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Abstract

This paper will present recent advances in the de-
velopment of a vision sensor for automatic control of
underwater robots. This research is a joint e�ort be-
tween the Aerospace Robotics Laboratory (ARL) at
Stanford University and the Monterey Bay Aquar-
ium Research Institute (MBARI). Speci�cally, we
have developed and veri�ed experimentally a vision
sensor which provides real-time vehicle global posi-
tion updates, while simultaneously creating a mo-
saic, or composite image map, of the ocean 
oor.
This novel sensor is the enabling technology within
our vision-based navigation system for intelligent
underwater vehicles.

I. INTRODUCTION

Our primary motivation for the development of a
vision-based sensor for autonomous navigation from
video has been to enhance the capabilities of under-
water robots used by marine scientists. With this
goal in mind, we have successfully demonstrated
in our previous research the use of vision as a lo-
cal displacement sensor in unstructured, underwater
environments. Speci�cally, we have accomplished
two crucial tasks using our vision sensor: station-
keeping [9] (i.e. holding station over a �xed point
on the ocean 
oor), and mosaicking [8] (i.e. form-
ing a composite image of the ocean 
oor by aligning
successive images from a video stream). We have
demonstrated these tasks in both the test tank with
OTTER, an autonomous underwater vehicle (AUV)
designed and built by students at ARL and techni-
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cians at MBARI, and in the open ocean on Ven-

tana, a remotely operated vehicle (ROV) owned by
MBARI.
The focus of our current work is to extend our

vision capabilities from local displacement to global
position sensing. (In this context, \global" refers
to measurements taken with respect to a reference
frame which is �xed to the ocean 
oor, and whose
origin is de�ned by the initial location of the ve-
hicle. In contrast, a \local" measurement refers to
the relative displacement between a pair of images.)
While our advances in video mosaicking have been
useful for both AUVs and ROVs, this task su�ers
from a serious limitation, namely, the propagation
of image alignment errors as the length of the mo-
saic increases (see Figure 1). This error propagation
has two detrimental e�ects :

� It restricts the use of vision as a global po-
sition sensor, since dead-reckoning (i.e. the
integration of local image displacement mea-
surements to determine global position) will re-
sult in unbounded errors in the global measure-
ments over time.

� It places a practical limit on the size and ac-
curacy of the �nal mosaic, since the errors will
result in poor image alignment whenever the
vehicle path crosses back upon itself. This mo-
saic is the map used for both vehicle control and
user speci�cation of navigation commands.

To overcome these obstacles, we have developed
a method for optimal estimation of the vehicle's
global position. The key sources of information in
this technique are the crossover points in the image
chain, where the vehicle path loops back upon itself
(Figure 1). Our method takes advantage of these
crossover points to improve the position estimates
in two stages:

� Crossover Detection and Correlation By
detecting when the vehicle path crosses it-
self, and correlating the two images at each
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Figure 1: Error Propagation, Reduction in Im-

age Chain

For an image chain of length n, the error vari-

ance in the global position of the �nal image is

proportional to n. By utilizing optimal estima-

tion, the additional information gained at the

crossover point can be propagated along the

entire loop to minimize the errors along that

section of the image chain.

crossover point, we can obtain an additional
measurement of the vehicle's current global
position. This external measurement can be
used to \reset" the dead-reckoning integration
error, thereby improving future position esti-
mates (Figure 2).

� Smoother By utilizing the additional estimate
of current global position (from the previous
stage) as a starting point, we can propagate
our sensor model equations backwards to ob-
tain a second estimate of the global position
and error at every point along the loop. By
combining these estimates with the forward es-
timates performed in real-time, we can reduce
the position errors around the entire loop (Fig-
ure 2), thereby improving the accuracy of the
mosaic map.

Recently, we have veri�ed experimentally our op-
timal estimation method on our precision gantry
platform, a system capable of controlling a camera
head in 6 DOF within its workspace. The devel-
opment and experimental validation of these core
algorithms will be detailed in this paper.
The utility of this new vision technology extends

beyond the arena of underwater vehicle control -
this work can also be applied to land, air, and space-
based vehicle control and navigation applications.

II. BACKGROUND

In just the past few years, the use of vision as a sen-
sor for control and navigation has been a topic of re-
search on a wide variety of vehicle platforms. These
range from video correlation-based terrain-tracking
techniques for planetary lander navigation [10], to
visual landmark navigation for land-based vehicles
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Figure 2: Stages of Position Estimation

Stage 1: Sequence the kinematic state equa-

tions forward to obtain dead-reckoned position

estimates. Stage 2: Detect crossover points

in the vehicle path, and correlate the overlap-

ping images to \reset" the dead-reckoned inte-

gration error. Stage 3: Smooth the estimates

around the loop in the image chain, by propa-

gating the state equations backward and com-

bining these measurements with the forward

estimates.

