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Safe, autonomous operation in complex, cluttered environments is a critical challenge facing autonomous mobile

systems. The research described in this paper was motivated by a particularly difficult example of autonomous

mobility: flight of a small unmanned aerial vehicle through a forest. The focuswas on enabling the three critical tasks

that comprise flight: 1) maintaining controlled flight while avoiding collisions (aviate); 2) flying from a known start

location to a known goal location (navigate); and 3) providing information about the environment—a map—to a

human operator or other robots in the team (communicate). Presented here is a solution to the problem of estimating

vehicle state (its position, orientation, and velocity) as well as the positions of obstacles or landmarks in the

environment using only inertial measurements and bearings to landmarks. This is a highly nonlinear estimation

problem, and standard estimation techniques such as the extended Kalman filter are prone to divergence in this

application. In this paper a sigma-point Kalman filter is implemented, resulting in an estimator which is able to cope

with the significant nonlinearities in the system equations and uncertainty in state estimates while remaining

tractable for real-time operation. In addition, the issues of data association and landmark initialization are

addressed. Estimator performance is examined through Monte Carlo simulations in two dimensions for scenarios

involving unmanned aerial vehicle flight in cluttered environments. Simulations show that convergent, consistent

estimates of vehicle state and obstacle positions can be obtained and that the estimates can be used by a trajectory

planner to generate a path through a cluttered environment.

Introduction

SMALL autonomous unmanned aerial vehicles (UAVs) are a
particularly challenging subset of mobile robots and

autonomous vehicles. They undergo 6 degrees of freedom motion,
are subject to significant external disturbances, require high
bandwidth control, and have limited onboard sensing due to their
small payload capacity. At the same time themissions envisioned for
such vehicles are very challenging, involving low-altitude flight in
obstacle-strewn terrain such as natural and urban canyons or forests.
The cluttered environment further complicates the problem of
control and navigation by greatly reducing the reliability of global
positioning system (GPS) signals. A system which enables obstacle
avoidance and navigation using only onboard sensing is therefore
required.

This paper describes the theoretical development of a self-
contained system to enable both control and navigation of small
autonomous vehicles using only a low-cost microelectromechanical
system (MEMS) inertial measurement units (IMU) and monocular
vision, extended work reported earlier [1]. Results of Monte Carlo
simulations examining system performance and results of a proof of
concept hardware demonstration using a small unmanned ground
vehicle (UGV) as a test bed are reported elsewhere [2].

Microelectromechanical IMUs have been commercially available
for some time and have been used for sensing and stabilization in
many applications. Their small size and low power requirements
make them well suited to small UAV applications. However, two
factors preclude purely inertial navigation solutions: first, IMUs do
not provide information about nearby obstacles; second, their noise

and bias characteristics lead to rapid unbounded drift in the computed
position. Additional sensors are therefore required.

Autonomous Vehicle Control and Navigation

Vision for Control and Navigation

Vision is a particularly rich streamof data suitable both for sensing
and providing data to a human operator. Charge-coupled device
(CCD) cameras have become very small and lightweight and are thus
suitable for use as a sensor on small vehicles. Vision systems can
provide measurements to obstacles or landmarks in the environment
to enable obstacle avoidance and to aid in computing vehicle
position, orientation, and velocity for navigation.

A monocular vision system provides bearings to landmarks. By
itself, a single bearing to a landmark does not provide enough
information to localize it. However, multiple bearings taken from
disparate vantage points allow triangulation to determine the
landmark’s position. Note that a stereo pair provides depth
information, but the accuracy of the depth information is
proportional to the separation of the cameras (baseline) and
inversely proportional to the square of the actual distance to the
feature. The size of the vehicle limits the baseline; hence range
information to distant features will be highly uncertain. For example,
a stereo pair with 30 cm baseline, 640 pixel horizontal resolution,
70 deg field of view, 600 mm focal length cameras has 1� depth
uncertainty of 1 m at 10 m, 1� depth uncertainty of 4 m at 20 m.

Vision has been extensively studied for use as a sensor in
estimation related applications. However past work has not dealt
with estimating all the states necessary for flight in cluttered
environments (i.e., vehicle state and obstacle states). Examples
include structure frommotion, vision augmented inertial navigation,
real-time benthic navigation, and relative position estimation.

Structure frommotion attempts to reconstruct the trajectory of the
video camera and an unknown scene.An example of an application is
described by Pollefeys [3], who describes reconstruction of
archaeological sites using video from a hand-carried camera.
However, structure frommotion algorithms are typically formulated
as batch processes, analyzing and processing all images in the
sequence simultaneously. Although this will give the greatest
accuracy of both the reconstructed scene and camera path, it does not
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lend itself to real-time operation. Variants of structure from motion
techniques to enable real-time operation have been applied to UAV
control [4,5]. However, structure from motion is able to recover
scene information and camera motion up to a scale factor, and an
accurate dynamic model of the vehicle is required to help solve for
the scale factor. These techniques are specific to the vehicle carrying
the camera, and it is unclear how external disturbances will affect the
result.

Research into vision augmented inertial navigation [6–8] is
primarily concerned with estimating the vehicle state by fusing
inertial measurements either with bearings to known fiducials or data
from optical flow algorithms. A variant is presented by Diel [9], who
uses epipolar constraints for vision-aided inertial navigation.
Positions of unknown obstacles are not estimated.

Real-time benthic navigation using vision as the primary sensor is
described by Marks [10]. Distance from a planar surface (i.e., the
ocean floor or a canyon wall) is obtained using a sonar proximity
sensor and texture correlation is used to determine position offsets
relative to a reference image. This capability has been adapted to
enable underwater station keeping [11] and has been extended to
incorporate additional sensors [12]. However this technique only
estimates vehicle position, not the position of obstacles in the
environment.

Huster [13] demonstrated fusion of inertial and monocular vision
measurements for an underwater object retrieval task. In this case
only one object in the environment was considered and relative
position estimation (between the vehicle and object) was performed,
not absolute vehicle and obstacle position estimation.

The use of vision for aidingUAVnavigation has become an active
area of research. In many cases vision is not the primary navigation/
control sensor but is used in conjunction with inertial navigation
systems and GPS to increase situation awareness. For example,
Amidi [14] describes vision-aided navigation for an autonomous
helicopter where a stereo pair is used to aid in station keeping.
Sinopoli [15] describes a system that uses data from fused GPS/INS
(inertial navigation system) and a digital elevationmap to plan coarse
trajectories which are then refined using data from a vision system.
Roberts [16] describes a flight control system for a helicopter that
uses a stereo pair to determine altitude and optical flow to determine
ground speed. Vision-aided landing on a pad of known size and
shape is described by Saripalli [17]. A more complex system for
identifying suitable terrain for landing an autonomous helicopter is
described by Meingast [18], which uses fused GPS/INS for control
and navigation and a stereo pair for determining local terrain
characteristics.

