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Abstract— This paper presents an approach for shared control
of a Remotely Operated Vehicle (ROV) to assist the vehicle’s
pilots in servicing of moored underwater platforms. By providing
precise automatic control of the ROV with respect to the mooring,
a shared control system is established such that the ROV hovers
automatically with respect to the mooring and the pilot is
free to focus only on the manipulation tasks. The positioning
system uses a single calibrated camera to measure bearings to
several fiduciary markers on a test mooring of known position in
the mooring’s coordinates. An Unscented Kalman Filter (UKF)
fuses these bearing measurements with vehicle sensors such as
compass, inclinometers and rate gyros to estimate the relative
position and orientation of the mooring with respect to the
ROV. The approach leverages technology that has been presented
previously for vision-based automatic tracking and observation
of deep ocean animals. Results from simulation and field trials
of this positioning system using the ROV Ventana in Monterey
Bay are presented.

I. INTRODUCTION

Several deep ocean cabled observatory networks are nearing
deployment. These networks will enable data sampling of the
ocean at high temporal and vertical resolutions. Via cabling to
shore, the networks will be remotely monitored and directed
in real-time.

One component of these observatories is moored platforms
which are to be deployed and serviced using Remotely Op-
erated Vehicles (ROVs). One possible approach to servicing
a mooring is to attach the ROV to it, followed by servicing
or changeout of components using other manipulators of the
ROV. However, attaching to such massive structures presents
significant risks of damage to both the ROV and the mooring,
as well as the potential for losing the ability to detach.

This paper discusses an alternate approach for servicing
the moorings with an ROV by providing precise automatic
control of the ROV with respect to the mooring requiring
no fixed attachment. That is, the approach provides a shared
control system in which the ROV hovers automatically with
respect to the mooring, and the pilot is free to focus only
on the manipulation tasks. Such automation requires a robust
computer vision sensing system that can estimate the relative

position and orientation of the mooring with respect to the
ROV, along with an automatic positioning control system to
achieve precise station-keeping of the vehicle with respect to
a face of the mooring.

This paper presents the design of such a mooring-relative
automatic positioning system that has been tested in the field
using the ROV Ventana in Monterey Bay. The vision system
incorporated in this study uses a single calibrated camera
to measure bearings to several fiduciary markers on a test
mooring of known position in the mooring’s coordinates. An
Unscented Kalman Filter (UKF) fuses these bearing measure-
ments with vehicle sensors such as compass, inclinometers and
rate gyros to estimate the relative position and orientation of
the target with respect to the vehicle. Control loops are closed
using the vehicle’s thrusters to position the vehicle such that
a constant range to the mooring is maintained while pointing
directly at the marked portion of the surface. The vision system
is designed to recognize when any of the markers is obscured
by the ROV’s manipulators, and redundancy in the number
of markers allows one marker to be obscured without losing
observability of the mooring’s orientation.

The approach leverages technology that has been presented
previously for vision-based automatic tracking and observation
of deep ocean animals [1]–[8]. The animal observation system
was designed to sense the relative position of the specimen of
interest and servo the vehicle to maintain a constant range to
the animal while pointing directly at it (thus absolute heading
control is not a core requirement). Several extensions to that
system are necessary to enable station-keeping with respect
to the mooring. The primary differences are the needs (a) to
estimate the orientation (and rotational velocity) of the tracked
object, (b) to servo the vehicle such that it is always pointed
at a specific face of the object as it rotates and (c) to handle
intrusions of vehicle appendages (such as manipulators) in the
camera’s view.

The remainder of the paper is organized as follows: Section
II describes the hardware and software architecture used for
sensing and control. Section III describes the design of the
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Fig. 1. Block diagram of top-level architecture. All software elements run
at a 10 Hz rate.

vision system. Section IV covers the design of the estimator
that computes the relative position, orientation, and velocity of
the target with respect to the vehicle. Section V describes the
architecture of the control system. Section VI presents results
from simulated cases and documents field trials in Monterey
Bay, California. Finally Section VII presents conclusions and
the near-term future directions of development for the system.

II. SYSTEM ARCHITECTURE

The high level architecture of the system for mooring-
relative positioning of an ROV is shown in Figure 1. The
key hardware components are the ROV and the thrusters that
servo the vehicle, the camera used to view the mooring,
and a gyrocompass. For field testing, an additional hardware
component is the test target representing a simplified moored
platform. The software side of the architecture is partitioned
into three major components: visual tracking, estimation, and
control.

