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Stereovision Imaging on Submersible Platforms
for 3-D Mapping of Benthic Habitats
and Sea-Floor Structures

Shahriar Negahdaripougenior Member, IEEEand Hossein Madjidi

Abstract—\We investigate the deployment of a submersible plat- visual maps for navigation has been investigated extensively
form with stereovision imaging capability for three-dimensional in recent years, e.g., [17], [18], [21], [22], [36], [45], [52],
(3-D) mapping of benthic habitats and other sea-floor structures [65], and [71]. Furthermore, there has been growing interest in

over local areas. A complete framework is studied, comprising 1) loring th fvid tentially with oth in th
suitable trajectories to be executed for data collection; 2) data pro- exploring the use of video, potentially with otheér Sensors, in the

cessing for positioning and trajectory followed by online frame-to- @utomatic control, positioning, or navigation of an unmanned
frame and frame-to-mosaic registration of images, as well as re- underwater vehicle [18], [21], [22], [30], [34], [37], [41]-[43],
cursive global realignment of positions along the path; and 3) 3-D [46], [48], [73].
mapping by the fusion of various visual cues, including motion ~ giereq imaging is a classic technique that has been utilized
and stereo within a Kalman filter. The computational requirements IV for 3-D truction in industrial roboti
of the system are evaluated, formalizing how processing may be Come” y for 5-D reconstruction in indgustrial robotics man-
achieved in real time. ufacturing systems [14], [19], [24], [67], [69], as well as for
The proposed scenario is simulated for testing with known obstacle avoidance and 3-D mapping in the deployment of au-
ground truth to assess the system performance, to quantify var- tonomous terrestrial and space mobile platforms [2], [12], [26],
ious errors, anq to identify ho.w performance may be |mproveq. [38], [50], [59], [60], [62], [74]. However, only a small fraction
Experiments with underwater images are also presented to verify . : .
the performance of various components and the overall scheme. Of_SbemerS'bleS are eq.UIp.ped with §tere.o Cgmera}s' 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 R@&te been
mounted on a pan-and-tilt platform that can be controlled by
|. INTRODUCTION human head motions via a head tracker. This provides the op-
QUIPPED with acoustic, laser, and/or optical sensor 'rator/suen.tlst with the feellng of'lr'nmersm.n in the remote un-
unmanned submersible systems—remotely operated ve ffrsea environment when visualizing the images on a stereo-
cles (ROV) and autonomous underwater vehicles (AUV)—aF@Op'C dlspla_y_ [_63]' . :
currently the most advanced platforms for automated moni—The capabilities of an underwater stereovision 3-D mapping

toring and surveying of deep-sea environments. While acous?l)’(%tfm and assessment 0 f pgcrjfortn:cancetr:/ anels tw&th thE .ratrrl]ge
systems including side-scan and forward-sector-scan, or coverage area, as s evident rom the refated work in the

widely used for evaluating the large-scale natural bentHigrrestrial domain. At one extreme, the existing solutions for in-
strial settings provide the natural model of a system to be de-

habitat characteristics over extended regions, optical imag@g d for 3-D ructi f sinale obiect d/or i
is better suited for examining fine-scale community character= oped for 5-D reconstruction of Single objects ana/or Inspec-
n and repair of undersea structures. At the other end rests

istics over local areas in ocean exploration and environmen&éﬁ

studies, for monitoring and surveying, as well as for inspectio € Iong-to—rr_u_adpm—d@tance navigation Ca.pab'"ty’ with com-
In particular, two-dimensional (2-D) and three-dimensionﬁarable specifications and performance to vision-based airborne

; ; ; - tems and long-range autonomous outdoor mobile platforms
(3-D) high-resolution mapping, preferably based on onlin S )
processing, are two key capabilities to benefit from the hidfi-9- [8], [10], [20], [56], and [64]), where low-to-medium-

data rate and resolution of optical imaging systems. Just as for 3¢ (20-200 KHz) and medium-to-high-range (0.2-2 MHz)
E\éousnc—based positioning and mapping systems will undoubt-

various terrestrial applications, photo mosaicking to constru | miinue to provide far fior performance. However

composite images of the sea-floor environments and/or 2 y continue 1o provice far superior periormance. 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
Manuscript received March 2002; revised December 2002. This work wgs . . .
ﬂ?ermal vents, coral reefs and fish habitats, and reconstruction

Index Terms—Automated ROV visual navigation, stereovision,
underwater 3-D mapping.
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construct 3-D maps with geo-referenced spatial precision in tthés scenario, the state of the art in marine archeology and bi-
order of decimeter(s) (or better) and accuracy of centimeter(dpgy studies, small grids of a few feet in dimension are laid
(or better) in constructing smaller objects and targets of interest the ocean floor by divers. Natural objects within the grid are
within a coverage area of 10s of meters in each dimertsidre mapped [15], [53]. The grid is then moved and the process is re-
main objective of this paper is to explore stereovision imagingeated. A more advanced and efficient process is to lay down
for the development obnline mid-range 3-D mapping capa-a network of “opti-acoustic” transponders over a larger area,
bility, which covers the need for these applications of interestsay the proposed 100100 ft section. Once the system is cali-
In the absence of existing underwater stereovision mappibgated by acoustic positioning methods [7], [8], [10], [20], they
systems and any previous standards, we use a coverage areaoferve as visual beacons at known positions. Clearly, the de
about 100x 100 ft as a baseline to evaluate performance withgloyment of optical or, similarly, laser scanning systems [27] for
the proposed framework, thus allowing assessment and compaapping is primarily to enable exploiting very-high-resolution
ison with both alternative technologies and future performandata that is currently unavailable by acoustic imaging [61]. The
enhancements. We address a number of issues for both mapin disadvantage in employing the proposed technology is the
ping and positioning. In particular, we investigate the realizatiamomplexity of the task, which although practical for some appli-
of the desired capability in totality, comprising the planning afations, certainly prohibits day-to-day operations. Deployment
multitrack trajectories to be executed for data acquisition, incref a stereovision system and reducing the number of necessary
mental position estimation along each track followed by the oheacons down to a few (optimally zero, as an ultimate goal) for
line application of a recursive global-alignment strategy to ovenigh-precision 3-D mapping is the primary motivation of this in-
come position drift errors upon completion of a track, and thestigation. In particular, our results enable performance quan-
reconstruction of a 3-D topographical map at the end of the titification in terms of 3-D mapping accuracy and vehicle posi-
jectory, by utilizing a Kalman filter-based framework proposetioning and path estimation; more generally, they highlight var-
in earlier work [29]. Last but not least, it is shown how onlinéous system bottlenecks. These findings provide valuable infor-
processing performance may be achieved by studying the camation toward the realization of a new technology that would

