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Abstract—This paper describes a relative position sensing strategy that
fuses monocular vision (a bearing measurement) with accelerometer and
rate gyro measurements to generate an estimate of relative position be-
tween a free-floating underwater vehicle and a stationary object of inter-
est. This type of position estimate is a core requirement for intervention-
capable autonomous underwater vehicles. These vehicles can perform au-
tonomous manipulation tasks, during which the vehicle needs to control
its position relative to objects in its environment. For free-floating un-
derwater vehicles, camera motion is generally unknown and must be es-
timated together with relative position. Various vision-only systems have
been used to estimate relative position and camera motion, but these are
difficult to implement in real underwater environments.

The system we propose relies on vision to generate relative position
information, but also fuses inertial rate sensors to reduce the amount of
information that needs to be extracted from the vision system. The result
is a system that potentially is simpler and more robust than a vision-only
solution. However, the use of inertial rate sensors introduces several is-
sues. The rate measurements are subject to biases, which need to be esti-
mated to prevent the accumulation of unbounded drift when the measure-
ments are integrated. This problem is non-linear, which presents several
challenges in the estimator design. Finally, sufficient camera motion is
required for the estimator to converge, which necessitates the design of a
suitable trajectory.

This paper discusses some of the implementation challenges, outlines
an estimation algorithm that is uniquely adopted for this sensor fusion
problem, develops a method to generate useful vehicle trajectories, and
presents some results from laboratory experiments with a testbed manip-
ulator system. For these experiments, the estimator was implemented as
part of a closed-loop control system that can perform an object pick-up
task.

I. INTRODUCTION

Relative position estimation and control are core require-
ments for intervention-capable autonomous underwater vehi-
cles (AUVs), an emerging class of underwater vehicles capable
of performing autonomous manipulation tasks, such as placing
sensors and retrieving samples. This paper focuses on a new
relative position sensing system based on a simple, robust vi-
sion system and inertial rate sensors (accelerometers and rate
gyros). The goal is to develop an overall solution that is suffi-
ciently robust to function in real, operational underwater envi-
ronments, which pose significant challenges for the implemen-
tation of vision-based sensing.

The sensing system fuses bearing information (e.g., from
monocular vision) with inertial rate sensor measurements to
estimate relative position, velocity and attitude. The estimate
is computed in real time and is suitable for closed-loop control.
This system relies on very simple vision requirements: track-
ing a single feature in a single camera image. The underwater
environment exacerbates the typical challenges of identifying
good visual features, establishing feature correspondences and
robust tracking. Reducing the vision requirements by integrat-
ing inertial rate sensors has the potential to produce a more ro-
bust underwater sensing system than typical vision-only tech-
niques.

Our previous work has demonstrated that monocular vision
is a very robust and versatile sensor in the ocean environment
(e.g., [1] for vision-based ROV position control and [2] for sea
floor mapping). This has motivated us to explore monocular
vision as a position sensor to enable autonomous manipulation
tasks.

The bearing measurements from monocular vision and in-
ertial rate sensors complement each other well. The motion
of the camera between successive images generates a baseline
for range computations by triangulation. Inertial rate sensors,
whose acceleration and angular rate measurements can be in-
tegrated to obtain velocity, position and attitude, can account
for the 6-DOF motion of the camera along this baseline. When
these measurements are fused, the relative position between
the observer1 and the object can be computed. A key benefit
of this system is that, after initialization, the inertial rate sen-
sors continue to maintain a useful estimate of relative position
during vision drop-outs (e.g., occlusions, lack of correspon-
dence). Furthermore, both inertial rate sensors (for navigation)
and monocular vision systems (for science purposes) are al-
ready common sensors on underwater vehicles.

Inertial rate sensors suffer from bias and random noise er-
rors that lead to unbounded drift during a simple integration
of the measurements to account for observer motion. While
greater accuracy can be achieved with more expensive sensors,
our approach is compatible with low-cost inertial rate sensors,
which are subject to significant drift errors. We have designed
an estimator that explicitly accounts for these inertial rate mea-
surement errors.

