Chapter 2
Underwater 2D Mosaicing

Abstract The current chapter describes the main steps involved in the photo-mosaic
building process. These steps comprehend the geometrical registration and warping
of the images into a single common reference frame, along with an estimation of
the topology of the trajectory performed by the UV, and a global alignment of the
recovered trajectory. A widely extended geometrical registration strategy consists
of identifying common image features between the involved images, using different
image feature detectors. These image features, once identified, become correspon-
dences that are used to estimate the camera motion between consecutive images, as
well as to perform a global alignment of the estimated trajectory. Global alignment
of all the involved images allows providing geometrical consistence to the underwa-
ter map. At the end of the chapter the problems and issues of the photo-mosaicing
process are pointed out, with the aim of demonstrating the relevance of image blend-
ing techniques as a final step of the photo-mosaicing process.

Keywords Photo-mosaicing * Image registration - Image alignment - Image warp-
ing - Topology estimation + Global alignment + Deep-ocean surveys

Building a photo-mosaic is a task involving two main steps. Firstly, the images
should be geometrically registered and warped accordingly into a single common
reference frame. Secondly, the rendering of the mosaic should be performed through
blending techniques, which allow us to deal with photometric differences and reduce
the visibility of registration inaccuracies between the images involved (see Fig. 2.1).

In the context of large-scale underwater photo-mosaicing, deep-ocean surveys are
typically composed of hundreds to hundreds of thousands of images. These images
are affected by several underwater phenomena, such as the aforementioned scatter-
ing and light attenuation, and the sequences may present small or even nonexistent
overlaps between consecutive frames. For these reasons, navigation data coming from
acoustic positioning sensors (USBL, LBL), velocity sensors (DVL), inclinometers or
gyroscopes might be used to estimate the trajectory of the vehicle. This trajectory can
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Fig. 2.1 Underwater mosaicing pipeline scheme. The Topology Estimation, Image Registration,
and Global Alignment steps can be performed iteratively until no new overlapping images are
detected

be later refined by computing pair-wise alignment and applying a global alignment
method [1-7].

2.1 Topology Estimation

When lacking sensor positioning data, such as USBL, LBL or DVL, using time-
consecutive image registration, assumed to have an overlapping area, may become the
only strategy to estimate the trajectory of the robot and, thus, the motion of the camera.
This dead-reckoning estimate suffers from a rapid accumulation of registration errors,
leading to drifts from the actual trajectory, but it does provide useful information for
non-time-consecutive overlapping images. Matching non-time-consecutive images
is a key step in refining the trajectory followed by the robot using global alignment
methods. With the refined trajectory, new-non time-consecutive overlapping images
can be predicted and attempted to match. This iterative matching and optimization
process continues until no new overlapping images are detected. The procedure
described is known as fopology estimation [8, 9] (see Fig. 2.2). If navigation data is
available, the topology estimation remains as an indispensable step to obtain globally
consistent mosaics and accurate trajectory estimates, specially when dealing with
sequences of a large number of images.

Deep-ocean surveys composed of thousands of images make any kind of all-
to-all image pair matching strategy to perform a topology estimation unfeasi-
ble. Therefore, more sophisticated approaches are needed to perform this task.
Elibol et al. [8] proposed an Extended Kalman Filter (EKF) framework, aimed at
minimizing the total number of matching attempts and simultaneously obtaining the
best possible trajectory. Potential image pairs are predicted by taking into account
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Fig. 2.2 Topology estimation scheme. (Top-left) Final trajectory obtained by the scheme proposed
in [8]. The first image frame is chosen as a global frame and all images are then translated in order
to have positive values in the axes. The x and y axes are in pixels and the scale is approximately
150 pixels per metre. The plot is expressed in pixels instead of metres since the uncertainty of
the sensor used to determine the scale (an acoustic altimeter) is not known. The red lines join the
time-consecutive images while the black ones connect non time-consecutive overlapping image
pairs. The total number of overlapping pairs is 5,412. (Top-right) Uncertainty in the final trajectory.
Uncertainty of the image centres is computed from the covariance matrix of the trajectory [5].
The uncertainty ellipses are drawn with a 95 % confidence level. (Bottom) Mosaic built from the
estimated trajectory
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Fig. 2.3 Geometric registration of two different views of the same underwater scene by means of
a planar transformation

the uncertainty of the trajectory. Additionally, a different solution to the topology
estimation problem in a Bundle Adjustment (BA) framework was proposed in [10].
To obtain a tentative topology, a fast image similarity criterion combined with a
Minimum Spanning Tree (MST) solution are used. The topology is improved by
attempting image-matching with the pairs of images for which there is the most
overlapping evidence.

