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Abstract— The paper presents work on the construction of
video mosaics of the sea bottom, acquired by an autonomous un-
derwater robot. The approach presented, based on the Minimum
Description Length, while strongly grounded on probabilistic
theory, is able to solve the image registration problem without
need for user-defined probabilistic models (no need for neither
world nor sensor models), presenting several advantages over
traditional techniques. Mosaic construction is based on a dense
locally estimated pure translational displacement field. The fact
that the proposed metric for image co-registration does not
require the presence of distinctive features (like corner-like
structures), together with the fact that it is inherently robust
to smooth illumination variations across the image plane, makes
it particularly suitable for the underwater environment, where
individual features present most often a strong resemblance, and
where illumination variations are known to be frequent, due to
the need to carry the light source onboard the platform. Even if a
pure translational model is locally fit to each small image region,
the method can globally cope with strong orientation variations
of the platform, as the results present demonstrate.
The paper details the formal presentation of the criterion
used for local displacement estimation, and shows results of
mosaic construction with real underwater images acquired under
challenging conditions.

I. INTRODUCTION

Video mosaics of the sea floor acquired by autonomous
vehicles, fusing distinct video frames taken by an onboard
camera to produce a single image of the entire observed
region, are useful representations in several distinct contexts.
Their acquisition can be the ultimate goal of an underwater
robotic mission, for end-users interested in observing physical
or biological oceanographic processes, since they allow a
global appreciation of the instantaneous characteristics of a
given region; they can also be exploited to study the dynamics
of populations of interest, by considering video mosaics of
the same area taken at different times. Alternatively, video
mosaics can be seen as navigation aids, being detailed maps
of the explored workspace which the platform can exploit for
navigation purposes.

In this paper we propose a new criterion for iterative
mosaic update based on the Minimum Description Principle
of Rissanen [1]. The criterion proposed here is generic (not
restricted to a set of particular hypotheses concerning the
operational region - like quasi-planarity - or to the motion
of the robot - like naturally stabilized platforms), and can be
applied to color or black & white images. With respect to
previously proposed methods, it presents the following major
differences:

1) Unlike most mosaicing techniques, which separate the
(local) image registration from the (global) mosaic es-
timation steps (and often explicitely assess only the
former), like [2], our approach iteratively and simulta-
neously solves the problem of global mosaic estimation
and alignment of newly acquired data;

2) Unlike other methods (e.g. [3], [4]), it does not rely
on detection (or even existence) of salient point-like
features that can be unambiguously associated across
video frames: the method processes globally the new
image being fused into the mosaic;

3) It does not require the specification or identification
of statistical distributions of the distinct regions of the
images (like it was the case for the mosaicing technique
that we proposed in [5]): use of the Minimum Descrip-
tion Length principle allows us to design an entirely
data-driven algorithm;

4) We efficiently exploit the intrinsic discrete nature of
video data, not having to resort to un-natural modelling
approaches based on Gauss or exponential models, as
most techniques do.

The Minimum Description Length (MDL) principle [1] is
a criterion for solving model identification problems, where
one amongst a set of candidate probabilistic families must
be chosen as the preferred generative model associated to
observed data. It bears relations to other approaches and
tools used in general statistical estimation problems, such
as Bayesian estimation techniques, Maximum Likelihood, or
predictive coding, see e.g [6]. Originally motivated by model
identification problems – where one of several competing
models {Hi}M

i=1 of different complexities must be selected
– as a way to define a penalty imposed to the models off
larger complexity, it is now clear that its use is justified even
if the compared models have the same number of degrees of
freedom but possess different observability characteristics. In
its most recent formulations [6], the MDL principle is stated
as the search for the universal optimal code for the data in
the set of candidate statistical models {Hi}M

i=1 which most
efficiently compresses the data (and thus that most effectively
captures the regularities in the data). Its most commonly
used formulation considers a special sub-class of universal
codes: two-part codes. These two part codes split the coding
(actually the code length Li(X)) of the data X in two parts:
Li(X) = L1

i (X) + L2
i (X). The first part, L1

i (X), specifies



the element (distribution) pi ∈ Hi} of the probabilistic model,
that is used to code the data, and the second part L2

i (X)
uses the selected distribution pi (the Maximum Likelihood
estimate of the data distribution in the model Hi) to provide
a minimal length coding of the data in the model. The best
model Hi is the one that leads to a smaller sum of these two
terms.