The estimation problem has to handle two significant non-
linearities. The first is related to the rotational motion of the
observer and the second is caused by the camera’s projection
of the three-dimensional world onto the 2D image plane. As
a result, the dynamics and measurement equations are non-
linear and depend on the actual state of the system. In fact,
the estimator exploits the non-linearity of the problem to re-
solve the range to the feature. As motion of the observer mod-
ifies the system state, the measurement equations change, and
new measurements (i.e., bearings to the object from new view-
points) make the range to the object observable.

The ability of this estimator to converge depends on the mo-
tion of the observer. For example, during camera translation
directly towards the feature, the estimator has no new informa-
tion with which to improve its range estimate. Only camera
motions transverse to the feature direction provide observabil-
ity for the range estimate. However, motion directly toward the
object is typically required to complete a manipulation task.

1In this paper, observer refers to the system that includes the sensors and the
estimator, and not the estimation algorithm itself.
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Fig. 1. OTTER: a small underwater vehicle operated in MBARI’s test tank

The paper presents a method to generate trajectories that blend
these competing objectives. The method is based on an opti-
mization that attempts to minimize the predicted error covari-
ance, subject to completing the manipulation task.

This paper presents three significant extensions of our previ-
ous work. In [3], we argued that standard non-linear estimation
tools fail to provide adequate solutions for this sensor fusion
problem and explored an alternative approach for a simplified
(2D) problem. In [4], we discussed a trajectory generator for a
relative position estimator that uses measurements from a bear-
ing sensor and assumes known observer motion. In [5], we pre-
sented a laboratory testbed and demonstration task to evaluate
our sensing system. In this paper, we first outline a new algo-
rithm that can estimate relative position, velocity, attitude, and
inertial rate sensor biases in the context of the full 3D prob-
lem. Second, we develop a method to design trajectories for
this problem. Third, we demonstrate the effectiveness of this
relative position sensing strategy with a laboratory experiment
performing an object pick-up task using real sensor measure-
ments.

Section II defines the sensor fusion problem and presents
models for the vision and inertial rate sensor measurements,
the dynamics, and disturbances. Section III discusses relevant
problems in non-linear estimation and Section IV describes our
estimator design. Section V develops a method to design useful
observer trajectories.

We have conducted our initial experiments in the laboratory
with a fixed-base 7-DOF manipulator arm, described in Sec-
tion VI. This platform provides a truth measurement and can
be used to investigate competing approaches, to simulate dif-
ferent disturbance environments, and to quantify performance.
Section VII demonstrates the effectiveness of our estimator de-
sign by combining the estimator with a trajectory and a con-
troller to build a system that can accomplish a simple manipu-
lation task. It also quantifies the performance of the estimator.

Finally, Section VIII states our conclusions and outlines fu-
ture work. Specifically, we are now preparing for an under-
water vehicle demonstration on OTTER (see Fig. 1 and [6]), a
small AUV operated in a test tank at MBARI, the Monterey Bay
Aquarium Research Institute.

II. SENSOR FUSION PROBLEM

A. Estimation Scenario

Fig. 2 shows a stationary object and a moving observer, com-
posed of a camera and inertial rate sensors. The camera is
tracking the object and the inertial rate sensors are reporting
the observer’s acceleration and angular velocity. The purpose
of the estimator is to determine the relative position and veloc-
ity between the object and the observer.
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Fig. 2. Geometry of the estimation problem.
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Fig. 3. Block Diagram showing the Estimator, Trajectory, Controller, Plant
and Sensors.

Frame N is the inertial frame and p indicates the position of
a feature on the stationary object tracked by the camera. Let
q be the position of the observer body frame B. To simplify
the discussion, we assume that the camera and the inertial rate
sensors are all co-located at q. In practice, any known position
offset between the sensors and the origin of frame B can be
incorporated into the algorithm. The z-axis of the body frame
is aligned with the optical axis of the camera. R is the rotation
matrix that transforms a vector resolved in inertial coordinates
to the body frame. ω is the associated rotational velocity re-
solved in the body frame.