Proctor [19] describes a vision-only landing system that performs
relative state estimation with respect to a set of known fiducials. A
constant velocity motionmodel is used to model camera motion.Wu
[20] describes a vision-aided inertial navigation system that relies on
measurements to a known target for vehicle state estimation. Both are
examples of terrain aided navigation (TAN), where measurements to
known landmarks are used to aid navigation. Initially unknown
environments are not addressed.

Framework for Integrated Control and Navigation

In general, successful operation of a UAV (in any environment,
cluttered or clear) involves three basic tasks:

1) The vehicle must maintain controlled flight while avoiding
collisions with obstacles (the vehicle must aviate). This requires a
means to determine the state of the vehicle and to detect and localize
obstacles with enough accuracy that appropriate action can be taken.

2) It must find its way from the starting point to a goal location in a
finite amount of time (the vehicle must navigate). This requires a
means to localize the vehicle relative to the goal.

3) It must convey information about the environment to a human
operator or other robots in the team (the vehicle must communicate).
This requires ameans of presenting data in a useful manner to human
operators or other robots in the team.

The task of aviation could be accomplished by flying reactively:
the vehicle maintains heading until an obstacle is detected, the

vehicle maneuvers to avoid the obstacle, and then attempts to
reacquire the desired heading. However, although this reactive flight
is adequate for small numbers of well-spaced obstacles, intuition
suggests that the limited field of view of most sensors will cause this
approach to fail in more complex environments with densely packed
obstacles. Obstacles which have been detected but which have then
left the field of view may still be a potential source of collision as the
aircraft maneuvers to avoid obstacles still in the field of view. Thus a
means of accounting for obstacles which have left the field of view
must be provided to plan safe maneuvers.

Although it is certainly aviating, purely reactive flight can hardly
be said to be navigation: without knowledge of aircraft position there
is no guarantee of reaching the goal. Thus to navigate in an obstacle-
strewn environment some means of obtaining the position of the
vehicle must be provided.

The ultimate purpose of exploratory flight is to communicate
knowledge of the environment (i.e., a map) to a human operator or to
other robots on the team. If the map is generated in real time as the
vehicle flies through the environment it can also be used to aid
aviation (because obstacle locations are computed) and navigation
(because vehicle position in the map is computed).

A framework which enables aviation, navigation, and
communication is introduced in Fig. 1. It comprises three parts: a
trajectory planner, a stabilized aircraft, and an estimator. The
trajectory planner uses knowledge of vehicle position and orientation
and of the positions of nearby obstacles to compute a safe trajectory
to the goal. A stabilized aircraft is one that can maintain a desired
flight condition (determined based on the trajectory). This is enabled
through measurements of variables such as angular rate and
acceleration. Note that knowledge of other variables (such as the
angle of bank to control spiral divergence) may be necessary to
maintain controlled flight. Finally the estimator uses available
sensing (in this research, an IMU and a monocular camera) to
compute the data required for flight control and trajectory planning.
In crewed aircraft the pilot provides the additional information
required to maintain controlled flight and acts as trajectory planner.
Position knowledge may be provided to the pilot by maps or
navigation beacons such as GPS.

The framework presented in Fig. 1 can be generalized to other
vehicles (such as autonomous underwater vehicles, or AUVs, and
unmanned ground vehicles, or UGVs).

The problem of state estimation is directly tied to enabling a small
UAV to aviate and navigate through the environment and to
communicate its acquired knowledge. Hence, the primary focus of
this paper is on developing an estimator which computes the
variables necessary for control, obstacle avoidance, navigation, and
mapping. Nonlinearities in the system models (both vehicle
kinematics and the vision model) coupled with potentially large
uncertainties in system states make this a particularly difficult

trajectory
planner

desired flight
condition

flight
control

aircraft
dynamics

inertial meas.
airspeed
angle of attack

stabilized aircraft

estimatorvehicle position, velocity
obstacle positions

IMU

vision

φ, θ, ψ

Fig. 1 Framework for a vision/inertial measurement navigation

system. A stabilized aircraft is an aircraft that can maintain a desired

flight condition. This may require measurements such as angular rates,
angle of attack, sideslip angle, and airspeed. In addition, bank and pitch

angles are required to stabilize certain longer-period dynamic modes,

andmore complex functions suchas altitude hold require ameasurement

of altitude.
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estimation problem. This is further exacerbated by the lack of
observability in the system: amonocular vision system provides only
bearings to obstacles, making multiple measurements from different
vantage points necessary to localize it.

State Estimation

Estimating vehicle state as well as the positions of obstacles or
landmarks in the environment is a simultaneous localization and
mapping (SLAM) problem, a field of research which has received
significant attention by the mobile robotics community in recent
years. In a typical SLAM implementation the vehicle obtains
measurements of ego motion (sometimes called proprioceptive
measurements) and relative measurements (generally range and
bearing) to nearby landmarks (called exteroceptive measurements).
Extended Kalman filter (EKF) implementations of SLAM using
range and bearing measurements have been applied both in
simulation and on hardware in many scenarios including indoor
navigation of small robots [21], subsea navigation by AUVs [22],
outdoor navigation by wheeled robots [23], and navigation by
aircraft [24]. In these cases range measurements to landmarks are
available.

Bearings-only SLAM using cameras mounted on wheeled ground
vehicles has also been investigated [25–27]. In these cases only pure
2-D motion is considered and estimation is performed for the planar
environment.

Davison [28] describes a bearings-only SLAM implementation
using only a monocular camera. Again an EKF is used to recursively
estimate the state of the camera and of landmarks, and a constant
velocitymodelwith unknown acceleration is used to describe camera
motion. By itself this system will be able to estimate motion and
landmark positions up to a scale factor. To determine the scale factor
the system is initialized by viewing a set of known landmarks. In
unexplored environments, however, there are no known landmarks
that can be used to determine the scale and some othermeansmust be
employed.

Burschka [29] describes a fused vision/inertial navigation system
for off-road capable vehicles. Here the main focus is on vehicle pose
estimation: a map of the environment is not maintained. Foxlin [30]
describes a wearable vision/inertial system for self-tracking that uses
unique coded fiducials for indoor tracking of humans. A range
estimate is computed based on the size of the fiducial in the image
plane.

