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Stereovision Imaging on Submersible Platforms
for 3-D Mapping of Benthic Habitats

and Sea-Floor Structures
Shahriar Negahdaripour, Senior Member, IEEE,and Hossein Madjidi

Abstract—We investigate the deployment of a submersible plat-
form with stereovision imaging capability for three-dimensional
(3–D) mapping of benthic habitats and other sea-floor structures
over local areas. A complete framework is studied, comprising 1)
suitable trajectories to be executed for data collection; 2) data pro-
cessing for positioning and trajectory followed by online frame-to-
frame and frame-to-mosaic registration of images, as well as re-
cursive global realignment of positions along the path; and 3) 3-D
mapping by the fusion of various visual cues, including motion
and stereo within a Kalman filter. The computational requirements
of the system are evaluated, formalizing how processing may be
achieved in real time.

The proposed scenario is simulated for testing with known
ground truth to assess the system performance, to quantify var-
ious errors, and to identify how performance may be improved.
Experiments with underwater images are also presented to verify
the performance of various components and the overall scheme.

Index Terms—Automated ROV visual navigation, stereovision,
underwater 3-D mapping.

I. INTRODUCTION

EQUIPPED with acoustic, laser, and/or optical sensors,
unmanned submersible systems—remotely operated vehi-

cles (ROV) and autonomous underwater vehicles (AUV)—are
currently the most advanced platforms for automated moni-
toring and surveying of deep-sea environments. While acoustic
systems including side-scan and forward-sector-scan, are
widely used for evaluating the large-scale natural benthic
habitat characteristics over extended regions, optical imaging
is better suited for examining fine-scale community character-
istics over local areas in ocean exploration and environmental
studies, for monitoring and surveying, as well as for inspection.
In particular, two-dimensional (2-D) and three-dimensional
(3-D) high-resolution mapping, preferably based on online
processing, are two key capabilities to benefit from the high
data rate and resolution of optical imaging systems. Just as for
various terrestrial applications, photo mosaicking to construct
composite images of the sea-floor environments and/or 2-D
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visual maps for navigation has been investigated extensively
in recent years, e.g., [17], [18], [21], [22], [36], [45], [52],
[65], and [71]. Furthermore, there has been growing interest in
exploring the use of video, potentially with other sensors, in the
automatic control, positioning, or navigation of an unmanned
underwater vehicle [18], [21], [22], [30], [34], [37], [41]–[43],
[46], [48], [73].

Stereo imaging is a classic technique that has been utilized
commonly for 3-D reconstruction in industrial robotics man-
ufacturing systems [14], [19], [24], [67], [69], as well as for
obstacle avoidance and 3-D mapping in the deployment of au-
tonomous terrestrial and space mobile platforms [2], [12], [26],
[38], [50], [59], [60], [62], [74]. However, only a small fraction
of submersibles are equipped with stereo cameras, and those are
utilized solely for qualitative 3-D visualization with no quan-
titative 3-D mapping capability (e.g., [63] and [70]). For ex-
ample, stereo cameras of NASA’s Phantom S2 ROV1 have been
mounted on a pan-and-tilt platform that can be controlled by
human head motions via a head tracker. This provides the op-
erator/scientist with the feeling of immersion in the remote un-
dersea environment when visualizing the images on a stereo-
scopic display [63].

The capabilities of an underwater stereovision 3-D mapping
system and assessment of performance varies with the range
and/or coverage area, as is evident from the related work in the
terrestrial domain. At one extreme, the existing solutions for in-
dustrial settings provide the natural model of a system to be de-
veloped for 3-D reconstruction of single objects and/or inspec-
tion and repair of undersea structures. At the other end rests
the long-to-medium-distance navigation capability, with com-
parable specifications and performance to vision-based airborne
systems and long-range autonomous outdoor mobile platforms
(e.g., [8], [10], [20], [56], and [64]), where low-to-medium-
range (20–200 KHz) and medium-to-high-range (0.2–2 MHz)
acoustic-based positioning and mapping systems will undoubt-
edly continue to provide far superior performance. However, a
wide variety of scientific work in marine geology, archeology,
fisheries, underwater forensics, search and rescue, and commer-
cial ROV/AUV deployment (e.g., microbathymetric mapping of
thermal vents, coral reefs and fish habitats, and reconstruction
of shipwrecks and crashed airplanes) fall within the interme-
diate range and resolution requirements, most closely compa-
rable to the desired capabilities of autonomous planetary rovers,
e.g., [31] and [50]. Roughly, it would be desired to automatically

1Trademark of Deep Ocean Engineering, San Leandro, CA.

0364-9059/03$17.00 © 2003 IEEE

Authorized licensed use limited to: University of Rhode Island. Downloaded on February 18, 2009 at 14:23 from IEEE Xplore.  Restrictions apply.



626 IEEE JOURNAL OF OCEANIC ENGINEERING, VOL. 28, NO. 4, OCTOBER 2003

construct 3-D maps with geo-referenced spatial precision in the
order of decimeter(s) (or better) and accuracy of centimeter(s)
(or better) in constructing smaller objects and targets of interest,
within a coverage area of 10s of meters in each dimension.2 The
main objective of this paper is to explore stereovision imaging
for the development ofonline mid-range 3-D mapping capa-
bility, which covers the need for these applications of interest.

In the absence of existing underwater stereovision mapping
systems and any previous standards, we use a coverage area of
about 100 100 ft as a baseline to evaluate performance within
the proposed framework, thus allowing assessment and compar-
ison with both alternative technologies and future performance
enhancements. We address a number of issues for both map-
ping and positioning. In particular, we investigate the realization
of the desired capability in totality, comprising the planning of
multitrack trajectories to be executed for data acquisition, incre-
mental position estimation along each track followed by the on-
line application of a recursive global-alignment strategy to over-
come position drift errors upon completion of a track, and the
reconstruction of a 3-D topographical map at the end of the tra-
jectory, by utilizing a Kalman filter-based framework proposed
in earlier work [29]. Last but not least, it is shown how online
processing performance may be achieved by studying the com-
putational requirements of the system.