The position of the feature as seen by the observer is r = p−
q. We assume that the feature is stationary in the inertial frame,
so ṗ = p̈ = 0. Therefore, ṙ = −q̇ and r̈ = −q̈. Because of
this assumption, a measurement of the observer acceleration q̈

is useful for estimating the relative feature position r.
We use the superscriptB (e.g., Br = Rr) to indicate that the

vector is resolved in Frame B instead of inertial coordinates.

B. System Block Diagram

The block diagram in Fig. 3 shows the entire system com-
posed of the estimator, trajectory, plant and sensors. The cam-
era measurement zs and inertial rate sensor measurements za

and zω , along with the control commands u are passed to an es-
timator, which computes a state estimate x̂. The difference xe

between the desired trajectory xd and the state estimate is used
by the controller to generate the next u. The control command
and any disturbances d drive the plant dynamics to generate a
new state x.
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C. Sensor Models

The vision measurement zs is the projection of Br onto the
image plane, and is modeled as follows:

Br = R (p − q) (1)

ρ = Brz (2)

zs =

[

sx

sy

]

=
1

ρ

[

Brx
Bry

]

+ vs (3)

where vs is zero-mean Gaussian noise. For simplicity, we as-
sume that the camera measurements are normalized so the ef-
fective focal length is 1. We will refer to ρ as the range to the
feature and to sx and sy as the bearing. The optical axis of the
camera is aligned with the z-axis of Frame B.

The models for the inertial rate sensors are derived from
those in [7]. The accelerometer measures specific force, which
includes the acceleration q̈ of the observer and a component
due to gravity. The measurement za also includes sensor bi-
ases ba and sensor noise va.

za = R (−q̈ + αg) + ba + va (4)

We assume that va is zero-mean Gaussian noise. g =
[

0 0 −g
]T

is the acceleration due to gravity in inertial
coordinates. α ≈ 1 is a scale factor that captures variations in
the size of the gravity component and any scale factor errors
induced by the sensor. This scale factor is important because
the gravity component in the measurement is much larger than
the actual acceleration for typical underwater vehicles. There-
fore, small errors in the gravity model can lead to large errors
in the apparent observer acceleration.

The rate gyro measurement includes the rotational velocity
ω of the observer, sensor biases bω, and zero-mean Gaussian
sensor noise vω.

zω = ω + bω + vω (5)

We use random walk models to capture the dynamics of the
inertial rate sensor parameters.

d

dt
ba = na (6)

d

dt
bω = nω (7)

d

dt
α = nα (8)

na, nω and nα are Gaussian white noise driving terms.

D. Dynamics and Disturbances

For simplicity, we assume 1/s2 dynamics for observer po-
sition and a trivial actuator model. Therefore, the velocity is
driven by a known control input u and a disturbance d which
represents unknown external forces on the observer (e.g. ocean
currents) as well as errors in the actuator model.

d

dt
q̇ = u + d (9)

The disturbance is modeled by a first-order Gauss-Markov pro-
cess.

d

dt
d = −

1

τ
d + nd (10)

where nd represents Gaussian white noise.
If λ represents the observer attitude, then we can write

d

dt
λ = E (λ) ω (11)

We have chosen simple models for dynamics, actuators, dis-
turbances, sensor biases, and sensor noise. More sophisticated
models should be used when they are available and perfor-
mance improvements warrant them.

III. NON-LINEAR ESTIMATION ISSUES

The design of an accurate non-linear estimator for the sensor
fusion problem described in the previous section is the main fo-
cus of this research. Equations (1) to (11) include several non-
linearities as a result of the rotational motion of the observer
and the projection in the camera model. Therefore, the design
of the sensor fusion algorithm requires a non-linear estimator,
like the Extended Kalman Filter (EKF) [8]. However, while the
EKF is a useful solution for many non-linear estimation prob-
lems, we have shown in [3] that the direct application of the
EKF to this problem fails to generate an adequate solution.

There are many methods to design non-linear estimators
(e.g., [9], which also considers a relative position estimation
problem based on measurements from a bearing sensor and in-
ertial rate sensors). However, our work has focused on appro-
priate modifications to the Kalman Filter (a common estimator
design for linear problems). The Kalman Filter has many ad-
vantages: it is a flexible method that can handle complex prob-
lems; and the design can take advantage of a significant body
of engineering solutions in the literature.