putational requirements of the system. address the critical needs in a large variety of ocean-science and
exploration applications.
A. Relevant Work and Overview In acquiring stereo images to map a sea-floor section, a suit-

Stereovision systems have been extensively studied for v%P—'e yehicle trajectqry over the terrain should be chosen. During
ious terrestrial and planetary applications, including object rgyssmn execution, itis important to ensure that the sensor plat-

construction in industrial robotics systems [14], [24]; indoor ang@'™m maintains.the dg;irgd pqth as (_:Iosely as possible. High—fre—
outdoor mobile robotic navigation [2], [12], [60], [62], [74]; guency acoustic positioning, including ultra-short-baseline sys-

autonomous vehicles for highway and offroad navigation [6 ms, can be utilized to achieve this objective. Once the images

[11], [55]: and planetary rovers [26], [38], [50], [59]. Most out- re a}cquired, they can be processed pffline' t'o r.econstruct the
door robotics and autonomous systems employ stereovision%rtram' The accuracy of current acoustic positioning systems is
inadequate to register (mosaic) images at video resolution or

collision avoidance and obstacle mapping, although the VEs

rover is being targeted for planetary mapping. The arrangemé%fj‘“gn |nd|V|du§1I 3-D maps fr.om stereo pairs in orQer to con-
of the cameras is commonly in a forward-look, instead of gjruct a composite topographical map over the entire coverage

down-look, for most underwater applications, a primary gigread (without substantially' comprqmising the registration pre-
tinction that leads to some different problems in terms of ma ision and the reconstruction quality). However, the proposed

ping strategies, processing, and achievable accuracy over Hgtegy is_ still suitable, where one e>_<p|oi_ts the achievable pre-
ferent parts of the image. In recent years, the developmentcbsfIon of hlgh-freq_uency acoust!c.posmomng systems to ensure
panoramic imaging systems has opened up interesting appli gt_h following during data acquisition §tage_, to roughly reglster
tions for stereovision and visualization [49], [75]. In particulatI, € images or 3-D maps and to potentially integrate with infor-

it has been shown how stereo data may be constructed from?ﬁ%ﬂo? based on steAr\eli) V|deo.proc'e55|.ng to '|mpr0v§. the f!nal
images obtained by a single rotating camera, enabling 3-D jajectory accuracy. €y Engineering 1Ssue in combining in-
o ; ormation from video and acoustic data is to calibrate the two
sualization and mapping [51].
E&ystems accurately enough so that the two measurements can be

Although only one camera is used, photogrammetry tec dand int ted i dinat A
niques for terrain mapping comprise the most relevant wo Sed and integrated properly in a common coorainate system.

to the application of stereovision systems underwater [3], [4d our prloposed .frame\{vork, we !nstead explqre the direct use
iwdeo information online for trajectory following, although it

Here, images taken from an aircraft at different positions alo . S .
a flyover path are registered by matching targets at known 2comes evident how the inevitable shortcomings can be over-
ofgme by utilizing acoustic-based systems.

ordinates on the ground. This allows the construction of ph | i q i - K based inal
mosaics, computation of the camera position between cons ! (Iaar||(er unaerwater I.V;.S"OH wor i aseh onba smg%
utive frames (equivalent to stereo baseline), and computati pVn-look: camera, SIMPISHC assumptions have been made

: - - ; ; .. . about the sea-floor structure, namely that it is relatively flat
of terrain height (range) from the image disparity. Mimickin ) . . :
! ight (range) image dispartty. Mimickl e.g., [22] and [46]), in order to estimate the vehicle motion

