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Abstract—In this paper, a new approach to image matching
based on both entropy and mutual information measures that can
correctly perform association under very low overlap conditions
is presented. The method is feature-based, working on a list
of interest points detected on the acquired images. Unlike the
classical SSD/RanSaC method, our algorithm is robust to the
existence of many similar regions in the images, enabling us to
handle situations where the interest points correspond to local
details of an habitat that is dispersed with a regular-like structure
accross the ocean bottom. Actually, our method requires only
that four corresponding points be detected in the two images
being aligned. This allows matching under minimal overlap of
the images. The improvement in efficiency of our method, when
compared to previous techniques, relies on explicitly accounting
for ambiguities in the association between the templates of the
two images, thus preventing that useful information be discarded
at an early association step.

I. INTRODUCTION

Establishing a visual map of the region observed by the
onboard camera of a mobile robot is a powerful tool which
can be used either for post-mission environment analysis [3] or
for on-line navigation [4]. For instance, in [10] we presented a
path planning strategy for complete coverage missions, whose
aim is to guarantee that the mosaic created after mission
completion completely covers a prespecified region, i.e., that
it leaves no non-observed holes.

With full generality, visual-based navigation requires im-
age registration both between successive and non successive
frames. The first case allows (partial) estimation of the motion
of the platform between frame acquisitions (we will refer to it
as image matching) whereas the second enables the estimation
of the relative pose of the platform at distant times (we will
refer to it as image registration). The main difference between
these two problems concerns the expected image overlap,
which is assumed large in the former case while no specific
assumptions hold in the latter.

For complexity reasons, image matching is often based on
template or block matching approaches. Global methods do
exist [9], [13], [15], that are able to solve the registration
problem, but they are usually too heavy to be implemented on-
line, and are more common in medical imaging applications,
where run-time is not a major concern. A variety of block-
matching approaches has been proposed in the literature, with
different specific goals in mind, such as object tracking ,
motion estimation , creation of underwater visual maps , and

underwater navigation with respect to visual maps of the ocean
floor [1], [2], [4].

Fig. 1. (Left) Example of a robot creating an image mosaic of an interest
region (Right) The robot is returning on the previously observed area.

In this paper, we present a new algorithm that can robustly
perform image-to-image registration. The algorithm improves
on previous techniques in that it does not require a large
overlap between the images being registered, and that it can
operate even on quasi-repetitive scenarios, that contain many
locally similar textured regions. These increased efficiency
and robustness are attained by explicitly acknowledging the
plausibility of similarity between distant neighborhoods (i.e.,
the probability of false associations), and delaying definite
block-to-block association to a step that globally evaluates
their collective likelihood.

The ability of conditioning the decision about the associ-
ation of each image block on the associations of the other
blocks requires the assumption of a "global" model that jointly
constraints them. In our context, this "global" model comes
from assumptions on the trajectory of the robot and the world
that it observes. We will consider the framework of underwater
robotics, and assume that the sensor carrier is traveling at a
nearly constant distance from a locally flat surface (the ocean
bottom), with a camera placed orthogonally with respect to it,
as shown schematically in Figure 1. This conveniently con-
straints the apparent motion of distinct regions of the images,
as we make more precise in the next section. We will not
distinguish between image matching and image registration.
In fact, our algorithm can be applied in both situations, either
between successive images when the platform is travelling
along a quasi-linear track (e.g. between the blue rectangles
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on the right-hand side of fig. 1), and when its image partially
overlaps previously observed regions (as for the two red
rectangles in the right-hand side of fig. 1).

The paper structure is as follows. Section II presents the
image matching problem assessed in the paper. In section III,
similarity (or discrepancy) measures usually used in image
alignement are reviewed. Section IV presents the classical
template-based image registration algorithm RanSac. Section
V presents our registration algorithm, explaining how its
processing of local ambiguities allows overcoming of some
problems associated to previous approaches. In section VI
we illustrate the advantages of our algorithm with respect to
RanSaC in two sets of examples.

II. PROBLEM FORMULATION

In this section the image matching problem is formulated.
The image registration model is first defined, establishing the
assumptions underlying our work.

