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Abstract—Severe attenuation and backscatter of light funda- limitation. Recent years have seen significant advances in mo-
mentally limits our ability to image extended underwater scenes. sajcing [10]-[14] and full three-dimensional (3-D) reconstruc-

Generating a composite view or mosaic from multiple overlapping - i, [15]-[18], although these results are land based and do not
images is usually the most practical and flexible way around this dd . ' ific t d ter i .

limitation. In this paper, we look at the general constraints asso- address Issues spem IC 10 ‘{” erwater imaging. . L

ciated with imaging from underwater vehicles for scientific appli- Due to the rapid attenuation of electromagnetic radiation un-

cations—Ilow overlap, nonuniform lighting, and unstructured mo-  derwater, ambient lighting is practically nonexistent after the
tion—and present a methodology for dealing with these constraints first few tens of meters of depth. This implies that most op-
toward a solution of the problem of large-area global mosaicing. tical imaging in the deep ocean is done by vehicles carrying

Our approach assumes that the extended scene is planar and de-,, . . T
termines the homographies for each image by estimating and com- their own light source or sources. Power and/or size limitations

pensating for radial distortion, topology estimation through fea- result in lighting patterns that are far from uniform (Figs. 1
ture-based pairwise image registration using a multiscale Harris and 3) and that produce shadows that move across the scene
inter_est point detector coupled wi_th a f_eature descrip_tor based on zs the vehicle moves. Variable lighting may be partially com-
Zernike moments, and global registration across all images based o ngated for by using high-dynamic-range cameras and adaptive
onthe |n|t|fal registration derived from the pairwise estimates. Th|§ histogram specification [19]. However, another serious concern
approach is purely image based and does not assume that naviga-. : ’ .
tion data is available. We demonstrate the utility of our techniques IS the advent of battery-powered autonomous underwater vehi-
using real data obtained using the Jason remotely operated vehicle cles (AUVs) for imaging surveys [2], which impose additional
(ROV) at an archaeological site covering a hundreds of square me- constraints given their limited energy budgets. AUV surveys are
ters. typically performed with strobes rather than continuous lighting
Index Terms—Feature-based registration, global alignment, and acquire low-overlap imagery in order to preserve power and
global registration, multiscale Harris interest-point detector, to cover greater distances. Optical imaging is also performed
:ﬁg;ﬁ'egt':tort'on compensation, underwater mosaicing, Zermike  fom towed sleds, where cable dynamics can induce significant
' changes in camera position and orientation from frame to frame
[5]. Inits most general form, generating composite views under-
|. INTRODUCTION water requires dealing with imagery acquired with low overlap,

PTICAL imaging underwater offers a high level of detaife"ain relief, nonuniform lighting, and unstructured surveys.

and presents information in a way that can be naturally oy erview of Related Work

interpreted by humans. Unfortunately, the underwater environ- o ) )
ment imposes severe limitations on optical imaging. For manyYnderwater mosaicing has been studied mostly in the con-

underwater applications, light attenuation and backscatter lii<t of vision-based navigation and station Keepmg close to the
the coverage of a single image to only a fraction of the area $2 floor [20]-{23]. Global alignmentiis considered in [20], [21]
interest [1] (Fig. 2) and, in spite of improvements in imagingrough the two-dimensional (2-D) topology of image place-
hardware and processing techniques, the practical coverage Bf&{1ts and a “smoothing” stage to adjust the placement of im-
single image is on the order of 10?m ages in the mosaic. Rea}l—nme constraints force the homogra—
This limited coverage is a serious impediment to underwatgPi€s to be pure translations, good enough for local navigation
exploration and science as sites of interest usually encompl¥k ot for an accurate rendition of the sea floor. Registration
much larger scales—hydrothermal vents and spreading ridge!Si?@sed on matching borders of zones with different textures
geology [2], ancient shipwrecks and settlements in archaeol sign of the Laplacian of Gaussian). Variable lighting de-
[3], [4], forensic studies of modern shipwrecks and airplane agd©YS the brightness constancy constraint (BCC), which is the

cidents [5], [6], and surveys of benthic ecosystems and spedf§¥ ssumption in most direct (intensity)-based methods [24].
in biology [7]-[9]. In [22], a modified BCC is used to account for light attenuation

Generating a composite view from multiple overlapping imUnderwater, but this method has not been proven for low overlap

ages is usually the most practical and flexible way around tHf§agery and for unstructured terrain.
Recently, Gracias and Victor-Santos [23] presented a global-

alignment solution for underwater mosaicing with excellent re-
sults for video-based imagery over an area of approximately
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Fig. 1. Sample images from a lava flow and a coral reef survey performed by AUVs. The strong falloff in lighting is typical of energy-limited vehicles.

A

Fig. 2. Set of images taken at different altitudes (from 3.5 to 12.5 m in 3-m increments). Light attenuation and backscatter limit the altitudetronages
can be acquired. Covering an area of interest may require several hundreds of images.