and trajectory. This assumption typically yields reasonable
20ne cannot dispute the fact that “larger is better.” However, there is cleaﬁft.'mates Over_a_ small ar?a and/or Wh.ere variations in Surface
a tradeoff between the size of the coverage area and the achievable accuratglief are negligible relative to the distance to the terrain.
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Furthermore, it typically works well for the construction ofimplementation of the stereovision mapping system to realize
2-D photo mosaics of the sea floor, which may potentiallgnodular vision-based capabilities are covered in Section VI.
provide much of the sought-after information for scientifidd summary of contributions and future work is given in
studies. Furthermore, the scale-factor ambiguity of monocul&ection VII.
motion vision can be overcome by knowing the initial altitude
or by deploying laser-mounted cameras [5], [13]. However, [I. BACKGROUND
the desired levels of accuracy over the proposed coverage a/ﬂee}mage Motion
of 100x 100 ft cannot be achieved where the sea floor is not
sufficiently flat. The stereo disparity provides strong cues not Longuet-Higgins  [32] formulates the displacement
only for 3-D depth reconstruction, but also for the estimation = [u,v] of image points f,y] from framek to k + 1,
of vehicle motion and trajectory. This enables us to overconieduced by the rigid-body motion of a camera relative to a
a serious difficulty in visual motion estimation, namely th&tationary scene
nonlinear decoupling between the unknown 3-D motion a )
depth (which can alternatively be addressed by assuming ar{ldé{t} = [ . —(1+2%) } w+ 1 [_1 0 x}
terrain). Aty —my 0 -1y
Online processing demands near-real-time performance iny =4, w + lAtt Q)
computing the vehicle trajectory. Sequential causal processing Z
based on frame-to-frame (F2F) registration are the simplestiferew andt are the 3-D vectors of the rotational and trans-
implement and most suitable for real-time performance [7Jhtional velocities of the camera amtkpth Z is the distance
but are also most sensitive to error accumulation. Aside froatong the optical axis to a point on the scene surface (e.g., al-
the integration with other navigation sensors or the placemeittide of the camera from the sea floor). For small motions
and deployment of visual targets at known positions (in analogybout one pixel at the processing resolution), this constraint
with acoustic beacons), a mosaic-based positioning (MBBan theoretically be utilized to determine the motian= [w, ¢]
paradigm is a strategy for bounding the drift error [48], [S4land/or depth magZ from the knowledge of image motion
Here, the trajectory estimation and 2-D photo mosaicking ag@er (the relevant part of) the image. In practice, the general
carried out in a coupled process in the same spirit as the cafiotion problem—determining the unknown camera motion
current mapping and localization paradigm [9], [57], [58]. Tand depthZ of each surface point—is difficult to solve accu-
explain briefly, integration of estimated motions based on F2htely for a number of reasons, including the ill-conditioned na-
alignment is used to determine the new vehicle position aft@fre of the problem [1]. If the motion is known (measured), the
several, sayV, frames. The last image is then transformed tinage motiorw provides two constraints on dept which is
the mosaic-coordinate system based on the estimated positig. motion cue (observation) for 3-D depth recovery exploited
Registration with the mosaic is carried out to compute the our Kalman filter-based mapping system [29]. If the scene is
misalignment error, the vehicle position is revised, and, congetatively flat, Z may be assumed constant, which is absorbed
quently, the mosaic is updated with the new image. Noncaugak, and the problem simplifies drastically; only six unknown
processing, utilizing global constraints and data redundangtion parameters have to be estimated from the image-motion
over a large number of viewing positions, enables devisingeasurements over the image. (In practice, the well-know in-
more robust techniques, as utilized for photo mosaicking [SAgrent translation-rotation ambiguity in the computation of all
and for photo mosaicking and trajectory estimation in sea-flogrdegrees of freedom is most severe when dealing with a rel-
2-D mapping and map-based local navigation [22]. In these eatfively flat terrain [1].) When the surface is a tilted plane at
lier works, planar projection or homography models have beefientationn relative to the camera, the problem can also be
utilized to simplify the problem when dealing with monoculagolved in closed form [33]; variation of this closed-form solu-
cameras and solely exploiting visual motion cues [23] (s&®n, when the motion can be larger than a few pixels [23], [66],
Section 1I-A). As it becomes more clear, information fronhas been utilized for application to vehicle-trajectory estimation
stereo disparity allows us to simplify the motion-estimatioand sea-floor mosaicking [21], [22].
process without any simplistic assumptions about the seafloolf stereo images are acquired at frame tilpeéhen the scene
topography. Furthermore, we are able to carry out a recursiyepth mapZ can be determined from disparity cues. Conse-
alignment process to improve the trajectory-estimation procegfgently, knowledge of optical flow and depthZ can be ex-
for any arbitrary scene topography. Finally, the most effectiysioited to determine the motiom and simplistic assumptions
approach to reset the drift error is to plan looping trajectorieshout the scene structure are no longer necessary [4]. For ex-
crossing over at the start point [17]. Here, each loop maynple, a closed-form solution based on a least-square formula-
be treated and processed independently of others, with tigh can be written as
performance degradation from drift errors in other loops. T Lo . T
In the balance of the paper, we review some preliminary {w} _ Z { A Aw  ZALA } [ A, } )
background in Section Il. We describe the proposed stereo | t %AtTAw %AtTAt %AtT” '
vision-imaging and mapping framework is Section Ill and
we cover the computational requirements in Section IV. EXAs a result, disparity cues from stereo pairs not only provide
periments with ground truth and two controlled water-taniformation to determine the scene structure for 3-D mapping,
experiments are given in Section V and variations in thaut also significantly simplify an otherwise difficult motion

v

points
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start “*. end
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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 twbhese also show how interframe motions are integrated to de-
advantages are 1) to enhance motion-estimation accuracy #erchine the current position.

to deal with any type of scene topography and 2) to integrate

the stereo and motion cues (within a Kalman filter). These are I1l. PROPOSEDFRAMEWORK

exploited in developing a stereovision-based 3-D positioning

and mapping system, as discussed in details in the balance o-lf_he s.pecific mapping framework despribeq here attempts
the paper. We also explain how we would utilize and extend t 2 exploit the ;trength of various strategles. First, to follow a
existing capabilities of our vision-based ROV—namely, opticﬁath that consists of several trap ks, the d|screpanc¥ bEt.W?eT‘ the
station keeping and mosaic-based positioning—for navigatighanned and executed trajectories along each track is minimized
and trajectory following [43], [46], [73] y the application of the MBP paradigm [48], which utilizes the

' ' ’ F2F and frame-to-mosaic (F2M) registration [44], [54]. Similar
B. Homogeneous Transformations in concept to the application for photo mosaicking [22], [54],

Given the motion between two nearby camera positiBps but much more general fOT deal!ng with arblt_rary topographies,
a global-alignment technique is then applied at the end of

and Py in terms of the rotational and translational COMPO54ch track to correct the integrated residual errors. Here, we

r?e”‘Sm = [w,¢], the camera-coordinate systems at these poglﬁ"nploy redundant constraints and independent measurements
tl(_)ns are related by thex 4 homogenous-transformation ma_among neighboring key positions on a predefined network,
trix Hy k11 referred to as thkey-points networkwhich is formally defined
Ry t 3 in Section IlI-B. The primary advantage is to achieve accurate
013 1} () vehicle localization and to closely follow the planned trajectory,
] o ) leading to the acquisition of data with the desired overlaps
where the 3«3 rotation matrixR is determined fromw, ac-  3mong the images from various swaths. Finally, the estimated
cording to the Rodriguez formula. Homogeneous transformgaieciory, the optical flow information for pairs of consecutive
tion at camera positioR;., with respect to the reference framecey frames, stereo disparity, and error covariance of various
at positionP, can be obtained from estimates are integrated to reconstruct a composite 3-D map
(4) by utilizing the Kalman filter formulation proposed in earlier
work [29].
allowing us to determine the motion from reference posiftagn ~ The process can be summarized in the following algorithm.

to Pk+1

Hy 1 = [

Ho 141 = Ho p Hp 1yt

- _[Roxyr torm 5 1. Plan a trajectory with L loops or
e 1 . ©) tracks, each comprising of P 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 feoposélativ
(MfRP), stereo disparity (SD), optical flow (OF), and key-points network motion estimation (KPNME), once a keypagwisited.