2.2 Image Registration

Aligning in 2D two or more images taken from different viewpoints consists of
finding an appropriate planar transformation which allows overlaying them into a
single and common reference frame (see Fig. 2.3). This step, essential in the image
mosaicing pipeline, is known as the image registration problem [11] and has been
greatly discussed in the literature [12, 13].

The geometrical registration can be performed by means of direct methods or
feature-based methods. Sections 2.2.1 and 2.2.2 present these two main groups of
image registration methods.

2.2.1 Direct Methods

This first group of algorithms, also known as feature-less methods, compute the
transformation between images by maximizing the photometric consistency over the
whole overlapping image regions, and are found to be useful for large overlapping
regions as well as small translations and rotations [12, 14, 15]. These methods can
be classified in turn into frequency domain based methods and optical flow methods.
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Frequency Domain

Methods based on the frequency domain originally used phase-correlation to estimate
the shifts (translations) between an image pair. Later, extensions to account for rota-
tion and scale transformations [16] and affine transformations [17] using log-polar
coordinates were also proposed. In practice, the number of authors proposing the use
of frequency domain methods for underwater image registration is small [18, 19].
This group of methods are computationally expensive, as they require Fast Fourier
Transform (FFT) to be computed over all the images involved.

Optical Flow

Optical flow methods are based on the estimation of the disparity (i.e. apparent
motion) of pixels between image pairs. Generally, the optical flow estimates the flow
field using the Brightness Constancy Model (BCM), in which it is assumed that
the photometric properties of image pixels (luminance and color) remain constant.
There are two main groups of algorithms estimating the optical flow. On the one hand,
global methods such as Horn and Schunck [14] yield dense flow fields, while, on the
other hand, local methods such as Lucas and Kanade [20, 21] produce non-dense
regularized grid flow fields but are less robust to noise. Over the last years, some
authors have proposed more robust alternatives to BCM that assume linear changes
in illumination, using the Generalized Dynamic Image Model (GDIM) [22, 23] and
the color information [24, 25]. Due to the formulation of the problem, optical flow
methods are not suited for disparities that exceed 1 pixel. To overcome this issue,
multi-resolution approaches such as [26] have been proposed. In this case, the images
are gradually decimated and the optical flow is computed from coarse levels towards
fine levels. Unfortunately, the method also has some drawbacks. Firstly, it is slow
because the optical flow has to be computed at each level. Secondly, the maximum
pixel disparity has to be known a priori in order to set the number of decimation
levels. Furthermore, multi-resolution approaches are very sensitive to noise, since
errors in the estimation of optical flow at coarse levels propagate to the fine levels.

2.2.2 Feature-Based Methods

The second group of methods rely on the computation of a transformation between
images using a sparse set of points [27-31] and correspondences. Contrarily to direct
methods, feature based methods do not require a high frame-rate to ensure a high
percentage of overlap between consecutive images. For these reasons, feature-based
methods are the most widely used in the literature to perform image registration, and
are also used in the work presented, as described in the following sections.