assuming that translation is the dominant motion between cdrem multiple views to attempt full 3-D reconstruction, as in
secutive frames (correlation is used to match feature pointsjucture-from-motion (SFM) [15] and photogrammetry [26].
Even though their global mosaic is constructed with a subset®fen though recovering a 3-D structure is the proper approach
images with significant interimage motion, the feature matching composite image generation when dealing with a translating
is performed with high overlap (basically, the homography beamera over nonplanar surfaces, these techniques are consid-
tween two images with low overlap is calculated as the concagrably more complex, even for land-based applications (with
nation of video-rate homographies). It is not clear how this techigh overlap, structured motion, and good lighting). However,
nigue would fare when only low-overlap imagery is availabldull 3-D reconstruction is not always possible for very low
In addition, their method does not account for lens distortionyerlap surveys (where many points are imaged only once).
which can have a significant impact at larger scales. Note thete emphasis in this paper is on 2-D mosaicing, based on
the main concern of all these approaches is vision-based ndkie belief that there are fundamental challenges in underwater
gation rather than building large mosaics. imaging (large-scale relating images) that can be addressed in
Mosaicing makes assumptions about camera motion aihe simpler context of mosaicing approximately planar scenes
scenery to merge several images into a single view, effectiveétyprovide a global perspective of the area of interest.
increasing the field of view of the camera without sacrificin )
image resolution. The key assumption for a distortion-fréé Paper Overview
mosaic is that the images either come from a purely rotatingin summary, there currently is no practical, robust, and repeat-
camera or that the scene is planar [25], [15]. In either case, Hisle way to generate an underwater mosaic that combines hun-
camera motion does not induce any parallax and, therefogigeds to thousands of images acquired with low overlap, poor
no 3-D effects are involved. These assumptions often do nigihting, and possibly in an unstructured fashion. This paper
hold in underwater applications and obvious distortions ilemonstrates large-area underwater mosaicing by addressing all
the mosaic are usually present (note that light attenuation ahese issues with an effective image-registration technique in a
backscatter in underwater imagery rules out the traditionglobal-mosaicing framework.
land-based approach of acquiring distant, nearly orthographicOur approach for relating images is based on a multiscale
imagery). In contrast to mosaicing, one could use informatiggature detector with matching based on descriptors invariant
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Fig. 3. Sample of the set of 29 images used as a working example to illustrate some of the stages of the mosaicing process. Each column represehts a sectio
adjacent survey tracklines. Images in a column represent a temporal sequence (the vehicle moved down the left column and up the right colummvaitblgppro
constant heading). Note the low spatial overlap and the failure of the BCC, due to underwater lighting.

to rotation, scaling, and affine changes in intensity. Global regrewarped to compensate for radial distortion before attempting
istration is performed by considering all known overlaps bé¢e mosaic them. To accomplish this, a global mosaic is created
tween images when solving for the transforms that map imagesm a small subset of underwater images of an approximately
onto the mosaic frame. New overlaps become apparent as planar surface. The solution for the mosaic considers a non-
topology of the mosaic is refined. Note that this approach limear projection model that accounts for radial distortion. The
purely image based and does not assume that navigation detalt is that the images are registered onto the mosaic in a glob-
is available. ally consistent fashion and are corrected for radial distortion.

Results in recent years [11], [27], [14], [28], [29] have clearlifhis correction is then applied to the full image set before at-
established the need for global considerations when generatinigrapting to mosaic it, allowing the use of simpler transforms in
mosaic that consists of multiple tracklines. Our approach breake topology-estimation and global-mosaicing stages.

down the problem into three distinct phases, as follows: The rest of the paper details our approach. Section Il describes
« radial-distortion compensation; how feature detection and matching is performed. Section Ill ad-
« topology estimation through pairwise registration; dresses topology estimation, while Section IV deals with global
« global registration. mosaicing. Radial-distortion compensation can be seen as an ex-

The second and third phases (Fig. 4) are similar to oth@nsion of the global-mosaicing technique and is treated as such
global-mosaicing approaches [11], [23], the difference lyin§ Section V. Results for a large mosaic are presented in Sec-
in our emphasis in using low-overlap, feature-based registfén VI. Final remarks are offered in Section VII.
tion. The formulation of the global-registration problem is
kept simple by only explicitly solving for the homographies
from image to mosaic and not the positions of features. In Il. FEATURE DETECTION AND MATCHING
addition, the topology-estimation stage uses projective modgjs
that are linear in their parameters, which allows for a linear
least-squares solution of homographies. The global-registratiorA pair of overlapping images of the same scene can be related
stage uses planar projective transforms that require solvingpyaa motion mode[30], [31]. A 2-D motion model imposes
nonlinear least-squares problem. on an image a single global 2-D transformation that defines the

The first phase arises from the realization that when dealidgsplacement of every pixel. This type of transform is the basis
with large image sets and low overlap, effective mosaicing uaf 2-D registration for mosaicing. A 3-D motion model has a
derwater requires compensating for radial distortion. This is iglobal-motion component (related to the camera motion), but
plemented as a critical preprocessing step whereby imagesals® a set of local parameters representing the 3-D structure.

Relating Overlapping Imagery
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Fig. 4. (a) Flowchart for mosaicing with global alignment through topology estimation. (b) and (c) illustrate the process for a set of six imagesl Riop
(based on possible overlap given the current topology estimate) are depicted in light gray, verified links (based on a successful featurerbitckirkgature
matching is represented for théh featurer; between imageg, andf,, asz;; «— ;.

Techniques that recover motion models have traditionaltigat the motion is mainly translational between frames. These
been divided into feature-based (indirect) methods and intanethods have shown to be extremely effective with short
sity-based (direct) methods. Feature-based methods extrabiaselines, i.e., high overlap [34]. However, rotations of more
relatively small set of distinct features from each image anban 10-15 require other methods to prealign images for
then recover their correspondence. These matching featurgble registration. Our own extensive testing with underwater
are then used to model motion. The Harris corner detector [3&]agery indicates that direct methods alone, even those that use
forms the basis of some successful feature-based underwédeal normalized correlation as a similarity measure [35], are
mosaicking work [23]. Indirect methods must address thwt suitable as a general registration technique. Imagery with
correspondence probleni.e., they need to determine whichsignificant rotation, scaling, or even affine transforms can be
features match between images before solving for the transfamagistered using frequency-based techniques [36], [37]. These
that relates an image pair. Traditional implementations pair apethods implicitly rely on large overlap in order to effectively
features based on a similarity measure such as correlation [Y€@]ate the spectra. Again, the type of imagery obtained in
Since mismatches occur, robustness is increased by addingiaderwater surveys does not satisfy these assumptions. Our
outlier rejection stage [33]. approach, inspired by recent results in wide baseline matching

Direct methods, on the other hand, estimate motion or shd8], [39], uses feature detection and matching as a first stage
from measurable quantities at each pixel of the images. Masimage registration. The key is using feature detectors, feature
direct methods rely on the BCC [24] and are implemented descriptors, and similarity measure that are robust to changes
a coarse-to-fine manner within a multiresolution pyramid. This rotation, scaling, and lighting.
allows initial misalignments of up to 10%—15% of image size.
The BCC is not valid underwater because vehicles carry thg’r
own light source. As the camera moves, so does the light source,
resulting in significant changes in intensity as well as moving The process by which information is extracted from images
shadows. can be seen as the interaction of the image data with operators.

