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While a Global Positioning System (GPS) is the most widely
used sensor modality for aircraft navigation, researchers
have been motivated to investigate other navigational sensor
modalities because of the desire to operate in GPS denied
environments. Due to advances in computer vision and control
theory, monocular camera systems have received growing interest
as an alternative/collaborative sensor to GPS systems. Cameras
can act as navigational sensors by detecting and tracking feature
points in an image. Current methods have a limited ability to
relate feature points as they enter and leave the camera field of
view (FOV).
A vision-based position and orientation estimation method
for aircraft navigation and control is described. This estimation
method accounts for a limited camera FOV by releasing tracked
features that are about to leave the FOV and tracking new
features. At each time instant that new features are selected for
tracking, the previous pose estimate is updated. The vision-based
estimation scheme can provide input directly to the vehicle
guidance system and autopilot. Simulations are performed
wherein the vision-based pose estimation is integrated with a
nonlinear flight model of an aircraft. Experimental verification
of the pose estimation is performed using the modelled aircraft.
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Global Positioning System (GPS) is the primary
navigational sensor modality used for vehicle
guidance, navigation, and control. However, a
comprehensive study, referred to as the Volpe report
[1], indicates several vulnerabilities of GPS associated
with signal disruptions. The Volpe Report delineates
the sources of interference with the GPS signal
into two categories, unintentional and deliberate
disruptions. Some of the unintentional disruptions
include ionosphere interference (also known as
ionospheric scintillation) and RF interference
(broadcast television, VHF, cell phones, and two-way
pagers); whereas, some of the intentional disruptions
involve jamming, spoofing, and meaconing. Some
of the ultimate recommendations of this report
were to, “create awareness among members of
the domestic and global transportation community
of the need for GPS backup systems: : : ” and to
“conduct a comprehensive analysis of GPS backup
navigation: : : ” which included instrument landing
systems (ILS), long range navigation (LORAN), and
inertial navigation systems (INS) [1].
The Volpe report inspired a search for strategies
to mitigate the vulnerabilities of the current GPS
navigation protocol. Nearly all resulting strategies
followed the suggested GPS backup methods that
revert to archaic/legacy methods. Unfortunately, these
navigational modalities are limited by the range of
their land-based transmitters, which are expensive
and may not be feasible for remote, hazardous, or
adversarial environments. Based on these restrictions,
researchers have investigated local methods of
estimating position when GPS is denied.
Given the advancements in computer vision and
estimation and control theory, monocular camera
systems have received growing interest as a local
alternative/collaborative sensor to GPS systems. One
issue that has inhibited the use of a vision system as
a navigational aid is the difficulty in reconstructing
inertial measurements from the projected image.
Current approaches to estimating the aircraft state
through a camera system utilize the motion of
feature points in an image. A geometric approach
is proposed (and our preliminary results [2, 3])
that uses a series of homography relationships to
estimate position and orientation with respect to
an inertial pose. This approach creates a series of
“daisy-chained” pose estimates (see [4] and [5]), in
which the current feature points can be related to
previously viewed feature points to determine the
current coordinates between each successive image.
Through these relationships previously recorded
GPS data can be linked with the image data to
provide position measurements in navigational regions
where GPS is denied. The method also delivers an
accurate estimation of vehicle attitude, which is an
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open problem in aerial vehicle control. The position
and attitude (i.e., pose) estimation method can be
executed in real time, making it amenable for use in
closed-loop guidance control of an aircraft.
The concept of vision-based control for a flight
vehicle has been an active area of research over the
last decade. Recent literature focused on vision-based
state estimation for use in control of a flight vehicle
can be categorized by several distinctions. One
distinction is that some methods require simultaneous
sensor fusion [6, 7], while other methods rely
solely on camera feedback [8]. Research can further
be categorized into methods that require a priori
knowledge of landmarks (such as pattern or shape
[9, 10], light intensity variations [11], and runway
edges or lights [12, 13]) versus techniques that do not
require any prior knowledge of landmarks [14—16].
Another category of research includes methods
that require the image features to remain in the field
of view (FOV) [14] versus methods that are capable
of acquiring new features [17]. Finally, methods
can be categorized according to the vision-based
technique for information extraction, such as: optic
flow [18], simultaneous localization and mapping
(SLAM) [19, 20], stereo vision [21], or epipolar
geometry [14, 22—24]. This last category might
also be delineated between methods that are more
computationally intensive and therefore indicative
of the level of real-time, on-board, computational
feasibility.
Methods using homography relationships between
images to estimate the pose of an aircraft are
presented by Caballero et al. [24] and Shakernia et al.
[14] (where it is referred to as the “planar essential
matrix”). The method presented by Caballero et al.
is limited to flying above a planar environment, and
this method creates an image mosaic, which can be
costly in terms of memory. Shakernia’s approach does
not account for feature points entering and exiting the
camera FOV. The method developed here is designed
for use with a fixed wing aircraft, thus the method
explicitly acquires new feature points when the current
features risk leaving the image, and no target model
is needed, as compared to other methods [9—13]. The
requirement of flying over a constant planar surface
is also relaxed to allow flight over piecewise planar
patches, which is more characteristic of real-world
scenarios.
The efforts used here share some concepts
associated with visual SLAM (VSLAM). There is
no strict definition of VSLAM, and there are many
different approaches. Some authors (e.g., [25—27])
make a distinction between “local VSLAM” and
“global VSLAM.” In this categorization local VSLAM
is concerned with estimating the current state of
the robot and world map through matching visual
features from frame to frame, and global VSLAM is