There are two main strategies concerning feature-based pair-wise image alignment
(see Fig. 2.4). The first strategy consists of locating the interest points in one image of
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Fig. 2.4 Main steps involved in the pair-wise registration process. The Feature Extraction step can
be performed in both images of the pair, or only in one. In this last case, the features are identified
in the second image after an optional Image Warping based on a transformation estimation

the pair using some feature detector, such as Harris and Stephens [27], Beaudet [28]
or Lindeberg [29], and identifying these in the other. The correspondence problem
is solved using cross-correlation or a Sum of Squared Differences (SSD) measure,
which is computed using the information of the pixels surrounding the feature, and
compared to the value of this measure for a given window of pixels in the other image.
The procedure has the advantage of obtaining highly accurate correspondences when
changes in rotation and scale are moderate. As a drawback, this strategy requires some
prior knowledge to determine the estimated translation between images and the size
of the search window, in addition to not being suitable for large changes in rotation
and scale. For these reasons, this approach might be used as a refinement step of
certain feature-based image alignment strategies [5], after an appropriate warping of
the image in which the features found should be identified.
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The second strategy is based on the detection of features in both images using
invariant feature descriptors, such as SIFT [30], its faster variant SURF [31] (which
uses an approximation of the Laplacian and Hessian detectors respectively) or others,
and performing the matching, comparing their descriptor vectors. The SIFT descrip-
tor is based on Histograms of Gradient (HOGs) computed in the area surrounding the
detected interest points, while SURF describes a distribution of Haar wavelet [32]
responses within the neighborhood of the interest point. These feature detectors and
descriptors are known to show invariance to a wider range of geometrical and pho-
tometrical [33] transformations of the images than the detectors mentioned above.
Therefore, these detector and descriptor properties allow us to obtain very robust
results, even in the case of strong rotations or scale changes between frames and
significant illumination inhomogeneities.

2.3 Motion Estimation

2.3.1 Planar Homography

The planar transformation between two different views of the same flat scene can be
described by means of a planar homography matrix [34, 35]. This homography is
able to describe a motion with up to eight Degrees of Freedom (DOF).

Let us consider a point p, belonging to a 2D plane IT in 3D space. Then, the
projections of p into two different images /; and I, are given in x1,xy € R3 in
homogeneous coordinates. Also let the coordinate transformation between the two
frames be

X, = RX; + T (2.1

where X1, Xo € R3 are the 3D coordinates of p relative to camera frames 1 and
2, respectively, taken at times #; and ;. The two projections x1, x> of p in images
I and I, satisfy the epipolar constraint [34]

x Exy =xITRx;1 =0 (2.2)

where E is the essential matrix, containing information about the relative position
T and orientation R between the two camera frames 1 and 2, and T is the skew-
symmetric matrix codifying position 7' [35].

However, for points on the same plane II, their images will share an extra
constraint that makes the epipolar constraint alone no longer sufficient.

Let N = [ny, no, n3]T € S? be the unit normal vector of the plane IT with respect
to the first camera frame, and let d > 0 denote the distance from the plane IT to the
optical center of the first camera. Then we have
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N'X =mX+mY+mZ=d < ENTX1 =1, VX, ell (2.3)

Substituting Eq. (2.3) into Eq. (2.2) gives

17 1 T
X2=RX1+T=RX1+T3N X = R+ETN X 2.4)
Then matrix H is defined as follows
1

H=R+ gTNT e R33 (2.5)

where H is the (planar) homography matrix, since it denotes a linear transformation
from X; € R3 to X5 € R3 as
X; = HX (2.6)

Note that the matrix H depends on the motion parameters R, T as well as the
structure parameters N, d of the plane IT. Due to the inherent scale ambiguity in the
term %T in Eq. (2.5), one can at most recover from H the ratio of the translation T’

scaled by the distance d.
From
Mx1 =X, Mx2=Xp, Axy = HX| 2.7)
we have
Mxy;=HMmx, <& x>~ Hx (2.8)

where we recall that ~ indicates equality up to a scale factor. Often, the equation
Xy~ Hxy (2.9)

itself is referred to as a (planar) homography mapping induced by a plane IT.

The homography matrix H encodes information about the camera motion and the
scene structure, a fact that facilitates establishing correspondence between points in
the first and second images. H can be computed in general from a small number of
corresponding image pairs.

2.3.2 Planarity Assumption

The homography matrix allows the description of 2D transformations between
images. This motion estimation assumes that the scene is planar (i.e. flat), but this
scenario is rare in practice. Nevertheless, it is possible to apply a homography matrix
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to register different views of the same scene, even if it is not planar, under certain
conditions.