Our approach is largely dictated by the particular requirdhe design as well as the interpretation of the response of these
ments of underwater imaging. Low-overlap situations withperators is one of the key issues in machine vision. Scale-space
unknown motion between images are not effectively dealt witheory offers a working framework to deal with these problems
by registration methods that assume pure translation or tiwaised on the observation that image data presents structures at
use whole image information to determine similarity. Diredlifferent scales and that one cannot expect to know beforehand
methods, even in coarse-to-fine implementations [30], assuthe scale of relevant structure. The natural approach is then to

Scale-Space Representation
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Fig. 5. Independently derived feature points for a pair of overlapping images. The multiscale Harris interest-point detector extracted fhierfesathatice
the significant changes in lighting.

consider the image at all scales simultaneously. In the most genage with a Gaussian of increasing variance, the image can be
eral case, convolution with Gaussian kernels and their derivdewnsampled so as to reuse the same Gaussian mask. This will
tives form a class of low-level operators for scale-space repprove particularly useful in describing the neighborhood of the
sentations [40] and have shown great promise in feature detfature point at that given scale. Our actual implementation uses
tion and matching [41]. Being able to describe a feature point repyramid representation of the image to change scalgsa0d

only by its location but also by its characteristic scale improves) and increases computational efficiency [43].

the ability to deal with imagery that contains objects with dif- The characteristic scale of a feature is considered to
ferent scales and/orimagery of the same object taken at differbet the scale at which the scale-normalized Laplacian
scales. Both situations can be expected to occur in underwatet( L, (x;0) + Lyy(x;0))| is maximum [44]. A vari-

imagery. able threshold on the strength of the interest point (the smaller
_ eigenvalue of. at the characteristic scale) limits the number of
C. Interest Points feature points to a manageable size (400-600 points are usually

Describing features in a way that is invariant to expected ge@eeded to ensure matching in a low-overlap situation).
metric and photometric transformations is important for suc-
cesful matching. Perhaps even more imporatant is to have cBh-Description of Features

fidence that we will aCtually |dent|fy the same interest pOiI"lt in Matching in narrow baseline app"cations is traditiona“y
two overlapping images. We choose to detect features wittharformed with an intensity-based similarity measure between
multiscale version of the Harris interest-point detector [32], [4%jhage patches centered around feature points. In its simplest
since itis designed to identify the same interest pointin the pregid most common form, the description of the feature point
ence of rotation and scale changes. Fig. 5 shows a typical sef0the image patch around it and the similarity measure is
Harris feature points for an overlapping pair of images. usually some variant of the sum of squared differences or
The Harris measure is the second-moment matrix, describifigiss correlation. For wide-baseline (low-overlap) mosaicing
the curvature of the autocorrelation function in the neighbogpplications where the terrain is approximately planar, the

hood of a pointx as camera has a narrow field of view and its optical axis is roughly
) L2(x;0p) LoLy(x;0p) perpendicular to the terrain, thg appearance of a particular
u(x,01,0p) = opglor) LoLy,(x;0p) L%(x;0p) image patch does not undergo significant perspective transfor-
A v (1) mation. This is the case for most underwater imaging vehicles,

which are designed for passive stability in pitch and roll and

wherex is convolution operatory; is the integration scale;,  Operate deep enough to be immune to wave action. Matching
the derivation scaley(o) the Gaussian of standard deviatiorieatures in the presence of heading and altitude changes [larger
o, and L the imagel smoothed by a Gaussian, such tiigt ©one-dimensional (1-D) rotations and scale changes] requires

represents a smoothed derivative compensating for the motion (with prior knowledge) or using
9 a description and similarity measure that are invariant to these
L.(x;0p) = a_g(gD)*](x), (2) transformations. The latter approach is used in this paper.
Xz

Instead of directly comparing intensities of the image patches,
The second moment matrix offers a description of local imaglee patches are transformed into a descriptor vector that is
structure at a given scale. An interest point or a corner point wifivariant to 1-D rotation and scaling. For some degree of
have au with two positive eigenvalues (significant changes imobustness to lighting changes, the descriptor is modified to
intensity in any direction). An edge will present one positivalso be invariant to affine changes in intensity. Matching is then
and one zero eigenvalue and a uniform area will have two zdyased on a distance measure between descriptor vectors.
eigenvalues. Image patches have been described by differential [41], [45]
In the multiscale framework, a feature point will have a loand moment invariants [46], [47]. Differential invariants are
cation and a characteristic scale that is determined after reprenstructed from combinations of intensity derivatives that are
senting the image at different scales. Rather than convolve ttunstant to some geometric and radiometric transformations
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such as translation, rotation, scaling, and affine brightnessNote that the recovery of the rotation angle using mo-
changes. Moment invariants can be constructed from nonlineaents with|m| # 1 is nontrivial [50] because any rotation
combinations of geometric moments (the projection of the, (g(r,0) = f(r,0 + ¢)) of the form

image patchf(z,y) onto the basis set of monomial$y?).

2k

Since the basis set for this projection is not orthogonal, these a=¢+——, k=0,....m—1; m>0 9)
invariant moments contain redundant information and have a m

limited ability to represent an image in the presence of noisgill produce the phase difference¢ betweenA,,..(f) and
Orthogonal moments based on orthogonal polynomials sudh,,,(g).

as Zernike moments have been shown to be invariant to som&ernike moments are not truly invariant to changes in scale,
linear operations, have superior reconstruction capabilitiesbat the magnitude ratio of corresponding moments does approx-
the presence of noise, and low redundancy as comparednbate the relative scale of the image patches. Given

other moment representations [46], [48], [49]. Extensive testing

with underwater imagery has led us to describe image patches g(sr,0) = f(r,0) (10)

around feature points using a formulation based on Zernih%a

moments.

