thus yield-
ing inconsistent results. However, the estimates would be consistent
within the SR-SPF framework because the biases are unobservable.
Second, whereas the SPF bounds remain small and relatively
constant, the bounds in the SPF bound	 bias estimator are much
larger and vary by nearly an order of magnitude over the 2 min data
set. These bounds become their largest at �40 s and smallest after
�80 s, a factor of�5 difference. Third, although not shown, a fully
centralized geolocation estimator was also implemented using
aircraft navigation models, thus evaluating the correlations that are

not captured in the proposedmodular estimator. The performance for
the centralized estimator is nearly identical to the corresponding
plots, with an error standard deviation from the modular case of
0:0012L, which is less than 1%of the tracking error. Thus, this shows
that the decentralized implementation is adequate, and performance
is dominated more by sensor uncertainties than a time-based
correlation of UAV states. Fourth, these results show that the true
location always stays inside the largest bounds, but the bias error is
considerable. Finally, Fig. 5 also shows the real-time data,which uses
geometry and an assumed POI altitude to estimate the POI location;
this estimate has a large, time-varying error below 40 s, which
diminishes to a much smaller error between 80 and 100 s.

To understand the time-varying error and bounds, consider Fig. 6,
which shows a plot of the UAV trajectory between times of 40 and
80 s, along with several snapshots of the two-dimensional location
and 95% uncertainty bounds (the initial uncertainty ellipse is also
shown). Early in the trajectory, the UAV is further (in two dimen-
sions) from the POI, and the ellipse is elongated in the line of site
direction because of a lack of observability with the vision sensor.
Near the end of the trajectory, the UAV is closer to the POI (in two
dimensions), and the uncertainty ellipsoid has shrunk further and in
both directions. Thus, a large reason that the tracking error and
uncertainty ellipsoids shrink in the 80	 s range is due to the UAV
being at a closer proximity to the POI (in two dimensions). A second
reason is that, while the errors will vary as a function of the range
between the UAVand POI, they also vary across the latitudinal and
longitudinal directions as the UAVorbits about the POI. Thus, even
for an orbit that is centered about the POI, the geolocation estimator
errors in latitude and longitude will vary over time.
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Fig. 5 Geolocation estimator (two-dimensional) performance for a stationary POI; POI altitude is assumed to be known.
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Stationary Point of Interest: Three-Dimensional Estimator

The second case considered is identical to that of the previous
section, but now the POI altitude is estimated rather than measured
from a terrain model. This is a particularly challenging estimation
problem because if both the UAVand POI were stationary, it would
be impossible to estimate the three-dimensional location of the POI
because the system is not observable. The estimation of all three
states of the POI can only be done over time, as the UAV moves for
more viewing angles.

Figure 7 shows the estimation results for the three-dimensional
geolocationestimatorwithaltitudeestimation.Thestandarddeviation
of the error over one full orbit was 0:36L. For the SPF bound case, the
average boundwidthwas 1:4L, and the true POI location stayswithin
the bounds only 28.9% of the time. For the SPF bound	 bias bound
estimator, the average bound width was 4:9L, and the true POI
location stays within the bounds 95.4% of the time.

The characteristics of the estimator are similar to the two-
dimensional version, including time-varying bounds roughly

correlated with relative proximity between the UAVand POI. In the
<20 s range, the performance of the three-dimensional estimator is
slightlyworse due to the lack of observability. In the 80	 s range, the
accuracy of the tracking and bounds are the best. The SPF bounds are
clearly larger for the three-dimensional case, as there is an additional
uncertain variable to estimate (POI altitude). Specifically, during this
2 min data set, the SPF bounds are 2.1 times larger in the in the three-
dimensional case,whereas the bounds for theSPF bound	 bias case
are only 1.1 times larger in the three-dimensional case.

Moving Point of Interest: Two-Dimensional Estimator

The structure of the estimator (one piece of code with a config-
uration file, separate files for different models, user inputs) enables
the easy integration of other options. One such option is to geolocate
a moving POI, which is implemented by using a different model in
the estimator. The case presented here is a POI moving at a constant
heading and constant velocity, which is followed by decelerate, stop,
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Fig. 7 Geolocation estimator (three-dimensional) performance for a stationary POI; POI altitude is estimated.
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turn right, accelerate, constant velocity, and constant heading.
Experimentally, the UAVorbit center was updated by the operator as
the POI moved. The POI was maintained within the camera field of
view during the experiment; thus, the specific “control” of the UAV
was not a factor (only knowledge of the UAV state was a factor in
geolocation). In this case, a seven-state POI model was used to cap-
ture more complex dynamics of the POI, including turns and
acceleration/deceleration.

