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Chapter 1

Introduction

1.1 Motivation

The demand for high resolution remote sensing products on urban areas has
experimented a spectacular growing in the last times. In the case of Digital
Elevation Models (DEM) and High Resolution Imagery for civil and defense
applications, not only has grown the precision exigency but also the amount of
data (see for instance Google Earth), this makes impractical any non-extensive
and non-automatic technique.

At the present the urban DEMs are mainly obtained with: expensive LIDAR
techniques (light detection and ranging or laser imaging detection and ranging)
which produces accurate but sparse results, or from �eld measures which gen-
erally is not a practical alternative and depending on to the accessibility and
the extension of the interest area they can result in even higher costs. While
other techniques like radar interferometry and photogrammetry which are being
used with success in many rural cases, are not applicable in urban areas due
to the occlusions introduced by the irregular ground and the higher precision
requirements.

Since the year 2000 theCNES (Centre National d'Etudes spatiales) is de-
veloping PLEIADES a program for the development of the next generation of
satellites, which addresses (between other things) the obtention of digital eleva-
tion models for urban areas using small baseline stereo photogrammetry.

It is common to admit that the accuracy of the measure of disparity (di-
rectly related to the altitude) depends only on the resolution of the images,
then to obtain the maximal precision it is increased the acquisition angle (see
Figure 1.1), but in [10] it is shown that the precision is not dependent on the
stereoscopic coe�cient allowing to solve the aforementioned problems.

This approach poses many challenges due to the subpixel nature of the im-
ages and the aim of this work is to address two related problems. The �rst is
the adhesion phenomenonwhich is a distortion of the model that appears near
strong discontinuities of the image, this phenomenon is linked to the correlation
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techniques used for the depth calculation. The second challenge is that due to
the sparse nature of the data is needed an interpolation strategy that models
correctly the ground geometry.

The PLEIADES program also aims to obtain high resolution images (with
sub meter precision). At the moment high resolution aerial images are generally
obtained with airbone transported scanners of with aerial photography, but the
�rst poses a nonrigid registration problem [5] due to the displacement of the air-
craft during the acquisition, and both su�er from limitations in the accessibil ity
of certain zones making sometimes too expensive this approach. On the other
hand the satellite acquisition is more reliable but faces physical limitations due
to the instruments restrictions. In 1995 it was proposed theSPOT 5 SUPER-
MODE [23], a super-resolution post processing which takes advantage of the
unique acquisition geometry of the SPOT satellite to merge two simultaneous
images them into a high resolution one. The new generation of satellites will
allow to acquire up to tree quasi simultaneous images of the same area, but in
this case the distortions introduced by the ground elevations will present some
problems yet to be addressed.

1.2 Outline of the document

In what follows we present a short state of the art of the two topics of thiswork:
precise photogrammetric DEM extraction and super-resolution techniques. In
the last chapter are presented the concrete objectives of this proposal and is
plotted a tentative plan.
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Figure 1.1: Acquisition of images for stereo photogrammetry. The acquisition of
urban landscapes using airbone instruments is prone to occlusions, while with
low baseline b the occlusions are almost invisible, but the images are almost
equal. On the other hand the ratio b=h for satellite acquisition allows to ap-
proximate the projective geometry " = f � b=z (where f is the focal length) of
the aerial photography with a linear relation with the altitude of the building s
" = z � b=h.
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Chapter 2

State of the Art

In this section we approach two topics: �rst we will discuss brie
y some recent
works in DEM computation/regularization, taking special care of the subpixel
methods and the description of the adhesion phenomenon. Then we will describe
the super-resolution techniques we are going to use and the problems that pose
the particular application of satellite images.

2.1 DEM computation

In the actuality most of urban DEM are obtained using classical large baseline
photogrammetric techniques posing problems due to the occlusions, while reduc-
ing the baseline the occlusions can be avoided but the precision of the process
is particulary delicate. In [10] it has been veri�ed that is possible to reduce the
baseline without scarifying precision opening the possibility of acquiring images
with almost no occlusions due to the bigger baseline.

