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Abstract

We propose a new image registration criterion that
uses segmented versions of the images to exploit both
the geometric and photometric characteristics of the
distinct regions they contain. It is inspired on the
Minimum Description Length principle, considering the
alignment parameters as side information, in a coding
framework. The criterion is robust with respect to un-
stable segmentation, a frequent problem in close obser-
vation of natural scenes. Results on real images illus-
trate the performance attained.

1. Introduction

Estimating the map that puts in correspondence dif-
ferent views of scene points obtained with distinct cam-
eras, or with the same camera from different posi-
tions/orientations is an important goal in a wide vari-
ety of applications, ranging from medical imaging to
robot navigation [9, 3], and is known as the problem
of image registration or image mosaicing. The major-
ity of the proposed techniques, see e.g. [8], rely on the
identification of a set of landmarks (or features) in each
image, and numerical estimation of the map on the ba-
sis of the pair-wise association of features present on
both images. These methods have the advantage of be-
ing relatively fast, but breakdown when many similar
features are dispersed in the observed area, as it is of-
ten the case for local views of natural scenes. Global
methods, based either on minimisation of the entropy
of image residuals [6] or on the maximisation of mu-
tual information, have also been proposed, in particu-
lar in the medical imaging domain [9]. These methods
have very large computational requirements, involving
the estimation of a probability distribution (joint distri-
bution, when mutual information is used) for each pos-
sible map between the two images. Both approaches are
based on local comparison of pixel intensities, and are
thus unable to efficiently exploit the macroscopic struc-
ture of the images.

In this paper we propose a new criterion for image regis-
tration that exploits the geometric and photometric char-
acteristics of the distinct regions that compose the ob-
served images. The criterion is inspired on the Min-
imum Description Length (MDL) [4], and selects the
map between the two images by casting the registration
problem in a sequential coding perspective. The map is
chosen as the optimal value of “side-information” that
enables the most efficient “predictive coding,” in a sense
that is made precise in Section 3. Before introducing the
new criterion, we define notation and the input informa-
tion used by the algorithm (in particular, the fact that
the images are first segmented), in Section 2. Section
4 presents results using real images, both for a simu-
lated camera motion, and for real images acquired by a
mobile observer (video camera installed in an underwa-
ter robot) that demonstrate the validity of the criterion
proposed.

2. Pre-processing

Let In be the image acquired at sampling time
tn, n = 1, 2, . . .:

In = {In(s), s ∈ S} , In(s) ∈ L ,

where S denotes the image support (defined in a sen-
sor centric coordinate system), and L is the finite set of
pixel values. Typically, S is a rectangular discrete grid,
and L = Lb&w ≡ {0, ..., 28 − 1} or L = L3

b&w .
Our image registration criterion requires prior segmen-
tation of the acquired images, and considers alignment
of a set of labeled images Is

n:

Is
n = {Is

n(s), s ∈ S} , Is
n(s) ∈ {c1, . . . , cKIn} , ,

where KIn � |L| is the number of distinct regions in
In. We denote by {vn

` }KIn

`=1 the set of empirical distri-
butions1

∀s ∈ S, Is
n(s) = c` ⇔ In(s) ∼ vIn

` .

1Notation x ∼ p indicates that variable x is drawn from probabil-
ity law p.
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We will also use the following notation:

RIn

` : {s ∈ S : Is
n(s) = c`} ,

for the support of region `, and T In

` = |RIn

` | for its

size. Clearly, the collection
{
RIn

`

}Kn

`=1
is a partition of

the image support S. When the image to which these
regions (or distributions) refer is obvious from the con-
text, we will often omit the upper indice: RI

` ≡ R`.
We do not address here the segmentation problem, and
concentrate on the problem of determining image cor-
respondence, that is formulated in the next section. The
results in section 4 use a slightly modified version of
the K-mean segmentation algorithm [5], but the crite-
rion proposed in the paper is robust with respect to the
choice of segmentation algorithm.

3. Registration of segmented images

We present in this section the main result of the pa-
per, which is a novel criterion for global registration of
segmented images. Let us first state in general terms
the image registration (or alignment) problem. Given
images I and M , whose field of view is partially over-
lapping, we want to estimate the map H such that I(s)
and M(H(s)) represent the same point:

I(s) ↔ M (H(s)) . (1)

The exact expression of the operator H depends on the
camera model and environment geometry. For pin-hole
cameras and flat scenes, H is an homography matrix
[2].