concerned with recognizing when features have
been previously encountered and with updating
estimates of the robot and map (sometimes referred
to as “closing loops”). To address both issues
many researchers use invariant features, such as
scale-invarient feature transform (SIFT) [28], which
can be accurately matched from frame to frame or
from multiple camera viewpoints. Many VSLAM
approaches use probabilistic filters (e.g., an extended
Kalman filter or a particle filter) [26, 27, 29—31],
that typically estimate a state vector composed of the
camera/robot position, orientation and velocity, and
the 3D coordinates of visual features in the world
frame. The use of epipolar geometry [25, 32] is an
option to filter-based approaches. A final possible
category is methods that build a true 3D map (i.e.,
a map that is easily interpreted by a human being,
such as walls or topography) [25—27, 30, 31] and
those that build a more abstract map that is designed
to allow the camera/robot to accurately navigate and
recognize its location but that is not designed for
human interpretation.
The method presented can provide an estimate
of the position and attitude of unmanned air vehicle
(UAV), and the method can be extended to map the
location of static landmarks in the world frame. Hence
this approach can be used in VSLAM of the UAV,
with applications toward path planning, real time
trajectory generation, obstacle avoidance, multi-vehicle
coordination control and task assignment, etc. By
using the daisy-chaining strategy, the coordinates of
static features that have moved out of the FOV can
also be estimated. The estimates of static features
can be maintained as a map, or they can be used as
measurements in existing VSLAM methods. The
daisy-chaining method in this paper is best suited
to a local VSLAM approach, where the global
problem of closing loops can be addressed though
existing methods. Unlike typical VSLAM approaches
camera/vehicle odometry is not required as an input
for the approach in this paper.
To investigate the performance of the developed
method, a numerical simulation is provided for a
nonlinear, six degrees-of-freedom model of an Osprey
UAV. The simulation illustrates the ability of the
estimation method to reconstruct the UAV pose in
the presence of disturbances, such as errors in the
initial altitude measure, image quantization, and
noise. To illustrate the potential use of the estimates
in a feedback loop, an autopilot was also included
in the simulation, with inputs complimentary with
the outputs from the estimation method. A specific
maneuver is created to perform a simultaneous rolling,
pitching, and yawing motion of the aircraft, combined
with a fixed-mounted camera. The aircraft/autopilot
modeling effort and maneuver are intended to test
the robustness of the homography-based estimation
method as well as to provide proof-of-concept in
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using the camera as the primary sensor for achieving
closed-loop autonomous flight.
Based on the outcomes from the simulation, the
performance of the developed estimation method is
also experimentally tested through two flight tests
with an Osprey UAV. One experiment compares
the estimated inertial coordinates of the UAV to
the GPS position reported by two on-board GPS
units. The GPS units provide different outputs,
but the homography-based estimation is shown to
provide approximately equivalent performance. A
second experiment is also performed, where precision
laser-measured ground markers were viewed by the
flight camera. In this experiment, the images of the
known maker locations are used to generate a precise
ground truth. The estimation method (which did not
use any information about marker locations) matches
the reconstructed ground truth data.
Section II provides details on pose reconstruction
using the homography-based daisy-chaining
method. Simulations are presented in Section III
to demonstrate the performance of the method,
and Section IV includes the experimental results.
Section V describes potential future efforts to improve
the developed method for broader application.
II. POSE RECONSTRUCTION FROM TWO VIEWS
A. Euclidean Relationships
Consider a body-fixed coordinate frame Fc that
defines the position and attitude of a camera, with
respect to a constant world frame Fw . The world
frame could represent a departure point, destination,
or some other point of interest. The rotation and
translation of Fc , with respect to Fw , is defined as
R(t) 2 R3£3 and x(t) 2 R3 , respectively. The camera
rotation and translation of Fc between two time
instances, t0 and t1 , is denoted by R01 (t1 ) and x01 (t1 ).
During the camera motion a collection of I (where
I ¸ 4) coplanar and noncolinear static feature
points are assumed to be visible in a plane ¼. The
assumption of four coplanar and noncolinear feature
points is only required to simplify the subsequent
analysis and is made without loss of generality. Image
processing techniques can be used to select coplanar
and noncolinear feature points within an image
such as in [33] and [34]. However, if four coplanar
target points are not available, then the subsequent
development can also exploit a variety of linear
solutions for eight or more noncoplanar points (e.g.,
the classic eight points algorithm [35, 36] or virtual
parallax [37, 38]) or nonlinear solutions for five or
more points [39].
A feature point pi (t) has coordinates m̄i (t) =
[xi (t), yi (t), zi (t)]T 2 R3 8i 2 f1 : : : Ig in Fc . Standard
geometric relationships can be applied to the
coordinate systems depicted in Fig. 1 to develop the
1066