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 i=1:1L.

e Do trajectory execution and following,

as well as stereo data recording (and sub-
sequently) processing at key positions.

e Between two consecutive key positions,
integrate N motions computed from monoc-
ular frames I; and I;4, (e.g., the left or
right sequence).

e At the next key position, do position
correction by registering the current

frame I;;; with mosaic M;,; and then up-
dating the mosaic (2-D mosaicking and MBP
with every N frames between two consecu-
tive key points).

e Continue if not at the end of track i.
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 1I-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 amoriggneighb
key points. Bottom right: First five tracks, shown with growing line thickness, highlight the sequential nature of trajectory updating in theeG#\ pamiracy
increases as new tracks provide additional observations.

degree of overlap between the images at selected points albegresolved. The accuracy of the alignment is directly tied to
the trajectory and a reference image at some position knottre percentage overlap, which generally depends upon many
with good accuracy (e.g., the start point of the trajectory). Aflactors, such as information content of the image over these
ideal scenario involves looping trajectories that cross at or ngagions, complexity of the surface relief, field of view of the
the known point [17]. Fig. 1 (path shown in solid) depicts theensor, etc.
utilization of this idea to cover an area of some diaméletn Unlike looping trajectories, the path does not cross at the
this scenario, the integration error is maintained bounded astdrt position in subsequent swaths; thus, drift errors are still
independent for each loop, although the positioning accuraiogvitable. However, the error would grow linearly with the
decreases with distance from the reference point. Furthermatistance from the start position, instead of the covered area;
image overlaps at the far end of each loop allow us to improaecuracy drops independently aloid§ and Y directions as
the trajectory estimation by exploiting independent constraintee move away from the reference position. Taking note of
among neighboring points on different sections of the pathe tradeoff between the processing requirements and amount
near the perimeter; more precisely, by considering seveddlimage overlap to improve the precision, the emphasis on
independent paths between selected pairs of points (see belagkuracy and cheaper cost of processing tilts the scale toward
Alternatively, we can plan traverse swaths (a lawn-mowirgccommodating larger overlaps (chosen as 80% in this study)
pattern), which is a common strategy to cover an area over adjacent swaths. Again, positioning accuracy drops with
the sea floor in mapping applications (path with dotted linegjistance from the start (reference position) and is expected to
Misalignment of the images/depth maps from various tracke worse at the far end of each track. Although not investigated
due to the imperfect (incomplete) knowledge of the sensirthis paper, a strategy to overcome this problem is to utilize
platform trajectory can be corrected by planning, and egparse targets at known positions along the region perimeter.
ploiting information from, image overlaps in adjacent swathgor example, the deployment of “opti-acoustic” transponders,
This registration problem is more difficult than simpléY  which can be calibrated (to determine their positions) based on
shifts, since general 6-degrees-of-freedom movements of #moustic techniques (e.g., [7], [8], [10], and [20]), can be used
vehicle can induce complex image deformations that are ds optical beacons during ROV data acquisition. Alternatively,
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Fig. 4. Initial and GA-realigned trajectories.

optical beacons can be placed and calibrated utilizing skilledWe process monocular images at video rate (FrameRate) of
divers [15], [53]. 30 frames/s, for F2F registration and motion integration, and
record stereo data every frames at the so-called key points.
We then do F2M position adjustment at key points (evi&ry

B. Trajectory Following frames) by registering the current frame with the mosaic and,

We now describe the data-acquisition and online-processing
strategies along the tracks of the trajectory. We consider a tra-

Jectory V\{'th lpa.rallel swaths, V\_"thOUt l_OSS of generality, as the gy igeo-rate processing and 2-D photo mosaicking, we use the left se-
process is similar for a path with looping tracks. quence of the stereo images, without loss of generality.
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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, r&3plgatieely
current and previous four tracks are revised through the GA process.

consequently, update the mosaic with the latest frame [48]. With OverLap= 90% for the stereo sampling rate at consecu-
choose tive key positions. These key points are depicted as nodes along
a sample track in Fig. 3. As noted, each tradk the entire tra-
jectory corresponds to two swaths (legs) alongXhdirection
N — Round{ (1-OverLap xImgSizexAltitudex FrameRat? and two short segments alolgaxis to move from the forward
(FocalLength Speed to return swath, and to move to the start point of the next track.
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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.

PointsP ((i — 1)(2M + 4)N) andP (i(2M + 4)N — N) are is the number of key points (mosaic updates) on each leg of the
the initial and end points of track where track. PointsP(0) andP ((2M + 3)N) 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
mgSizex Altitude « FrameRat Y-axis at position® ((i — 1)(2M + 4)N + MN), P((i —
FocalLengthx N x Speed ? 1)(2M+4)N+(M+1)N), andP ((i —1)(2M +4)N + (M +

M = round{AreaLengtr!.
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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.

2)N ) Overall, approximately. = M/4 tracks are necessarylarge overlap over adjacent swaths of each track (ideally 80%,

to cover the entire area. as planned). At the end of each track, a trajectory adjustment is
The alignment with the mosaic (MBP) at keypoints, althoughagain carried out through a global-realignment process, which

significantly reducing the drift errors, cannot totally eliminatés described in the next section.

them, as discussed in [48]. It primarily serves to maintain a As an example used in this study, we update the mosaic every

reasonable level of positioning accuracy to achieve the desit®d= 15 frames (once per 0.5 s) for a camera with nearly/is0
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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 roughlghe entire trajectory. In comparison, we record roughly: 200
10-11 ft from the bottom at 2 ft/s. This gives approximatelgtereo pairs on each track, 5000 in total, which are utilized in
M = 90 mosaic updates over a leg of roughly Arealength global-alignment computations and 3-D mapping.