On the one hand, it is possible to use a homography matrix to model the trans-
formation between images when the camera only describes a rotation or change in
scale around the same optical center. On the other hand, it can also be assumed that
a scene is planar when the camera describes a translation but the magnitude of the
scene relief is negligible compared to the distance between the camera and the scene.
In any other cases images show the parallax effect, i.e. the difference in the apparent
position of an object viewed along two different lines of sight, measured by the angle
of inclination between those two lines.

The parallax effect impacts both the registration and blending steps. When reg-
istering a pair of images showing parallax, the computed homography will try to
encode the dominant motion between both views. In that case, if the structures caus-
ing the parallax are large enough with respect to the image size, errors in the motion
estimation may arise. Furthermore, if two images suffering from parallax are suc-
cessfully registered, i.e. the dominant motion has been correctly estimated, evident
misalignments may appear when overlying both views. This scenario is common in
underwater imagery, where the distance between the camera and the scene is not
always as important as desired, and consequently image blending techniques have
to deal with this problem.

2.3.3 Outlier Rejection

The homography accuracy [36] is strongly tied to the quality of the correspondences
used for its calculation. The homography estimation algorithms assume that the only
source of error is the measurement of the locations of the points, but this assumption is
not always true inasmuch as mismatched points may also be present. There are several
factors that can influence the goodness of the correspondences detected. Images can
suffer from several artifacts, such as non-uniform illumination, sun flickering (in
shallow waters), shadows (specially in the presence of artificial lighting) and digital
noise, among others, which can make matching fail. Furthermore, moving objects
(including shadows) may induce correspondences which, despite being correct, do
not obey the dominant motion between the two images. These correspondences are
known as outliers. Consequently, it is necessary to use an algorithm able to discern
right and wrong correspondences. There are two main strategies to reject outliers
widely used in the bibliography [37]: Random Sample Consensus (RANSAC) [38]
and Least Median of Squares (LMedS) [39]. LMedS efficiency is very low in presence
of Gaussian noise [40, 41]. For this reason, RANSAC has been selected as outlier
rejection method in the presented framework.

RANSAC is a robust estimator intended to fit a model to experimental data and is
able to smooth data containing a significant percentage of gross errors. This feature
makes the approach suitable for image processing applications, where error-prone
data is quite frequent. As stated in [38], contrary to other smoothing techniques,
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instead of using as much data as possible to obtain an initial solution and then
attempting to eliminate the invalid data, RANSAC uses a small set of data as a point
of departure and enlarges this set with consistent data when possible. When there
is enough data, RANSAC can use a smoothing technique, such as least squares, to
compute an improved estimate for the parameters of the model with the mutually
consistent data which has been identified. The RANSAC paradigm is tuned up by
three parameters: the error tolerance used to determine the compatibility of a given
data point to the model, the number N of subsets S; with size s used to instantiate
the model and the threshold 7' that determines the number of points required to
consider that a correct model has been found. RANSAC tries to compute a model
candidate based on a set of s data points from S selected randomly. The model is
next applied to the rest of the data in order to determine the set of points S; that are
within a distance of a defined threshold. If the size of S; is greater than any predefined
threshold 7', the model can be re-estimated with the points in S;. Otherwise, if the
size of S; is lower than 7', a new subset is selected and the process is repeated. After N
trials, the largest consensus set S; is selected and the model is re-estimated. Reliable
RANSAC estimates requires that at least one of the candidate models contains the
correct parameter values, otherwise the estimator loses its effectiveness.

2.4 Global Alignment

Pair-wise registration of images acquired by an underwater vehicle equipped with a
down-looking camera cannot be used as an accurate trajectory estimation strategy.
Image noise, illumination issues and the violation of the planar assumption may
unavoidably lead to an accumulative drift. Therefore, detecting correspondences
between non-consecutive frames becomes an important step in order to close a loop
and use this information to correct the estimated trajectory.