A. Image registration model H

Two perspective images of a planar surface are related
by an image registration model H known as homography.
Since we assume that the world observed by the robot is
locally planar, the same homography relates the coordinates
of all image points of two distinct images {Ĩn(s), s ∈ S}
and {Ĩm(s), s ∈ S} – where S denotes the image support, a
subset of the retinal plane – and, neglecting image noise and
lightening induced variations,

Ĩn(s) = Ĩm(Hs), s ∈ S ∩H [S] . (1)

We will denote by OH the overlap region corresponding to
homography H :

OH = S ∩H [S] . (2)

B. Problem Statement

Ideally, the image registration problem can be formulated
as finding the homography H such eq. (1) holds. However,
this equality assumes perfect validity of the conditions under
which the homography model is valid, in particular, (i)
that the observed scene is planar, and (ii) that there are no
image artifacts due to noise or light effects. A more realistic
formulation of the problem looks for the homography that
minimizes the differences between the two sides of the
equality sign, allowing for image-to-image variations of
intensity or color due to light changes:

Problem 1: Image Registration Given two images Ĩm and
Ĩn, find the homography H that minimizes

E(H) = D
(
{Ĩn(s)}s∈OH , {f

(
Ĩm(Hs)

)
}s∈H−1[OH ]

)
. (3)

where D(·, ·) is a given discrepancy measure1 between images,
for some unknown distortion function f(·) : I |OH | → I |OH |

1The definition of the discrepancy measure D(·, ·) will be discussed in
section III.

with I the set of image values.

The problem formulated above considers global image
registration, requiring that the same homography H and
distortion model f hold between all the regions of the image.
It is sensitive with respect to sudden changes in the observed
scene, for instance if a new object appears between the two
acquisitions. A simpler problem, that can be made robust
with respect to local variations in the image scene, imposes
the homography relation only between local neighborhoods
of the image.

Problem 2: Template Matching Let Ĩm(s), s ∈ S and
Ĩn(s), s ∈ S be two images, and Wn(s), s ∈ Sn ⊂ S a
template in Ĩn. Find the template W ?

m that minimizes

EWn (Wm) = D (Wn, f (Wm)) ,Wm = {Ĩm(Hs), s ∈ Sn}.
(4)

In the template matching problem the support Sn is a small
neighborhood of the image, increasing the plausibility that
the homography model H holds between the two distinct
observations. Usually, instead of a generic homography, a
simple translation model is assumed: Hs = s + tn, and
no distortion operator f(·) is considered, the image being
modeled as a noisy version of an unobserved image I , leading
to the simple model, such that

Wn(s) = W̃ ?
m(s + tn) + εn,m(s), s ∈ Sn . (5)

where εn,m is a noise process that combines the noisy com-
ponents of the two images. In these conditions, template
matching is equivalent to estimation of the translation vector
tn. Definition of a statistical model for the noise process
allows then application of statistical estimation tools to the
problem of estimating the vector tn that defines the subset of
Im correspondent to Wn.

A slightly different problem consists in finding the
correspondences between a set of image neighborhoods (or
templates).

Problem 3: Template Association Let L̃i = {W (j)
i , s ∈

S
(j)
i ⊂ S}Ki

j=1, i = m,n be two lists of templates. Assume that
Km < Kn. Find the injective mapping π : {1, . . . ,Km} →
{1, . . . ,Kn} that maps templates in L̃m to templates in L̃n

that minimizes

C(π) =
K1∑
j=1

E
W

(j)
n

(
W (π(j))

m

)
. (6)

This is the problem addressed in the paper.
Finally, we also formulate the problem of determining the

homography H that maps the pixels coordinates of a series
of pairs points detected in two images.

Problem 4: Homography from templates Consider two
images Ĩm and Ĩn, and let L̃m, L̃n be lists of corresponding
templates. Let Z

(i)
j denote the coordinates of the center



of template W
(i)
j . Find the homography H that maps the

coordinates of the two lists of templates, i.e, that minimizes
:

d(Z(i)
n ,HZ(i)

m ), i = 1, . . . ,
∣∣∣L̃n

∣∣∣ =
∣∣∣L̃m

∣∣∣ , (7)

where d(., .) is a distance metric.
This problem has a simple linear solution in the elements of
the homography matrix H [6].

Finding the solutions of Problems 3 and 4 lead to the
solution of Problem 1.

Ĥ = arg min
H

d(Z(i)
n , Z π̂(i)

m ) (8)

where
p̂i(i) = arg min

π
C(π). (9)

III. DISCREPANCY MEASURES

We focus in this section on the definition of the discrepancy
measure D(·, ·) that enters in the definition of problems 1 to
3 in the previous section. Let us go back to the structural
ideal relation that we want to establish between two images
(or image templates):

Ĩn(s) = f
(
Ĩm(H(β)s) : α

)
, s ∈ OH . (10)

where we explicity assumed that the admissible distortion
functions f(·) are parametrized by a vector of parameters α,
and introduced β as the free parameters of the homography H
(in the simple translation model, β = tn is a two dimensional
vector).