A. Relevant Work and Overview

Stereovision systems have been extensively studied for var-
ious terrestrial and planetary applications, including object re-
construction in industrial robotics systems [14], [24]; indoor and
outdoor mobile robotic navigation [2], [12], [60], [62], [74];
autonomous vehicles for highway and offroad navigation [6],
[11], [55]; and planetary rovers [26], [38], [50], [59]. Most out-
door robotics and autonomous systems employ stereovision for
collision avoidance and obstacle mapping, although the Mars
rover is being targeted for planetary mapping. The arrangement
of the cameras is commonly in a forward-look, instead of a
down-look, for most underwater applications, a primary dis-
tinction that leads to some different problems in terms of map-
ping strategies, processing, and achievable accuracy over dif-
ferent parts of the image. In recent years, the development of
panoramic imaging systems has opened up interesting applica-
tions for stereovision and visualization [49], [75]. In particular,
it has been shown how stereo data may be constructed from the
images obtained by a single rotating camera, enabling 3-D vi-
sualization and mapping [51].

Although only one camera is used, photogrammetry tech-
niques for terrain mapping comprise the most relevant work
to the application of stereovision systems underwater [3], [40].
Here, images taken from an aircraft at different positions along
a flyover path are registered by matching targets at known co-
ordinates on the ground. This allows the construction of photo
mosaics, computation of the camera position between consec-
utive frames (equivalent to stereo baseline), and computation
of terrain height (range) from the image disparity. Mimicking

2One cannot dispute the fact that “larger is better.” However, there is clearly
a tradeoff between the size of the coverage area and the achievable accuracy.

this scenario, the state of the art in marine archeology and bi-
ology studies, small grids of a few feet in dimension are laid
on the ocean floor by divers. Natural objects within the grid are
mapped [15], [53]. The grid is then moved and the process is re-
peated. A more advanced and efficient process is to lay down
a network of “opti-acoustic” transponders over a larger area,
say the proposed 100100 ft section. Once the system is cali-
brated by acoustic positioning methods [7], [8], [10], [20], they
can serve as visual beacons at known positions. Clearly, the de-
ployment of optical or, similarly, laser scanning systems [27] for
mapping is primarily to enable exploiting very-high-resolution
data that is currently unavailable by acoustic imaging [61]. The
main disadvantage in employing the proposed technology is the
complexity of the task, which although practical for some appli-
cations, certainly prohibits day-to-day operations. Deployment
of a stereovision system and reducing the number of necessary
beacons down to a few (optimally zero, as an ultimate goal) for
high-precision 3-D mapping is the primary motivation of this in-
vestigation. In particular, our results enable performance quan-
tification in terms of 3-D mapping accuracy and vehicle posi-
tioning and path estimation; more generally, they highlight var-
ious system bottlenecks. These findings provide valuable infor-
mation toward the realization of a new technology that would
address the critical needs in a large variety of ocean-science and
exploration applications.

In acquiring stereo images to map a sea-floor section, a suit-
able vehicle trajectory over the terrain should be chosen. During
mission execution, it is important to ensure that the sensor plat-
form maintains the desired path as closely as possible. High-fre-
quency acoustic positioning, including ultra-short-baseline sys-
tems, can be utilized to achieve this objective. Once the images
are acquired, they can be processed offline to reconstruct the
terrain. The accuracy of current acoustic positioning systems is
inadequate to register (mosaic) images at video resolution or
to align individual 3-D maps from stereo pairs in order to con-
struct a composite topographical map over the entire coverage
area (without substantially compromising the registration pre-
cision and the reconstruction quality). However, the proposed
strategy is still suitable, where one exploits the achievable pre-
cision of high-frequency acoustic positioning systems to ensure
path following during data acquisition stage, to roughly register
the images or 3-D maps and to potentially integrate with infor-
mation based on stereo video processing to improve the final
trajectory accuracy. A key engineering issue in combining in-
formation from video and acoustic data is to calibrate the two
systems accurately enough so that the two measurements can be
fused and integrated properly in a common coordinate system.
In our proposed framework, we instead explore the direct use
of video information online for trajectory following, although it
becomes evident how the inevitable shortcomings can be over-
come by utilizing acoustic-based systems.

In earlier underwater vision work based on a single
down-look camera, simplistic assumptions have been made
about the sea-floor structure, namely that it is relatively flat
(e.g., [22] and [46]), in order to estimate the vehicle motion
and trajectory. This assumption typically yields reasonable
estimates over a small area and/or where variations in surface
relief are negligible relative to the distance to the terrain.
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Furthermore, it typically works well for the construction of
2-D photo mosaics of the sea floor, which may potentially
provide much of the sought-after information for scientific
studies. Furthermore, the scale-factor ambiguity of monocular
motion vision can be overcome by knowing the initial altitude
or by deploying laser-mounted cameras [5], [13]. However,
the desired levels of accuracy over the proposed coverage area
of 100 100 ft cannot be achieved where the sea floor is not
sufficiently flat. The stereo disparity provides strong cues not
only for 3-D depth reconstruction, but also for the estimation
of vehicle motion and trajectory. This enables us to overcome
a serious difficulty in visual motion estimation, namely the
nonlinear decoupling between the unknown 3-D motion and
depth (which can alternatively be addressed by assuming a flat
terrain).

Online processing demands near-real-time performance in
computing the vehicle trajectory. Sequential causal processing
based on frame-to-frame (F2F) registration are the simplest to
implement and most suitable for real-time performance [71],
but are also most sensitive to error accumulation. Aside from
the integration with other navigation sensors or the placement
and deployment of visual targets at known positions (in analogy
with acoustic beacons), a mosaic-based positioning (MBP)
paradigm is a strategy for bounding the drift error [48], [54].
Here, the trajectory estimation and 2-D photo mosaicking are
carried out in a coupled process in the same spirit as the con-
current mapping and localization paradigm [9], [57], [58]. To
explain briefly, integration of estimated motions based on F2F
alignment is used to determine the new vehicle position after
several, say , frames. The last image is then transformed to
the mosaic-coordinate system based on the estimated position.
Registration with the mosaic is carried out to compute the
misalignment error, the vehicle position is revised, and, conse-
quently, the mosaic is updated with the new image. Noncausal
processing, utilizing global constraints and data redundancy
over a large number of viewing positions, enables devising
more robust techniques, as utilized for photo mosaicking [54]
and for photo mosaicking and trajectory estimation in sea-floor
2-D mapping and map-based local navigation [22]. In these ear-
lier works, planar projection or homography models have been
utilized to simplify the problem when dealing with monocular
cameras and solely exploiting visual motion cues [23] (see
Section II-A). As it becomes more clear, information from
stereo disparity allows us to simplify the motion-estimation
process without any simplistic assumptions about the seafloor
topography. Furthermore, we are able to carry out a recursive
alignment process to improve the trajectory-estimation process
for any arbitrary scene topography. Finally, the most effective
approach to reset the drift error is to plan looping trajectories,
crossing over at the start point [17]. Here, each loop may
be treated and processed independently of others, with no
performance degradation from drift errors in other loops.