100 ft. We process in real time 1500 monocular frames on eachFor offline trajectory estimation and 3-D mapping, we may
leg of the track: roughly 75000 monocular frames totally ovethoose to solely integrate F2F motions for positioning, which
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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 degicts a sample of the nodes and connections over a small
of the trajectory (without intermediate corrections). Howeveregion of two adjacent swaths.

drift errors arising from the integration of such a large number of Noting that the impact of older observations and constraints
frames, even with corrections based on MBP, can lead to sigrdiminish (nearly exponentially) as new tracks are visited and
icant drifts. Next, we describe a trajectory-adjustment schemecessed, the optimization for the adjustment is carried out
that is carried out at the end of each track. Through this realignver a moving window of the current arid previous tracks
ment process, we frequently revise the positions of key po§F = 4 in our implementation). This avoids a significant com-
tions on the current and previous tracks, leading to a significgnitational complexity with the growth in the number of posi-
improvement in the overall trajectory. Since the outcome feetisns/tracks to be updated. In this case, the network remains ex-
back to the trajectory-following process, this naturally leads a&tly the same for tracks 5 tb (L =25, in our case).

to the acquisition of data at more or less the desired points along he trajectory adjustment is an optimized “global” realign-
the preplanned trajectory. 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

After the completion of each track, the trajectory is updateRftween them. (Itis noted that in our particular implementation,
based on constraints from a network of selected key positioobal” implied the lastl’ + 1 = 5 frames and, therefore, the
along the current and previous tracks. The motivation is to incr&adjustment is only global within a local region!) The relative
mentally improve the trajectory as new data becomes availadRotion for each pair of connected key points on the network is
By defining numerous connections (based on relative positiorvggtermined from direct measurements of the optical flow using
among neighboring key points on adjacent swaths, we explt#9; See also Fig. 3 and Section IV for computational details.
the redundancy of data and constraints to improve the estimateffor global alignment, we need to carry out a constrained op-
trajectory. Consequently, we can maintain and more accuratéfjjization over available key positions. Our constraint is the
follow the desired track. transformation between the camera-coordinate systems at any

The network connections, translating to rigid-body motiofV© key positionsP; andP; (defined by the network connec-
constraints in the trajectory-adjustment process, are defifé'S) in terms of the motions between them
between neighboring key points. To reduce the computations P, — RP. + ¢ (6)

. . . .. J )
somewhat, we have selected every third key point in defining
the network nodes. Also, a connection is set among these pointsereR is computed from the rotational vectorusing the Ro-
where there is an image overlap of 70% or more; Fig. 3(byiguez formula. This equation cannot be expressed in terms of

C. Trajectory Adjustment
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Fig. 6. (a) Position errors along the trajectory and (b)Zheomponent. Dashed lines separate sections within consecutive tracks 1-25.

the measurements (motion parametajsexplicitly; that is, in  this as our constraint in the optimization process, minimizing a
the formm = f(P;,P,). We instead use thmixed-adjust- quadratic cost function that penalizes deviations from the mea-
ment modein the implicit formP; — R(w)P; —t = 0 [25], sured motion parameters. With the aid of Lagrange multiplier
[39]. We have one such vector equation for each pair of cowectorA, we incorporate our constraint into the cost function to
nected key points. Expressing all the unknown position vectdisally minimize

as one large vectaX and, similarly,L for corresponding mo-

tion vectors, we have a nonlinear systgX , L) = 0. We use o(X,L,\) = (L - L)Tczl(f, —L)+2ATf(X,L) (7)

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

where{L,C} are the estimated and error covariance of tHeefore the final 3-D map of the entire area is calculated.) More
motion vectors computed from the optical flow between paiimportantly, however, these other methods utilize a much sim-

of connected key points (see Section V). pler projective model, namely planar homography [23], which is
To explain what is achieved here, we note that positions\éﬁ“d for planar scenes. Our global-alignment method, based on
keypoints are computed in a sequential fashion as we md{ke unconstrained rigid body motion model in (6), is applicable
along each swath (of a track). With drift error, any pair of neard§ any arbitrary scene, since we can exploit the 3-D position
positionsP; andP; along adjacent swaths/tracks may and wifl€asurements from stereo imagery (or any other method that
not be consistent with the rigid body motiam;; = [w;, ¢;,] provides us with the estimates of the 3-D scene topography).
that is estimated from the direct measurements between th M1 ree-Dimensional Mapping
(or any other path different from that is executed by the vehicle).
More precisely, the motiom,;; computed from a noisy optical ~For 3-D mapping, we employ the Kalman filter-based frame-
flow forimagesl; andI; seldom satisfies the rigid-body motionwork described in [29] and [47], which is a recursive estima-
constrain®; — R(w,;)P; —t;; = 0. The optimization process tion method for the integration of stereo disparity and the mo-
involves modifying the estimated motionsaef; = [w!;, %], ti(_)n/shading 1_‘Iow that are induc_ed by the _n_10tio_n of the ve-
by minimum adjustmentsm;; = m!, — m,;, and the cor- hicle/source (installed on the vehicle). In addition, incorporating
responding positions t#; are minimized in the least-squared regularization observation enables us to characterize the (lo-
sense over all the keypoint connections over the entire netwogRlly) smooth structure of most physical surfaces, while formu-

To solve the nonlinear optimization problem, a number 6?t|ng a scalar filter, one for each pixel. In our application, we

recursive methods can be utilized. The details of selected iffli2€ Stereo and motion cues solely. These comprise the dis-

plementations and their comparisons are given in a separ%?é'ty computed from stereo pairs acquired at mosaic update

paper, which provides a more comprehensive treatment of tﬂ@es_ and optical flow calculated forr the'networkl?.)L points;
global-alignment scheme [35]. P points on each of. tracks (P L = 5000 in our example).