Assuming that

∀β,∀s ∈ Sn,H(β)s ∈ S , (11)

and that we have noise corrupted versions of the images In

and Im with noise2 ε ∼ pε, the templates of both images can
be modelled as follows :

Wn(s) = I(s) + εn(s),
Wm(s) = f(I(H(β)s : α) + εm(s). (12)

which leads to expressing Wm(s) in term of Wn(H(β)s) :

W ′
n(s)|β,α = f(Wn(H(β)s) : α)

≈ f(I(H(β)s) : α) + ε′n(s) (13)
Wm(s) = f(Wn(H(β)s) : α) + εm(s)− ε′n(s).(14)

We should note that ε′n is dependant on the image and the
function f .

Using Wn as a parameter in the model of Wm, we can
approximately solve Problem 2 by maximizing the probability
over β:

pε? (Wm(s)− f(Wn(H(β)s) : α̂(β))) , (15)

where εm(s) − ε′n(s) ∼ pε? is assumed known, and α̂(β) =
arg max

α
pε? (Wm(s)− f(Wn(H(β)s) : α(β))) |α, β).

2Notation X ∼ p indicates that x is distributed according to p.

The corresponding template will be referred as W ?
m =

{Wm(s), s ∈ H(β̂)Sn}. For this criterion, we can thus
identify the negative likelihood as the relevant discrepancy
function for problem 2:

DML(β) = − log p?
ε [Wn − f (Wm(H(β)s) : α̂(β))] , (16)

If p?
ε is assumed to be Gaussian, and f(·) is the identity

function (i.e., there is no distortion of image values from one
view to the other), this criterion is equivalent to minimizing
the SSD (Sum of Squared Differences), classically used for
image registration [4] :

DSSD(β) ≡
∑
s∈Sn

ρ(s : β)2 , (17)

where ρ(s : β) are the residues

ρ(s : β) ≡ Wn(s)−Wm (H(β)s) , s ∈ Sn. (18)

This criterion is often used because of its simplicity
and good performance under simple noise models. It is,
nevertheless, sensitive to lightening variations, unlike the two
alternative criteria presented in the next subsections [1], [14],
[13].

However we must point out that when we register two
images, eq. (11) can never hold 3. In these conditions, the
size of the overlap region OH(β) depends on the value of
β considered, and the likelihood functions are defined over
distinct observation spaces. Maximum Likelihood is thus no
longer applicable, since we cannot compare the values of
distributions defined over different sets. This difficulty can be
solved by using the Minimum Description Length (MDL) [11],
and formulating the template matching as a model estimation
problem, where different values of β index the individual can-
didate models being considered. It leads to a penalized version
of the Likelihood function, see [9]. If a non-parametric, or
semi-parametric approach is used to with respect to the noise
distribution pε, it can be shown that the negative likelihood is
penalized version of the entropy of the empirical distribution
of the residues (18). The penalty term, dependent on the size
of the images being matched, automatically sets a threshold
that takes into account the variation of the effective size of the
observations being matched.

We review below the main criteria that have been used
as alternatives to the SSD criterion. We first give two basic
definitions required in the rest of the article. See [12] for a
detailed presentation and discussion.

A. Basic notions from Information Theory

a) Shannon entropy: Let X be a random variable with
distribution pX . The Shannon entropy4 H(X) of X is a

3Indeed, this would mean that the homography is the identity matrix and
that the overlap region has the same size than Ĩn and Ĩm.

4We use the same notation for both entropy and the homography matrices
H . In each case, the meaning of H should be clear from the context.



measure of the uncertainty about the values of X . It is, by
definition5

H(X) = EpX
[− log pX(x)] (19a)

= −
∑

x

pX(x) log pX(x) , (19b)

where we assumed that X is defined over a discrete set X .
Joint entropy of two random variables X, Y ∼ pX,Y is de-

fined in analogous way: H(X, Y ) = EpX,Y
[− log pX,Y (x, y)].