In the balance of the paper, we review some preliminary
background in Section II. We describe the proposed stereo
vision-imaging and mapping framework is Section III and
we cover the computational requirements in Section IV. Ex-
periments with ground truth and two controlled water-tank
experiments are given in Section V and variations in the

implementation of the stereovision mapping system to realize
modular vision-based capabilities are covered in Section VI.
A summary of contributions and future work is given in
Section VII.

II. BACKGROUND

A. Image Motion

Longuet–Higgins [32] formulates the displacement
of image points [ ] from frame to ,

induced by the rigid-body motion of a camera relative to a
stationary scene

(1)

where and are the 3-D vectors of the rotational and trans-
lational velocities of the camera anddepth is the distance
along the optical axis to a point on the scene surface (e.g., al-
titude of the camera from the sea floor). For small motions
(about one pixel at the processing resolution), this constraint
can theoretically be utilized to determine the motion
and/or depth map from the knowledge of image motion
over (the relevant part of) the image. In practice, the general
motion problem—determining the unknown camera motion
and depth of each surface point—is difficult to solve accu-
rately for a number of reasons, including the ill-conditioned na-
ture of the problem [1]. If the motion is known (measured), the
image motion provides two constraints on depth, which is
the motion cue (observation) for 3-D depth recovery exploited
in our Kalman filter-based mapping system [29]. If the scene is
relatively flat, may be assumed constant, which is absorbed
in , and the problem simplifies drastically; only six unknown
motion parameters have to be estimated from the image-motion
measurements over the image. (In practice, the well-know in-
herent translation-rotation ambiguity in the computation of all
6 degrees of freedom is most severe when dealing with a rel-
atively flat terrain [1].) When the surface is a tilted plane at
orientation relative to the camera, the problem can also be
solved in closed form [33]; variation of this closed-form solu-
tion, when the motion can be larger than a few pixels [23], [66],
has been utilized for application to vehicle-trajectory estimation
and sea-floor mosaicking [21], [22].

If stereo images are acquired at frame time, then the scene
depth map can be determined from disparity cues. Conse-
quently, knowledge of optical flow and depth can be ex-
ploited to determine the motion and simplistic assumptions
about the scene structure are no longer necessary [4]. For ex-
ample, a closed-form solution based on a least-square formula-
tion can be written as

(2)

As a result, disparity cues from stereo pairs not only provide
information to determine the scene structure for 3-D mapping,
but also significantly simplify an otherwise difficult motion
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Fig. 1. Two possible trajectories to map an area, with parallel swaths or crossing loops.

problem when dealing with complex topographies. The two
advantages are 1) to enhance motion-estimation accuracy and
to deal with any type of scene topography and 2) to integrate
the stereo and motion cues (within a Kalman filter). These are
exploited in developing a stereovision-based 3-D positioning
and mapping system, as discussed in details in the balance of
the paper. We also explain how we would utilize and extend the
existing capabilities of our vision-based ROV—namely, optical
station keeping and mosaic-based positioning—for navigation
and trajectory following [43], [46], [73].

B. Homogeneous Transformations

Given the motion between two nearby camera positions
and in terms of the rotational and translational compo-
nents , the camera-coordinate systems at these posi-
tions are related by the 44 homogenous-transformation ma-
trix

(3)

where the 3 3 rotation matrix is determined from , ac-
cording to the Rodriguez formula. Homogeneous transforma-
tion at camera position with respect to the reference frame
at position can be obtained from

(4)

allowing us to determine the motion from reference position
to

(5)

These also show how interframe motions are integrated to de-
termine the current position.

III. PROPOSEDFRAMEWORK

The specific mapping framework described here attempts
to exploit the strength of various strategies. First, to follow a
path that consists of several tracks, the discrepancy between the
planned and executed trajectories along each track is minimized
by the application of the MBP paradigm [48], which utilizes the
F2F and frame-to-mosaic (F2M) registration [44], [54]. Similar
in concept to the application for photo mosaicking [22], [54],
but much more general for dealing with arbitrary topographies,
a global-alignment technique is then applied at the end of
each track to correct the integrated residual errors. Here, we
employ redundant constraints and independent measurements
among neighboring key positions on a predefined network,
referred to as thekey-points network, which is formally defined
in Section III-B. The primary advantage is to achieve accurate
vehicle localization and to closely follow the planned trajectory,
leading to the acquisition of data with the desired overlaps
among the images from various swaths. Finally, the estimated
trajectory, the optical flow information for pairs of consecutive
key frames, stereo disparity, and error covariance of various
estimates are integrated to reconstruct a composite 3-D map
by utilizing the Kalman filter formulation proposed in earlier
work [29].

The process can be summarized in the following algorithm.

1. Plan a trajectory with loops or
tracks, each comprising of key points
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Fig. 2. Left: Input and output of each computational module. Right: Various computations that are carried out by processing units motion from relative position
(MfRP), stereo disparity (SD), optical flow (OF), and key-points network motion estimation (KPNME), once a key pointP is visited.

or positions at regular distances, de-
pending on the desired altitude, vehicle
speed, camera viewing angle and resolu-
tion, and the size of the mapping area.
2. For each track .

Do trajectory execution and following,
as well as stereo data recording (and sub-
sequently) processing at key positions.

Between two consecutive key positions,
integrate motions computed from monoc-
ular frames and (e.g., the left or
right sequence).

At the next key position, do position
correction by registering the current
frame with mosaic and then up-
dating the mosaic (2-D mosaicking and MBP
with every frames between two consecu-
tive key points).

Continue if not at the end of track .
Otherwise, go into station-keeping mode
while performing a recursive global align-
ment for trajectory adjustment.

3. If not at the end of trajectory, reset
the start point to go to the next track.
Otherwise, stop, quit, station keep, etc.
4. Do (online or offline) 3-D mapping uti-
lizing optical flow, stereo disparity, and
final estimated trajectory.