The general stereopsisprocess allows to reconstruct the depth information
of an scene form two or more images, generally this process is subdivided in 4
phases:

Camera Calibration The calibration is used to determine the intrinsic and
extrinsic parameters of the cameras used later in the recti�cation.

Restoration and Recti�cation The restoration process is speci�c for each
acquisition system, and its objective is to restore as much as possibleof
the \real" image from the one captured by the sensor, removing optic and
acquisition distortions. The restoration of satellite images is studied in
detail by Almansa in [1].

During the recti�cation phase the images are projected on a plane parallel
to the displacement vector between the images (the baseline), allowing a
faster processing during the correspondence phase.
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Correspondence Finding corresponding points between the images allows to
e�ectively compute the depth, but is an expensive process and cannot be
solved generally without taking some hypothesis about the scene. Com-
mon hypotheses are based on reasonable physical and geometrical proper-
ties, like the epipolar geometry, or the continuity of the represented space.

Reconstruction The last stage is to construct a representation of the scene
based on the information extracted by the correspondence.

The calibration, recti�cation and restoration phases are crucial and particu-
larity delicate due to the precision requirements for the low baseline DEM but
are covered in great detail in many other works [18, 1], so we elegantly skip
them. There are also plenty of methods and literature for the correspondence
but not all can be used to obtain subpixel disparities, so we are going to describe
the most relevant. The reconstruction techniques are necessary to interpolate
the information in non reliable areas, since they generally use some assumption
over the underlying geometry it is sometimes mixed with the correspondence
phase, being the separation sometimes a mere technicality.

2.1.1 Precise correspondence computation

The correspondence methods can be classi�ed (according to Brown Burschka
and Hager [3]) into: local correspondence methods for those who rely on local
information to determine the corresponding point and global correspondence
methods for those that rely on information of a whole scanline or the entire
image to compute the solution.

While local methods are very e�cient they are more sensitive to ambiguous
regions (like uniform zones or occlusions), meanwhile global methods are less
sensitive to local problems but are more computationally expensive. Scharstein
and Szeliski have a review [33] where are compared results and performance of
many algorithms for computing dense maps.

The handling of occlusions in stereo is not yet completely solved, many
techniques model it with relative success, but in this review the thematic related
to occlusions will not be approached at all. Mostly because when applied to the
the satellite images as assumed in this work, the occlusions can be neglected.
Other works include far more complete reviews with detailed analysis of the
occlusions, for instance [3, 33, 12].

GLOBAL CORRESPONDENCE METHODS

Global methods generally rely on constraints of smoothness applied over the
whole disparity map. Some of them can be formulated as an energy minimiza-
tion and solved in a variational framework, where the energy may have the form:
Edata (" ) + �E reg (" ) where the Edata term is the data term which measures the
cost of matching the left and right images for the disparity " , and E reg is a regu-
larization term which can preserve the discontinuities. One of the most e�cient
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approaches is the use ofDynamic Programming to resolve optimally the cor-
respondence problem along the scanlines [24], this technique can be extended
to subpixel precisions but since it computes all the correlation combinations it
may be computationally expensive.

Graph Cuts methods are based on building a graph from the image infor-
mation and then solve the max-
ow / min-cut (maximal 
ow, minimal cut)
problem over the graph. The problem of graph cuts is common in optimiza-
tion and is previous to the stereo vision issues. The Ford-Fulkerson method is
known since the mid-1950's and has proven optimality but is computationally
expensive.

Roy and Cox [31] �rst related the disparity computation with the resolution
of a graph obtaining interesting results, but recent advances from Kolmogorov
and Boykov [2] linking a general class of energy minimization problems with
the graph cuts allowed to solve many e�ciency issues with their algorithm [33]
which resembles the Ford-Fulkerson's. A non trivial aspect is to design a graph
that satis�es the restrictions imposed by the method, while still solving the
problem. An example of such energy could be similar to:

min
d

Z
jI 1(x) � I 2(x + d(x)) jdx +

Z
(1 + jr dj)dx:

but since is a discrete formulation still is not useful for application to the subpixel
problem. Lately [9] it was proposed an interesting graph-cut approach where is
used a binary re�ning method that can be useful in the obtention of subpixel
precisions.