Entropy has a number of remarkable properties, in particular:
(i) it is always positive, being equal to zero only for the
degenerate distributions that put all probability mass in
the same point, (ii) if |X | = K ⇒ H ≤ log K, (iii)
if X ∼ pX and Y ∼ pY are statistically independent,
H(X, Y ) = H(X) + H(Y ).

b) Mutual Information: The mutual information
MI(X;Y ) between two random variables X and Y is a
measure of the amount of information one random variable
contains about the another. It can be defined by :

MI(X;Y ) = H(X) + H(Y )−H(X, Y ) (20a)
= H(X)−H(X|Y ). (20b)

This last equation supports the interpretation of the mutual
information as a decrease in the uncertainty about one variable
when observations about the other variable are made. It can
be shown that MI(X;Y ) ≥ 0, being equal to zero if and only
if one of the variables is a function of the other, i.e.

MI(X;Y ) = 0 ⇔ X = g(Y ) , (21)

for some bijective function g(·). An important property of
mutual information is that it is invariant with respect to
bijective functions :

MI(X;Y ) = MI(g1(X), g2(Y )), (22)

for any bijective functions g1 and g2.

B. Residues Entropy

Use of the residues entropy

DH(β) ≡ Ĥ (ρ(s : β)) , (23)

where Ĥ(ρ(s : β)) is an estimator of the entropy of the
residues {ρ(s : β)}s∈OH(β) as a discrepancy metric can be
justified based on its robustness with respect to several factors
: (i) lack of knowledge of the image noise distribution pε;
(ii) robustness to systematic shifts in the intensity values (that
can be a side effect of automatic camera controls). As we
discussed above, it is related to the likelihood under non-
parametric models of pε, see [9].

5Ep[·] denotes expected value under distribution p.

C. Mutual information

The use of entropy as a criterion to estimate image corre-
spondences requires the explict determination of α̂(β) for each
value. It assumes thus that we are able to define the set of
admissible distortion functions. Mutual information provides
a criterion that is invariant with respect to the function f(·)6

relating the pixel intensities in the two images. Since D must
measure discrepancy, we define it as the negative of the mutual
information between the images being compared:

DMI(β) ≡ −M̂I (Wn(s);Wm (H(β)s)) , (24)

where M̂I (Wn(s);Wm (H(β)s)) is an estimator of the mu-
tual information between Wn(s) and Wm (H(β)s). According
to this criterion, we should choose β such that the mutual
information between correspondent pixels is maximized. As
expressed previously, MI is more often estimated by using
its relation to entropy, see eq. (20). We point out the in-
creased complexity of the estimation of mutual information
with respect to entropy, requiring characterisation of the joint
distribution of the two data sets.

IV. THE RANSAC BASED ALGORITHM

The classical algorithm for template-based image regis-
tration is briefly presented in this section. For a detailed
description refer to [6], [4]. It can be decomposed in three
main steps (fig. 2):

A. Template detection

The aim of this step is to determine a set of image regions
L̃n that (i) can be well localized inside an image, and (ii) are
distinctive (in the sense that they resemble no other region in
the image). Guaranteeing this last property is computationally
demanding, requiring analysis of the pairwise similarity of the
set of regions under consideration. For this reason, only prop-
erty (i) is usually taken into consideration. The Harris detector
[5] and SIFT points [8], [7] are commonly used, offering good
properties in terms of the accuracy of the estimation of their
location (for Harris "corners") and robustness with respect to
perspective effects (for SIFT points). In the results presented
in section VI we consider image templates identified by an
Harris detector 7.

B. Template Matching (Problem 2)

The second step solves Problem 2 in section II for all ele-
ments of L̃n using the SSD criterion. A set of "best matches"
L̃m = {W ?

m
(j), j = 1, . . . ,

∣∣∣L̃n

∣∣∣} is then obtained. We point

out that the situation where W
?(i)
m = W

?(j)
m is possible. L̃n:

a binary function π? which describes the association between
the two lists can be defined by :

π? : L̃n × L̃m → [0, 1](
W

(i)
n ,W

(j)
m

)
→ π?(i, j)

(25)

6Providing that f is injective.
7One should note that any other interest point detector can be used, as long

as it is stable: the set of detected points stays constant from image to image.



Fig. 2. Classical template-based approach to image registration.

π?(i, j) = δi,j where δ is the Kronecker symbol.

C. Selection and homography estimation

Finally, an homography Ĥ is estimated by considering a
subset of the template correspondences established in the
previous step. The homography selection is performed by
RanSaC algorithm (fig. 3).