State Estimation Problem

As discussed in the Introduction, the scenario considered here
consists of a small UAV flying through an unsurveyed forest (Fig. 2)
using only an inertial measurement unit and a monocular camera.
The onboard camera obtains bearingmeasurements to obstacles (tree
trunks) and the inertial measurement unit provides accelerations and
angular rates in the body-fixed frame.

For the purpose of this research, flight control is taken to refer only
to the maintenance of steady, controlled flight (the first part of the
aviate task, the second part is obstacle avoidance). Navigation refers
to directedmotion toward a goal. In general, the information required
for flight control differs from that required for navigation, and often
the computations and actions required for flight control occur at a
much higher rate than those for navigation. In general, angular rate,
orientation, and speed are required for flight control, vehicle position
is required for navigation, and obstacle relative position is required
for obstacle avoidance.

Low-cost IMUs are subject to scale factor and bias errors that can
drift with time; thus estimates of scale factor and bias are required in
addition to vehicle position, orientation, and speed. Therefore the
vehicle state vector is

v�
h
x y z � �  u v w �T bTa bT!

i
T

(1)

Referring to Fig. 2, (x y z) represents position in the inertial frame,
(� �  ) represent Euler angles with respect to the inertial frame,

(u v w) represents velocity expressed in the body frame, �T

represents the IMU scale factor error, bTa represents accelerometer
bias, and finally bT! represents rate gyro bias.

In addition to vehicle state, obstacle relative positions are required.
In this research absolute obstacle positions in the inertial frame are
estimated. This simplifies themapping process and, as will be further
discussed in the Estimator Design section, simplifies the
computational requirements of the resulting estimator. Obstacle
relative position can easily be computed from the absolute obstacle
position and vehicle absolute position.

The final state vector is

x �
h
xTv xT1 xT2 � � � xTm

i
T

(2)

where xv is the vehicle state defined in Eq. (1), and xi � �xi yi zi�T is
the position of the ith obstacle in the inertial frame.

Given the noisy, limited measurements available from the IMU
and vision system, the problem is to obtain the information required
to control the aircraft, avoid collisions with obstacles, and to permit
navigation. That is, the problem is to compute an estimate x̂ and
covariance P of the state vector x given a process model

_x� f�x;u� (3)

and a measurement model

z imu � g1�x;u� (4)

z cam � g2�x� (5)

Here u represent inputs to the plant, zimu represent inertial
measurements, and zcam represents bearing measurements. The
following sections develop the process model f, the inertial
measurement model g1, the vision model g2, and integrate the
models to form the prediction and the vision update equations.

Sensor and System Models

Coordinate Frames

Navigation is done with respect to an inertial North–East–Down
(NED) coordinate frame O. Sensors are fixed to the vehicle with
known position and angular offsets with respect to a body-fixed
frame B. Acceleration and angular rate are measured using a
strapdown inertial measurement unit in the body frame B, and
bearings to landmarks are obtained in a camera frame C.
Transformation matrices T and Tcam define the transformation of a
vector expressed in O to B and a vector expressed in B to C,
respectively. Coordinate frames are shown schematically in Fig. 3.
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Fig. 2 Schematic of estimation problem. The aircraft obtains bearings
to fixed landmarks (tree trunks) and measurements of acceleration and

angular rate. Using these measurements an estimate of aircraft position,

orientation, and velocity as well as obstacle positions must be obtained.
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Vehicle Kinematic Model

A dynamic model requires knowledge of all inputs, including
disturbances. For small UAVs there is a very high degree of
uncertainty associated with disturbances which act on the vehicle
(i.e., gusts, which are extremely difficult to characterize in cluttered
environments). In this case a standard technique is to use a kinematic
model driven by inertial measurements as a process model.

Vehicle position x, y, z is expressed in the inertial frame; rotations
are expressed as Euler angles�, �, relative to the inertial frame; and
velocity u, v, w is expressed in the body frame. The coordinate
transform T [defined in Eq. (7)] projects a vector expressed in the
inertial frame O into the body frame B. Vehicle kinematics are

_x
_y
_z

2
4

3
5� T�1

u
v
w

2
4

3
5 (6)

The transformation matrix T is defined by the Euler angles of the
aircraft with respect to the inertial frame. Following a roll–pitch–yaw
convention,

T �
cos � cos cos � sin � sin �

sin� sin � cos � cos� sin sin� sin � sin � cos� cos sin� cos �
cos� sin � cos � sin� sin cos� sin � sin � sin� cos cos� cos �

2
4

3
5 (7)

Body angular rates can be expressed as Euler angle rates by

_�
_�
_ 

2
4

3
5� 1 sin� tan � cos � tan �

0 cos� � sin�
0 sin�

cos �
cos�
cos �

2
4

3
5 p

q
r

2
4

3
5 (8)

Expanding Eqs. (6) and (8) gives

_x� cos � cos u� �sin� sin � cos � cos� sin �v
� �cos� sin � cos � sin� sin �w (9)

_y� cos � sin u� �sin� sin � sin � cos� cos �v
� �cos� sin � sin � sin� cos �w (10)

_z�� sin �u� sin� cos �v� cos� cos �w (11)

_�� p� sin� tan �q� cos� tan �r (12)

_�� cos�q � sin�r (13)

_ � sin�

cos �
q� cos�

cos �
r (14)

Inertial Measurement Model

The inertial measurement unit includes accelerometers and rate
gyros. The accelerometersmeasure specific force,which includes the
acceleration of the vehicle and the projection of the acceleration due
to gravity onto the body frame. The rate gyros measure the rotational
velocity of the vehicle. Both sensors include sensor biases and zero-
mean Gaussian random noise. Using the vehicle state vector defined
in Eq. (1), the IMU measurement model g1 can be written as

z a � diag���
�
d

dt
ua � Tg

�
� ba � na (15)

z ! �!� b! � n! (16)

where zimu � �zTa zT!�T is the IMU measurement vector and ua
represents the velocity of the accelerometer. The accelerometer scale
factor correction is represented by diag��� 	 I3
3. The angular
velocity ! represents the components p, q, r of the vehicle angular
velocity, expressed in the body frame.

The IMU is offset from the aircraft center of gravity (CG) by a
known amount �, hence

u a � uv �! 
 � (17)

where uv � �u v w�T denotes the velocity of the aircraft CG

expressed in the body frame B. Taking the time derivative,

d

dt
ua � _uv �! 
 uv � _! 
 ��! 
! 
 � (18)

The terms containing � can be collected into a single expression
representing the accelerations induced by the offset of the IMU from
the aircraft CG:

d

dt
u� _uv �! 
 uv � b��� (19)

Finally the accelerometer measurement model can be written as

z � diag���� _uv �! 
 uv � b��� � Tg� � ba � na (20)
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Fig. 3 Coordinate frames. Frame O is an inertial NED frame. B is the

vehicle body-fixed frame, and thematrixT defines the transformation of

a vector in O to its representation in B. Frame C is the camera-fixed
frame,with the camera’s optical axis alignedwith xc. The transformation

Tcam between the camera frame and the body frameB is assumed known

and the axes of the inertial measurement unit are assumed to be aligned

perfectly with the body frame B.
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Sensor biases and the accelerometer scale factor are assumed to
vary by a random walk model with zero-mean Gaussian driving
terms.