1) Zernike MomentsZernike moments are derived from
Zernike polynomials, which form an orthogonal basis over | Apm(g)]

the interior of the unit circle, i.es? + y?> = 1 [48]. If we
denote the set of polynomials of orderand repetitionm by

e relative scale between imageg andg can be approximated
by

S — 11
A (F)] (1)

Voum(z,7), then since these polynomials are complex, thei¥hereA,n,(g)andA,,(f)arethe Zernike moments fotr, )

form is usually expressed as
Vnm (mll/) = Vnm(pv 0) = an(p)eij (3)

with n a positive or zero integer an integer such that — ||
is even, andm| < n. We've also defined polar coordinates=
Va2 +y?,0 = arctan(y/z). Note V" (p,0) = V,, _m(p, 0).

The radial polynomiaR,..,,(p) is real and of degree > 0,
with no power ofp less tharim|.

n—|m|

Runlp) = 3 T )

s—0 s! (%Iml —3)! (%Iml —s)!

The Zernike moment of ordet with repetitionm corre-
sponding to the projection of an image functiffx, y) (in the
unit circle) is given by

n

+1 [ "
Ay = / / Fa ) Vi (o) dody.  (5)
T J Jarpyr<i

andf(r, ), respectively.

In[51], this relationship is demonstrated empirically and used
successfully to mosaic images based on one matching point of
interest. Their approach calculates Zernike moments for a disk
around the matching point. The rotation and scaling factors that
relate the images are extracted directly from the relationship
between Zernike moments. Translation is dealt with by using
phase correlation once images are corrected for rotation and
scaling.

Our implementation uses the first 26 < 8, m > 0) coeffi-
cients in the Zernike expansion of a disk (of radius proportional
to the characteristic scale) around all interest points. A second
expansion is performed with a radius of 140% of the charac-
teristic radius to increase the discrimination between similar
patterns at the characteristic scale (we picked 140% as a com-
promise; smaller scales do not improve matching significantly,
whereas scales larger than 160% appear to make the patches dis-
similar in the presence of 3-D structure or strong lighting differ-
ences).

To obtain some robustness to changes in lighting, prior to
calculating the Zernike moments, the image paiclof f(z, y)

Note that4,,,, is complex andd*, = A, _,..Inthe case is demeaned and normalized by the energy content of the patch

of a discrete imag¢|z, y|, the moments are approximated as

n+1 .
An'm = T sz[$7y]vnm($7y)7 $2 +y2 S 1. (6)
z oy

y) = Ei7j(f(w+i,y+j)—]?w)
ety ) - fw)?

wherefyy is the mean of (z,y) over the patchV . Notice that

N(f(x

12)

The magnitude of Zernike moments are rotationally invariant, ) B
i.e., corresponding Zernike coefficients of two image patches N(f(z,y)) = N(af(z,y) +b) (3)

that differ only by a rotation have the same magnitude, and thgige tively providing invariance to affine changes in intensity.
phase difference is related to the angle of rotation. For two im-\y,e construct a vector of descriptors based on the Zernike mo-

ages that differ by a rotatiof

g(r,0) = f(r,0+ ¢) (@)

their Zernike moments are related by

Anm(9) = Anm (.f)ejm¢~ ®)

ments by using the log of the magnitude of the Zernike coeffi-
cients and the phase of th,; moments. Identical (up to a ro-
tation) image patches should have corresponding moments with
the same magnitude, but in the case where there might be a dif-
ference in the selected scale we have

log(snm) = log(|Anm (f)]) — log(|Anm(9)]) (14)
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Fig. 6. Matched points according to minimum distance of feature vectors (74 matching pairs out of the 400 feature points in each image). Thessiecles rep
the characteristic scale of the feature and the blue lines indicate the interimage motion of the features. Notice that, along with a numbenbfmaiokiste
(vertical), we also obtain numerous inconsistent matches across the two images.

and because the descriptors are not truly invariant under general geo-
bn1 = LA (f) = LAn1(g). (15) metric and lighting variations. In addition, some repeating tex-

tures can be matched even if they do not arise from the same

scene point. Thus, we see in Fig. 6 that while the predominant

E. Feature Matching matches are vertical, there are a number of other matches that

. - . . are considered valid between these two images.
We perform matching by finding the pair of features that min- 2) Outlier Rejection (Least Median of Squaresjo elimi-

imize a distance measure between the associated descriptor &te outliers as well as to expand the set of correct matches, an
tors. The set of potential matches are then pared down by Afine motion model between the two images is estimated using

serving the distance to the next-most-similar feature. In ca: &S [52]. The basic steps for outlier rejection based on LMS
where these distances are similar, the match is rejected. Fin as follows

otential outliers are removed by using least median of squares . .
P y g q  Start with the sefS of potential correspondences (based

(LMS), a robust motion-estimation technique [52], [53] sim- imililari q h iduald |
ilar to random sampling and consensus (RANSAC) [33]. Sec- ;’Erz'g;'r' arity) and set the LMS residualéz.s to a large

tion 11-5.2 describes the LMS approach in more detail. R torV trials:
1) Initial Match: The distance measure (based on Zernike * er;zeatdor | trlals. bsetf h il
moments of up to order and repetitionn) for the preliminary andomly select a subsetirom the potential corre-

. . : : dences.
match is established by concatenating thg, for all consid- spon L
eredn andm into a vectors and concatenating thg,; for all CalI)cuIate H(s), the homography implied by the
considered: into a vector®. We define the distanagy , as subset. :
’ —  Apply the homography t& and calculate the median
de = 1 + H) 16 of squared residuald/,.
10 = var(log(s)) + var(2) ae e
The particular distance used in this case is the sum of the* SetH = H(s)
SetMLs = M,.