We formulate the image registration problem as a model
estimation problem, where the distinct models being compared
correspond to distinct effectively observed sea floor areas (the
integrated footprint of the video camera on the sea bottom).
Note that at each new acquisition time the observed region
is extended to the union - in a set theoretic sense - of the
previously observed region and the new area observed by the
frame that has been acquired).
As we show, use of the MDL criterion together with a
non-parametric probabilistic modelling approach leads to an
estimator based on the entropy of the empirical distribution of
error between the observed images and the estimated mosaic.
The derivation of the algorithm is free from requirement
of user-defined parameters or thresholds, and requires only
that the pixel noise distribution be centered at zero and
symmetric. Note that the empirical error distribution is a
global characteristic of the acquired images, and not only
of carefully selected sub-regions in the data. Curiously, and
even if this invariance has not been explicitly enforced, the
estimator designed is invariant to global shifts in image
intensity levels.

The paper presents in detail the derivation of the proposed
criterion for displacement (or disparity) estimation (Section II)
and the how local estimates using a simple translational model
are used to obtain a global estimate of general deformation
fields (Section III). Finally, it illustrates (Section IV) its
performance, presenting several mosaics of real underwater
image sequences acquired with an ROV1 Phantom.

II. ESTIMATION OF DISPLACEMENT

In this section we assess the estimation of apparent image
motion as the search for the best possible registration of
two gray level images, i.e. of estimating the displacement
of image regions as seen in consecutive frames of a video
stream, I(tr) and I(tr+1). We solve the problem by using
the MDL principle. To simplify the derivation (and because
it will be the model assumed locally to fully co-register the
images), we consider that the two images can be registered by
a simple translation, and that they have the same size Nl×Nc.
Consideration of more general registration models and of
images of distinct sizes presents no conceptual difficulty.
Since the temporal rate is not explicitly used by the algorithm,
in this section we will use the simpler notation I1 = I(tr)
and I2 = I(tr+1). Let IJ = {1, . . . , Nc} × {1, . . . , Nc} be
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the (discrete) image plane.

We assume that each image is a noisy version of an un-
known ”reference image” I0, whose origin is made coincident
with one of the observed images (I1):

I1(i, j) = I0(i, j) + w1(i, j), (i, j) ∈ IJ (1)

I2(i, j) = I0(i + ∆p, j + ∆q) + w2(i, j), (i, j) ∈ IJ .

where the noises w1(i, j) and w2(i, j) are spatially white, and
uncorrelated with each other.

The size of the ”reference image” I0 required to model
the observed data depends on the displacement vector ∆ =
[∆p ∆q], which is the parameter that we want to estimate.
Estimating ∆ can thus be cast as a model fitting problem,
where the dimension of the model (i.e., the number of inde-
pendent parameters, in this case the size of the (unknown)
”reference image” I0) depends on the value of the parameter
being estimated, and we can thus use the MDL (Minimum
Description Length Principle) [1] to solve it.
According to MDL, the best estimate of ∆ is the value
corresponding to the model that leads to a shorter code for
the data I − 1, I2:

∆̂MDL = arg min
∆

LI1,I2(∆), (2)

where LI1,I2(∆) is the length of the most efficient code for
I1 and I − 2 assuming model (1) and for a fixed value of ∆.
We consider three-part codes, that encode the observed images
in the following way:

1) first, the value of ∆ is coded, using L(∆) bits;
2) next, the estimated ”reference image” Î0 is coded, using

the value of ∆ in the observation model (1), requiring
LÎ0

bits. Note that the size of I0 depends on the
estimated amount of overlap between I1 and I2, and
thus on the value of ∆: LÎ0

= LÎ0
(∆);

3) finally, the regions of I1 and I2 that differ from the
”reference image” I0 (which is a function of ∆) are
coded using an optimal code, with LI1,I2 bits. This
optimal codelength is also estimated from the data, and
depends on ∆: LI1,I2 = LI1,I2(∆)

The total codelength for the two images is thus

LI1,I2(∆) = L(∆) + LÎ0
(∆) + LI1,I2(∆). (3)