The homography matrix 'Hy represents the transformation ot the kth image with
respect to the global frame (assuming the 1st frame frame as a global frame) and
is known as absolute homography. This 'H;, matrix is obtained as a result of the
concatenation of the relative homographies*~Hj between the kth and *~ ' kth images
of a given time-consecutive sequence. As mentioned above, relative homographies
have limited accuracy and computing absolute homographies by cascading them
results in cumulative error. This drift will cause, in the case of long sequences,
the presence of misalignments between neighboring images belonging to different
transects (see Fig. 2.5).

The main benefit of global alignment techniques is the use of the closing-loop
information to correct the pair-wise trajectory estimation by reducing the accumu-
lated drift.
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Fig. 2.5 Example of error accumulation from registration of sequential images. The same benthic
structures appear in different locations of the mosaic due to error accumulation (trajectory drift)

2.4.1 Global Alignment Methods

There are several methods in the literature intended to solve the global alignment
problem [42]. Global alignment methods usually require the minimization of an
error term based on the location of the image correspondences. These methods can
be classified according to the domain where this error is defined, leading to two main
groups: image frame methods [1, 5, 43, 44] and mosaic frame methods [2, 4, 45-48].

Concerning the group of image frame based methods, Davis [45] faced the
problem of a camera rotating around its optical axis without translation. The
absolute homography was obtained as an accumulation of relative homographies
(see Eq. 2.10), and computed solving a sparse linear systems of equations.

i
'H, = H/—lHj i>2 (2.10)
j=2

Any image i of a given sequence can be projected to another image space j or to
the global frame using the absolute homography of image j, i.e. '"H; = 'H ;- H;,
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where 'H; and 'H ;j are unknown and JH; is a relative homography. When a closing
loop happens, the number of relative homographies becomes greater than the number
of images, leading to an over-determined system. Unfortunately, the over parame-
terization of the system might lead to overfitting if an adequate parametrization of
the resolution method is not used.

Another image frame based method was proposed by Shum and Szeliski [49],
who defined the error function as:

JH Zzzllk‘xl 'H 'le'mxj||2 2.11)
N

lH2 1H3 - j—]
where “x j and "x ; are the jth correspondence between images k and m having an
overlap area, n the number of correspondences and ||-||; the Eculidean norm. Calculat-
ing the solution by means of a non-linear least squares minimization has a drawback:
the gradients with respect to the motion parameters are quite complicated and have
to be provided for the minimization method chosen, e.g. Levenberg-Marquadt.

In the group of mosaic frame based methods, Sawhney et al. [2], proposed a
method based on the following error function:

Ei = ZZanHk xj— Hy - "xjll2 (2.12)

1 1
Ho>, H3 m =1

Nevertheless, this solution suffers from what is known as scaling effect of a mosaic-
based cost function if no constraints are imposed. This is due to the fact that the
cost function has lower values when the image size is smaller, and consequently the
function tends to reduce this image size. For that reason, Sawhney et al. [2] extended
the method by introducing another term for controlling the scaling effects:

N
1 1 1 1
=> (I"H; - xyr — "H; - xp — e — o)l + 1y - 2 — "HG - xpr — (et — X0 12)

(2.13)

where x;-, xp;, X, and xp, denote the top-right, bottom-left, top-left and bottom-
right coordinates of the image corners. E> tries to minimize the difference in the
diagonal length between the original image size and the image size once projected
on the mosaic frame. Nevertheless, this constraint may lead to image misalignments
because it violates the distance minimization between correspondences. A weighting
factor for this penalization is used, which can be fixed or proportionally grow along
the sequence due to error accumulation. The final error function E is the result of
the addition of both E; and E; terms, i.e. E = E| + E>. The minimization of this
function leads to solutions related by a common translation and rotation that have the
same minima [50]. Therefore, Sawhney et al. [2] proposed a new term H; - (0, 0, nt
to be added to the error function, in order to fix the problem with the translation of
the first image and find only a single solution set. Another solution for this issue has
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been proposed by Gracias et al. [4], who fixed one of the image frames as the global
mosaic frame and aligned all the images with respect to this one.