Fig. 1. Euclidean relationships between two camera poses.

following relationships:
m̄i (t1 ) = R01 (t1 )m̄i (t0 ) + x01 (t1 )
μ
¶
x (t )
m̄i (t1 ) = R01 (t1 ) + 01 1 n(t0 )T m̄i (t0 )
d(t )
|
{z 0
}

(1)

H(t1 )

where H(t1 ) is the Euclidean homography matrix at
time t1 , n(t0 ) is the constant unit vector normal to the
plane ¼ from Fc at time t0 , and d(t0 ) is the constant
distance between the plane ¼ and Fc along n(t0 ). After
normalizing the Euclidean coordinates as
mi (t) =

m̄i (t)
zi (t)

(2)

the relationship in (1) can be rewritten as
mi (t1 ) =

zi (t0 )
H(t1 )mi (t0 )
z (t )
| i{z1 }

(3)

®i

where ®i 2 R 8i 2 f1 : : : Ig is a scaling factor. Further
details on the Euclidean homography can be found in
[40] and [41].
B. Projective Relationships
Using standard projective geometry the Euclidean
coordinate m̄i (t) can be expressed in image-space pixel
coordinates as pi (t) = [ui (t), vi (t), 1]T . The projected
pixel coordinates are related to the normalized
Euclidean coordinates, mi (t) by the pin-hole camera
model as [40]
pi = Ami
(4)
where A is an invertible, upper triangular camera
calibration matrix defined as
2 a ¡a cos Á u 3
0
7
b
¢6
A=6
v0 7
5:
40
sin Á
0
0
1

(5)

In (5), u0 and v0 2 R denote the pixel coordinates of
the principal point (the image center as defined by
the intersection of the optical axis with the image
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plane), a, b 2 R represent scaling factors of the pixel
dimensions, and Á 2 R is the skew angle between
camera axes.
By using (4), the Euclidean relationship in (3) can
be expressed as
pi (t1 ) = ®i AH(t1 )A¡1 pi (t0 )
= ®i G(t1 )pi (t0 ):

(6)

Sets of linear equations can be developed from (6) to
determine the projective and Euclidean homography
matrices G(t1 ) and H(t1 ) up to a scalar multiple.
Various techniques [41, 42] can be used to decompose
the Euclidean homography to obtain ®i (t1 ), n(t0 ),
x01 (t1 )=d(t0 ), and R01 (t1 ). The decomposition methods
in [41] and [42] generally return two physically
valid solutions. The correct solution can be chosen
by knowledge of the correct value for the normal
vector or by using an image taken at a third pose.
The distance d(t0 ) must be separately measured
(e.g., through an altimeter or radar range finder) or
estimated using a priori knowledge of the relative
feature point locations or as an estimator signal in a
feedback control.
C. Chained Pose Reconstruction for Aerial Vehicles
Consider an aerial vehicle equipped with a GPS
and a camera capable of viewing a landscape. A
technique is developed in this section to estimate
the position and attitude using camera data when the
GPS signal is denied. A camera has a limited FOV,
and motion of a vehicle can cause observed feature
points to leave the image. The method presented here
chains together pose estimations from sequential sets
of tracked of points. This approach allows the system
to halt tracking a set of image features if the set is
likely to leave the image and allows the system to
begin tracking a new set of features while maintaining
the pose estimate. Thus the estimation can continue
indefinitely and is not limited by the camera’s FOV.
The subsequent development assumes that the
aerial vehicle begins operating at time t0 , where
the translation and rotation (i.e., x0 (t0 ) and R0 (t0 )
in Fig. 2) between Fc and Fw at time t0 are known.
The rotation between Fc and Fw at time t0 can be
determined through the bearing information of the
GPS, along with other sensors such as a gyroscope
and/or compass. Without loss of generality the GPS
unit is assumed to be fixed to the origin of the aerial
vehicle’s coordinate frame, and the constant position
and attitude of the camera frame are known with
respect to the position and attitude of the aerial
vehicle coordinate frame. The subsequent development
further assumes that the GPS is capable of delivering
altitude, perhaps in conjunction with an altimeter, so
that the altitude a(t0 ) is known.