MDL is a principled approach to model selection
problems that, in intuitive terms - for a recent and for-
mal presentation of MDL see [4, 7] - tells that the best
model for the data is the one that “allows its short-
est coding.” Inspired by MDL, our criterion C(H)
for finding the map H is also motivated by a cod-
ing/communication framework, in which the images are
sequentially sent to a distant receiver over a noiseless
channel. It measures the increase in coding efficiency
when map H is sent as side information to the receiver,
allowing it to use knowledge contained in the previous
images to reconstruct the incoming image, see Fig. 1.
I is the image that is being coded, and M the image
that is already known by the receiver when it receives
the coded version of I . Our registration criterion asso-
ciates to each map H the difference of the length of the
messages of the two coding systems sketched in Fig. 1:

G′(H) = C(I)− C(I|M,H)− C(H) , (2)

In this expression: (i) C(I) is the number of bits re-
quired to code image I alone (see Section 3.1); (ii)

Figure 1. Coding paradigm: (a) Isolated
Coding; (b) Sequential coding.

C(I|M,H) is the coding length when M is known to
the receiver and H is sent as side information (Section
3.2); (iii) C(H) is the number of bits required to code
the alignment information H .

If we consider a constant length code for H , C(H) =
C, we can drop it in (2), and estimate H as

Ĥ = arg max
H

G(H), G(H) ≡ C(I)− C(I|M, H) . (3)

3.1. Independent coding of each image, C(I)

We can use the models {vI
` }

KI

`=1 to built an optimal
code for image I . Neglecting rounding errors, this op-
timal code will code image intensity p ∈ L in region `
with a number of bits2 given by

L(p|vn
` ) = − log vI

` (p) . (4)

(See [1] for all issues related to coding.) It is easy to
show that the number of bits needed to code region RI

` ,
L(RI

` ), is given by:

L(RI
` ) =

∑
s∈RI

`

L(p|v`) = T I
` H(vI

` ) ,

where H(v) is the Shanon entropy of distribution v:

H(v) = −
∑
p∈L

v(p) log(v(p)) .

Use of this optimal code, adapted to the image I , re-
quires that the receiver be informed of the distributions
{vI

` }
KI

`=1 as well as the image contours {δR`}KI

`=1. De-
noting by L(vI

` ) the cost of coding vI
` and by L(δRI)

the cost of coding the image contours, the total number
of bits required to code I is

C(I) =
KI∑
`=1

L(vI
` ) + L(δRI) +

KI∑
`=1

T I
` H(vI

` ) . (5)

2All logarithms are base 2.



3.2. Sequential coding with side information,
C(I|M,H)

Coding penalty. If an iid3 sequence xn
1 , xi ∼ v is

coded with the code that is optimal for a distribution
ν 6= v, average codelength will increase. The Kullback-
Leibler divergence between the two distributions

D(v||ν) =
∑
p∈L

v(p) log
(

v(p)
ν(p)

)
,

tells us exactly how much this penalty is (see [1]). Un-
der a misfit code ṽ` 6= v`, the number of bits required to
code each region R` is larger than the Shanon entropy:

L′ṽ`
(R`) = T` [H(v`) + D(v`|ṽ`)] . (6)

Inter-frame model extrapolation. Consider now the
situation where the images are sequentially sent, as
shown in the bottom of Fig. 1. Regions in the new
image I and in the previous one (M ) will in general not
be the same: image segmentation, in special for natural
scenes, is known to be prone to strong frame-to-frame
variability, due to changes in illumination or to the ap-
pearance of new objects in the field of view. For this
reason, we cannot simply associate distributions in the
regions of I to those of the regions of M , and a more
flexible manner of using the information contained in
previous images is required.
To each possible H we associate new probability mod-
els {ν̃H

` } for the regions in I that overlap M as mixtures
of those associated to the regions of M , in the manner
we describe next. Consider the finer partition of S de-
termined by each map H

{RM↓I
`,m (H)}KM ,KI

m=1,`=1 ,

whereRM↓I
`,m (H) is the support of the intersection ofRI

`

with the map by H of RM
m :

RM↓I
`,m (H) = RI

` ∩H[RM
m ] ⊂ S . (7)