We now determine the different terms in the right-hand-side
(r.h.s.) of eq. (3).

a) Coding ∆:
We code ∆ with a fixed-length code (this is equivalent to

having no priori preference for its value). We can thus drop
the corresponding term from the estimation criterion (3).

b) Coding the reference image Î0:
Assuming that ∆ is known, and according to the observation

model (1) we have either two independent observations of



pixel (i, j) of the reference image (for (i, j) ∈ I∆
p × I∆

q ):

I1(i, j) = I0(i, j) + w1(i, j), ,

I2(i − ∆p, i − ∆q) = I0(i, j) + w2(i − ∆p, j − ∆q),

where we defined the overlap intervals

I∆
p = [max(1, 1 + ∆p),min(Nl, Nl + ∆p)] ,

(with an analogous definition for I∆
q ), or just a single obser-

vation (for (i, j) ∈ I1 = [1, n] × [1, Nc] \I∆
pq),

I1(i, j) = I0(i, j) + w1(i, j), ,

(where we defined the overlap region I∆
pq = I∆

p ×I∆
q ) and2 for

(i, j) ∈ I∆
2 = [1 + ∆p, Nl + ∆p] × [1 + ∆q, Nc + ∆q] \I∆

pq

I2(i − ∆, j − ∆) = I(i, j) + w2(i − ∆p, j − ∆q) .

Assuming known the value of ∆, the Maximum Likelihood
estimates of the reference image (that we denote here by Î∆

for convenience of notation) for pixels (i, j) ∈ I∆
ij coincide

with the observed images (I1 or I2). Assuming that the noise is
uniformly distributed with a (discrete) symmetric distribution,
q(n) = q(−n), the estimates for pixels (i, j) ∈ I∆

ij are the
average of the two independent observations:

Î∆(i, j) =
1
2

(I1(i, j) + I2(i − ∆i, j + ∆j)) , (i, j) ∈ Iij .

Note that if the original image is coded in L bits (and thus
with 2L distinct values), the pixels (i, j) ∈ Iij are defined in
a set of larger cardinality (at most twice the alphabet of the
original image), and can be coded with no more than L + 1
bits. Knowledge of the values of ∆ enables definition of a
rule for scanning the reference image, and we need thus just
to code the pixel intensities. The total number of bits required
to code Î0 is thus

LÎ0
(∆) = 2 (Nl × Nc − n�(∆)) L + n�(∆)(L + 1)

= 2(Nl × Nc)L − n�(∆)(L − 1) , (4)

where we defined n�(∆) =
∣∣I∆

ij

∣∣ to denote the size of
the overlapping region. The first term in the r.h.s. of (4)
is independent of ∆ and will not contribute to our final
estimation criterion.

c) Coding the common part of images I1 and I2:
To recover the original images, we must also code the

difference of the original images with respect to the common
part

{
I0(i, j), (i, j) ∈ I∆

ij

}
. It is easily seen that given the

reference image these two images are redundant, and that we
need to code only one, for instance I1. The best code is a
Shannon code, with codelength

LI1,I2(∆) = LI1;q(∆) = − log2 p
(
I1(i, j), (i, j) ∈ I∆

ij |Î0

)

= −
∑

(i,j)∈I∆
ij

log2 q
(
I1(i, j) − Î0(i, j)

)
,

2A\B denotes set difference.

where q(·) is the distribution of the observation noise w
in model (1). Using the expression for the estimate of the
reference image, we obtain

LI1;q(∆) = −
∑

(i,j)∈I∆
ij

log2 q

(
I1(i, j) − I2(i, j)

2

)

= −
∑
εi∈E

n(εi) log2 q(εi) ,

where E is the discrete set of possible values of the differ-
ences of pixels intensities, and n(εi) denotes the number of
occurrences of value εi in the difference image.

It is easily checked that this codelength can be written as

LI1;q(∆) = n�(∆) (H(q̂) − D(q̂||q)) ,

where H is the Shannon entropy, D is the Kullback-
Leibler distance (see [1]), and q̂ is the empirical estimate
of the distribution of the difference image pixels: q̂(εi) =
n(εi)/ (

∑
i n(εi)). If we consider that the noise distribution

q is unknown, including it in the model that is fitted to the
observations, this codelength is minimized for q = q̂, the
empirical distribution. This implies that the codelength of the
(overlapping) sub-image becomes simply

LI1;q̂(∆) = n�(∆)H(q̂) .