The RanSaC algorithm uses the notion of inliers (couples
of templates which fit an homography) and outliers (couples
of templates which do not), and can be briefly summarized as
follows.

The algorithme starts by randomly selecting four template
couples from π?. An homography H can thus be computed.
The next step aims to find how many pairs in π? fit H within
a given tolerance t (26).∑

i

d(Z(i)
n ,HZ(i)

m )2 + d(Z(i)
m ,H−1Z(i)

n )2 < t. (26)

The set of couples which are below the tolerance is defined
as the inlier set. If the number of inliers is large enough,
the sum for all the inliers of the error of homography fitting
is computed. These steps are repeated N times. Finally the
homography for which the fitting homograpy error is the
lowest is retained.

V. METHODOLOGY

A. General presentation

This section is dedicated to the presentation of our algo-
rithm, a template-based image registration method that can
correctly perform association under low overlap conditions,
where the RanSaC architecture presented in the previous
section will fail. As the RanSaC method, our approach also
considers separately the establishment of template-to-template
associations and the actual selection and homography esti-
mation. The main distinction consists in the definition of the
application π? that maps the template lists.

In figure 4, the processing chain of our algorithm is pre-
sented. The first step performs template detection. The two
other blocks address template association and homography es-
timation. These blocks are slightly different from the standard
RanSaC processing chain and are discussed in more detail in
the next subsections. However we briefly highlight the main
differences :

• Instead of associating a list of templates in one of the
images L̃n to the other image Ĩm, we perform template
detection individually in each image, producing two lists
L̃n and L̃m.

• Instead of performing a strict association between the
members of the two lists, we define a multi-valued asso-
ciation between the two lists of templates, that measures
the similarity of all pairs of templates.

B. Template detection

Template detection step is performed separetely for both
images, using the Harris corner detector.

C. Multi-valued association metric

The multi-valued association metric can be defined as
follows: Define the similarity matrix, denoted by Πa, as the
|Ln| × |Lm| matrix whose (i, j) element is Da(i, j)

Πa(ij) = Da

(
W (i)

n ,W (j)
m

)
,

where Da is one of the discrepancy measures presented in
section III: a ∈ {ML, H, MI, SSD}.

The rationale for the method above is the following: using
a measure of similarity with small numerical complexity,
we start by detecting likely template-to-template associations.
These associations are denoted by the mapping function π0.

The discrepancy measure chosen for this first step is the
residue entropy. We compute the entropy based similarity
matrix ΠH and then associate the template pairs that have
a suficiently small discrepancy

π0(i, j) =
{

1, ΠH(i, j) ≤ γH

0, otherwise . (27)

π0(i, j) = 1 if the two templates are similar relatively to the
similarity measure used and otherwise π0(i, j) = 0. Note that
we impose no constraints on π0. In particular, it can happen
that some templates are associated to no other template, i.e,
∀j, π0(i′, j) = 0 or ∀i, π0(i, j′) = 0, or one template of one
image, say Ĩn can be associated to more than one template in
the other image: ∃j1 6= j2 : π0(i, j1) 6= 0 and π0(i, j1) 6= 0.
Since π0 is a binary function, we can represent it by a bipartite
graph Gπ0 , whose nodes are the elements of the two lists, and
that has an arc between nodes for which π0 = 1. Figure 5
illustrates one possible example.

In a second step, we use mutual information to obtain
a better discrimination of the selected couples of templates.
Finally we obtain the list of possible associations denoted by
π? and a graph Gπ? , defined in the same way of G0

π . π? has
the same properties as π0 and is defined by retaining only
the pairs that have large mutual information (small values of
DMI ) :

π?(i, j) =
{

1, ΠH(i, j) ≤ γMI

0, otherwise . (28)



Fig. 3. Last step of the RanSaC method

Fig. 4. Our approach to image registration.

Fig. 5. Graph of an application π0.

We point out that no computation is done for the templates
which verify π0(i, j) = 0. The fact that we do not enforce
any special structure in π? enables us to capture situations
where the templates in one image resemble many templates
in the other image, as it is frequent in natural terrains, where
the interest points detected pick up details of the local habitat,
and is dispersed over the ocean flow with a quasi-regular
structure, as shown in Figure 6. Figure 7 shows the templates
and residue histograms when matching the first template to
the other templates. All histograms are concentrated around
zero, demonstrating that all templates are similar to each other.

Fig. 6. Regions of the image which can lead to ambiguous associations.