[13]. The latter work is akin to our current research
in that it uses optimal estimation techniques, in this
case an extended Kalman �lter (EKF), to improve
vehicle position estimates for the purpose of au-
tonomous navigation. Their particular focus is the
maximum likelihood detection and identi�cation of
visual features (i.e. landmarks) using current ve-
hicle state estimates. The resulting measurements
are then applied to future state estimates through
the EKF. In essence, their vision measurements are
used to improve the dead-reckoned state estimates
derived from on-board sensors, which is analogous
to the role of crossover detection and correlation in
our work.

Recently, several researchers have approached
the problem of underwater mosaicking, to produce
visual maps of the ocean 
oor. Interesting re-
sults have been achieved in the area of constrained
video mosaicking, in which a multiple-column mo-
saic is created by correlating the images in adja-
cent columns [8]. This research e�ort has also pro-
duced impressive single-column mosaics of the sea

oor using Ventana, the MBARI ROV. Related re-
search has investigated the possibility of extending
the concept of mosaicking to include 3-D motion
estimation for vehicle control [12]. There has also
been promising theoretical work to solve the occlu-
sion problem when mosaicking terrain with signi�-
cant altitude variations [6, 11]. While this research



has been quite successful,the intensive computations
required prohibit a real-time implementation of the
necessary algorithms.

Our current work builds upon the latest successes
in video mosaicking, in an attempt to produce a
system capable of creating maps not just for vi-
sualization, but for the purposes of vehicle posi-
tion sensing and navigation. While recent simula-
tions have been quite successful in demonstrating
terrain-relative underwater navigation by matching
current video or sonar data to bathymetry maps
of the ocean 
oor [2], our goal is to explore un-
known environments, without the bene�t of any a

priori knowledge of the scene. Our past work has
explored several alternate optimal estimation tech-
niques [3, 5, 4], including both discrete and continu-
ous dynamic �lter-smoothers. However, these algo-
rithms were limited in their practical usefulness, ei-
ther because they relied on restrictive assumptions,
such as constant inter-image local displacements or
the presence of a dynamic model of the vehicle, or
because they were too computationally intensive to
be implemented in an on-line navigation system.
This paper describes several algorithms which com-
bine the strengths of our previous approaches to en-
able on-line corrections to the mosaic and current
vehicle state estimate, based on the vision sensor
kinematics. Dynamic models of the vehicle can be
used to further improve the estimates, but they are
not required by our current method.

III. OPTIMAL ESTIMATION

METHOD

This section will provide an overview of our method
for optimally estimating the vehicle global position
from image data. Before proceeding, it is important
to understand the mosaicking process. At initializa-
tion, a snapshot of the current ocean 
oor scene is
stored as a static reference image. Every new image
from the camera is then correlated against this im-
age by comparing texture regions in both images, to
provide a direct measurement of the local image dis-
placement. Whenever the vehicle moves more than
one image frame, a new reference image is snapped
and aligned with the previous one, thereby creating
a composite image of the scene as the vehicle moves.
Currently, vehicle motion is restricted to 2-D trans-
lational motions within a plane parallel to the ocean

oor.

A. Sensor Model

Once these local displacements have been measured,
they are used as inputs to the sensor state model
to estimate image and vehicle global displacements.

This sensor model is a set of kinematic equations
based on the sensor geometry. Figure 3 depicts this
geometry, where W is the world frame, C and V

correspond to the image and vehicle frames, respec-
tively, when the reference snapshot was taken, and
C 0 and V 0 correspond to the current image and ve-
hicle frames, respectively. I and I 0 (not shown) are
the 2-D frames in which the inter-image local dis-
placements are measured. Thus, the I , C, and V

and frames are updated every time a new snapshot
is taken, and the I 0, C 0, and V 0 frames are updated
at approximately 15 Hz. Units are pixels in the I
frames; units are meters/radians in the C and V

frames. Based on this geometry, a �rst order ap-
proximation of the image and vehicle global state
and error covariance has been derived, using the fol-
lowing assumptions:

� The local displacements I�x, I�y, the range C0

r,
and the Euler angles W�C0 (roll), W�C0 (pitch),
and W C0 (yaw) are the available, independent
measurements at each time step, along with
their corresponding variances. Furthermore, all
measurements at time k are independent from
those at time k + 1.

� The error distributions on these fundamental
measurements can be modeled as Gaussian.

� The world (i.e. global) frame is de�ned such
that its origin is coincident with the origin of
the initial image, and its axes coincide with the
vehicle frame axes when V� = V� = V = 0.

� The ocean 
oor is 
at and planar, and it coin-
cides with the X-Y plane of the world frame.

� The vehicle is free to translate (not rotate) in
a single plane parallel to the ocean 
oor.

� All rotations (W�C0 , W�C0 , and W C0) are small
(< .1 rad).

�

C�x
Cr

,
C�y
Cr

are small (< .1).