In this case, we must add to the total codelength L∆(I1, I2) in
eq. (3) an additional term equal to the number of bits required
to specify q̂. The observed error sequence is a word of length
n�(∆), where each ”letter” belongs to an alphabet of size
M ≤ 2L+1. The number of possible types for these sequences
is equal to (

M + n�(∆)
n�(∆)

)
,

implying that if M is known we can code the type with a
fixed-length code of length

Lq̂(∆) = log2

(
M + n�(∆)

n�(∆)

)
=

M+n�(∆)∑
i=n�(∆)+1

log2 i−
M∑
i=1

log2 i .

(5)
Note that although not explicitly indicated, the value of M
depends on the image registration, and thus the last term of
the above expression must be kept in the determination of
the optimization criterion. We should also include in the total
codelength the cost of coding the value of M . However, this
term will in general be much smaller than the other terms, and
we neglect it in a first approximation.

Using eq. (5) in eq. (3) yields the total codelength required
to code the two images using our three-part code:

L∆(I1, I2) = log2(K) + 2(Nl × Nc)L − n�(∆)(L − 1)
+ n�(∆)H(q̂)

+
M+n�(∆)∑
i=n�(∆)+1

log2 i −
M∑
i=1

log2 i .



We can finally present our estimation criterion as

∆̂ = arg min
∆

n�(∆) [H(q̂) − L + 1]

+
M+n�(∆)∑
i=n�(∆)+1

log2 i −
M∑
i=1

log2 i .

We see that the criterion depends on ∆ only through the
entropy of the pixel-wise differences of the observed images
and the number of pixels that are put into correspondence. It
is thus robust with respect to shifts in the intensity value of
the image, which do not affect neither the entropy H(q̂) nor
the value of M .

III. DEFORMATION FIELD

We discuss now how the displacement estimation criterion
is used to built a global displacement field, and solve the image
co-registration problem.

We allow for non-rigid deformations of the images when co-
registering consecutive video frames, to be able to cope with
situations where the robot is observing the sea bottom from a
relatively short distance (for instance, as it may happen during
a contour tracking), in which case the assumption of bottom
planarity is not verified in many practical situations.

We start by estimating a dense displacement field over
a discrete grid, by applying the algorithm presented in the
previous section to a set of small windows inside the image
plane. Let {pn = (in, jn)}, n = 1, . . . , N be the central pixels
of the windows considered, and let (centered) set W denote
the window used around each pixel, such that Wn = W ⊕ pn

is the set of pixels in the image plane covered by window Wn.
(The exact configuration of this grid depends on the allowed
computational complexity, and we will not discuss it here.)
Denote by W t

n the window n taken in image I(t).
Using the algorithm of the previous section,we estimate

a displacement field ∆n, n = 1, . . . , N by applying the
estimation criterion (3) to windows W tr

n and W
tr+1
n . This

displacement field that maps (co-registers) neighborhoods of
image I(tr+1) into their corresponding pixels in image I(tr).
We interpolate/extrapolate vectors ∆n, n = 1, . . . to obtain a
continuous vector field ∆(i, j) defined over the entire image
plane. Examples of the results obtained are shown in the next
Section.

Alternatively, we could consider a parametric model of the
global disparity field (assuming for instance local planarity of
the sea bed surface) and using it to compute the displacement
field over the entire image. Our approach has the advantage
of being robust to bad local estimates: those areas of the
image that are not informative enough to result in good
displacement estimates are generally those where there is no
local texture, i.e., where the image is rather homogeneous.
With our approach, wrong pixel correspondences will result
in deformation of the image footprint, but not in degradation
of the contents of the mosaic. On the contrary, point-like
feature based methods are known to be very sensitive to wrong
features associations, that induce large errors in the estimates
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Fig. 3. Deformation of I2 by the vector field estimated from values in the
grid shown in Fig. 2.

of the parameters of the assumed deformation model, and thus
on image co-registration.