Next, we provide the details.

A. Trajectory Planning

Image-based positioning relies on the integration of esti-
mated incremental displacements over consecutive frames
(see Section II-B). Thus, small errors typically integrate to
significant drifts in position over an extended time, as in
the case of a velocity Doppler system. In the absence of
an independent mechanism to verify the vehicle’s absolute
position—e.g., an (ultra)short baseline acoustic system in
combination with global positioning system (GPS)/differential
global positioning system (DGPS) on the surface ship to track
the ROV and establish absolute position—a desirable strategy
to reduce or overcome the error is to accommodate some
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Fig. 3. Bottom left: Two sections from two consecutive tracks with parallel swaths have been magnified to show (top left) the connections among neighboring
key points. Bottom right: First five tracks, shown with growing line thickness, highlight the sequential nature of trajectory updating in the GA process. Accuracy
increases as new tracks provide additional observations.

degree of overlap between the images at selected points along
the trajectory and a reference image at some position known
with good accuracy (e.g., the start point of the trajectory). An
ideal scenario involves looping trajectories that cross at or near
the known point [17]. Fig. 1 (path shown in solid) depicts the
utilization of this idea to cover an area of some diameter. In
this scenario, the integration error is maintained bounded and
independent for each loop, although the positioning accuracy
decreases with distance from the reference point. Furthermore,
image overlaps at the far end of each loop allow us to improve
the trajectory estimation by exploiting independent constraints
among neighboring points on different sections of the path
near the perimeter; more precisely, by considering several
independent paths between selected pairs of points (see below).

Alternatively, we can plan traverse swaths (a lawn-mowing
pattern), which is a common strategy to cover an area over
the sea floor in mapping applications (path with dotted lines).
Misalignment of the images/depth maps from various tracks
due to the imperfect (incomplete) knowledge of the sensor
platform trajectory can be corrected by planning, and ex-
ploiting information from, image overlaps in adjacent swaths.
This registration problem is more difficult than simple
shifts, since general 6-degrees-of-freedom movements of the
vehicle can induce complex image deformations that are to

be resolved. The accuracy of the alignment is directly tied to
the percentage overlap, which generally depends upon many
factors, such as information content of the image over these
regions, complexity of the surface relief, field of view of the
sensor, etc.

Unlike looping trajectories, the path does not cross at the
start position in subsequent swaths; thus, drift errors are still
inevitable. However, the error would grow linearly with the
distance from the start position, instead of the covered area;
accuracy drops independently along and directions as
we move away from the reference position. Taking note of
the tradeoff between the processing requirements and amount
of image overlap to improve the precision, the emphasis on
accuracy and cheaper cost of processing tilts the scale toward
accommodating larger overlaps (chosen as 80% in this study)
for adjacent swaths. Again, positioning accuracy drops with
distance from the start (reference position) and is expected to
be worse at the far end of each track. Although not investigated
in this paper, a strategy to overcome this problem is to utilize
sparse targets at known positions along the region perimeter.
For example, the deployment of “opti-acoustic” transponders,
which can be calibrated (to determine their positions) based on
acoustic techniques (e.g., [7], [8], [10], and [20]), can be used
as optical beacons during ROV data acquisition. Alternatively,
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(a)

(b)

Fig. 4. Initial and GA-realigned trajectories.

optical beacons can be placed and calibrated utilizing skilled
divers [15], [53].

B. Trajectory Following

We now describe the data-acquisition and online-processing
strategies along the tracks of the trajectory. We consider a tra-
jectory with parallel swaths, without loss of generality, as the
process is similar for a path with looping tracks.

We process monocular images at video rate (FrameRate) of
30 frames/s, for F2F registration and motion integration, and
record stereo data every frames at the so-called key points.3

We then do F2M position adjustment at key points (every
frames) by registering the current frame with the mosaic and,

3For video-rate processing and 2-D photo mosaicking, we use the left se-
quence of the stereo images, without loss of generality.
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(a)

(b)

Fig. 5. Position errors of tracks 1–5, 11, 16, 21, and 25, at each track end, before and after GA correction, shown in solid and bold-solid, respectively. Only the
current and previous four tracks are revised through the GA process.

consequently, update the mosaic with the latest frame [48]. We
choose

Round
OverLap ImgSize Altitude FrameRate

FocalLength Speed

with OverLap % for the stereo sampling rate at consecu-
tive key positions. These key points are depicted as nodes along
a sample track in Fig. 3. As noted, each trackof the entire tra-
jectory corresponds to two swaths (legs) along thedirection
and two short segments along-axis to move from the forward
to return swath, and to move to the start point of the next track.
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(c)

(d)

Fig. 5. (Continued.)Position errors of tracks 1–5, 11, 16, 21, and 25, at each track end, before and after GA correction shown in solid and bold-solid, respectively.
Only the current and previous four tracks are revised through the GA process.

Points and are
the initial and end points of track, where

round AreaLength
ImgSize Altitude FrameRate

FocalLength Speed

is the number of key points (mosaic updates) on each leg of the
track. Points and are the initial and end
points of the first track. An overlap of 80% on two neighboring
swaths gives three key points on the short segments along the

-axis at positions ,
, and
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(e)

(f)

Fig. 5. (Continued.)Position errors of tracks 1–5, 11, 16, 21, and 25, at each track end, before and after GA correction shown in solid and bold-solid, respectively.
Only the current and previous four tracks are revised through the GA process.

. Overall, approximately tracks are necessary
to cover the entire area.

The alignment with the mosaic (MBP) at keypoints, although
significantly reducing the drift errors, cannot totally eliminate
them, as discussed in [48]. It primarily serves to maintain a
reasonable level of positioning accuracy to achieve the desired

large overlap over adjacent swaths of each track (ideally 80%,
as planned). At the end of each track, a trajectory adjustment is
again carried out through a global-realignment process, which
is described in the next section.

As an example used in this study, we update the mosaic every
frames (once per 0.5 s) for a camera with nearly 50in

Authorized licensed use limited to: University of Rhode Island. Downloaded on February 18, 2009 at 14:23 from IEEE Xplore.  Restrictions apply.