_�� n� (21)

_b a � nba (22)

_b ! � nb! (23)

that is, n��� �N �0;�����.

Vision Model

The camera is assumed to befixed to the aircraft with known offset
�s from the CG and known angular offset from the body-fixed
frame, defined by a transformation Tcam. The camera x axis is
perpendicular to the image plane (coordinate frames are defined in
Fig. 3).

A pinhole camera model describes the projection of a vector onto
the image plane as

z � f
x

y
z

� �
(24)

where f is the focal length and �x y z�T is the vector (expressed in the
camera frame). The focal length f can be normalized without loss of
generality.

For cameras with “standard” field of view (less than
approximately 70 deg) this model is sufficient. In wide field of
view cameras (≳90 deg) this model becomes problematic. The
pinhole projection model becomes ill conditioned for vectors which
are close to 90 deg away from the optical axis (the component x of the
vector expressed in the camera frame approaches 0). To improve
conditioning and to express bearings as azimuth and depression (in
the coordinate frames used here a positive angle is downwith respect
to the optical axis) measurements are modeled as arctangents of the
projection onto the image plane (Fig. 4). For the ith landmark the
vision measurement model g2;i is

z cam;i �
arctan

si;y
si;x

arctan
si;z
si;x

" #
� nc (25)

Themeasurement is corrupted by zero-meanGaussian noisenc. si
represents the vector from the camera to the ith tree, expressed in the
camera frame:

s i � Tcam

2
4T xi � x

yi � y
zi � z

2
4

3
5 ��s

3
5 (26)

When vision measurements to several landmarks are available the
vision measurement vector is formed by concatenating the available
measurements, that is, zcam � �zTcam;1 zTcam;2 � � � zTcam;m�T .

Estimator Design

Inertial/Vision Navigation Filter

In general, estimators follow a recursive process of prediction
followed by correction. Inmany cases the prediction step is driven by
a dynamicmodel of the systemdriven by known inputs and unknown
disturbances, where it is assumed that the disturbances can be
adequately modeled by random process noise. In this research the
prediction step is performed by a kinematic model driven by
accelerometer and angular rate measurements. Noise in these
measurements is treated as process noise.

The correction step is driven by the bearing measurements
obtained from the vision system.

Prediction Step

Incorporating the rate gyro measurement model [Eq. (16)] into
Eqs. (12–14) relates measurements of angular rate to the Euler angle
rates:

_�� �zp � bp� � tan � sin��zq � bq� � tan � cos��zr � br� (27)

_�� cos��zq � bq� � sin��zr � br� (28)

_ � sin�

cos �
�zq � bq� �

cos�

cos �
�zr � br� (29)

wherebp,bq, andbr are the rate gyro biases. The vehicle acceleration
is obtained from the accelerometer model [Eq. (20)] and the rate gyro
model [Eq. (16)]:

_u� zx
�x
� g sin � � bx � �zq � bq�w� �zr � br�v � bx��� (30)

_v�
zy
�y
� g cos � sin�� by � �zr � br�u� �zp � bp�w � by���

(31)

_w� zz
�z
� g cos � cos�� bz � �zp � bp�v� �zq � bq�u � bz���

(32)

z��� and b��� represent the inertial measurement and bias,
respectively, along a body-fixed axis. ���� is the accelerometer scale
factor error along a body-fixed axis, g is the acceleration due to
gravity, and b������ is the acceleration induced by the (known) offset
of the IMU from the vehicle CG.

IMU biases vary as a random walk:

_�� n� (33)

_b a � nba (34)

_b ! � nb! (35)

where �� ��x �y �z�T , ba � �bx by bz�T , and b! � �bp bq br�T .

x

y
z

s

γy

γ z

image plane

Fig. 4 Modified pinhole projection model.
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Finally, obstacles are assumed to be stationary, hence

_x i � 0 (36)

Equations (9–11) and (27–36) represent the kinematics of the
vehicle, inertial measurement unit, and obstacles. These can be
written compactly in discrete form as

xv;k�1
x0;k�1

� �
� fdv �xv;k; zimu;k�

x0;k

� �
� next

0

� �
(37)

The nonlinear function fdv captures the discrete-form kinematics
of the vehicle and the IMU bias states and is driven by the inertial
measurements zimu;k. The external noise term next includes the
assumed noise of the random walk model for the IMU scale factor
and bias drift and may include an additional noise term to cover
unmodeled vehicle kinematics. Inertial measurements are assumed
to be corrupted by zero-mean Gaussian random noise.

The system kinematic equations are used in the prediction step of
the unscented Kalman filter (UKF) algorithm given by
van der Merwe [31]. The process noise for the time update must
still be obtained. In this case process noise arises from the noisy
measurements of acceleration and angular rate. Process noise is
approximated as

Q k � Fz�imuF
T
z ��extT 0
0 0

� �
(38)

where Fz �rzimu
fdv (the Jacobian of the discrete process model with

respect to the inertial measurements), �imu is the covariance matrix
describing the IMU measurement noise, and �ext is the covariance
describing the external noise, including drift of the IMU biases. This
is identical to the EKF process noise approximation and is adequate
for the application being considered. Because obstacles (i.e., trees)
are assumed to be perfectly stationary only components
corresponding to vehicle states have nonzero process noise.

Note that measurements from the IMU are likely to be available at
a much higher rate thanmeasurements from the camera, allowing the
time update to proceed at a higher rate than the vision correction.

Vision Update

Measurements from the camera are incorporated in the
measurement update step of the estimator. The vision model reflects
the projection of a vector in 3-D (the vector from the vehicle to the
feature) onto the 2-D image plane and is represented by Eqs. (25) and
(26). This can be written compactly as

z cam;k � g2�xv;k;x0;k� � nc (39)

Here zcam represents bearings from the vehicle to stationary
features. Measurement noise is represented by the zero-mean
Gaussian random variable nc.

Choice of States

Recall from the State Estimation Problem section that only relative
obstacle position is required to avoid collision. A different state
vector including vehicle state and range and bearings to obstacles
instead of absolute obstacle position would also provide the
information required for control and navigation. Because the vision
system provides a measurement of bearing to obstacles, this would
result in a linear vision update step.