Fig. 2. Illustration of pose estimation chaining.

Fig. 3. Depth estimation from altitude.

As illustrated in Fig. 2, when the camera is
initially at a pose fx0 (t0 ), R0 (t0 )g, the initial set of
tracked coplanar and noncolinear feature points
are contained in the plane ¼a . The plane ¼a is
perpendicular to the unit vector na (t0 ) in the camera
frame, and the plane lies at a distance da (t0 ) from the
camera frame origin. The feature points lying in ¼a
have Euclidean coordinates m̄ai (t0 ) 2 R3 8i 2 f1 : : : Ig
in Fc . An image is captured at this time, resulting in
image points with pixel coordinates pa (t0 ). At time t1
the vehicle has undergone some rotation R01 (t1 ) and
translation x01 (t1 ): At this time the points in ¼a have
Euclidean coordinates m̄ai (t1 ) 2 R3 8i 2 f1 : : : Ig in Fc .
Another image is captured, resulting in image points
with pixel coordinates pa (t1 ).
As described in Section IIB, R01 (t1 ) and
x01 (t1 )=da (t0 ) can be solved from two corresponding
images of the feature points pa (t0 ) and pa (t1 ). A
measurement or estimate for da (t0 ) is required to
recover x01 (t1 ). This estimation is possible with
distance sensors or with a priori knowledge of
the geometric distances between the points in
¼a . However, with an additional assumption, it is
possible to estimate da (t0 ) geometrically using altitude
information from the last GPS reading and/or an
altimeter. From the illustration in Fig. 3, if a(t0 ) is
the height above ¼a (e.g. the slope of the ground is
constant between the feature points and projection of
the plane’s location to the ground), then the distance
da (t0 ) can be determined by the projection:
da (t0 ) = na (t0 )T a(t0 )

(7)

where na (t0 ) is known from the homography
decomposition.
Once R01 (t1 ), da (t0 ), and x01 (t1 ) have been
determined, the rotation R1 (t1 ) and translation x1 (t1 )
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can be determined with respect to Fw as
R1 = R0 R01
x1 = R01 x01 + x0 :
As illustrated in Fig. 2, at time t1 , a new collection
of feature points mbi (t1 ) is visible in the planar patch
denoted by ¼b . Capturing an image of these points
gives a set of image points with pixel coordinates
pb (t1 ) that can be tracked over time. At time t2 the sets
of points pb (t1 ) and pb (t2 ) can be used to determine
R12 (t2 ) and x12 (t2 )=db (t1 ), which provides the rotation
and scaled translation of Fc with respect to Fw . If
¼b and ¼a are the same plane, then db (t1 ) can be
determined as
db (t1 ) = da (t1 ) = da (t0 ) + x01 (t1 ) ¢ n(t0 ):

(8)

When ¼b and ¼a are the same plane, x12 (t2 ) can
be correctly scaled, and R2 (t2 ) and x2 (t2 ) can be
computed in a similar manner as described for R1 (t1 )
and x1 (t1 ). These estimates can be propagated by
chaining them together at each time instance without
further use of the GPS.
In the general case pb and pa may not be coplanar,
and (8) cannot be used to determine db (t1 ). If pb and
pa are both visible for two or more frames, it is still
possible to calculate db (t) through geometric means.
Let t1¡ denote some time before the daisy-chain
operation is performed, when both pb and pa are
visible in the image. At time t1¡ an additional set of
homography equations can be solved for the points pb
and pa at times t1 and t1¡
μ
¶
x̄1 (t1 )na (t1¡ )T
mai (t1 ) = ®a R̄1 (t1 ) +
mai (t1¡ ) (9)
da (t1¡ )
μ
¶
x̄1 (t1 )nb (t1¡ )T
mbi (t1¡ )
mbi (t1 ) = ®b R̄1 (t1 ) +
db (t1¡ )
(10)
where R̄1 (t1 ) and x̄1 (t1 ) are the rotation and translation,
respectively, that the camera undergoes from time t1¡
to t1 , and
®a =

zai (t1¡ )
zai (t1 )

and

®b =

zai (t1¡ )
:
zai (t1 )