Figure 8 shows the results for the geolocation estimator and a
moving POI, when a POI altitudemodel is assumed. Figure 8a shows
the latitude and longitude tracking results, quoted in terms of an error
from the truemovingPOI location.The standarddeviationof the error
over one full orbit was 1:64L. For the SPF bound case, the average
bound width was 1:74L, and the true POI location stays within the
bounds only 24.4% of the time. For the SPF bound	 bias case, the
average boundwidthwas 5:5L, and the true POI location stayswithin
the bounds 95.1% of the time.

Comparingwith the stationary case (Fig. 5), thegeolocation results
are slightly worse for the moving POI case. This is intuitively correct
because there are more states to estimate (seven), and the process
noise covariance is larger to be able to track changes in the moving
POI. In the 0–40 s range, the estimates are larger than at later times.
This is a result of the relative proximity of theUAV to the POI (similar
to the stationary POI case), but also because of inaccuracies in the
initial guess. The initial velocity was assumed to be zero (stationary,
because of lack of information), but, in fact, the initial velocity was
much faster. Note that the two-dimensional geolocation estimator
also performs quitewell even during the deceleration and turn, which
occurred near the time of 85 s. Although not shown, the POI velocity
and heading estimate results are similar: larger errors initially, but
converging over time, and capturing the deceleration and turn well.

Figure 8b shows a trajectory plot of the UAV and moving POI,
alongwith several time snapshots (at 0, 50, 100, 150, and 200 s) of the
results to understand the estimator performance. As with the
stationary POI case, the POI uncertainty bounds decrease by large
factors when the proximity of the UAV to POI is smaller. Note also
that the true location is inside the 95% confidence bounds at all times
except in the 170 s range; this was due to the POI moving to the very
edge of the camera box, and the operator had to nudge the POI back to
the center, thus showing the sensitivity of the estimator to the camera
tracking software.

Moving Point of Interest: Three-Dimensional Estimator

Figure 9 shows the results for the three-dimensional geolocation
estimator and a moving POI, with the POI altitude estimated. The
standard deviation of the error over one full orbit was 2:11L. For

the SPF bound case, the average bound width was 2:26L, and the
true POI location stays within the bounds only 21.2% of the time.
For the SPF	 bias bound case, the average bound width was
6:2L, and the true POI location stays within the bounds 91.2% of
the time.

In this case, performance is degraded from the two-dimensional
case (�40%), which is qualitatively similar to the stationary results.
There are, however, several notable elements of the estimator. First,
the three-dimensional estimator performs relatively poorly up to 60 s;
compared to the previous case, it is clear that having a POI altitude
estimate is quite helpful during the initialization of the estimator.
Second, the three-dimensional estimator does not perform well near
the turn, where the truth for all three states (latitude, longitude, and
altitude) falls outside the bounds of the SPF bound	 bias case. The
velocity estimate, which is not shown, is similar in that the three-
dimensional estimator and has difficulty tracking the velocity during
deceleration and acceleration. It appears that the tracking and bias
uncertainties, whenPOI altitudemust also be estimated, influence the
performance for this specific SeaScan case;with smaller tracking and
bias uncertainties, the ability to more accurately estimate the POI
maneuver would increase. The heading estimate, which is also not
shown, is tracked well in this case.

Conclusions

A modular geolocation estimator has been presented for
production UAVs with vision sensors. The estimator has a modular
update, which enables an easy update in cases in which components
are changed (such as a new avionics system or a different sensor). A
novel bias estimation approach has been developed that models
unobservable, potentially time-varying biases using uniform distri-
butions and fuses thesewith the output of the geolocation estimator to
produce theoretically sound, consistent geolocation estimates. Flight
tests were run using the SeaScan UAV; the geolocation tracking
system for the uninhabited aerial vehicles includes avionics, a
gimballing camera with feedback isolation and command loops, and
a ground station. Stationary and moving targets were evaluated and
equipped with GPS for ground truth. Both two- and three-
dimensional geolocation estimatorswere evaluated,withmost results
producing consistent estimates. Results for the SeaScan case indicate
that the geolocation performance is largely affected by the biases,
particularly in attitude and camera angles. Geolocation performance
improved by up to a factor of fivewhen the UAVwas overhead of the
target, as opposed to being further away in two dimensions (latitude
and longitude). Inclusion of a measurement of the target altitude
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Fig. 9 Geolocation estimator (three dimensions) for a moving POI with the following motion: constant velocity moving straight, decelerate, stop, turn

right, accelerate, constant velocity moving straight: a) POI latitude, longitude, and altitude estimation; and b) UAV and POI trajectory plot, with several

snapshots showing performance and evolution of the results.
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decreases sensitivity, and increases performance, both in terms of
convergence time and final uncertainty.
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