The Kalman Filter, and all of its modifications, like
the EKF and those discussed below, propagate a state esti-
mate x̂i = E (x | z0...zi) and a covariance matrix Pi =

E
(

(x̂ − x) (x̂ − x)T | z0...zi

)

forward in time according to

the system dynamics (time update). New sensor measurements
are used to correct the estimate and covariance (measurement
update). At a given time-step i, the estimate and covariance
capture all of the information about the system, including all
past measurements (which is indicated by the conditioning on
z0...zi).

This property of the Kalman Filter framework leads to a
complication for this sensor fusion problem. The problem be-
longs to a class of non-linear estimators for which the depen-
dence of the measurement model on the state (e.g., through
observer motion) is essential to establish system observability.
In this problem, the estimator has to perform an implicit trian-
gulation using bearing measurements from two different loca-
tions which are separated by a significant period of time (i.e.,
the time required to traverse from the first view of the object to
the second2). If a measurement zj is useful only together with
a second measurement zk at a later time-step j < i ≤ k, the
information in zj must be retained implicitly in the covariances
established in Pi until zk is incorporated. As a result, the es-
timator is very sensitive to errors in both the measurement and
time updates for this class of problem.

2In reality, the estimator incorporates all bearing measurements acquired at
the sample rate of the camera, not just those acquired at specific locations, but
this simplified example is useful to illustrate the point.
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The EKF is not a suitable approach for this problem because
errors introduced by approximations in the method contami-
nate the covariance matrix and lead to strongly biased esti-
mates. The first-order Taylor series expansions used to lin-
earize the measurement equations and dynamics can introduce
significant errors, especially when the estimation error is large
or the estimates are biased. This distorts the record of previ-
ous measurements stored in the covariance matrix, which leads
to future estimation errors. Thus, a self-reinforcing process is
established in which biased estimates lead to further biases.

Many Kalman Filter modifications attempt to reduce esti-
mation error for non-linear problems by addressing how the
non-linear equations in the sensor and dynamics models are
linearized. For example, the approximations of the EKF can
be improved by using higher-order Taylor series expansions
and more careful treatment of the stochastic differential equa-
tions [10], but the complexity of these approaches becomes
prohibitive for all but the simplest problems. The choice of
states used to represent the system can affect the performance
of a non-linear estimator by shifting non-linearities from from
one type to another or from one part of the system to another
(for example, using states that yield a linear measurement up-
date [11], [12]).

Some approaches, most notably the Unscented Kalman Fil-
ter (UKF) [13], [14] and particle filters [15] approximate the
probability distribution instead of the non-linear equations.
These filters represent the estimate uncertainty with a set of
points chosen according to the a priori statistics and propagate
these points through the exact non-linear equations. While par-
ticle filters are more flexible and potentially more accurate than
the UKF, they use a much larger set of points and are compu-
tationally very expensive, especially for larger systems. The
UKF is similar to the EKF in computational cost, but tends to
generate more accurate results than the EKF.

IV. ESTIMATOR DESIGN

Our estimator design is based on a combination of the meth-
ods described in the previous section. We are using the Kalman
Filter framework with a choice of states, x, that leads to a linear
measurement update. Insisting on a linear measurement update
transfers all of the non-linearities into the state dynamics. The
time update, which captures these dynamics, is implemented
with the unscented transform, a component of the UKF.

Implementing a linear measurement update requires a
choice of states that leads to a linear sensor model z = Hx,
where H is constant. Consequently, the measurement update
equations are not a function of the state estimate and are there-
fore not susceptible to biased estimates and large initial condi-
tions. The remaining source of error in the measurement up-
date is the assumption that the states can be modeled as Gaus-
sian random variables, which is not necessarily true for non-
linear problems.