Other Global Methods like the approach of Sun [34] using nonlinear di�u-
sion and belief propagation to solve a Markov network permit to obtain results
comparable to the one obtained using graph cuts.

Using intrinsic curves (representation of each scanline as a vector of image
descriptors de�ned by applying operators eg: edge, corner) Tomasi and Man-
duchi [35] transform the correspondence problem into a nearest neighboring
search.

LOCAL CORRESPONDENCE METHODS

Block Matching methods are among the most used correspondence meth-
ods. They rely on the minimization of a distance measure of a neighborhood of
the interest pixel. The variety of possible measures determines the performance
and applicability of the algorithm, for example: SSD (Sum of Squared Di�er-
ences) SAD (Sum of Absolute Di�erences) are very fast but are very sensitive to
radiometric changes between the images, see [33] for a compendium of methods.

The normalized cross correlation(NCC) is a widely used metric because nor-
malization makes it relatively insensitive to radiometric changes. The method
searches corresponding points, minimizing the weighted di�erences of the neigh-
boring pixels. Let be u, ~u the image pair, the window function ' has compact
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support and is centered atzero, while ' x 0 (x) = ' (x0 � x) is centered at the point
x0. The best corresponding point forx0 is obtained when the displacementm
minimizes the following L 2 norm:

min
m

X

x 2 ' x 0

0

@ u(x + m)
q P

' x 0
u2(x + m)

�
~u(x)

q P
' x 0

~u2(x)

1

A

2

Gradient Methods / Optical Flow are well-known techniques for estimat-
ing motion in video sequences, and rely on the hypothesis that object bright-
ness remains constant between video frames. This hypothesis implies that: if
the pixel x (vector) of the image sequenceu at time t: u(x; t ), moves at con-
stant velocity v during dt time and it will have the same brightness at it is new
position u(x; t ) = u(x + v dt; t + dt).

The approximation of the motion leads to the optical 
ow equation (2.1)

@u
@t

+ v � r x u = 0 : (2.1)

As it is well known this equation is under-determined, the common solution is
to regularize the vector �elds. A recent result from Weickert et al. [4] uses
a global method which combines the local characteristics of Lucas-Kanade[25]
approach with the global properties of Horn-Schunck [20] method into a single
algorithm, which is robust to noise as Lucas-Kanade, but still produces dense
vector �elds.

As the optical 
ow equation relays on the spatial derivatives of the images
its correct computation a�ects the result, the methods mentioned in [17] rely on
�nding a �lter to compute the exact derivative based on a well known property
of the fourier transforms:

F [f 0(x)] = i! F [f (w)]:

Feature Matching: Feature matching methods avoid problems related to
the size and shape of the correlation windows by searching the images only for
signi�cant geometric features like: edge, curves, corners, etc. Clearly matching
with sparse features is faster but cannot produce dense maps, at least without
combining them with some interpolation method.

An interesting approach for motion estimation, originally proposed by L.
Igual et al. [6], calculates the disparities as a piecewise a�ne transform between
the regions obtained from a segmentation of the reference image. This procedure
integrates the assumption that the displacement can be modelled as an a�ne
transform producing a dense map but assuming that the objects are \exactly
segmented" (each region represents one object of the real scene).

The Phase based Methods are common in image registration where they
are used to globally align the images. Let us mention that in the works of C.

7



Kuglin and D. Hines [22] and Weng [36] these methods are used to compute
disparity maps.

The methods rely on the fact that a displacement of an object in the image,
corresponds to a phase modulation of its Fourier transform. The matching over
the Fourier representation have several advantages over the general matching, it
can easily model subpixel phase shifts and can determine correspondences over
highly textured images like random-dot stereograms where other algorithms are
not able to distinguish the corresponding points.