However, while absolute obstacle position is constant, relative
position changes continuously and is a nonlinear function of vehicle
motion, resulting in a more complex prediction step. The prediction
step runs at the IMU measurement rate, which is typically much
higher than the vision frame rate. Computationally, estimating
obstacle relative position is more expensive than estimating absolute
position. Absolute obstacle position estimation has the additional
benefit of immediately providing a map of obstacle positions in the
inertial frame.

Hence absolute obstacle position is estimated along with vehicle
position, orientation, and velocity.

Estimation Algorithm

In many SLAM implementations an EKF is used. As will be
shown later, in this particular example an EKF generally results in
divergent estimates of vehicle and obstacle states.

Rather than approximate the system equations (as done by an
EKF), sigma-point Kalman filters (SP-KFs) approximate the
probability distribution of the state which is to be estimated [31,32].
In contrast with a particle filter, which makes no assumption about
the probability distribution function (PDF), SP-KFs assume a
Gaussian PDF of both state variables and noise. This allows a greatly
reduced set of particles to model the PDF. Because they are more
capable of coping with significant nonlinearities they have recently
become popular in SLAM implementations [1,33,34]. Briefly, in an
SP-KFs the distribution is modeled using a set of deterministically
chosen sigma points which are propagated through the nonlinear
system dynamic equations (the prediction step) and these propagated
sigma points are used to compute a predicted mean and associated
covariance. The propagated sigma points are then used to compute
predicted measurement, which is used to compute both the
innovations and the covariance associated with the innovations.
These are then used in the measurement update step. The reader is
referred to van der Merwe [31] for a more complete description.

Data Association

Inherent in any Kalman filter is an assumption of known data
association. However, in this application (as in many SLAM
implementations) landmarks are indistinguishable from one another,
hence this must be computed explicitly. Note that here
indistinguishable means that landmarks are not uniquely labeled.
They are, however, geographically separated. This geographic
separation is used to compute data association.

Typical data association algorithms are based on using a �2 test to
compare an actual measurement with a prediction. After computing
likelihoods of possible associations either a gated nearest neighbor
approach is used to determine association on a landmark-by-
landmark basis or a joint compatibility test [35] is used to determine
the most likely overall set of associations.

The difficulty of data association in bearings-only SLAM lies in
the small size of the measurement subspace (the 2-D image plane as
opposed to the 3-D physical space). It is especially difficult when
landmarks have not yet been localized to a high degree of accuracy.
Previous work has proposed using additional information (e.g., in an
indoor SLAM implementation described byNeira [27] the lengths of
the vertical lines used as features are used as additional information
for data association; Fitzgibbons [26] uses color) to assist in the
process of data association. In this research additional identifying
information is not available: the vision system provides only a
bearing to a landmark.

A two-stage process is used for data association: first, the current
bearings are compared with those obtained in a previous frame to
check frame-to-frame correspondence; second, bearings to features
not seen in the previous frame are compared with predicted bearings
obtained from landmarks in the map to check if the features have
been seen earlier in the run. Those bearings that are not associated in
either step are assumed to come from a new, previously unseen
landmark.

Frame-to-frame association for point features is used extensively
in opticalflow algorithms. Typically these operate at high frame rates
comparedwithmotion of the vehicle. However, when frame rates are
low and vehicle motion (especially angular motion) is large, frame-
to-frame correlation is more complex. However, additional
information to aid frame-to-frame association is available.

Angular rate measurements available from the IMU are integrated
to obtain the change in orientation between frames (shown
schematically in Fig. 5). The change in orientation is used to calculate
predicted bearings for features seen in the previous frame and these
are compared with current measurements. Whereas changes in
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position of the vehicle will also affect the predicted bearings, this is a
much smaller effect than changes in orientation. Also, changes in
bearing to a feature due to changes in vehicle position require a
measurement of range (which is unavailable here) to the feature to
compute. Hence bearing changes due to vehicle position change are
not calculated but are covered by an increased uncertainty in the
predicted bearing.

A bearing from the previous image is expressed as a vector in the
camera frame. The rotationTf�f between the previous frame and the
current frame is computed by integrating angular rates and is used to
compute the prediction of the bearing in the current frame:

c � Tf�f

1

zy;k�1
zz;k�1

2
4

3
5 (40)

The transformed vector is projected onto the image plane to
determine the predicted bearing �zk.

�z k �
1

cx

cy
cz

� �
(41)

Finally a gated nearest neighbor approach based on the
Mahalonobis distance between the current bearing and predicted
bearings is used to determine association:

dij � �z � �zj�TP�1jj �z � �zj� (42)

The matrix Pjj is the covariance associated with the predicted
bearing �zj and includes measurement uncertainty, uncertainty
induced by the transformation, and a term to cover the change in
bearing due to vehicle position change, which is not incorporated
explicitly.

Features which are not associated with landmarks in the frame–
frame association step are passed to the frame–map association step.
The frame-to-map association compares a current bearing with the
predicted bearings computed using the current state estimate.

dij � �z � ẑj�TP�1zz;jj�z � ẑj� (43)

The Mahalanobis distance is computed to assess the likelihood
that a bearing is associated with a particular prediction and a gated
nearest neighbor approach is used to assign bearings to map
landmarks.

This two-step approach to data association is more robust to
dropouts of individual features (which may be due to occlusion or to
features which are on the edge of the vision system’s detection
envelope) and enables more accurate association when landmarks
have not yet been accurately localized.

Landmark Initialization

Features which are not associated with known landmarks are
assumed to come from new, previously unseen landmarks. As with
data association, landmark initialization is complicated by the lack of
complete measurements to a new feature, and an algorithm for
computing an initial estimate of landmark position is required.

Methods for feature initialization can be characterized as
undelayed or delayed. Undelayed approaches [25,28,36] represent
the conical probability distribution function of a single bearing as a
series of Gaussians which are then pruned as more measurements
become available. Delayed methods collect several bearings to a
feature from different vehicle poses and compute a landmark
position. It is difficult, however, to obtain an initial landmark position
and covariance which is sufficiently Gaussian to prevent divergence
of Kalman-type filters. Bailey [37] describes a method for
constrained initialization which computes the “Gaussian-ness” by
calculating the Kullback–Leibler distance. However this is
expensive to compute and a threshold value had to be determined
experimentally. Another approach is described by Fitzgibbons [26]
and by Montesano [38], where particle filters are used for landmark
placement until the distribution is sufficiently Gaussian to permit a
switch to an EKF framework.