Note that R̄1 (t1 ) and x̄1 (t1 ) have the same values
in equations (9) and (10), but the distance and normal
to the plane are different for the two sets of points.
The distance da (t1¡ ) is known from (8), and the scaled
translations
xa (t1 ) =

x̄1 (t1 )
da (t1¡ )

and

xb (t1 ) =

x̄1 (t1 )
db (t1¡ )

can be recovered from the homography decomposition
in (9) and (10). Given da (t1¡ ), xa (t1 ), and xb (t1 ), the
translation x̄1 (t1 ) can be determined as
x̄1 (t1 ) = da (t1¡ )xa (t1 )
1068

Fig. 4. Air and Sea Inc. Osprey UAV used in experiments and
modeled for simulations.

and db (t1¡ ) can then be determined as
db (t1¡ ) =

xbT (t1 )x̄1 (t1 )
:
kxb (t1 )k

The distance db (t1 ) can then be found by using
(8), with db (t1¡ ) in place of da (t0 ). Alternatively,
additional sensors, such as an altimeter, can provide
an additional estimate in the change in altitude.
These estimates can be used in conjunction with
(8) to update depth estimates. Note that an error in
estimating the distance signals d does not affect the
orientation estimate, but it does cause a scaling error
in the translation estimate. The effects of an error in
estimate of d(0) is investigated in Section III.
III. SIMULATION RESULTS
To facilitate the subsequent flight tests, a
high fidelity vehicle simulation was developed to
investigate the feasibility of the proposed vision-based
state estimation and guidance method. Prior to the
simulation the Osprey fixed-wing UAV by Air and
Sea Composites, Inc. (See Fig. 4) was selected as the
experimental testbed because of cost and payload
capacity factors and because of the fact that the
pusher prop configuration is amenable to forward
looking camera placement. Given that the Osprey
UAV was going to be used as the experimental
testbed, a full, nonlinear model of the equations of
motion and aerodynamics of the Osprey UAV were
developed (see [43] for details regarding the model
development) along with an autopilot design. The
autopilot design allowed for the vehicle to perform
simple commanded maneuvers that an autonomous
aircraft would typically be expected to receive from
an on-board guidance system. The autopilot was
constructed to use state estimates that came from the
homography-based algorithm. Preliminary modal
analysis of the Osprey vehicle flying at a 60 m
altitude at 25 m/s indicated a short-period frequency
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!sp = 10:1 rad/s and damping ³sp = 0:85; a
phugoid mode frequency !ph = 0:34 rad/s and
damping ³ph = 0:24; a dutch-roll frequency !dr =
4:39 rad/s and damping ³dr = 0:19; a roll subsidence
time constant of ¿r = 0:08 s; and a spiral mode
time-to-double ttd = 39:8 s. These rigid-body
frequencies are crucial for the autopilot design
as well for determining what, if any, of the state
estimation values coming from the camera and
proposed technique are favorable to be used in
a closed-loop sense, due to the imminent phase
lag associated with associated camera frame rate
(sampling frequency) and phase lag resulting from
the signal filtering.
In the simulations five patches of 4 feature points
are programmed to lie along a 500 m ground track.
For simplicity all planar patches lie in the same
plane. The task is to perform the state estimation
during a maneuver. The commanded maneuver
is to simultaneously perform a 10 m lateral shift
to the right and a 10 m longitudinal increase
in altitude. This particular maneuver results in
the vehicle simultaneously pitching, rolling, and
yawing, while translating. For simulation purposes
the camera is mounted underneath the fuselage
looking downwards. The camera model is intended
to be representative of a typical 640 £ 480 lines
of resolution charge-coupled device equipped
with a 10 mm lens. To more accurately capture
true system performance, pixel coordinates are
rounded to the nearest integer to model errors
due to camera pixilation effects (i.e., quantization
noise), and furthermore a 5% error is added to
the estimated vehicle altitude to test robustness.
While some modeling errors are present in this
analysis in order to address some practical issues,
a full error analysis is intentionally avoided since
statistical error analysis for camera-based systems
is still somewhat ambiguous. Some of the error
sources which are present in real-world systems
include, but are not limited to: feature point
selection/extraction/tracking algorithms, spatial
separation of feature points in image plane, lens
aberrations, camera calibration error, coplanarity
of 4 feature points, distance to feature point plane,
exposure time (effectively “shutter speed”), rolling
shutter effects (if not a global shutter camera),
interlacing effects (if not a progressive scan
camera), and numerical errors associated with the
construction and decomposition of the homography
relationships.
The first simulation is designed to test the accuracy
of the vision-based estimation. Vision is not used in
the feedback for this maneuver, and the estimated
pose is compared to the true pose. The results of this
preliminary analysis are given in Figs. 5 and 6. The
effects of noise are visible, but the estimated pose is
accurate.