ADHESION PHENOMENON

As it is well known the use of neighboring information of a certain pixel increases
the precisions of the disparity measures: as consequence it is common to use big
correlation windows for the block matching methods (and also for the optical

ow methods). But simultaneously bigger windows produce distortions in the
disparity measure, because more variations of altitude are \considered" inside
the same window. This distortion which we will call adhesion phenomenon, was
previously studied by R. �S�ara [32] and later formalized by J. Delon for the case
of the Normalized Cross Correlation [11]: shortly it consists in a dilatation of
well contrasted upper-grounds. Other methods like the region based one are not
a�ected by this artifact but they rely on an initial segmentation which is not a
trivial task.

This adhesion phenomenon is particulary annoying in case of urban areas
(and generally wrongly attributed to occlusions) where the real disparities can
vary a lot inside a correlation window, but it can a�ect smooth models too.
Looking at Figure 2.1 we can see that the adhesion e�ect reaches half the size
of correlation window. It has been observed [32, 11] that the magnitude of the
artifact depends on the textures of the ground and the upper-ground, on contrast
between the textures and on the orientation of the border (more adhesion at
borders perpendicular to the displacement).

In general, block matching methods reduce it by adapting the size of the
correlation window near borders but the phenomenon does not disappear. Other
methods partially avoid the problem of occlusions and adhesion detecting the
edges of the structures and then �ltering the obtained disparity map with the
geometric information extracted in a preprocessing step.

One of the main results presented by J. Delon in [10] is the formalization of
the correlation process leading to thefundamental equation of correlation (2.2)
which relates the real disparity " with the measured onem, stating that: the
product of the measured correlation disparitym(x0) and the edgeness averaged
around x0, equals the ground truth disparity " �rst weighted by the edgeness
dx 0 and then averaged aroundx0. In other words, the measured disparity m is
proportional to an averaged sum (bydx 0 ) of the real disparities " present in the
correlation window.
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Figure 2.1: Adhesion phenomenon. The �gures correspond to the left and
right images of a structure, and the marked points pairs (ex: a, a0) depict the
corresponding points with the maximum correlation using a window of size' .
The point a taken over the textured ground has disparity da = 0, point c is
over the building and its corresponding point is c0 has disparity dc. While the
point b is also over the ground (but near the building) its corresponding pointb0

has a wrong disparity db = dc resulting in a dilated model, this is the adhesion
phenomenon.

m(x0)
Z

supp (u)
dx 0 (x)' (x0 � x)dx =

Z

supp (u)
" (x)dx 0 (x)' (x0 � x)dx + O(k"k2

1 )

(2.2)
where

dx 0 (x) =
u0(x)2

R
u2(y)' (x0 � y)dy � u(x)u0(x)

R
u0(y)u(y)' (x0 � y)dy

(
R

u2(y)' (x0 � y)dy)2

The authors of [10] also propose a method calledBarycetric correction to
compensate the adhesion, while in [15, 14] this ill posed problem is approached
from a variational point of view.

2.1.2 DEM interpolation

We have seen before that the DEM measures obtained by the correspondence
process are generally noisy, sparse and not equally signi�cant over all the image
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(Figure 2.2). Thus, to obtain a dense model the solution must be interpo-
lated and/or regularized. The idea is to di�use the known data to unknown
areas, constrained to the geometry of an urban model, but still adjusting the
reconstructed surface to the known data. On the other hand the analysis in
[10] provided us with an estimate of the correlation errors at each pointin the
image representing a variable data constraint for the regularization process.

Figure 2.2: DEM data. From left to right: a sparse DEM to be interpol ated,
the ground truth information and the reference image. The elevation is encoded
as a gray level image (higher elevation values are darker).