Sawhney et al. [2] proposed a graph-based representation of the mosaic for closed
loop trajectories. In this case, each node of the graph represents an image whilst each
edge represents overlapping areas between the images. Initially, the graph is built only
with edges between consecutive images. Edges between non-consecutive images can
be added by measuring the distances between the image centers. The goal of this
graph is to reduce the total number of products by searching for the optimal path
while computing absolute homographies through relative homographies [44, 46],
with the aim of reducing the accumulated drift and image distortions.

In the graph representation context, Kang et al. [46] presented an approach to solve
the global alignment problem also based on graphs to define the temporal and spatial
connectivity between images. Initially, a regular grid of the global frame is defined.
Each node of the graph contains a list of corresponding grid points and several lists
with the correspondences between these grid points and the points in other images.
The correspondences are computed by means of normalized correlation, and the error
function is defined as the photometric luminance differences between the points in
the mosaic and their projection in other images:

E=> (In(p) — L(p))* (2.14)

where I,,,(p) is the luminance value of p in the mosaic and I; (p’) is the luminance of
the projection p’ =" H; - 'p in the ith image. This error function is used to find all
the correspondences of each point in the initial grid. The global registration of the
different frames is performed by searching for the optimal path connecting each frame
to the reference frame. This path, in its turn, is computed by the geometric distance
and correlation score between each grid point and its correspondences. Once the
images have been registered to the global frame, the location of grid points is adjusted
using as a weighting average factor the correlation score between correspondences.
Finally, the absolute homographies computed from the accumulation of the relative
ones can be recomputed by means of an adjustment transformation, using a linear
transformation between the refined grid points and their correspondences.

Marzotto et al. [44] presented a solution close to their of Sawhney et al. [2], which
adds another measure to the overlap measure in:

max(|x; — x| —|r; —1r;|/2)

di; = 2.15)

min(r;, r;)
where x; and x; are warped image centers and r; and r; are warped image diameters.
This additional measure is defined as:

Bij = A_lj (2.16)
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where §;; is the overlap measure and A;; is the cost of the shortest path between
nodes i and j. The optimal path is found by using 8 values, and the cost is calculated
from the weights, d, on the edges. The absolute homographies are obtained as a
result of the product of relative homographies through the optimal path. The main
advantage of this method to compute the optimal path is that the homographies are
less affected by cumulative errors. Similarly to [2], the error function used in the
global alignment is defined over a set of grid points, being the error of a given grid
point x:

1 ; -
Ei=~2> >l —"Hi 'H; - H xcllp @2.17)
i

where n is the number of edges between images containing the grid point x; and
"H; and "H; denote absolute homographies. The error function is defined as:

m
min E = Z E? (2.18)
i

where m is the total number of grid points. Unfortunately, there are two main draw-
backs to this approach. The first is that point locations have to be carefully selected
to ensure enough grid points in both images and overlapping regions in order to
compute the homography. The second is that arbitrarily distributed points may fall
into textureless areas, making the location of matchings difficult.

With the aim of minimizing both the homography elements and the position of
features in the mosaic, Capel [3] proposed a method based on the tracking of features,
which requires identifying the same feature in all the different views. Lets consider
'x; as the coordinates of a given i’" point defined in the coordinate system of image
t and the projection of point "x; in the mosaic, which is called the pre-image point
and is usually projected in different views. All image points corresponding to the
projection of the same pre-image point are called N-view matches. This approach
proposes the following cost function to be minimized:

M
e1=) > II'vi = 'Hy - "xjl2 (2.19)

J=llx;en;

where M is the total number of pre-image points, n; is the set of N-view matches
and "H,, is mosaic-to-image homography. Knowing that the homographies and the
pre-image points are unknowns, the total number of unknowns can be be obtained
as n = npoF X Nyiew + 2 X Npoinss, Where npor are the number of Degree Of
Freedoms (DOFs) of the homography, 71,;¢ws 1s the total number of views and 72 ;15
is the total number of pre-image points. The fact of measuring the error term &1 in
the image frame but being parameterized with points defined in the mosaic frame,
allows us to avoid image an scaling bias that appears when measured in the mosaic
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frame. As a drawback, the number of unknowns increases significantly as the size of
the dataset grows, making it unsuitable for datasets with thousands of images.