In the current implementation landmarks are assumed to lie on the
ground plane. Using the estimate of the vehicle’s altitude, a new
landmark is initialized at the intersection of the ground plane and a
vector from the vehicle along the bearing to the previously unseen
landmark (obtained from the vision system). This is shown
schematically in Fig. 6.

In the camera frame, a vector to the landmark is

� C �
1

arctan zcy
arctan zcz

2
4

3
5 (44)

This can be transformed to the inertial frame by

� O � T�1�T�1cam�C ��s� (45)

where Tcam is known and T is computed from the estimates of Euler
angles. Uncertainty is present in both the bearing measurement
�zy zz�T and the vehicle orientation (described by T). The vector �O

points from the vehicle to the landmark. The landmark position can
now be computed from the intersection of this vector with the ground
plane, because

� O � �
xi � x
yi � y
zi � z

2
4

3
5 (46)

where �x y z�T denotes the vehicle position in the inertial frame,
�xi yi zi�T denotes the landmark position in the inertial frame and � is

image plane

time tk

time tk+1

image plane

Fig. 5 Frame-to-frame data association. A bearing is obtained at tk.
The camera moves and another bearing is obtained at tk�1. Rate gyro
measurements are integrated to compute the camera rotation between

frames and the expected bearing for tk�1 is computed.

O

x

y

z

Fig. 6 Landmark initialization: A landmark is initialized at the

intersection of the vector from the vehicle to the previously unseen

landmark and the ground plane. The uncertainty is computed by
projecting the uncertainty in the vector onto the ground plane.
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a scale factor. All landmarks are assumed to lie on the ground plane,
hence zi �N �zg;�g�. Therefore:

� � �Oz
zg � z

(47)

xi �
�Ox
�
� x (48)

yi �
�Oy
�
� y (49)

The uncertain parameters leading to the three equations above are
vehicle position x, y, z; ground plane height zg; vehicle orientation �,
�,  [through the transformation in Eq. (45)]; and bearings zCy , z

C
z .

A sigma-point transform can be used to project the bearing and its
associated uncertainty onto the ground plane. First a state vector is
assembled from the current estimate of vehicle position and
orientation, the ground plane height, and the bearing measurements:

� � � x y z � �  zg zCy zCz �T (50)

Similarly a covariance matrix is assembled:

P � �
Pvv 0 0

0 �g 0
0 0 R

2
4

3
5 (51)

wherePvv is the 6 
 6 covariance associatedwith the current estimate
of vehicle position and orientation, �g is the variance of the
uncertainty associated with the ground plane height, and R is the
covariance of the uncertainty associated with the bearing
measurement.

Using this state vector and associated covariance, a set of sigma
points is computed. The sigma points are propagated through
Eqs. (44–49) and finally the estimated landmark position x̂new and
associated covariance Pnew are computed. The system state vector is
then augmented with the new landmark:

x̂ kjk �
x̂kjk
x̂new

� �
Pkjk �

Pkjk 0
0 Pnew

� �
(52)

While the augmented state covariance is initially block diagonal,
the uncertainty in the new landmark position quickly becomes
correlated with both the vehicle state uncertainty and the uncertainty
in previously observed landmark positions.

This method of landmark initialization can be extended to
nonplanar ground if the vehicle has a digital elevationmap (DEM) of
the surrounding terrain. A landmark would now get initialized at the
intersection of the bearing vector and the ground as given by the
DEM. There is one caveat however: as the grazing angle between the
ground and the bearing becomes small the projected uncertainty will
become very large. Additionally, the projected uncertainty will no
longer beGaussian, leading to potential problemswhen the landmark
is added to the estimator.

Estimate Smoothing

Bearing measurements provide no information about vehicle
absolute position or about landmark absolute position. Absolute
position is therefore unobservable, and unless additional information
in the form of absolute measurements are available the estimates of
vehicle and landmark absolute position will drift.

In most SLAM implementations (including this one) the
uncertainty in all the states becomes highly correlated over the course
of vehicle motion. Hence additional information about any of the
states can be used to improve the estimates of all the states. This
information may come from many sources: loop closure, which
consists of revisiting previously explored terrain; observation of

a priori known landmarks; or sporadic GPS updates. Arguably
observations of a priori known landmarks and GPS updates are
equivalent: both are measurements to what are effectively beacons.
With this additional information a smoothing algorithm can correct
the drift in absolute vehicle and landmark positions.

Smoothing of the full vehicle trajectory provides themost accurate
correction of the map. However, this requires enough data that the
vehicle trajectory can be reconstructed: this may consist of all
measurements (both inertial and bearings) obtained through the
trajectory or it may consist of retaining vehicle state estimates and the
associated covariance throughout the trajectory (i.e., rather than only
including the current vehicle state estimate in the state vector, the
current state and all previous states are included). The state vector
will then grow with time, as current vehicle states are added, as well
as with distance, as new landmarks are observed. Both techniques
greatly increase both the storage and computational requirements of
the smoothing step.

Rather than smoothing the full vehicle trajectory, a correction step
can be applied using only the current estimate of vehicle state and
obstacle positions. This results in a less effective map correction but
does not require storage of all measurements or of all previous
vehicle states.

Estimation happens in the state space (i.e., x, P). The correction
happens in information space:

I � P�1 i� Ix̂ (53)

where x̂ is the current estimate of the system state and P is the
estimated covariance. The correction step is

I corr � I� Iadd (54)

i corr � i� iadd (55)

where Iadd is the informationmatrix and iadd is the information vector
associated with the additional state knowledge. The corrected state
and covariance are then recovered:

P corr � I�1corr x̂corr � Pcorricorr (56)

Data Flow

The flow of data through the estimation process is shown
schematically in Fig. 7.

The estimator is initialized at time t0 with

x̂ 0j� � x0 (57)

xk|k-1
^

Pk|k-1

xk|k
^

Pk|k

zk

zk
newzk

old

xnew
^

Pnew

iadd

Iadd

data
association

prediction

vision
update

augment
state vector

correction/
smoothing

measurement

landmark
initialization

Fig. 7 Flow of estimation: The estimation process is initialized at the

junction labeled ★.
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P 0j� � P0 (58)

If there are any landmarks known a priori, they are included in x0

and P0, otherwise only vehicle states are present in the initial state
vector.

At some time tk:
1) Prediction
Predictions of system state x̂kjk�1 and covariance Pkjk�1 are

computed using the previous estimates of state and covariance,
system kinematics [Eq. (37)] and the UKF prediction step equations.