We have a choice in the representation of feature range ρ.
Because it does not appear in the sensor model, it is not con-
strained by the requirement of a linear measurement update and
we are free to choose a representation that improves the non-
linearities in the dynamics. We represent feature range with
ζ = 1/ρ, which leads to low-order polynomials as the dom-
inant non-linearities in the state dynamics. Polynomials tend

to result in more accurate estimator time-updates than, for ex-
ample, ratios, which are induced by representing range with
ρ.

The estimator state vector is given by:

x =





























sx

sy

ζ
v

Bd

ba

Z

ψ
bω





























v =





vx

vy

vz



 = Bq̇ = Rq̇

Bd = Rd

Z =





Zx

Zy

Zz



 = R





0
0
α





(12)

Z represents the direction of gravity in the body frame mod-
ified by the accelerometer scale factor α. ψ is the heading,
or rotation about Z. Together, Z and ψ define the attitude
(λ = f (Z, ψ)). A similar representation for attitude is de-
scribed in [16].

The corresponding state dynamics are given by (6), (7), and

d

dt
sx = −vxζ + sxvzζ

+ sxsyω̄x − (1 + s2x)ω̄y + syω̄z (13)
d

dt
sy = −vyζ + syvzζ

+ (1 + s2y)ω̄x − sxsyω̄y − sxω̄z (14)

d

dt
ζ = vzζ

2 + ζsyω̄x − ζsxω̄y (15)

d

dt
v = u + Bd − ω̄ × v (16)

d

dt
Bd = −

1

τ
Bd − ω̄ × Bd + nd (17)

d

dt
Z = −ω̄ × Z +

1

α
Znα (18)

d

dt
ψ =

1

α
(

Z2
y + Z2

z

)

[

0 Zy Zz

]

ω̄ (19)

ω̄ =





ω̄x

ω̄y

ω̄z



 = zω − bω − vω (20)

Note that the rate gyro measurement zω is used directly in the
dynamics. The noise sources vω, nd, na, nω and nα repre-
sent process noise. In practice, ψ is updated with a difference
equation that avoids the singularity when Zy = Zz = 0.

We use the square-root version of the unscented trans-
form [14] to propagate the estimate and covariance forward
in time. We chose this algorithm based on accuracy, ease of
implementation, and computational efficiency.

The camera measurements zs and the accelerometer mea-
surements za are incorporated with a linear measurement up-
date. Although the accelerometer measurement could be used
directly in the dynamics (as we have done for the rate gyro
measurement), including it in the measurement update allows
us to take advantage of the disturbance model and the known
actuator commands to reduce estimation error.

The measurement update is implemented with an array algo-
rithm [17]. The combination of an array algorithm for the mea-
surement update and the square-root version of the unscented
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transform for the time-update leads to an algorithm that op-
erates on and stores only the square-root of the covariance,
and not the actual covariance, which results in better numer-
ical properties and reduced computational cost.

This estimator was designed to achieve two key properties:
low estimate bias errors and accurate prediction of the error
covariance. The first property is important because bias errors
tend to represent the largest source of estimation error in this
type of non-linear system. The second property is useful for
observer control and trajectory design. For example, the size
of the predicted variance for the range estimate could be used
to switch between an exploratory and grasping phase of the
vehicle during a manipulation task. The predicted error covari-
ance will be used directly for the trajectory design in the next
section.

V. TRAJECTORY DESIGN

The convergence of this estimation problem depends on the
motion of the observer. In particular, only components of mo-
tion perpendicular to the line of sight to the object enable ob-
servability of range. Therefore, we need a trajectory design
that ensures that the observer realizes sufficient motion for
the estimator to converge. Beyond convergence, optimization
of the trajectory can also improve the estimator performance.
This section explores some of the issues in generating trajecto-
ries for this problem and outlines a design method.

Much of the literature on trajectory design for bearing sen-
sors has come from the passive sonar tracking community.
In [4], we have discussed this issue in the context of a bearing
measurement from vision and known observer motion, with
additional constraints due to non-holonomic observer dynam-
ics and related visibility constraints. In this case, the solution
to the trajectory design problem is an optimization of an ob-
servability metric over a set of feasible observer paths. Our
preliminary work focused on the Fisher Information Matrix as
an observability metric. But further work has shown that the
predicted error covariance is a better measure of the trajectory
quality because it captures the expected behavior of the esti-
mator more accurately.