There are two approaches to the regularization of elevation models: the min-
imal surface regularization which has been used in several applications ranging
from stereo to image segmentation, sometimes hidden as a graph-cut discrete
formulation, or as a strictly convex approximation to total variation (T V) min-
imization. The regularization proposed in [28] uses active surfaces that includes
variable constraints both in the vertical and horizontal directions, but since the
regularity assumption is the minimal curvature it has a limited applicabilit y to
urban areas.

A second approach which is better suited for urban areas is based on geomet-
ric primitives, using the reference image and altimetry information to reproduce
the objects. Some methods are based on a segmentation of the reference image
[30, 8], where the segmentation provides the portions of planes (which are even-
tually merged) where the altitude information is �tted by some robust method.
Other methods include the cadastral data to consider possible roof con�gura-
tions [19], or search explicitly for polygonal structures in the image andthe
altitude model [26].

That main drawback of these approaches is that they lack di�usivity, then
in the areas where no valuable information is available the result may not be
regularized.

Our approach aims to consider a modi�ed version of minimal surface reg-
ularization coupled with a robust data �tting term for interpolation purposes ,
where the corresponding evolution equation is constrained to di�use only along
the isophotes (in a similar way as is done in [7]), the aim is to obtain geometri-
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cally meaningful results because the imposition of the shape constraints to stop
di�usion process in certain areas.

The above conditions can be modelled as an optimization problem:

min p2 X (E (p) + �D (p)) (2.3)

where p 2 X , D(p) is a term that can be de�ned as a robust data distance to
the initial data or as the solution of the fundamental equation of correlation
(2.2), and E(p) is an anisotropic regularization energy written as:

E(p) =
NX

i;j =1

p
� 2 + jA(i; j )r p(i; j )j2: (2.4)

whereA(i; j ) is a 2� 2 matrix for each (i; j ) and r denotes any discretization of
the gradient. The matrix A is called the structure tensor and allows to embed
some information on the directions were we want to constrain the di�usion
process. We have followed this approach and a detailed account of our results
can be seen in [16].

2.2 Super-Resolution

The super-resolution techniques aim to use a set of low resolution undersampled
images taken at slightly di�erent positions to build a new image with higher
resolution. This concept was �rst introduced by Tsai and Huang [21] applied
to the restoration of Landsat images but is now widely used in remote sensing,
medical imaging and video restoration.

The super-resolution problem is often divided in two tasks [13], registration
and e�ectively the restoration. The registration phase is required if the images
are taken without exact knowledge of their relative positions, this can be per-
formed with frequency domain registration or spatial domain methods, the last
one allow the determination of multiple motions on the same image.

The restoration of images received by the sensor permits to recover as much
of the original signal as possible. The bandwidth of an image acquired by the
sensor is limited by the optical system; if the sampling rate satis�es the Nyquist
criterium perfect reconstruction of the received signal is possible. Since the low
resolution images are supposed to be undersampled (and this is common in most
acquisition systems) this means that the Nyquist criterium is not satis�ed, hence
aliasing is present and this makes impossible a perfect reconstruction. The idea
behind super-resolution is to use the information available from the samplesof
all the images to construct an alias-free signal. A common assumption [27]is
to consider the low resolution imageg as obtained by the the application of a
certain �lter H to the high resolution image u and the addition of some noise
n:

g = Hu + n
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The main task is to recover the imageu knowing the acquisition matrix H i

and the low resolution imagesgi . This can be done by minimizing:

min
u

fk H i u � gi k2
2 + �R (u)g (2.5)

The acquisition matrix is the composition of multiple operations, for in-
stance: decimation (sub sampling), blurring and geometric warping. Since this
is an ill posed problem because there are in�nite signals that pass through all
the samples, the solution must include a regularity termR(u) which enables us
to found the most regular solution that ful�lls the requirements.

As shown by Elad and Feuer [13] the main tools of single image restora-
tion are applicable to the super-resolution restoration: the maximum likelihood
(ML) estimator, the maximum a posteriori probability (MAP) estimato r, and
the projection into convex sets (POCS). The drawback of these approaches (as
presented in [13]) is that the sampling of the low resolution images is assumed
to be regular, but the methods can be extended to irregular sampling.