The second simulation is intended to examine
the effects of using the vision-based estimate as
a sensor in closed-loop control. This simulation
involves replacing the perfect position and attitude
measurements, used in the guidance system and
autopilot, with position and attitude estimations
determined from the vision-based method. The
resulting control architecture and sensor suite for
this UAV is given in Fig. 7. The noise content of
the estimated position and attitude requires filtering
prior to being used by the autopilot to prevent the
high-frequency noise from being passed to the aircraft
actuators. As expected the noise occurs at 30 Hz
and corresponds to the frame rate of the camera.
First-order, low pass-filters (cutoff frequency as low
as 4 rad/s) are used to filter the noise. The noise also
prevents effective differentiation of the position and
attitude and necessitates the use of rate gyros for yaw
and roll damping, as depicted in Fig. 7. The air data
system is also included, as shown in Fig. 7, for the
initial altitude measurement since it is more accurate
for altitude than current GPS solutions. The results of
the camera-in-the-loop system performing the same
guidance-commanded autonomous maneuver are given
in Figs. 8 and 9.
The simulation results indicate that a camera
supplemented with minimal sensors, such as rate
gyros and barometric altitude, can be used for
completely autonomous flight of a fixed wing vehicle,
however some residual oscillation effects due to
noise are present in the vehicle attitude response. A
majority of the noise source can directly be attributed
to camera pixilation effects and the corresponding
phase lag introduced by the first order filtering.
To test the performance of the system over long
time periods, a Monte Carlo analysis is performed.
This analysis includes a sequence of constant altitude
“s-curves” for 1, 5, 10, 15, 30, 45, and 60 sec. Each
s-curve takes 1 min to perform, and the UAV’s
forward velocity is constant at 10 m/s. Quantization
noise is included. Each simulation is performed 1000
times, and mean and standard deviation of the pose
and rotation error are plotted verses time and total
distance traveled and total rotation performed. Total
distance refers to the length of the curve followed, not
the straight distance from start to finish. Similarly, as
the rotation evaluates to sinusoidal values to achieve
the s-curve, the total rotation refers to the rms of the
angular values over time.
The results are seen in Figs. 10 and 11. The
expected error for both simulations is roughly linear
with the time/distance travelled. The expected pose
error after an hour of flight and a travelled distance
of 30 km is 0.66 km. The expected rotation error over
this same time period is 0.21 rad. This amounts to an
error of 2.2% of distance travelled and 0.39% of total
rotation performed.

KAISER ET AL.: VISION-BASED ESTIMATION FOR GUIDANCE, NAVIGATION, AND CONTROL

1069

Fig. 5. Actual aircraft position versus estimated position. State estimation only.

Fig. 6. Actual aircraft attitude versus estimated attitude. State estimation only.

Fig. 7. Autonomous control architecture.

IV. EXPERIMENTAL RESULTS
Based on the results of the simulation, two sets
of experimental results are conducted to establish
the feasibility of the proposed vision-based state
estimation method. To give broad results each
experiment features different equipment and different
methods to generate a ground truth comparison. In
both flight tests artificial, red markers (i.e., fiducial
features) are placed along a stretch of the runway.
1070

The runway is fairly flat, thus each patch of points
are roughly coplanar, although this was not assumed
to be true in the experiment. Due to the orientation
changes of the aircraft during the flight, the normal
vector n is estimated at each handoff. A camera
mounted on the radio controlled UAV (Fig. 4) records
the view of the runway; video data is captured using
a digital, video tape recorder and analyzed offline.
Sample video frames from the flights are provided
in Figs. 14 and 16. The features are extracted and
tracked using a color-based thresholding method.
Fig. 12 represents a 3D surface constructed from a
nonlinear combination of the red, green, and blue
color space values of a particular image frame. Note
that the large spikes correspond to the location of
the red landmarks. An example of the output of
the tracking algorithm is also given in Fig. 13. The
four trajectories in this particular case represent
the path of the landmarks from the first patch as
it enters and exits the FOV (from top to bottom).
As a point of interest, note that the center of the
image plane does not correspond to the location
of the optical axis. This apparent oddity is in
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Fig. 8. Actual aircraft position versus estimated position in closed-loop control.