A. Hardware

The ROV Ventana is a hover-capable vehicle that can dive
to 1500 m and carries a suite of instruments, cameras, a high
definition camera, manipulators for instrument deployment and
retrieval, and devices for sampling the ocean floor and animals
in the midwater. The ROV is actively controlled in axial, lateral,
vertical and yaw axes, but passively stabilized in pitch and roll.
The ROV Ventana is pictured in Figure 2.

The camera used to view the mooring is the Pegasus
model by Insite Pacific, Inc., a pressure-housed color camera
with auto focus. This model has a horizontal field-of-view
of 48 degrees, and a vertical field-of-view of 37 degrees, in
water. The camera is mounted on a pan/tilt servo mechanism
positioned at the front of the vehicle, near the top.

The vehicle is equipped with an Octans gyrocompass and
Attitude and Heading Reference System (AHRS) (a product
of Photonetics), which includes fiber optic gyros that measure
angular rates and computes vehicle angles with respect to

the earth. The angular rates and vehicle angles from this
gyrocompass are used to assist the estimation process, which
will be described in Section IV.

A test target was constructed to provide a portable “moor-
ing” substitute that can be deployed temporarily and recap-
tured after experiments, and is shown in Figure 3. The target
consists of a white metal plate with checkerboard fiduciary
markers placed at known locations on the plate. The plate is
weighted down from its two lower corners with lead weights
on strings and a float is strung to its top center. Thus the plate
is suspended vertically in the water column with only limited
translations and rotations possible. A “handle” extends from
the bottom center of the plate as a test point for manipulation
by the ROV pilot during stationkeeping experiments.

With a single camera that can view at least three non-
collinear points of known position in the frame of the mooring,
the mooring’s position and orientation with respect to the
camera are observable. On the test target here, four fiduciary
markers are present. Hence, there is redundancy in measuring
its relative position and the system can operate at full capa-
bility with one marker obscured (e.g., by one of the robot’s
manipulators).

B. Software

The software components include a set of algorithms that
achieve visual tracking of the fiducial markers on the test
mooring. These leverage the vision algorithms used in [4] to
segment out the fiducial markers from the background of the
test mooring and the water. The visual tracking algorithms also
perform correspondence of the segmented patches from the
current image to each marker, and maintain filtered predictions
of the image patches for correspondence in the next cycle.
Furthermore, the algorithms are capable of recognizing when
a marker is obscured by a manipulator or otherwise not visible.

The estimator component estimates relative position and
orientation of the mooring and the vehicle’s velocities using
the measured pixel locations from the visual tracking algo-
rithms. The estimator implemented is an Unscented Kalman
Filter (UKF) which handles nonlinear dynamics and sensor
models naturally. (While a UKF might not be required for a

Fig. 2. The ROV Ventana.



Fig. 3. Photo of test target used for relative positioning tests.

perturbational stationkeeping system, it was chosen here to
enable the extension to systems executing larger and/or faster
motions.)

The control portion of the software accepts estimates of
the states of the vehicle and mooring to compute commanded
positions and velocities. The control objectives are separated
into four independent loops: a pointing loop that seeks to point
the control camera at the center of the mooring, a ranging
loop that seeks to maintain a constant range to the center of
the mooring, a loop that regulates relative altitude between the
vehicle and target, and an absolute heading control loop that
seeks to match the vehicle’s heading to the estimated heading
of the mooring’s face. Position commands are then computed
by projecting errors into each of the vehicle’s controllable
axes, and are implemented by a set of independent PID control
loops corresponding to each axis.

III. VISION SYSTEM DESIGN

The vision sensing system receives camera images as input,
and outputs the pixel locations of the centroids, in image
coordinates, of each fiducial marker of the target mooring.
Also output is a validity flag that identifies whether or not the
vision system has successfully matched a pixel group to that
marker.

The architecture is partitioned into three components: seg-
mentation, correspondence, and prediction. Segmentation par-
titions the current image from the camera into background
pixels and groups of pixels that may be the target’s fidu-
cial markers. Correspondence compares each pixel group to
the expected characteristics for each marker and matches
markers to pixel groups (blobs). The prediction step utilizes
the corresponded marker/blob pairs to update the expected
characteristic vector.

A. Segmentation

The segmentation subsystem of vision processing is the
first step in processing the input image. The segmentation
process for the current implementation of the mooring-tracking
application is identical to the process used in the tracking
of deep ocean animals [1], [5]. The algorithms consist of
a series of fixed parameter filters that remove noise and
marine snow, followed by a morphological gradient filter. The

output of this gradient filter is thresholded to extract image
regions that contain high local gradients. This has been found
to segment out successfully a wide range of ocean animals
from the background at a low computational cost and with
fixed thresholds. The test target used in the mooring tracking
experiments is specially designed to trigger these same filters
by placing checkerboard patterns as fiducial markers on a flat
background.