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 andDespite massive amount of stereo and video data, the pro-
consider the entire data set, application to large areas, as p@ssing fits very suitably within the framework of parallel and
posed here, is prohibitively complex. This motivated the GA apipeline computing architectures and can be carried out online
plication to local regions, namely five consecutive tracks, of thie (near) real time. We have depicted in Fig. 2 various modules
trajectory at each update time. (In practice, a global alignmenith the corresponding input(s) and output(s), denoted MfRD,
over the entire trajectory can be done in offline computatior®D, OF, and KPNME, for carrying out distinct computations.

IV. PROCESSINGREQUIREMENTS
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(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  than twice video rate on a 100 MHz dual-processor
modules has to be completed within the travel time between con-  pentium processor.

secutive key points on the network (order of 0.5 s), in addition to 2) Motion from Relative Positions (MfRPThis is a simple
video-rate F2F computations. We next examine the processing calculation from (5) to determine the motion between a

sequence and details. key point and each nearby connected point on the net-
1) F2F and F2M MBP:As the vehicle moves from a key work, based on their positions (with respect to the refer-
point P, to the nextP,., motion from consecutive ence position), described in the form of a homogeneous
framesl; to I, 1 (i = k,k+1,...,k+ N) are computed transformation.
and integrated, giving the initial estimate of position at 3) Stereo Disparity (SD)Computation of SD (depth) has to
Pj, . Registration ofl;,y with the mosaicMj. x be done once péY frames, since stereo pairs are acquired

(in the same coordinate system) allows us to make a  ateverykey point: This can be don(_e over five to six levels
correction, giving the new estimate of the position at  (do — 2° < disparity < d, + 2°) at video rate, wheré,
Py ~. These computations have been clocked at more is the average disparity over the image [68].
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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 baseeatiorGA cor
given in parts (a) and (b).

4) Optical Flow (OF): This involves the same type of com- sition of the pair of key points and the 3-D depth map pre-
putation as for SD, but is applied pairwise to the images  viously calculated a#;, we can significantly simplify
at the key position and each point connected to it on the  the multiresolution OF computation process. More pre-

network. Each poinf; on the network is connected to cisely, we theoretically know the optical flow based on the
no more than 7 previous key point; (i = 1,2,...n; relative positions?, and P,; and range (from disparity)

n < 7) on the same or previous leg of the track; see at positionP; (previously calculated). Due to integration
Fig. 3(a) and (b). Once a network noffg is visited, im- drift, there may be some estimation error, and this can be
agesly, I; (1 = 1,2,...n;n < 7)are the input to the OF computed over one to two levels of a multiresolution OF
computing module to determine pairwise optical flows algorithm (which is the same as SD calculations, but with
betweenl;, andl,;. However, by utilizing the relative po- fewer levels).
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Fig. 8.
5)

The above computations are to be completed by the time the
vehicle moves fronP;, to P, n; the process is restarted with

I I

(b)

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

Key-Points Network Motion Estimation (KPNMEJhe our example) to process the various data at this position (as in
algorithm for global alignment at the end of each track&ny previous key position). What is left to do is the nonlinear
requires the pairwise motions and the initial values afptimization for GA; see also Fig. 2. Although recursive, the
positions of the key points on the network. We can usagorithm typically converges in less than a few iterations with
the initial estimates based on the F2F/F2M computatiogeod initial estimates. In fact, the main motivation for the pro-
(MBP). However, a better estimate can be obtained frooessing at step 4, which can be done very quickly, is to obtain
the closed-form solution in (2), which utilizes pairwisebetter position estimates that lead to a faster convergence. This
optical flow and stereo-disparity measurements. As theiseanother factor that plays a role in the system’s performance.
become available at each positifh, they are processed Furthermore, it is emphasized that the ability to acquire video
by the PKNME module. This computations can be dom#gata and process in (near) real time is a significant advantage
at several times the frame rate (the same as our MBiPthe deployment of a vision-based integrated positioning and
processing), since primary operations are the summatianapping system. Integration with other sensors (say, a high-fre-
and products involving various image moments of deptjuency acoustic positioning system) can provide other bene-
Z and optical flowv = [u,v] over some region of the fits, but also requires proper integration and calibration of the
image. “opti-acoustic” system.

V. EXPERIMENTS

stereo data at this next point. Once the vehicle is at the end offhree experiments are presented to demonstrate various

each

track, it takes no more thaf/FrameRate s (say, 0.5 s inissues discussed in the paper. The first is a simulation with
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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 imagetseveral/two connections to several“adjacent-swath” and two

recorded in an indoor water tank. previous “same-swath” points. The relative motions and posi-
tions of these points for the GA process are determined indepen-
A. Ground-Truth Data dently from their optical flows, while estimated positions from

This experiment simulates an underwater mapping operati&%F/MBP solely serves to follow the planned wajectory during

The submersible platforms navigate at an altitude of 11 ft frof‘He MISSION (visual servoing). T_hus, having foregone the MBP
the referenceXY” plane on the sea floor along parallel 100 f orrection has no effect on the final outcome of the GA process.