� V ar(Cr) << �Cr̂2, V ar(W C0) << 1 rad2

Since the equations that result from this deriva-
tion are too lengthy to describe in this paper, it is
su�cient for this discussion to state that the out-
puts of this model are the image global state esti-
mate vector (WX̂C0), the image global state error
covariance matrix (Cov(WXC0)), the vehicle global
state estimate vector (WX̂V 0), and the vehicle global
state error covariance matrix (Cov(WXV 0)). The
image state vector is de�ned as follows:



WX̂C0 �

0
BBBBBB@

Wx̂C0

WŷC0

WẑC0 � 0
W�̂C0

W�̂C0

W ̂C0

1
CCCCCCA

and the vehicle state vector is similarly de�ned.

This set of kinematic equations is propagated for-
ward as new images are added to the evolving mo-
saic. Thus, real-time estimates of image and vehi-
cle state are produced as new image measurements
are received. As shown in Figure 5, the variance of
these dead-reckoned state estimates increase with-
out bound as the path length increases.
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Figure 3: System Geometry

B. Crossover Detection and Correla-

tion

In order to determine exactly where the vehicle path
intersects itself, the location of every image in the
mosaic is checked, relative to the current image.
However, due to the uncertainty of the image po-
sition estimates, it is necessary to determine the
bounding ellipsoid of possible locations for each im-
age at every time step.

The �rst step in determining these bounds is to
propagate the kinematic state equations backwards
from the current image through the image chain.
Note that since only the location of each image rel-
ative to the current image is required, the sensor
model is initialized with zero position and variance.
The next step is to compute the n� uncertainty el-
lipsoids around each relative image location, where
n sets the desired con�dence in the crossover detec-
tion, and � is the standard deviation of the mea-
surement. For instance, if n = 3, there is a 98.9%
probability that the actual relative image location

is within an ellipsoid centered at the estimated loca-
tion, with semi-axes 3�x, 3�y. If an image is found
such that its location ellipsoid lies completely within
the current image, this image pair is considered to
be a crossover point.
Once a crossover image-pair is detected, the two

images are correlated to measure their local dis-
placement. Using this measurement, a new estimate
of the current image global position is calculated,
which is used in future position estimation calcula-
tions as the vehicle continues along its path.
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Figure 4: Vehicle State Estimates
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Figure 5: Vehicle State Variance Estimates

C. Smoother

Given the additional estimate of the current im-
age position, it is possible to use this measurement
to improve the estimates around the loop just de-
tected. First, the kinematic sensor equations are



propagated backwards, using the crossover estimate
of current image position as a starting point (Fig-
ures 4, 5). Thus, for each point along the loop, there
are two estimates of position, from forward and
backward propagation of the sensor model. Note
that these two estimates are independent at ev-
ery point k, since the forward estimate uses local
displacement measurements 1 through k, while the
backward estimate uses local displacement measure-
ments n through k+1, where n+1 is the length of
the image chain. At each point k, these two mea-
surements can be combined to determine the max-
imum likelihood estimate of image global position
[1]:

S(k) = Sb(k) + Sf (k)

x(k) = S�1(k) [�b(k) + �f (k)]

where the information matrix S � Cov(x)�1

and the information vector � � Sx. These im-
provements are demonstrated in Figure 4, where
the dead-reckoned and smoothed estimates are com-
pared to the truth, and Figure 5, which shows the
reduction in estimate error variance.

V. EXPERIMENTAL

RESULTS

A. Experimental Mapping and State

Estimation

We have recently demonstrated our mosaicking and
vehicle global position estimation capabilities on our
6-DOF precision gantry platform. Using a dual-
Pentium 133 MHz PC, we were able to estimate
the vehicle global position at 15 Hz, while a mosaic
of the scene was created (Figure 6). During this
computation, the evolving mosaic was displayed in
real-time to the user, including graphical overlays
representing the current vehicle position estimate
and uncertainty ellipsoid.

B. Crossover Detection Validation

In addition to demonstrating our mosaicking tech-
nology, we were able to implement the �rst of the al-
gorithms described in this paper, namely, crossover
detection. During the creation of the mosaic shown
in Figure 6, the vision sensor propagated the sensor
equations backwards at every time step and checked
for overlap with any of the existing images within
the mosaic. As the mosaic looped back upon itself,
the crossover between the �rst and �nal images was
detected. As our research progresses, we will con-
tinue to implement these core algorithms and test
them experimentally, using our gantry as a truth
measurement system to verify our results.

Figure 6: Experimental Mosaic

C. Navigation System

In previous work, we have demonstrated experi-
mentally the ability to navigate OTTER from vi-
sion in the MBARI test tank environment [7]. The
next phase of our research will be to incorporate
our optimal estimation techniques into our naviga-
tion system, and demonstrate this improved tech-
nology both on our precision gantry platform, and
on OTTER in the test tank.

V. CONCLUSIONS

We have presented a novel method for the optimal
estimation of vehicle global position from a vision



sensor. In particular, two core algorithms were dis-
cussed: the crossover detection and correlation, and
the smoother. The validity of this approach was
demonstrated experimentally for the �rst time on
our 6-DOF precision gantry platform. This tech-
nique is the key enabling technology for our future
demonstrations of robust, autonomous underwater
vehicle navigation in unknown environments.
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