2) Measurement
Bearings are obtained from the vision system.
3) Data association
If there are any landmarks in the state vector, data association is

performed, following the two-step process described in Data
Association. Predicted measurements are computed using the vision
model (39), predicted system state and covariance, and UKF
correction step equations. Bearings associated with known
landmarks (i.e., those already in the state vector) are placed in an
array zold, unassociated bearings are placed in an array znew

4) Vision update
Bearings zold associated with known landmarks are used to correct

the prediction of the system state using UKF correction step
equations, producing x̂kjk and the associated covariance Pkjk.

5) Landmark initialization
Using the recently corrected system state and covariance and the

unassociated bearings znew, initial landmark positions xnew and
covariance Pnew are computed using the landmark initialization
process described in Landmark Initialization.

6) State augmentation
The state vector is augmented with the new landmarks so that

x̂ kjk �
x̂kjk
xnew

� �
Pkjk �

Pkjk 0
0 Pnew

� �
(59)

7) Correction/smoothing
If additional information is available, correct the current state

estimate using Eqs. (54–56).
8) Return to prediction
The process continues recursively.

2-D Simulation Results

The simulations in this paper serve three main purposes: first, to
demonstrate that standard estimation techniques (i.e., the EKF) often
fail to provide a convergent solution to the problem of estimating
vehicle and landmark states; second, to provide results showing that
an unscented Kalman filter-based estimation technique can provide a
convergent, consistent solution to the state estimation problem; and
third, to show that the output from the state estimator can be used by a
trajectory planning algorithm to plan safe, feasible trajectories
through a cluttered environment.

For ease of visualization, simulations were conducted for
navigation in a plane. The state vector x� �xTv xT1 � � � xTm�T contains
vehicle states and obstacle positions. For the 2-D case the vehicle
state vector is

x � � x y  u v �x �y bx by b �T (60)

where x, y,  denote vehicle position and orientation in the inertial
frame;u and v denote velocity expressed in the body frame;�x and�y
denote accelerometer scale factor errors in the body x and y
directions; and finally bx, by, and b denote bias errors for the
accelerometer x and y directions and the rate gyro. The obstacle
position

x � � xi yi �T (61)

includes the obstacle location in the inertial frame.

Aswith the 3-D case the time update step is represented by vehicle
kinematics, driven by inertial measurements. The 2-D vision
measurement is represented by a bearing to a fixed landmark.

In this section data association and landmark initialization are
assumed to be known a priori. This isolates the estimation problem,
allowing a focus on consistency and comparison with an EKF-based
implementation.

Estimate Consistency

Kalman filters propagate an estimate of system state and an
estimate of the covariance of the estimate error. A consistent
estimator is both unbiased (i.e., the expected value of the estimate
error is zero) and accurately estimates the covariance of the estimate
error:

E �xk � x̂k� � 0 (62)

E ��xk � x̂k��xk � x̂k�T� � Pkk (63)

Alternatively,

E ��xk � x̂k�T�xk � x̂k�� � Tr�Pkk� (64)

Hence to evaluate consistency of the navigation solution one can
compare the 2-norm of the estimate error with the square root of the
trace of the covariance matrix. This can be done using Monte Carlo
simulations.

Monte Carlo Simulation Results

The UAV is flown in a circular trajectory of radius 20 m at a
velocity of 10 m=s through a forest of randomly distributed trees (see
Fig. 8). A new forest was generated for each run. UAV position and
velocity was assumed to be known accurately at the start of each run
(�2 � 1 
 10�6) and landmark positions were assumed to be known
with a standard deviation of 1 m (i.e., an initial, but uncertain, map
was provided for each run). Estimates of IMU biases were initialized
with a Gaussian random number using parameters given in Table 1.

Because the purpose of the estimator is to determine vehicle state
and obstacle positions with an accurate assessment of the estimate
error, success of a run is determined by comparing the estimated
standard deviation of the error with the true standard deviation of the
error. These are

�k;est �
�������������
TrPkk

p
(65)
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Fig. 8 Schematic of a single run of the Monte Carlo simulation.

Aircraft speed is 10 m=s, and turn rate is 0:5 rad=s, resulting in a turn

radius of 20 m. The aircraft travels a distance of 200 m, approximately

1.6 times around the circular path.

Table 1 IMU initialization parameters for 2-D simulations

�x �y bx by b 

Mean 1 1 0.15 0.10 0.004
� 0.01 0.01 0.1 0.1 0.02
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�k;truth �
������������������������������������������
�x̂k � xk�T�x̂k � xk�

p
(66)

where for a consistent estimator E�k;est � E�k;truth [Eq. (64)].
Results of a 1000 run Monte Carlo simulation are shown

graphically in Fig. 9. Each plot shows the envelope of the true
variance of estimate error (i.e., theminimum andmaximumvalues of
the 2-norm of the estimate error over all runs at each time step) as a
gray region, the mean of the true variance of estimate error at each
time step as a solid line, and the mean of the estimated error variance
(i.e.,

�������������
TrPkk
p

) at each time step as a dashed line. The EKF
implementation (Fig. 9a) shows clear divergence of the estimate,
with true variance an order of magnitude greater than the estimated
variance. Conversely the UKF implementation (Fig. 9b) shows a
well-behaved estimator with the expectations of true and estimated
variance aligned and a narrow envelope of true variance.

A run is ultimately deemed successful if the estimate error at the
end of the run is less than the estimate error at the state of the run (i.e.,
information has been gained about the vehicle and the environment):

�K;truth < �1;truth (67)

Figure 10 shows a cumulative distribution plot of the error ratio
�K;truth=�1;truth for the UKF-based implementation (solid line) and the
EKF-based implementation (dashed line) for 1000 runs. All of the
UKF-based estimators resulted in improved knowledge of the
environment, and only 205 EKF-based estimators resulted in
improved knowledge of the environment.

The estimated state covariance is an assessment of the uncertainty
in the estimates of the state variables. It can be used in trajectory
planning to generate paths which minimize the probability of
collisions with obstacles; hence accurate estimation of the estimate
error covariance is an important characteristic of a successful
estimator.

The standard deviation of the estimate error at the end of a run can
be used as an assessment of the best-case and worst-case
performance. If a run is successful (i.e., �K;truth < �1;truth)

�K;truth
�K;est

� 1� 	 where 	 >�1 (68)

For a “good” estimator 		 0, indicating that the estimated state
uncertainty accurately represents the true state uncertainty. 	 > 0
indicates that the estimated state uncertainty underpredicts the true
state uncertainty, increasing the likelihood of collisions with
obstacles. 	 < 0 indicates that the estimated state uncertainty is
overpredicted, leading to inefficient trajectories. Note that if the
estimate did not converge then 	 would continue to grow without
bound, and thus would not be a meaningful assessment of
performance. In any case, a diverged estimate indicates failure.