NEGAHDARIPOUR AND MADJIDI: STEREOVISION IMAGING ON SUBMERSIBLE PLATFORMS 635

(g)

(h)

Fig. 5. (Continued).Position errors of tracks 1–5, 11, 16, 21, and 25, at each track end, before and after GA correction shown in solid and bold-solid, respectively.
Only the current and previous four tracks are revised through the GA process.

the field of view, on a vehicle traveling at an altitude of roughly
10–11 ft from the bottom at 2 ft/s. This gives approximately

mosaic updates over a leg of roughly AreaLength
ft. We process in real time 1500 monocular frames on each

leg of the track: roughly 75 000 monocular frames totally over

the entire trajectory. In comparison, we record roughly
stereo pairs on each track, 5000 in total, which are utilized in
global-alignment computations and 3-D mapping.

For offline trajectory estimation and 3-D mapping, we may
choose to solely integrate F2F motions for positioning, which
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(i)

Fig. 5. (Continued).Position errors of tracks 1–5, 11, 16, 21, and 25, at each track end, before and after GA correction shown in solid and bold-solid, respectively.
Only the current and previous four tracks are revised through the GA process.

may be continued along subsequent tracks until we reach the end
of the trajectory (without intermediate corrections). However,
drift errors arising from the integration of such a large number of
frames, even with corrections based on MBP, can lead to signif-
icant drifts. Next, we describe a trajectory-adjustment scheme
that is carried out at the end of each track. Through this realign-
ment process, we frequently revise the positions of key posi-
tions on the current and previous tracks, leading to a significant
improvement in the overall trajectory. Since the outcome feeds
back to the trajectory-following process, this naturally leads us
to the acquisition of data at more or less the desired points along
the preplanned trajectory.

C. Trajectory Adjustment

After the completion of each track, the trajectory is updated
based on constraints from a network of selected key positions
along the current and previous tracks. The motivation is to incre-
mentally improve the trajectory as new data becomes available.
By defining numerous connections (based on relative positions)
among neighboring key points on adjacent swaths, we exploit
the redundancy of data and constraints to improve the estimated
trajectory. Consequently, we can maintain and more accurately
follow the desired track.

The network connections, translating to rigid-body motion
constraints in the trajectory-adjustment process, are defined
between neighboring key points. To reduce the computations
somewhat, we have selected every third key point in defining
the network nodes. Also, a connection is set among these points
where there is an image overlap of 70% or more; Fig. 3(b)

depicts a sample of the nodes and connections over a small
region of two adjacent swaths.

Noting that the impact of older observations and constraints
diminish (nearly exponentially) as new tracks are visited and
processed, the optimization for the adjustment is carried out
over a moving window of the current and previous tracks
( in our implementation). This avoids a significant com-
putational complexity with the growth in the number of posi-
tions/tracks to be updated. In this case, the network remains ex-
actly the same for tracks 5 to ( 25, in our case).

The trajectory adjustment is an optimized “global” realign-
ment of the key positions, which is consistent with the estimated
relative motion between each pair of connected points on the
network. In other words, the problem is to find the optimum po-
sitions of these trajectory points, knowing the pairwise motions
between them. (It is noted that in our particular implementation,
“global” implied the last frames and, therefore, the
readjustment is only global within a local region!) The relative
motion for each pair of connected key points on the network is
determined from direct measurements of the optical flow using
(2); see also Fig. 3 and Section IV for computational details.

For global alignment, we need to carry out a constrained op-
timization over available key positions. Our constraint is the
transformation between the camera-coordinate systems at any
two key positions and (defined by the network connec-
tions) in terms of the motions between them

(6)

where is computed from the rotational vectorusing the Ro-
driguez formula. This equation cannot be expressed in terms of
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(a)

(b)

Fig. 6. (a) Position errors along the trajectory and (b) theZ component. Dashed lines separate sections within consecutive tracks 1–25.

the measurements (motion parameters) explicitly; that is, in
the form . We instead use themixed-adjust-
ment modelin the implicit form [25],
[39]. We have one such vector equation for each pair of con-
nected key points. Expressing all the unknown position vectors
as one large vector and, similarly, for corresponding mo-
tion vectors, we have a nonlinear system . We use

this as our constraint in the optimization process, minimizing a
quadratic cost function that penalizes deviations from the mea-
sured motion parameters. With the aid of Lagrange multiplier
vector , we incorporate our constraint into the cost function to
finally minimize

(7)
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(c)

Fig. 6. (Continued).(c) Heading direction error. Dashed lines separate sections within consecutive tracks 1–25.

where are the estimated and error covariance of the
motion vectors computed from the optical flow between pairs
of connected key points (see Section IV).

To explain what is achieved here, we note that positions at
keypoints are computed in a sequential fashion as we move
along each swath (of a track). With drift error, any pair of nearby
positions and along adjacent swaths/tracks may and will
not be consistent with the rigid body motion
that is estimated from the direct measurements between them
(or any other path different from that is executed by the vehicle).
More precisely, the motion computed from a noisy optical
flow for images and seldom satisfies the rigid-body motion
constraint . The optimization process
involves modifying the estimated motions to ,
by minimum adjustments , and the cor-
responding positions to are minimized in the least-square
sense over all the keypoint connections over the entire network.

To solve the nonlinear optimization problem, a number of
recursive methods can be utilized. The details of selected im-
plementations and their comparisons are given in a separate
paper, which provides a more comprehensive treatment of this
global-alignment scheme [35].

Finally, we should draw a comparison with the global-adjust-
ment methods in some earlier work, primarily on photo mo-
saicking [22], [54]. Though these schemes are truly global and
consider the entire data set, application to large areas, as pro-
posed here, is prohibitively complex. This motivated the GA ap-
plication to local regions, namely five consecutive tracks, of the
trajectory at each update time. (In practice, a global alignment
over the entire trajectory can be done in offline computations

before the final 3-D map of the entire area is calculated.) More
importantly, however, these other methods utilize a much sim-
pler projective model, namely planar homography [23], which is
valid for planar scenes. Our global-alignment method, based on
the unconstrained rigid body motion model in (6), is applicable
to any arbitrary scene, since we can exploit the 3-D position
measurements from stereo imagery (or any other method that
provides us with the estimates of the 3-D scene topography).