We have adopted a similar approach for our current prob-
lem, but have had to modify the implementation to account for
some important differences. First, we are considering a three-
dimensional problem with no kinematic constraints, so the set
of feasible paths is much larger. Also, the complexity of eval-
uating a given path is greater. Therefore the complexity of the
optimization increases dramatically and the method described
in [4] becomes intractable. Second, we have to incorporate
new task-specific constraints. For instance, many intervention
tasks, including manipulation, require that the observer reaches
a given relative position at the end of the trajectory.

In order to incorporate the task-specific constraints and to
reduce the computational cost of the trajectory design, we rep-
resent the set of feasible paths with a superposition of motion
primitives, each defined by parameters that can then be op-
timized. Using properly designed primitives ensures that only
motions that satisfy the constraints, like reaching the desired fi-
nal relative position, are considered in the optimization. Using
primitives to optimize trajectories has already been discussed
in [18].
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Fig. 4. Motion Primitives.

The primitives were chosen to capture a small number of
useful motions. This allows the designer to express heuristics
and helps to guide the optimization towards a good trajectory.
Fig. 4 shows the three primitives used to assemble the set of
feasible paths. The first primitive (“descent”) is used to encode
the forward motion of the observer that is required to complete
our object pick-up task. The other two primitives (“one-lobe”
and “two-lobe”) are used to generate transverse observer mo-
tion. The last two primitives are motivated by much of the pre-
vious work in trajectory design for bearing sensors (e.g., [4],
[19]).

The 6-DOF trajectory defines the desired observer attitude
and relative position that are used by the controller to guide the
robot. Each trajectory lasts for 20 s and represents one attempt
to pick-up an object with the manipulator. Motion in the final
4 s is predefined to enable grasping of the object. The rest of
the trajectory can be optimized to improve estimator accuracy
while reducing the amount of observer motion.

Motion towards the object is accomplished with the descent
primitive in the z-direction of the body frame (i.e., along the
optical axis). Transverse motion is accomplished by superim-
posing the one-lobe and two-lobe primitives in the pitch, roll,
and y-direction. For each primitive, the start time, total dura-
tion, and magnitude can be varied. The yaw and x-direction
are held constant, which keeps the observer motion in a plane.
In this way, a vector of 20 parameters is used to describe each
trajectory. Based on initial experience, we defined a default pa-
rameter vector which describes a useful trajectory—we refer to
this as the default trajectory.

This parameterization of candidate trajectories together with
a cost function is used to perform an optimization. The cost
is the linear combination of integrated predicted variance of
the ζ-state of the estimator, final predicted ζ variance, final
predicted bias variance, and integrated control effort. These
four components are scaled based on the corresponding values
for the default trajectory.

One result of the trajectory optimization is shown in Fig. 5.
Each trace shows a trajectory in the x-z plane of the inertial
frame. Here, the x-direction points towards the object and the
z-direction points up. The optical axis of the camera is indi-
cated by guides spaced at 0.5 s intervals along the traces. The
trajectory start and finish, as well as the object location, are
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Fig. 5. Observer trajectories in the x-z plane.

defined by the problem. The plot shows the default trajectory
and an optimized trajectory. The optimization represents a re-
duction in cost of approximately 20% relative to the default
trajectory. It is a trade-off towards increased observer motion
in favor of lower estimation error.

Our trajectory design method generates sufficient observer
motion while enforcing task-specific constraints, like termi-
nating at a given relative position. The method is based on
a trajectory parameterization that uses motion primitives. We
defined a cost function to balance estimator accuracy with the
amount of observer motion. While we were not able to com-
pute a global optimum because of local minima, our optimiza-
tion was able to generate new trajectories that represent a sig-
nificant improvement over our default trajectory.