swaths covering roughly a 100100 ft area. Sea-floor varia- owever, the primary impact is a slower convergence rate with

tions are assumed in the range of 0.5 to 6.5 ft above the refere'éfﬂ:eeChOice of a less accurate initial condition in the nonlinear

plane. The vehicle moves in a horizontal plane with no rotatio ,,?:_optslmlzanon prg(t:e?s._ tories that ted by the GA
i.e., componentsz, wx, wy, andwyz of the motion vector are 'g. > correspona o trajectories that are corrected by the

zero. Stereo images are acquired at 204 key positions along [aress. for track_s 1-5, 11, 16, 21, and 25. The SOI'.d curves
of 25 tracks. A 1-ft vehicle-travel distance between consecti®" the results right beforg and the boldface curve is imme-
tive key points provides a 90% image overlap. A stereo baseli @tely after the .GA correctlon at. th.e end of each Iqop. Qne
of 1 ft is assumed. The images are constructed (captured) es that the primary d|ﬁ§rence 'S in the ]ast tragk, |n'wh|ch
superimposing a prescribed texture map on a terrain map [§ former case IS de_ter_mlned by the F2F |r_1tegrat|_0n since the
Fig. 4(a)], utilizing a 3-D solid modeling software package [76 orrection at the beginning of the track. This pro_wdes amea-
Fig. 4 shows the estimated trajectory based solely on t dre of track-by-track error growth, while the entire trajectory

integration of F2F incremental motions along each track (Mﬁ't\?vc;]mt?ﬁ provt|rc1jes tTet'mFI’aCt ‘zt the_ g{ﬁb?I sc?let; (F:(g.54). h
F2M correction is done), without (a) and with (b) GA correc- at these other piots also show IS that up 1o track 5, eac

tion process at the end of each track. Not having utilized tl%a‘ correction process affects the entire past trajectory and that

F2M process is primarily 1) to quantify the drift from the Fop1ew data allows us to improve the previous estimates. Since the

integration, 2) to assess the impact on (e.g., convergence of) gﬂgnment has an impact solely on the last five tracks beyond

improvement achieved through the GA process, and 3) to sh \%Ck 5, only these have been shown. Fina_IIy, one may conclude
t although the GA process generally improves the results,

the impact on depth estimation. To explain these factors md , : :
is not always true over the entire track (e.g., portions of

recisely, one notes that the network at each key point consi o "
P y yp the tracks 6 to 11). We have also shown in Fig. 6(a) the position

4With a swath of 100 ft at 11-ft elevation from the ground plane, the mappéi'zrror over the en_tire trajectory, (b) the altitudecomponent,
sea floor area exceeds 10 00, ft 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 trah&i{Bbt
trajectory and (left) trajectory after the GA process.

pose are much smaller. As expected, the points farthest frafthis result is not surprising, it is reminiscent of a scenario in
the reference point have the largest errors. which tracking an erroneous path results in stereo data that does
The reconstructed 3-D depth map in Fig. 7(b) is based oot cover the entire terrain, therefore resulting in holes in the
the GA corrected path; this is in good agreement with the traeap. This also highlights the significance in utilizing the MBP
topography. The histogram of the absolute errors in (d) shoasheme in visual servoing in order to reduce position drift along
an error of 0.6 ft or less for a large percentage of the pointsach track.
Plot (c) is the 3-D map based on the erroneous trajectory inin evaluating these results, the performance includes a geo-
Fig. 4, obtained by pure integration. Although the poor qualitseferenced spatial accuracy of about 1 ft over the first five tracks,
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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 mtosest to the camera, leading to larger maximum position er-
more than 1.5 ft (at the far end) for the remaining tracks. Thiers.
larger errors can be tied directly to areas of high elevation onTwo factors influenced the image resolution when the data
the topographical map, closest to the camera (see commentsvas generated and used. First, but less important, was the fact
image resolution next). The maximum elevation error is roughtizat our original experiments were done over a much smaller
1.5ft. Since the recovered depth based on stereo imaging is nregion of the terrain and that the texture map of the VR system
sured relative to the camera (11 ft from reference frame), thisas sufficient to produce high-resolution imagery. When the
with surface elevation in the range of 0.5 to 6.5 ft, correspongsoblem scale and the mapping area was expanded to fit the
to approximatelyi.5/8 = 20% maximum error (using averageproposed 10& 100 ft size, the same texture map was used,
elevation of 8 ft). Ignoring roughly 15% of the points with theesulting in images with very low resolution. However, the
largest errors, this becom@s/8 =~ 7.5% for the rest. Finally, primary motivation, maintaining the same texture map, was
to put this into perspective, these results have been obtaitedsimulate (what we sincerely believe to be) close to the
by processing images constructed at half the typical>6480 “worst case” scenario for subsea applications. More precisely,
video resolution. Therefore, the immediate conclusion may belike the terrestrial domain where the medium condition
that the original desired specifications have not been achievpthys a negligible, if any, role in image quality (within the
However, let us reveal the last piece of the puzzle, which shoytbposed problem boundaries), there can be large variations in
provide us with a much rosier picture (and, thus, good prospetsage contrast and quality with water-turbidity conditions. To
for the future of underwater stereo imaging). demonstrate, Fig. 8(c) are sample images, showing the same
Fig. 8(a) and (b) is a typical 320240 stereo pair processedobject under five different turbid water conditions. Fig. 8(d)
by our system. The true resolution is about 1/10 of the imaghows the histograms of the last three images with the lowest
size. Based on the assumed camera parameters and averag@tigie contrasts (most turbid cases), showing the decrease in
tance from the scene, each pixel represents a area of neay 3dynamic range with increasing turbidity.
in over the surface, which is far less than for typical resolution Noting the similarity of the true and estimated 3-D depth
in (underwater) video images. This resolution drops for regionsaps in Fig. 7, we conclude that poor resolution is responsible
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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, bb#fore engaging in immature ocean testing, detailed investiga-
in trajectory and depth reconstruction, can significantly be intion based on a large number of controlled experiments are in
proved with higher resolution images [47]. In particular, usingrder to truly characterize the system performance.

as a basis the image quality in numerous ocean experiments to

test other vision-based RO\ktapabilities (e.g., [72]), we be- B. Real Data

lieve that the simulation results presented in this section shouldpyq real data sets have been recorded in an indoor water tank
rate as the expected performance near the worse-case engh gfgown-look viewing configuration. These consist of 130 and
the spectrum. Accordingly, stereoimaging could provide perfogs stereo pairs, respectively, from a distance of about 5 ft to the
mances that would meet or exceed our specifications. HoweVgsitom, with objects of no more than a few inches in size. Unlike