B. Correspondence

Correspondence is carried out by scoring each candidate
pixel region, or “blob”, with the predicted profile associated
with each marker. The feature vector used for this comparison
includes blob characteristics such as blob centroid in image
coordinates, pixel area, aspect ratio, average intensity and
average gradient. Multiple markers are matched to incoming
measurements from the current image. First, each blob is com-
pared to each profile using a weighted difference between the
blob’s features and the marker’s predicted features, resulting
in a score for each possible pairing. Then, the best scores
for each marker are selected and matches are annunciated.
If, for a given marker, no blob’s score is sufficiently good
(as occurs when a marker is obscured for instance), then no
match is made and that marker’s measurement is reported as
unavailable to the estimator and the prediction step of vision
processing.

C. Prediction

The prediction step of vision processing uses the current
matched blob measurements to update the profiles associated
with the fiducial marker set. The update uses a weighted
average of the previous profile vector and the current measure-
ment, effecting a low pass filter on the measurements. Future
implementations of this system will most likely leverage the
information available from the estimator about motions of the
vehicle and target to predict more accurately the expected
changes in the metrics of the blob vector, similar to the image
coordinate prediction step of [9].

IV. ESTIMATOR DESIGN

The states estimated are the relative position between the
vehicle and target, the velocity of the vehicle relative to the
target, the orientation of the target and its heading rate. This
estimator is designed to handle nonlinearities in both the
equations of motion and the observation models. Furthermore,
its structure is flexible to handle losses of one or more observa-
tions dynamically as the vision system flags individual fiducial
markers as unmeasured from time to time. The estimator
is designed to have bandwidth properties such that noise is
filtered adequately while still providing a fast enough response
to allow tight control of the vehicle’s relative position to the
mooring.

A. Nomenclature and Equations of Motion

Figure 4 illustrates the coordinate systems and vectors
that define this problem, drawn from an overhead view. An



assumption is made that the target’s center is stationary and
therefore the water frame may be treated as inertial.

The estimator tracks the following state vector using a
process model made up of the equations of motion in Equation
2:

x =
[

rTv q̇T
v λT

t ψ̇t

]T
(1)

ẋ = f(x,uv,λ,ω,nf ,nλt , znωt) =


d
dtrv = −q̇v − ω × rv
d
dt q̇v = g

(
uv + nf , q̇v

) − ω × q̇v

d
dtλt =

[
nλt

T
ψ̇t

]T

d
dt ψ̇t = znωt

(2)

In Equation 2, coordinate systems are indicated with sub-
scripts, t and v, indicating the target frame and vehicle frame
body coordinates respectively. The function g(·) represents the
translational dynamics of the vehicle in the water, which can
contain terms accounting for the relationships between the
thrusters, the vehicle’s dry and added masses and damping
forces.

ω is the angular rate of the vehicle, expressed in body
coordinates. Note that both λ and ω are not treated as
states of the estimator, but rather are used directly as known
quantities in the process model. These quantities are sensed by
a gyrocompass which includes fiber optic gyros that measure
angular rates and also computes vehicle angles with respect
to the earth. The choice to remove them from the state vector
was made to reduce the order of the estimator, and is possible
due to the reliability and quality of the sensors used on the
vehicle to measure these quantities, as well as their availability
at a high sample rate.
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Fig. 4. Definition of vectors and coordinate frames.

The function g(·) in Equation 2, which represents the
translational dynamics of the vehicle in the water is defined
here in Equation 3 to be a purely kinematic model driven by
white noise acceleration:

g
(
uv + nf , q̇v

)
= nf (3)

The target is modeled as stationary in its translational
degrees of freedom, but able to rotate about any axis. However,
only the heading angle is assumed to experience any sustained
rates of change. Thus, the equations of motion of the target
in Equation 2 show the heading rate, ψ̇t, as an explicit
state, whose derivative is driven by the white noise angular
acceleration term, znωt . The dynamics in the target’s pitch
and roll angles (the first two terms of λt) are driven by white
noise velocity inputs, nλt .