D. Three-Dimensional Mapping

For 3-D mapping, we employ the Kalman filter-based frame-
work described in [29] and [47], which is a recursive estima-
tion method for the integration of stereo disparity and the mo-
tion/shading flow that are induced by the motion of the ve-
hicle/source (installed on the vehicle). In addition, incorporating
a regularization observation enables us to characterize the (lo-
cally) smooth structure of most physical surfaces, while formu-
lating a scalar filter, one for each pixel. In our application, we
utilize stereo and motion cues solely. These comprise the dis-
parity computed from stereo pairs acquired at mosaic update
times and optical flow calculated for the network of points;

points on each of tracks ( in our example).

IV. PROCESSINGREQUIREMENTS

Despite massive amount of stereo and video data, the pro-
cessing fits very suitably within the framework of parallel and
pipeline computing architectures and can be carried out online
in (near) real time. We have depicted in Fig. 2 various modules
with the corresponding input(s) and output(s), denoted MfRD,
SD, OF, and KPNME, for carrying out distinct computations.
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(a)

(b)

Fig. 7. (a), (b) Original terrain topography and the estimated 3-D map based on corrected trajectory through the global-alignment process.

For real-time performance, the entire processing for all of these
modules has to be completed within the travel time between con-
secutive key points on the network (order of 0.5 s), in addition to
video-rate F2F computations. We next examine the processing
sequence and details.

1) F2F and F2M MBP:As the vehicle moves from a key
point to the next , motion from consecutive
frames to ( ) are computed
and integrated, giving the initial estimate of position at

. Registration of with the mosaic
(in the same coordinate system) allows us to make a
correction, giving the new estimate of the position at

. These computations have been clocked at more

than twice video rate on a 100 MHz dual-processor
pentium processor.

2) Motion from Relative Positions (MfRP):This is a simple
calculation from (5) to determine the motion between a
key point and each nearby connected point on the net-
work, based on their positions (with respect to the refer-
ence position), described in the form of a homogeneous
transformation.

3) Stereo Disparity (SD):Computation of SD (depth) has to
be done once per frames, since stereo pairs are acquired
at every key point. This can be done over five to six levels
( disparity ) at video rate, where
is the average disparity over the image [68].
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(c)

(d)

Fig. 7. Continued.(c), (d) Map from the trajectory with no global correction. This is reminiscent of a scenario where the ROV may follow an incorrectly estimated
trajectory that does not cover the entire area (c), resulting in holes in the estimated map. (d) Histogram of the absolute depth error map based on GA correction,
given in parts (a) and (b).

4) Optical Flow (OF):This involves the same type of com-
putation as for SD, but is applied pairwise to the images
at the key position and each point connected to it on the
network. Each point on the network is connected to
no more than 7 previous key points ( ;

) on the same or previous leg of the track; see
Fig. 3(a) and (b). Once a network node is visited, im-
ages , ( ; ) are the input to the OF
computing module to determine pairwise optical flows
between and . However, by utilizing the relative po-

sition of the pair of key points and the 3-D depth map pre-
viously calculated at , we can significantly simplify
the multiresolution OF computation process. More pre-
cisely, we theoretically know the optical flow based on the
relative positions and and range (from disparity)
at position (previously calculated). Due to integration
drift, there may be some estimation error, and this can be
computed over one to two levels of a multiresolution OF
algorithm (which is the same as SD calculations, but with
fewer levels).
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(a)

(b)

Fig. 8. (a), (b) Sample stereo pair from ground-truth data set showing the true resolution of the images.

5) Key-Points Network Motion Estimation (KPNME):The
algorithm for global alignment at the end of each track
requires the pairwise motions and the initial values of
positions of the key points on the network. We can use
the initial estimates based on the F2F/F2M computations
(MBP). However, a better estimate can be obtained from
the closed-form solution in (2), which utilizes pairwise
optical flow and stereo-disparity measurements. As these
become available at each position, they are processed
by the PKNME module. This computations can be done
at several times the frame rate (the same as our MBP
processing), since primary operations are the summations
and products involving various image moments of depth

and optical flow over some region of the
image.

The above computations are to be completed by the time the
vehicle moves from to ; the process is restarted with
stereo data at this next point. Once the vehicle is at the end of
each track, it takes no more than FrameRate s (say, 0.5 s in

our example) to process the various data at this position (as in
any previous key position). What is left to do is the nonlinear
optimization for GA; see also Fig. 2. Although recursive, the
algorithm typically converges in less than a few iterations with
good initial estimates. In fact, the main motivation for the pro-
cessing at step 4, which can be done very quickly, is to obtain
better position estimates that lead to a faster convergence. This
is another factor that plays a role in the system’s performance.
Furthermore, it is emphasized that the ability to acquire video
data and process in (near) real time is a significant advantage
in the deployment of a vision-based integrated positioning and
mapping system. Integration with other sensors (say, a high-fre-
quency acoustic positioning system) can provide other bene-
fits, but also requires proper integration and calibration of the
“opti-acoustic” system.

V. EXPERIMENTS

Three experiments are presented to demonstrate various
issues discussed in the paper. The first is a simulation with
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(c)

(d)

Fig. 8. (Continued.)(c), (d) Five images of the same object imaged in water at various turbidity levels. Histograms of three most turbid cases are given. The
dynamic range clearly drops with increasing turbidity.

ground-truth data and the other two comprise real images
recorded in an indoor water tank.

A. Ground-Truth Data

This experiment simulates an underwater mapping operation.
The submersible platforms navigate at an altitude of 11 ft from
the reference plane on the sea floor along parallel 100 ft
swaths covering roughly a 100100 ft area.4 Sea-floor varia-
tions are assumed in the range of 0.5 to 6.5 ft above the reference
plane. The vehicle moves in a horizontal plane with no rotation;
i.e., components , , , and of the motion vector are
zero. Stereo images are acquired at 204 key positions along each
of 25 tracks. A 1-ft vehicle-travel distance between consecu-
tive key points provides a 90% image overlap. A stereo baseline
of 1 ft is assumed. The images are constructed (captured) by
superimposing a prescribed texture map on a terrain map [see
Fig. 4(a)], utilizing a 3-D solid modeling software package [76].