variance of the log of magnitude ratios and the variance of the*
phase difference between corresponding coefficients. A perfecifhe LMS algorithm produces a homograpHythat comes
match yields corresponding coefficients with a constant maom the set that best explains most of the data (in the LMS
nitude ratio (scale factor) and with a constant phase differergense). This homography can be used to define a set of inliers
(rotation) and their distance, as defined, is zero. Sin based on athreshold on the residuals. As presented, the LMS
Since overlapping images will also have features in the ardgshnique will fail if there are more outliers than inliers. In such
that do not overlap (features that are not in common), the magi¢ase, a distance below the median value should be used. In
is performed in both directions. Thatis, first from the image witaddition, we consider the final homograph(S;,) using all
fewer features to the one with more features. Those tentativéNiers. If there are not enough inliers to reliably estimate the
selected feature points in the second image are then matchwion, the overlap is considered nonexistent. Figs. 7, 9, and
back to the first image. If they still match to the same poini1 show typical reduced correspondence sets, which show the
then the match is considered potentially valid. strength of our technique. Figs. 8, 10, and 12 are the corre-
The set of potential matches is further reduced by examinifgonding mosaics based on the reduced correspondence sets.
the ratio of distances between the second-best match and the
best match. If this is below a given threshold (we use 1.1 since IIl. TOPOLOGY ESTIMATION
higher values tend to eliminate good matches), the match is con- .
sidered of low confidence and rejected. The idea is to elimindte ASSumptions and Approach
matches for which the minimum distance is not clearly distin- Our basic assumption in building a mosaic is that the images
guishable. Fig. 6 shows atypical correspondence set at this stagee been acquired in a temporal sequence. We do not require
of feature matching. We note that mismatches are still possilolavigation data; we only assume that each image overlaps, at a
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Fig. 7. Matching feature points after LMS for the set shown in Fig. 6. The LMS algorithm has reduced the set to 41 consistent matches. Circlefhieepresent t
characteristic scale of the feature and blue lines indicate the interimage motion of the features. The direction of the yellow radii represemgoftthepfirst
complex Zernike momerit4, ;). If matching features are truly identical (up to a rotation), the difference in orientation of the yellow radii should correspond to
the rotation of the feature. Changes in lighting and clipping near the image borders will introduce changes in the phase of

Fig. 8. Mosaic based on matching shown in Fig. 7, rendered as an average of intensities. The 41 corresponding feature points used to calculaaphireshomog
to map onto the mosaic frame are shown in blue (top image) and green (bottom image).

Fig. 9. Example of feature matching under low overlap.

minimum, with the preceding and succeeding images in the smde. There are two approaches to building a mosaic using all
guence. Early mosaicing approaches [54] constructed a mosaiailable overlap information.

by relying on the temporal-image sequence to perform pairwise « |ncremental mosaiés the process by which the mosaic
registration of images, then concatenating these interimage ho- is constructed is incremental. Each new image in the
mographies to build the mosaic. In contrast, a globally consis-  sequence is related to the previous image to find cor-
tent mosaic uses all overlap information, including overlap from  responding points. Based on that relationship, possible
images that are not consecutive in time [11], [27], [14], [28],  overlaps with other images are verified and the set of
[29]. The overlaps between images can be considered as links matching points is stored. The transforms of the new and
that define the topology of the mosaic, with each image beinga  all previous images are then calculated considering all
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Fig. 10. Mosaic based on matching shown in Fig. 9, rendered as average of intensities. Note the misregistration on the top right corner of tleaoveedap ar
homography does not map that corner well since there are no correspondences near it (probably due to the presence of 3-D structure).

Fig. 11. Another example of feature matching under low overlap and significant rotation. This image pair belongs to a survey performed from d.towed sle
Fig. 12 shows a mosaic of these images.

Fig. 12. Mosaic based on matching shown in Fig. 11. Rendered as average of intensities.

known overlaps. In essence, a growing global mosaic is the topology stabilizes and no new links are added. In
solved after each new image is added. This could be the essence, the global mosaic is created and then refined by
basis of a real-time approach. adding constraints as new overlaps become apparent.

for the global mosaic using the overlaps of the temporg}pically converge in just a few iterations (3—6), depending upon

sequence. Notice that this is better than simply concaigyy aggressively we propose new links.
nating pairwise homographies, since the transform for

each image is determined considering the overlap to the .
. . . . . Formulation

next and the previous image. Given the initial layout, al

new possible overlaps (links in the topology) are verified; The mosaicing problem is basically that of finding the homo-

this information is incorporated and the transforms fagraphies that map every image onto the mosaic frame. Stating

all images are recalculated. This process is repeated uthik as a minimization of a cost function, we need to determine
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Fig. 13. (Top left) Image layout after initial topology estimate (using only temporal overlap information) and proposed links based on posaibigvevethe
topology estimate (top right). (Black is for verified links and gray is for proposed ones.) Axes correspond to mosaic coordinates (in pixelsydoteafeet

second (bottom left) and final (bottom right) topology refinements. (Only verified links are shown.)

the homographies that map every image onto the mosaic sucB) Global Registration: To create a mosaic that is globally
that the distance between corresponding points is minimizeddansistent, we solve for the transforms considering all over-

the mosaic frame. laps. We generalize the pairwise registration to all images by re-
1) Pairwise Registration:From the feature matching be-quiring that all images of featureshould map to the same point
tween image pairs and/ we have in the mosaic. This is implemented as a least-squares problem,
solving for the transform parameters that minimize the distance
Xji = Xji + u(x;r) (17)  petween corresponding feature points on the mosaic frame.

wherex j; andx ;. are the 2-D positions of thith feature point The cost function to minimize in this case is

in images! andk, respectively, andh is the motion vector be-

tween the features. J, = |Pi(xj1) — Pr(x1)] (20)
We can register the image onto imagel by fitting a 2-D ,2,; z]: ! !

parametric transform to a set of corresponding points such that

1 wherel, k defines a link (imagekandk overlap). The positions

(18)

. _ _ of featurej on imaged andk arex;; andx;, respectively.

where Py, is the parametric transform that maps imdgento  They map onto the mosaic at positioRgx;;) and Py(x;z),

imagel. _ _ respectively.
The parameters dF;;, are determined in a least-squares for- This function is minimized over the parameters for the trans-

mulation by minimizing the distance between the featurds irforms for all images
and the corresponding featureskinmapped ontd

min Z %t = Pie(x;i)]- (19) poin lzk: > IP(xj1) = Pr(xji)l- (21)
J s

xji = Pue(xjk)

J
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Fig. 14. Global mosaic of an example set of 29 images. The mosaic is rendered using the average of overlapping pixel intensities. Ghostingr(onptheicul
top right and bottom left), as well as the blurring of some of the objects, are evidence of misregistrations.