VI. LABORATORY TESTBED

The goal of this research is to develop a relative position
sensing strategy that is useful for intervention-capable AUVs.
In fact, the sensor measurements used by our algorithm were
chosen because they are typically available on these robots.
However, in our initial work, we have worked with a fixed-
base manipulator in the laboratory. The manipulator provides
a truth measurement of position, which is usually not available
when using operational vehicles.

Fig. 6 shows the K-1607 manipulator built by Robotics Re-
search Corporation3. It is a 7-DOF, kinematically redundant
manipulator whose endpoint can be moved to any position and
attitude in its workspace. We have attached a camera and
inertial rate sensors (DMU-6X Inertial Measurement Unit by
Crossbow4) on the endpoint of the manipulator in order to
demonstrate the estimator performance in the context of real
sensor measurements. All of the manipulator joints are instru-
mented with encoders, so that the exact position of the endpoint
can also be computed.

While vision processing for underwater environments re-
mains a challenging problem, many researchers have already
developed useful algorithms that can track features on various
types of objects in these environments. In our current research,
we assume that a point-feature can be tracked robustly, and fo-

3http://www.robotics-research.com
4http://www.xbow.com

Fig. 6. RRC K-1607 7-DOF Manipulator.

Inertial Rate
Sensors

LED

Camera

Fig. 7. Manipulator endpoint showing the camera, inertial rate sensors, and
gripper and the cup with infrared LED.

cus instead on integrating this type of measurement into a po-
sition estimator. For this experiment, we use an infrared LED

to simulate a visual feature. The camera has an infrared fil-
ter which blocks most of the ambient light. When the LED is
in the camera’s field-of-view, the resulting image contains a
bright spot that can be tracked by simple threshold methods.

We have developed a simple robotic task—picking up an
object—to demonstrate the relative position estimator. The ob-
ject is a large plastic cup which the robot can pick up using a
pneumatic gripper. The manipulator endpoint, with the grip-
per, camera, and inertial rate sensors, as well as the cup are
shown in Fig. 7. An LED on the handle of the cup is the only
feature that the camera can see. The relative position estimate
obtained by fusing the bearing to this LED with inertial rate
sensor measurements is used to control the motion of the robot.

The controller in Fig. 3 is a trajectory-follower with a feed-
forward component to follow the nominal trajectory and a
feedback component to account for deviations from the nom-
inal. This controller uses only the state estimate and is not
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specific to the K-1607 manipulator implementation.
The purpose of this testbed system is to simulate observer

motion (i.e., the “plant” in Fig. 3) at the manipulator endpoint.
The input to the plant is a vector u of forces and torques ex-
pressed in the observer body frame. The output is composed
of q, the resulting observer position5, and x, the system state.

Fig. 8 shows how the K-1607 manipulator is used to imple-
ment the plant in Fig. 3. First, arbitrary observer dynamics are
simulated to generate the desired observer position qdes. Cur-
rently, we simulate 1/s2 dynamics (which are typical for vehi-
cles like OTTER), but more elaborate models could be used.
The desired position is then passed to the manipulator con-
troller, which computes joint torques τ with full knowledge
of the current joint angles φ. This is an accurate, high band-
width feedback controller running at 200Hz. For the purpose
of this experiment, we can assume an identity transformation
from qdes to q. Knowledge of the actual robot joint angles is
used only within the plant block to simulate observer motion
and as a truth measurement.

In a real underwater experiment, the observer would be sub-
ject to significant disturbances. These could be included in our
laboratory testbed with suitable disturbance models. However,
we are not yet injecting any artificial disturbances into the sys-
tem. Our results in the next section assume that the disturbance
input is zero.

VII. EXPERIMENTAL RESULTS

This section presents results obtained from experiments with
the K-1607 manipulator. We implemented the estimator as part
of the closed-loop control of the manipulator arm, as shown in
Fig. 3. The estimator, trajectory and controller for this experi-
ment are described in the previous three sections. The experi-
ment did not use an external disturbance input.