Fig. 4 shows the estimated trajectory based solely on the
integration of F2F incremental motions along each track (no
F2M correction is done), without (a) and with (b) GA correc-
tion process at the end of each track. Not having utilized the
F2M process is primarily 1) to quantify the drift from the F2F
integration, 2) to assess the impact on (e.g., convergence of) and
improvement achieved through the GA process, and 3) to show
the impact on depth estimation. To explain these factors more
precisely, one notes that the network at each key point consists

4With a swath of 100 ft at 11-ft elevation from the ground plane, the mapped
sea floor area exceeds 10 000 ft.

of several/two connections to several“adjacent-swath” and two
previous “same-swath” points. The relative motions and posi-
tions of these points for the GA process are determined indepen-
dently from their optical flows, while estimated positions from
F2F/MBP solely serves to follow the planned trajectory during
the mission (visual servoing). Thus, having foregone the MBP
correction has no effect on the final outcome of the GA process.
However, the primary impact is a slower convergence rate with
the choice of a less accurate initial condition in the nonlinear
GA optimization process.

Fig. 5 correspond to trajectories that are corrected by the GA
process, for tracks 1–5, 11, 16, 21, and 25. The solid curves
show the results right before and the boldface curve is imme-
diately after the GA correction at the end of each loop. One
notes that the primary difference is in the last track, in which
the former case is determined by the F2F integration since the
correction at the beginning of the track. This provides a mea-
sure of track-by-track error growth, while the entire trajectory
without GA provides the impact at the global scale; (Fig. 4).

What these other plots also show is that up to track 5, each
GA correction process affects the entire past trajectory and that
new data allows us to improve the previous estimates. Since the
alignment has an impact solely on the last five tracks beyond
track 5, only these have been shown. Finally, one may conclude
that although the GA process generally improves the results,
this is not always true over the entire track (e.g., portions of
the tracks 6 to 11). We have also shown in Fig. 6(a) the position
error over the entire trajectory, (b) the altitudecomponent,
and (c) the heading; the other two components of the camera
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Fig. 9. (Top) First real data set; connections of key points for GA process and the photo-mosaic depicting the nonuniform lighting over the scene. (Bottom) Initial
trajectory and (left) trajectory after the GA process.

pose are much smaller. As expected, the points farthest from
the reference point have the largest errors.

The reconstructed 3-D depth map in Fig. 7(b) is based on
the GA corrected path; this is in good agreement with the true
topography. The histogram of the absolute errors in (d) shows
an error of 0.6 ft or less for a large percentage of the points.
Plot (c) is the 3-D map based on the erroneous trajectory in
Fig. 4, obtained by pure integration. Although the poor quality

of this result is not surprising, it is reminiscent of a scenario in
which tracking an erroneous path results in stereo data that does
not cover the entire terrain, therefore resulting in holes in the
map. This also highlights the significance in utilizing the MBP
scheme in visual servoing in order to reduce position drift along
each track.

In evaluating these results, the performance includes a geo-
referenced spatial accuracy of about 1 ft over the first five tracks,
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(a)

(b)

Fig. 10. Reconstructed depth and corresponding log-covariance (STD) maps for the first real data set.

2–4-ft error at the far end of a few intermediate tracks, and no
more than 1.5 ft (at the far end) for the remaining tracks. The
larger errors can be tied directly to areas of high elevation on
the topographical map, closest to the camera (see comments on
image resolution next). The maximum elevation error is roughly
1.5 ft. Since the recovered depth based on stereo imaging is mea-
sured relative to the camera (11 ft from reference frame), this,
with surface elevation in the range of 0.5 to 6.5 ft, corresponds
to approximately maximum error (using average
elevation of 8 ft). Ignoring roughly 15% of the points with the
largest errors, this becomes for the rest. Finally,
to put this into perspective, these results have been obtained
by processing images constructed at half the typical 640480
video resolution. Therefore, the immediate conclusion may be
that the original desired specifications have not been achieved.
However, let us reveal the last piece of the puzzle, which should
provide us with a much rosier picture (and, thus, good prospects
for the future of underwater stereo imaging).

Fig. 8(a) and (b) is a typical 320 240 stereo pair processed
by our system. The true resolution is about 1/10 of the image
size. Based on the assumed camera parameters and average dis-
tance from the scene, each pixel represents a area of nearly 33
in over the surface, which is far less than for typical resolution
in (underwater) video images. This resolution drops for regions

closest to the camera, leading to larger maximum position er-
rors.

Two factors influenced the image resolution when the data
was generated and used. First, but less important, was the fact
that our original experiments were done over a much smaller
region of the terrain and that the texture map of the VR system
was sufficient to produce high-resolution imagery. When the
problem scale and the mapping area was expanded to fit the
proposed 100 100 ft size, the same texture map was used,
resulting in images with very low resolution. However, the
primary motivation, maintaining the same texture map, was
to simulate (what we sincerely believe to be) close to the
“worst case” scenario for subsea applications. More precisely,
unlike the terrestrial domain where the medium condition
plays a negligible, if any, role in image quality (within the
proposed problem boundaries), there can be large variations in
image contrast and quality with water-turbidity conditions. To
demonstrate, Fig. 8(c) are sample images, showing the same
object under five different turbid water conditions. Fig. 8(d)
shows the histograms of the last three images with the lowest
image contrasts (most turbid cases), showing the decrease in
dynamic range with increasing turbidity.

Noting the similarity of the true and estimated 3-D depth
maps in Fig. 7, we conclude that poor resolution is responsible
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(a)

(b)

Fig. 11. Second real data set. Connections of key points for GA process and the photo mosaic, depicting the nonuniform lighting over the scene.

for larger than desired (depth) errors and that performance, both
in trajectory and depth reconstruction, can significantly be im-
proved with higher resolution images [47]. In particular, using
as a basis the image quality in numerous ocean experiments to
test other vision-based ROV5 capabilities (e.g., [72]), we be-
lieve that the simulation results presented in this section should
rate as the expected performance near the worse-case end of
the spectrum. Accordingly, stereo imaging could provide perfor-
mances that would meet or exceed our specifications. However,

5Phantom XTL ROV; Trademark of Deep Ocean Engineering, San Leandro,
CA.

before engaging in immature ocean testing, detailed investiga-
tion based on a large number of controlled experiments are in
order to truly characterize the system performance.