470

r 60

r 150

Fig. 15. Standard deviation of all source samples at each sample of the mosaic in Fig. 14. The standard deviation in areas with none or one image is set to z
by definition. High variability in pixel intensities is due to misregistrations (edge-like ghosting near objects) or changes in lighting (beadhed that increase
toward image edges).

Note that the cost functio#;, as proposed, underconstrains theet of transforms that differs only by a translation and rotation
problem. For example, given a solution $&t. .. Py, another of the whole mosaic would also minimize the cost function.
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Fig. 16. Detail of top right corner of the mosaic in Fig. 14. Average (left) and standard deviation (right) of overlapping source samples. Theatiisrég)is
apparent in the ghosting around the amphora and the blurred terrain in the image of the average. In the standard-deviation image, repeated@degeslike s
represent misregistration, while areas with high but approximately uniform variability suggest differences in lighting between the overlagesg i

r 1240

r 1220

r 1180

F 1160

140

120

50 100 150 200 250 300 350 400 450 500 550 50 100 150 200 250 300 350 400 450 500 550

Fig. 17. Average of pixel values over all images of approximately flat sections of the Skerki D wreck (left) and the multiplicative radiomettiorctantors
(left).

To address this issue, we add a distortion penalty An additional cost term is added to account for the overall
~ translation of the mosaic
Ja =Y |(Pe(xe) = Pe(an) — (2o — z1))| J. = |Pi(x0)| (23)
k=1

+[(Pe(za) = Pe(2be)) — (za — 6e)| (22)  which is the distance squared of the transformed origin of the

. . first image. By minimizing this term, the origin of the trans-
wherez,, x|, Ty, 11 Stand for top right, top left, bottom right, formed image will not translate.

and bottom left corners of the imagg; is then the sum (over all The overall cost function has the form

images) of the magnitude squared of the difference between the

original diagonal vectors and the transformed diagonal vectors. J=J +wy-J;+w,.-J. (24)

This penalizes excessive transformation of the images, in partic-

ular avoiding the trivial solution (where all features are mappeadherew,, w. are weighting factors for the different cost terms.
onto the origin). In practice, this cost term guides the minimizaYe have observed that the solution is insensitivestqwhich

tion to a solution where rotation and scale changes are “deould actually be incorporated as a constraint in a Lagrange mul-
tributed” over all images. Notice, for example, that the imageiplier solution). There is also a broad range in whigh has

that form the mosaic in Fig. 12 were both rotated by roughly tHitle effect on the finalJ;; in practice,wy is initially set in the
same magnitude onto the mosaic. range[10~%, 10~2] and not changed afterward.



PIZARRO AND SINGH: TOWARD LARGE-AREA MOSAICING FOR UNDERWATER SCIENTIFIC APPLICATIONS 663

Fig. 18. Global mosaic of an example set of 29 images with radiometric correction. The mosaic is rendered using the average of overlappingtpgsel intens

Fig. 19. Standard deviation of all radiometrically corrected source samples at each mosaic sample (Fig. 18). High variability in pixel irgehsities i
misregistrations (edge-like ghosting near objects). Notice that the variability due to lighting is significantly less than in Fig. 15.

By using parametrized transforms that are linear in the para@- Refinement
eters (affine),/ is quadratic and can easily be solved by linear After solving for the homographies, new links (overlaps) can
least squares in one iteration. be hypothesized from the topology of the images. A simple
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Fig. 20. Detail of top-right corner of the radiometrically corrected mosaic in Fig. 18. Average (left) and standard deviation (right) of ovestappasamples.
Notice that most of the variability due to lighting differences between overlapping images has been removed (compare to Fig. 16).

Fig. 21. (top) Minimum distance map (from center of each image) of the
mosaic in Fig. 18. (bottom) Tessellation based on minimum distance map. Fig. 22. Mosaic at each frequency band, constructed according to the
tessellation of Fig. 21.

distance measure between centers is used for this. These pos-

sible links are verified by feature matching and any matchingt to render the best possible mosaic. For this reason, only an
points are incorporated into the minimization. The process affine transform (linear, six parameters) rather than a projective
repeated until no new links are proposed. Fig. 13 illustrates ttransform is solved for each image, making the matrix inverted

topology-estimation process for the example set of 29 imageseach refinement of the topology of siz& x 6.V, with V the

The purpose of this stage is to identify all significant overlapsjumber of images.
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Fig. 23. Global mosaic of an example set of 29 images with radiometric correction. The mosaic is rendered by multifrequency blending.