Maximum, minimum, and mean values of (1� 	) are given in
Table 2 for successful runs. Figure 9 showed that all runs for the
UKF-based estimator converged. The largest value of (1� 	) for the
UKFwas 1.73, indicating that the end-of-run true standard deviation
of the estimate error does not exceed the end-of-run estimated
standard deviation of the estimate error bymore than 73%. Themean
value of (1� 	) is 1.05, indicating that on average the true error was
accurately predicted by the estimated covariance. Conversely, the
EKF-based implementationwas unsuccessful for 795 runs, indicated
by the increase in estimate error. For the remaining 205 successful
runs, theworst-case value of (1� 	) was 2.62, indicating that the true
error is 162% greater than the estimated error. On average (for
successful runs only) the true error exceeded the estimated error by
46%.

It should be noted that performance improvement of the UKF over
the EKF is a result of the close proximity of the vehicle to the
landmarks. In this case the uncertainty in estimated vehicle and
landmark positions is significant when compared with the range to
the landmark, increasing the effect of the nonlinearity of the
measurement equations. When the vehicle is operating at significant
distance away from landmarks (whichmay occur when the vehicle is
at higher altitude) very little difference is observed between the UKF
and EKF implementations of the SLAM estimator. In that case the
uncertainty in vehicle and landmark positions is small comparedwith
the range to the landmark. The difference between theUKF and EKF
may be further reduced if a range measurement is provided. In the
current application, however, the UKF showed clear improvement
over EKF-based methods.
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Fig. 9 Estimator consistency for 2-D navigation. A comparison of

estimated standard deviation of the estimate error and true standard

deviation of the estimate error for the EKF implementation a) and UKF

implementation b). Note the difference in scales. Results are from a 1000
run Monte Carlo simulation.
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Fig. 10 Change in estimate error over course of run. A cumulative

distribution plot of the number of runs which resulted in a reduction in

estimate error over the course of each run. All UKF runs resulted in a
reduction in true error (i.e., error ratio<1), only 205 EKF runs resulted

in reduced true error.

Table 2 Maximum and minimum standard deviation ratios. Only

results for successful runs [as defined in Eq. (67)] are presented

max�1� 	� min�1� 	� mean�1� 	�
UKF (1000 runs) 1.73 0.56 1.05
EKF (205 runs) 2.62 0.75 1.46
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Navigation and Obstacle Avoidance

The previous subsection showed that a UKF-based estimator
provides a convergent, consistent estimate of vehicle position,
orientation, and speed of obstacle positions. Flight in an obstacle-
strewn environment also requires an algorithm for obstacle
avoidance and navigation. In this section a randomized motion
planner [39] is used: a sequence of random inputs is generated and the
cost of each trajectory is computed based on the probability of
collision with obstacles (computed from the estimated obstacle
positions and the associated covariance) and final distance from the
goal.

To illustrate flight in a cluttered environment Fig. 11 shows a
sequence of images of a UAV navigating through a forest to a goal.
True obstacle positions are shown as dots, and true vehicle positions
are shown as “wings.” Estimated obstacle positions are shown as�
with associated 3� error ellipsoid, and estimated vehicle positions are
shown as “wings”with associated 3� error ellipsoid. The dotted lines
show the planned trajectory, the solid lines show the actual trajectory
flown. The planned trajectory only accounts for obstacles that have
been “seen” by the camera: unobserved obstacles remain unknown
until they enter the field of view.

Early in the flight (upper left image) estimated obstacle positions
are highly uncertain, as shown by the large 3� uncertainty ellipsoids.
As the aircraft approaches an obstacle it is localized with greater
accuracy, reflecting both the fact that more measurements to that
obstacle have been obtained and that the measurement geometry
permits more accurate localization at shorter range (the “spread” of
the uncertainty in the bearing is smaller at close range). The increase
in positioning certainty has the consequence of increased safety
during operations close to an obstacle: with greater certainty in
obstacle position come greater certainty that a planned collision-free
path is actually collision free.

Conclusions

This paper has presented a framework to enable control and
navigation of small autonomous UAVs operating in cluttered
environments, using only a monocular camera and inertial
measurements as sensing. In this framework, an estimator computes
vehicle state (position, orientation, and velocity) and the positions of
obstacles in the environment.

Fig. 11 Obstacle avoidance and navigation in 2-D environment. The sequence of images shows flight through a 2-D forest to a goal position.
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The state estimation problemwas cast in a framework of bearings-
only SLAM, with inertial measurements providing information
about ego motion and bearings to landmarks (obtained from the
vision system) providing information about the surroundings. The
nonlinearities in system models combined with the likelihood of
significant uncertainties in system states resulted in an estimation
problem that could not be solved reliably using standard techniques.
To address the problem of estimation in the face of nonlinearities and
significant uncertainty, a SP-KF was implemented and shown to
provide consistent, reliable estimates of vehicle state and obstacle
position, along with the associated covariance.

Landmarks are not uniquely labeled: therefore data association
must be computed explicitly. In typical SLAM implementations data
association is computed based on a comparison of the actual
measurements with predictions computed from the current best
estimate of vehicle position and landmark positions. In bearings-only
SLAM applications (such as this one) data association is made more
complex by the lack of full information provided by the
measurements: the vision system projects a 3-D world onto a 2-D
image plane. This measurement to map approach of data association
is especially prone to failure when uncertainty in either vehicle state
or landmark position is high (a landmark’s position uncertainty is at
its greatest when it is seen for the first time), and correct data
association is a critical component of successful state estimation.

This paper has presented a two-step approach to data association.
The first step compares current bearings with those obtained in the
previous image frame to check frame-to-frame correspondence. The
second step compares bearings with predictions based on landmarks
in the current map. This approach is better able to perform data
associationwhen landmark position uncertainty is high and it ismore
robust to dropouts of both individual features (which may occur
when a feature is occluded) and dropouts of an entire frame. Any
bearing which is not associated with a mapped landmark is assumed
to come from a new, previously unseen landmark.

When a landmark is seen for the first time, an initial estimate of
range must be obtained. Like data association, this is complicated by
the lack of sufficient measurements: a single bearing provides only
enough information to localize a landmark along a ray but gives no
information about distance. In this research landmarks are assumed
to lie on the ground plane. Using the estimate of aircraft position
(including altitude) and orientation along with the measured bearing
to the new landmark, an initial position estimate is computed at the
intersection of the bearing and the ground plane.

The UKF-based estimator was combined with a trajectory planner
to demonstrate in simulation flight through a cluttered environment.
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