BA is a technique to solve the problem of refining visual reconstruction to produce
jointly optimal 3D structure and viewing parameter estimates (camera pose and/or
calibration) [51, 52]. The solution is intended to be optimal with respect to both
structure and camera variations. BA minimizes the reprojection error between the
image correspondences. This minimization is defined as the sum of squares of a
large number of nonlinear, real-valued functions, and is achieved using nonlinear
least squares methods. Concerning image mosaicing, the target of BA is to find
optimal camera motion parameters in order to compute absolute homographies [53].
Gracias et al. [54] presented an approach based on the minimization of the following
cost function:

n
E= ZZ (”lxk —"Hj - xplla + Ve, ijl -’xk||2) (2.20)
ij k=1

where n is the number of matches between images i and j. The total number of
unknowns is 6 X (Ryjews — 1) + 2. The method requires knowing the intrinsic camera
parameters and has high computational requirements due to the use of nonlinear
optimization algorithms.

For further details of advantages and disadvantages of the different GA methods
the reader is addressed to [55].

2.5 Conclusions

Building photo-mosaics of underwater image surveys is a complex task that faces
medium-specific challenges not present in terrestrial or aerial panorama generation.
Due to the lack of natural light in deep waters, the UVs should integrate artificial
lighting systems. The power of the light sources is limited, specially due to autonomy
reasons, and typically does not allow uniform illumination of the whole area covered
by a picture. The effects of this lack of power are accentuated by the underwater
phenomenon of light attenuation, which leads to a noticeable non-uniform illumina-
tion in the images, and constrains the acquisition to a few meters from the seabed.
The scattering phenomenon [56], due to suspended particles, is another phenomenon
affecting underwater images, and is also affected by artificial lighting inasmuch as
light rays collide with the suspended particles. As a result of these phenomena,
underwater images suffer from poor and non-uniform illumination and frequently
present bright spots due to backward scattering, and lack of sharpness due to forward
scattering. The images affected by these problems make the detection of features and
consequently the pair-wise registration difficult, giving rise at this point to the impor-
tance of the navigation data. The short distance between the camera and the seafloor
favours the presence of parallax, which affects the 2D mosaicing approach due to the
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Fig. 2.6 Small area of a mosaic generated from an image set corresponding to a shipwreck in
Pianosa (Italy). In the initial mosaic (left), before the application of a blending technique, the
amphoras and white labels laying on the seafloor appear truncated. In the blended mosaic (right),
the scene is easily understandable and the discontinuities have disappeared. Images courtesy of
Pierre Drap (LSIS, CNRS)

violation of the planar assumption. The parallax effects, in addition to any moving
elements in the scene, also impact image registration, and have consequences in the
image rendering step. All these factors make the topology estimation and the global
alignment [5-8], in conjunction with the use of the available navigation data, very
relevant steps to achieve accurate photo-mosaics when dealing with thousands of
images.

Given the heterogeneous appearance of the acquired images, and problems such
as the planar assumption violation or the presence of moving objects, the use of
image blending techniques is required. Apart from the visual appearance, blending
techniques are also important for proper interpretation and scientific exploitation of
seafloor imagery (e.g. [57, 58]). The structures, objects and areas of interest may
cover a wide range of scales, from a few centimeters, i.e. microfauna or rocks, which
would appear in individual images, to several hundreds of meters, i.e. topographic
scarps or fractures, spanning several frames. The relevance of image blending arises
at this point so that the photo-mosaics generated with these techniques present a
consistent and uniform appearance (see Fig. 2.6). The blended photo-mosaic, where
imaging artifacts have been minimized, allows us to analyze the features of interest,
regardless of their size and imaging conditions.

Summarizing, the use of blending techniques in underwater 2D mosaicing is a
crucial step when generating high-quality large-scale photomosaics. Preprocessing
the images in order to correct non-uniform illumination and enhance their detail also
becomes a key step in the mosaicing procedure. Enhanced images are best suited for
the feature detection and correspondence finding steps. Providing the images with a
good appearance is relevant not only from the aesthetical point of view but also from
a functional one.

The problems of image blending and image quality enhancement are treated in
the next chapters.
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