B. Observation Model

The observations are expressed as a camera pixel measure-
ment, s(i), of the ith marker at the position in camera frame
of l(i)c :

s(i) = hcam

(
l(i)c

)
+ n(i)

cam

i = {1, 2, . . . , Nmrk} (4)

with,
hcam (·) = dc {n∗ p (·)} (5)

where, p(·) is the projection function for a pinhole camera
model, and dc{·} is a lens distortion model as calibrated for
camera c [10], [11]. The camera was calibrated in air and the
underwater refraction effect is handled by scaling the bearings
by n∗, the sea water/air refraction index of 1.339 [12].

Each position vector l(i)c is computed as follows:

l(i)c = cTt · l(i)t

= cTv ·v Tt · l(i)t

= cTv ·v Tw(λ, rv) ·w Tt(λt) · l(i)t

(6)

where aTb represents the homogeneous transformation matrix
converting vectors expressed in frame b to frame a [13]. The
positions of the markers in the target frame, l(i)t , are assumed
known, as is the transform from vehicle frame to camera
frame, cTv, derived from measured pan and tilt angles of
the camera mount and its known location with respect to the
vehicle. The other transform matrices are computed from the
sensed vehicle angles, λ, (which are used directly) and the
state estimates of rv and λt.

C. Estimator Implementation

A Sigma-Point Kalman Filter (SPKF), using the Unscented
Kalman Filter (UKF) implementation was chosen here [14],
[15]. The SPKF is an estimator that provides the ability to
naturally handle nonlinearity in both the process and sensor
models without linearizing those models and without incur-
ring significant computational costs compared to an Extended
Kalman Filter (EKF), which requires model linearization about
the mean state estimate.
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The architecture relating the process and sensor models
and their interactions with the system’s sensors is illustrated
in Figure 5. This diagram illustrates a number of features
of this estimator. The handling of sensor validities is rep-
resented by the block labeled “Validity Processing”. This
process dynamically assembles available sensor measurements
into the vector, y, and constructs a measurement covariance
matrix, Rn based on the subset of measurements available.
Via this block, the measurement update dynamically adjusts its
structure to prevent sensor readings that have been flagged as
“not valid” from being applied to the estimation process. This
happens often with the vision system, whose correspondence
component is designed to reject false tracking matches and
also occurs if a portion of the target leaves the view of
the camera. The flexibility of the Kalman filter architecture
that is carried through to the SPKF allows this adjustment to
happen naturally without modification to the core estimation
algorithms.

Because the UKF estimator used here is nonlinear, band-
width was approximated using the rise time of responses to
steps in sensor readings as a proxy for bandwidth [16]. The
final bandwidths, in Hz, of the estimator are 0.7 Hz in vehicle
x axis (which dominates range estimates), 1.15 Hz in vehicle
y axis, 1.43 Hz in vehicle z axis (vertical) and 0.7 Hz in
estimating the target’s heading.

V. CONTROL DESIGN

The automatic positioning control system has a goal of
maintaining a constant range to the center of the target, while
facing directly at the face in heading.The control architecture
is illustrated in Figure 6. This architecture is nearly identical
to that used in automatic tracking of animals [7]. The main
modification made is that instead of the heading reference
being set by the operator, the reference heading is now
commanded to match the estimated heading of the target, ψ̂t.

VI. RESULTS

A. Simulated Performance

Step responses of the coupled estimator/control system were
tested in simulation for the mooring-tracking application. The

results for each loop are shown in Figure 7.

B. Field Experiments

The system has been tested in Monterey Bay, California
using the test target shown in Figure 3. The task was to
demonstrate shared control with the ROV pilot, such that
the automatic positioning system holds the ROV steady with
respect to a face of the target while the pilot operates a
manipulator to place a ring around the tube that descends from
the bottom of the target. This task was achieved repeatedly in
field testing, demonstrating that the relative positioning control
system achieves stationkeeping performance that is sufficiently
steady to enable finely controlled intervention tasks using the
ROV’s manipulators. A photograph taken from the control
room during these experiments is shown in Figure 8.

VII. CONCLUSIONS AND FUTURE WORK

The concepts of outfitting a moored target with fiducial
markers and sensing its position and orientation using a sin-
gle camera, and thereby enabling precise relative positioning
control have been proven out by the system and experiments
presented in this paper. Future development of this system
will address visual issues that are expected when dealing with
a real moored instrument that is deployed for long periods
of time and can be expected to incur bio-growth. Also, the
disturbance levels due to currents and tether forces on the
ROV in the environment of future moored instruments must
be analyzed to ensure that the automatic positioning system is
tuned to be able to reject them sufficiently.
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Fig. 8. A photograph of the control room during experiments in shared
control of the ROV to manipulate a moored target.
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