Fig. 9. Actual aircraft attitude versus estimated attitude in closed-loop control.

keeping with the camera calibration results, and it
is most likely congruous with a low end imager and
lens.
A. Daisy Chained Homography versus GPS
The first flight experiment compares position
estimates from the daisy-chained pose estimation to
position, which is estimated using a Garmin GPS
35 receiver. A copy of the video is overlaid with
GPS, as seen in Fig. 14, which shows the effects of
video interlacing. A second GPS unit (manufactured
by Eagle Tree Systems, LLC) is also onboard to
test inter-GPS accuracy. The use of two GPS units
provides a comparison for the vision-based method,
which is intended to compute GPS-like information.
Poor image quality, including focus, motion blur,
and interlacing of the digital video, necessitates a
downsampling of the feature extraction, by a factor
of five, to reduce noise. The downsampling results in
a 5 Hz input signal.
Results of the experiment are given in Fig. 15. In
the legend for Fig. 15, GPS2 represents the overlaid
GPS data, and GPS1 represents the onboard data

Fig. 10. Error plots of Monte Carlo analysis, showing mean
position error and standard deviation of position error over long
time period and long distance. Position error refers to norm of
difference between known 3D position vector and estimated 3D
position vector.

logger GPS values. A “*” on the time axis indicates
a time when a daisy-chaining hand-off is performed,
and pose reconstruction is performed using a new set
of feature points. The results from this test appear to
be very promising. Significant disagreement exists
between the two GPS measurements (low cost GPS
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Fig. 13. Image plane trajectories made by landmarks from
patch1entering and exiting FOV.
Fig. 11. Error plots of Monte Carlo analysis, showing mean
orientation error and standard deviation of orientation error over
long time period and long distance. Orientation error refers to
norm of difference between known 3D orientation and estimated
3D orientation, where orientation is represented as an angle/axis
vector.

Fig. 14. Single video frame with GPS overlay illustrating
landmarks placed along inside edge of runway.

Fig. 12. Example of 3D contour plot generated from matrix
designed as nonlinear combination of red and green color space
matrices.

receivers are notorious for having a poor altitude
measurement [44]), and the vision-based estimation
remains proportionate to the two GPS measurements.

Furthermore, the estimates agree closely with GPS2,
for downrange and crossrange translation, and with
GPS1, for altitude translation. There is no discernible
discontinuity or increased error at the daisy-chain
hand-off times. Note that the resolution of the
vision-based estimation (5 Hz) is also higher than
that of both GPS units (1 Hz). The image processing
and pose estimation code can be executed in real time
(> 30 Hz) on a Pentium M laptop (single core) with
1 Gb RAM. The disagreement between the two GPS

Fig. 15. Results from first experimental flight test. Estimated position is compared with two GPS signals.
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units raises concerns about their accuracy. This, in
part, inspired the experiment in Section IVB.
B. Daisy Chained Homography versus Precise
Geometric Reconstruction
The accuracy of the recorded GPS data proved
to be questionable, as the two GPS records had
significant disagreement. A second flight test
was designed that was intended to enable the
vehicle position to be determined with greater
accuracy than what could be achieved with the
inexpensive GPS units used in the first round of
testing. An additional drawback with the first flight
test was that, due to cost constraints, an inertial
measurement unit (IMU) was not employed to
capture attitude information. In addition to the
issues with the GPS output being considered as
truth data, it was also of interest to investigate
whether using a wider angle FOV lens on a
more forward pointing camera could improve
the results. The fundamental assumption of this
additional testing was that if the locations of the
ground targets were known precisely, then vehicle
position and attitude could be determined through
geometric reconstruction. With the trajectories of
the four landmarks of each patch recorded, vehicle
localization and orientation could then be performed
offline for analysis purposes. While this geometric
reconstruction was also based on image data, the
precise knowledge of the fiducial position in 3D
world coordinates allowed for a very accurate
estimate. If the geolocation of the points were
known (e.g. through previous physical mapping
or template matching with an accurate satellite
images), this would represent an accurate means
to geolocate the UAV. In essence this experiment
compared the best vision-based estimate, given
all available knowledge of the precise Euclidean
position of the fiducial markers with the daisy-chained
homography estimate, which required no knowledge
other than initial position and attitude. Details on
the geometric reconstruction of attitude and position
information for the ground truth in this experiment
is described in [43]. A similar procedure using three
points that remained in the FOV is described in
[15].
By using a wider FOV lens, the resulting video
image exhibited severe lens distortion effects that
required correcting in order for the homography
to operate correctly. The distortion can be seen in
Fig. 16, where the four landmarks in the lower portion
of the frame appear to be located on a spherical
surface as opposed to a plane. This same image, with
the radial distortion removed, is given in Fig. 17.
The interlacing effect, prevalent in Fig. 14, has also