SPOT satellites already use a super-resolution processing [23] which allows
to obtain High Resolution (HR) images with a precision of 2.5 mt using a
couple of push-bloom sensors displaced half pixel. In the case of the PLEIADES
program, the satellite is expected to integrate more than two images taken
from di�erent positions, theoretically the redundant samples allow to reduce
the aliasing artifacts [29].

On the other hand recent restoration techniques for satellite images [1] allow
to optimally restore the images compensating micro-vibrations and instrument
distortions.

Integrating the restoration, the super-resolution and the disparity informa-
tion (computed by correlation) to obtain a high resolution image poses new
challenges to the for the application of the traditional framework described by
Eq. (2.5). Since there are now two HR imagesu1 to u2 because are two di�erent
views of the same area (from distinct angles), these images are related by the
disparities "12 and "21. For the precise modelling of the acquisition system let
us split the operator H as H = h � p where h is the PSF of the system andp
is a spectral projector, and letS be the sampling operator on an irregular grid;
then the image formation model can be written as:

g1 = S(u1 � h � p) + n

g2 = S(u2 � h � p) + n

u1(x) = u2(x + "21(x))

u2(x) = u1(x + "12(x)) :

This problem is ill posed and is usually solved by imposing regularization in
a variational formulation, and looking for the solution that minimizes:
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min u1 [� 1a + � 1b + � (T V(u1))] (2.6)

whereT V stands for the total variation and the constraints that enforce the
formation model are:

� 1a = jS(u1 � h � p) � g1j2

� 2a = jS(u2 � h � p) � g2j2

= jS(u1(x + "12) � h � p) � g2j2:

But we can obtain a better formulation (2.7) considering �ner constraints:

min u1 ;u 2 [� 1a + � 1b + � 2a + � 2b + � (� 3a + � 3b) + � (T V(u1) + T V(u2))] ; (2.7)

where the new terms are de�ned as:

� 1b = jS12(u1 � h � p) � g2j2

� 2b = jS21(u2 � h � p) � g1j2

� 3a = jS12(u1) � S(u2)j2

� 3b = jS21(u2) � S(u1)j2

� 1b and � 2b are directly related with the disparity constraint being S12 the
sampling induced by the perturbation "12. While the last constraints � 3a and
� 3b are more restrictive since they do not consider the acquisition models they
just say that the \real" points are equal.

The aim of this work is to explore the applicability of the formulation pre-
sented in Equation (2.7).

13



Chapter 3

Proposal

There are two main objectives for this work:

� The improvement of DEM obtained from low baseline images, as a con-
tinuation of the work from J. Delon [10]. This improvement is expected
from two fronts, the �rst is the the resolution of the fundamental equation
of correlation providing good elevation information over certain regions,
and the second is the introduction of an interpolation of reliable points
that respects the error estimate of them and the geometry of the image.

� As we mentioned earlier our second objective is to compute a super-
resolution image from low resolution images taken from di�erent angles.
The problem will require to modify the super-resolution formulation in or-
der to consider the distortions introduced by the elevation of the ground;
then the previous objective must have been achieved in order to have
precise and dense elevation models.

Initial Plan

A tentative plan for the developing of the �rst objective is:

� To develop an interpolation/regularization algorithm for digital eleva tion
models that respects the geometric and data constraints.

� To extend the regularization algorithm for its application to multi-resolut ion
correlation algorithms.

� Study the correlation based on gradient orientation to obtain a contrast
invariant correlation algorithm.

� To compute a variational solution of the Fundamental Equation of Corre-
lation.

� To validate of the results.
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For the second objective the plan is:

� Correctly state the super-resolution and restoration problem for multiple
satellite images obtained from di�erent viewpoints.

� To simulate the datasets. Since no images will be available with this
characteristics we will need to simulate them.

� Study and implement a super-resolution method able to handle irregular
grids.

� To validate the results.
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