Let N`,m(H) =
∣∣∣RM↓I

`,m (H)
∣∣∣ (it can be zero), and

denote by IN ⊂ {1, . . . ,KI} the set of regionsR` of I
for which not all N`,m = 0 (i.e., that have a non empty
overlap with H[S]), and IN its complement. These
sets obviously depend on H .
We code regions R` ∈ IN using the best estimate of
their distribution, given H and the models {νM

m }KM
m=1

3iid≡ independent and indetically distributed. Notation xj
i de-

notes the set {xi, xi+1, . . . , xj−1, xj}.

of the regions of M . They are mixtures of the empirical
distributions of M

ν̃H
` =

KM∑
m=1

α`,m(H)νM
m , ` ∈ IN , (8)

with coefficients α`,m(H) given by

α`,m(H) =
N`,m∑
n N`,n

, ` ∈ IN ;m = 1, . . . ,KM .

Note that once the map H and the contours {δRI
`}) are

known in the receiver, the “predicted models” ν̃H
` (8)

can be determined. For regions ` ∈ IN the new image
models are used, with optimal codelengths as described
in the previous section, and sent to the receiver. For
regions ` ∈ IN there is no need of transmitting their
distributions, but the penalized codelength (6) must be
considered. The total codelength is thus

C(I|M,H) = L(δRI) + (9)∑
`∈IN

[
L(vI

` ) + T I
` H(vI

` )
]
+

∑
`∈IN

T I
`

[
H

(
vI

`

)
+ D

(
vI

` ||ν̃H
`

)]
.

3.3. The criterion C(H)

Using (5) and (9) in (3), we obtain finally

G(H) =
∑

`∈IN

[
L(vI

` )− T I
` D

(
vI

` ‖ṽH
` (λ)

)]
. (10)

This final expression has an intuitive interpretation: it
compares, for the map H considered, the overhead in-
curred by the need to specify the “new” optimal codes
vI

` with the redundancy due to use of the codes (8). For
H close to the true map, ṽH

` ' vI
` , and the penalty is

negligeable compared to the cost of specifying the new
distributions. Note that the size of the region put into
correspondence does not appear explicitly in G(H), be-
ing indirectly reflected through the set IN : the larger is
the overlap implied by H , the larger will be this set.

To completely specify G(H), we still have to indi-
cate an expression for L(vI

` ): the number of bits re-
quired to code the empirical distributions vI

` (of se-
quences of length T I

` over a finite set of size |L|). Giv-
ing no preference to any particular distribution, we con-
sider an uniform code with length L(vI

` ) = log (|Ξ`|),
where Ξ` is the set of possible empirical distributions of
sequences of length T I

` , which has size

|Ξ`| =
(

|L| − 1
T I

` + |L| − 1

)
.

This completes the definition of G(H) in (10).



Figure 2. Urban aerial images.

4. Results

We present in this section mosaics obtained super-
posing images using estimates of inter-image maps H
(modeled as simple translations in the image plane) that
maximise the coding gain (10). Fig. 2 shows the su-
perposition of 3 aerial images of an urban area obtained
from Google Earth, which have a clear geometric and
structured content. The inset shows a detail of the right
bottom corner, where the images are “glued” together,
demonstrating that the correct maps have been identi-
fied. The second example, Figure 3, uses real images
of the ocean floor taken with an underwater robot, and
are typical of natural scenes, presenting gradual tran-
sitions between regions, and no clear geometric struc-
ture. The red rectangle indicates the recomposed re-
gion corresponding to one of the images, that is isolated
in the right side of the figure to enable evaluation of
the quality of the estimated maps. In Fig. 4 we show
the segmented version of two images in the sequence,
where instabilities in the exact region boundaries are
noticeable, as it is often the case. Despite this varia-
tion, the criterion proposed identified the correct image
correspondances. Lack of space prevents discussion of
segmentation issues here, and a thourough presentation
is defered to a forthcoming publication. In this exam-
ple, data departs from two underlying assumptions of
the estimaiton criterion: (i) the automatic control of the
underwater camera - as well as variation of natural light
- has induced intensity changes from image to image,
and (ii) the maps H are modelled as simple translations,
when in fact the robot has undergone small oscillations
in orientation and altitude. This example shows that our
criterion is not over-sensitive with respect to these un-
modeled artifacts.

Figure 3. Underwater images.

Figure 4. Segmented images (figure 3).
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