Fig. 16. Single video frame from second flight test experiment
illustrating effect of forward-looking, wider FOV camera.

Fig. 17. Single video frame from second flight test experiment
with lens distortion removed.

been removed using freeware video editing software
VirtualDub.1
Results of this flight experiment are given in
Figs. 18—21. The initial value of d(0) is estimated
from the detailed knowledge of the first four points,
but subsequent estimates of d(t) are generated using
the methods in Section IIC. A “*” in the plot indicates
a time when a daisy-chaining hand-off was performed
and when pose reconstruction is performed using
a new set of feature points. The position estimate
of the daisy-chained homography estimate agrees
closely with the position estimate of the geometric
reconstruction. The attitude estimate of both methods
shows much more variation than the translation
estimates, and there is less agreement between the
two estimates. Attitude is expressed in roll/pitch/yaw
angles. Despite the disagreement, the relative shape
of both signals is similar, and the homography tracks
the geometric reconstruction well, with the exception
of the first 3 s of the roll angle and a possible drift
in the heading angle towards the end of the flight.
Since the developed estimation is based on chaining
successive approximations, some error propagation
is inevitable. (See Figs. 11 and 10.) The focus of this
1 VirtualDub–Copyright

(c) by Avery Lee
http://www.virtualdub.org/index.html.
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Fig. 18. Results from second experimental flight test. Estimated
position is compared to construction using complete geometric
knowledge of ground targets.

Fig. 19. Results from second experimental flight test. Estimated
attitude and bearing is compared to construction using complete
geometric knowledge of ground targets.

study was to investigate the feasibility of using the
camera feedback for pose estimation. Future efforts
will focus on quantifying the error propagation, and
these efforts will investigate methods that may be used
to mitigate the error propagation, such as collaborative
sensing between multiple UAVs, sensor integration
with other sensors, error correction by sporadic GPS
feedback, etc.
V. CONCLUSIONS
The efforts in this paper integrated new
vision-based, pose estimation methods for guidance,
navigation, and control of an aerial vehicle. This
method is based on Epipolar geometry, with a novel
“daisy-chaining” approach that allows image features
to enter and leave the FOV while maintaining pose
estimation. Furthermore, no known target is required.
A nonlinear aircraft flight model for an Osprey UAV
was developed to investigate the performance of
the developed method in simulations. Simulations
also include testing the pose estimation method in
closed-loop control of the aircraft. Based on the
1074

Fig. 20. Results from second experimental flight test shows
disagreement between daisy-chained position estimate and position
estimation using complete geometric knowledge of ground targets.

Fig. 21. Results from second experimental flight test shows
disagreement between daisy-chained orientation estimate and
orientation estimation using complete geometric knowledge of
ground targets.

successful simulation results, two flight tests were also
performed using a radio controlled Osprey UAV. The
first flight test indicated that the estimation method
provided approximately equal pose estimates as the
two GPS units. However, conclusive results were
difficult to obtain due to discrepancies in the GPS
units and due to lack of attitude information. The
second flight test used precise information about the
Euclidean position of fiducial markers as a ground
truth for the estimation method. The daisy-chaining
estimation method was successfully demonstrated to
reconstruct both position and attitude measurements
in comparison to the reconstructed ground truth using
detailed geometric knowledge.
In addition to providing pose estimates for control,
the daisy-chaining method in this paper is suitable
for use as a localization algorithm in local VSLAM
applications. It is feasible to keep track of the location
of previously tracked feature points, resulting in a
map useful for global VSLAM applications. Future
efforts will work to further develop such VSLAM

IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 46, NO. 3

JULY 2010

applications. Future research will also investigate
methods to improve inevitable error propagation
through the inclusion of additional sensors, such as
IMUs and intermittent GPS. Additional future work
will focus on determining what, if any, bounds can be
placed on estimate errors over time and under various
common error sources. Future research will investigate
methods to improve inevitable error propagation
through the inclusion of additional sensors, such as
IMUs and intermittent GPS.
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