IV. GLOBAL REGISTRATION is formulated as a least-squares problem but, since the trans-

form is nonlinear, the solution is obtained iteratively using the

Levenberg—Marquardt method [56]. The final estimate from
The global-registration problem attempts to find the tranghe topology-estimation stage (affine transforms) is used as the

forms for each image that belongs to the mosaic by simuligtarting point. The mosaic of the motivating set of images and

neously considering all overlaps. The only difference betweéte standard deviation of intensities is presented in Figs. 14

this and the topology-estimation stage is that we use a plaaad 15. Note that as the mosaic is rendered as the average of

projective transform (nonlinear, eight parameters) to map initensities, ghosting indicates misregistration.

ages onto the mosaic. The function optimization largely dictates

the complexity and accuracy of the solution. The formulatio@. Radiometric Correction

used here attempts to recover or_lly the transforms a!‘d not t_herhe lighting pattern for this data set is far from ideal. Figs. 14
g!obally consistent mosaic coordinates of feature points. Th({ d 15 suggest that a considerable amount of variability is due
differs from other feature-based approaches that also attempt{Q, o iniform lighting. The images used in this mosaic belong
recover feature positions [13], [55]. Although these methods e Skerki D wreck a much larger data set (see Fig. 30) with
potentially_ more accurate and also Iend_ themselvesto traditiqg eral sections that éLre approximately flat and of the same ma-
bundle adjustment, they are computationally more demandn?grial_ Under these assumptions, a simple radiometric correction

qu example, aglobal mosaic using planar projective transforis o1\ jated based on the inverse of the average of intensities
(eight parameters) requires eig¥itparameters, whereas atechfor each pixel

nique that also estimates the position of the features could have
onthe order of 50 features perimage (100 parameters), requiring

A. Assumptions and Approach

us to solve for on the order of 100 parameters. In addition, R(z,y) = f(z,y) - min < _ 1 - Maxscale )
when solving only for the transforms, the structure of the co- flz,y) flzy)+4-0(z,y)
variance matrix allows for very simple and fast updates, since (25)

each parameter is associated with only one image. When esti-

mating feature positions, the update of the covariance matri>‘,\i,ﬁere F(x,y) and o(z, y) are, respectively, the average and

more complex since the parameters associated with featuressqghdard deviation of intensity over all imageat pixel (z, 1),

pear on multiple images. f(z,%) is the intensity average over all pixels and all images,

and Maxscale is the maximum scale value. The corrected image
isthenf.(z,y) = f(x,y) - R(z,y). The correctiomR(z, y) can

The global-registration stage consists of solving a planarbe interpreted as the gain that will bring the averagg @t, v)
projective transform by using the known topology. This, agaitg the overall average (making(z,y) equal tof(z, y)). This

B. Formulation
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Fig. 24. Evolution of (top) RMS distance of corresponding points on the mosaic, (middle) the radial distortion coefficient, and (bottom) timg\iatgrtused
in the Levenberg—Marquardt algorithm to switch from Newton—Gauss to gradient descent. Note that the radial distortion parameter reduces thece M dis

more than 50%.
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Fig. 25. Distribution of distances between corresponding points on the mosaic, (left) without radial distortion compensation and (rightpstith dist
compensation.

is limited, however, to a maximum gain such that an intensitgsponding to the pixel closest to the center of an image. This
40 above the mean &k, y) will map on to the maximum of the approach basically creates a voronoi tessellation on the mosaic.
intensity scale, Maxscale (255 for this data set). Fig. 17 shdavhe sharp edge between cells can be smoothed by using mul-
the average and radiometric correction for images of the Sketitiequency blending [57]. A mosaic rendering based on this

D data set. The mosaic of Fig. 14, rendered with radiometigea is presented in [58] and [29]. To implement this, a dis-

cally corrected images, is presented in Fig. 18. Note that ttece map for each pixel to the center of the image is mapped
correction was not used to calculate the image transforms. Targo the mosaic using the same homographies. When multiple
standard deviation and details of the misregistered area for thistance maps overlap, the minimum distance is kept (Fig. 21).

radiometrically corrected mosaic are in Figs. 19 and 20. Concurrently, another mosaic keeps track of to which image a
_ ) ) minimum distance belongs. This becomes the tessellation illus-
D. Multiresolution Blending trated in Fig. 21, used to render the mosaic. Each cell is then

Representing the final mosaic as the average of intensitidapped back onto the image coordinate frame. The multireso-
gives a good sense of the quality of registration. Aestheticallytion masks for the cell are constructed, mosaics for each fre-
however, a mosaic based on averaging is unsatisfactory in theency band are then built as in Fig. 22, and are finally added
presence of ghosting or significant lighting changes. One ogp to generate the blended mosaic (Fig. 23). Note that the radio-
tion to assign intensities in the mosaic is to select the one conetrically corrected images were used at this stage.
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Fig. 26. Images used to estimate the radial-distortion coefficient.

Fig. 27. Global mosaic before and after radial-distortion compensation.

V. RADIAL DISTORTION COMPENSATION due to the concerns about nonuniform lighting and the failure

A. Assumptions and Approach of the BCC.

Radial distortion can be significant for underwater imaging. Formulation
systems given the difference in refractive index between WaterWe can model radial distortion as
and air. In areas of high overlap typical of video imaging and
for mosaics consisting of a few tens of images covering small
areas, the effects of radial distortion might not be readily ap- x=d(x' k) =x'+k (xiTxi) X'

arent. However, low overlap and large mosaics require the cor- m i _
fection of radialdistortionforpaccurat(grendering. Fc?r mosaicing X" = P(x') = P(d7 (x" k1))
purposes, it is sufficient to extract a simple cubic model [59]
from a set of images of overlapping images from an approxitherex’ is the feature position in an ideal (corrected) fraine,
mately planar surface. Our approach is similar to [10], but wisthe pincushion/barrel distortion coefficient, is the distorted
minimize the distance between mapped corresponding featutesrdinates of the feature (coordinates on the acquired image),
rather than the intensity variance between transformed imagesl x™ is the coordinate on the mosaic. This is a simplified
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Fig. 28. Standard deviation of source samples at each mosaic sample before and after radial-distortion compensation. Note the reductiofreduleadygh-

content in the radially compensated mosaic. This indicates improved registration, in particular near image corners.
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Fig. 29.