Definition of the thresholds γH and γMI in (27) and (28) is
difficult. Our present implementation uses thresholds defined

Fig. 7. Templates and the residue histograms representing regions which
can be seen as ambiguous. The fourth template is used as the reference to
compute the residues.

in terms of the maximum values:

γa = αa max
(i,j)

Πa(i, j), a ∈ {H,MI} .

In our results, we use a value of αH = 0.7 and αMI =
0.3. These threshold have been determined from four series
of images. They are voluntarily slighlty lower than what they
could be in order to fit several kinds of images.

D. Homography estimation

Using the application π?, we then solve problem 4. Let F
be the set of sub-graphs of Gπ? that have four disjoint arcs,
and denote by π a generic element of F . Each π establishes
a one-to-one association of four points in each image, and is
thus sufficient to determine an homography, that we denote by
Hπ .

π ∈ F −→ Hπ .

Computing all the possible combinations of four point
couples and choosing the best one (for example by deter-
mining the highest mutual information measure between the
corresponding common part of the images) leads to the best
solution in terms of homography estimation. Nevertheless this
method is extremely demanding in terms of computation, as
all the combinations are examined. Present work studies the
possiblibility of defining a preference strategy for considering
couples of templates and a stopping criterion.



VI. EXPERIMENTS

In this section we compare our algorithm with the
SSD/RanSac method in two sets of images. The first one
considers the registration of images related by a simple
translation, with low overlap between them, demonstrating
the limitations of other methods even under simple motion
models. The second series of results consider real images,
testing our approach under general platform motion model,
and scene geometries.

A. Low overlap

This first example considers registration of the two images
shown in Figure 8. These images are synthetic noise free
images, being subsets of a large image created by stitching
together real B&W images of the ocean bottom taken with a
camera onboard an underwater robot (fig. 16). The selected
"images", of size 399×399 are extracted at locations selected
along a trajectory manually defined on the large image. These
experiments are useful because we have a ground truth to
which the result of the algorithm can be compared. Moreover,
they perfectly comply with the flat surface model, and thus
allow assessment of performance under this ideal condition.

Fig. 8. Images to be matched and their matching.

Even visually, it is difficult to establish the correspondence
between the two images. In fact, the image on the left is
displaced by 250 pixels on both directions, leading to an
overlap of about 14% of the total image size, corresponding
to the homography H0 :

H0 =

 1 0 −250
0 1 −250
0 0 1

 . (29)

As shown in fig. 9, 34 and 37 templates have been respec-
tively detected in the first and second images. Among all the
possible associations only five are correct. Figure 9 gives a
visual representation of the 37 × 34 discrepancy matrix ΠH .
The correct five associations correspond to the black (close to
zero) entries. All other values are much larger, indicating the
presence of outliers (templates that have no correspondence in
the other image).

The homography Ĥ estimated by our method is Ĥ = H0,:
correctly identifying the true image displacement. Figure 12
show the composition of the two images using the estimated
homography.

Fig. 9. Template difference entropy measure.

Fig. 10. Templates to be matched and their possible candidates.

The images are noise free. This puts the SSD matching
criterion used by the RanSaC method in its best operating
condition.

The low overlap generates too many outliers decreasing
the probability taht the real homography be selected. Even
in this case , the weak percentage of correct associations
will prevent it from passing the inlier test. Thus, the RanSaC
algorithm cannot produce an estimate of the homography and
the classical method of image registration fails.

As we just mentionned, the number of true matchings
in this example is five. That means that if the four true
correspondences are selected, only one true couple will be
left to validate the model. There will be only one inlier
whereas false homographies may lead to greater numbers of
inliers. In our case, the RanSac based method is thus unable
to produce an estimate.

B. Real images

The other experiments presented here use a real underwater
video sequence. Figure 13 illustrates the underwater images to
be matched. Images are no more noise free and slight changes
in lightening can be observed as shown in Figure 15. The
final selected templates are presented in figures 14 and 15.
The bottom row of templates in Figure 15 plots the template
residues between each couples of selected templates, showing
that our algorithm leads to good template associations.



Fig. 12. Matching result.

Fig. 11. Selected couples of templates.

Fig. 13. Real images to be matched.

VII. CONCLUSION AND PERSPECTIVES

In this document a new template matching approach has
been presented in the context of underwater image mosaicing.
This approach works for nearly repetitive scenarios, in cases
where the classical matching methods may fail. The proposed
metod can handle images presenting very low overlap, and
takes into account ambiguities between pairs of templates.
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