Figure 1 displays the result of disparity estimation for two
consecutive video frames acquired over a maerl bottom, with
a bottom-looking camera installed in our Phantom platform
during a sea-experiment in the Orkney Islands. The bottom
is composed of mixtures of dead and alive maerl patches,
creating a very textured visual pattern. For each element
of the partition of the image frame Wn, we plot in each
image a rectangle that encircles the areas that are put in
correspondence by our local displacement estimation criterion.
It can be seen that a consistent estimate of displacement is
obtained across the entire image, confirming the hypothesis
of nearly planar bottom and pure rotational motion of the
robot. Note that one of the images is blurred by the platform’s
motion, and that the automatic gain adjustment of the camera
imposed a variation of the gray levels between the two images.
Our algorithm is robust with respect to both artifacts.

In Fig. 2 we show the result of applying the algorithm to
pairs of images acquired with the Phantom (bottom-looking
camera) during an experiment of contour tracking over a
bank of Posidonia in Villefranche-sur-mer, South of France. In
this experiment, the robot is highly maneuvering to track the
crooked contour of the Posidonia bank. A small window size
has been used, as it can be seen by the size of the rectangles
overlaid in the plots. In spite of this, the algorithm is able
to estimate the disparity field over the majority of the image,
except when the windows have no significant local texture, or
when the disparity field is equal (or larger) than the size of
the windows used. The magenta lines show the vector field of
displacement vectors. In Figure 3 we plot image I2 deformed
by the interpolated vector field. Comparison with image I1

(see Fig. 4 shows a very good agreement of the two images.
In this section we considered the problem of estimating
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Fig. 1. Disparity estimation over a maerl field.

I(t+∆) I(t)

Fig. 2. Disparity estimation during a contour tracking (consecutive images, Posidonia bank).

the motion field between consecutive frames, over the entire
images, based on its values at a regular grid. In the future, we
will use local displacement estimation only from the regions
that yield results to which a large confidence can be associated.
This, together with a proper adjustment of the window size and
image sampling scheme, adapted to the local characteristics
of the image, are necessary requisites to be able to apply the
approach proposed on-line, during actual observation of the
underwater world.

IV. RESULTS IN REAL IMAGES

Figure 5 shows the result of co-registration of 5 consecutive
images acquired during a real experiment with the ROV
Phantom. In this experiment, the robot was (autonomously)
tracking a contour between a Posidonia field (the strongly
textured region in the image, where the leaves of Posidonia
are visible) and a sandy bottom where a certain number of

objects are present (dead Posidonia leaves, rocks, garbage,...).
The crooked contour of the Posidonia bank induces in this
experiment a strongly maneuvering behavior of the platform,
with noticeable variation of the platform orientation (rotation)
between consecutive frames. We can see that even if our
approach locally fits a pure translational model, the overall
rotational behavior is effectively recovered by working with
small neighborhoods and allowing the displacement vector to
vary across the image plane. The small altitude of the robot
above sea bottom (compared to the height of the Posidonia
leaves which was quite large at this time of year) imposes
strong depth-induced variations on the displacement mapping,
which is easy perceptible in the final mosaic obtained.

The previous example considered an highly textured region
(the Posidonia leaves induce a high-frequency strongly con-
trasting pattern). Figure 6 illustrates the performance obtained
by co-registring 10 frames of a sequence taken over the
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Fig. 4. Image I1 in Fig. 3.

mosaic

Fig. 5. Mosaic (Posidonia field).

boundary of a maerl field in Orkney. The perspective effects
are very strong (the platform is moored, and balancing with
the water motion), and the sandy pattern is very regular and of
very low contrast. As this Figure shows, the estimated vector
field, although working over reasonably large windows, was
able to properly co-register the frames.

V. CONCLUSIONS

We presented a criterion for image registration that presents
several advantages for the construction of underwater video
mosaics. The criterion is obtained by formulating the image
co-registration problem as a model selection problem, where

mosaic

Fig. 6. Mosaic (border of a maerl patch).

the image overlap determines the complexity of the model.
We used a three-part formulation of the message description
length, which, by considering a completely non-parametric
approach to the problem of statistical modelling, leads to a
fitting metric dependent only (for pure translational models)
on the number of image pixels that are put into correspondence
and on the entropy of the pixel-wise differences of the co-
registered sub-image. Results using real data in challenging
conditions (varying depth and illumination conditions, strong
rotational motions) demonstrate the appropriateness of our
approach.
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