Note that the relative position of the first trackline (depicted in gray) shifts dramatically from the initial to the final topology. The resustirig isiehown in
Fig. 30. The vehicle nav-based position (right), in meters, at the instants the images were taken (with the exception of the last images whdeamawnmising).
The position was estimated using a 300-kHz-long baseline acoustic net and a Doppler velocity log, with centimeter-level accuracies [64].féhpaxmiigim

is the survey origin. The vehicle-navigation data is oriented with north irlfedirection, whereas the mosaic orientation simply minimizes the overall rotation
of the images. The first image of the mosaic corresponds to the westernmost image. The overall shape of the mosaic corresponds to the shapgeraftibe survey

the relative spacing of the tracklines and instances with larger spacing between consecutive images.

model, as we are assuming that the center of radial distortidistortion compensation is possible with proper calibration pro-
is at the image center and we are ignoring higher order terneedures [60], but these require access to the camera and a known
Our results show that this simple model improves registratiemderwater target (which is not always possible for older data

and can be calculated from survey imagery. A more completets). Distortion compensation based on point correspondences



PIZARRO AND SINGH: TOWARD LARGE-AREA MOSAICING FOR UNDERWATER SCIENTIFIC APPLICATIONS 669

50

40

30

20

10

i
i
3
= |
el

Fig.31. Standard deviation of all source samples for each sample of the mosaic
in Fig. 30.

The solution minimized over all transform parameters and the
Fig. 30. Mosaic of the complete Skerki D wreck (233 images), covering %d|al distortion coefficient
area of approximately 350 tnThe mosaic is rendered as the average of pixel

intensities. min J (28)
Py...Py k1

using “curved” uncalibrated multiview geometry has been pravhere.J is given by.J, and the cost terms for geometric distor-

posed in [61]-[63], but these methods either assume the prégn and mosaic origin.

ence of significant 3-D structure [61], [62] or solve for one ra- ]

dial-distortion parameter [63]. C. Implementation

The cost function to minimize for global registration is now The minimization problem is solved iteratively by using the

nonlinear as Levenberg—Marquardt algorithm. Note thit:*) does not have
an analytic inverse, so it is estimated using the Gauss—Newton
method, starting with the initial gues$ = z. Fig. 26 shows a

Ty = Z Z |Pl (X;'l) =Dy (ng) | (26)  set ofimages used to estimate For thisimage set, the estimate
i of the pincushion coefficient i8; = —4.93 - 10~ 7. Estimates
from other sets of images from the same deployment are in close
and in terms of known quantities accordance. The optimization improves registration by reducing

the distance between corresponding points in the mosaic frame
(Figs. 24 and 25). The mosaic with and without radial-distortion
ZZ |P (a7 (x0, k1)) — P (d7" (x50 k1)) ] - compensation is presented in Fig. 27, where the pixels in the
j mosaic are displayed as averages of overlapping intensities. The
(27) improvement by accounting for radial distortion is noticeable
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Fig. 32. Tessellation used in the multiresolution blended mosaic of the SkeHiy. 33. Multiresolution blended mosaic of the complete Skerki D wreck (233

D wreck. images) covering an area of approximately 35Q based on the tessellation of
Fig. 32. Images were radiometrically corrected as described in Section V-3 and
corrected for radial distortion using the approach described in Section V.

in Fig. 28 as a reduction of the high-frequency content in the

standard deviation of intensities, related to the ghosting due to

misalignment. Notice that the low-frequency component of tihicles (ROVs). It consists of 233 images, covering an area

variance does not change, as this is due mainly to the differenéé@pproximately 350 f All images are compensated for ra-

in lighting conditions. dial distortion using the results of Section V. Fig. 31 illustrates
The pincushion parameter is assumed to be constant foihg quality of the global registration. Fig. 29 shows the initial

given deployment. Ondl is determined from a close to planaestimate of the position of images based on their temporal se-

set of images’ all images that are to be used on a mosaic aredignce and the final estimate based on their temporal sequence

dially compensated before feature detection and matching. T the final estimate based on all verified overlaps. Fig. 33is a

mosaics in Figs. 12, 14, and 30 used images precompensatedgglering of the mosaic using multifrequency blending, as de-

radial distortion. scribed in Section V-4 and the radiometric correction presented
in Section 1V-3. Fig. 32 shows the tessallation used to blend the
mosaic.
VI. RESULTS
A. Underwater Surveys VIl. CONCLUSION AND FUTURE WORK

Fig. 30 is the mosaic of the complete survey of the D wreck We have presented an approach for large-area mosaicing un-
of Skerki bank [3], performed by the Jason remotely operatatrwater. It is based on the assumption of a planar scene and
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addresses the demanding constraints of underwater imaging arnd|
underwater surveys from robotic vehicles, such as

* low overlap;
* unstructured motion;
* poor, variable lighting.
Effective feature detection and matching stages under thesgs)
constraints serve as the basis of a global-mosaicing technique.
Our results include the largest known published underwater mo-
saic generated entirely without manual intervention. The overall
shape of the mosaic is in accordance with the navigation data for
that survey. 7]
We have also extended the global-mosaicing technique to
allow for radial-distortion estimation. We note that this tech- [8]
nique as formulated will only find a local optimum and, further- 4
more, that our model is the simplest one possible to address lens
distortion (higher order terms and a center of radial distortion
could be incorporated). As such, it should only be considere&lo]
as an improvement for mosaicing, not as an attempt at camera
calibration. (11]
Future work will extend these results in several directions, as
follows. [12]

» Discard the planarity assumption by modeling structure[lg]
and motion.

» Extend feature matching to scenes with 3-D structure and
wide baseline [14]

* Incorporate full-camera calibration and distortion com-
pensation.

* Incorporate vehicle navigation (if available).

By accepting and accounting for the presence of 3-D struci6]
tures, we open the possibility of generating reconstructions
more complex scenes. We would be using a model that is ri;L
enough to allow meaningful interpretation of errors and uncer-
tainties. On the other hand, establishing correspondence arﬁ?
more specifically, feature description and matching, is signif-
icantly harder in the presence of 3-D structures and relativel{1°]
wide baselines. However, by incorporating accurate camera cal-
ibration and distortion compensation, interimage motion can bgg)
described by a rotation and baseline direction. It is then possible
to use navigation data (position and orientation) to propose OVe[s
lapping imagery and guide matching.

(4]

(15]
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