SPhantom XTL ROV: Trademark of Deep Ocean Engineering, San Leandfb€ first experiment, siml_JIating the construction of the sea—floor.
CA. topography, these experiments more closely represent a scenario
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Fig. 11. (Continued.Xc) Initial trajectory and (d) trajectory after the GA process.

for the imaging and reconstruction of smaller objects over tlaetly at the reference position. This truly is the only ground-truth
sea floor. The trajectory of the stereo rig was controlled by amformation in order to evaluate the results, as readings on the
overhead track along the horizontal and vertical directions. Thesitioning system are subject to human error and the accuracy
planned trajectory, up to the precision of the positioning systesfithe track system (see below). Since the overlapping area be-
(see below), is given in Figs. 9(a) and 11(a), respectively, aween consecutive frames satisfies the 10% overlap assumption,
lowing us to test the two proposed data-collection strategiedl the frames in the sequence are treated as key positions. The
The incremental motion between any two frames was measupadr-wise connections of the key points with the overlap of 70%
(on the track system) to be 5 cm/frame. In the second data setmprising the network in the application of the GA have been
the first image was duplicated at positions 31 and 61 to ensiudentified. One notes that there are far less overlaps in the second
that the experiment is consistent with two loops that cross exxperiment; thus, a smaller number of constraints among neigh-
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Fig. 12. Same as the previous figure, for the second real data set.

boring track points is available for the GA computations. More- The constructed trajectories clearly depict the imperfection of
over, since the total number of images in these data sets is raffiiending in) our track system. This conclusion is readily drawn
small, the global alignment is not applied track by track, but sirom the fact that independent trajectories bend at nearly the
multaneously on all the points that are pairwise connected same area of the track in both experiments and, thus, cannot be
the network. due to drift errof These trajectories also show the improve-

Both data sets were acquired under spatially varying lightingnent due to the GA correction, although the discrepancies in
simulating scenarios where portions of the scene may be podhg depth maps, before and after correction, are not apparent to
lit when imaged. The 2-D photo mosaics, constructed from tliee eye; thus, only the results after GA correction are used to
raw images with no radiometric adjustment, are given in pang¢monstrate the 3-D reconstruction of various objects. To the
(b) of these figures, characterizing the scene and depicting thest of our knowledge, based on size measurements, the ob-
imaging and lighting conditions. The nonuniform lighting igects have been constructed with very high precision and the
particularly significant in the second set, which has both fullgixel resolution is approximately 0.2 in (in comparison to 3 in
bright (saturated over PVC pipe) and shaded areas. The tdtalthe previous experiment). However, regions of the map in
coverage area is clearly small as compared to the previous the second set have been constructed incorrectly, primarily due
ample, due to the water-tank-size limit, but controlled expetie nonuniform lighting, leading to intensity saturation over the
ments with real images are critical in understanding, analyzir@yC pipes. The good news is that the inaccurate regions can be
and evaluating the performance of various system modules. Raredicted based on the corresponding uncertainty (error-covari-
thermore, the coverage area of roughly 2 mis quite common ance) measures.
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). Th
P 9 9 ( ) ( ) %Also, the two data sets were taken a few months apart. Based on these results,

reconStrUCte_d scenes with the corrgspor)din.g logarithmic plQfSnow have concluded that the track assumed to be a high-precision positioning
of the covariance (STD) maps are given in Figs. 10 and 12. system is not quite perfect.
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VI. MODULAR CAPABILITIES

A number of modular capabilities can be realized, utilizin
the stereovision-based system for 3-D mapping of the sea-fl 9
topography and objects, which can be configured and impléc-'ency’
mented differently from, or to extend, the proposed framewor

What ties these together includes some generic vision-ba & - . o -
¢ ent turbidity conditions. This is a prerequisite to engagement

ROV capabilities that have been previously realized, namely

automatic optical station keeping and online trajectory planni

[46], [72].

As an example, we may hypothesize a particular scenario

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

Current ongoing and future work involves improvements of

individual modules and potential reconfigurations of various
pcessing stages for higher accuracy and computational ef-

as well as a detailed investigation of the framework

knder a variety of experiments with ground-truth data at various

lutions and controlled water-tank experiments under dif-

rL@}(tedious controlled ocean testing, e.g., through diver-assisted
experiments with known objects placed within a calibrated and

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, carryingi; . ady,

out the task, and potentially resuming the missic@ne such

task may be to acquire super-resolution images over a small

region of the sea floor, for mapping certain manmade or natura

2

objects of interest. A natural application arises in documenting

a shipwreck in which certain parts and components are to bd3l
mapped at these higher resolutions (as compared to the entir@]
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-ree]ls]
mound, in addition to the surrounding area. Accordingly,
appropriate data-acquisition tracks may be preprogrammed for
such various capabilities and selected based on the applicatioﬁ]
once the vehicle is put into the station-keeping mode over
the sea-floor area of interest. Experiments with ground-truthl7]

and water-tank images could readily simulate such scenarios[8

but the data is expected to be at much higher resolutions than

in either of these two cases. The final maps would then

bel®]

registered in a common referenced coordinate system, where

necessary.

VIl. SUMMARY
We have investigated a framework for the utilization of

(20]

(11]

afnz]

stereovision imaging system in the deployment of ROVs for
3-D mapping of the sea floor and targets of interest within areaﬁ_3]
in the order of roughly 10& 100 ft. This scale covers a large
number of applications in ocean exploration and high-resolutioif4]
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 acquireﬁ?]
as well as 3) 3-D mapping based on the images of the entire
data set. We have proposed computational modules that enaljl€]
the online processing of video images for trajectory following
during data acquisition in real time. Preliminary experimentg17

have been presented, suggesting that the framework, and in

gen-

eral stereo imaging, can provide the sought-after capabilitieaS]
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, Whicﬂg]

is limited to very small areas.

(20]

“Currently, all of these capabilities, aside from stereo-image acquisition, exist

on our ROV vision system, utilizing a single down-look camera.

rnfflpped environment.
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