B. Real Data

Two real data sets have been recorded in an indoor water tank
in a down-look viewing configuration. These consist of 130 and
61 stereo pairs, respectively, from a distance of about 5 ft to the
bottom, with objects of no more than a few inches in size. Unlike
the first experiment, simulating the construction of the sea-floor
topography, these experiments more closely represent a scenario
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(c)

(d)

Fig. 11. (Continued.)(c) Initial trajectory and (d) trajectory after the GA process.

for the imaging and reconstruction of smaller objects over the
sea floor. The trajectory of the stereo rig was controlled by an
overhead track along the horizontal and vertical directions. The
planned trajectory, up to the precision of the positioning system
(see below), is given in Figs. 9(a) and 11(a), respectively, al-
lowing us to test the two proposed data-collection strategies.
The incremental motion between any two frames was measured
(on the track system) to be 5 cm/frame. In the second data set,
the first image was duplicated at positions 31 and 61 to ensure
that the experiment is consistent with two loops that cross ex-

actly at the reference position. This truly is the only ground-truth
information in order to evaluate the results, as readings on the
positioning system are subject to human error and the accuracy
of the track system (see below). Since the overlapping area be-
tween consecutive frames satisfies the 10% overlap assumption,
all the frames in the sequence are treated as key positions. The
pair-wise connections of the key points with the overlap of 70%
comprising the network in the application of the GA have been
identified. One notes that there are far less overlaps in the second
experiment; thus, a smaller number of constraints among neigh-
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(a)

(b)

Fig. 12. Same as the previous figure, for the second real data set.

boring track points is available for the GA computations. More-
over, since the total number of images in these data sets is rather
small, the global alignment is not applied track by track, but si-
multaneously on all the points that are pairwise connected on
the network.

Both data sets were acquired under spatially varying lighting,
simulating scenarios where portions of the scene may be poorly
lit when imaged. The 2-D photo mosaics, constructed from the
raw images with no radiometric adjustment, are given in panel
(b) of these figures, characterizing the scene and depicting the
imaging and lighting conditions. The nonuniform lighting is
particularly significant in the second set, which has both fully
bright (saturated over PVC pipe) and shaded areas. The total
coverage area is clearly small as compared to the previous ex-
ample, due to the water-tank-size limit, but controlled experi-
ments with real images are critical in understanding, analyzing,
and evaluating the performance of various system modules. Fur-
thermore, the coverage area of roughly 12 m is quite common
and realistic when imaging an area over the sea floor at high res-
olution, say a shipwreck winch.

The estimated trajectories before and after GA correction for
the two experiments are given in Figs. 9, 11(c), and 11(d). The
reconstructed scenes with the corresponding logarithmic plots
of the covariance (STD) maps are given in Figs. 10 and 12.

The constructed trajectories clearly depict the imperfection of
(bending in) our track system. This conclusion is readily drawn
from the fact that independent trajectories bend at nearly the
same area of the track in both experiments and, thus, cannot be
due to drift error.6 These trajectories also show the improve-
ment due to the GA correction, although the discrepancies in
the depth maps, before and after correction, are not apparent to
the eye; thus, only the results after GA correction are used to
demonstrate the 3-D reconstruction of various objects. To the
best of our knowledge, based on size measurements, the ob-
jects have been constructed with very high precision and the
pixel resolution is approximately 0.2 in (in comparison to 3 in
for the previous experiment). However, regions of the map in
the second set have been constructed incorrectly, primarily due
to nonuniform lighting, leading to intensity saturation over the
PVC pipes. The good news is that the inaccurate regions can be
predicted based on the corresponding uncertainty (error-covari-
ance) measures.

6Also, the two data sets were taken a few months apart. Based on these results,
we now have concluded that the track assumed to be a high-precision positioning
system is not quite perfect.
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VI. M ODULAR CAPABILITIES

A number of modular capabilities can be realized, utilizing
the stereovision-based system for 3-D mapping of the sea-floor
topography and objects, which can be configured and imple-
mented differently from, or to extend, the proposed framework.
What ties these together includes some generic vision-based
ROV capabilities that have been previously realized, namely the
automatic optical station keeping and online trajectory planning
[46], [72].

As an example, we may hypothesize a particular scenario in
a human-supervised operation, where the system is utilized as
proposed, but also allows the operator to interact with the ROV.
This may include interrupting the mission temporarily, going
into the station-keeping mode, planning another task, carrying
out the task, and potentially resuming the mission.7 One such
task may be to acquire super-resolution images over a small
region of the sea floor, for mapping certain manmade or natural
objects of interest. A natural application arises in documenting
a shipwreck in which certain parts and components are to be
mapped at these higher resolutions (as compared to the entire
area). In marine-science studies, another common scenario
would involve the high-resolution mapping of unique or distinct
natural objects or features, say a thermal vent or coral-reef
mound, in addition to the surrounding area. Accordingly,
appropriate data-acquisition tracks may be preprogrammed for
such various capabilities and selected based on the application
once the vehicle is put into the station-keeping mode over
the sea-floor area of interest. Experiments with ground-truth
and water-tank images could readily simulate such scenarios,
but the data is expected to be at much higher resolutions than
in either of these two cases. The final maps would then be
registered in a common referenced coordinate system, where
necessary.

VII. SUMMARY

We have investigated a framework for the utilization of a
stereovision imaging system in the deployment of ROVs for
3-D mapping of the sea floor and targets of interest within areas
in the order of roughly 100 100 ft. This scale covers a large
number of applications in ocean exploration and high-resolution
mapping and sampling, e.g., coral reefs, fish habitats, thermal
vents, shipwrecks, etc. We have addressed 1) path planning, exe-
cution, estimation, and following; 2) incremental trajectory cor-
rection as more data along each track of the path are acquired;
as well as 3) 3-D mapping based on the images of the entire
data set. We have proposed computational modules that enable
the online processing of video images for trajectory following
during data acquisition in real time. Preliminary experiments
have been presented, suggesting that the framework, and in gen-
eral stereo imaging, can provide the sought-after capabilities
in sea-floor sampling and mapping. More precisely, the tech-
nology can fill a void at scales between that of high-frequency
sonar and the current state of video imaging and mapping, which
is limited to very small areas.

7Currently, all of these capabilities, aside from stereo-image acquisition, exist
on our ROV vision system, utilizing a single down-look camera.

Current ongoing and future work involves improvements of
individual modules and potential reconfigurations of various
processing stages for higher accuracy and computational ef-
ficiency, as well as a detailed investigation of the framework
under a variety of experiments with ground-truth data at various
resolutions and controlled water-tank experiments under dif-
ferent turbidity conditions. This is a prerequisite to engagement
in tedious controlled ocean testing, e.g., through diver-assisted
experiments with known objects placed within a calibrated and
mapped environment.
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