Before each run of the experiment, the observer (manipula-
tor endpoint) is moved to a random initial position q0 and the
estimator is reset to the initial estimate x̂0, which assumes that
the initial target range is 0.65m and that all other states, includ-
ing inertial rate biases, are unknown. Throughout the experi-
ment, the feature position p remains constant. The system then
uses the current state estimate to control the observer along a
precomputed trajectory (the default trajectory from Section V),
which defines the desired observer attitude and relative posi-
tion. If the estimate x̂ of the state x of the system is sufficiently
accurate, the manipulator succeeds in picking up the object.

Fig. 9 shows the evolution of the relative position estimate
r̂ (resolved in the body frame and computed from the state es-
timate x̂). For each coordinate, the plot shows an overlay of
twenty runs, each representing different initial observer posi-
tions. The z-coordinate represents the range to the target while
the x- and y-coordinates are parallel to the camera’s image

5For the purpose of this discussion, position includes the observer attitude.
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Fig. 9. Relative position estimate for twenty runs, each with different initial
conditions.
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Fig. 10. Observer position for twenty runs, each with different initial condi-
tions.

plane. The plot shows that all the runs start with the same ini-
tial estimate x̂0, that these estimates have different transients
to account for the variation in actual relative position, and that
they then converge as a result of the closed loop control on the
relative position estimate. Because range is poorly observable,
the traces on this plot separate and converge more slowly than
the other two. The final relative position estimate doesn’t ap-
proach zero because the gripper (whose relative position does
go to zero to pick up the object) is offset from the sensors.

Fig. 10 overlays the actual observer position q (a truth value
computed from the manipulator joint encoders) for the same
twenty runs. The initial observer positions q0 range from
−0.02 to −0.50m in x, 0.11 to 0.36m in y, and 0.63 to 1.04m
in z. This plot shows that the controller, which has access only
to the relative position estimate and not the truth measurement
q, is successful in moving the observer from various initial po-
sitions to the same final position near the object. For all runs,
the robot was able to pick up the cup. Table I shows the mean
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and standard deviation of the final observer position for these
runs.

TABLE I

MEAN AND STANDARD DEVIATION OF FINAL OBSERVER POSITION

standard
mean (m) deviation (m)

qx 0.211 0.006
qy 0.437 0.003
qz 0.867 0.002

The variation between the runs in Fig. 10 are due to a com-
bination of estimation errors and controller performance. The
sensors and the estimator introduce significant delays into the
control loop which reduce the controller accuracy. Therefore,
the results in Table I represent an upper bound on the estima-
tion error. However, this experiment did not include a distur-
bance input, which would further degrade the estimator perfor-
mance.

This experiment shows that the estimator is able to converge
using inertial rate sensor measurements and bearing measure-
ments to only one feature on the object. Furthermore, the esti-
mator works well in the context of real sensors. Although the
experiment uses an artificially robust vision system, the inertial
rate sensors are inexpensive with higher drift rates and larger
measurement noise levels than are typically assumed for AUVs.

VIII. CONCLUSIONS

In this paper, we have discussed a sensor strategy that fuses
bearing measurements to a fixed object with inertial rate sen-
sor measurements in order to estimate relative position. This
capability satisfies a core requirement for intervention-capable
AUVs: a robust, real-time estimate of the relative position be-
tween the free-floating vehicle and a stationary object.

We have defined this sensor strategy, discussed its key ad-
vantages, identified some implementation challenges, outlined
an estimation algorithm, developed trajectories that generate
sufficient observer motion, and performed laboratory experi-
ments to evaluate it. The experimental results demonstrate the
effectiveness of this sensor strategy in the context of real sen-
sor measurements. We have shown that the estimator can be
used as part of the closed-loop control of a manipulator arm
performing an object pick-up task.

Our future work will focus on demonstrating this sensor
strategy on OTTER, our test-tank AUV, and on one of MBARI’s
ROVs. Although we have already demonstrated this capabil-
ity with the same sensors that will be available on typical un-
derwater vehicles, we anticipate some new issues. Our ex-
periments with the laboratory testbed have assumed a low-
disturbance environment and accurate models for the observer
dynamics. This assumption needs to be relaxed as we transi-
tion to a real underwater vehicle. We also need to couple this
capability with a suitable vision processing algorithm that can
report bearings to objects that are not specifically marked with
an LED or other artificial features.
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